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Preface

The field of artificial neural networks has made tremendous progress in the past 20 years in terms
of theory, algorithms, and applications. Notably, the majority of real world neural network appli-
cations have involved the solution of difficult statistical signal processing problems. Compared to
conventional signal processing algorithms that are mainly based on linear models, artificial neural
networks offer an attractive alternative by providing nonlinear parametric models with universal
approximation power, as well as adaptive training algorithms. The availability of such powerful
modeling tools motivated numerous research efforts to explore new signal processing applications
of artificial neural networks. During the course of the research, many neural network paradigms were
proposed. Some of them are merely reincarnations of existing algorithms formulated in a neural
network-like setting, while the others provide new perspectives toward solving nonlinear adaptive
signal processing. More importantly, there are a number of emergent neural network paradigms that
have found successful real world applications.

The purpose of this handbook is to survey recent progress in artificial neural network theory,
algorithms (paradigms) with a special emphasis on signal processing applications. We invited a
panel of internationally well known researchers who have worked on both theory and applications of
neural networks for signal processing to write each chapter. There are a total of 12 chapters plus one
introductory chapter in this handbook. The chapters are categorized into three groups. The first group
contains in-depth surveys of recent progress in neural network computing paradigms. It contains five
chapters, including the introduction, that deal with multilayer perceptrons, radial basis functions,
kernel-based learning, and committee machines. The second part of this handbook surveys the neural
network implementations of important signal processing problems. This part contains four chapters,
dealing with a dynamic neural network for optimal signal processing, blind signal separation and
blind deconvolution, a neural network for principal component analysis, and applications of neural
networks to time series predictions. The third part of this handbook examines signal processing
applications and systems that use neural network methods. This part contains chapters dealing
with applications of artificial neural networks (ANNSs) to speech processing, learning and adaptive
characterization of visual content in image retrieval systems, applications of neural networks to
biomedical image processing, and a hierarchical fuzzy neural network for pattern classification.

The theory and design of artificial neural networks have advanced significantly during the past
20 years. Much of that progress has a direct bearing on signal processing. In particular, the nonlinear
nature of neural networks, the ability of neural networks to learn from their environments in super-
vised and/or unsupervised ways, as well as the universal approximation property of neural networks
make them highly suited for solving difficult signal processing problems.

From a signal processing perspective, it is imperative to develop a proper understanding of basic
neural network structures and how they impact signal processing algorithms and applications. A
challenge in surveying the field of neural network paradigms is to distinguish those neural network
structures that have been successfully applied to solve real world problems from those that are still
under development or have difficulty scaling up to solve realistic problems. When dealing with
signal processing applications, it is critical to understand the nature of the problem formulation so
that the most appropriate neural network paradigm can be applied. In addition, it is also important
to assess the impact of neural networks on the performance, robustness, and cost-effectiveness of
signal processing systems and develop methodologies for integrating neural networks with other
signal processing algorithms.
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Introduction to Neural Networks
for Signal Processing

1.1 Introduction

1.2 Artificial Neural Network (ANN) Models — An
Overview
Basic Neural Network Components * Multilayer Perceptron
(MLP) Model * Radial Basis Networks ® Competitive Learning
Networks * Committee Machines * Support Vector Machines

(SVMs)
Yu Hen Hu 1.3 Neural Network Solutions to Signal Processing
University of Wisconsin Problems
Digital Signal Processing
Jeng-Neng Hwang 1.4 Overview of the Handbook
University of Washington References

1.1 Introduction

The theory and design of artificial neural networks have advanced significantly during the past
20 years. Much of that progress has a direct bearing on signal processing. In particular, the non-
linear nature of neural networks, the ability of neural networks to learn from their environments in
supervised as well as unsupervised ways, as well as the universal approximation property of neural
networks make them highly suited for solving difficult signal processing problems.

From a signal processing perspective, it is imperative to develop a proper understanding of basic
neural network structures and how they impact signal processing algorithms and applications. A
challenge in surveying the field of neural network paradigms is to identify those neural network
structures that have been successfully applied to solve real world problems from those that are still
under development or have difficulty scaling up to solve realistic problems. When dealing with
signal processing applications, it is critical to understand the nature of the problem formulation so
that the most appropriate neural network paradigm can be applied. In addition, it is also important
to assess the impact of neural networks on the performance, robustness, and cost-effectiveness of
signal processing systems and develop methodologies for integrating neural networks with other
signal processing algorithms. Another important issue is how to evaluate neural network paradigms,
learning algorithms, and neural network structures and identify those that do and do not work reliably
for solving signal processing problems.

This chapter provides an overview of the topic of this handbook — neural networks for signal
processing. The chapter first discusses the definition of a neural network for signal processing
and why it is important. It then surveys several modern neural network models that have found
successful signal processing applications. Examples are cited relating to how to apply these nonlinear
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computation paradigms to solve signal processing problems. Finally, this chapter highlights the
remaining contents of this book.

1.2 Artificial Neural Network (ANN) Models — An Overview

1.2.1 Basic Neural Network Components

A neural network is a general mathematical computing paradigm that models the operations of bio-
logical neural systems. In 1943, McCulloch, a neurobiologist, and Pitts, a statistician, published a
seminal paper titled “A logical calculus of ideas imminent in nervous activity” in Bulletin of Mathe-
matical Biophysics [1]. This paper inspired the development of the modern digital computer, or the
electronic brain, as John von Neumann called it. At approximately the same time, Frank Rosenblatt
was also motivated by this paper to investigate the computation of the eye, which eventually led to
the first generation of neural networks, known as the perceptron [2]. This section provides a brief
overview of ANN models. Many of these topics will be treated in greater detail in later chapters. The
purpose of this chapter, therefore, is to highlight the basic concept of these neural network models
to prepare the readers for later chapters.

1.2.1.1 McCulloch and Pitts’ Neuron Model

Among numerous neural network models that have been proposed over the years, all share a
common building block known as a neuron and a networked interconnection structure. The most
widely used neuron model is based on McCulloch and Pitts’ work and is illustrated in Figure 1.1.

AR E S L LR ERE R
AR I I T T T T T T N N N Y
AN R N

-
-
MBS
MBS

1.1  McCulloch and Pitts’ neuron model.
In Figure 1.1, each neuron consists of two parts: the net function and the activation function. The

net function determines how the network inputs {y;; 1 < j < N} are combined inside the neuron.
In this figure, a weighted linear combination is adopted:

N
=Yy wyj+0 (1.1)
j=1

{wj; 1 < j < N} are parameters known as synaptic weights. The quantity 6 is called the bias
(or threshold) and is used to model the threshold. In the literature, other types of network input
combination methods have been proposed as well. They are summarized in Table 1.1.
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TABLE 1.1 Summary of Net Functions

Net Functions Formula Comments
N
Linear u= Z wiy;+6 Most commonly used
j=1
N N
Higher order (2nd order formula u= Z Z wiky;jyk +0 u; is a weighted linear combination of higher order polynomial
exhibited) j=lk=1 terms of input variable. The number of input terms equals

N4 where d is the order of the polynomial

N
Delta (3 —T]) u= l_[ w;iy; Seldom used
j=1

The output of the neuron, denoted by a; in this figure, is related to the network input u; via a linear
or nonlinear transformation called the activation function:

a=f). (1.2)

In various neural network models, different activation functions have been proposed. The most
commonly used activation functions are summarized in Table 1.2.

TABLE 1.2 Neuron Activation Functions

Activation Function Formulaa = f(u) Derivatives % Comments
Sigmoid fu) = +u/7“ f@ll = fw1/T Commonly used; derivative can be
I+e computed from f(u) directly.
Hyperbolic tangent f(u) tanh (%) (l - [f(u)]z) /T T = temperature parameter
_ 2 -1 2 1
Inverse tangent fw) =2 tan~! (§) AT v TR Less frequently used
Threshold fu) = { —11 Z Z 8; Derivatives do not exist at
’ u=0
Gaussian radial basis f(u) =exp [—llu —m Hz/az] —2(u —m) - f(u)/rJ2 Used for radial basis neural network; m
and o2 are parameters to be specified
Linear fw)=au-+>b a

Table 1.2 lists both the activation functions as well as their derivatives (provided they exist). In
both sigmoid and hyperbolic tangent activation functions, derivatives can be computed directly from
the knowledge of f(u).

1.2.1.2 Neural Network Topology

In a neural network, multiple neurons are interconnected to form a network to facilitate dis-
tributed computing. The configuration of the interconnections can be described efficiently with a
directed graph. A directed graph consists of nodes (in the case of a neural network, neurons, as well
as external inputs) and directed arcs (in the case of a neural network, synaptic links).

The topology of the graph can be categorized as either acyclic or cyclic. Refer to Figure 1.2a; a
neural network with acyclic topology consists of no feedback loops. Such an acyclic neural network
is often used to approximate a nonlinear mapping between its inputs and outputs. As shown in
Figure 1.2b, a neural network with cyclic topology contains at least one cycle formed by directed
arcs. Such a neural network is also known as a recurrent network. Due to the feedback loop,
a recurrent network leads to a nonlinear dynamic system model that contains internal memory.
Recurrent neural networks often exhibit complex behaviors and remain an active research topic in
the field of artificial neural networks.
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(a) Acyclic topology (b) Cyclic topology

1.2 Tlustration of (a) an acyclic graph and (b) a cyclic graph. The cycle in (b) is emphasized with thick lines.

1.2.2 Multilayer Perceptron (MLP) Model

The multilayer perceptron [3] is by far the most well known and most popular neural network among
all the existing neural network paradigms. To introduce the MLP, let us first discuss the perceptron
model.

1.2.2.1 Perceptron Model

An MLP is a variant of the original perceptron model proposed by Rosenblatt in the 1950s [2].
In the perceptron model, a single neuron with a linear weighted net function and a threshold activation
function is employed. The input to this neuron x = (x1,x2,...,x,) is a feature vector in an
n-dimensional feature space. The net function u(x) is the weighted sum of the inputs:

w(x) =wo + Y wix; (1.3)

i=1

and the output y(x) is obtained from u(x) via a threshold activation function:

)1 ux=0
y@)_{ 0 u() <0. (14

F
I e 2hd e 0
n ‘ Nonlinear a "
p t t
u E:/ transformation u p
t r u

e t

R

1.3 A perceptron neural network model.

The perceptron neuron model can be used for detection and classification. For example, the weight
vector w = (wy, wy, ..., w,) may represent the template of a certain target. If the input feature
vector x closely matches w such that their inner product exceeds a threshold —wy, then the output
will become +1, indicating the detection of a target.

The weight vector w needs to be determined in order to apply the perceptron model. Often, a set
of training samples {(x (i), d(i)); i € I} and testing samples {(x(i), d(i)); i € I;} are given. Here,
d(i)(e {0, 1}) is the desired output value of y(x (7)) if the weight vector w is chosen correctly, and
I, and I; are disjoined index sets. A sequential online perceptron learning algorithm can be applied
to iteratively estimate the correct value of w by presenting the training samples to the perceptron
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neuron in a random, sequential order. The learning algorithm has the following formulation:
w(k + 1) = wk) +n(d k) — y(k))x (k) (1.5

where y(k) is computed using Equations (1.3) and (1.4). In Equation (1.5), the learning rate
N0 < n < 1/]x(k)|lmax) 1s a parameter chosen by the user, where |x(k)|max is the maximum
magnitude of the training samples {x (k)}. The index k is used to indicate that the training samples
are applied sequentially to the perceptron in a random order. Each time a training sample is applied,
the corresponding output of the perceptron y(k) is to be compared with the desired output d (k).
If they are the same, meaning the weight vector w is correct for this training sample, the weights
will remain unchanged. On the other hand, if y(k) # d(k), then w will be updated with a small
step along the direction of the input vector x (k). It has been proven that if the training samples
are linearly separable, the perceptron learning algorithm will converge to a feasible solution of the
weight vector within a finite number of iterations. On the other hand, if the training samples are not
linearly separable, the algorithm will not converge with a fixed, nonzero value of 7.

MATLAB Demonstration Using MATLAB m-files perceptron.m, datasepf.m, and
sline.m, we conducted a simulation of a perceptron neuron model to distinguish two separa-
ble data samples in a two-dimensional unit square. Sample results are shown in Figure 1.4.

Initial hyperplane Final hyperplane location
1 1
o
0.8+ 0.8}
0.6} 0.6}
o *
*
04} 04}
0.2} 0.2} *
0 : : : : 0 : : : :
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

1.4  Perceptron simulation results. The figure on the left-hand side depicts the data samples and the initial position of
the separating hyperplane, whose normal vector contains the weights to the perceptron. The right-hand side illustrates
that the learning is successful as the final hyperplane separates the two classes of data samples.

1.2.2.1.1 Applications of the Perceptron Neuron Model
There are several major difficulties in applying the perceptron neuron model to solve real world
pattern classification and signal detection problems:

1. The nonlinear transformation that extracts the appropriate feature vector x is not specified.

2. The perceptron learning algorithm will not converge for a fixed value of learning rate »
if the training feature patterns are not linearly separable.

3. Even though the feature patterns are linearly separable, it is not known how long it takes
for the algorithm to converge to a weight vector that corresponds to a hyperplane that
separates the feature patterns.
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1.2.2.2 Multilayer Perceptron

A multilayer perceptron (MLP) neural network model consists of a feed-forward, layered
network of McCulloch and Pitts’ neurons. Each neuron in an MLP has a nonlinear activation function
that is often continuously differentiable. Some of the most frequently used activation functions for
MLP include the sigmoid function and the hyperbolic tangent function.

A typical MLP configuration is depicted in Figure 1.5. Each circle represents an individual neuron.
These neurons are organized in layers, labeled as the hidden layer #1, hidden layer #2, and the output
layer in this figure. While the inputs at the bottom are also labeled as the input layer, there is usually
no neuron model implemented in that layer. The name hidden layer refers to the fact that the output
of these neurons will be fed into upper layer neurons and, therefore, is hidden from the user who only
observes the output of neurons at the output layer. Figure 1.5 illustrates a popular configuration of
MLP where interconnections are provided only between neurons of successive layers in the network.
In practice, any acyclic interconnections between neurons are allowed.

Output Layer

Hidden Layer #1

Input Layer

1.5 A three-layer multilayer perceptron configuration.

An MLP provides a nonlinear mapping between its input and output. For example, consider the
following MLP structure (Figure 1.6) where the input samples are two-dimensional grid points, and
the output is the z-axis value. Three hidden nodes are used, and the sigmoid function has a parameter
T = 0.5. The mapping is plotted on the right side of Figure 1.6. The nonlinear nature of this mapping
is quite clear from the figure. The MATLAB m-files used in this demonstration are mlpdemol . m
and mlp2.m.

It has been proven that with a sufficient number of hidden neurons, an MLP with as few as two
hidden layer neurons is capable of approximating an arbitrarily complex mapping within a finite
support [4].

1.2.2.3 Error Back-Propagation Training of MLP

A key step in applying an MLP model is to choose the weight matrices. Assuming a layered
MLP structure, the weights feeding into each layer of neurons form a weight matrix of that layer (the
input layer does not have a weight matrix as it contains no neurons). The values of these weights
are found using the error back-propagation training method.

© 2002 by CRC Press LLC



MLP demol: nonlinear mapping
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1.6 Demonstration of nonlinear mapping property of MLP.

1.2.2.3.1 Finding the Weights of a Single Neuron MLP

For convenience, let us first consider a simple example consisting of a single neuron to illustrate
this procedure. For clarity of explanation, Figure 1.7 represents the neuron in two separate parts: a
summation unit to compute the net functions u, and a nonlinear activation function z = f(u). The

+

/
/
/

/
e

xzD

1.7 MLP example for back-propagation training — single neuron case.

output z is to be compared with a desired target value d, and their difference, the errore = d — z,
will be computed. There are two inputs [x; x3] with corresponding weights w1 and w;. The input
labeled with a constant 1 represents the bias term 6 shown in Figures 1.1 and 1.5 above. Here, the
bias term is labeled wq. The net function is computed as:

2
u =Zw,~xi = Wx (1.6)
i=0

where xg = 1, W = [wg w; ws] is the weight matrix, and x = [1 x1 x2]7 is the input vector.

Given a set of training samples {(x(k), d(k)); 1 < k < K}, the error back-propagation training
begins by feeding all K inputs through the MLP network and computing the corresponding output
{z(k); 1 < k < K}. Here we use an initial guess for the weight matrix W. Then a sum of square
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error will be computed as:

K
E=) lek) = Z[d(k)—z(k>]2 Z[d(k) £ (Wx(k)? (1.7
k=1

k=1

The objective is to adjust the weight matrix W to minimize the error E. This leads to a nonlinear
least square optimization problem. There are numerous nonlinear optimization algorithms available
to solve this problem. Basically, these algorithms adopt a similar iterative formulation:

Wi+ 1)=W(@) + AW() (1.8)
where AW(¢) is the correction made to the current weights W(¢). Different algorithms differ in the

form of AW(#). Some of the important algorithms are listed in Table 1.3.

TABLE 1.3  Iterative Nonlinear Optimization Algorithms to Solve for MLP Weights

Algorithm AW(t) Comments
Steepest descend gradient = —ng(t) = —n dE/dW g is known as the gradient vector. 7 is the step size or
method learning rate. This is also known as error

back-propagation learning.

Newton’s method = —Hflg(t) H is known as the Hessian matrix. There are several
different ways to estimate it.

- [dzE/dWZ]_l (dE/dW)

Conjugate- = np(t) where
Gradient method pit+ 1) =—gt+ 1)+ p@)

This section focuses on the steepest descend gradient method that is also the basis of the error back-
propagation learning algorithm. The derivative of the scalar quantity E with respect to individual
weights can be computed as follows:

K 2 K
=y O [d(k)—z(k)]( az<k)> fori=0,1.2 (19
! k=1

dw; — dw;
where
oz ) D [\
o = ou a_wi_f(”)a_w,- Jé‘)w,x} = f'(u)x; (1.10)
Hence,
IE K
FYon -2 Z[d(k) — 21 f (uk))x; (k) . (1.11)
Wi k=1

With § (k) = [d (k) — z(k)]1f'(u(k)), the above equation can be expressed as:

JoE

Bw,

- —ZZ(S(k)x,(k) (1.12)

8(k) is the error signal e(k) = d(k) — z(k) modulated by the derivative of the activation function
f/(u(k)) and hence represents the amount of correction needed to be applied to the weight w; for the
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given input x; (k). The overall change Aw; is thus the sum of such contribution over all K training
samples. Therefore, the weight update formula has the format of:

wit +1) = wi@) +n ) 80xi k) . (1.13)
k=1

If a sigmoid activation function as defined in Table 1.1 is used, then § (k) can be computed as:

0E
k) = —— =[d(k) —z(k)] - 2(k) - [1 — 2(K)] - (1.14)

Note that the derivative f'(u) can be evaluated exactly without any approximation. Each time the
weights are updated is called an epoch. In this example, K training samples are applied to update
the weights once. Thus, we say the epoch size is K. In practice, the epoch size may vary between
one and the total number of samples.

1.2.2.3.2  Error Back-Propagation in a Multiple Layer Perceptron

So far, this chapter has discussed how to adjust the weights (training) of an MLP with a single layer
of neurons. This section discusses how to perform training for a multiple layer MLP. First, some
new notations are adopted to distinguish neurons at different layers. In Figure 1.8, the net-function
and output corresponding to the kth training sample of the jth neuron of the (L — 1)th are denoted by
uﬁ‘_l (k) and z]L._l (k), respectively. The input layer is the zeroth layer. In particular, z(j). (k) = x; (k).
The output is fed into the ith neuron of the Lth layer via a synaptic weight denoted by wiLj (t) or, for
simplicity, wiLj, since we are concerned with the weight update formulation within a single training
epoch.

wi (1)

Z (k) L u; (k) zE (k) wEL (1)
fte) @—» fle) >

1.8 Notations used in a multiple-layer MLP neural network model.

ul™ (k)

To derive the weight adaptation equation, dE/ Bwfj must be computed:

OE K 9E  ouk(k) ., .
ok 7 =23 |sF*k ¢
aw’/ ]; auiL(k) 3wle Z|: (k) - lj ;wlmZ (k)
K
= —2) 8- k). 01s)
k=1

In Equation (1.15), the output zL_l (k) can be evaluated by applying the kth training sample x(k) to

the MLP with weights fixed to w . However, the delta error term SL(k) is not readily available and
has to be computed.

Recall that the delta error is defined as 81.L (k) =0E/ 8uiL (k). Figure 1.9 is now used to illustrate
how to iteratively compute 8{‘ (k) from 8”%“ (k) and weights of the (L + 1)th layer.
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5 (k) o

L+1

i » XX — _. e(k)
8, (k) <-T-@ <

8y (k) <----@

1.9 Tllustration of how the error back-propagation is computed.

Sk (k) u;” (k) z/ (k)
(=)=

Note that zl.L (k) is fed into all M neurons in the (L + 1)th layer. Hence:

IE Mo8E aulty X I
8Ly = — = Lm = sLtLky) . L Lk
i) duk (k) ; dub (k)  dul(k) n; () dul (k) ;wmff@f( )>
M
= f (uiL(k)) : Za,ﬁ“(k).w,fli. (1.16)
m=1

Equation (1.16) is the error back-propagation formula that computes the delta error from the output
layer back toward the input layer, in a layer-by-layer manner.
1.2.2.3.3 Weight Update Formulation with Momentum and Noise
Given the delta error, the weights will be updated according to a modified formulation of Equa-
tion (1.13):

K
wh(+ 1) = wh©) +n- Y 8L w0 () + [wfj(t) —wh - 1)] +eby. a1
k=1

On the right hand side of Equation (1.17), the second term is the gradient of the mean square error with
respect to wle The third term is known as a momentum term. It provides a mechanism to adaptively
adjust the step size. When the gradient vectors in successive epochs point to the same direction,
the effective step size will increase (gaining momentum). When successive gradient vectors form a
zigzag search pattern, the effective gradient direction will be regulated by this momentum term so
that it helps minimize the mean-square error.

There are two parameters that must be chosen: the learning rate, or step size 1, and the momentum
constant u. Both of these parameters should be chosen from the interval of [0 1]. In practice, n
often assumes a smaller value, e.g., 0 < n < 0.3, and p usually assumes a larger value, e.g.,
0.6 <u<0.9.

The last term in Equation (1.17) is a small random noise term that will have little effect when
the second or the third terms have larger magnitudes. When the search reaches a local minimum
or a plateau, the magnitude of the corresponding gradient vector or the momentum term is likely to
diminish. In such a situation, the noise term can help the learning algorithm leap out of the local
minimum and continue to search for the globally optimal solution.

1.2.2.3.4 Implementation of the Back-Propagation Learning Algorithm

With the new notations and the error back-propagation formula, the back-propagation training
algorithm for MLP can be summarized below in the MATLAB m-file format:

Algorithm Listing: Back-Propagation Training Algorithm for MLP
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% configure the MLP network and learning parameters.
bpconfig; % call mfile bpconfig.m
% BP iterations begins
while not converged==1,
% start a new epoch
% Randomly select K training samples from the training set.

[train,ptr,train0] =rsample (train0,K,Kr,ptr); % train is K by M+N
z{1}=(train(:,1:M))’; % input sample matrix M by K, layer# = 1
d=train(:,M+1:MN) "’ ; % corresponding target value N by K

[

% Feed-forward phase, compute sum of square errors

for 1=2:1, % the 1-th layer
u{l}=w{l}*[ones(1,K);z{1-1}]1; % u{l} is n(l) by K
z{1l}=actfun(u{l},atype(l));

end

error=d-z{L}; % error is N by K

E(t)=sum(sum(error. *error) )

7

)

% Error back-propagation phase, compute delta error
delta{L}=actfunp (u{L},atype (L)) .*error; % N (=n(L)) by K
if L>2,

for 1=L-1:-1:2,

delta{l}=(w{l+1}(:,2:n(1)+1)) ' *delta{l+1}...
.*actfunp(u{l},atype(l));

end

end

% update the weight matrix using gradient,

% momentum and random perturbation

for 1=2:L1L,
dw{1l}=alpha*delta{l}*[ones(1,K);z{1-1}]"+...

mom*dw{l}+randn (size (w{1}))*0.005;

w{l}=w{l}+aw{l};

end

% display the training error

bpdisplay; % call mfile bpdisplay.m

% Test convergence to see if the convergence
% condition is satisfied,

cvgtest; call mfile cvgtest.m

t =t + 1; increment epoch count

[

end % while loop

)
5
)

°

This m-file, called bp . m, together with related m-files bpconfig.m, cvgtest.m, bpdis
play.m, and supporting functions, can be downloaded from the CRC website for the convenience
of readers.

There are numerous commercial software packages that implement the multilayer perceptron
neural network structure. Notably, the MATLAB neural network toolbox ™ from Mathwork is a
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sophisticated software package. Software packages in C++ programming language that are available
free for non-commercial use include PDP++ (http://www.cnbc.cmu.edu/PDP++/PDP++.html) and
MLC++ (http://www.sgi.com/tech/mlc/).

1.2.3 Radial Basis Networks

A radial basis network is a feed-forward neural network using the radial basis activation function.
A radial basis function has the general form of f(||x —mg||) = f(r). Such a function is symmetric
with respect to a center point Xo. Some examples of radial basis functions in one-dimensional space
are depicted in Figure 1.10.

LA N

1.10  Three examples of one-dimensional radial basis functions.

Radial basis functions can be used to approximate a given function. For example, as illustrated
in Figure 1.11, a rectangular-shaped radial basis function can be used to construct a staircase ap-
proximation of a function, and a triangular-shaped radial basis function can be used to construct a
trapezoidal approximation of a function.

-
> >

1.11  Two examples illustrating radial basis function approximation.

In each of the examples in Figure 1.11, the approximated function can be represented as a weighted
linear combination of a family of radial basis functions with different scaling and translations:

C
F)y =Y wip (lx —mll/oi) . (1.18)

i=1

This function can be realized with a radial basis network, as shown in Figure 1.12.

There are two types of radial basis networks based on how the radial basis functions are placed and
shaped. To introduce these radial basis networks, let us present the function approximation problem
formulation:

Radial Basis Function Approximation Problem Given a set of points {x(k); 1 < k < K} and the
values of an unknown function F (x) evaluated on these K points {d (k) = F(x(k)); 1 <k < K}, find
an approximation of F(x) in the form of Equation (1.18) such that the sum of square approximation
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y(k) = F(x(k))

wc
wj w2

x(k)
1.12 A radial basis network.

error at these sets of training samples,

K 2
>~ [dto - Foxcen]

k=1

is minimized.
1.2.3.1 Type I Radial Basis Network

The first type of radial basis network chooses every training sample as the location of a radial basis
function [5]. In other words, it sets C = K and m; = x(i), where 1 < i < K. Furthermore, a fixed
constant scaling parameter o is chosen for every radial basis function. For convenience, ¢ = 1 in
the derivation below. Thatis, o; = o for 1 < k < K. Now rewrite Equation (1.18) in a vector inner
product formulation:

wi
w
[¢ (lxk) —m1l) ¢ (lx(k) —mal) -+ @ (llx(k) —mc])] :2 =d(k) . (1.19)
wc
Substituting k = 1,2, ..., K, Equation (1.19) becomes a matrix equation ®w = d:
S (x() —mil) @ Ux(D) —m2l) -+ @ (x(1) —mcl) w1 d(l)
d(x@2) —mil) QoUx2) —m2l) -+ & (x2) —mcl) w2 | dQ2)
S UK —mil) ¢ (k) —mal) - ¢ UxK) —mel) || we d(K)
—— — ~————
L} w d
(1.20)

® isa K x C square matrix (note that C = K), and is generally positive for commonly used radial
basis functions. Thus, the weight vector w can be found as:
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w=&"d. (1.21a)

However, in practical applications, the ® matrix may be nearly singular, leading to a numerically
unstable solution of w. This can happen when two or more samples x(k)s are too close to each other.
Several different approaches can be applied to alleviate this problem.

1.2.3.1.1 Method 1: Regularization

For a small positive number A, a small diagonal matrix is added to the radial basis coefficient
matrix ® such that

w=(®+D"'d. (1.21b)

1.2.3.1.2 Method 2: Least Square Using Pseudo-Inverse

The goal is to find a least square solution wr g such that || ®w — d| |2 is minimized. Hence,
w=4o&"d (1.22)
where ®7 is the pseudo-inverse matrix of @ and can be found using singular value decomposition.

1.2.3.2 Type II Radial Basis Network

The type II radial basis network is rooted in the regularization theory [6]. The radial basis
function of choice is the Gaussian radial basis function:

202

_ llx = m]>
d(lx —m|) =exp| ———F——1| .

The locations of these Gaussian radial basis function are obtained by clustering the input samples
{x(k); 1 < k < K}. Known clustering algorithms such as the k-means clustering algorithm can
be applied to serve this purpose. However, there is no objective method to determine the number
of clusters. Some experimentation will be needed to find an adequate number of clusters C(< K).
Once the cluster is completed, the mean and variance of each cluster can be used as the center location
and the spread of the radial basis function. A type II radial basis network gives the solution to the
following regularization problem:

Type II Radial Basis Network Approximation Problem Find w such that || Gw—d||? is minimized

subject to the constraint wI Gow = a constant.

In the above, G is a K x C matrix similar to the @ matrix in Equation (1.20) and is defined as:

B 2 2 2 T
exp [_ et ] exp [_(x(l;%;nz) } L exp [_(x(l;génc) }
_ @x@-my)? _ x@)-my)? o _@-me)?
G- exp |: 207 ] exp |: 202 i| exp |: 202
2 2 2
exp |:_(X(K2)a_l2ml) } exp [_ (B ] o exp |:_(X(K2)0—émc) ]
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and Gy is a C x C symmetric square matrix defined as:

exp —% exp | — =2k 12;';212) - exp _——(mlz_g’é’c ?
Go — exp :—%: exp :__('"220;;12)2: exp :_(mzzangc)z:
| exp :—%: exp :——(mCZ;Z;Z)z: exp :_(mc;gc)z_ |
The solution to the constrained optimization problem can be found as:
W= (GTG 4 kGo)_l GTd (1.23)

where X is a regularization parameter and is usually selected as a very small non-negative number.
As A — 0, Equation (1.23) becomes the least square solution.

MATLAB Implementation The type I and type II radial basis networks have been implemented
in a MATLAB m-file called rbn.m. Using this function, we developed a demonstration program
called rbndemo . m that can illustrate the properties of these two types of radial basis networks.
Twenty training samples are regularly spaced in [—0.5 0.5], and the function to be approximated is a
piecewise linear function. For the type I RBN network, 20 Gaussian basis functions located at each
training sample are used. The standard deviation of each Gaussian basis function is the same and
equals the average distance between two basis functions. For the type I RBN network, ten Gaussian
basis functions are generated using k-means clustering algorithm. The variance of each Gaussian
basis function is the variance of samples within the corresponding cluster.

Type | RBN Type Il RBN
‘ = : =
0.9 1 test samples * J 09| © testsamples .
-+ approximated curve * + approximated curve *Jr%
08| , radial basis @ 1 08| o train samples % .
0.7 ﬁ— +ﬁ i 07LL * radial basis + o
+
0.6 ¢+, 06 & !
0.5 * § 05} ry
+ & &

0.4 o . 0.4} &
0.3 e * 0.3 N %

. 4 3t 4 1
0.2 W B 0.2 q}?@ )

+ @ ﬁﬁ §+ e E
0.1 " + 0.1} & 1
M * e +
0+ - 042 ]
: £ : Gl
-0.5 0 0.5 -0.5 0 0.5

1.13  Simulation results demonstrating type I and type II RBN networks.
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1.2.4 Competitive Learning Networks

Both the multilayer perceptron and the radial basis network are based on the popular learning
paradigm of error-correction learning. The synaptic weights of these networks are adjusted to reduce
the difference (error) between the desired target value and corresponding output. For competitive
learning networks, a competitive learning paradigm is incorporated.

With the competitive learning paradigm, a single-layer of neurons compete among themselves to
represent the current input vector. The winning neuron will adjust its own weight to be closer to the
input pattern. As such, competitive learning can be regarded as a sequential clustering algorithm.

1.2.4.1 Orthogonal Linear Networks

X1 2 Y1

1.14  An orthogonal linear network.

In a single-layer, linear network, the output y, (t) = Zﬁ,”:l Wym (1) Xn (t). The synaptic weights are
updated according to a generalized Hebbian learning rule [7]:

AWy (1) = Wy (8 + 1) — Wy (1) = nya(t) |:xm(t) - Zwkm(t)yk(t):| .

k=1

As such, the weight vector w, = [wy] wp2 ... Wy mlT will converge to the eigenvector of the nth
largest eigenvalue of the sample covariance matrix formed by the input vectors

C =) xx" ()
t

where
xD (1) = [x1 (1) x2(t) ... xpm(1)] .

Therefore, upon convergence, such a generalized Hebbian learning network will produce the prin-
cipal components (eigenvectors) of the sample covariance matrix of the input samples. Principal
component analysis (PCA) has found numerous applications in data compression and data analysis
tasks. For the signal processing applications, PCA based on an orthogonal linear network has been
applied to image compression [7].

A MATLAB implementation of the generalized Hebbian learning algorithm and its demonstration
can be found in ghademo.m and ghafun.m.
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1.2. ARTIFICIAL NEURAL NETWORK (ANN) MODELS — AN OVERVIEW 1-17

1.2.4.2 Self-Organizing Maps

A self-organizing map [8] is a single-layer, competitive neural network that imposes a pre-
assigned ordering among the neurons. For example, in Figure 1.15, the shaded circles represent a
6 x 5 array of neurons, each labeled with a preassigned index (i, j),1 <i < 6,1 < j < 5. Inl

In1 In2

1.15 A two-dimensional self-organizing map neural network structure.

and In2 are two-dimensional inputs. Given a specific neuron, e.g., (3,2), one may identify its four
nearest neighbors as (3,1), (2,2), (4,2), and (3,3). Each neuron has two synaptic connections to the
two inputs. The weights of these two connections give a two-dimensional coordinate to represent
the location of the neuron in the input feature space. If the input (Inl, In2) is very close to the
two weights of a neuron, that neuron will give an output 1, signifying it is the winner to represent
the current input feature vector. The remaining losing neurons will have their output remain at 0.
Therefore, the self-organizing map is a neural network whose behavior is governed by competitive
learning. In the ideal situation, each neuron will represent a cluster of input feature vectors (points)
that may share some common semantic meaning. Consequently, the 6 x 5 array of neurons can be
regarded as a mapping from points in the input feature space to a coarsely partitioned label space
through the process of clustering. The initial labeling of individual neurons allows features of similar
semantic meaning to be grouped into closer clusters. In this sense, the self-organizing map provides
an efficient method to visualize high-dimensional data samples in low-dimensional display.
1.2.4.2.1 Basic Formulation of Self-Organizing Maps (SOMs)

Initialization: Choose weight vectors {w,,(0); 1 < m < M} randomly. Set iteration count r = 0.
While Not_Converged

Choose the next x and compute d(x, w;, (#)); 1 <m < M.

Select m* = mim,,d(x, w,, (¢))

) wn@® +nx —wr @) me N@m*, 1),
Wt +1) _{ Wi (1) m ¢ N(m*, 1)

% Update node m™ and its neighborhood nodes:
If Not_converged, thent =1 + 1
End % while loop

This algorithm is demonstrated in a MATLAB program somdemo.m. A plot is given in Fig-
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ure 1.16. In the public domain, SOMPAK is the official implementation of SOM (http://
www.cis.hut.fi/research/som-research/nnrc-programs.shtml). A MATLAB toolbox is also available
at http://www.cis.hut.fi/projects/somtoolbox/.

initial at the end of 500 iterations

1.5}

051

051

1.16 The neurons are initially placed randomly in the feature space as shown to the left of the figure. After 500
iterations, they are distributed evenly to represent the underlying feature vector distribution.

1.2.5 Committee Machines

A committee machine consists of multiple modules of neural networks. The same inputs will be
applied to each module. The outputs of individual modules will be combined to form the final output.
Thus, the modules in a committee machine work like the members in a committee to make collective
decisions. Based on how the committee combines its members’ outputs, there are two basic types
of committee machines: (1) ensemble network and (2) mixture of experts.

1.2.5.1 Ensemble Network

In an ensemble network [9]-[12], individual modular neural networks will be developed sep-
arately, independent of other modules. Then, an ensemble of these trained neural network modules
will be combined using various methods including majority vote and other weighted voting or combi-
nation schemes. However, regardless of which combination method is used, the rule of combination
will be independent of the specific data inputs.

An ensemble network is a very flexible architecture. Each modular classifier can be independently
developed and the combination rule itself can create a pattern classifier that takes the output of modular
classifiers as its input to make the final decisions. In fact, additional layers may be added to build a
hierarchical structure. In this sense, a multilayer perceptron can be regarded as a special case of an
ensemble network.

1.2.5.2 Mixture of Expert (MoE) Network

In a mixture of expert (MoE) network [13], each individual neural network module will spe-
cialize over a subregion within the feature space. Hence each module becomes an expert of features
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Final result

I
Combination rules

Classifier Classifier oee Classifier
#1 #2 #N

| ——

1.17 Ensemble network structure.

Gating

Network
Y Y,
Expert Expert Expert

#1 #2 #n

\

1.18 Mixture of expert network structure.

in the subregion. A gating network will examine the input vector and then assign it to a particular
expert neural network module. In other words, the combination rule of an MoE is dependent on the
input feature vectors. This is the key difference between an MoE and an ensemble network.

Let z(x) be the output of the MoE network, then

z(x) = Z gi (X)y;i (x) subject to: Z gix)=1
i=1

i=1

where y; (x) is the output of the ith expert module network, and the corresponding weight g; (x) is the
output of a gating network that also observes the input feature vector x. Jacobs et al. [13] proposed
an expectation—-maximization (EM) algorithm-based training method to determine the structure of
both g;(x) and y;(x). Here, a more general formulation for the development of an MoE network is
presented:

Repeat until training is completed.
For each training sample x,
Assign x to expert i if g; (x) > gx(x) fork #i.
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Assume that g;(x) = 1 (hence gx(x) = 0, k # i), update the expert i based on output error.
Update gating network so that g; (x) is even closer to unity.

Alternatively, a batch training method can be adopted:

1. Apply a clustering algorithm to cluster the set of training samples into n clusters. Use
the membership information to train the gating network.

2. Assign each cluster to an expert module and train the corresponding expert module.
3. Fine-tune the performance using gradient-based learning.

Note that the function of the gating network is to partition the feature space into largely disjointed
regions and assign each region to an expert module. In this way, an individual expert module only
needs to learn a subregion in the feature space and is likely to yield better performance.

Combining n expert modules under the gating network, the overall performance is expected to
improve. Figure 1.19 shows an example using the batch training method presented above. The
dots are the training and testing samples. The circles are the cluster centers that represent individual
experts. These cluster centers are found by applying the k-means clustering algorithm on the training
samples. The gating network output is proportional to the inverse of the square distance from each
sample to all three cluster centers. The output value is normalized so that the sum equals unity.
Each expert module implements a simple linear model (a straight line in this example). We did
not implement the third step, so the results are obtained without fine-tuning. The corresponding
MATLAB m-files are moedemo .m and moegate.m.

training data results testing data results
0.1 - 5 0.1
4 g
0.05 A 0.05+ /y
S e
A
7 g 4
o ﬂoy d ‘.‘“_”,é O 0 ,,Q/ > '6""»&_"/‘/ O
L) 4
& ;
P e
-0.05 -* 1 -0.05+,
-0.1 -0.1 .
-0.5 0 0.5 -0.5 0 0.5

1.19  TIllustration of mixture of expert network using batched training method.

1.2.6 Support Vector Machines (SVMs)

A support vector machine [14] has a basic format, as depicted in Figure 1.20, where ¢ (x) is a
nonlinear transformation of the input feature vector x into a high-dimensional space new feature
vector @(X) = [¢1(X) p2(X) ... @, (x)]. The output y is computed as:

p
Y =Y wige(X) + b = )W + b
k=1

where w = [wj wy ... wp] is the 1 x p weight vector, and b is the bias term. The dimension of
@(x)(= p) is usually much larger than that of the original feature vector (= m). It has been argued
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that mapping a low-dimensional feature into a higher-dimensional feature space will likely make the
resulting feature vectors linearly separable. In other words, using ¢ as a feature vector is likely to
result in better pattern classification results.

1.20 An SVM neural network structure.

Given a set of training vectors {x(i); 1 <i < N}, one can solve the weight vector w as:

N
W= yipx@)=y®

i=1

where ® = [p(x(1)) 9(x(2)) ...@(x(N))]Tisan N x p matrix, and y isa 1 x N vector. Substituting
w into y(x) yields:

N N
Y =W +b =" yipMe X)) +b =) yiKxx()+b

i=1 i=1

where the kernel K (X, x(i)) is a scalar-valued function of the testing sample x and a training sample
x(i). For N << p, one may choose to use y and K (x, x(i)) to evaluate y(x) instead of using w and
¢ (x) explicitly. For this purpose, one must estimate y and b and identify a set of support vectors
{x(i); 1 <i < N} that may be a subset of the entire training set of data samples.

Commonly used kernel functions are summarized in Table 1.4.

TABLE 1.4 List of Commonly Used Kernel Functions for Support Vector Machines (SVMs)

Type of SVM K(x,y) Comments
. . . T P
Polynomial learning machine (x y+ 1) p: selected a priori
Radial basis function exp (— % IIx — y||2) o2: selected a priori
20
Two-layer perceptron tanh (ﬂoxTy + ﬂl) Only some B, and B; values are feasible
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1.21  Alinearly separable pattern classification example. p is the distance between each class to the decision boundary.

To identify the support vectors from a set of training data samples, consider the linearly separable
pattern classification example shown in Figure 1.21. According to Cortes and Vapnik [15], the
empirical risk is minimized in a linearly separable two-class pattern classification problem, as shown
in Figure 1.21, if the decision boundary is located such that the minimum distance from each training
sample of each class to the decision boundary is maximized. In other words, the parameter p in
Figure 1.21 should be maximized subject to the constraints that all “o” class samples should be on
one side of the decision boundary, and all “x” class samples should be on the other side of the decision
boundary. This can be formulated as a nonlinear constrained quadratic optimization problem. Using
a Karush—Kiihn—-Tucker condition, it can be shown that not all training samples will contribute to
the determination of the decision boundary. In fact, as shown in Figure 1.21, only those training
samples that are closest to the decision boundary (marked with color in the figure) will contribute to
the solution of w and b. These training samples will then be identified as the support vectors.

There are many public domain implementations of SVM. They include a support vector machine
MATLAB toolbox (S.R.Gunn @ecs.soton.ac.uk), aC implementation SVM_light (http://ais.gmd.de/~
thorsten/svm_light/), and arecentrelease of BSVM (http://www.csie.ntu.edu.tw/~cjlin/). Figure 1.22
shows an example using an SVM toolbox to solve a linearly separable problem with a radial basis
kernel. The three support vectors are labeled with white dots and the decision boundary and the gap
are also illustrated.

1.3 Neural Network Solutions to Signal Processing Problems

1.3.1 Digital Signal Processing

In the most general sense a signal is a physical quantity that is a function of one or more independent
variables such as time or spatial coordinates. A signal can be naturally occurring or artificially
synthesized. It can be the temperature variations in a building, a stock price quote, the faint radiation
from a distant galaxy, or the brain waves from a human body.

How do we use the signals obtained from various measurements? Simply put, a signal carries
information. Based on building temperature readings, we may turn the building’s heater on or off.
Based on a stock price quote, we may buy or sell stocks. The faint radiation from a distant galaxy may
reveal the secret of the universe. Brain waves from a human body may be used to communicate and
control external devices. In short, the purpose of signal processing is to exploit inherent information
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1.22  Tllustration of support vector machine classification result.

carried by the signal. More specifically, by processing a signal, we can manipulate the information by
injecting new information into the signal or by extracting inherent information from the signal. There
are many ways to process signals. One may filter, transform, transmit, estimate, detect, recognize,
synthesize, record, or reproduce a signal.

Perhaps the most comprehensive definition of signal processing is the Field of Interests statement
of the IEEE (Institute of Electrical and Electronics Engineering) Signal Processing Society, which
states that signal processing concerns

. theory and application of filtering, coding, transmitting, estimating, detecting,
analyzing, recognizing, synthesizing, recording, and reproducing signals by digital or
analog devices or techniques. The term “signal” includes audio, video, speech, image,
communications, geophysical, sonar, radar, medical, musical, and other signals.

If a signal is a function of time only, it is a one-dimensional signal. If the time variable is continuous,
the corresponding signal is a continuous time signal. Most real world signals are continuous time
signals. A continuous time signal can be sampled at regular time intervals to yield a discrete time
signal. A discrete time signal can be described using a sequence of numbers. To process a discrete
time signal using digital computers, the value of each discrete time sample may also be quantized to
finite precision to fit into the internal word length of the computer.

1.3.1.1 A Taxonomy of Digital Signal Processing (DSP) Algorithms

A DSP algorithm describes how to process a given signal. Depending on their assumptions
of the underlying signal, the mathematical formulations, DSP algorithms can be characterized in a
number of different dimensions:

Deterministic vs. statistical signal processing — In a statistical DSP algorithm, it is assumed
that the underlying signal is generated from a probabilistic model. No such model is assumed in a
deterministic DSP algorithm. Almost all the neural network application examples we encountered
concerned statistical signal processing applications.
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Linear vs. nonlinear signal processing — A linear signal processing algorithm is a linear system
(linear operator) operating on the incoming signal. If a particular signal is a weighted sum of
two different signals, then the output of this signal after applying a linear operator will also be a
weighted sum of the outputs of those two different signals. This superimposition property is unique
to linear signal processing algorithms. Neural network applications to signal processing are mostly
for nonlinear signal processing algorithms.

Data-adaptive vs. data-independent formulation — A data-independent signal processing algo-
rithm has fixed parameters that do not depend on specific data samples to be processed. On the
other hand, a data-adaptive algorithm will adjust its parameters based on the signal presented to
the algorithm. Thus, data-adaptive algorithms need a training phase to acquire specific values of
parameters. Most neural network based signal processing algorithms are data adaptive.

Memoryless vs. dynamic system — The output of a signal processing algorithm may depend on both
the present input signal as well as a signal in the past. Usually, the signal in the past is summarized
as a state vector. Such a system is called a dynamic system that has memory (remembering the past).
A memoryless system’s output is dependent only on the present input. While linear dynamic system
theory has been well developed, nonlinear dynamic system theory that incorporates neural networks
is still an ongoing research area.

1.3.1.2 Nonlinear Filtering

There are many reports on using artificial neural networks to perform nonlinear filtering of a
signal for the purposes of noise reduction and signal enhancement. However, due to the nonlinear
nature, most applications must be developed for specific training corpus and are data dependent.
Therefore, to apply ANN for nonlinear filtering, one must be able to collect an extensive set of
training samples to cover all possible situations and develop a neural network to adapt to the given
training set.

For example [16], an MLP-based neural filter is developed to remove quantum noise from X-ray
images, while at the same time trying to enhance the edge of the images. The purpose is to replace
current high dosage X-ray film with low dosage X-ray while improving the quality of the image.
In this application, high dosage X-ray film with high-pass filtered edge enhancement is used as the
target. A simulated low-dosage X-ray image, derived from the original high-dosage X-ray image, is
used as the input to the MLP. The resulting SNR improvement of a testing data set is used to gauge
the effectiveness of this approach.

1.3.1.3 Linear Transformations

A linear transformation transforms a block (vector) of signal into a different vector space where
special properties may be exploited. For example, a discrete Fourier transform transforms a time
domain signal into frequencies in the frequency domain. A discrete wavelet transform transforms
to and back from scale space representation of the signal. A very important application of linear
transformation is the transform-based signal compression. The original signal is first transformed
using a linear transformation such as the fast Fourier transform, the discrete cosine transform, or the
discrete wavelet transform into the frequency domain. The purpose is to compact the energy in the
original signal into a few large frequency coefficients. By encoding these very few large frequency
coefficients, the original signal can be compressed with a high compression ratio.

Another popular data-dependent linear transform is called principal component analysis (PCA)
or, sometimes, Karhunen—Loeve expansion (KL expansion). The main difference between PCA and
other types of linear transforms is that the transformation depends on the inherent structure of the
data. Hence, PCA can achieve optimal performance in terms of energy compaction. The generalized
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Hebbian learning neural network structure can be regarded as an online approximation of PCA, and
hence can be applied to tasks that would require PCA.

1.3.1.4 Pattern Classification

Pattern classification is perhaps the most important application of artificial neural networks.
In fact, a majority of neural network applications can be categorized as solving complex pattern
classification problems. In the area of signal processing, pattern classification has been employed in
speech recognition, optical (handwritten) character recognition, bar code recognition, human face
recognition, fingerprint recognition, radar/sonar target identification, biomedical signal diagnosis,
and numerous other areas.

Given a set of feature vectors {x; x € 0"} of an object of interest, we assume that the (probabilistic)
state of nature of each object can be designated with a label w € €2, where 2 is the set of all possible
labels. We denote the prior probability p(w) to be the probability that a feature vector is assigned
by nature of the object to the label w.. We may also define a posterior probability p(w|x) to be the
probability that a feature vector x has label w, given the observation of the feature vector x.

A minimum error statistical pattern classifier is one that maps each feature vector x to an element
in €2 such that the probability that the mapped label is different from the label assigned by the nature
of the object (the probability of misclassification) is minimized. To achieve this minimum error rate,
for a given feature vector x, one must

Decide x has label w; if p(wi|x) > p(w;j|x) for j #i,w,wjcQ.

In practice, it is very difficult to evaluate the posterior probability in close form. Instead, one may
use an appropriate discriminant function g; (x) that satisfies

gi(x) >gjx) if pwilx) > p(wjlx) for j #i wj,w;e.
Then, the minimum error pattern classification can be achieved by
Decide x has label w; if gi(x) > g;(x) for j#i,w;,€ Q.

The minimum probability of misclassification is also known as the Bayes error, and a minimum error
classifier is also known as a maximum a posteriori probability (MAP) classifier.

In applying the MAP classifier to real world applications, one must find an estimate of the posterior
probability p(w|x) or, equivalently, a discriminant function g(x) based on a set of training data. Thus,
a neural network such as the multilayer perceptron can be a good candidate for such a purpose. A
support vector machine is another neural network structure that directly estimates a discriminant
function.

One may apply the Bayes rule to express the posterior probability as:

p(wlx) = p(x|o) p(w)/p(x)

where p(x|w) is called the likelihood function, p(w) is the prior probability distribution of class label
o, and p(x) is the marginal probability distribution of the feature vector x. Since p(x) is independent
of w;, the MAP decision rule can be expressed as:

Decide x haslabel w; if p(x|lw;)p(wi) > pXlwj)p(w;) for j#i wi,w;jec Q.

p(w;) can be estimated from the training data samples as the percentage of training samples that are
labeled w;. Thus, only the likelihood function needs to be estimated. One popular model for such a
purpose is a mixture of the Gaussian model:

K;

p (o) = Y v exp |~ x —mi)? / (207 ]

k=1

© 2002 by CRC Press LLC



To deduce the model parameters, {(vk;, my;, akzl.); 1<k<K; 1<i<C}(C =|R|). Obviously, a
radial basis neural network structure will be handy here to model the mixture of Gaussian likelihood
function.

Since the weighted sum of the mixture of Gaussian density functions is still a mixture of a Gaussian
density function, one may choose instead to model the marginal distribution p(x) with a mixture of
a Gaussian model. Each individual Gaussian density function in the mixture model will be assigned
to a particular class label based on a majority voting of training samples assigned to that particular
Gaussian density function. Additional fine-tuning can be applied to enhance the probability of
classification. This is the approach implemented in the learning vector quantization (LVQ) neural
network. The above discussion is summarized in Table 1.5.

TABLE 1.5 Pattern Classification Methods and Corresponding Neural
Network Implementations

Pattern Classification Methods Neural Network

Implementations

MAP: maximize posterior probability p(w|x) Multilayer perceptron
MAP: maximize discriminant function g(x) Support vector machine

ML: maximize product of likelihood function and prior ~ Radial basis network, LVQ
distribution p(x|w) p(w)

1.3.1.5 Detection

Detection can be regarded as a special case of pattern classification where only two class labels
are used: detect or no-detect. The purpose of signal detection is to detect the presence of a known
signal in the presence of additive noise. It is assumed that the received signal (often a vector) X may
consist of the true signal vector s and an additive statistical noise vector n:

X=S-+n

or simply the noise vector:
X=n.

Assuming that the probability density function of the noise vector n is known, one may apply
statistical hypothesis testing procedure to determine whether x contains the known signal s. For
example, we may calculate the log-likelihood function and compare it to a predefined threshold in
order to maximize the probability of detection subject to an upper bound of a prespecified false alarm
rate.

One popular assumption is that the noise vector n has a multivariate Gaussian distribution with
zero mean and known covariance matrix. In this case, the inner product sTx is a sufficient statistic,
known as a matched filter signal detector.

A single neuron perceptron can be used to implement the matched filter computation. The signal
template s will be the weight vector, and the observation x is applied as its input. The bias term is
threshold, and the output = 1 if the presence of the signal is detected. A multilayer perceptron can
also be used to implement a nonlinear matched filter if the output activation function is a threshold
function. By the same token, a support vector machine is also a plausible neural network structure
to realize a nonlinear matched filter.

1.3.1.6 Time Series Modeling

A time series is a sequence of readings as a function of time. It arises in numerous practical
applications, including stock prices, weather readings (e.g., temperature), utility demand, etc. A
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central issue in time series modeling is to predict the future time series outcomes. There are three
different ways of predicting a time series {y(#)}:

1. Predicting y(¢) based on past observations {y(t — 1), y(t — 2),...}. That s,
YO =E{y®Olyt -1,y =2),...}.
2. Predicting y(¢) based on observation of other relevant time series {x(¢); x(¢), x(t — 1), ... }:
y@) = E{y®)|x@), x(t —1),x(t —2),...}.
3. Predicting y(f + 1) based on both {y(t —k); k=1,2,...}and {x(t —m);m =0,1,2,...}:
yO) = Ey®|x@),x@t —1),x@t —2),...,yt =1, y@t —2),...}.

Both {x(#)} and {y(¢)} can be vector valued time series. If the conditional expectation is a linear
function, then these formulae lead to three popular linear time series models:

N
Auto-regressive (AR) y(t) = Z a(k)y(t —k) + e(t)
k=1
M
Moving average (MA) y() = Z b(m)x(t —m)
m=0
M N
Auto-regressive moving average (ARMA) y(t) = Z b(m)x(t —m) + Z a(k)y(t —k) +e(t)
m=0 k=1

In the AR and ARMA models, e(¢) is a zero-mean, uncorrelated innovation process representing
a random persistent excitation of the system. Neural network models can be incorporated into
these time series models to facilitate nonlinear time series prediction. Specifically, one may use the
generalized state vector s as an input to a neural network and obtain the output y(¢) from the output
of the neural network.

One such example is the time-delayed neural network (TDNN) that can be described as:

yn)=pxm),x(n—1),...,x(n — M))

¢(e) isanonlinear transformation of its arguments, and it is implemented with a multilayer perceptron
in TDNN.

1.3.1.7 System Identification

System identification is a modeling problem. Given a black box system, the goal of system
identification is to develop a mathematical model to describe the relation between the input and
output of the unknown system.

If the system under consideration is memoryless, the implication is that the output of this system
is a function of present input only and bears no relation to past input. In this situation, the system
identification problem becomes a function approximation problem.

1.3.1.7.1 Function Approximation

Assume a set of training samples {(u(i), y(i))}, where u(i) is the input vector and y(i) is the

output vector. The purpose of function approximation is to identify a mapping from x to y, that is,

y=o¢()

such that the expected sum of square approximation error E{|y — ¢(u) |2} is minimized.
Neural network structures such as the multilayer perceptron and radial basis network are both
good candidate algorithms to realize the ¢(u) function.
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1.3.1.7.2 Dynamic System Identification

If the system to be identified is a dynamic system, then the present input u(¢) alone is not sufficient
to determine the output y(¢). Instead, y(¢) will be a function of both u(¢) and a present state vector
x(t). The state vector can be regarded as a summary of all the input in the past. Unfortunately, for
many systems, only input and outputs are observable. In this situation, previous outputs within a
time window may be used as a generalized state vector.

To derive the mapping from u(¢) and x(¢) to y(¢), one may gather a sufficient amount of training
data and then develop a mapping y(¢) = ¢(u(t), x(¢)) using, for example, a linear model or a
nonlinear model such as an artificial neural network structure. In practice, however, such training
process is conducted using online learning. This is illustrated in Figure 1.23.

_u 0 Unknown y®
system

0

e(t)

1.23  Illustration of online dynamic system identification. The error €(t) is fed back to the model to update model

parameters 6.
With online learning, the mathematical dynamic model receives the same inputs as the real,

unknown system, and produces an output y(¢) to approximate the true output y(¢). The difference
between these two quantities will then be fed back to update the mathematical model.

1.4 Overview of the Handbook

This handbook is organized into three complementary parts: neural network fundamentals, neural
network solutions to statistical signal processing problems, and signal processing applications using
neural networks. In the first part, in-depth surveys of recent progress of neural network computing
paradigms are presented. Part One consists of five chapters:

* Chapter 1: Introduction to Neural Networks for Signal Processing. This chapter has
provided an overview of topics discussed in this handbook so that the reader is better
prepared for the in-depth discussion in later chapters.

e Chapter 2: Signal Processing Using the Multilayer Perceptron. In this chapter,
Manry, Chandrasekaran, and Hsieh discuss the training strategies of the multilayer per-
ceptron and methods to estimate testing error from the training error. A potential appli-
cation of MLP to flight load synthesis is also presented.

* Chapter 3: Radial Basis Functions. In this chapter, Back presents a complete review
of the theory, algorithm, and five real world applications of radial basis network: time
series modeling, option pricing in the financial market, phoneme classification, channel
equalization, and symbolic signal processing.

* Chapter 4: An Introduction to Kernel-Based Learning Algorithms. In this chapter,
Miiller, Mika, Ritsch, Tsuda, and Scholkopf introduce three important kernel-based
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learning algorithms: support vector machine, kernel Fisher discriminant analysis, and
kernel PCA. In addition to clear theoretical derivations, two impressive signal processing
applications, optical character recognition and DNA sequencing analysis, are presented.

¢ Chapter 5: Committee Machines. Tresp gives three convincing arguments in this
chapter as to why a committee machine is important: (a) performance enhancement using
averaging, bagging, and boosting; (b) modularity with a mixture of expert networks; and
(c) computation complexity reduction as illustrated with the introduction of a Bayesian
committee machine.

The second part of this handbook surveys the neural network implementations of important signal
processing problems. These include the following chapters:

* Chapter 6: Dynamic Neural Networks and Optimal Signal Processing. In this chap-
ter, Principe casts the problem of optimal signal processing in terms of a more general
mathematical problem of function approximation. Then, a general family of nonlinear
filter structures, called a dynamic neural network, that consists of a bank of linear filters
followed by static nonlinear operators, is presented. Finally, a discussion of generalized
delay operators is given.

* Chapter 7: Blind Signal Separation and Blind Deconvolution. In this chapter, Dou-
glas discusses the recent progress of blind signal separation and blind deconvolution.
Given two or more mixture signals, the purpose of blind separation and deconvolution is
to identify the independent components in a statistical mixture of the signal.

* Chapter 8: Neural Networks and Principal Component Analysis. In this chapter,
Diamantaras presents a detailed survey on using neural network Hebbian learning to
realize principal component analysis (PCA). Also discussed in this chapter is nonlinear
principal component analysis as an extension of the conventional PCA.

* Chapter 9: Applications of Artificial Neural Networks to Time Series Prediction.
In this chapter, Liao, Moody, and Wu provide a technical overview of neural network
approaches to time series prediction problems. Three techniques — sensitivity-based in-
put selection and pruning, constructing a committee prediction model using input feature
grouping, and smoothing regularization for recurrent neural networks — are reviewed,
and applications to financial time series prediction are discussed.

The last part of this handbook examines signal processing applications and systems that use neural
network methods. The chapters in this part include:

* Chapter 10: Applications of ANNs to Speech Processing. Katagiri surveys the recent
work in applying neural network techniques to aid speech processing tasks. Four topics
are discussed: (a) the generalized gradient descent learning method, (b) recurrent neural
networks, (c) support vector machines, and (c) signal separation techniques. Instead
of just introducing these techniques, the focus is on how to apply them to enhance the
performance of current speech processing systems.

* Chapter 11: Learning and Adaptive Characterization of Visual Content in Image
Retrieval Systems. In this chapter, Muneesawang, Wong, Lay, and Guan discuss the
application of a radial basis network to adaptively characterize the similarity of image
content to support content-based image retrieval in modern multimedia signal processing
systems.

e Chapter 12: Applications of Neural Networks to Biomedical Image Processing. In
this chapter, Adali, Wang, and Li summarize recent progress in applying neural net-
works to biomedical image processing. Two specific areas, image analysis and computer
assisted diagnosis, are discussed in great detail.
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¢ Chapter 13: Hierarchical Fuzzy Neural Networks for Pattern Classification. In this
chapter, Taur, Kung, and Lin introduce the decision-based neural network, a modular
network, and its applications to a number of pattern classification applications, including
texture classification, video browsing, and face and currency recognition. The authors
also introduce the incorporation of fuzzy logic inference into the neural network for
rule-based inference and classification.
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2.1 Introduction

Multilayer perceptron (MLP) neural networks with sufficiently many nonlinear units in a single
hidden layer have been established as universal function approximators [1, 2]. MLPs have several
significant advantages over conventional approximations. First, MLP basis functions (hidden unit
outputs) change adaptively during training, making it unnecessary for the user to choose them
beforehand. Second, the number of free parameters in the MLP can be unambiguously increased in
small increments by simply increasing the number of hidden units. Third, MLP basis functions are
bounded, making round-off and overflow errors unlikely.

Disadvantages of the MLP relative to conventional approximations include its long training time
and its sensitivity to initial weight values. In addition, MLPs have the following problems:

1. MLP training algorithms are excessively time-consuming and do not always converge.

2. MLP training error vs. network topology is unknown. Selecting the topology for a single
hidden layer MLP is reduced to choosing the correct number of hidden units N;. If
the MLP does not have enough hidden units, it is not sufficiently complex to solve the
function approximation problem and it underfits the data, producing excessive error at
the outputs. If the MLP has too many hidden units, then it may fit the noise and outliers,
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leading to overfitting [3, 4]. Such an MLP performs well on the training set but poorly on
new input vectors or a testing set. Current approaches for choosing Ny, include growing
methods [5, 6], pruning methods [7, 8], and approaches based upon Akaike’s information
criterion [9, 10]. Unfortunately, these methods are very time consuming.

3. MLP training performance relative to conventional nonlinear networks is unknown. As
a result, users are more likely to use Volterra filters [11, 12] and piecewise linear approx-
imations [13, 14] than they are to use neural networks.

4. MLP testing error is difficult to predict from training data. The leave-one-out cross
validation technique can be used, but it is very time consuming.

5. Determining the optimal amount of training for an MLP is difficult. A common solu-
tion to this problem involves stopping the training when the validation error starts to
increase [15]. However, this approach does not guarantee that optimal performance on a
test set has been reached.

This chapter attacks all five of the problems listed above. Section 2.2 attacks the first problem by
presenting a fast, convergent algorithm for training the MLP. Section 2.3 develops and demonstrates
an algorithm that sizes the MLP by relating it to a piecewise linear network (PLN) with the same
pattern storage. The performance of the MLP and PLN on random data is also summarized. Thus,
problems 2 and 3 above are attacked. Section 2.4 describes a method for obtaining Cramer—Rao
maximum a posteriori lower bounds [16] on the estimation error variance. The bounds also allow
determination of how close to optimal the MLP’s performance is [17]-[19], and they allow us to
attack problems 4 and 5 above. Section 2.5 applies the techniques of Sections 2.2, 2.3, and 2.4 to an
application: flight load synthesis in helicopters.

2.2 Training of the Multilayer Perceptron

Several global neural network architectures have been developed over the last few decades, including
the MLP [20], the cascade correlation network [21], and the radial basis function (RBF) network [22].
Since the MLP has emerged as the most successful network, we limit our attention to MLP alone.

2.2.1 Structure and Operation of the MLP

Multilayer feed-forward networks consist of units arranged in layers with only forward connections
to units in subsequent layers. The connections have weights associated with them. Each signal
traveling along the link is multiplied by the connection weight. The first layer is the input layer,
and the input units distribute the inputs to units in subsequent layers. In the following layers, each
unit sums its inputs and adds a bias or threshold term to the sum and nonlinearly transforms the
sum to produce an output. This nonlinear transformation is called the activation function of the unit.
The output layer units often have linear activations. In the remainder of this chapter, linear output
layer activations are assumed. The layers sandwiched between the input layer and output layer are
called hidden layers, and units in hidden layers are called hidden units. Such a network is shown in
Figure 2.1. The training data set consists of N, training patterns {(x, ¢ )}, Where p is the pattern
number. The input vector x , and desired output vector £, have dimensions N and M, respectively.
¥, is the network output vector for the pth pattern. The thresholds are handled by augmenting the
input vector with an element x , (N + 1) and setting it equal to one. For the jth hidden unit, the net
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2.1 Feed-forward network with one hidden layer. (With permission from C-H Hsieh, M.T. Manry, and H. Chan-
drasekaran, Near optimal flight load synthesis using neural networks, NNSP °99, IEEE, 1999.)

input net, (j) and the output activation O, (j) for the pth training pattern are

N+1
net,(j) = Y w(j,i)-xp@), 1<j<Ny
i=1
0p()) = f(net,())) @1

where w(j, i) denotes the weight connecting the ith input unit to the jth hidden unit. For MLP
networks, a typical activation function f is the sigmoid
1

f (netp(])) = —1 n e—netp(j) .

2.2)

For trigonometric networks [23], the activations are sines and cosines. The kth output for the pth
training pattern is y,x and is given by

N+1 Nh

Yok = Y wiglk, i) xp (D) + D wholk, ) Op(j), 1<k <M 2.3)
i=1 j=1

where wj, (k, i) denotes the output weight connecting the ith input unit to the kth output unit and
wpo(k, j) denotes the output weight connecting the jth hidden unit to the kth output unit. The
mapping error for the pth pattern is

M
Ep=> [tp—yui]’ 2.4)
k=1

where 1, denotes the kth element of the pth desired output vector. In order to train a neural network
in batch mode, the mapping error for the kth output unit is defined as

Ny

1
E() =~ [t =yl - 2.5)

p=l1
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The overall performance of an MLP neural network, measured as mean square error (MSE), can be
written as

M 1 N,
E=ZE(I<)=VZEP. (2.6)
k=1 Y op=1

2.2.2 Training the MLP Using OWO-HWO

Several investigators have devised fast training techniques that require the solution of sets of linear
equations [24]-[29]. In output weight optimization-back propagation [27] (OWO-BP), linear equa-
tions are solved to find output weights and back propagation [20] is used to find hidden weights (those
which feed into the hidden units). Unfortunately, back propagation is not a very effective method for
updating hidden weights [30, 31]. Some researchers [32]-[35] have used the Levenberg—Marquardt
(LM) method to train the MLP. While this method has better convergence properties [36] than the
conventional back propagation method, it requires storage on the order of O (N?) and calculations
on the order of O(N?), where N is the total number of weights in an MLP [37]. Hence, training an
MLP using the LM method is impractical for all but small networks.

Scalero and Tepedelenlioglu [38] have developed a non-batching approach for finding all MLP
weights by minimizing separate error functions for each hidden unit. Although their technique is
more effective than back propagation, it does not use OWO to optimally find the output weights,
and it does not use full batching. Therefore, its convergence is unproven. Our approach has adapted
their idea of minimizing a separate error function for each hidden unit to find the hidden weights;
this technique has been termed hidden weight optimization (HWO).

In this section, MLPs with a single hidden layer are trained with hidden weight optimization-
output weight optimization (OWO-HWO) [29]. In each training iteration, output weight optimization
(OWO) solves linear equations to find the output weights, which are those connecting to linear output
units. The HWO step uses separate error functions for each hidden unit and solves multiple sets of
linear equations to find the optimal weights connecting to the hidden units. By minimizing many
simple error functions instead of one large one, it is hoped that the training speed and convergence can
be improved. However, this requires desired hidden net functions, which are not normally available.
The desired net function can be constructed as

netyq(j) = nety(j) + Z - 5,(j) 2.7

where net4(j) is the desired net function and net, () is the actual net function for jth unit and the
pth pattern. Z is the learning factor and §,, () is the delta function [20] defined as

—JdE,
anet,(j)
The calculations of the delta functions for output units and hidden units are, respectively [20],
8po()) = f (netj) - (tpj — 0p()))
8p(/) = [ (netj) D 8po(mywno(n, j) (2.9)
n

8p(J) = (2.8)

where 7 is the index of units in the following layers which are connected to the jth unit. Elements
e(j, i) of the hidden weight change matrix are found by minimizing

N, 2
Es()=) [5,;(1) - el i)x,;(i)} (2.10)

p=1 i
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with respect to the desired weight changes e(j, i). We then update the hidden weights w(j, i) by
adding

Aw(j, i) = Z - e(j, i) @2.11)

to the weights w(j, i). In a given iteration, the total change in the error function E, due to changes
in all hidden weights, becomes approximately

Nh N,

AE;—ZNLZZ(SI%(]'). (2.12)

YV j=1p=1

First consider the case where the learning factor Z is positive and small enough to make the above
approximation (Equation (2.12)) valid. Let Ej denote the training error in the kth iteration. Since
the AE sequence is nonpositive, the E; sequence is nonincreasing. Since nonincreasing sequences
of nonnegative real numbers converge, Ej converges.

When the error surface is highly curved, the approximation of Equation (2.12) may be invalid in
some iterations, resulting in increases in Ej. In such a case, the algorithm reduces Z and restores
the previous optimum network. This sequence of events need only be repeated a finite number of
times before Ej is again decreasing, since the error surface is continuous. After removing parts of
the Ej sequence which are increasing, we again have convergence. It should be pointed out that
this training algorithm also works for radial basis function (RBF) networks [22] and trigonometric
networks [23].

2.3 A Sizing Algorithm for the Multilayer Perceptron

It has been observed that different kinds of nonlinear networks with the same theoretical pattern
storage (or pattern memorization) produce very similar values of the training error £ [39, 40]. In
order to verify the observation with networks having many free parameters, however, very efficient
training methods are required. This section analyzes and relates the performances of the MLP and
the piecewise linear network (PLN). The PLN is a piecewise linear approximation to the training
data. Using the relationship, we develop a sizing algorithm for the MLP, thus solving problems 1
and 2 from Section 2.1. In Section 2.3.1, we develop bounds on MLP training error in terms of
pattern storage for the case of random training patterns. In Section 2.3.2, we obtain an expression
for the PLN training error as a function of pattern storage for the case of random training patterns.
In Section 2.3.3, we relate the pattern storages of PLN and MLP networks and describe the resulting
sizing algorithm. In Section 2.3.4, we present numerical results that demonstrate the effectiveness
of the sizing algorithm using several well known benchmark data sets.

2.3.1 Bounding MLP Performance

Our goal in this subsection is to bound MLP training error performance as a function of pattern
storage when the training pattern elements xx and #,, 1 < k < N, 1 < n < M, and the training
patterns (x, £p) and (x4, t,), p # q are statistically independent. A brute force approach to this
problem would involve: (1) completely training tens of MLP networks of each size with different
initial weights and (2) selecting the best network of each size from the trained networks. This
approach is computationally very expensive and, therefore, impractical. A simpler but analyzable
approach that we have taken involves the following steps: (1) train a large MLP network to zero
error, (2) employ the modified Gram—Schmidt (GS) vector orthogonalization procedure [41, 42] on
the hidden unit basis functions, (3) order the hidden unit basis functions by repeatedly applying the
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GS procedure, and (4) predict the performance of MLPs of each size by plotting MLP training error
as a function of hidden unit orthogonal basis functions weights.

We want to emphasize the fact that building an ordered orthonormal basis using the Gram—
Schmidt procedure is suboptimal. In general, there is no reason why a subset of Nj hidden units’
basis functions should contain the best subset of (N, — 1) hidden unit basis functions [41]-[43].
Yet, unlike the brute force method of selecting the optimal MLP of each size, the GS procedure
is mathematically tractable and provides an upper bound on the training MSE reached by MLP
networks of each size.

2.3.1.1 MLP Pattern Storage

The pattern storage of a network is the number of randomly chosen input—output pairs the
network can be trained to memorize without error. Consider a fully connected MLP, which includes
bypass weights, thresholds in the hidden layer, and thresholds in the output layer. The MLP can
memorize a minimum number of patterns equal to the number of output weights connecting to one
output unit. Therefore, its pattern storage, Smpp, has a lower bound of (N + Ny + 1) [25, 30].
The upper bound on the MLP’s pattern storage is Pyrp/ M, where Py p is the total number of free
parameters in the network. This is the same formula used for polynomial network pattern storage.
It has been shown [30] that this bound is fairly tight. Therefore, assume that

(N+14+M)

Smrp (Np) = ( i

>~Nh+(N+l). (2.13)
We notice that the MLP’s pattern storage is a constant plus a linear function of the number of hidden
units Ny.

2.3.1.2 Discussion of the Shape of the MSE vs. Nj, Curve

Consider a single hidden-layer fully connected MLP with N inputs, N, hidden units, and M
outputs, as before. Each output receives connections from N inputs, N, hidden units, and a threshold,
so there are a total of N, = N + 1+ N}, basis functions in the MLP. Let the initial raw basis functions
be o1, 02, 03,04, ..., 0Ny, Where o1 = 1 for thresholds, oo = x1,03 = x2,...,0nv41 = xy for
input units, and oy 12 = O,(1), 0813 = 0,(2), ..., 0Ny = Op(N},) for hidden units.

Construct an orthonormal basis by applying the modified Gram—Schmidt procedure on the basis
functions. Order the orthonormal basis functions by choosing the normalized threshold, 1/N,, as
the first basis function, followed by the normalized inputs. Let the first (N 4 1) ordered orthonormal
basis functions be ¢1, ¢2, @3, ..., dN+1.

Next, proceed with ordering the hidden units’ orthonormal basis functions. Consider two consec-
utive hidden units i and i + 1,7 > (N + 2). Removing the effect of first i — 1 basis functions from
the remaining basis functions i through N,,, we have

Vom = Opm — DimPp1 — Dom®p2 — -+ — Di—1ym®Ppi-1) (2.14)

where i < m < N,, p is the pattern number, and 1 < p < N,. The Dy, coefficients are inner
products [44], defined as:

N N

1 ! 1 !
Diw =(¢1,0m) = — ) &1p-Omp, - Dicim = {Di—1,0m) = — > &i—1)p - Omp . (2.15)
N, " N, "

p= p=

Similarly, removing the effect of first i — 1 basis functions from the desired output ¢y,

i—1
U=tk — Y bpnChn (2.16)
n=1
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where the C,, are weights for orthonormal basis functions, found as C,, = (¢, t’).
Consider the basis functions v; and v;41. Without loss of generality, they will be referred to as
basis functions 1 and 2 from now on. Also, we now consider only one output. Define

Py = (v, v1), Po= (v, 1), Q1 = (v, 1), Q2 = (2. 7') . (2.17)

Next, orthonormalize hidden unit basis functions vy, v, as:

o= e =g 2.18)
VPii

il = VQ_(lle)Vf_ v — vy __Pu-wm—Po-w ’ 2.19)
H ?ﬁ H Py — P_121 VPii,/Pii - Pn — Plzz

' = ¢

Here, the superscripts / and /1 on V1 and v2 indicate that vq is chosen as the first basis function
and v, is the second basis function in the ordered basis. Let C; and C; be the orthonormal weights
connecting vll and v2” to one output ¢. Then Cy and C; are found as:

C, = <v11,t/>: o

Vv P11
Pi1-vo— Piy-v 7l’/ P — Py -
c — <v2”,t'>=(“ 2 12 - V1 >= 1 - 02 12 - 01 . (2.20)
VP[P Pn—PY /PP Pn— P}
Then
P11 P»Q? +2(PuP P 0?
o= (P11 P2 Q] — P} 03) +2 (P11 P12Q102 — P, 0O7) ' 221)

P11 (P11 Py — PY)

If we force v, to be the first basis function and v; the second, then the corresponding orthonormal
weights would be

0>
c = <v1,t’>=
1 2 Py
Py vy — Pp -y, t/ Py 01— Py
c = <v1,,,t/ 2(22 1— P2-m >: 2 01— Pra- Q2 ‘ 2.22)
VPu\/Pii-Pn—PL  /PnPii-Pn— P}
Then
2_ p2 2 2 2
Crocp= (P11 P2 Q3 — P3,07) +2(PnP12Q102 — P, 03) . (2.23)

Py (P11 Py — PY)

While building an ordered orthonormal basis, if C12 > C{z, we retain v; as the first basis function
and we consider C % — C% for subsequent discussions. If, on the other hand, C f <C 12, we retain vy
as the first basis function and we consider C z_ Céz for subsequent discussions. Without loss of
generality, we assume that C% >C 12.

We know the following facts from Schmidt procedure ordering:

Since C f >C 12, we consider Equation (2.21) and

or P11 P» 0% > PA 05 .
P“ P22 1 11¥2
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The term (P Py Q% — P121 Q%) is always positive.

. P 1P22—P2 . ..
Py Py > P}, (since % = ||v2 = (v{, v2)v{| and Py; is positive).

We cannot say whether the second term (P11 P120102 — P122 Q%) in Equation (2.21) is positive
or negative for a particular realization of the network. Consider an MLP with Nj; hidden units,

which has been trained to memorize all the patterns and whose hidden unit basis functions have been
ordered using a modified Gram—Schmidt procedure. Then

. Cl.2 # 0,1 <i < Nj, where C; is the orthonormal weight from ith orthonormal hidden
unit basis function to the output (all the basis functions are linearly independent; if not,
we can always eliminate those dependent hidden units).

e The mean squared error E is given by

E=E[?] = (Chur+ Chys -+ Chirpn,) (2.24)

where ¢’ is the output from which linear mapping between inputs and target has been
removed, as in Equation (2.16), and E[-] denotes the expected value.

E in Equation (2.24) is plotted vs. Nj, in Figure 2.2, where the weight energies are (1) in strictly
decreasing order, (2) in strictly increasing order, and (3) all equal.

Ny —»

—=— Case (1) - Basis functions ordered correctly

—e— Case (2) - Basis functions not ordered correctly

—a— Case (3) - All basis functions weights are equal

2.2 MLP hidden unit basis functions ordered using GS procedure. (With permission from C-H Hsieh, M.T. Manry,
and H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP ’99, IEEE, 1999.)

2.3.1.3 Convexity of the MSE vs. Nj, Curve

A convex function is a function whose value at the midpoint of every interval in its domain
does not exceed the average of its values at the ends of the interval [45]. In other words, a function
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f(x) is convex on an interval [a, b] if, for any two points x; and x; in [a, b], f [%(xl + x)] <
%[ f(x1)+ f(x2)]. If f(x) has asecond derivative in [a, b], then a necessary and sufficient condition
for it to be convex on that interval is that the second derivative f”(x) > 0 for all x in [a, b].

LEMMA 2.1 The MSE vs. N, curve is convex if hidden unit basis functions are ordered such that

Ci>Chy,  1<isNp—1).
This is easily proven using the definition of convexity and Equation (2.24). Therefore, the average
MSE vs. Nj, curve is convex if the hidden unit basis functions are ordered such that their weight

magnitudes are in strictly descending order.

2.3.1.4 Finding the Shape of the Average MSE vs. N;, Curve

In Section 2.3.1.3, we proved that the average MSE vs. N}, curve is convex if we can order the
hidden units’ basis functions such that the C 12 sequence is strictly decreasing. In Section 2.3.1.2, we
obtained an expression for C % —-C % , where C; and C; are the weights from two consecutive hidden
units’ orthonormal basis functions to the output.

Consider the ensemble average of (P11 P120102 — P122 Q%), which can be written as

Nv Nv Nv Nv
2 n2 2 / i
E [P11P12Q1Q2 - Plel] = ZZ Z ZE [vlkvlmvzmvlntnvzjlj]
k=1 j=1m=1n=1
Nv Nv Nv Nv

— E[VlkVZkVIjVZjVImt;nvlntr/,] . (2.25)
2022

k=1 j=1 m=1n=1

Here j, k, m, and n are pattern numbers within the same data set. The following assumption is made
about the training data: training patterns (x p, £,,) and (x4, t,) are also statistically independent for
pP#q.

Since the sigmoid activation function is an odd function after subtracting the constant basis func-
tion, it is possible to derive [40]

Nv Nv
E[P11P12Q1Q2—P122Q%] ZZ [‘ﬁk] [v%mvgmtr/nz]
k=1 m=1
Nv Nv
2 2
=YY B[k B[] (2.26)
k=1 m=1

Using Schwarz’s inequality, it is easily shown that

LEMMA 2.2
Nv Nv Nv Nv
2 12
ZZ [Vlk] [Vlm"zmm] ZZ [Vlkvzk] [vlmtm]'
k=1 m=1 k=1 m=1
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Thus, E [P11 P12,010, — P122 Qﬂ is net positive. Therefore C]2 — C% is positive in an ensemble
average sense, and the average MSE vs. N, curve is convex. This result is true even if there are
multiple outputs, since E,?ilE [Clzk — C%k] > 0.

The average MSE vs. Nj, curve is convex, even for nonrandom training data, provided the training
patterns (x , f,) and (x4, #,) are statistically independent for p # q.

THEOREM 2.1 The average mean square training error E of an MLP as a function of pattern
storage Sy p, is bounded above by a straight line E(Syp) < A — B - Sy p under the following
conditions:

1. The training patterns (x p, t p) and (x4, t,) are statistically independent for p # q.

2. The activation function of the MLP hidden units is odd symmetric or odd symmetric + a
constant.

In Sections 2.3.1.2 and 2.3.1.3, we proved that the MLP training error vs. Ny, curve is convex if
the hidden unit orthonormal basis functions are ordered such that the basis function weights are in
descending order of magnitude. The MLP pattern storage Sy, p is a constant plus a linear function
of Nj,. Therefore, the MSE vs. Sy p curve also is convex under the same conditions, as illustrated
in Figure 2.3.

linear

MSE Upper Bound

o wn L

N+l SMLP — Nv

2.3 MLP training MSE vs. pattern storage Sypp. (With permission from C-H Hsieh, M.T. Manry, and H. Chan-
drasekaran, Near optimal flight load synthesis using neural networks, NNSP °99, IEEE, 1999.)

2.3.2 Estimating PLN Performance

Our goal in this subsection is to introduce a specific PLN, describe its training, analyze its perfor-
mance, and find its pattern storage. Our PLN for N inputs and M outputs contains N, modules, each
of which has an N-dimensional center vector m,, and a matrix W ,,,; (n) of dimension M x (N +1).
Such a network is shown in Figure 2.4. The network employs a weighted sum of square distance
measure d(-). If the input vector x belongs to the nth cluster such that d(x, m,) = mkin d(x,my),

then the output vector is y = Wy (n) - xT . DT. This PLN provides a conventional way to
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2.4 Piecewise linear network architecture. (With permission from C-H Hsieh, M.T. Manry, and H. Chandrasekaran,
Near optimal flight load synthesis using neural networks, NNSP *99, IEEE, 1999.)

approximate nonlinear functions. The PLN trains much more quickly than the MLP, but it produces
discontinuous approximations and generalizes less dependably.

2.3.2.1 Convergent PLN Training Algorithm

A convergent training algorithm for the piecewise linear network [40, 46] is described in the
following section.

1. Weights of the distance measure which de-emphasize less useful inputs are found, fol-
lowing the approach of Subbarayan et al. [47].

2. We initialize the network with one cluster centered at the mean vector of input vectors.
Two new cluster centers are found by perturbing this mean and reassigning patterns.
A linear mapping is designed for each module or cluster through regression. In each
iteration, a new cluster is added by splitting one of the existing clusters. This method of
clustering falls under the category of hierarchical clustering [48, 49] utilizing a divisive
method. Each cluster is then fitted with a linear mapping.

3. Four (or existing) clusters with the most mapping errors are identified as candidates for
splitting.

4. The candidate cluster is optimally split into two. Now we have one more cluster than in
the previous iteration. Each cluster is fitted with a linear mapping and the total mapping
error E is calculated.

5. If the mapping error decreases, we save the new configuration and update the bound on
the mapping error as Enin = E. We now backtrack the network to the configuration that
existed in step 3.

6. Finally, the configuration that leads to the lowest actual bound on the mapping error is
retained. This method of finding the optimal placement of a new hyperplane can be
termed a limited branch and bound method [50, 51], which is a special variation of the
backtracking algorithm.

7. If the new module results in a decrease in E, the next iteration proceeds by repeating
steps 3 through 6. Otherwise, the algorithm terminates.
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2.3.2.2 PLN Pattern Storage

The pattern storage of a network is the number of randomly chosen input—output pairs the
network can be trained to memorize without error. The pattern storage of the piecewise linear
network is N, multiplied by the storage per module,

SpiNn=N.-(N+1). 2.27)

This pattern storage is attainable only if the training algorithm efficiently assigns patterns to the
modules.

2.3.2.3 Calculating PLN Training Error

Here, we develop bounds on the PLN training error performance as a function of the number
of modules in the network when the training pattern elements x; and #,, 1 <k < N,1 <n < M,
and the training patterns (x , ¢,) and (x4, t;), p # g are statistically independent.

THEOREM 2.2  The average mean square error expression for a piecewise linear network with N,
modules trained using random numbers for inputs and outputs is given by

Nv i/l: 5
t
Pk
—1 k= N.(N +1
E=" ”]‘V‘ (1— ‘(N+ )> (2.28)
v v

where N, is the total number of training patterns, N is the number of inputs, and M is the number
of outputs. This is easily proven [40] by finding and manipulating the singular value decomposition
(SVD) [52, 53] of the matrix D of size (N + 1) x N,, each of whose columns consists of an N -
dimensional input vector augmented with a one.

From Equation (2.28), we observe that the average MSE vs. the number of modules in a PLN
curve is a straight line. Since the pattern storage Spyn of a PLN with N, modules is N, - (N + 1),
the average MSE vs. Spyy curve is also linear and it coincides with the upper bound on the MSE
vs. Sy p curve in Figure 2.3. Thus, PLN and MLP networks have similar training errors when the
training patterns are completely random.

2.3.3 Sizing Algorithm

We have seen that networks with similar pattern storage have similar training error when the training
patterns have statistically independent elements. Here, we develop a sizing algorithm for the MLP
based on the heuristic assumption that our result is valid when the patterns are not statistically
independent.

Consider the PLN trained for N;; iterations. Let E;(i) be the training error and N.(i) be the
number of modules in the ith iteration. Following Equation (2.27), the pattern storage Spy (i) in
the ith iteration is given by

SpLn () = Ne(@) - (N +1). (2.29)

Equating the pattern memorization of the MLP in Equation (2.13) to that of the PLN in Equa-
tion (2.29), we have

M-(N+1D-(Ne(®) =1

Np(i) = Np (SpLn (D) = N M1 . (2.30)
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This formula helps us estimate the number of hidden units in an equivalent MLP for various E; (i), i =
1,2,...Nj.

Case M = 1: When the number of outputs M = 1, Equation (2.30) approximately reduces to
Np = (Ne — 1).

Case M > 1: Inthis case, overly large MLP networks result when the desired outputs are correlated
and many free parameters are redundant. Then, an SVD technique is employed to detect whether
outputs can be compressed without significantly degrading the MSE performance. Compressing
the outputs allows the sizing algorithm to predict a smaller, less complex MLP. The resulting mean
square error E}, after we compress the M outputs down to M’, is given by

M
Ej=E+ )
i=M'+1

where A;s are the ith singular values of the desired outputs’ covariance matrix. For each value of
i, the sizing algorithm generates all possible MLP configurations and their predicted training MSE
using M’ values between 1 and M. The algorithm sifts through these potential configurations and
saves those that have the lowest training MSE for a given number of hidden units. The final output
of our algorithm is the sequence of ordered pairs, {E 7(0), Ni(i) }

Recall that the MLP’s training error has that of the PLN as an upper bound for statistically
independent patterns. It is therefore reasonable to expect that the MLP can perform better than
predicted by the sizing algorithm.

2.3.4 Numerical Results

This section presents simulation results based on our approach to the MLP sizing problem. The PLN
network is obtained through forward training without any pruning.

The data set Single2 . tra has 16 inputs and 3 outputs and represents the training set for inver-
sion of surface permittivity €, the normalized surface rms roughness ko, and the surface correlation
length kL found in backscattering models from randomly rough dielectric surfaces [56]. The training
set contains 5992 patterns. The three outputs can be compressed down to one with less than 1%
increase in training MSE of an equivalent MLP. The results, illustrated in Figure 2.5, show good
performance by the sizing algorithm.

The file build3.tra is part of the Probenl [57] benchmarking data sets. The data set
represents the problem of predicting the hourly consumption of electrical energy, hot water, and cold
water based on the date, time of day, outside temperature, outside air humidity, solar radiation, and
wind speed. There are 8 inputs, 3 outputs, and 2104 training patterns in this data set. All three
outputs are relevant, and no compression of the outputs is possible. The predicted and actual E vs.
Ny, curves, illustrated in Figure 2.6, are not very disparate.

The data set oh7 . tra contains VV and HH polarization at L 30°, 40°, C 10°, 30°, 40°, 50°, 60°,
and X 30°, 40°, 50° along with the corresponding unknowns rms surface height, surface correlation
length, and volumetric soil moisture content in g/cubic cm [58]. There are 10,453 training patterns,
20 inputs, and 3 outputs in the oh7. tra data set. The predicted and actual E vs. Ny curves are
illustrated in Figure 2.7. For the first time, the predicted MSE values are 60% higher than the actual
MSE values for 2 < Nj, < 12.

The data set matrix. tra provides the data for inversion of random two-by-two matrices. Each
pattern consists of four input features and four output features. The input features, which are
uniformly distributed between 0 and 1, represent a matrix, and the four output features are elements
of the corresponding inverse matrix. The determinants of the input matrices are constrained to be
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2.5 MLP sizing performance on single2.tra. (With permission from C-H Hsieh, M.T. Manry, and H. Chan-
drasekaran, Near optimal flight load synthesis using neural networks, NNSP ’99, IEEE, 1999.)
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2.6 MLP sizing performance on build3.tra. (With permission from C-H Hsieh, M.T. Manry, and H. Chan-
drasekaran, Near optimal flight load synthesis using neural networks, NNSP ’99, IEEE, 1999.)

between 0.3 and 2. There are 2000 training patterns in the data set. The predicted and actual E vs.
Nj, curves are illustrated in Figure 2.8. The predicted MSE curve seems to reflect the trend in the
actual MSE vs. Nj, curve, but with an offset.

The data set Twod . tra contains simulated data used in the task of inverting the surface scattering
parameters from an inhomogeneous layer above a homogeneous half space, where both interfaces
are randomly rough [56]. The data set has 8 inputs, 7 outputs, and 1768 training patterns. The
predicted and actual E vs. Ny curves are illustrated in Figure 2.9. The predicted MSE curve seems
to reflect the trend in the actual MSE vs. Nj, curve, but with an offset.

The synthetic data set parabolic. tra contains 8 inputs, 3 outputs, and 2000 training patterns.
The target outputs are defined as

n = 10x? + 11x2 + (x3 — 0.5) — 3.5x4 4 20 (x5 — 0.5) + 10x6 + 5x7 + 1
tr = 1.35x1x2 4+ 15x3 4+ 2.79x4x5 + Txg — 6.5x3 + n
5 = x3+233xx4 —17.11xs5 + x6 4+ 23x7 +n

where n is zero mean Gaussian noise with 0.1 variance. The inputs x . ..xg are sampled indepen-
dently from a uniform distribution over the interval [0, 1]. The predicted and actual E vs. Nj, curves,
illustrated in Figure 2.10, again show that the sizing algorithm is very useful.
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2.7 MLP sizing performance on oh7. tra. (With permission from C-H Hsieh, M. T. Manry, and H. Chandrasekaran,
Near optimal flight load synthesis using neural networks, NNSP °99, IEEE, 1999.)
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2.8 MLP sizing performance on matrix.tra. (With permission from C-H Hsieh, M.T. Manry, and H. Chan-
drasekaran, Near optimal flight load synthesis using neural networks, NNSP ’99, IEEE, 1999.)

Using several standard benchmark data sets, we have experimentally verified that the sizing al-
gorithm works and is an order of magnitude faster than the brute force design of multiple MLPs.
Although the sizing algorithm often accurately forecasts the training error E as a function of Ny, it
remains for us to pick a specific value of N, from the curve. One method is to find where the E vs.
Nj, curve flattens out. A second method is suggested in the following subsection.

2.4 Bounding MLP Testing Errors from Training Data

In designing nonlinear estimators from training data, it is very useful to have known lower bounds
on the testing error. By stopping training when the training error approaches the bounds, we can
avoid overtraining of the network. Also, superimposing the bound on the forecast training error vs.
Nj, curve of the previous subsection, we can pick the Nj value seen at the intersection of the two
curves. This section describes a method for obtaining Cramer—Rao maximum a posteriori (CRMAP)
bounds [16] on the MLP testing error.
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2.10 MLP sizing performance on parabolic.tra. (With permission from C-H Hsieh, M.T. Manry, and H. Chan-
drasekaran, Near optimal flight load synthesis using neural networks, NNSP ’99, IEEE, 1999.)

2.4.1 Bounds on Estimation Error

CRMAP bounds [16] have been shown to provide lower bounds on neural network testing error [17,
18]. Specifically, let the neural network error E be defined as

M
E = Z E(i) (2.31)

i=1

where E (i) denotes the error for the ith output parameter and M denotes the number of outputs,
as in Section 2.2. E and E (i) denote training error or testing error, depending upon the situation.
The CRMAP bound on var(@i’ — 6;), the variance of the error between the ith output 6; and the ith
output’s estimate 91-/ , is denoted by B;. Therefore,

EG@) = B;

M
E > Y B. (2.32)

i=1
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When we have equality in Equation (2.32), the estimates are usually optimal. This section shows
the details of how CRMAP bounds are calculated from training data.

2.4.2 Obtaining the Bounds

This subsection describes how to calculate the M x M MAP Fisher information matrix (FIM) [16],
given statistics on the training data. Let {x,,0,} for 1 < p < N, represent the training set for a
neural network. Here, x , represents the pth example of the N-dimensional random input vector x,
and 6, represents the pth example of the M-dimensional random parameter vector 6.

Elements of the M x M MAP FIM, JMA® are defined as

aAAPaAAP
JMAP  — E [].MLE] Eg| ————
i ol 1R T T
aAMLEaAMLE
JMLE = | —— (2.33)
J 36, 006,

where Ejy[-] denotes expected value over the parameter vector # and E,[-] denotes expected value
over the noise, where AMAP = ¢n(pg, (0|x)), AMLE = tn(pye(x16), and AP = tn(pe(8)).
Assume that the elements x (k) of x are modeled as

x(k) = s(k) +n(k) (2.34)

where the elements s(n) and n(n) are, respectively, elements of the signal and noise vectors s and n,
respectively. s is a deterministic function of the parameter vector . The N x N covariance matrix
of x or n is denoted by C,,,,. The elements of J¥4” in Equation (2.33) can now be evaluated as:

as\! as
MLE] _ 9s —1( 95
Eg [Jij ]—Ee [(8@) Con (89,-)}

aAAP 8AAP
9[ 296, 00,

} — b J) (2.35)

where Cy denotes the M x M covariance matrix of the M-dimensional parameter vector 6 and
dy (i, j) denotes an element of Ce_l. Let (JMAP)” denote an element of (JMAP)_I. Then [59],

var (6 — 6;) > (JMAP)” (2.36)

where 9; can be any estimate of 6;. The B; in Equation (2.32) are the (J MAP )” of Equation (2.36).
In order to calculate the log-likelihood functions and the CRMAP lower bounds on the variance of
the parameter estimates, a statistical model of the input vector x is required. This model consists
of a deterministic expression for the signal vector s in terms of the parameter vector #, the joint
probability density of the additive noise vector n. In most applications however, the signal model
is unknown and bound calculation is not possible. One approach to this problem is to create an
approximate signal model from the given training data.

2.4.2.1 Signal Modeling

Given the training patterns for our estimator, we want to find the signal component model
and noise probability density function (pdf). We make the following assumptions, which make this
problem solvable.
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Al. The unknown, exact signal model of Equation (2.34) can be written in vector form as
Xp,=S8p+n, (2.37)

where x , and (/] p are defined as before, s, denotes the pth example of s, and n,, denotes the noise
component of x .

A2. The elements 6 (k) of 6 are statistically independent of n.
A3. The noise vector n has independent elements with a jointly Gaussian pdf.

A4. The mapping s(@) is one-to-one.

2.4.2.2 Basic Approach

From Equation (2.35) and the above assumptions, we need to find a differentiable deterministic
input signal model s(@) and the statistics of n and 0. Our first step is to rewrite the signal model of
Equation (2.37) as:

x,=8,+n, (2.38)

where s, and n’, denote approximations to s, and n ,, respectively. Noting that s is a function of
the desired output 8, we propose to approximate the nth element of s, with an inverse neural net,

Ny

s, w) =Y " wo(n, k) fp (k, wi) (2.39)

k=1

for 1 <n < N, where w,(n, k) denotes the coefficient of f,(k, w;) in the approximation to s, (n),
Sfp(k, w;) is the kth input or hidden unit in the network, w; is a vector of weights connecting the
input layer to a single hidden layer, and N, is the number of units feeding the output layer. This
is an inverse network in the sense that desired outputs are mapped back to inputs. The vector w
is the concatenation of the input weight vector w; with the output weight vector whose elements
are w,(n, k). Note that f},(k, w;) can represent a multinomial function of parameter vector 6 in a
functional link network [60], or a hidden unit output in an MLP or radial basis function network [22].
Because of the capabilities of the MLP [2, 61] and PLN for approximating derivatives, either of these
networks would be a good choice for generating s’.

Before we can find the neural net weight vector w in Equation (2.39), we must have an error
function to minimize during training, which includes desired output vectors. Since we want s, to
approximate § ,, the natural choice for the desired output is s ,. Because s, is unavailable, we can
try using x , as the desired output vector, which yields the error function for the nth output node,

Ny

E¢(n) = Ni > [xro0 = spn, w)]2 : (2.40)

Y p=1
The hope is that by minimizing E,(n) with respect to w, we are simultaneously approximately
minimizing
Nl)

Es(n) = Ni > [sptm = sp0n, w)]2 . (2.41)

L

The signal model is determined from the noisy data by using a gradient approach, such as back
propagation (BP) or output weight optimization (OWO) [27, 29], to minimize E, (n) with respect to
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w, whose elements are denoted by w(m). The gradient of E, (n) is

IEc(n) —2 )
dwm) = Fy pZ::l [xp(n) — sp(n, w)]

2 85;,(11, w)
dw(m)

(2.42)

An MLP network for obtaining the signal model is shown in Figure 2.11.

s'(1)

5'(2)
s'(3)

2.11 Inverse network for signal modeling. (With permission from C-H Hsieh, M.T. Manry, and H. Chandrasekaran,
Near optimal flight load synthesis using neural networks, NNSP *99, IEEE, 1999.)

Given a model s’ ), for the deterministic signal component, and given the noisy input vectors x p,
we get n’,, from Equation (2.38) as:

r !
n,=x,—s',.

The mean vector and covariance matrix of the noise component are then estimated as

(L
m, = — Zn’p
v =1
L r
Chn = N ,; (n'p—m',) (' —m',) . (2.43)

In addition to the statistics of n, calculation of the CRMAP bounds in Equation (2.33) requires
knowledge of the statistics of @, which are

Ny
m’g = L op
vp=1
1 & T
Cy = FZ(()p—m’g)(op—m'@) : (2.44)
Up:l

When 6 is non-Gaussian, it is still possible to calculate good bounds using our approach. Theoretical
justification of this can be found in the literature [62, 63].
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2.4.3 Convergence of the Method

Since we are minimizing E (n) rather than E(n) in the previous subsection, it is not clear that s,
is a good model for s,. This subsection analyzes the convergence of the gradient of E(n) to the
gradient of E(n) with the following theorem.

THEOREM 2.3  Assume that the training of the input weight vector w; is stopped after iteration
number N, which is fixed and bounded, and that training of the output weights w,(n, k) is allowed
to proceed. Then, in the limit as N, approaches infinity, 0 Ex(n)/ow(m) = dEs(n)/dw(m).

PROOF 2.1 The proof is divided into three parts.

Part 1: Energy of the Gradient Noise
Continuing Equation (2.42), we get

N, ’
AEx(n) -2 - , sy, (n, w)
dwm) Ny Z=1 [39) = 5,0, )] dwm) o
dEs(n)
= = 2.45
M as’ (n, w)
€um = - n &
y PR 3w (m)
p=1
Using the fact that

E [npmngm)] = o -5(p — q)

the mean square of the noise term e,;, is evaluated as

No Ny as. (n, w) ds’ (n, w)
2 _ p\h q\'"
E[enm] - 3;;E p(n)nq(n)] ow(m) ow(m)
2 Moo (95! »(n, w)
= o (2.46)
. 40,% . Em
=

where E,, is the average energy of the partial derivative of s;, (n, w) with respect to w(m)
and U,% is the variance of n(n). It remains for us to show that E,, is bounded.

Part 2: E,, for the Output Weight Case
First, assume that w(m) corresponds to an output weight w,(n, j). Then, from

Equation (2.39),
as’ (n, w)
P _ -
—Bw(m) fp (j, w;)
1
En = -2 17 Gwi) . (2.47)
vV [7:1
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Here, the terms in E,, are input or hidden unit activations or multinomial combinations
of inputs for the functional link case. These terms in E,, are bounded if the inverse
network inputs (6;) are bounded and if the activation functions are bounded. If Equa-
tion (2.39) represents a functional link net, bounding of the inputs produces bounding of
the multinomials f,(j, w;) and E,,.

Part 3: E,, for the Input Weight Case
Assume that w(m) corresponds to a weight w; (1) which feeds unit number j (a hidden

unit). Then
ds),(n, w) _ wo(n,j)afp(j’wi)
ow(m) dw; (u)
Cwkn ) S (3 Gowd)\?
En = —N 'IJX:‘:(—Bw,-(u) ) . (2.48)

Functional link nets have no input weight vector and have E,, = 0 for the input weight
case. For MLP and RBF networks, consider the two factors in E,, separately. In the
second factor, partials of f),(j, w;) are bounded for bounded activations. Unfortunately,
the wg (n, j) termin the first factor in Equation (2.48) is not bounded in general. Its value
depends upon the initial weight values, the training method chosen, and the learning
parameters. This can be solved by stopping the training of the input weight vector w;
after a bounded number of iterations, N;;. After this iteration, the vector w consists only
of elements w, (n, k), and we are left with only the output weight case.

In the limit, E, (n) and E(n) have equal derivatives and the same local and global
minima. In the next section, we develop CRMAP lower bounds on output error variance
given a data file, using the approach described in this section.

2.5 Designing Networks for Flight Load Synthesis

This section describes the use of MLPs for near-optimal helicopter flight load synthesis (FLS), which
is the process of estimating mechanical loads during helicopter flight using cockpit measurements.
The sizing, bounding, and training methods described earlier are applied here.

2.5.1 Description of Data Files

The FLS data were obtained from the M430 flight load level survey conducted in Mirabel, Canada, in
1995 by Bell Helicopter Textron. The input features, which are measurements available in the cock-
pit, include: (1) CG F/A load factor, (2) CG lateral load factor, (3) CG normal load factor, (4) pitch
attitude, (5) pitch rate, (6) roll attitude, (7) roll rate, (8) yaw rate, (9) corrected airspeed, (10) rate
of climb, (11) longitudinal cyclic stick position, (12) pedal position, (13) collective stick position,
(14) lateral cyclic stick position, (15) main rotor mast torque, (16) main rotor mast rpm, (17) den-
sity ratio, (18) F/A acceleration, transmission, (19) lateral acceleration, transmission, (20) vertical
acceleration, transmission, (21) left-hand forward pylon link, (22) right-hand forward pylon link,
(23) left-hand aft pylon link, and (24) right-hand aft pylon link.
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The desired outputs are the helicopter loads which are the strains on mechanical parts. These are not
available in a typical helicopter, but need to be estimated throughout the flight so that mechanics know
when to replace critical parts. During test flights, the loads are measured by strain gauges which are
temporarily attached to the critical parts. The desired output loads are as follows: (1) fore/aft cyclic
boost tube oscillatory axial load (OAL), (2) lateral cyclic boost tube OAL, (3) collective boost tube
OAL, (4) main rotor (MR) pitch link OAL, (5) MR mast oscillatory perpendicular bending smoothed
time average (STA), (6) MR yoke oscillatory beam bending STA, (7) MR blade oscillatory beam
bending STA, (8) MR yoke oscillatory chord bending STA, and (9) resultant mast bending STA
position.

Three training data files were produced. File F17.dat used features 1 through 17 and all 9
output loads. File F20.dat used features 1 through 20 and all nine output loads. File F24.dat
used features 1 through 24 and all 9 output loads.

2.5.2 CRMAP Bounds and Sizing of FLS Neural Nets

After training signal models for the three data files, as in Section 2.4, we estimated CRMAP bounds
on E, as in Equation (2.32). The bound values for 17, 20, and 24 inputs were 0.30 x 108,0.29 x 108,
and 0.22 x 108, respectively. In obtaining the bounds, the 17- and 20-input signal models were
produced by training PLNs. The discontinuous nature of the PLN’s mapping causes no difficulties
when calculating derivatives for the CRMAP bounds. For the 24-input data in file F24 . dat, the
signal modeling was done with an MLP.

After finding the bounds on the training error E, we ran the sizing algorithm of Section 2.3 on
each of the three data files. Figures 2.12, 2.13, and 2.14 show the forecast training errors vs. the
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200000000

w 150000000 —+— E Forecast

ﬁ//ﬂ

2
100000000 =~ Bound
50000000 —o—0—0—¢
0 T T
0 5 10 15

Np in MLP

2.12  Forecast training error and bound vs. Ny, for F17.dat. (With permission from C-H Hsieh, M.T. Manry, and
H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP *99, IEEE, 1999.)

numbers of hidden units for each data file. Also shown are the CRMAP bounds on E. Ideally, we
want to see the forecast E curve cross the bound curve. We can then use a number of hidden units
equal to the value of Nj, at the intersection, as mentioned earlier. As seen in Figure 2.12, however,
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2.13  Forecast training error and bound vs. Ny, for F20.dat. (With permission from C-H Hsieh, M.T. Manry, and
H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP *99, IEEE, 1999.)

200000000
180000000
160000000
140000000 \
w 120000000 \
= 100000000 x
80000000 \-\\

—e— E Forecast

S

- .=--- Bound

60000000
40000000 \‘_‘
O T T
0 5 10 15
Ni in MLP

2.14 Forecast training error and bound vs. Nj, for F24.dat. (With permission from C-H Hsieh, M.T. Manry, and
H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP *99, [EEE, 1999.)

the curves do not intersect, so we arbitrarily chose N, to be 13 for file F17 . dat. From Figures 2.13
and 2.14, we easily chose N, to be 13 and 6, respectively, for files F20 .dat and F24 . dat.

The methodology used here often works when valid CRMAP bounds can be calculated. When
the bounds or the forecast E curve are in error, as when the forecast E is much greater than or much
less than the bound, one can look for a place on the forecast E curve where the curve flattens out.
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2.5.3 MLP Training and Testing Results

Lacking testing data for the FLS problem, we randomly split each original FLS data set into two
subsets: one for training and the other for testing. By doing so, we can evaluate the generalization
ability of the designed FLS networks. The ratio of the training set to testing set sizes is approximately
1 to 4. The number of training patterns is 896, and the number of testing patterns is 3849. For the
new training data sets, the structures 17-13-9, 20-13-9, and 24-6-9 are used for 17-input, 20-input,
and 24-input files, respectively, as suggested by the results in the previous subsection. All networks
were trained for 50 iterations. The testing MSEs are obtained every five iterations during the training
process. The training and testing results are shown in Figures 2.15-2.17, which are, respectively,
for files F17 .dat, F20.dat, and F24 .dat.

2.50E+08
2.00E+08 .\‘
w 1.50E+08 —e— Training
g & —s— Bound
1.00E+08 4 4 Testing
5.00E+07
000000000000 000000 0C0C00-0 $
0.00E+00 . . . . .
0 10 20 30 40 50 60
Iteration

2.15 MLP training and testing errors and bound vs. iteration number for F17.dat. (With permission from C-H
Hsieh, M.T. Manry, and H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP ’99,
IEEE, 1999.)

Figures 2.12-2.17 show that the sizing algorithm and CRMAP bounds have provided us with
fairly good estimates of the required network sizes. Also, the OWO-HWO training algorithm has
provided near optimal MLP networks for the FLS application.

2.6 Conclusions

This chapter has presented three algorithms which help researchers apply the MLP to signal pro-
cessing problems. First, the chapter described a fast, convergent training method for the MLP. Next,
a theory that relates MLP and PLN training errors through their pattern storages was described, and
a sizing algorithm for the MLP was developed. We provided numerical results that demonstrate
the effectiveness of the sizing algorithm. Lastly, this chapter described a method for calculating
CRMAP bounds on neural network testing error.

We successfully applied the three algorithms to MLPs used for flight load synthesis in helicopters
and showed that MLPs could be trained to attain near-optimal performance, as indicated by CRMAP
bounds.
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2.16 MLP training and testing errors and bound vs. iteration number for F20.dat. (With permission from C-H
Hsieh, M.T. Manry, and H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP 99,
IEEE, 1999.)
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2.17  MLP training and testing errors and bound vs. iteration number for F24.dat. (With permission from C-H
Hsieh, M.T. Manry, and H. Chandrasekaran, Near optimal flight load synthesis using neural networks, NNSP 99,
IEEE, 1999.)
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Much work remains to be done. Training algorithms for the MLP need to be improved further.
For example, currently available training algorithms cannot reliably train an MLP to memorize, even
when the network is large enough to do so. If we can design optimal PLNSs, the Akaike procedure [9]
could be applied to the PLN’s E vs. Nj, curve to forecast the testing error performance of MLPs.
Although the estimated CRMAP bounds work in some applications, they can be calculated only
when the signal model, mapping noiseless desired outputs to noiseless inputs, is one-to-one. The
bounds should be extended to non one-to-one cases so that the CRMAP bounds can be applied to
more data sets, such as those used in forecasting applications and control.

Appendix: Simplified Error Expression for a Linear Network Trained
with LMS Algorithm

The mean square error (MSE) of a linear network trained with least mean squares (LMS) algorithm
is given by

| & N+1 2
E:EZ tp — Zw(j)-xp(j) : (A.1)
p=1 j=1
Taking the partial derivative of E with respect to w(j), we obtain
N,
oE 1 —
- 2.0t = k) -xn() |- i . A2
) NU[; [,, ;wu xp( )} xp(j) (A2)

Setting this partial derivative equal to zero, we get

D otpxp() =) wk) (pr(k) ~xp(j>)
)4 k P

N+1

c(j) =Y wk) - rk,j). (A.3)

k=1

Here, c(j) is an element of the cross-correlation vector C of dimension (N + 1), and r(k, j) is an
element of the autocorrelation matrix R of size (N + 1) x (N + 1).
Expanding the terms of the error expression, we have

Ny
E= Yoo+ ijZch)-w(j)-r(j,k) —2: D wir-ecir || a9
p=1 J J

Substituting Equation (A.3) into Equation (A.4) we get a simplified expression for E:

E= Ni Yoo - Zw(j) ce(j) (A5)
p=1 J
or, in vector, notation
E= L %tz -cT.w (A.6)
N, Z » . .
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From Equation (A.3), we can write in matrix form
R- W=C (A7)

where W is the weight vector of dimension (N + 1) and whose elements are w ().
The solution vector W is obtained as

W=R"-C. (A.8)
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3.1 Introduction

In classical signal processing, we typically consider a single-input single-output (SISO) discrete-
time, causal, infinite-dimensional, time-invariant dynamical system described by

Y(6) =Y h(x(t — k) +v() (3.1)

k=p

where {h(k)} € M is a weighting sequence, {v(¢)} is a disturbance sequence of zero-mean, in-
dependent and identically distributed random variables, and x(¢) is the input to the model at time
t.

A common task is to approximate {y(#)} by a finite-dimensional signal model, producing an output
{y(¢)} and resulting in an output prediction error sequence {e(r)}.] The system output y(¢) can be
represented as

y() =) +et) . (3.2)

1e(t) is different from v(f) because we assume that the plant could be infinite-dimensional and the signal model is
finite-dimensional.
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In Equation (3.1), for p = 0, we arrive at the classical system identification problem. For p = 1
and x (t) = y(t), the problem is the one-step-ahead time series prediction. Hence, in this framework,
both system modeling (identification) and time series prediction can be accommodated.

In this framework, there is a basic assumption that a linear relationship exists between inputs and
outputs and can be described by a linear transfer function. A linear discrete time time-invariant
signal model is given by

¥ = G(z,0)x(t) (3.3)
= ¢'(10 (3.4)

where G (z, 0) is a linear transfer function, z is the usual shift operator defined as 7 Ix(@®) 2 x(t—1),
and 6 is some parameter vector. ¢(¢) is a vector dependent only on the system input x(¢) and its
past values and past values of the system output y(z). The prime operator / represents the vector or
matrix transpose.

A finite impulse response (FIR) signal model is defined as

M
G@z0) =) bz (3.5)

i=0

where 0 = [by, ..., by, @) =[x@@),...,x(t — M)].

In some applications, where a linear relationship between the input variables and the outputs of
the model does not exist, it is necessary to use a nonlinear model.

In contrast to conventional linear signal processing models, we consider the use of a class of
nonlinear model, written as

$(t) = Flx (@), x(t — 1), ..., x(t — M)] (3.6)

where F is a nonlinear functional, mapping the input sequence {x ()} to the output y(¢). Throughout
this book, a range of nonlinear models are considered, each with different properties and subsequent
advantages and disadvantages.

This chapter considers radial basis function (RBF) networks. Radial basis function networks
originated from multidimensional interpolation models and have been described in the literature
since 1985 [5, 24, 32, 33].

A radial basis function network can be described as a parametrized model used to approximate an
arbitrary function by means of a linear combination of basis functions. RBF networks belong to the
class of kernel function networks where the inputs to the model are passed through kernel functions
which limit the response of the network to a local region in the input space for each kernel or basis
function. The output from each basis function is weighted and summed and possibly offset by some
amount to provide the output of the network.

Since there is such a wide range of nonlinear models, it is valid to ask “What are the relative
advantages of using a radial basis function network?” Why, indeed, should we consider using an
RBF network from among the many other neural network types offered? To answer this question, it
is helpful to consider the reason why simple linear models have been popularly used.

Linear time-invariant transfer functions have the advantage of properties such as:

* Understandability
* Ease of parametrization (or training) for FIR (finite impulse response) models
¢ Low computational complexity
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¢ Low memory requirements2
* Stability
¢ Robustness

A significant factor in the widespread success of linear models is their advantage in each of
the above areas. The recent introduction of multilayer sigmoidal neural networks and the back-
propagation algorithm has led to widespread interest in nonlinear models. However, a significant
amount of research over the last 10 years has been aimed at improving the performance of multilayer
neural networks in the performance areas listed above.

While there has been much success in developing nonlinear neural network models, in particular
multilayer networks trained by back-propagation, researchers, and practitioners have found that, in
some cases, it can be difficult to train a multilayer network and obtain good performance without
resorting to sophisticated algorithms.

The main reason it is difficult to train a multilayer network is that such networks are nonlinear in
the parameters. This means that learning algorithms typically use gradient descent approaches as a
means of solving the nonlinear optimization problem.

It is desirable, therefore, to obtain models which can overcome this problem of training. RBF
networks do offer a means of avoiding exactly this problem. Later in the chapter, we describe
learning algorithms for RBF networks and show how they can overcome the problem of training that
normally occurs in multilayer networks.

This chapter explores the use of RBF networks in terms of basic theory, architectures, learning
algorithms, and applications to signal processing. From this perspective, the user may wish to
examine the literature in more depth where more advanced techniques are desired. As with most of
the techniques presented in this book, there are a number of more advanced research topics which are
beyond the scope of this work and, hence, are not discussed here. Hopefully, the material presented
here will serve as an introduction to the use of RBF networks in signal processing applications.

3.2 Architecture

3.2.1 Overview

An RBF network generally consists of two weight layers — the hidden layer and the output layer.
They can be described by the following equation:

np
y=wo+ Y wif (Ix—ecil) 3.7)

i=1

where f are the radial basis functions, w; are the output layer weights, wy is the output offset, x are
the inputs to the network, ¢; are the centers associated with the basis functions, n, is the number of
basis functions in the network, and || - || denotes the Euclidean norm.

Given the vector

X=[x1,...,x,] (3.8)

on N", the Euclidean norm on this space measures the size of the vector in a general sense and is

2This depends on the application. IIR (infinite impulse response) models may be considered when the memory complexity
is a problem, although such models need stability checking to be included.

© 2002 by CRC Press LLC



defined as

1

(2)

1

(xx)? . (3.9)

I1x]|

The basic operation of an RBF network can be thought of as follows. Each input vector x passed to
the network is shifted in )" space according to some stored parameters (the “centers”) in the network.
The Euclidean norm is computed for each of these shifted vectorsx —¢; for j =1, ..., n;. Each¢;
is a vector with the same number of elements as the input vector x. Note that there is one comparison
or shifting operation for each ¢; stored in the network, and one center is defined for each radial basis
function in the network. Centers which are closest to the input data vector will have the smallest
output, the limiting case being where a center exactly coincides with an input vector. In this case,
the Euclidean distance is zero. Conversely, when the data are further away from a given center, the
output will become larger. In that case, the Euclidean distance will also become large.

Now consider the action of the Gaussian basis function on the resulting outputs from the Euclidean
distance measures. For data which are far away from the centers, the output from the corresponding
basis functions will be small, approaching zero with increased distance. On the other hand, for
data which are close to the centers, the output from the corresponding basis functions will be larger,
approaching one with decreased distance.

Hence, radial basis function networks are able to model data in a local sense. For each input data
vector, one or more basis functions provide an output. In the extreme case, one basis function is used
for every input data vector, and the centers themselves are identical to the data vectors. Therefore,
it is then a simple matter to map the output from the basis function to any required output value by
means of the output layer weights.

3.2.2 Basis Functions

The nonlinear basis function f can be formed using a number of different functions. Some common
examples include [35]:

¢ Gaussian function

—(x—0)?

fx)=e (3.10)

where ¢ € 9 is the center of the basis function which has radius . The Gaussian
radial basis function monotonically decreases with distance from the center, as shown in
Figure 3.1.

* Multiquadric (Figure 3.2)

)= ((x 0%+ rz)l/2 3.11)

¢ Inverse multiquadric (Figure 3.3)

((x -2+ rz)_l/2

fx) = (3.12)
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3.1 The Gaussian radial basis function with center ¢ = 0 and radius ¥ = 1.
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3.2 The multiquadric radial basis function with center ¢ = 0 and radius 7 = 1.

* Cauchy function (Figure 3.4)

fx) =

N2 2\~1
(x C)r+r) (3.13)

Clearly, it is possible to introduce other radial basis functions which will have similar properties
to those described above. An interesting relationship that can be drawn between RBF networks and
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3.3 The inverse multiquadric radial basis function with center ¢ = 0 and radius 7 = 1.
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3.4 The Cauchy radial basis function with center ¢ = 0 and radius # = 1.

probabilistic framework is that when a Gaussian basis function is used, the model can be viewed
as a mixture of normal density functions. Such an approach is commonly used to approximate an
unknown probability density function [35].
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The choice of basis function may be dictated by particular implementation requirements or con-
straints, although from a theoretical perspective, the choice is arbitrary.> Possibly the most common
choice for basis functions is the Gaussian which is used in this chapter.

3.2.3 Gaussian RBF Network

The Gaussian RBF network can be written using conventional time series notation as
y(t) =27 (t)w (3.14)

where w is the output layer weight vector and z(t) is the basis function output vector at time ¢ given,
respectively, by

w = [w(), Wiy ey wnh]/

2 = [Lu®.....z2,0]

—lIx@®)—¢; 1

zi(t) = e i
¢; = ith basis function center vector
ri = ithbasis function width. (3.15)

Note that z; corresponds to the output from the ith basis function unit due to the input vector x(z)
presented to the network at time ¢ defined by

xX(1) = [x1(0), ..., %0, (D] (3.16)

It is also possible to write the radial basis in vector notation for sequences of input and output
data, as follows:

y=27Zw (3.17)
where
y = [yl,-.-,ym]/
7 = [z’l,...,z;,l]/
Zj = [lijlyo-ijnh]/ j=1,...,m
—IIxj—¢; 11
2

Zji = € ! . (318)

Here, z; corresponds to the output from the ith basis function unit due to the jth input vector x;,
defined by

X; = [xj1, . xjm,] (3.19)

3The choice of basis function should, of course, be restricted to functions which have the characteristic “bump” shape in
order to be used in this particular architecture. Functions which do not meet this requirement, e.g., polynomials, would
dramatically change the properties of the network.
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3.2.4 Example of How an RBF Network Works

As a simple example, consider the following two input RBF networks. Suppose there are four input
data vectors, well separated in h*:

x; = [0,0]
x, = [0,10]
x3 = [10,0]
x4 = [10,10]. (3.20)
The desired outputs for each of these inputs is:
d = 35
d = 12
d; = 4.7
ds = 09. (3.21)

We may choose the centers for each of the basis functions to be equal to the data vectors themselves.
Hence we have

¢ [0, 01

¢ = [0,10

s = [10,01

¢4 (10,107 . (3.22)
For convenience, we choose the radii of the basis functions to be unity, i.e.,r; =1,i =1,...,4.

Consider the presentation of the first data vector to the network:

—|Ix; —¢; 12

i=e i i=1,...,4. (3.23)
This results in the following basis function outputs

e e 112
e~ Ixi—cll

1 =
= eO
1 (3.24)
5 = e Im-al’
e—lO
= 45x107° (3.25)
3z = 45x107 (3.26)
4 = 45x107°. (3.27)

To obtain the desired outputs, in this case it is a simple matter to set the output layer weights equal
to the desired values:

W = 3.5
Wy = 1.2
wy = 4.7
wy = 09. (3.28)
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The most accurate means of setting the output layer weights comes from applying the least squares
algorithm to the model. Hence we have

y=2Z'w (3.29)
where
Z=[17,....4] . (3.30)
The least squares error between the desired outputs and the actual outputs is given by

1
J = —-ee
e = d-y (3.31)
where e is an m x 1 error vector. The least squares solution to minimizing J is found as

w=(27)"'z4d. (3.32)

Using this approach, the weight vectors for the network can be found as

w; = 3.4997
wy = 1.1996
wz = 4.6997
wy = 0.8996. (3.33)

There have been other procedures developed for finding the centers, radii, and output layer weights
in radial basis function networks which are considered in detail in a later section of this chapter. The
preceding description, however, gives a basic understanding of the principles of operation in an RBF
network.

3.3 Theoretical Capabilities

3.3.1 General

The key reason for using a nonlinear model is to be able to fit nonlinear curves in multidimensional
space. Therefore, it is important to understand the capabilities of RBF networks in this context. This
book is mainly concerned with the practical uses of neural networks for signal processing applica-
tions; however, we briefly review some of the major aspects concerning the theoretical modeling
capabilities of RBF networks in the following sections.

3.3.2 Universal Approximation

A major result that has emerged in recent years, with the growth of interest in neural networks, is that
a multilayer perceptron (MLP), with a single hidden layer, is capable of approximating any smooth
nonlinear input-output mapping to an arbitrary degree of accuracy, provided that a sufficient number
of hidden layer neurons is used [1, 9, 12, 17]. This is often referred to as the universal approximation
theorem.

For radial basis function networks, universal approximation capabilities have been proven by
Park and Sandberg [28, 29]. This property ensures that RBF networks will have at least the same
theoretical capabilities as the well known multilayer networks with sigmoidal nonlinearities.
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3.3.3 Best Approximation

The universal approximation property is shared by a rather wide range of model types. This property
merely indicates that a generating function can be approximated but generally says nothing about
the quality of the approximation. It is clear, however, that for solving practical problems, we may be
more interested in which model is the best for a given task, as well as other issues such as the ease
of training, robustness, memory complexity, or computational complexity.

Girosi and Poggio defined the property of best approximation as an extension of the universal
approximation property [13]. In a given set of models, the model which most closely approximates
the generating function by some defined distance measure is defined as having the property of best
approximation. Thus, best approximation is an important attribute in choosing a model type.

Girosi and Poggio proved that RBF networks which have been derived in a regularization frame-
work have this property. Most importantly, they showed that MLPs do not possess the best ap-
proximation property for the class of continuous functions on i", while RBF networks possess this
property in a unique sense.

3.3.4 Comparison between RBF Networks and MLPs

Some work has been performed to show the relationship between RBF networks and MLPs. Essen-
tially, if one considers that an MLP is a universal approximator, then it may approximate an RBF
network and vice versa [23]. Maruyama, Girosi, and Poggio also showed [23] that for normalized
inputs, MLPs can be considered to be RBF networks with irregular basis functions. In a similar vein,
Jang and Sun showed the equivalence between RBF networks and fuzzy inference systems [20].

Although these results are of pedagogical interest, it should be kept in mind that, since both types
of networks are capable of universation approximation capabilities, the main reason to consider one
network over another is its learning performance on particular data sets.

3.4 Learning Algorithms

3.4.1 Overview

Training an RBF network consists of parametrizing the unknown parameters in a particular RBF
network. Generally speaking, this means determining (1) the number of basis functions (hidden
units), (2) centers and widths of each basis function, and (3) output layer weights. For some algo-
rithms, these steps are carried out separately, while in others, all parameters are found simultaneously.
Furthermore, different techniques can be mixed and matched for training the different parameters.

3.4.2 Determination of Centers

Some of the approaches for choosing centers are described below.

3.4.2.1 All Input Data

One of the simplest procedures for selecting the centers for radial basis functions was proposed
by Michelli [24]. The approach is based on the notion of using one center for each data point to be
approximated. For small data sets, this method is reasonable, but clearly it is not suitable for larger
data sets. For finite data sets and where sufficient memory is available, this method may be a useful
approach to consider. However, for online signal processing applications where the data increase
with time, a more systematic approach to choose the centers is required.
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3.4.2.2 Sampled Data

Another relatively simple method for choosing the centers is to randomly sample the data and
use the sampled data as centers. By sufficiently oversampling the input space %", good performance
may be obtained for some types of problems. In general, however, the success of this approach
depends on matching the sampling distribution with the specific requirements of the underlying
function to be approximated.

To work well, the sampling should take place in a way which allows the data to be properly
approximated. This means more basis functions should be used in regions of the space where the
function to be approximated is highly nonlinear or the underlying function has regions of greatest
complexity, or on the class boundaries.

If the sampling is inadequate or has incorrect distribution as required to approximate the underlying
function, then more units than required are placed in some regions, while too few are placed in others.
An additional problem is that if the centers are too close together, then problems of numerical ill-
conditioning can occur [7].

It may not be possible to know the required distribution of centers a priori to adequately approxi-
mate the underlying function. Hence, the performance of this approach is highly problem dependent.
To give satisfactory performance, a better approach would be to estimate the centers from the data.

3.4.2.3 Subset Selection

Chen, Cowan, and Grant derived a systematic method of training radial basis functions in the
following manner [7]. In contrast to the two-stage approach of selecting the RBF centers and then
training the output layer weights, the method they described can be viewed as a one-stage approach.
They proposed that choosing the RBF centers can be likened to subset model selection where the
aim is to choose a subset of centers from a larger set of candidates. More specifically, they suggested
that an orthogonal least squares (OLS) method can be employed as a forward regression procedure
by treating the centers as the regressors. The initial set may be the total set of data points or some
larger set of centers obtained by some means.

The basic approach to finding the RBF parameters using this approach follows the same initial
approach as the least squares method:

1. Determine centersc; i = 1...n.
2. Form a regression model.

The regression model can be obtained as follows:

y=2'w (3.34)
where Z is the regression matrix given by
I zi1 ... iy,
z=|: ¢ . (335)
1 zZm1i -0 Zmmy,

The set of equations above permits a least squares approach to solve for the unknown parameter
vector w. Itis generally assumed that the error vector e is uncorrelated with the regression matrix Z.
However, due to the structure of the model, the elements of the regression vector may be correlated.
It is widely recognized that improved performance may be obtained by decorrelating the regression
vector in a least squares problem. Methods such as Gram—Schmidt orthogonalization* [3] or the

4Note that for Gaussian random vectors, orthogonalization is identical to decorrelation.
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Housholder transformation [14] can be used to orthogonalize the regression vector.
The orthogonalization process is generally defined by

Z=QS (3.36)
where Q is an m + 1 x nj, orthogonal matrix with orthogonal columns q; such that

G=0QQ (3.37)

and S is a square nj;, X nj upper triangular matrix obtained by application of the selected orthogo-
nalization algorithm. The matrix G is diagonal. Hence, in place of Equation (3.34) we may write a
new forward model based on the orthogonal regression vector as

y=Qb. (3.38)
The parameter vector b is given by

b=G"'Q4d. (3.39)

3.4.2.4 k-means Clustering

Moody and Darken proposed an RBF network in which the basis functions were tuned by
k-means clustering [25]. They considered the issue of training the RBF network and compared the
conventional back-propagation style training algorithm® and a hybrid learning approach.

Moody and Darken found that RBF networks can be trained in a more efficient manner than
conventional multilayer networks using the back-propagation algorithm. The reason for this is that
instead of using the back-propagation (BP) algorithm to adjust all the weights in the network at each
update stage, the locally tuned nature of the RBF network means that it is possible to adjust only a
smaller number of RBF units and their associated weights. More specifically, Moody and Darken
suggested that the units to be processed at any given update stage can be determined by partitioning
the input space using an adaptive grid such as that proposed by Omohundro [27]. Then, only those
units with centers which are close to the current input, i.e., within the specified partition, will be
updated. Another aspect of training which should be well recognized is that the BP algorithm is
a method of nonlinear optimization and is subject to problems of poor convergence properties and
high computational and memory cost.

Interestingly, Moody and Darken found that this locally tuned approach can be “defeated” by
the back-propagation algorithm. They found that unless a local adaptive algorithm is specifically
employed, the use of back-propagation can cause some RBF units which are in a given partition to
move out of the partition. In this manner, the local nature of the network is defeated.

In contrast to using the conventional back-propagation algorithm, a hybrid learning algorithm was
proposed by Moody and Darken, consisting of the following steps:

1. Determine the centers and widths using a self-organizing (bottom-up) approach such that
they are placed maximally over the regions where the data lies. To determine the centers,
Moody and Darken propose the k-means clustering algorithm [22]. In this case, the data
is clustered into k regions and the centers are determined as the Euclidean centers of
each cluster of data. The widths of each basis function can be determined by using a
k-nearest-neighbor algorithm.

2. Determine the output weights using the usual LMS rule. Note that the learning function
at this stage is linear in the parameters.

SThat is, adjusting the weights of the network in the direction of the instantaneously estimated negative gradient of a
specified error function that is the difference between the output(s) of the network and some desired value for the output(s).
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3.4.2.5 Constructive Learning

The approach proposed by Moody and Darken offers good performance in many situations;
however, in some circumstances, the performance may be less than ideal. In particular, the k-means
algorithm will position the centers near the peak density regions of the data. However, some problems
require the centers in other areas, such as the boundaries between class types. The data may be quite
sparse in the class boundary regions. As such, the resulting network may have poor performance [11].

For classification problems, a better solution than k-means is to use the class labels to determine the
centers. An algorithm based on this approach was proposed by Fritzke and was termed “supervised
growing cells structures” [11].

The algorithm proceeds as follows:

1. Instantiate a small RBF network.

2. Train the network.

3. Determine where a new RBF unit should be inserted from the errors on the training set.
4. Repeat until errors are small enough.

The insertion of units in the third step will occur in regions of the space where misclassifications
occur. Hence, Fritzke suggests the insertion of new units between the unit which corresponds to the
maximum error and its nearest topological neighbors. The center cpey Of the new unit is then given
by

1
Cnew = 5 (¢i +cit1) (3.40)

where ¢; and c¢; 41 correspond to the centers of the two selected units. The output weights of the
new unit are obtained by interpolating the existing weights of the neighboring units. The remaining
connections are determined to provide minimal disruption to the existing network. In practice, Frizke
found that this approach gave good performance and demonstrated it by means of several experiments.
For the two-spirals problem, the RBF network learned the required decision boundaries in 180 epochs,
and, using a benchmark test set of points [2], 100% classification accuracy was obtained.

Another method of constructive learning for RBF networks was proposed by Platt [30]. He called
this method the “resource allocation” network (RAN). In general terms, the RAN classifies each
input data vector as easy or hard. For input data vectors which are not near any stored vectors
(hard), the network allocates a new unit. Otherwise, the network adjusts the existing parameters.
Experimental results showed that this particular type of RBF network was capable of learning to
predict the Mackey—Glass time series to a similar degree of accuracy as an RBF network but with
about 10 times fewer weights. The RAN learned for this problem was as compact as back-propagation
but required much less computation to achieve similar performance.

3.4.2.6 Supervised Learning

One of the primary advantages of RBF networks is the ability to determine the centers by
some means other than back-propagation, and, therefore, they only require a simple least squares
algorithm to train the output layer weights. However, some researchers have proposed the use of
supervised learning to train the centers [31, 42].

Poggio and Girosi proposed the use of gradient descent algorithms to determine the centers of
RBF networks and termed the resulting approach generalized radial basis functions (GRBF) [31].
Wettschereck and Dietterich applied the GRBF model with a modified conjugate-gradient version of
back-propagation to the classic NETtalk problem [39]. The aim of the NETtalk problem is to learn
the mapping from each individual letter in a word to a phoneme and a stress. They found that the use
of GRBFs improved the performance significantly compared to the regular RBF network, leading to
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a direct accuracy improvement of around 17%. To obtain best generalization performance, the use
of supervised learning to determine centers appears to have considerable merit. The issue of training
time vs. generalization performance is an issue that needs to be considered in practical applications.

3.4.2.7 Support Vector Machines

Support vector machines (SVMs) offer an extremely powerful method of deriving efficient
models for multidimensional function approximation and classification [8, 41]. Recently, support
vector machines have been proposed for choosing radial basis function centers and weights [6, 38].
The guiding principle behind support vector machines is to fix the empirical risk (or the training
set error) associated with an architecture and then minimize the generalization error [40]. This
is achieved by obtaining a classifier with minimal VC dimension, which implies low expected
probability of generalization errors.

SVMs can be used to classify linearly and nonlinearly separable data. They can be used as
nonlinear classifiers and regression machines by mapping the input space to a high-dimensional
feature space. The method by which support vector machines can be used for constructing RBF
networks requires some explanation, which is given below.

Consider an m-dimensional input vector X = [x{,...,x;] € X C R™ and a one-dimensional
output y € {—1, 1}. Let there exist n training vectors (x;, y;) i = 1, ..., n. A hyperplane capable
of performing a linear separation of the training data is described by

wXx+b=0 (3.41)
where w = [wiwy ... wy,], w eWCR™.
Suppose we have the following classes,
yi[wxi+b]>=1 i=1,....n (3.42)

where y € [—1, 1]. One way in which we can constrain the hyperplane is to observe that on either
side of the hyperplane, we may have w'x + b > 0 or w'x + b < 0. By considering two points on
opposite sides of the hyperplane, the canonical hyperplane is found by maximizing the margin

p(w,b) = min d(w,b;X;)+ min d (W,b; xj) (3.43)
i;yi=1 Jiyj=1
2
= —. (3.44)
Iwl|

This implies that the minimum distance between two classes i and j is at least ﬁ [15, 37]. Hence,
an optimization function which must be minimized to obtain canonical hyperplanes is

1 2
J(w) = 3 lwil~ . (3.45)

Normally, to find the parameters, we would minimize the training error and place no constraints on
w,b. However, in this case, we seek to satisfy the inequality in Equation (3.42). Thus, to obtain a
classifier with optimally separating hyperplanes, we introduce the Lagrangian:

1 n
L(w.b,@) =5 Wi = o (vi [w'xi + 5] = 1) (3.46)

i=1

where «; are the Lagrange multipliers and «; > 0. The solution is found by maximizing L with
respect to «; and minimizing it with respect to the primal variables w and b [37].
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To determine the specific coefficients of the optimal hyperplane specified by (wg, bo), we perform
some manipulation of the equations to obtain

n 1 n n
LD(W,b, Ol) = ZO(,‘ — E ZZaiajyiyj (X;Xj) . (3.47)
i=1

i=1 j=1

It is necessary to maximize the dual form of the Lagrangian to obtain the required Lagrange
multipliers. With reference to Equation (3.42), there will only be some training vectors (x;, y;) for
which the equality holds true. These training vectors are called support vectors.

Since we have the Karush—Kiihn-Tucker (KKT) conditions that og; > 0,i = 1, ..., n, and that
given by Equation (3.42), from the resulting Lagrangian in Equation (3.46), we may write a further
KKT condition

Hence, we have
wo = ZOtOiXi Vi (3.49)
icS

where S is the set of all support vectors in the training set.

To obtain the Lagrangian multipliers «p;, we need to maximize Equation (3.47) only over the
support vectors, subject to the defined constraints. This is a quadratic programming problem and can
be readily solved [40]. Having obtained the Lagrangian multipliers, the weights wy can be found
from Equation (3.49).

A nonlinear classifier can be obtained using support vector machines by the inner product XX,
where i C S, the set of support vectors. However, it is not necessary to use the explicit input data to
form the classifer. Instead, all that is needed is to use this inner product between the support vectors
and the vectors of the feature space [40]. That is, by defining the kernel

K (X, Xj) = X/X; (3.50)

a nonlinear decision function can be obtained, which is defined as

np
f(x) =sgn [Z yiai - K (xi,xj) + b} . (3.51)

i=1

Based on Mercer’s theorem, it is possible to introduce a variety of kernel functions, including one
for radial basis functions [37, 40]:

—lix; ;112
2

K(xi,xj)=e 7 . (3.52)
The RBF decision function (Equation (3.51)) can be found by maximizing the functional

n

n 1 n
LD(W,b,Ol)ZZOli—EzzaiajyiyjK(Xi,Xj) . (3.53)
i=1

i=1 j=1
3.4.3 Selecting the Number of Basis Functions

There are a number of approaches proposed in the literature for selecting the number of basis functions
(or hidden units) in an RBF network. Some of them are briefly reviewed here.
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3.4.3.1 Orthogononalization and Error Variance Minimization

The OLS method described in Section 3.4.2.3 may also be used to select the number of basis
functions used. The approach in this case is to measure the reduction in the error variance by the
addition of each additional basis function [7]. Specifically, it was shown that the reduction in error
by introducing each additional basis function is given by

b7 q;q;
e = —— 1<i<ny. 3.54
i dd >l =np ( )
The Gram-Schmidt algorithm for choosing the output weights of the RBF network is defined
below.
To start the procedure, we compute the value of the output weights and the associated initial error
variance set {ei1 }.

_qd

b = ——. (3.55)
q;q;
An L1 norm is used to measure the error variance at each step:
¢! = maxe; 1<i<ny,. (3.56)

The basic approach followed next is to orthogonalize Z by producing one column at each step,

orthogonal to the previous ones. The output weight values, b;, i = 1, ..., n;, are computed initially
as
4 = 1z
/
d
b = X
q;9;
and then, for subsequent orthogonal steps k = 2, ..., to a maximum of n;, and for 1 <i < ny, as
q;zi
Sik = /j ' <j<k
q;4;
k—1
Qe = Zi — Zsjk‘Ij
j=I
/
d
b = X% (3.57)
q;4q:

The error measure is computed as
ng
1— Zer <p (3.58)
r=1

where p € (0, 1) is the tolerance and n; is the number of steps and, hence, the number of basis
functions used. When the error variance is reduced to an acceptable level, that subset of basis
functions and associated output weights are selected for the model. The tolerance value p can
be chosen by using criteria such as AIC (Akaike information criteria), BIC (Bayesian information
criteria), or MDL (minimum description length).
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3.4.3.2 Constructive Learning

Fritzke proposed a constructive algorithm, described above, which permits units to be added
iteratively [11]. The issue, then, is to determine when to stop adding units. Again, it is possible
to use methods such as AIC, BIC, etc. Alternatively, it is possible to use a simple error criteria on
either a training set, or better, a test or validation set.

3.4.4 Determining Output Layer Weights

The determination of output layer weights is relatively simple in comparison to the other parameters
in the network. In general, the basic approach to determining the output layer weights can be divided
into (1) off-line and (2) online methods. Off-line methods include the usual least squares method,
while online methods include the LMS algorithm or RLS (recursive least squares) algorithm. Clearly,
many other variations and extensions to these basic algorithms can be introduced at this stage.

3.4.5 Robustness

When training the output layer weights in an RBF, it is important to consider the possible effects
of numerical ill-conditioning. Numerical ill-conditioning occurs when one of the columns of Z is a
linear combination of the other columns. The OLS method described above also avoids numerical
ill-conditioning through the following simpler observation:

Numerical ill-conditioning implies q; qx = 0. Hence, a way of avoiding such ill-conditioning is
to monitor q; qx, and if this falls below a small positive value, the corresponding column of Z, z; is
not employed in the model.

Another common approach for improving the reliability in RBF networks which are trained by the
simple least-squares algorithm is to use the well known SVD method to choose the output weights.
At the same time, this also selects the basis functions.

3.5 Applications

To give some indication of the capabilities of RBF networks, some example applications are provided
below. The success of these applications is dependent on the nature of the problem to be solved
and the data made available to help solve the problem. Generally speaking, if the problem requires
a nonlinear functional mapping and if data are adequately sampled, RBF networks are suitable
candidate models to consider. Here, we report on the results of some applications of RBF networks.

3.5.1 Time Series Modeling
Time series models require online estimation of a model

y(@) = F (x(1)) (3.59)
where F is the functional map

F:R" —>N. (3.60)

RBF networks have been used to model time series by a number of researchers. Kadirkamanathan,
Niranjan, and Fallside [21] applied RBF networks to time series prediction.
A popular time series problem is learning to predict the Mackey—Glass time series. The observed
data are generated from the Mackey—Glass differential delay equation
dx(t) x(t—1)

— bx() 4a—0 "D
di X A =

(3.61)
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where typical parameter values are T = 17,a = 0.2, and b = 0.1.

A number of authors have tested RBF networks on learning to predict time series generated by
an approximation of the above equation [16, 25, 30]. Moody and Darken tested RBF networks of
between 100 and 10,000 units to model the Mackey—Glass time series [25]. They tested methods of
selecting basis function centers including nearest neighbors and using one center per basis point, but
these are only suitable for finite data sets. For online signal processing applications, they proposed
using the k-means clustering algorithm.

Interestingly, when compared with back-propagation, it was found that the RBF network using the
above method required around 27 times more data to achieve similar levels of accuracy. This was
attributed to the fact that the multilayer back-propagation trained network fits the data in a global
sense, while the RBF network uses units in a local sense; hence, it requires more data to train. In
computational terms, the RBF network for this problem was around 16 times more efficient than the
back-propagation network.

3.5.2 Option Pricing in Financial Markets

The seminal paper by Hutchinson et al. [19] is an excellent example of an application of RBF
networks to the well known problem of pricing derivatives in the financial markets.

The Black—Scholes formula [4], while initially derived for very specific conditions, has been
extended in a variety of ways. However, in some circumstances, it is not possible to obtain a closed
form solution in the form of the original Black—Scholes formula and, in general, it may be a difficult
task to rederive a new version of the formula for each situation to be considered.

Neural networks offer an attractive solution to problems of this type which inherently require a
nonlinear model, and the degree of difficulty of the problem (or, indeed, the fact that no analytical
solution can be derived) means that alternative solutions are required. Hutchinson et al. [19] consid-
ered two interesting and related problems. First, they applied RBF networks to the task of learning
the Black—Scholes formula from simulated data only. They assumed that the Black—Scholes formula
precisely determined the option prices for a representative NYSE stock and then used Monte Carlo
simulations to generate the artificial price data. The inputs to the model were taken to be®

S() = stock price at time ¢
X = strike price
T —t = time to maturity

while the risk-free interest rate r and the volatility o were excluded due to assuming them as constants
throughout the modeling process.

A Monte Carlo simulation approach was adopted to generate a number of daily option and price
paths, each of a duration of two years. Artificial price series were generated based on the Black—
Scholes assumption of geometric Brownian motion using the following equation

S(1) = S(0) exp (Z zm) t>0 (3.62)

O1In fact, the authors made the simplification that the distribution of the stock price returns was independent of the actual
stock price; hence, only two inputs to the model were required: S(¢)/X and T — ¢.
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with the following assumptions:

S(0) = $50.00

no o= 10%

o = 20%

Ngs = 253

z@0) = N(n/Naso?/Na) (3.63)

where p is the annual continuously compounded expected rate of return, ¢ is the annual volatility,
and Ny is the number of trading days per year.
The Black—Scholes option pricing formula is given by

G(it) = SOV (d)) — Xe " T~ (dy) (3.64)

where G (t) is the price of the option at time ¢, W(-) is the standard normal cumulative distribution
function, o is the volatility of the continuously compounded stock returns, and

log (S(1)/ X) + <r + 502) (T —1)

d = VT (3.65)
log (S(1)/ X) + <r - %0—2) (T —1)
d = Y, . (3.66)
The strike prices X were computed from Chicago Board of Options (CBOE) rules.
The RBF network was trained by forming the following error criterion J(¢):
E@®) = GW0/X-G/X®)
J@t) = %Ez(t) . (3.67)
The model is then obtained as
G/X(t)=F(S®)/X, T —1) (3.68)

where F represents the radial basis function network. Instead of measuring the model’s performance
by Equation (3.67) directly, Hutchinson et al. used the option prices from the RBF network to institute
a delta hedging strategy [18] which is rebalanced until the expiration of the option. The results of
this work showed that the RBF network is capable of learning to price options with a reasonable
degree of accuracy, as evidenced by the delta hedging performance. For strike prices between $45
and $55, it was observed that the RBF network was capable of outperforming the Black—Scholes
formula in up to 36% of the cases.

Hutchinson et al. also investigated the performance of RBF networks on pricing and hedging
the S&P 500 for the period from 1987 to 1991. They used an approach similar to that described
above, but with the additional complexities of having to calculate the Black—Scholes estimated option
prices by first estimating the volatility o and the risk-free interest rate r from actual data. While
the authors caution about drawing general inferences from their results, they found that the RBF
network (and others they also tested: the MLP and projection pursuit networks) outperformed the
standard Black—Scholes formula most of the time.

This example provides some insight into a promising practical use of RBF networks. In contrast
to MLP networks, which took around 300 minutes to train, RBF networks required only 7 minutes
per network to train. For problems of moderate complexity such as this, RBF networks are very well
suited.
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3.5.3 Phoneme Classification

In an early practical application, several authors considered the use of RBF networks for phoneme
classification [25, 34]. Moody and Darken presented results for the problem of phoneme classification
and compared the results to other methods.

The problem considered was to classify ten vowel sounds based on the first and second formant
frequencies. The data used for this task were 338 training phonemes and 333 test phonemes. Using
the k-means clustering for 100 Gaussian units, a test set error of 18.0% was obtained, the same as
the best results obtained in earlier work.

3.5.4 Channel Equalization

The problem of channel equalization was considered by Chen, Cowan, and Grant [7]. Channel
equalization is the problem of finding an equalization filter for a channel C(z) defined, for example,
as

m
C@ =) cz . (3.69)
i=0
The model is usually defined as
y(t) = C(z)s(t) + h(t) (3.70)

where s(t) € [—1, 1] is the input data sequence and A (¢) is additive white Gaussian noise. The
channel equalization problem is to estimate the inverse filter F'(z,y) such that the BER (bit error
rate) error is minimized. In the ideal case, this means that

5t — 1) =sgn(F(z,y1)) (3.71)
where 7 is a time delay and
1 >0
sgn(x) = { . i “o. (3.72)

It is widely recognized that the optimum channel equalizer F* will be a nonlinear model; hence,
an RBF network is well suited to this task. Chen et al. found that for a simple channel described by

C(z) =05+ 1.0z7! (3.73)

an RBF network with 12 centers was capable of forming decision boundaries which were close to
ideal.

They also tested the performance of an RBF network with 70 centers on a more complex channel
defined by

C(z) = 0.3482 4 0.8704z 7' 4 0.3482772 . (3.74)
In this case, they found that, with a sufficient number of training data points (600 points were used),
the RBF networks could achieve near-optimal performance when coupled with the OLS learning

algorithm. When random selection of RBF centers was adopted, the performance was significantly
worse.
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3.5.5 Symbolic Signal Processing

Frasconi, Gori, Maggini, and Soda proposed a method of recurrent RBF networks that is capable of
representing finite state automata [10]. Such networks are of particular interest for developing hybrid
systems or symbolic processing systems [26, 36]. Future signal processing applications may benefit
strongly from merging symbolic algorithms with more conventional signal processing methods.

3.6 Conclusions

Radial basis function networks can be regarded as a very useful addition to the toolbox of neural
networks for signal processing. In general, it can be seen that for many applications, RBF networks
can provide a fast and accurate means of approximating a nonlinear mapping based on observed
data. Due to the locally acting nature of RBFs, they have a tendency to require more data than a
comparable multilayer sigmoidal network. Provided care is taken to overcome issues of numerical
ill-conditioning and a suitable algorithm is used to select the radial basis function centers, RBF
networks can be readily trained in both online and off-line modes.
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Thischapter providesanintroduction to support vector machines, kernel Fisher discriminant analysis,
and kernel PCA as examples for successful kernel-based learning methods. We first give a short
background about Vapnik—Chervonenkis (V C) theory and kernel feature spaces and then proceed to
kernel-based learning in supervised and unsupervised scenarios, including practical and algorithmic
considerations. We illustrate the usefulness of kernel algorithms by finally discussing applications
such as OCR and DNA analysis.

4.1 Introduction

In recent years, a number of powerful kernel-based learning machines, e.g., support vector ma-
chines (SVMs) [12, 22, 110, 111, 142, 143], kernel Fisher discriminant (KFD) [4, 69, 70, 100],
and kernel principa component analysis (KPCA) [71, 112, 119], have been proposed. These ap-
proaches have shown practical relevance not only for classification and regression problems but al so,
more recently, in unsupervised learning [71, 75, 112, 114, 119]. Successful applications of kernel-
based algorithms have been reported for variousfields, for example, in the context of optical pattern
and object recognition [11, 21, 25, 61, 97], text categorization [28, 33, 53], time-series prediction
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[66, 75, 76], gene expression profile analysis[18, 41], DNA and protein analysis [46, 52, 152], and
many more.!

This chapter introduces the main ideas of kernel algorithms and reports applications from OCR
(optical character recognition) and DNA analysis. We do not attempt afull treatment of all available
literature; rather, we present a somewhat biased point of view illustrating the main ideas by drawing
mainly from the work of the authors and providing — to the best of our knowledge — reference to
related work for further reading. We hope that it will nevertheless be useful for the reader. It differs
from other reviews[20, 24, 111, 126, 142], mainly in the choice of the presented material: we place
more emphasis on kernel PCA, kernel Fisher discriminants, and connections to boosting.

This chapter begins by presenting some basic concepts of learning theory in Section 4.2. It
then introduces the idea of kernel feature spaces (Section 4.3) and the original SVM approach, its
implementation, and some variants. Subsequently, the chapter discusses other kernel-based methods
for supervised and unsupervised learning in Sections 4.4 and 4.5. Some attention will be devoted to
guestions of model selection (Section 4.6), i.e., how to properly choose the parametersin SVMsand
other kernel-based approaches. Finally, Section 4.7 describes several recent interesting applications.

TABLE 4.1 Notation Conventions Used in This Chapter

i,n counter and number of patterns
X, N the input space, N = dim(X)
X,y atraining pattern and the label
(x-x') scalar product between x and x’
feature space
the mapping @ : X — F
&) scalar product in feature space F
afunction class
the VC dimension of afunction class
the dﬁree of apolynomial
normal vector of ahyperplane
L agrange multiplier/expansion coefficient for w
the“dack-variable” for pattern x;
the quantile parameter (determines the number of outliers)
the £,—norm, p € [1, oo]
number of elementsinaset S
the Heaviside function: ®(z) = 0for z < 0, ®(z) = 1 otherwise
space of non-negative real numbers

RIXLTTHXON

L

o=
<

=lo)
+

4.2 Learning to Classify — Some Theoretical Background

Let us start with a general notion of the learning problems considered in this chapter. The task of
classification is to find a rule which, based on external observations, assigns an object to one of
several classes. Inthe simplest case, there are only two different classes. One possible formalization
of this task is to estimate a function f : RY — {—1, +1} using input-output training data pairs
generated identically and independently distributed (i.i.d.) according to an unknown probability
distribution P (x, y)

(X1, Y1) 5+ -» Xy ) €RY x ¥V, ¥ = (-1, +1}

such that f will correctly classify unseen examples (x, y). An example is assigned to class +1 if
f(x) > 0andto class —1 otherwise. The test examples are assumed to be generated from the same

1See also Isabelle Guyon's web page, http://www.clopinet.com/isabelle/Projects/SVM/applist.html, ON
applications of SVMs.

© 2002 by CRC Press LLC


http://www.clopinet.com/isabelle/Projects/SVM/applist.html

probability distribution P (x, y) asthe training data. The best function f that one can obtain is the
one minimizing the expected error (risk):

R[f] :/l(f(x),y)dP(x, y) (4.1)

where | denotes a suitably chosen loss function, e.g., I[(f(x), y) = O(—yf(x)), where ®(z) = 0
for z < 0and ®(z) = 1 otherwise (the so-called 0/1-loss). The same framework can be applied
for regression problems, where y € R. Here, the most common loss function is the squared loss:
1(f(x),y) = (f(x) — y)%; seetheliterature [127, 129] for a discussion of other loss functions.

Unfortunately, the risk cannot be minimized directly, since the underlying probability distribution
P(x, y) isunknown. Therefore, we must try to estimate a function that is close to the optimal one
based on the availableinformation, i.e., the training sample and properties of the function class F the
solution f is chosen from. To this end, we need what is called an induction principle. A particular
simple induction principle consists of approximating the minimum of the risk in Equation (4.1) by
the minimum of the empirical risk,

1 n
Remplf1= =3 1 (f (%), 3i) - (4.2)
i=1

It is possible to give conditions to the learning machine which ensure that, asymptoticaly
(asn — o0), the empirical risk will converge towards the expected risk. However, for small sample
sizes, large deviations are possible and overfitting might occur (see Figure4.1). Then, asmall gener-

%® o ,° ° %® o ,° °
o ® ® 0% 009 & %%, o'.oo"o' %° %,
> ° o, %e .,s'.. ®e®, O %e s’..o'o:. °
o -\ - %00 O \%gee 0  0ee% 0 08 e L0
\ XA S WYYArS Ceo%® 0
© 0. e,0 ®, 00003 @®® 0 W
/ A\DIR4 O .o'%oé)og\.o/oé%o O %ogog\oooloo o
/ O O © O 1o50 00”7 §o 6000 0000 So

4.1 Illustration of the overfitting dilemma: given only a small sample (left), either the solid or the dashed hypothesis
might be true, the dashed one being more complex but also having a smaller training error. Only with a large sample
are we able to see which decision more accurately reflects the true distribution. If the dashed hypothesis is correct, the
solid would underfit (middle); if the solid were correct, the dashed hypothesis would overfit (right).

alization error can usually not be obtained by simply minimizing the training error (Equation (4.2)).
One way to avoid the overfitting dilemmais to restrict the complexity of the function class F from
which one chooses the function f [142]. The intuition, which will be formalized in the follow-
ing, isthat asimple (e.g., linear) function that explains most of the datais preferable to a complex
one (Occam’s razor). Typically, one introduces a regularization term [23, 57, 88, 135] to limit the
complexity of the function class F from which the learning machine can choose. This raises the
problem of model selection [2, 73, 77, 88], i.e., how to find the optimal complexity of the function
(see Section 4.6).

A specific way of controlling the complexity of afunction classis given by Vapnik—Chervonenkis
(VC) theory and the structural risk minimization (SRM) principle [142, 143, 145]. Here, the concept
of complexity is captured by the Vapnik—Chervonenkis (VC) dimension # of the function class F
from which the estimate f is chosen. Roughly speaking, the VC dimension measures how many
(training) points can be shattered (i.e., separated) for all possible labelings using functions of the
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class. Constructing a nested family of function classes F1 C --- C F; with non-decreasing VC
dimension, the SRM principle proceeds asfollows. Let f1, ..., fi bethe solutions of the empirical
risk minimization (Equation (4.2)) in the function classes F;. SRM chooses the function class F;
(and the function f;) such that an upper bound on the generalization error is minimized and can be
computed making use of theorems such as the following (see aso Figure 4.2).

A Expected Risk

Complexity of Function Set

4.2 Schematic illustration of Equation (4.3). The dotted line represents the training error (empirical risk), and
the dash-dotted line represents the upper bound on the complexity term (confidence). With higher complexity, the
empirical error decreases but the upper bound on the risk confidence becomes worse. For a certain complexity of the
function class, the best expected risk (solid line) is obtained. Thus, in practice, the goal is to find the best trade-off

between empirical error and complexity.

THEOREM 4.1 [142, 143] Let h denote the VC dimension of the function class I and let R.p be
defined by Equation (4.2) using the 0/1-loss. For all 5 > Qand f € F, the inequality bounding the
risk

h (ln% + 1) —In(s/4)

n

RIf1= Rempl f1+ (4.3

holds with probability of at least 1 — § for n > h.

Note that this bound is only an example, and similar formulations are available for other loss
functions [143] and other complexity measures, e.g., entropy numbers [151]. Let us discuss Equa-
tion (4.3): thegoal isto minimizethe generalization error R[ /], which can be achieved by obtaining
asmall training error Rempl f1 while keeping the function class as small as possible. Two extremes
arise for Equation (4.3): (1) a very small function class (like F) yields a vanishing square root
term but a large training error might remain, while (2) a huge function class (like F;) may give a
vanishing empirical error but a large square root term. The best class is usually in between (see
Figure 4.2), as one would like to obtain a function that explains the data well and have only small
risk in obtaining that function. This is analogous to the bias-variance dilemma scenario described
for neural networks[42].
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4.2.1 VC Dimension in Practice

Unfortunately, in practice, the bound on the expected error in Equation (4.3) is often neither easily
computable nor very helpful. Typical problems are that the upper bound on the expected test error
might be trivial (i.e., larger than one) or the VC dimension of the function classis either unknown
or infinite (in which case, one would need an infinite amount of training data). Although there
are different and tighter bounds, most of them suffer from similar problems. Nevertheless, bounds
clearly offer helpful theoretical insights into the nature of learning problems.

4.2.2 Margins and VC Dimension

Let us assume, for amoment, that the training sample is separable by a hyperplane (see Figure 4.3),
i.e., and we choose functions of the form

fX)=W-x)+b. (4.9

It has been shown [142, 145] that, for the class of hyperplanes, the VC dimension itself can be

4.3 Linear classifier and margins: a linear classifier is defined by a hyperplane’s normal vector w and an offset b,
i.e., the decision boundary is {x|(w - x) + b = 0} (thick line). Each of the two halfspaces defined by this hyperplane
corresponds to one class, i.e., f(x) = sign((w - X) 4+ b). The margin of a linear classifier is the minimal distance of any
training point to the hyperplane. In this case, it is the distance between the dotted lines and the thick line.

bounded in terms of another quantity, the margin (Figure 4.3). The margin is defined as the minimal
distance of a sample to the decision surface. The margin, in turn, depends on the length of the
weight vector w in Equation (4.4): since we assumed that the training sample is separable, we
can rescale w and b such that the points closest to the hyperplane satisfy |(w - x;) + b| = 1 (i.e,
obtain the so-called canonical representation of the hyperplane). Now consider two samples x; and
xo from different classes with (w - x1) + » = 1 and (w - x2) + b = —1, respectively. Then, the
margin is given by the distance of these two points, measured perpendicular to the hyperplane, i.e.,

(H“:_H - (x1— xz)) = HTZH Theresult linking theV C dimension of the class of separating hyperplanes

tothemargin or thelength of the weight vector w, respectively, isgiven by thefollowing inequalities:

h<A?R°+1 and |w|2<A (4.5)
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where R isthe radius of the smallest ball around the data [142]. Thus, if we bound the margin of a
function class from below, e.g., by % we can control its VC dimension.? Support vector machines,
which we shall deal with more closely in Section 4.4.1, implement this insight.

The choice of linear functions seems to be very limiting (i.e., instead of being likely to overfit, it
is now more likely to underfit). Fortunately, there is a way to have both linear models and a very
rich set of nonlinear decision functions, by using the tools that will be discussed in the next section.

4.3 Nonlinear Algorithms in Kernel Feature Spaces

Algorithmsin feature spaces make use of the following idea: viaanonlinear mapping,

o: RV - F
X — o)

thedataxy, ..., x, € R" are mapped into a potentially much higher dimensional feature space F.
For a given learning problem, one now considers the same algorithm in F instead of R", i.e., one
works with the sample

(®(x1),yD) ..oy (P(Xn),yn) € F XY .

Given this mapped representation, a simple classification or regression in F isto be found. Thisis
aso implicitly done for (one hidden layer) neural networks, radial basis networks [10, 47, 74, 81],
or boosting algorithms [37] where the input data are mapped to some representation given by the
hidden layer, the RBF bumps, or the hypotheses space, respectively.

The so-called curse of dimensionality from statistics says, essentialy, that the difficulty of an
estimation problem increases drastically with the dimension N of the space, since, in principle, as
afunction of N, one needs exponentialy many patterns to sample the space properly. This well
known statement creates some doubt about whether it is a good idea to go to a high-dimensional
feature space for learning.

However, statistical learning theory says that the opposite can be true: learning in F can be
simpler if one uses alow complexity, i.e., asimple class of decision rules (e.g., linear classifiers).
All the variability and richness that one needs to have a powerful function class is then introduced
by the mapping ®. In short, it is not the dimensionality but the complexity of the function class
that matters [142]. Intuitively, this idea can be understood from the toy example in Figure 4.4: in
two dimensions, arather complicated nonlinear decision surfaceis necessary to separate the classes,
whereas in afeature space of second order monomials[121],

®:R?2 - RS
(x1,x2) +—  (z21,22,23) == <Xf,\/§X1xz,xg) (4.6)

al one needsfor separation isalinear hyperplane. In thissimple toy example, we can easily control
both the statistical complexity (by using a simple linear hyperplane classifier) and the algorithmic
complexity of the learning machine, as the feature space is only three-dimensional. However, it
becomes rather tricky to control the latter for large real-world problems. For instance, consider
images of 16 x 16 pixels as patterns and 5th order monomials as mapping @; then one would map

2Therearesomeramificationsto thisstatement that go beyond thescopeof thiswork. Strictly speaking, V Ctheory requires
the structure to be defined a priori, which hasimplications for the definition of the class of separating hyperplanes [122].
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4.4 Two-dimensional classification example. Using the second order monomials x ]2_ s «/Zx 1X2,and x22 as features, a
separation in feature space can be found using a linear hyperplane (right). In input space, this construction corresponds
to a nonlinear ellipsoidal decision boundary (left) [118].

54+256—-1

5
dimensional space. So, evenif one could control the statistical complexity of thisfunction class, one
would still run into intractability problems while executing an agorithm in this space.

Fortunately, for certain feature spaces F and corresponding mappings @, thereisahighly effective
trick for computing scalar products in feature spaces using kernel functions [1, 12, 102, 142]. Let
us return to the example from Equation (4.6). There, the computation of a scalar product between
two feature space vectors can be readily reformulated in terms of akernel function k:

to a space that contains all 5th order products of 256 pixels, i.e., to a ~ 10%0-

@®-0m) = (FvVZuw3) (¥ V2nn3)

= ((Xl, x2) (¥1, )’2)T)2

= (x-y?
=: k(x,y).

Thisfinding generalizes:
» Forx,y € RV, andd e N, the kernel function
k(x,y) = (x - y)*

computes a scalar product in the space of all products of d vector entries (monomials) of
x and y [119, 142].

* If k : C x C — Risacontinuouskernel of apositiveintegral operator on a Hilbert space
L»(C) onacompact set C c RV, i.e,
VfeLaC): /Ck(x, VfX) f(y)dxdy >0

then there exists a space F and amapping ® : RY — F such that k(x,y) = (®(x) -
d(y)) [142]. Thiscan be seen directly from Mercer’s Theorem [67] which saysthat any
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kernel of a positive integral operator can be expanded in its eigenfunctions y; (A; > 0,

Nr < oo):
Nr
K y) =Y 2w (0%, () -
j=1
Inthis case,

O = (VA vazpz(x), ... )

isapossible realization.

* Note, furthermore, that using aparticular SV kernel correspondsto animplicit choiceof a
regularization operator [44, 88]. For trandationinvariant kernels, theregularization prop-
erties can be expressed conveniently in Fourier space in terms of frequencies[43, 131].
For example, Gaussian kernels (Equation (4.7)) correspond to a general smoothness as-
sumptioninall kth order derivatives[131]. Using this correspondence, kernels matching
acertain prior condition of the frequency content of the data can be constructed to reflect
our prior problem knowledge.

Table 4.2 lists some of the most widely used kernel functions. More sophisticated kernels (e.g.,
kernels generating splines or Fourier expansions) can be found in some of the literature [46, 110,
127, 131, 133, 143, 152].

TABLE 4.2 Common Kernel Functions

. _(—Ix—yI?
Gaussian RBF k(x,y) =exp| ——— 4.7)
C

Polynomia  ((x-y) +6)¢
Sigmoidal tanh(k (x - y) + 0)
1

ViIx —yl2+¢2

Inverse multiquadric

Note: Gaussian RBF (¢ € R), polynomia (d € N, 6 € R), sigmoida (k, 0 € R), and inverse multiquadric (c € R+.)
kernel functions are among the most common ones. While RBF and polynomial are known to fulfill Mercer’s
condition, thisis not strictly the case for sigmoidal kernels[126]. Further valid kernels proposed in the context of
regularization networks are multiquadric or spline kernels [44, 88, 131].

4.3.1 Wrapping Up

One interesting point about kernel functions is that the scalar product can be implicitly computed
in F without explicitly using or even knowing the mapping . So, kernels allow the computation
of scalar products in spaces where one could otherwise barely perform any computations. A direct
consequence of thisfinding [119] isthat every (linear) algorithm that uses only scalar products can
implicitly beexecuted in F by using kernels, i.e., one can very elegantly construct anonlinear version
of alinear agorithm.?

SEven algorithms that operate on similarity measures k generating positive matrices k(x;, x;);; can be interpreted as
linear algorithms in some feature space F [110].
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The next sections adhere to the following philosophy for supervised and unsupervised learning:
by (re-)formulating linear, scalar product-based algorithms that are simple in feature space, one is
able to generate powerful nonlinear algorithms which use rich function classesin input space.

4.4 Supervised Learning

Thissection briefly outlinesthe algorithms of SVMsand thekernel Fisher discriminant (KFD). It also
discusses the boosting al gorithm from the kernel feature space point of view and shows a connection
to SVMs. Finally, this section points out some recently proposed extensions of these algorithms.

4.4.1 Support Vector Machines

Recall from Section 4.2 that the VC dimension of alinear system, e.g., separating hyperplanes (as
computed by a perceptron)

y =s8gn((w-x)+b)

can be upper bounded in terms of the margin (Equation (4.5)). For separating hyperplane classifiers,
the conditions for classification without training error are

yvilw-x;))+b)>1, i=1,...,n.

As linear function classes are often not rich enough in practice, we will follow the line of thought
of the last section and consider linear classifiersin feature space using dot products. To thisend, we
substitute ®(x;) for each training example x;, i.e., y = sign ((w - ®(x)) + b). In feature space, the
conditions for perfect classification are described as

Yi(W-®x))+b)>1, i=1...,n. (4.8)

The goal of learning isto find w € F and b such that the expected risk is minimized, however,
since we cannot obtain the expected risk itself, we will minimize the bound of Equation (4.3), which
consists of the empirical risk and the complexity term. One strategy is to keep the empirical risk at
zero by constraining w and b to the perfect separation case while minimizing the complexity term,
whichisamonotonically increasing function of theVC dimension 4. For alinear classifier in feature
space, the VC dimension 7 is bounded according to & < ||w||?R? + 1 (Equation (4.5)), where R is
theradius of the smallest ball around thetraining data[142], whichisfixed for agiven dataset. Thus,
we can minimize the complexity term by minimizing ||w||. This can be formulated as a quadratic
optimization problem

1,
min Slwl (4.9)

subject to Equation (4.8). However, if the only possible access to the feature space is via dot
products computed by the kernel, we cannot solve Equation (4.9) directly since w liesin that feature
space. It turns out that we can get rid of the explicit usage of w by forming the dual optimization
problem. Introducing Lagrange multiplierse; > 0,i = 1, ..., n, onefor each of the constraintsin
Equation (4.8), we get the following Lagrangian:

1 n
Lw,b.a) = Z[wi® = )" ai (i (w- & (x) +6) = 1) . (4.10)
i=1
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The task is to minimize Equation (4.10) with respect to w and b and to maximize it with respect to
«;. At the optimal point, we have the following saddle point equations:

oL oL
— =0 and — =0
dab ow
which trandlate into
n 4
Z%‘yi =0 and w= Zaiyiq) (xi) - (4.11)
i=1 i=1

From the right-hand equation of Equation (4.11), wefind that w is contained in the subspace spanned
by the ®(x;). By substituting Equation (4.11) into Equation (4.10) and by replacing (® (x;) - ® (x;))
with kernel functionsk(x;, x;), we get the dual quadratic optimization problem:

o

n 1 n
max Zai -5 Z aiajyiy; K (xi, X))
i=1

i,j=1
subject to o;>0,i=1,...,n,
Yy =0.
Thus, by solving the dual optimization problem, one obtainsthe coefficientsa;,i = 1, ..., n, which

one needsto expressthe w which solves Equation (4.9). Thisleadstothenonlinear decision function

J(x)

sgn (Z yiti (D(x) - @ (%)) + b)

i=1

sgn (Z via; K (x, x;) + b) .

i=1

Note that, up to now, we have only considered the separable case. This corresponds to an empirical
error of zero (see Theorem 4.1). However, for noisy data, this might not be the minimum in the
expected risk (see Equation (4.3), and we might face overfitting effects (see Figure 4.1). Therefore,
a“good” trade-off between the empirical risk and the complexity term in Equation (4.3) needsto be
found. Using a technique which was first proposed by Bennett and Mangasarian [8] and was later
used for SVMs[22], dack variables are introduced to relax the hard-margin constraints;

yi(w-®(x;)+b)>1-§&, §>0, i=1...,n, (4.12)
alowing, additionally, for some classification errors. The SVM solution can then be found (1) by

keeping the upper bound on the VC dimension small, and (2) by minimizing an upper bound >}, &;
on the empirical risk,% i.e., the number of training errors. Thus, one minimizes

1, -
mn - C i
mn - Siwi®+ ;s

40ther bounds on the empirical error, like Y él.z, are also frequently used [22, 63].
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where the regularization constant C > 0 determines the trade-off between the empirical error and
the complexity term. Thisleads to the dual problem:

n 1 n
mo?x Z()li — E Z oYy k (Xi, Xj) (413)
i=1 ij=1
subject to O<o;<C,i=1,...,n, (4.14)
iy =0. (4.15)

Fromintroducing theslack variablesg; , one getsthebox constraintsthat limit the size of the Lagrange
multipliers. o; < C,i =1,...,n.

4.4.1.1 Sparsity

M ost optimization methodsare based on the second order optimality conditions, called Karush—
Kuhn-Tucker (KKT) conditions, which state necessary, and in some cases, sufficient conditions for
aset of variablesto be optimal for an optimization problem. It comesin handy that these conditions
are particularly simple for the dual SVM problem (Equation (4.13)) [141]:

;=0 = yfx)>1 ad §=0
O<oi<C = yfx))=1 ad & =0 (4.16)
ai=C = yfx)<1l ad §&=>0.

They reveal one of the most important property of SVMs: the solution is sparse in «, i.e., many
patterns are outside the margin area and the optimal «; is zero. Specifically, the (KKT) conditions
show that only such «; connected to atraining pattern x;, which is either on the margin (i.e., 0 <
o; < Candy; f(x;) = 1) orinsidethe margin area(i.e.,, o; = C and y; f(x;) < 1), are non-zero.
Without this sparsity property, SVM learning would hardly be practical for large data sets.

4.4.1.2 v-SVMs

Several modifications have been proposed to the basic SVM algorithm. One particularly useful
modificationisv-SVMs[117], originally proposed for regression. Inthe case of pattern recognition,
v-SVMs replace the rather nonintuitive regularization constant C with another constant v € (0, 1]
and yield, for appropriate parameter choices, identical solutions. Instead of Equation (4.13) one
solves

l n
mo?x _E Z aiozjy,-yjk(x,-,xj)
i,j=1
subject to O<o;<1/n,i=1,...,n,
Yi—1iyi =0,
Y=,

The advantage is that this new parameter v has a clearer interpretation than simply “the smaller, the
smoother”: under some mild assumptions (datai.i.d. from continuous probability distribution [117])
it is asymptotically (1) an upper bound on the number of margin errors® and (2) alower bound on
the number of support vectors.

5A margin error isapoint x; which is either misclassified or lies inside the margin area.
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4.4.1.3 Computing the Threshold

The threshold b can be computed by exploiting the fact that for all SVsx; with0 < o; < C,
the dlack variable &; is zero. This follows from the Karush—K hn—Tucker (KKT) conditions (see
Equation (4.16)). Thus, for any support vector x; withi € I :={i : 0 < o; < C},

(b+Zyjoc] xl,x] ) =1.

Averaging over these patterns yields a numerically stable solution:

|]| Zyja/ Xu .' .
iel

4.4.1.4 A Geometrical Explanation

This section presents an illustration of the SVM solution to enhance intuitive understandings.
Let us normalize the weight vector to 1 (i.e., ||w|l2 = 1) and fix the threshold » = 0. Then, the set
of al w that separate the training samplesis completely described as:

V=A{wlyifx)>0i=1....n|wl2=1}.

Theset V iscaled “version space” [80]. It can be shown that the SVM solution coincides with the
Tchebycheff center of the version space, whichisthe center of thelargest spherecontainedin )’ [123].
However, the theoretical optimal point in version space yielding a Bayes optimal decision boundary
is the Bayes point, which is known to be closely approximated by the center of mass[89, 146]. The
version spaceisillustrated as a region on the sphere, as shown in Figures 4.5 and 4.6. If the version
spaceis shaped asin Figure 4.5, the SVM solution is near to the optimal point. However, if it hasan
elongated shape asin Figure 4.6, the SVM solution is far from optimal. To cope with this problem,
severa researchers [48, 89, 101] proposed a billiard sampling method for approximating the Bayes
point. This method can achieve improved results, as shown on several benchmarks in comparison
to SVMs.

4.4.1.5 Optimization Techniques for SVMs

To solvethe SVM problem, one hasto solvethe (convex) quadratic programming (QP) problem
(Equation (4.13)) under the constraints of Equations (4.14) and (4.15) (Equation (4.13) can berewrit-
ten asmaximizing ——oc TKo+1Ta, where K isthe positive semidefinite matrix Kl] = yiy; K(x;, x])
and 1 is the vector of all ones). Since the aobjective function is convex, every (local) maximum is
aready aglobal maximum. However, there can be several optimal solutions (in termsof the variables
«;) which might lead to different testing performances.

Thereexistsahuge body of literature on solving quadrati c programsand several free or commercial
software packages [9, 126, 140]. However, the problem is that most mathematical programming
approaches are either only suitable for small problems or assume that the quadratic term covered
by K is very sparse, i.e., most elements of this matrix are zero. Unfortunately, this is not true for
the SVM problem and, thus, using standard codes with more than a few hundred variables results
in enormous training times and more demanding memory needs. Nevertheless, the structure of the
SV M optimization problem allowsthe derivation of specially tailored algorithmswhich allow for fast
convergence with small memory requirements, even on large problems. The following subsections
briefly consider three different approaches. More details and tricks can be found in some of the
referenced literature [111, 126].
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4.5 Anexample of the version space where the SVM works well. The center of mass (<) is close to the SVM solution

(X).

., Wt oee e ae
LR L AN

4.6 An example of the version space where SVM works poorly. The version space has an elongated shape and the
center of mass (<) is far from the SVM solution (X ).

4.4.1.5.1 Chunking

A key observationinsolving largescale SVM problemsisthe sparsity of thesolutione. Depending
on the problem, many of the optimal «; will either be zero or on the upper bound C. If one could
know beforehand which «; were zero, the corresponding rows and columns could be removed from
the matrix K without changing the value of the quadratic form. Furthermore, a point a can only
be optimal for Equation (4.13) if it fulfills the KKT conditions (see Equation (4.16)). Vapnik [141]
describes a method called chunking, making use of the sparsity and the KKT conditions. At every
step, chunking solves the problem containing all non-zero «; plus some of the «; violating the KKT
conditions. Thesizeof thisproblem varieshbut isfinally equal to the number of non-zero coefficients.
Whilethistechniqueis suitablefor fairly large problems, it is still limited by the maximal number of
support vectors that one can handle and it still requires a quadratic optimizer to solve the sequence
of smaller problems. A free implementation can be found, e.g., in Saunders et al. [104].

4.4.1.5.2 Decomposition Methods

These methods are similar in spirit to chunking as they solve a sequence of small QPs as well.
But here the size of the subproblemsisfixed. Decomposition methods are based on the observations
of Osuna et al. [82, 83] that a sequence of QPs which always contains at |east one sample violating
the KKT conditions will eventually converge to the optimal solution. It was suggested to keep the
size of the subproblems fixed and to add and remove one sample in each iteration. This alows
the training of arbitrary large data sets. In practice, however, the convergence of such an approach
is very dow. Practical implementations use sophisticated heuristics to select severa patterns to
add and remove from the subproblem plus efficient caching methods. They usually achieve fast
convergence even on large data sets with up to several thousands of support vectors. A good quality
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(free) implementation is SVMignt [54]. A quadratic optimizer is still required and is contained in
the package. Alternatively, the package [104] also contains a decomposition variant.
4.4.1.5.3 Sequential Minimal Optimization (SMO)

This method, proposed by Platt [87], can be viewed as the most extreme case of decomposition
methods. In each iteration, it solves a quadratic problem of size two. This can be done analytically
and, thus, no quadratic optimizer is required. Here, the main problem is to choose a good pair of
variables to optimize in each iteration. The original heuristics presented by Platt [87] are based on
the KKT conditions, and there has been some work done [56] to improve them. Theimplementation
of the SMO approach is straightforward (pseudo-code in Platt [87]). While the original work was
targeted at an SVM for classification, there are now also approaches which implement variants of
SMO for SVM regression [126, 127] and single-class SVMs[114].

4.4.1.5.4 Other Techniques

Further algorithms have been proposed to solve the SVM problem or a close approximation. For
instance, the kernel-Adatron [39] is derived from the Adatron algorithm originally proposed by
Anlauf and Biehl [3] in astatistical mechanics setting. The kernel-Adatron constructs alarge margin
hyperplane using online learning. Itsimplementation is very simple. However, its drawback is that
it does not allow for training errors, i.e., it isonly valid for separable data sets. Bradley et al. [14]
consider a slightly more general approach for data mining problems.

4.4.1.5.5 Codes

A fairly large selection of optimization codesfor SVM classification and regression may be found
ontheWeb [132] together with the appropriatereferences. They rangefromsimple MATLAB imple-
mentation to sophisticated C, C++, or FORTRAN programs. Notethat most of theseimplementations
are for noncommercia use only.

4.4.2 Kernel Fisher Discriminant

The idea of the kernel Fisher discriminant (KFD) [4, 69, 100] is to solve the problem of Fisher's
linear discriminant [36, 40] in akernel feature space F, thereby yielding anonlinear discriminant in
the input space. Inthelinear case, Fisher’sdiscriminant aims at finding alinear projection such that
the classes are well separated (see Figure 4.7). Separability is measured by two quantities: how far
apart the projected means are (should be far) and how big the variance of the datain thisdirectionis
(should be small). This can be achieved by maximizing the Rayleigh coefficient:

w'Spw

J(w) = (4.17)

w!Sww
of between and within class variance with respect to w, where
Sp = (ma —m1) (ma —my)"

Sw= Y > (i —mp)x—m) .

k=1,2ieT}

and

Here, m; and Z; denote the sample mean and the index set for class k, respectively. Note that
under the assumption that the class distributions are (identically distributed) Gaussians, Fisher's
discriminant is Bayes optimal; it can also be generalized to the multiclass case.® To formulate the

6This can be done with kernel functions as well and has explicitly been carried out [4, 100]. However, most further
developments for KFD do not easily carry over to the multiclass case, e.g., resulting in integer programming problems.
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4.7 Illustration of the projections of PCA and Fisher’s discriminant for a toy data set. It is clearly seen that PCA is
purely descriptive, whereas the Fisher projection is discriminative.

problem in a kernel feature space F, one can make use of an expansion similar to Equation (4.11)
in SVMsfor w € F, i.e., one can express w in terms of mapped training patterns [69]:

w=> o®(x;) . (4.18)
i=1

Substituting @ (x) for al x in Equation (4.17) and plugging in Equation (4.18), the optimization
problem for the KFD in the feature space can then be written as [70]:

(«") 2 4 Ma
J = = — 4.19
@) a'Na a'Na (4.19)

where p; = ﬁKlk, N = KK" — Sl lklpeny, o = p2 — p1, M = pu', and K;; =
(®(x;) - P(x;)) = K(x;, x;). The projection of atest point onto the discriminant is computed by

(W-Dx) =Y i k(x;,X) .

i=1

Finally, to use this projection in classification, one needs to find a suitable threshold which can be
chosen either as the mean of the average projections of the two classes or, e.g., by training alinear
SVM on the projections.

As outlined before, the dimension of the feature space is equal to or higher than the number
of training samples n, which makes regularization necessary. Mika et al. [69] proposed adding a
multiple of theidentity or the kernel matrix K to N, pendizing ||« ||2 or ||w||2, respectively [38, 45].
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To maximize Equation (4.19) one could either solve the generalized eigenproblem Ma = AN,
selecting the ei genvector a with maximal eigenvalue ., or, equivalently, computee = N~ 1(o—p1).
However, asthe matrices N and M scale with the number of training samples and the solutions are
non-sparse, thisisonly feasible for amoderate n. One possible solution isto transform the KFD into
a convex quadratic programming problem [68], which alows the derivation of a sparse variant of
the KFD and a more efficient, sparse-greedy approximation algorithm [72]. Recalling that Fisher's
discriminant tries to minimize the variance of the data along the projection while maximizing the
distance between the average outputs for each class, the following quadratic program does exactly
that:

m}jrg I€11% 4 C P(a) (4.20)

subject to Kae+1b=y+¢&
1;§=0for k=12

fora, & € R" and b, C € R. Here, Pisaregularizer, as mentioned before, and (1;); is 1 for y;
belonging to class k and zero otherwise. Itis straightforward to show that this program is equivalent
to Equation (4.19) with the same regularizer added to the matrix N [68]. The proof is based on the
factsthat (1) the matrix M isrank one, and (2) the solutions w to Equation (4.19) are invariant under
scaling. Thus, one can fix the distance of the means to some arbitrary, positive value, e.g., two,
and just minimize the variance. The first constraint, which can beread as (w - x;) + b = y; + &;,
i = 1,...,n, pulls the output for each sample to its class label. The term [|&]|2 minimizes the
variance of the error committed, while the constraints 1{& = 0 ensure that the average output for
each classisthelabel, i.e., for +1 labels, the average distance of the projectionsistwo. For C = 0,
one obtains the original Fisher algorithm in feature space.

4.4.2.1 Optimization

Besides amoreintuitive understanding of the mathematical properties of KFD [68], in partic-
ular in relation to SVMs or the relevance vector machine (RVM) [137], the formulation of Equa-
tion (4.20) allows the derivation of more efficient algorithms as well. Choosing an £1-norm reg-
ularizer P(e) = ||a||1, we obtain sparse solutions (sparse KFD [SKFD]).” By going even further
and replacing the quadratic penalty on the variables & with an ¢1—norm as well, we obtain alinear
program which can be very efficiently optimized using column generation techniques (linear sparse
KFD [LSKFD]) [7]. An dternative optimization strategy arising from Equation (4.20) is to itera-
tively construct a solution to the full problem, as proposed by Mika et a. [72]. Starting with an
empty solution, one adds one pattern in each iteration to the expansion in Equation (4.18). This
pattern is chosen such that it (approximately) gives the largest decrease in the objective function
(other criteria are possible). When the change in the objective falls below a predefined threshold,
the iteration is terminated. The obtained solution is sparse and yields competitive results compared
to the full solution. The advantages of this approach are smaller memory requirements and faster
training time compared to quadratic programming or the solution of an eigenproblem.

7Roughly speaking, one reason for the induced sparseness is the fact that vectors far from the coordinate axes are
“larger” with respect to the £1-norm than with respect to £ ,-norms with p > 1. For example, consider the vectors (1, 0)
and (1/4/2,1/+/2). For the two norm, [|(1, 0)l2 = [(1/+/2, 1/v/2)|l> = 1, but for the £1-norm, 1 = ||(1, 0)||y <
1(1//2,1/+/2)|l2 = ~/2. Note that using the £1-norm as a regularizer, the optimal solution is always a vertex solution
(or can be expressed as such) and tends to be very sparse.
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4.4.3 Connection between Boosting and Kernel Methods

Let us start with a very brief review of boosting methods. For more details see the referenced
literature [31, 37, 50, 105, 107, 108]. The first boosting agorithm was proposed by Schapire [106].
Thisalgorithmwas ableto “boost” the performance of aweak PAC |earner [55] such that theresulting
algorithm satisfies the strong PAC learning criteria [139].8 Later, Freund and Schapire [37] found
an improved PAC boosting algorithm called AdaBoost, which repeatedly refers to a given “weak
learner” L (also: base learning algorithm) and finally produces a master hypothesis f which is
a convex combination of the functions /; produced by the base learning agorithm, i.e., f(x) =
Ef 1wl W . hy(x)and w, > 0,t = 1,...,T. The given weak learner L is used with different
distributions p = [p1, ..., pa] (Where Z;p; = 1, p; > 0,i = 1,...,n) onthetraining set, chosen
in such away that patterns poorly classified by the current master hypothesis are more emphasized
than other patterns.

Recently, several researchers[16, 30, 65, 92] have noticed that AdaBoost implements a constraint
gradient descent (coordinate-descent) method on an exponential function of the margins. From
this, it is apparent that other agorithms can be derived [16, 30, 65, 92].° A slight modification of
AdaBoost — called Arc-GV — has been proposed by Breiman [17].10 It can be proven that Arc-
GV asymptotically (with the number of iterations) finds a convex combination of all possible base
hypotheses that maximize the margin — very closely related to the hard margin SVM mentioned
in Section 44.1. Let H := {h; | j = 1,...,J} bethe set of hypotheses from which the base
learner can potentially select hypotheses. Then the solution of Arc-GV isthe same as the one of the
following linear program [17], that maximizes the smallest margin p:

max  p
weF,peRy
J
subjectto y; Y “wihj(xi)=p for i=1....n (4.21)
=1
lwilp=1.

Let usrecall that SVMsand KFD implicitly compute scalar productsin feature space with the help
of thekernel trick. Omitting thebias (b = 0) for simplicity, the SVM minimization of Equation (4.9)
subject to Equation (4.8) can be restated as a maximization of the margin p (see Figure 4.3)

max
weF,peRy P
J
subject to inwj Pi[®dx)]=p for i=1...,n (4.22)
=1
[wll2 =1

where J = dim(F) and P; is the operator projecting onto the jth coordinate in feature space. The
use of the £2-norm of win thelast constraint impliesthat the resulting hyperplaneis chosen such that
the minimum ¢£»-distance of a training pattern to the hyperplane is maximized (see Section 4.2.2).

More generally, using an arbitrary £ ,-norm constraint on the weight vector leads to maximizing the

8A method that builds a strong PAC learning algorithm from a weak PAC learning algorithm is called a PAC boosting
algorithm [31].

95ee Duffy and Helmbold [31] for an investigation in which potentials lead to PAC boosting a gorithms.

10 generalization of Arc-GV using slack variables as in Equation (4.12) can be found in Bennett et al. [7] and Rétsch
etal. [94].
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£,-distance between hyperplane and training points[62], Where51 +1 = 1. Thus, in Equation (4.21)
one maximizes the minimum ¢ ,-distance of the training points to tﬁe hyperplane.

Onthelevel of the mathematical programs of Equations (4.22) and (4.21), one can clearly seethe
relation between boosting and SVMs. The connection can be made even more explicit by observing
that any hypothesis set H implies a mapping ® by

x> [hi(x), ..., h;x)]"

and, therefore, also akernel k(x, y) = (®(y) - ®(y)) = Zleh., (x)h; (y), which could, in principle,
be used for SYM learning. Thus, any hypothesis set H spans a feature space F. Furthermore, for
any feature space F which is spanned by some mapping @, the corresponding hypothesis set H can
be readily constructed by /; = P;[P].

Boosting, in contrast to SVMs, performs the computation explicitly in feature space. This is
well known to be prohibitive if the solution w is not sparse, as the feature space might be very
high-dimensional. As mentioned in Section 4.4.2 (see Footnote 7), using the £1-norm instead of the
£>-norm, one can expect sparse solutionsin w.!! This might be seen as oneimportant ingredient for
boosting, because it relies on the fact that there are only afew hypotheses/dimensions 7; = P;[®]
needed to express the solution, which boosting triesto find during each iteration. Basically, boosting
considers only the most important dimensions in feature space and can therefore be very efficient.

4.4.4 Wrapping Up

SVMs, KFD, and boosting work in very high-dimensional feature spaces. They differ, however, in
how they deal with the algorithmic problems that this can cause. One can think of boosting as an
SV approach in a high-dimensional feature space spanned by the base hypothesis of some function
set H. The problem becomes tractable since boosting effectively uses an £1-norm regularizer. This
induces sparsity; hence, one never really works in the full space, but alwaysin asmall subspace. In
contrast, one can think of SYMs and KFD as a “boosting approach” in a high-dimensional space.
There, the kernel trick is used and, therefore, we never explicitly work in the feature space. Thus,
SVMsand KFD get away without having to use £1-norm regularizers; indeed, they cannot use them
onw becausethe kernel only allows computation of the £2-norminfeature space. SVM and boosting
both lead to sparse solutions (as does KFD with the appropriate regularizer [68]), albeit in different
spaces, and both algorithms are constructed to exploit the form of sparsity they produce. Besides
providing insight, this correspondence has concrete practical benefits for designing new agorithms.
Almost any new development in the field of SVMs can be tranglated to a corresponding boosting
agorithm using the £1-norm instead of the £>-norm and vice versa[91, 93, 94]).

4.5 Unsupervised Learning

In unsupervised learning, only the dataxs, ...,x, € RY are given, i.e, the labels are missing.
Standard questions of unsupervised learning are clustering, density estimation, and data descrip-
tion [10, 29]. Asdready outlined, the kernel trick can be applied not only in supervised learning
scenarios, but also in cases of unsupervised learning, given that the base algorithm can be written
in terms of scalar products. The following section reviews one of the most common statistical data
analysis algorithm, PCA, and explains its “kernelized” variant: kernel PCA [119]. Subsequently,

11Note that the solution of SVMsis, under rather mild assumption, not sparsein w = Z;f:l o; O (x;) [95], but is sparse
ina.
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single-class classification is explained. Here, the support of a given data set is being estimated
[93, 114, 120, 134]. Recently, single-class SVMs have frequently been used in outlier or novelty
detection applications.

4.5.1 Kernel PCA
The basic idea of PCA is depicted in Figure 4.8. For N-dimensional data, a set of orthogonal

linear PCA / k(x,y) = (x-y)

kernel PCA
k '/,,/ "/.

()

4.8 By using a kernel function, kernel PCA is implicitly performing a linear PCA in some high-dimensional feature
space that is nonlinearly related to input space. Linear PCA in the input space (top) is not sufficient to describe the
most interesting direction in this toy example. In contrast, using a suitable nonlinear mapping ® and performing
linear PCA on the mapped patterns (kernel PCA), the resulting nonlinear direction in the input space can find the
most interesting direction (bottom) [119].

directions capturing most of the variance in the data is computed, i.e., the first k projections (k =
1, ..., N)allowfor reconstruction of the datawith minimal quadratic error. In practice, onetypically
wants to describe the data with reduced dimensionality by extracting a few meaningful components
while at the same time retaining most of the existing structure in the data [26]). Since PCA is a
linear algorithm, it is clearly beyond its capabilities to extract nonlinear structures in the data as,
for example, the one observed in Figure 4.8. It is here where the kernel PCA algorithm setsin. To
derive kernel PCA, we first map the dataxg, . .., x, € R" into afeature space F (see Section 4.3)
and compute the covariance matrix

=13 om)em)

The principal components are then computed by solving the eigenvalue problem: findA > 0,V # 0
with
1 n
AWW=CV==2) (2(x;) V)@ (x;) (4.23)

n
j=1
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Furthermore, as can be seen from Equation (4.23) al eigenvectors with non-zero eigenvalue must
be in the span of the mapped data, i.e., V € span{®(x1), ..., ®(x,)}. Thiscan be written as

V=> 0o (x) .
i=1

By multiplying with & (x), from the |eft, Equation (4.23) reads:
AP &L -V)=(P(x¢)-CV) foralk=1,....n.
Defining ann x n matrix,
Kij = (® (xi) - ® (x/)) = k (xi, x;) (4.24)

one computes an eigenval ue problem for the expansion coefficients «; that is now solely dependent
on the kernel function

=Ko (a:(al,...,an)T) .

The solutions (g, %) need to be further normalized by imposing g (ef - &) = 1in F. Also, as
in every PCA algorithm, the data need to be centered in F. This can be done by simply substituting
the kernel matrix K with

K=K-1,K — K1, +1,K1,

where (1,);; = 1/n; for details see Scholkopf et al. [119].
For extracting features of anew pattern x with kernel PCA, one simply projectsthe mapped pattern
@ (x) onto VX

M
(Ve-om) = Y af @) om)

i=1

M
= Y kX - (4.25)
i=1

Note that in this algorithm for nonlinear PCA, the nonlinearity enters the computation only at two
pointsthat do not change the nature of the algorithm: (1) in the calculation of the matrix elements of
K (Equation (4.24)), and (2) in the evaluation of the expansion of Equation (4.25). So, for obtaining
the kernel PCA components, one only needs to solve asimilar linear eigenvalue problem as before
for linear PCA, the only difference being that one has to deal with an n x n problem instead of an
N x N problem. Clearly, the size of this problem becomes problematic for large n. Smola and
Scholkopf [130] propose to solve this by using a sparse approximation of the matrix K which still
describes the leading eigenvectors sufficiently well. Tipping [136] proposes a sparse kernel PCA
approach, set within aBayesian framework. Finally, the approach given by Smolaet al. [128] places
an ¢1-regularizer into the (kernel) PCA problem with the effect of obtaining sparse solutions aswell
at acomparably low computational cost. Figures4.9-4.11 show examplesfor feature extraction with
linear PCA and kernel PCA for artificial data sets. Further applications of kernel PCA for real-world
data can be found in Section 4.7.1.1 for OCR or in Section 4.7.3.1 for denoising problems; other
applications are found in the referenced literature [71, 98, 111].
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Eigenvalue=1.000 Eigenvalue=0.531

4.9 Linear PCA, or, equivalently, kernel PCA using k(x,y) = (x - y). Plotted are two linear PCA features (sorted
according to the size of the eigenvalues) on an artificial data set. Similar gray values denote areas of similar feature
value (see Equation (4.25)). The first feature (left) projects to the direction of maximal variance in the data. Clearly,
one cannot identify the nonlinear structure in the underlying data using only linear PCA [113].

4.5.2 Single-Class Classification

A classical unsupervised learning task is density estimation. Assuming that the unlabeled obser-
vations x1, . . ., X, were generated i.i.d. according to some unknown distribution P (x), the task is
to estimate its density. However, there are several difficultiesinvolved in thistask. First, a density
need not always exist — there are distributions that do not possess a density. Second, estimating
densities exactly is known to be a difficult task. In many applications, it is enough to estimate the
support of adata distribution instead of the full density. Single-class SVMsavoid solving the harder
density estimation problem and concentrate on the simpler task [142], i.e., estimating quantiles of the
multivariate distribution, such asits support. So far, there are two independent algorithms to solve
the problem in akernel feature space. They differ slightly in spirit and geometric notion [114, 134].
It is, however, not quite clear which of them is preferred in practice (see Figures 4.12 and 4.13).
One solution of the single-class SVM problem, proposed by Tax and Duin [134], uses spheres with
soft margins to describe the data in feature space, close in spirit to the algorithm of Schélkopf et
a.[109]. For certain classesof kernels, such as Gaussian RBF kernels, this sphere single-class SVM
agorithm can be shown to be equivalent to the second Ansatz, which is attributed to Scholkopf et
a. [114]. For brevity, we will focus on this second approach asit is more in the line of this review
because it uses margin arguments. This approach computes ahyperplanein feature space such that a
prespecified fraction of the training examplewill lie beyond that hyperplane, while at the sametime,
the hyperplane has maximal distance (margin) to the origin. For anillustration, see Figure4.12. To
this end, we solve the following quadratic program [114]:

min IWIP+ 3 X0 6 = p (4.26)
weF,Se]R”,peR
subjectto (w-®(x;)) > p—&, & >0. (4.27)

Here, v € (0, 1] is a parameter akin to the one described above for the case of pattern recognition.
Since non-zero slack variables &; are penalized in the objective function, we can expect that if w
and p solve this problem, then the decision function f(x) = sign((w - ®(x)) — p) will be positive
for most examples x; contained in the training set, while the SV-type regularization term || w/|| will
still be small. The actual trade-off between these two goals is controlled by v. Deriving the dual
problem, the solution can be shown to have an SV expansion (again, patterns x; with non-zero «;
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Eigenvalue=1.000 Eigenvalue=0.394

Eigenvalue=0.223

4.10  The first four nonlinear features of kernel PCA using a sigmoidal kernel on the data set from Figure 4.9. The
kernel PCA components capture the nonlinear structure in the data, e.g., the first feature (upper left) is better adapted
to the curvature of the data than the respective linear feature from Figure 4.9 [113].

4.11 Thefirsteight nonlinear features of kernel PCA using an RBF kernel on a toy data set consisting of three Gaussian
clusters [119]. Upper left: the first and second component split the data into three clusters. Note that kernel PCA is
not primarily built to achieve such a clustering. Rather, it tries to find a good description of the data in feature space,
and, in this case, the cluster structure extracted has the maximal variance in feature space. The higher components
depicted split each cluster in halves (components 3 to 5). Finally, features 6 to 8 achieve orthogonal splits with respect
to the previous splits [119].

© 2002 by CRC Press LLC


NamacA
 


° 5 F
(@]
0o
o, © 8
o o N o o
O o o
o
0o o
(e}
(@] ° o
O
o outliers
vn ©
O,
o
p/lIwll

origin

4.12  Illustration of single-class idea. Solving Equation (4.26), a hyperplane in F is constructed that maximizes the
distance to the origin while allowing for v outliers.

vn outliers

o

4.13  Illustration of single-class idea. Construction of the smallest soft sphere in F that contains the data.

arecalled SVs):
o =sign| D aikxi,x) —p

where the coefficients are found as the solution of the dual problem:
, 1
r‘r&n EZO[,‘O(j k(X,‘,Xj) (428)
ij

subject to O<o; <1/(vn),i=1...,n
Yicwi=1.
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This problem can be solved with standard QP routines. It does, however, possess features that set
it apart from generic QPs, most notably the simplicity of the constraints. This can be exploited by
applying avariant of SMO developed for this purpose [114].

The offset p can be recovered by exploiting the fact that for any «; which is not at the upper or
lower bound, the corresponding pattern x; satisfies p = (w - ®(x;)) = = K(x;, x;).

Note that if v approaches O, the upper boundaries on the Lagrange multipliers tend to infinity,
i.e., the first inequality constraint in Equation (4.28) becomes void. The problem then resembles
the corresponding hard margin algorithm, since the penalization of errors becomes infinite, as can
be seen from the primal objective function (Equation (4.26)). It can be shown that if the data set
is separable from the origin, this algorithm will find the unique supporting hyperplane with the
properties that it separates all data from the origin, and its distance to the origin is maximal among
al such hyperplanes. If, on the other hand, v equals 1, then the constraints alone only allow one
solution — the onewhere al «; are at the upper bound 1/(vn). Inthiscase, for kernelswith integral
1, such as normalized versions of Equation (4.7), the decision function corresponds to a thresholded
Parzen windows estimator. For the parameter v, one can show that it controls the fraction of errors
and SVs (along the lines of Section 4.4.1).

THEOREM 4.2 [114] Assume that the solution of Equation (4.27) satisfies p # 0. The following
statements hold true: (1) v is an upper bound on the fraction of outliers; (2) v is a lower bound
on the fraction of SVs; and (3) Suppose the data were generated independently from a distribution
P (x) which does not contain discrete components. Suppose, moreover, that the kernel is analytic
and non-constant. When the number n of samples goes to infinity, with probability 1, v equals both
the fraction of SVs and the fraction of outliers.

We have, thus, described an algorithm which will compute aregion that captures a certain fraction
of thetraining examples. Itisa“nice” region, asitwill correspond to asmall valueof ||w||2; therefore,
the underlying function will be smooth [131]. How about test examples? Will they aso lie inside
the computed region? This question isthe subject of single-class generalization error bounds[114].
Roughly, they state the following: suppose the estimated hyperplane hasasmall ||w||? and separates
part of the training set from the origin by a certain margin p/||w|. Then, the probability that test
examples coming from the same distribution lie outside a dlightly larger region will not be much
larger than the fraction of training outliers.

Figure 4.14 displays two-dimensional toy examples and shows how the parameter settings in-
fluence the solution. For further applications, including an outlier detection task in handwritten
character recognition, see Schélkopf [114].

4.6 Model Selection

Inthekernel methodsdiscussed sofar, the choice of thekernel hasacrucial effect onthe performance,
i.e., if one does not choose the kernel properly, one will not achieve the excellent performance
reported in many papers. Model selection techniques provide principled ways to select a proper
kernel. Usually, the candidates of optimal kernels are prepared using some heuristic rules, and the
one which minimizesagiven criterion is chosen. There are threetypical methods of model selection
with different criteria, each of which is a prediction of the generalization error:

1. Bayesian evidence framework — Thetraining of an SVM isinterpreted asBayesianin-
ference, and the model selection is accomplished by maximizing the marginal likelihood
(i.e., evidence) [58, 137].

2. PAC — The generalization error is upper bounded using a capacity measure depending
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v, width ¢ 0.5,0.5 0.5, 0.5 0.1,0.5 0.5, 0.1
frac. SVs/OLs 0.54, 0.43 0.59, 0.47 0.24, 0.03 0.65, 0.38
margin p/||w|| 0.84 0.70 0.62 0.48

4.14 A single-class SVM using RBF kernels (Equation (4.7)) applied to a toy problem; domain: [—1, 1]2. First two
pictures: note how, in both cases, at least a fraction of v of all examples is in the estimated region (see table). The
large value of V causes the additional data points in the upper left corner to have almost no influence on the decision
function. For smaller values of v, such as 0.1 (third picture), the points can no longer be ignored. Alternatively, one
can force the algorithm to take these outliers into account by changing the kernel width (Equation (4.7)): in the fourth
picture, using ¢ = 0.1, v = 0.5, the data are effectively analyzed on a different length scale, which leads the algorithm

to consider the outliers as meaningful points [114].

both on the weights and the model, and these are optimized to minimize the bound. The
kernel selection methods for SVM following this approach are reported in the litera-
ture[115, 127, 138].

3. Cross validation — Here, the training samples are divided into k subsets, each of which
has the same number of samples. Then, the classifier is trained k times: in the ith
(i =1,...,k) iteration, the classifier is trained on all subsets except the ith one. Then,
the classification error is computed for the ith subset. It is known that the average of
these k errors is a rather good estimate of the generalization error [64]. The extreme
case, where k is equal to the number of training samples, is called leave-one-out cross
validation. Notethat bootstrap [34, 35] isalso aprincipled resampling method often used
for model selection.

Other approaches, namely asymptotic statistical methods such as AIC [2] and NIC [77] can be
used. However, since these methods need a large amount of samples by assumption, they have
not been used in kernel methods so far. For methods 1 and 2 above, the generalization error is
approximated by expressions that can be computed efficiently. For small sample sizes, these values
are sometimes not very accurate, but it is known that, nevertheless, acceptable models are often
selected. Among the three approaches, the most frequently used method is cross validation [64], but
the problem isthat the computational cost isthe highest because thelearning problem must be solved
k times. For SVM, thereis an approximate way to evaluate the n-fold cross-validation error (i.e., the
|leave-one-out classification error) called span bound [144]. If one assumes that the support vectors
do not change even when asampl eisleft out, theleave-one-out classification result of thissample can
be computed exactly. Under this assumption, we can obtain an estimate of the leave-one-out error
without retraining the SYM many times. Although this assumption is rather crude and not true in
many cases, thisapproach gives aclose approximation of thetrue leave-one-out error in experiments.
For KFD, there exists asimilar result.

The following describes a particularly efficient model selection method that has often been used
[68, 69, 90, 92, 148, 150] in conjunction with the benchmark data sets described in Section 4.7.2.
In model selection for SYMs and KFD, we have to determine the kernel parameters (one (RBF)
or more (e.g., polynomial kernel)) and the regularization constant C or v, while for boosting, one
needs to choose the model parameters of the base learner, aregularization constant, and the number
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of boosting iterations. Given a certain benchmark data set, one usually has a number, for example
M (eg., 100), redizations, i.e., splits into training and test set, available (see Section 4.7.2). The
different splits are often necessary to average the results in order to get more reliable estimates of
the generalization error.

One possibility for model selection would be to consider each realization independently from all
othersand to perform the cross-validation procedure M times. Then, for each realization, onewould
end up with different model parameters, as the model selection on each realization will typically
have various results.

It is less computationally expensive to have only one model for all realizations of one data set.
To find this model, we run a fivefold cross-validation procedure only on a few, for example, five
realizations of the data set. This is done in two stages: first, a global search (i.e., over a wide
range of the parameter space) is done to find a good guess of the parameter, which becomes more
precise in the second stage. Finally, the model parameters are computed as the median of the five
estimations and are used throughout the training on al M realizations of the data set. Thisway of
estimating the parametersis computationally still quite expensive, but much less expensive than the
full cross-validation approach mentioned above.

4.7 Applications

This section describes selected!? interesting applications of supervised and unsupervised learning
with kernels. It servesto demonstrate that kernel-based approaches achieve competitive results over
awhole range of benchmarks with different noise levels and robustness requirements.

4.7.1 Supervised Learning

4.7.1.1 OCR

Historically, thefirst real-world experiments of SVMs!? — all done on OCR benchmarks (see
Figure 4.15) — exhibited quite high accuraciesfor SYMs[22, 109, 110, 116] comparableto state-of -
the-art results achieved with convolutive multilayer perceptrons [13, 59, 60, 124]. Table 4.3 shows

e3S47303)

4.15 Typical handwritten digits from the U.S. Postal Service (USPS) benchmark data set with 7291 training and 2007
test patterns (16 x 16 gray scale images).

the classification performance of SVMsin comparison to other state-of-the art classifiersonthe U.S.
Postal Service (USPS) benchmark. Plain SVMs give a performance very similar to other state-of-
the-art methods. However, SVMs can be strongly improved by using prior knowledge. For instance,
[110] virtual support vectors have been generated by transforming the set of support vectors with
an appropriate invariance transformation and retraining the machine on these vectors. Furthermore,

12Note that, for our own convenience, we have biased the selection towards applications pursued by the GMD FIRST
IDA group while adding abundant references to other work.
13performed at AT& T Bell Labs.
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one can structure kernels such that they induce local invariances like tranglations, line thickening,
or rotations or so that products of neighboring pixels in an image [116], thought to contain more
information, are emphasized. So, prior knowledge can be used for engineering a larger data set or
problem-specific kernels (see also Section 4.7.1.2 for an application of thisideato DNA analysis).
In atwo-stage process, we also used kernel PCA to extract features from the USPS datain the first
step. A subsequent linear classification on these nonlinear features allows achieving an error rate of
4%, which is better by afactor of two than operating on linear PCA features (8.7%) [119].

TABLE 4.3 Classification Error (in %) for Off-Line Handwritten Character
Recognition on the USPS with 7291 Patterns

Linear PCA and linear SYM (Scholkopf et al. [119]) 8.7%
k-Nearest Neighbor 5.7%
LeNet1 ([13, 59, 60]) 4.2%
Regularized RBF Networks (Rétsch [90]) 4.1%
Kernel-PCA and Linear SVM (Scholkopf et al. [119]) 4.0%
SVM (Scholkopf et al. [109]) 4.0%
Virtual SVM (Scholkopf [110]) 3.0%
Invariant SVM (Scholkopf et al. [116]) 3.0%
Boosting (Drucker et a. [27]) 2.6%
Tangent Distance (Simard et al. [124, 125]) 2.5%
Human Error Rate 2.5%

Note: Invariant SVMs are only slightly below the best existing results (parts of the table are from
reference [125]). Thisis even more remarkable since in references [27, 124, 125], alarger training set
was used, containing some additional machine-printed digits which have been found to improve
accuracy.

A benchmark problem larger than the USPS data set (7291 patterns) was collected by NIST and
contains 120,000 handwritten digits. Invariant SV Ms achieved the record error rate of 0.6% [25] on
this challenging and more realistic data set, better than tangent distance (1.1%) and convolutional
neural networks (LeNet 5: 0.9%). With an error rate of 0.7%, an ensemble of LeNet 4 networks that
was trained on a vast number of artificially generated patterns (using invariance transformations)
amost matches the performance of the best SVM [60].

4.7.1.2 Analyzing DNA Data

The genomic text contains untranslated regions and so-called coding sequences (CDS) that
encode proteins. In order to extract protein sequences from nucleotide sequences, it is a central
problem in computational biology to recognize the trandation initiation sites (TI1S) from which
coding starts to determine which parts of a sequence will be translated and which will not.

Coding sequencescan, in principle, be characterized with alignment methods that use homol ogous
proteins [85] or intrinsic properties of the nucleotide sequence that are learned, for instance, with
hidden Markov models [51]. A radically different approach that has turned out to be even more
successful is to model the task of finding TIS as a classification problem [86, 152]. A potential
start codon is typically an ATG! triplet. The classification task is, therefore, to decide whether or
not a binary coded (fixed length) sequence window!® around the ATG indicates a true TIS. The
machine learning algorithm, for example, the neural network [86] or the SVM [152], gets atraining

14DNA has afour-letter alphabet: A,C,G,T.

BSWe define the i nput space by the same sparse hit-encoding scheme as used by Pedersen and Nielsen (personal commu-
nication): each nucleotideis encoded by five bits, exactly one of whichisset. The position of the set bit indicates whether
the nucleotideis A, C, G, or T, or if it isunknown. Thisleads to an input space of dimension n = 1000 for a symmetric
window of size 100 to the left and right of the ATG sequence.
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set consisting of an input of binary coded strings in awindow around the ATG together with alabel
indicating trueffalse TIS. In contrast to alignment methods, both neural networks and the SVM
algorithm are finding important structures in the data by learning in the respective feature space to
successfully classify from the labeled data.

Asindicated in Section 4.7.1.1, one can incorporate prior knowledge to SVMs, e.g., by using a
proper feature space F. In particular, in the task of TIS recognition, it turned out to be very helpful
to include biological knowledge by engineering an appropriate kernel function [152]. We will give
three examplesfor kernelsthat are particularly useful for start codon recognition. While certainlocal
correlations are typical for TIS, dependencies between distant positions are of minor importance or
are known a priori not even to exist. We want the feature space to reflect this. Thus, we modify the
kernel utilizing atechnique that was originally described for OCR [116]: at each sequence position,
we compare the two sequences locally, within asmall window of length 2/ + 1 around that position.
We count matching nucleotides, multiplied with weights p increasing from the boundaries to the
center of thewindow. The resulting weighted counts are taken to the dih power

d1
+I
win,(x,y) = (Z pj match,;(x, y))

j=-1

where d; reflects the order of local correlations (within the window) that we expect to be of impor-
tance. Here, match, ; (x, y) is 1 for matching nucleotides at position p + j and O otherwise. The
window scores computed with win,, are summed over thewholelength of the sequence. Correlations
between up to d> windows are taken into account by applying potentiation with dz to the resulting
sum:

1 %
k(x,y) = (Zwinp(x, y)) .
p=1

We call thiskernel locality-improved (contrary to aplain polynomial kernel), asit emphasizeslocal
correlations.

In an attempt to further improve performance, we aimed to incorporate another piece of biological
knowledge into the kernel, this time concerning the codon structure of the coding sequence. A
codon isatriplet of adjacent nucleotidesthat codesfor one amino acid. By definition, the difference
between atrue TIS and a pseudo-site isthat downstream of aTIS, thereis CDS (which shows codon
structure), while upstream thereis not. CDS and non-coding sequences show statistically different
compositions. It islikely that the SVM exploits this difference for classification. We could hope to
improve the kernel by reflecting the fact that CDS shifted by three nucleotides still looks like CDS.
Therefore, we further modify the locality-improved kernel function to account for this trandation
invariance. In addition to counting matching nucleotides on corresponding positions, we also count
matches that are shifted by three positions. We call this kernel codon-improved. Again, it can be
shown to be avalid Mercer kernel function by explicitly deriving the monomial features.

A third direction for the modification of the kernel function is obtained by the Salzberg method,
wherewe essentially represent each data point with asequence of log odd scoresrel ating, individually
for each position, two probabilities: first, how likely the observed nucleotide at that position derives
from atrue TIS and second, how likely that nucleotide occurs at the given position relative to any
ATG triplet. We then proceed analogously to the locality-improved kernel, replacing the sparse
bit representation by the sequence of these scores. As expected, this leads to a further increase in
classification performance. In astrict sense, thisis not akernel but corresponds to preprocessing.

The results of an experimental comparison of SVMs using these kernel functions with other
approaches are summarized in Table 4.4. All results are averaged over six data partitions (about
11,000 patternsfor training and 3000 patternsfor testing). SVMsaretrained on 8000 datapoints. An
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optimal set of model parametersis selected according to the error on the remaining training data, and
the average errors on the remaining test set are reported in Table 4.4. Note that the windows consist
of 2/ +1 nucleotides. The NN results are those achieved by Pedersen and Nielsen [86]. There, model
selection seems to have involved test data, which might lead to dightly overoptimistic performance
estimates. Positional conditional preference scores are calculated analogously to Salzberg [103],
but are extended to the same amount of input data also supplied to the other methods. Note that the
performance measure shown depends on theval ue of the classification function threshold. For SVMs,
the thresholds are byproducts of the training process; for the Salzberg method, natural thresholds
are derived from prior probabilities by Bayesian reasoning. Overall error denotes the ratio of false
predictionsto total predictions. The sensitivity vs. specificity trade-off can be controlled by varying
the threshold.

TABLE 4.4 Comparison of Classification Errors
(Measured on the Test Sets) Achieved with Different
Learning Algorithms

Parameter Overall
Specificity Sensitivity
Algorithm Setting Error
Neural network 15.4%
64.5% 82.4%
Salzberg method 13.8%
73.7% 68.1%
SVM, simple polynomial d=1 13.2%
75.7% 69.2%
SVM, locality-improved kernel ~ dq1=4,1=4 11.9%
79.3% 70.0%
SVM, codon-improved kernel d1=2,1=3 12.2%
78.7% 69.0%
SVM, Salzberg kernel d1=3,1=1 11.4%
76.0% 78.4%

In conclusion, al three engineered kernel functions clearly outperform the NN, as devised by
Pedersen and Nielsen, or the Salzberg method by reducing the overall number of misclassifications
drastically: up to 25% compared to the neural network.

Further successful applications of SVMs have emerged in the context of gene expression profile
analysis[18, 41] and DNA and protein analysis [46, 52, 147].

4.7.2 Benchmarks

To evaluate a newly designed algorithm, it is often desirable to have some standardized bench-
mark data sets. For this purpose, there exist some benchmark repositories, including UCI [78],
DELVE[79], and STATLOG [6]. Some of them also provide results of some standard algorithms on
these data sets. The problem with these repositories and the given resultsisthat (1) it isunclear how
the model selection was performed; (2) it is not always stated how large the training and test samples
have been; (3) thereis usualy no information on how reliable these results are (error bars); (4) the
data sometimes need preprocessing; and (5) the problems are often multiclass problems. Some of
these factors might influence the result of the learning machine at hand, which makes a comparison
with resultsin other papers difficult.

Thus, another (very clean) repository — the | DA repository [ 5] — hasbeen created, which contains
13 artificial and real-world data sets collected from the repositories above. The IDA repository is
designed to cover avariety of different data sets: from small to high expected error rates, from low-
to high-dimensional data, and from small and large sample sizes. For each of the data sets, banana
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(toy dataset [90, 92]), breast cancer, !¢ diabetes, german, heart, image segment, ringnorm, flare solar,
splice, thyroid, titanic, twonorm, and waveform, the repository includes:

« ashort description of the dataset
* 100 predefined splitsinto training and test samples

* the simulation results for several kernel-based and boosting methods on each split, in-
cluding the parameters that have been used for each method

» asimulation summary including means and standard deviations on the 100 realizations
of the data

To build the IDA repository for problems that are originally not binary classification problems, a
random partition into two classes is used.!” Furthermore, for all sets, preprocessing is performed
and 100 different partitionsinto training and test set (mostly ~ 60% : 40%) have been generated. On
each partition, a set of different classifiersistrained, the best model is selected by cross validation,
and then its test set error is computed. Some of the results are stated in Table 4.5. This repository
has been used so far to evaluate kernel and boosting methods [50, 68, 69, 90, 92, 148, 150].

TABLE 4.5 Comparison among Support Vector Machines, the Kernel
Fisher Discriminant (KFD), a Single Radial Basis Function Classifier
(RBF), AdaBoost (AB), and Regularized AdaBoost (ABg) on 13 Different

Benchmark Datasets [70].
SVM KFD RBF AB ABp

Banana 11.5+0.07 10.8+0.05 10.8+0.06 12.3+0.07  10.9£0.04
B. Cancer 26.0+0.47  25.8+0.46 27.6+047  30.4+047  26.5+0.45
Diabetes 23.5+0.17  23.2+0.16 243+0.19 26.5+£0.23  23.8+0.18
German 23.6+0.21  23.740.22 2474024 2754025 24.3+021
Heart 16.0+0.33 16.14+0.34 17.6+0.33  20.3+0.34  16.5+0.35
Image 3.0+0.06 3.3+0.06 3.3£0.06 2.74+0.07 2.74+0.06
Ringnorm 1.7+0.01 1.540.01 1.7+0.02 1.9+0.03 1.6+0.01
F. Sonar 32.44+0.18 33.240.17  344+£020  357+0.18  34.2+0.22

Splice 10.9+0.07 10.5+0.06  70.0+0.10 10.1+0.05 9.5+0.07
Thyroid 4.8+0.22 4.2+0.21 4.5+0.21 4.4+0.22 4.6+0.22
Titanic 22.4+0.10 2324020 2334013  22.64+0.12  22.6+0.12

Twonorm 3.0+0.02 2.6+0.02 2.940.03 3.0+0.03 2.74+0.02
Waveform 9.9£0.04 9.9£0.04 10.7£0.11  10.84+0.06 9.8+0.08

Best result in bold face, second best initalics.

Table4.5 showsexperimental comparisonsbetween SVM, RBF, KFD, and AdaBoost variants[70].
Dueto the careful model selection performed in the experiments, all kernel-based methods exhibit a
similarly good performance. Notethat we can expect such aresult since all such methods use similar
implicit regularization concepts by employing the same kernel [131]. The remaining differences
arise from their different loss functions which induce different margin optimization strategies: KFD
maximizes the average margin, whereas SVM maximizes the soft margin (ultimately the minimum
margin). In practice, KFD or RVM has the advantage that, if required (e.g., medical application,
motion tracking), it can also supply a confidence measure for adecision. Furthermore, the solutions
for KFD with a sparsity regularization are as sparse as for RVM [137] (i.e., much higher sparsity
than for SVMs can be achieved), yet take less computing time than the RVM [68].

16The breast cancer domain was obtained from the University Medical Center, Institute of Oncology, Ljubljana, Yu-
goslavia. Thanksto M. Zwitter and M. Soklic for providing the data.

17 A random partition generates amapping m of n to two classes. For this, arandom +1 vector m of length » is generated.
The positive classes (and the negative, respectively) are then concatenated.
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4.7.2.1 Miscellaneous Applications

The high-dimensional problem of text categorization seems to be another application where
SVMs have been performing particularly well. A popular benchmark is the Reuters-22173 text
corpus, where Reuters collected 21,450 news stories from 1997 and partitioned and indexed them
into 135 different categories to simplify the access. The feature typically used to classify Reuters
documents is 10,000-dimensional vectors containing word frequencies within a document. With
such acoding, SVMs have been achieving excellent results [32, 54].

Further applications of SVMs include object and face recognition tasks as well as image re-
trieval [15, 84]. SVMs have a so been successfully applied to solve inverse problems [143, 149].

4.7.3 Unsupervised Learning

4.7.3.1 Denoising

Kernel PCA as a nonlinear feature extractor has proven powerful as a preprocessing step for
classification algorithms. But considering it as a natural generalization of linear PCA, the question
arises of how to use nonlinear features for data compression, reconstruction, and denoising —
applications common in linear PCA. This is a nontrivial task, as the results provided by kernel
PCA live in the high-dimensional feature space and need not have an exact representation by a
single vector in input space. In practice, this issue has been aleviated by computing approximate
pre-images|[71, 112, 136].

Formally, one defines a projection operator Py, which for each test point x computes the projection
onto thefirst & (nonlinear) principal components, i.e.,

P d(x) =Yt BV

where 8; := (V- &(x)) = Z}?:laj k(x,x;). Assume that the eigenvectors V are ordered with
decreasing eigenvalue size. It can be shown that these projections have optimality propertiessimilar
to linear PCA [71], making them good candidates for the following applications:
4.7.3.1.1 Denoising
Givenanoisy x, mapitinto ®(x), discard higher componentsto obtain P, ® (x), and then compute
a pre-image z. Here, the hope is that the main structure in the data set is captured in the first &
directions, and the remaining components mainly pick up the noise. In this sense, z can be thought
of asadenoised version of x.
4.7.3.1.2 Compression
Given the eigenvectors o’ and a small number of features g; of ®(x), but not x, compute a pre-
image as an approximate reconstruction of x. Thisis useful if £ is smaller than the dimensionality
of the input data.
4.7.3.1.3 Interpretation
Visualize a nonlinear feature extractor V¢ by computing a pre-image. This can be achieved by
computing avector z satisfying ®(z) = P, ®(x). The hopeisthat, for the kernel used, such az will
be a good approximation of x in input space. However, such az will not always exist and, if it exists,
it need not be unique [71, 112]. When the vector P, ® (x) has nho pre-image z, one can approximate
it by minimizing

p(z) = | ®(z) — P d(x)||? (4.29)

which can be seen as a special case of the reduced set method [19, 112]. The optimization of Equa-
tion (4.29) can beformulated using kernel functions. Especially for RBF kernels (see Equation (4.7))
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there exists an efficient fixed-point iteration. For further details of how to optimize Equation (4.29)
and for details of the experiments reported below, refer to Scholkopf et a. [112].

Example The example cited here[71] was carried out with Gaussian kernels, minimizing Equa-
tion (4.29). Figure 4.16 illustrates the pre-image approach in an artificial denoising task on the
USPS database. In these experiments, linear and kernel PCA were trained with the original data. To
the test set, additive Gaussian noise with zero mean and standard deviation o = 0.5, or “speckle’
noise, where each pixel is flipped to black or white with probability p = 0.2, was added. For the
noisy test sets, projections onto thefirst k£ linear and nonlinear components were computed, and the
reconstruction was carried out for each case. The resultswere compared by taking the mean squared
distance of each reconstructed digit of the noisy test set toits original counterpart.

For the optimal number of componentsin linear and kernel PCA, the nonlinear approach did better
by afactor of 1.6 for the Gaussian noise and by a factor of 1.2 for the speckle noise (the optimal
number of componentswere32inlinear PCA, and 512 and 256 in kernel PCA, respectively). Taking
identical numbers of componentsin both agorithms, kernel PCA becomes up to 8 times better than
linear PCA. Recently, asimilar approach was used together with sparse kernel PCA on real-world
images, showing far superior performance compared to linear PCA [136].
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4.16 Denoising of USPS data (see text). The left half shows (top): the first occurrence of each digit in the test set,
(second row): the upper digit with additive Gaussian noise (o = 0.5); (following five rows): the reconstruction for
linear PCA using k = 1, 4, 16, 64, 256 components; and, (last five rows): the results of the approximate pre-image
approach using the same number of components. The right half shows the same but for speckle noise with probability
p=02][71].

Other applications of kernel PCA can be found for object detection [96], and for preprocessing in
regression and classification tasks [98, 99, 110].
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4.8 Conclusions and Discussion

The goa of this chapter was to give a simple introduction to the exciting field of kernel-based
learning methods. We only briefly touched upon learning theory and feature spaces — omitting
many details of VC theory [143] — and instead focused on how to use and work with the algorithms.
In the supervised learning section, we dealt with classification; however, a similar reasoning leads
to algorithms for regression with KFD [68], boosting [95], or SYMs[126].

We proposed a conceptual framework for KFD, boosting, and SV Msasalgorithmsthat essentially
differ in how they handle the high dimensionality of kernel feature spaces. One can think of boosting
as a “kernel agorithm” in a space spanned by the basis hypotheses. The problem becomes only
tractable since boosting uses an ¢£1-norm regularizer, which induces sparsity, i.e., we essentially
only work in asmall subspace. In SYMs and KFD, on the other hand, we use the kernel trick only
implicitly to work in feature spaces. The three methods use different optimization strategies, each
well suited to maximize the (average) margin in the respective feature space and to achieve sparse
solutions.

The unsupervised learning section reviewed (1) kernel PCA, a nonlinear extension of PCA for
finding projections that give useful nonlinear descriptors of the data, and (2) the single-class SYM
agorithm that estimates the support (or, more generally, quantiles) of a data set and is an elegant
approach to the outlier detection problem in high dimensions. Similar unsupervised single-class
algorithms can also be constructed for boosting [93] or KFD.

Selected real-world applications served to exemplify that kernel-based learning algorithms are
indeed highly competitive on a variety of problemswith different characteristics.

To conclude, we would like to encourage the reader to follow the presented methodology of
(re-)Yformulating linear, scalar product-based algorithms into nonlinear algorithms to obtain further
powerful kernel-based learning machines.
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This chapter describes some of the most important architectures and algorithms for committee ma-
chines. We discusszhree reasons for using committee machines. The first is that a committee can
achieve a test set performance unobtainable by a single committee member. As typical represen-
tative approaches, we describe simple averaging, bagging, and boosting. Second, with committee
machines, one obtains modular solutions, which is advantageous in many applications. The prime
example given here is the mixture of experts (ME) approach, the goal of which is to autonomously
break up a complex prediction task into subtasks which are modeled by the individual committee
members. The third reason for using committee machines is areduction in computational complexity.
In the presented Bayesian committee machine, the training data set is partitioned into several smaller
data sets, and the different committee members are trained on the different sets. Their predictions
are then combined using a covariance-based weighting scheme. The computational complexity of
the Bayesian committee machine approach grows only linearly with the size of the training data set,
independent of the learning systems used as committee members.

5.1 Introduction

In committee machines, an ensemble of estimators — consisting typically of neural networks or
decision trees — is generated by means of a learning process, and the prediction of the committee
for a new input is generated in the form of a combination of the predictions of the individual
committee members. Committee machines can be useful in many ways. First, the committee might
exhibit a test set performance unobtainable by an individual committee member on its own. The
reason for this is that the errors of the individual committee members cancel out to some degree
when their predictions are combined. The surprising discovery of this line of research is that even
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if the committee members were trained on data derived from the same data set, the predictions of
the individual committee members might be sufficiently different such that this averaging process
takes place and is beneficial. This line of research is described in Section 5.2. A second reason
for using committee machines is modularity. It is sometimes beneficial if a mapping from input
to target is not approximated by one estimator but by several estimators, where each estimator can
focus on a particular region in input space. The prediction of the committee is obtained by a locally
weighted combination of the predictions of the committee members. It could be shown that, in
some applications, the individual members self-organize in such a way that the prediction task is
modernized in a meaningful way. The most important representatives of this line of research are the
mixture of experts approach and its variants, which are described in Section 5.3. The third reason
for using committee machines is a reduction in computational complexity. Instead of training one
estimator using all training data, it is computationally more efficient for some types of estimators
to partition the data set into several data sets, train different estimators on the individual data sets,
and then combine the predictions of the individual estimators. Typical examples of estimators for
which this procedure is beneficial are Gaussian process regression, kriging, regularization neural
networks, smoothing splines, and the support vector machine, since for those systems, training
time increases drastically with increasing training data set size. By using a committee machine
approach, the computational complexity increases only linearly with the size of the training data set.
Section 5.4 shows how the estimates of the individual committee members can be combined so that
the performance of the committee is not substantially degraded compared to the performance of one
system trained on all data.

The interest of the machine learning community in committee machines began around the middle of
the 1990s, and this field of research is still very active. A recent compilation of important work can be
found in Sharkey’s work [1], and two Web sites dedicated to the issue of committee machines can be
found at http://melone.tussy.uni-wh.de/"chris/ensemble and http://www.boosting.org. In the addition
to the activities in the machine learning community, there has been considerable work performed
on committee machines in the area of economic forecasting [2]. One should also emphasize that
traditional Bayesian averaging can be interpreted as a committee machine approach. Assume that a
statistical model allows the inference about the variable y in the form of the predictive probability
density P (y|w), where w is a vector of model parameters. Furthermore, assume that we have a data
set D which contains information about the parameter vector w in the form of the probability density
P(w|D). We then obtain

M
1
P(y|D) = / P(ylw)Pw|D)dw ~ — Zl P (ylw)
1=
where M samples {w; }f‘i | are generated from the distribution P (w|D). The last approximation tells
us that for Bayesian inference, one should average the predictions of a committee of estimators. This
form of Bayesian averaging will not be discussed further in this chapter; interested readers should
consult the literature on Bayesian statistics, e.g., the book by Bernardo and Smith [4].

5.2 Averaging, Bagging, and Boosting

5.2.1 Introduction

The basic idea is to train a committee of estimators and combine the individual predictions with the
goal of achieving improved generalization performance as compared to the performance achievable
with a single estimator. As estimators, most researchers use either neural networks or decision trees,
generated with CART or C4.5 [5].
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In regression, the committee prediction for a test input x is calculated by forming a weighted sum
of the predictions of the M committee members:

M
i) =) gifitx)
i=1

where f;(x) is the prediction of the ith committee member at input x and g; are weights which are
often required to be positive and to sum to one.

In classification, the combination is typically implemented as a voting scheme. The committee
assigns the pattern to the class that obtains the majority of the (possibly weighted) vote:

M
class(x) = arg max > 8i fioclass=j (x)

i=1

where f; cja55=j (x) is the output of the classifier i for class j. The output typically either corresponds
to the posterior class probability f; cass=j(x) € [0, 1] or to a binary decision f; ¢jgs5=j(x) € {0, 1}.

Committee machines can be generalized in various directions. Sections 5.3 and 5.4 use non-
constant weights, i.e., weighting functions which reflect the relevance of a committee member given
the input. Also, it might not be immediately obvious, but, as explored in Section 5.4, predictions of
the committee members at other inputs can help improve the prediction at a given x.

The motivation for pursuing committee methods can be understood by analyzing the prediction
error of the combined system, which is particularly simple if we use a squared error cost function.
The expected squared difference between the prediction of a committee member f; and the true but
unknown target ¢ (for simplicity, we do not denote the dependency on x in most parts of this section
explicitly),

E(fi—0* = E(fi—mi+mi—1)’
= E(fi—m)*+E(m —t)> +2E ((fi — m;) (m; — 1)) (5.1)
= var; + bi2
decomposes into the variance var; = E(fi — mi)2 and the square of the bias b; = m; — t with

m; = E(f;). E(-) stands for the expected value, which is calculated with respect to different data
sets of the same size and possible variations in the training procedure such as different initializations
of the weights in a neural network. As stated earlier, we are interested in estimating ¢ by forming a
linear combination of the f;:

M
i=) sifi=gf
i=1

where f = (fi1,..., fm) is the vector of the predictions of the committee members and g =
(g1, ..., gm) is the vector of weights. The expected error of the combined system is [6, 7]

E(f—1) = E(¢f—E(f) +E(E(f)—1)
= E((f—EU) +E(gm—1) (5.2)
— g/SZg + (g/m _ t)2

where Q is an M x M covariance matrix with

Qij = E[(f; —m;) (f] _mj)]
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and m = (my, ..., my) is the vector of the expected values of the predictions of the committee
members. Here, g’Q2g is the variance of the committee and g'm — ¢ is the bias of the committee.

If we simply average the predictors, i.e., set g; = 1/M, the last expression simplifies to

, | M L MM | (M 2
E(l—t) ZWZQ”-’_WZ Z Qij+W Z(I’)ﬁ—t)) . (5.3)
i=1 i=1 j=1,j#i i=1
If we now assume that the mean m; = mean, the variance €2;; = var, and the intermember covariances

Q;; = cov are identical for all members, we obtain

2

E (f— t)2 = ivar—i— " cov + (mean — t)2 .

M M?
It is apparent that the bias of the combined system (mean — t) is identical to the bias of each member
and is not reduced. Therefore, estimators should be used which have low bias, and regularization —
which introduces bias — should be avoided. Secondly, the estimators should have low covariance,
since this term in the error function cannot be reduced by increasing M. The good news is that
the term which results from the variances of the committee members decreases as 1/M. Thus, if
we have estimators with low bias and low covariance between members, the expected error of the
combined system is significantly less than the expected errors of the individual members. So in some
sense, a committee can be used to reduce both bias and variance: bias is reduced in the design of
the members by using little regularization, and variance is reduced by the averaging process which
takes place in the committee. Unfortunately, things are not quite as simple in practice, and we are
faced with another version of the well-known bias-variance dilemma (see also Section 5.2.3).

In regression, #(x) corresponds to the optimal regression function and f;(x) corresponds to the
prediction of the ith estimator. Here, the squared error is commonly used and the bias-variance
decomposition described in this section is applicable. In (two-class) classification, ¢ (x) might cor-
respond to the probability for class one, 1 — 7 (x) to the probability for class two, and f;(x) is the
estimate of the ith estimator for 7(x). Although it is debatable if the squared error is the right error
measure for posterior class possibilities, the previously described decompositions are applicable as
well. In contrast, if we consider as the output of a classifier a decision, i.e., the assigned class, the
previously described bias-variance decomposition cannot be applied. A number of alternative bias-
variance decompositions for this case have been described in the literature. In particular, Breiman
describes a decomposition in which the role of the variance is played by a term named spread [8].
In the same paper, that author showed that the spread can be dramatically reduced by bagging, a
committee approach introduced in Section 5.2.3.

5.2.2 Simple Averaging and Simple Voting

In this approach, committee members are typically neural networks. The neural networks are all
trained on the complete training data set. A decorrelation among the neural network predictions is
typically achieved by varying the initial conditions in training the neural networks such that different
neural networks converge into different local minima of the cost function. Despite its simplicity, this
procedure is surprisingly successful and turns an apparent disadvantage, local minima in training
neural networks, into something useful. This approach was initialized by the work of Perrone [9]
and drew a lot of attention to the concept of committee machines. Using the Cauchy inequality,
Perrone could show that even for correlated and biased predictors, the squared prediction error of
the committee machine (obtained by averaging) is equal to or less than the mean squared prediction
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error of the committee members, i.e.,

, 1Y
(i—1) fﬁz(ﬁ_’)z'

i=1

Loosely speaking, this means that as long as the committee members have good prediction perfor-
mance, averaging cannot really make things worse; it is as good as the average model or better. This
can also be understood from the work of Krogh and Vedelsby [10]. Again applied to the special case
of averaging (i.e., gi = 1/M), they show that (using the notation of Section 5.2.1)

M

M
(f—z)2=$2(ﬁ—z)2—%2(ﬁ—f)2 (5.4)

i=1 i=1

which means that the generalization error of the committee is equal to the average of the generaliza-
tion error of the members minus the average variance of the committee members (the ambiguity),
which immediately leads to the previous bound. In highly regularized neural networks, the ensemble
ambiguity is typically small and the generalization error is essentially equal to the average generaliza-
tion error of the committee members. If neural networks are not strongly regularized, the ensemble
ambiguity is high and the generalization error of the committee should be much smaller than the
average generalization error of the committee members. Note that the last equation is valid for a
given committee. The expected value of the right side is identical to the right side of Equation (5.3).

5.2.3 Bagging

Despite the success of the procedures described in the previous section, it quickly became clear that
if the training procedure is disturbed such that the correlation between the estimators is reduced, the
generalization performance of the combined systems can be further improved. The most important
representative of this approach was introduced by Breiman under the name of bagging (from bootstrap
aggregation) [8]. The idea behind bagging can be understood in the following way. Assume that
each committee member is trained on a different data set. Then, surely, the covariance between
the predictions of the individual members is zero. Unfortunately, we typically have to work with a
fixed training data set. Although it is then impossible to obtain a different training data set for each
member, we can at least mimic this process by training each member on a bootstrap sample of the
original data set. Bootstrap data sets are generated by randomly drawing K data points from the
original data set of size K with replacements. This means that some data points will appear more
than once in a given new data set, and some will not appear at all. We repeat this procedure M times
and obtain M nonidentical data sets which are then used to train the estimators. The output of the
committee is then obtained by simple averaging (regression) or by voting (classification).

Experimental evidence suggests that bagging typically outperforms simple averaging and voting.
Breiman makes the point that committee members should be unstable for bagging to work. By
unstable, it is meant that the estimators should be sensitive to changes in the training data set, e.g.,
neural networks should not be strongly regularized. But recall that well regularized neural networks
generally perform better than underregularized neural networks, and we are faced with another
version of the well-known bias-variance dilemma: if we use underregularized neural networks, we
start with suboptimal committee members, but bagging improves performance considerably. If we
start with well-regularized neural networks, we start with well-performing committee members,
but bagging does not significantly improve performance. Experimental evidence indicates that
regularization improves bagging results [7]. Breiman mostly works with CART decision trees as
committee members.
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There are other ways of perturbing the training data set besides using bootstrap samples for
training (e.g., adding noise, flipping classification labels) [11, 12] which, in some cases, also work
well. Raviv and Intrator [13] report good results by adding noise on bootstrap samples to increase
the decorrelation between committee members, in combination with a sensible regularization of the
committee members.

5.2.4 Boosting

This section discusses only the classification case. The difference from the previous approaches
is that in boosting, committee members are trained sequentially, and the training of a particular
committee member is dependent on the training and the performance of previously trained members.
Also in contrast to the previous approaches, boosting is able to reduce both variance and bias in
the prediction [14]. This is due to the fact that more emphasis is put on data points which are
misclassified by previously trained committee members.

The original boosting approach, boosting by filtering, is attributed to Schapire [15]. Here, three
neural networks are used, and the existence of an oracle which can produce an arbitrary number of
training data points is assumed. The first neural network is trained on K training data points. Then,
the second neural network is also trained on K training data points. These training data are selected
from the pool of training data (or the oracle) such that half of them are classified correctly and half
of them are classified incorrectly by the first neural network. The third network is trained only on
data on which networks one and two disagree. The classification is then achieved by a majority vote
of the three neural networks. Note that the second network obtains 50% of training patterns which
were misclassified by network one and that network three only obtains critical patterns in the sense
that network one and two disagree on those patterns. The original motivation for boosting came out
of PAC-learning theory (PAC stands for probably approximately correct). The theory requires only
that the committee members are weak learners, i.e., that the learners with high probability produce
better results than random classification.

Boosting by filtering requires an oracle or, at least, a very large training data set: one needs, for
example, a large training data set to obtain K patterns on which networks one and two disagree.
AdaBoost (from adaptive boosting) is a combination of the ideas behind boosting and bagging and
does not have a demand on a large training data set [16]. Many variants of AdaBoost have been
suggested in the literature. Here, we present the algorithm in the form described by Breiman [8],
which is an instance of boosting by subsampling:

Let {P(1), ..., P(K)} be a set of probabilities defined for each training pattern.
Initialized with P(j) = 1/K.
FORi=1,....M

1. Train the ith member by taking bootstrap samples from the original training data
set with replacement following probability distribution {P(1), ..., P(K)}.

2. Let d(j) = 1 if the jth pattern was classified incorrectly and let it equal zero
otherwise.

3. Let
K
&=y d)p() and Bi=(-¢)/e.
j=1
4. The updated probabilities are
. -\ pd(j
P(j) = cP(HA
where ¢ normalizes the probabilities.
END.
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The committee output is calculated as a majority vote

M
class(x) = arg mjax Z log (Bi) fi,class=j (x)
i=1

with weight log(B;).

As in bagging, committee members are trained using bootstrap samples, but here, the probability
of selecting a sample depends on previously trained classifiers. If a pattern j was misclassified by
the previous classifier (d(j) = 1), it will be picked with higher probability for training the following
classifier. Also, if the previous classifier generally performed well (indicated by a large f;), the
probabilities will be shifted more stringently to favor misclassified samples. Finally, the weight of
the ith classifier in the committee voting is log §;, putting more emphasis on committee members
that perform well.

Table 5.1 shows results from Breiman [8]. Committee members consisted of CART decision trees.
It can be seen that AdaBoost typically outperforms bagging except when a significant overlap in the
classes exists, as in the diabetes data set. Here, AdaBoost tends to assign significant resources to
learn to predict outliers. This is in accordance with results reported by Dietterich [11]. There, it was
shown that AdaBoost provides better performance in settings with little classification noise, but that
bagging is superior when class labels are ambiguous.

TABLE 5.1 Test Set Error (in %)

Data Set AdaBoost ~ Bagging
heart 1.1 2.8
breast cancer 32 3.7
ionosphere 6.4 7.9
diabetes 26.6 239
glass 22.0 232
soybean 5.8 6.8
letters 34 6.4
satellite 8.8 10.3
shuttle 0.007 0.014
DNA 42 5.0
digit 6.2 10.5

Source: Breiman, L., Combining predictors, in Combining
Artificial Neural Nets, Sharkey, A.J.C., Ed., Springer-Verlag,
New York, NY, 1999.

Another variant of AdaBoost is boosting by reweighting. In this deterministic version, the
{P(1),..., P(K)} are not used for resampling but are used as weights for data points. In Fried-
man et al. [14], several variants of this deterministic version are described. Furthermore, AdaBoost
can be used in context with classifiers which produce “confidence-rates” predictions (e.g., class
probabilities) and can also be applied to regression [17].

Recent research shows that there is a connection between AdaBoost and large margin classifiers
(i.e., the support vector machine (SVM); see the corresponding chapter): both methods find a linear
combination in a high-dimensional space which has a large margin on the instances in the sample [18,
19]. A large margin provides superior generalization in the case that classes do not overlap. For noisy
data, Rétsch et al. have introduced regularized AdaBoost [20] and v-Arc [21]. Both are boosting
algorithms which tolerate outliers in classification and display improved performance for cases with
overlapping classes.
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It was also recently shown that AdaBoost can be seen as performing gradient descent in an
error function with respect to the margin, respectively, that AdaBoost can be interpreted as an
approximation to additive modeling by performing gradient descent on certain cost-functionals [14],
[17], [22]-[24].1

5.2.5 Concluding Remarks

The generalization performance for the various committee machines is certainly impressive. Com-
mittee machines improve performance when the individual members have low bias and are decorre-
lated. The particular feature of boosting is that it reduces both bias and variance. Due to its superior
performance, boosting (in the form of AdaBoost) is currently the most frequently used algorithm of
the ones described.

Finally, we also would like to mention stacking, which is one of the earliest approaches to com-
mittee machines. In stacking, the weights g; are determined after training the committee members,
typically by using leave-one-out cross validation. Stacking was introduced by Wolpert [25] and
extended by Breiman. The general perception is that results obtained using stacking are somewhat
mixed.

5.3 The Mixture of Experts and its Variants

5.3.1 Mixtures of Experts

The initial motivation for developing the mixture of experts (ME) approach was to design a system in
which different neural networks are responsible for modeling different regions in input space. This
modularity leads to greater modeling capability and, potentially, to a meaningful and interpretable
segmentation of the map. In the ME approach, the weights become input-dependent weighting
functions [26],

M
i) =) gix) filx). (5.5)

i=1

The committee members f; (x) are “expert” neural networks and the g; (x) — which are positive and
sum to one — are generated using a gating network. The gating network determines which expert
is responsible for the different regions in input space. Figure 5.1 illustrates how the gating network
and the expert neural networks interact.

The most important training algorithm for the ME is derived using the following probabilistic
assumptions. Given an input x, expert network i is selected with probability g;(x). An output is
generated by adding Gaussian noise with variance o; (x)? to the output of the expert network f; (x).
Since it is unknown in the data which expert network produced the output, the probability of an
output given the input is a mixture distribution of the form

M
POR) =Y () G (v: fitn), 03(0)?)

i=1

I The population version of AdaBoost (Friedman et al. [14]) builds an additive logistic regression model via Newton-like
updates for minimizing E (e’ ()) where E is the expectation taken over the population.
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5.1 The ME architecture. The outputs of the gating network modulate the outputs of the expert neural networks.

which yields

M
E(ylx) =) gi(x) fi(x)

i=1

where G (y; fi(x), oi (x)2) is the notation for a Gaussian probability density centered at f; (x), with
variance o; (x)?, evaluated at y. By looking at the previous equations, it becomes clear that the ME
can also be considered a flexible model for conditional probability densities [27, 28]. Note that in
this most general formulation, the outputs of the gating network, the expert neural networks, and the
noise variance are functions of the input. To ensure that the g; (x) are positive and sum to one and
that the standard deviation is positive, one parameterizes

gi<x>=% and 0 (x) = exp (s5; (x))
j=1 J

where the functions /; (x) and s; (x) are typically modeled as neural networks. For training the ME
system, a maximum likelihood error function is used. The contribution of the jth pattern to the
log-likelihood function is

lj= IOgZ:gi (xj) G (yj: fi (xj), 0i (xj)z) .

Following the derivation in Bishop [28], the gradients of /; with respect to the outputs of the various
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networks become

dl; . Yj fi(xj)
= Plilx;. v
af; (xj) (lli yj) oi (xj)2
al;
o (ij) = P(ilxj.y)) — & (x))

o P (ilx;, y)) <%_1)

where the probability that the ith expert generated data point (x}, y;) is calculated as

g (x3) G (353 i (v)) i (1))°)
Se () G (i i (x7) 0 (3)°)

using the current parameter estimates.

The adaptation rules simplify if both 4;(x) and f;(x) are linear functions of the inputs [29].
Tresp [30] describes a variant in which both 4; (x) and f; (x) are modeled using Gaussian processes.
For the f;(x), Gaussian processes with different bandwidths are used such that, input dependent, the
expert with the appropriate bandwidth is selected by the gating network.

P (ilxj,yj) =

5.3.2 Extensions to the ME Approach

5.3.2.1 Hierarchical Mixtures of Experts

The hierarchical mixtures of experts (HMEs) have two (or more) layers of gating networks,
and their output is calculated as

M NG)
) =)&) Y g () fij(x) (5.6)
i=1 j=1
where B )
€X i
8i,j(x) = N(,.)p I

Zj:] exp hi,j(x) '

In the HME, a weighted combination of the outputs of M ME networks is formed. N (i) is the
number of experts in the ith ME network. In the HME approach, h;(x), h; j(x), and f;(x) are
typically linear functions. By using several layers of gating networks in the HME, one obtains large
modeling flexibility despite the simple linear structure of the expert networks. On the other hand,
by using linear models, the HME can be trained using an expectation maximization (EM) algorithm
which exhibits fast convergence.

The HME can be seen as a soft decision tree, and (hard) decision tree learning algorithms, such
as the CART algorithm, can be used to initialize the HME. The HME was developed by Jordan and
Jacobs [31]. An extensive discussion of the HME is found in Haykin [29].

5.3.2.2 Alternative Training Procedures

A number of variations of the architecture and the training procedure for the ME have been
reported. The learning procedure of the last section produces competing MEs in the sense that
the committee members compete for the responsibility for the data. The cooperating MEs are
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achieved if the squared difference Zf:] yj — f(x j))z, between output data and predictions, i.e.,
)y ,K=1 yj— f(x j))2 is minimized. Here, the solutions are typically less modular and the model has
a larger tendency to overtrain.

Another variant starts from the joint probability model,

P@)P(x|i)P(y|x, i)

where P (i) is the prior probability of expert i, P(x|i) is the probability density of input x for expert
i,and P(y|x, i) is the probability density of y given x and expert i. If we assume that the latter is
modeled as before, we obtain Equation (5.5) with

P(i)P(x]i)

gi(x) = P(ilx) = :
Y1 PG)P(L))

(5.7)

In some applications, the experts are trained a priori on different data sets. In that case, we can
estimate P (i) as the fraction of data used to train expert i, and P(x|i) as the input density of the
data used to train expert i. Tresp and Taniguchi [33] suggested modeling the latter as a mixture of
Gaussians. Tresp et al. and Xu et al. [34, 35] described approaches to generating the HME model
based on joint probability models.

A very simple ME variant is obtained by modeling the joint input-output probability of (x, y)' as a
mixture of Gaussians. If we calculate the expected value of y given x, we obtain an ME network with
linear experts and the gating network of Equation (5.7) where all conditional probability densities
are Gaussians. The advantage of this simple variant is that it can be described in terms of simple
probabilistic rules which can be formulated by a domain expert. Various combinations of the ME
network with domain expert knowledge are described by Tresp et al. [32, 34].

5.3.3 Concluding Remarks

The ME is typically not used if the only goal is prediction accuracy, but it is applied in cases where
its unique modeling properties, interpretability, and fast learning (in the case of the HME) are of
interest. The capability of the ME to model a large class of conditional probability densities is useful
in the estimation of risk [28], in optimal control and portfolio management [27], and in graphical
models [36]. In some applications, the ME has been shown to lead to interesting segmentations of
the map, as in the cognitive modeling of motor control [37].

Of the many generalizations of the ME approach, we want to mention the work of Jacobs and
Tanner [38], who generalized the ME approach to a wider class of statistical mixture models, i.e.,
mixtures of distributions of the exponential family, mixtures of hidden Markov models, mixtures of
marginal models, mixtures of Cox models, mixtures of factor models, and mixtures of trees.

5.4 A Bayesian Committee Machine

Consider the case that a large training data set is available. It is not obvious that a neural network
trained on such a large data set makes efficient use of all the data. It might make more sense to
divide the data set into M data sets, train M neural networks on the data sets, and then combine their
predictions using a committee machine (see Figure 5.2). This approach is even more appropriate
if the estimators are kernel-based systems such as Gaussian process regression systems, smoothing
splines, or support vector machines. Parameter estimation for those systems requires operations
whose computational complexity grows quickly with the size of the training data set such that those
systems are not well suited for large data sets. An obvious solution would be to split the training
data set into M data sets, train individual estimators on the partitioned data sets, and then combine
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5.2 Left: Bayesian committee machine (BCM), data sets are partitioned and the committee members estimate the
targets based on the partitioned data sets. The prediction of the committee is formed by a weighted combination of
the predictions. Right: in most committee machines, the prediction at a given input is calculated by a combination of
the predictions of the committee members at the same input (vertical continuous line). In the BCM, predictions at
other inputs are also used (vertical dashed lines).

their predictions. The computational complexity of such an approach grows only linearly with the
size of the training data set if M grows proportional to the size of the training data set. Important
questions are (1) does one lose prediction performance by this procedure, and (2) what is a good
combination scheme? This section analyzes this approach from a Bayesian point of view. It turns
out that the optimal combining weights can be calculated based on the covariance structure and that
for the optimal prediction of the committee at a given input x, the prediction of the members at
inputs other than x can be exploited. Note that in previous sections, only predictions at x were used
in the committee machines. A main result of this work is that the quality of the predictions depends
critically on the number of different inputs which contribute to the prediction. If this number is
identical to the effective number of parameters, then the performance of the committee machine is
very close to the performance of one system trained on all data.

This section is different in character from the previous sections. Whereas previous sections
provided an overview of the state-of-the-art of the respective topics, this section almost exclusively
presents recent results of the author [39, 40].

5.4.1 Theoretical Foundations

Let x be a vector of input variables and let y be the output variable. We assume that, given a function
f(x), the output data are (conditionally) independent with conditional density P (y| f(x)).

Furthermore, let X9 = {x;’, ceey qu\,Q} denote a set of N test points (Where g represents query)
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and let f7 = ( flq seuos f K,Q) be the vector of the corresponding unknown response variables. Note
that we query the system at a set of query points (or test points) at the same time, which will be
important later on.

As indicated in the introduction, we now assume a setting where, instead of training one estimator
using all the data, we split up the data into M data sets D = {D', ..., DM} (typically of approxi-
mately the same size) and train M estimators on the partitioned training data sets. Let D' = D\ D'
denote the data which are not in D'.

Then we have, in general,2

P (fq|1§", D") « P (f4) P (D"|fq) P (D"|Dl’, f‘1> :
Now we would like to approximate
P (D"|D", f") ~ P (D"|fﬂ) . (5.8)

This is not true in general unless f9 contains the targets at the input locations of all the training
data; only then are all outputs in the training data independent. The approximation in Equation (5.8)
becomes more accurate when (1) N is large, since then f? determines f everywhere; (2) the
correlation between the outputs in D' and D' is small, for example, if inputs in those sets are
spatially separated from each other; and (3) the size of the data set in D' is large, since then those
data become more independent on average.

Using the approximation and applying Bayes’ formula, we obtain

, . P (4D~ P (f4|D!

P(fq|D’_l,D’> R const X (f | ) (f | ) (5.9

P (f%)

such that we can achieve an approximate predictive density

M .

N 1 P(f9D'
P (f9ID) = const x H’—‘—(J;“) (5.10)

P(fH""

where const is a normalizing constant. The posterior predictive probability densities are simply
multiplied. Note that since we multiply posterior probability densities, we have to divide by the
priors M — 1 times. This general formula can be applied to the combination of any suitable Bayesian
estimator.

5.4.2 The BCM

In the case that the predictive densities P(f?|D') and the prior densities are Gaussian (or can be
approximated reasonably well by a Gaussian), Equation (5.9) takes on an especially simple form.
Assume that the a priori predictive density at the Ng query points is a Gaussian with zero mean and
covariance 99, and the posterior predictive density for each committee member is a Gaussian with
mean E(f9|D') and covariance cov(f4|D'). In that case, we achieve (E and cov are calculated
with respect to the approximate density P) [39]:

E(fID) = = Z v(r10)) " E () (5.11)

1=1

2We assume that inputs are given.
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with

M -
C=c’iw(fff|1))‘1 =—M-1 (qu)_l+2c‘ov (fqu)") 1 . (5.12)

i=1

We recognize that the predictions of each committee member i are weighted by the inverse covariance
of its prediction. But note that we do not compute the covariance between the committee members
but the covariance at the Ng query points. This means that predictive densities at all query points
contribute to the prediction of the Bayesian committee machine (BCM — a way of combining
predictions of committee members) at a given query point (see Figure 5.2). An intuitive appealing
effect is that by weighting the predictions of the committee members by the inverse covariance,
committee members uncertain about their predictions are automatically weighted less than committee
members that are certain about their predictions.

5.4.3 Experiments

In the experiments, we applied the BCM to Gaussian process regression. Gaussian process regression
is particularly suitable since prior and posterior densities are Gaussian distributed, and the covariance
matrices required for the BCM are easily calculated. A short introduction into Gaussian process
regression can be found in the Appendix at the end of this chapter.

Figure 5.3 shows results of applying the BCM to Gaussian process regression for a large artificial
data set [39]. Note that the BCM with K = 60,000 training data points achieves results unobtainable
with simple Gaussian process regression, which is limited to a training data set of approximately
K = 1000.
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5.3 Left: the mean squared query-set error as a function of the number of query points Np with K = 1000 training
data points and for K/M = 100 data points in the training data set of each committee member. Note that for small
N, the performance deteriorates. Right: The test of the BCM algorithm using an artificial data set. The continuous
line is the mean squared query-set error for Ng = 1000 and K /M = 1000 as a function of the size of the training data
set K. The dash dotted line shows the error of Gaussian process regression (M = 1) with K = 1000, approximately the
largest training data size suitable for Gaussian process regression. Note the great improvement with the BCM, which
can use the larger data sets.
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5.4.4 Concluding Remarks

The previous discussion on the BCM focused on regression. In the form of the generalized BCM
(GBCM), the approach has been extended towards classification, the prediction of counts, the pre-
diction of lifetimes, and other applications which can be derived from the exponential family of
distributions [40]. The support vector machine is closely related to Gaussian processes and can also
be used in the BCM [41]. Furthermore, it is possible to derive online Kalman filter versions of the
BCM, which only require one path through the data set and the storage of a matrix of the dimension
of the number of query or test points [39]. After training, the prediction at additional test points only
requires resources dependent on the number of query points, but it is independent of the size of the
training data set. An interesting question is how many query points are ideally required. It turns out
that the number of query points should be equal to or larger than the effective number of parameters
of the map. If this is the case, the query points uniquely define the map (if appropriately chosen),
and the approximation in Equation (5.8) becomes an equality (see Figure 5.3) [39].

Since the BCM has the form of a committee machine, it might be possible to further improve
performance by connecting it with ideas from Section 5.2. The issue of boosting the BCM is a focus
of current work.

Finally, it is also possible to derive the BCM solution from a non-Bayesian perspective where the
covariance matrices are derived from variations over repeated experiments (i.e., variations over data
sets). The goal is to form a linear combination of the predictions at the query points

M No

=303 sk (x)) £ (x))

k=1 j=1

such that the expected error is minimum. Here, f[q is the estimate of the committee for input x;,
8i.k(x;) is the weight of query point j of committee member & to predict query point i, and fkq (x;)
is the prediction of committee member k for input x;. We use the assumption that the individual
committee members are unbiased and enforce the constraint that the combined system is unbiased
by requiring that

M M
Dogik)=1 and Y gix(x;)=0 Vj#i.
k=1 k=1

As a solution, we obtain the BCM with (£99)~! — 0 (negligible prior). Details can be found in
Tresp [39].

5.5 Conclusions

The research on committee machines is still very young but has already produced a number of in-
teresting architectures and algorithms. Due to the limited space, we naturally could not provide a
comprehensive overview covering all aspects of committee machines. As examples, boosting has
been analyzed from the perspectives of PAC-learning, game theory, and “conventional” statistics.
Furthermore, committee machines have been applied to density estimation [42, 43], hidden Markov
models, and a variety of statistical mixture models. Also, we completely left out approaches to
committee machines originating from statistical physics and modular approaches for sensory fusion
and control. Finally, there are interesting common aspects between committee machines and bio-
logical systems. Committee machines, in general, are very tolerant vs. the breakdown of any of their
components, and, similar to biological systems, system performance only deteriorates dramatically
if a large number of committee members are malfunctioning.
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In their many facets, committee machines have made important contributions to various branches
of neural computation, machine learning, and statistics and are becoming increasingly popular in the
KDD community. They have opened up a new dimension in machine learning since committees can
be formed using virtually any prediction system. As demonstrated by the numerous contributions
from various communities, committee machines can be understood and analyzed from a large number
of different viewpoints, often revealing new interesting insights. We can expect numerous novel
architectures, algorithms, applications, and theoretical insights for the future.

5.6 Appendix: Gaussian Process Regression

In contrast to the usual parameterized approach to regression, in Gaussian process regression, we
specify the prior model directly in function space. In particular, we assume that, a priori, f is
Gaussian distributed (in fact it would be an infinite-dimensional Gaussian) with zero mean and a
covariance cov(f(x1), f(x2)) = oy, x,. We assume that we can only measure a noisy version of f

y(x) = f(x) +ex)

where € (x) is independent Gaussian distributed noise with zero mean and variance 01/2/ (x).

Let (Z™™);; = O xm be the covariance matrix of the measurements, W"™" —= O’é (x)I be the
noise variance of the outputs, (£97);; = leq’xj be the covariance matrix of the query points, and
(1) = GX?JT be the covariance matrix between training data and query data. [ is the K-

dimensional unit matrix. Let y" be the vector of training targets.
Under these assumptions, the conditional density of the response variables at the query points is
Gaussian distributed with mean

E (f9ID) = " (@ 4 xmm) =y (5.13)
and covariance
cov (£91D) = £99 — g (w4 5oy (man) (514

Note that for the ith query point, we obtain
K
q _ .
E(f!1D) = 'X;ax;,,x;,, vj (5.15)
]:

where v; is the jth component of the vector (W™ + ymmy=lym  The last equation describes the
weighted superposition of kernel functions b; (x? ) = Ol s which are defined for each training
data point and are equivalent to some solutions obtained for kriging, regularization neural networks,
and smoothing splines. The experimenter has to specify the positive definite covariance matrix. A
common choice is that oy, x; = exp(— /2y ||xi — xjl |2) with y > 0 such that we obtain Gaussian
basis functions, although other positive definite covariance functions are also used.
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The major purpose of this chapter is to further our understanding of optimal signal processing
by integrating concepts from function approximation, linear and nonlinear regression, dynamic
modeling, and delay operators using the concepts from approximations of causal shift-invariant
processes. We seek an integrating view of all these subjects with an emphasis on the choice of the
basis functions. We review proofs of the uniform approximation properties of dynamic networks
created by a cascade of linear filters and static nonlinearities. We conclude by presenting a general
class of linear operators that can implement the finite memory kernels required to approximate
nonlinear operators with approximate finite memory.

6.1 Introduction

The theory of optimal signal processing has a long history that began with the seminal work of Norbert
Wiener [1] and was later made practical by many advances, from which Bernard Widrow’s LMS
algorithm [2] is singled out here. What is less known is that optimal filtering is a special case of the
much older problem of function approximation which has been extensively studied in mathematics
since the 18th century [3]. When seen from the function approximation point of view, there are
many apparently unrelated topics in optimal information processing, such as least squares, linear and
nonlinear regression, classification, optimal linear and nonlinear filtering, and nonlinear dynamical
modeling, that become very much related. What changes are the spaces (vector or functional spaces),
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the metric (Minskowski, Borel), and the type of approximant (linear or nonlinear). The view just
presented allows many interesting insights and, in particular, is able to unify optimal linear filtering
and dynamic neural network modeling, two areas that unfortunately live in almost disjoint worlds.
This framework further shows the commonality of the problems faced, which are directly related
to function approximation: how to choose bases and how to estimate optimal weights and optimal
orders. It also shows how the old ideas of seeking extrema of functions permeate all these solutions,
first in an analytic form (the least squares) and then in its iterative embodiment (gradient descent
learning for nonlinear systems).

The problem concerning the choice of bases is the least addressed in the signal processing literature.
Although we agree that, under a linear signal model, the bases are somewhat predetermined, they
are a key player in nonlinear signal processing. This is the reason we emphasize the choice of bases
in functional spaces and show how the bank of linear filters followed by static nonlinearities creates
networks that are universal approximators for the class of nonlinear functions with approximately
finite memory. This type of network is called a dynamic neural network and is illustrated by the time
delay neural network (TDNN). Unfortunately, the proofs are existence proofs, which means that the
designer still needs to decide parsimonious architectures to achieve good results that are insensitive
to noise and generalize well. In this context, this chapter also treats a set of delay operators that
generalize the ideal delay operator almost exclusively utilized in digital signal processing. Due to the
breadth of topics covered and the limited space, we omit most problems related to training networks
and the selection of model order.

6.2 Function Approximation and Adaptive Systems

6.2.1 Function Approximation

Function approximation seeks to describe the behavior of complicated functions by ensembles of
simpler functions. Very important results have been established in this branch of mathematics. For
instance, Legendre and Gauss used polynomials to approximate functions, Chebyshev developed the
concept of best uniform approximation, and Weierstrass proved that polynomials can approximate
arbitrarily well any continuous real function in an interval. The core advantage of polynomials is that
only multiplications and additions are necessary to implement them. We will start by formalizing
the concept of function approximation.

Let f(x) be a continuous real function in :R" — N, i.e., a function of a real-valued vector
x = [x1,x2,...,x,]7 thatis square integrable over the real numbers. Most real-world data can be
modeled by such conditions. We restrict this study to the linear projection theorem. The goal of
function approximation is to describe the behavior of f(x), in a compact area S of the input space,
by a combination of simpler functions ¢; (x):

N
fo) = wigi(x) ©6.1)
i=1

where w; are real-valued entries of the coefficient vector w = [w; wa wx]” such that
@ - fw|<e 62)

and where ¢ can be made arbitrarily small. The function f (x) is called an approximant to f(x) in
S. The block diagram of Figure 6.1 describes this formulation. We clearly see that function approx-
imation can be practically implemented by classes of parameteric models given by Equation (6.1).
Let us examine Equations (6.1) and (6.2). A real function is a map from the input vector space to
real numbers, " — N. This expression states that one obtains the value of the function when x is
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6.1 Function approximation by a linear combination of bases.

in S by using an intermediate set of simpler functions, {¢; (x)}, called the elementary functions, and
then linearly combining them (Figure 6.1).

When one can find coefficients w; and ¢; (x) that make ¢ arbitrarily small for any function f(.)
over the domain of interest, we say that the function f (x) has the property of universal approximation
for the class of functions f(.), or that the set of elementary functions {¢; (x)} is complete. From
Equation (6.1) we see that there are three basic tasks in function approximation:

1. the choice of elementary functions ¢; (x)
2. how to compute the weights w;
3. how to select the number of elementary functions N.

Therefore, function approximation involves finding an element of the class of functions that
minimizes Equation (6.2). Although we need to solve for the three items when approximating
unknown functions f(x), their role and importance varies. The essential role of the basis is to
“cover” the space of the range of the function. If the bases span the space of the functional values,
then it is just a matter of finding a way to compute the weights and choosing the most appropriate
size of the space to guarantee the quality of the approximation. If the basis is not a spanning basis,
there are no weight values that guarantee arbitrarily small approximation error. Unfortunately, the
choice of a basis set is not straightforward because it depends on the type of function we want to
approximate (which, most of the time, we do not know), and, in many instances, there are many
choices. This is the reason an “axiomatic” approach to choose the bases is normally preferred,
and mathematical arguments are normally utilized to show that a given basis set is able to provide
universal approximation for the class of functions under analysis.

Under the linear signal model (linear functional f(x)), affine transforms of the input space axes
are normally appropriate. In the case of nonlinear functions, polynomials have been the de facto
default choice because of their well known properties [4], but splines also have a well established
niche [5]. However, the recent advances in neural network theory may very well enchance these
choices.

The second problem is how to compute the coefficients w;, which depends on how the difference
or discrepancy between f(x) and f (x) is measured. Equation (6.2) is formulated as an L metric,
which makes the mathematics rather difficult, and it is normally not utilized. However, if we define
the error with an L, metric (the mean square error), the method of least squares [6] can solve for w;
analytically. This metric corresponds to the minimization of the mean square error defined as

J= f (£ - fw) da 6.3)
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which leads to the normal equations

P1 rG ... TIN wq
PN - N1 ... TINN wyN
and the solution becomes
w=R"1p. (6.4)

In Equation (6.4), w is a vector with the coefficients, p is a vector of the inner products (cross-
correlation) between the function evaluated at a certain number of points in the domain and the basis
functions p; = (f, ¢;) = f f(x)¢;(x)dx, and R is a matrix with entries given by the values of
the inner products (autocorrelation) of the elementary functions at each of the points in the domain
rik = (@), o) = f ¢ (x)¢r dx. An important condition that must be placed on the elementary
functions is that the inverse of R must exist, which practically means that the set of {¢;(x)} are
linearly independent. With a complete orthonormal basis, the weights of the decomposition become
very simple to compute [4]. It can be easily shown that in this case, w; = (f(x), ¢;(x)). There is
a very powerful geometric interpretation of the mean square error solution that goes as follows: the
value of f (x) is the orthogonal projection of f(x) in the space spanned by the bases {¢; (x)} [7].
Normally, however, we have a set of M > N samples in the domain f(x)|c=y;, and Equation (6.3)
becomes

1 g L2
7= 57 (= Fan) ©.5)
i=1
effectively transforming function approximation into interpolation. However, the solution is basically
unchanged if the samples sufficiently cover the domain of interest.

The third item is the determination of the dimension, N, of the space. This is not as straight-
forward as it may seem. If the basis set is complete, in principle, the larger the N, the smaller the
approximation error, eventually reaching zero. However, this increase in N may not be practical for
two reasons: first, the data may be noisy, and a large N will start to represent the noise with no net
gain; second, we may not have enough data samples to continue to increase N. This can be inferred
from Equations (6.1) and (6.4), where we see that a larger N requires the calculation of a larger
matrix inverse that becomes progressively less accurate.

6.2.2 Regression and Classification

Linear regression and classification are special cases of the function approximation problem just
described. One major difference is that the problem is formulated in a vector space with a probability
measure, thatis, x is arandom variable. We will follow the approach of Vapnik [8] in this formulation.

Let us assume that there is an unknown generator for the observed L pairs of random input and target
variables (x, y) (called the training set) consistent with some unknown but fixed joint distribution
function F(x, y). These pairs are assumed to be identically and independently distributed (i.i.d.).
The role of the learning machine is to construct an operator that predicts (approximates) the value of
y by observing x, i.e., the goal is to approximate the conditional distribution function F (y|x) with
an appropriate metric (Figure 6.2).

The construction of the operator is accomplished by selecting a parametric form for the learning
machine and finding the best possible set of parameters. Referring to Equation (6.1), the learning
machine implements the approximant f (x). The issue is how to measure the discrepancy between

© 2002 by CRC Press LLC



F(y[x)

(xpyp)
(x2,¥2) A o) y
.| Learning X.a
X Machine stror
(XL,yL) f('aa) -

6.2 The problem of linear regression and classification from samples.

two random variables. Let us define the risk functional as
R@ = [ L(y. fr.@) dF) (6.6)

where x € N", a is a parameter vector, and the function L(.) is called a loss function that measures
the discrepancy between y and the value of f (x, a). The problem is then one of minimizing the risk
functional with respect to the parametric function f (x, a). Note, however, that we cannot evaluate
this integral since we do not know F(y); we only know a set of M i.i.d. observations of F(x, y).
Instead of Equation (6.6), let us define the empirical risk functional

1 M
Remp(@) = 2= > L (i, f (i, @) - (6.7)
i=1

One of the fundamental theorems of statistics [9] shows that when L increases, the empirical
distribution function converges to the true distribution, and so Remp approaches R(a). Normally, the
loss function is the L, norm, and Equation (6.7) reduces to evaluating the mean square error.

6.2.2.1 Regression

Now we are ready to discuss the regression and classification problems. Regression is the
problem of estimating F (y|x); however, it is sufficient to estimate the regression function

) = [ yaroi (6:8)
which, under mild conditions [8], is equivalent to minimizing
" 2
R(@) = f (- o) dF@,y) (6.9)
or simply
1 d R 2
Remp(@) = 3" (y,- ~ a)) . (6.10)

i=1

Notice how close this expression is to Equation (6.3). The most common application of Equa-
tion (6.10) is in linear regression, where the basis functions are simply the input space axes, i.e.,
¢i(x) = x; with a bias to yield

N
fo) = wixi +b. 6.11)
i=1
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Hence, the solution of linear regression is Equation (6.4), where the cross-correlation is computed
between the inputs x; and the targets y;, and the autocorrelation function pertains to the input data
pairs x; and x ;. Instead of using the analytic solution of Equation (6.4), we can use gradient descent
learning or the LMS algorithm [10]. Linear regression is applicable when we assume that the data
model is an affine transform of the input and the error is Gaussian distributed.

In nonlinear regression, we have reason to believe that the data model is nonlinear, so fitting a
hyperplane through the data is not going to be an optimal solution. For nonlinear regression, the
choice of the basis functions becomes very important. In the neural network literature, the learning
machine is either a multilayer perceptron (MLP) or a radial basis function (RBF) network [11]. A
one hidden layer MLP with a linear output or an RBF implements exactly the structure of Figure 6.1.
In the MLP, the approximant is

Ny Ny
f=)"wigi(x)  gix) =0 | aix, (6.12)
i=1 j=1
where o is a sigmoidal nonlinearity such as the logistic function or the tanh [10]. The bases functions
are, in fact, global because they respond with a large value to all input spaces. Note that the outputs

of the hidden layer processing elements (PEs) become the basis set for the approximation.
In the case of the RBF network, the bases are the multidimensional Gaussian function

— =)'y - x»)
2

¢i(x) = exp ( (6.13)

where ¥ is the covariance function of the kernel components. Notice that in this case, the basis
responds primarily to the area around the sample x;, and, therefore, the basis is called local. Having
made these choices, the pertinent question is whether the basis sets of these two neural topologies
are appropriate for approximating functions in 3”. It is no surprise to verify that extensive work
on the mapping capabilities of the MLP (and the RBF) has been conducted in the literature. Now
we know that both of these networks are universal approximators of continuous functions in vector
spaces [12, 13], so they are alternatives to polynomial approximators presenting advantages in high-
dimensional spaces in terms of convergence rates (see Barron [14]) and smoothness [15], respectively.

Training of the MLP can be done using the back-propagation algorithm [18]. Training of the RBF
is normally divided into a clustering step to select the centers of the Gaussians, followed by a least
squares operation (or LMS) to train the weights w; [16].

6.2.2.2 Classification

The case of classification can also be easily framed as function approximation by utilizing
what has been called a special type of conditional distribution based on indicator functions [8]. In
classification, we assume that the input data belong to a finite number of & classes ¢ € {1, 2, ...k}.
The task is to discover the partnership of each one of the input samples x; according to F(c|x). So,
we minimize the risk functional

R(a) = /L (c, f(x,a)) dF(c, x) (6.14)

on the set of parametric functions f (x, a). In terms of the empirical risk, we create a training set
{xi, ¢;} and minimize

M
Romp(@ = 221 (e, f (s, ) (6.15)
i=1
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Notice that here the goal is to minimize the number of errors. Therefore, the loss function need
not be the MSE, although in practice, most of the work in neural networks uses MSE. Networks
trained with MSE have the appeal of estimating the a posteriori probability of the class given the
data, which is known to be optimal in Bayesian terms [11]. However, other possible criteria include
the crossentropy criterion [17] and Vapnik’s structural risk minimization [8]. The networks for
classification tasks are invariably nonlinear, either an MLP with a sigmoidal or softmax output,
or an RBF. The most common choice for parameter adaptation is gradient descent learning (back-
propagation) [18]. There are many issues in the appropriate training of classifiers and how to set
the size of the networks, but we will not address them here. We refer the reader to Haykin [18] or
Bishop’s [11] extensive treatments of these topics.

6.2.3 Optimal Linear Filtering

Up until now, we have treated static problems, i.e., the approximant f (x) was only a function of
the present (possibly multidimensional) input; for example, the approximation problem was done in
vector spaces f(x) : " — 9. In digital signal processing, we are interested in the analysis of time
series that are continuous real functions of the time variable. This radically changes the structure
of the space where the approximation is conducted. Instead of a vector space, it now is a function
space. C () denotes the space of all continuous real valued functions : i — N with an appropriate
norm || £ = sup;eg |£(0)].

A time series by definition carries information in its time structure, so instantaneous mappers
such as the regressor, the MLP, and the RBF are not appropriate for time series analysis. How
can these concepts of function approximation and regression apply to time series modeling. Due
to the different assumptions, optimal linear filters were independently developed from regressors;
however, there are many similarities outlined below. Thus far, we have started by presenting first
the deterministic case and then extended the reasoning to random variables. However, for historical
reasons, we will switch the order of presentation in subsequent sections.

Optimal linear filtering was originally developed by Wiener in continuous time for stochastic
processes (a family of random variables over time) [1]. The digital counterpart of Wiener’s theory
using the finite impulse response (FIR) filter utilizes the same mathematical tools of least squares.
Let us assume that the time series is the output of an unknown linear system, U (z), excited by a
white stochastic process (white noise). The idea in time series modeling with FIRs is to approximate
the next sample of the time series by a linear combination of its N past samples,

N
fam) =) wix(n—i) (6.16)

i=1

according to the block diagram of Figure 6.3.

. f x(n)
white "
noise |unknown|
o 1] model N
system > 7z - 13 sygtem >+ e(n)
U(z) time series (2)
(white
k / noise)

1-z H(z)

6.3 Modeling of a linear stochastic process.
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We can immediately see the analogy of this figure with Figures 6.1 and 6.2, which depict function
approximation and regression. Here, the model system is a finite impulse response (FIR) filter, as
shown in Figure 6.4.

v S |
x(n) zm\ Wy

Wi

— ) 5
2" y(n)
o
-1 WN-1
Delay |Z
Line 71 Regressor

Xn-N+1

6.4 The FIR as a cascade of a delay line and regressor.

The goal of optimal linear filtering is to adapt the coefficients of the filter such that the MSE between
the filter output and a desired response is minimized, i.e., define e(n) = x(n) — f (x (n)) and minimize

M
J=> éMm. 6.17)
n=l1

Itis easy to see that this problem defaults to the normal equations of Equation (6.4) with the optimal
solution given by Equation (6.5), except that now the cross-correlation vector and the autocorrelation
matrix involve the time cross-correlation and autocorrelation functions, respectively. Hence, we
conclude that time series modeling is a special case of function approximation where the basis
functions are the input signal vector and its delayed versions ¢; (n) = x(n — i).

Aslong as the output error e(n) is white, the system model will approach the inverse of the unknown
linear system. The FIR filter structure is just one of three possibilities (the others being an all-pole
model or a pole-zero model [19]) to model the unknown linear system. These choices effectively
correspond to the choice of the basis to perform the approximation. In the above discussion, the
desired response was the next sample of the time series, which leads to modeling. But other desired
signals are possible (such as a noiseless and delayed version of the input time series) that lead to the
general case of optimal filtering [19].

6.2.4 Dynamic Modeling

If the time series is modeled as the output of an autonomous deterministic system instead of the
stochastic model of Figure 6.3, then its generator has to be a nonlinear dynamical system [21];
otherwise, the estimated signal will decay to zero or will be a sinusoidal waveform. A Kth order
autonomous dynamical system can be represented by a set of Kth ordinary differential equations:

d

—s(t) = D(s(z 6.18

p tS( ) (s(1)) (6.18)
where s(t) = [s1(¢), s2(1), ..., sk (¢)] is a vector of system states, and & is called the vector field.

Bold letters represent vectors. The system state can, at any time, be specified in a K-dimensional
space. The vector field maps a manifold M to a tangent space T. If ® is a nonlinear function of the
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system state, the system is called nonlinear. Assume there is a closed form solution to Equation (6.18)
¢; : M — M. For a given initial condition sq, the function ¢, (sg) represents a state-space trajectory
of the system (the mapping ¢ is called the flow). If the vector field is continuously differentiable,
then the system flow and its inverse exist for any finite time. This implies that the trajectories of an
autonomous system never intersect each other.

The FIR structure is not the most appropriate solution to approximate & because it is a linear
operator and we just argued that the system that generated the time series must be nonlinear. However,
the delay line portion of the FIR structure implements a very special transformation called a time-
delay embedding [25]. The delay line can be thought of as a structure that maps the time series to
a vector space of size N that we call the signal space. Each N-tuple in time becomes a point in
the N-dimensional signal space, where the first time series sample becomes the coordinate ¢, the
second sample becomes the coordinate ¢, and the Nth sample becomes the coordinate ¢y of the
first point in signal space. When time ticks, this point evolves in signal space and creates a trajectory
(Figure 6.5).

x[2]
X[Oji[l]

L n
L
L
O

Time domain Signal space

6.5 Constructing the trajectory in a three-dimensional signal space from the time series.

There is a fundamental theorem about embeddings that has been proven by Takens [26]. Takens
showed that if the size N of the signal space is twice as large the dimensionality K of the dynamical
system that generated the time series (N > 2K), then there is a one-to-one smooth map W with
a smooth inverse from the Kth dimensional manifold M of the original system to the Euclidean
reconstruction space \”Y. Such mapping is called an embedding and the theorem is known as
Takens’ embedding theorem. According to this theorem, when N > 2K, amap F : RV > wyy
exists that transforms the current reconstructed state x () to the next state x (n + t), where 7 is the
normalized delay. For simplicity, we will set T = 1, which means

x(n+1) = F(x(n)) (6.19)
x(n+1) x(n)
=F
x(n—N +2) x(n—N+1)

Note that Equation (6.19) specifies a multiple input-multiple output system F built from several
(nonlinear) filters and a nonlinear predictor [56]. The predictive mapping is the centerpiece of
modeling since, once determined, F' can be obtained from the predictive mapping by simple matrix
operations. The predictive mapping f : RY — % can be expressed as

x(n+1)= f(x@n)). (6.20)
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Equation (6.20) defines a deterministic nonlinear autoregressive (NAR) model of the signal. The
existence of this predictive model lays a theoretical basis for dynamic modeling in the sense that it
opens the possibility to build a model from a vector time series to approximate the mapping f. The
result and steps in dynamical modeling are depicted in Figure 6.6.

/@ﬁ Dynamic ANN

Unknown Time series Trajectory
system » Embedding 5 L O O
’ x(V= h(5(1) x(1) o/
M N
0 -t0 Fii0 x(t)
Original space Reconstruction space

6.6 Nonlinear modeling steps and their mathematical translation.

Dynamic modeling implies a two-step process [24]. The first step is to transform the observed time
series into a trajectory in the signal space by using one of the embedding techniques [28]. The most
common is a time delay embedding which can practically be implemented with a delay line (also
called a memory structure in neurocomputing) with a size specified by Takens’ embedding theorem.
The dimension K of the attractor can be estimated by the correlation dimension algorithm [29], but
other methods exist [30]. The second step in dynamic modeling is to build the predictive model of
Equation (6.20) from the trajectory in reconstruction space [27].

With this argument, we can immediately ask the following question: do we know a topology
that can implement an NAR model? Using the arguments from the previous section, we can easily
substitute the linear regressor of Figure 6.4 by an MLP or an RBF network to implement a nonlinear
filter that, when trained with steepest descent, leads to an optimum nonlinear filter (Figure 6.7).

x(n) 1 <

z ZD

7! §>\< \ >
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6.7 A nonlinear model for the time series.
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There are other possibilities to create nonlinear models of time series, but we will not pursue this
discussion here. The interested reader is referred to the referenced literature [22, 23, 31].

This solution of coupling a delay line to the PEs of the MLP was proposed many years ago by
Waibel [33] and was called the time delay neural network (TDNN). The most common TDNN (called
the focused TDNN) is shown in Figure 6.7 and can be considered a nonlinear (static) combination
of adaptive linear FIR filters. The results reported by many researchers (Narendra [34], Mozer [23],
Lapedes and Farber [35], and Principe and Kuo [27], among others) with focused TDNNs were
very exciting and provide a living proof that the arrangement of linear filters followed by static
nonlinearities is appropriate for dynamic modeling.

If the time series is modeled by a stochastic process, as done by Wiener, this topological equivalence
between time series and trajectories in signal space becomes less formal (we do not know of any
result that proves the embedding theorem for random processes). However, the plausibility of
the topological equivalence is still present. Although random processes may require an infinite-
dimensional signal space, the truth of the matter is that real-world time series have a time structure
that can be captured by a finite state Markov chain [36]. This means that there is a vanishing
dependency over time in real time series. If this is the case, then random processes can practically
be embedded in finite-dimensional spaces, and we can also expect that the information between the
time series is mapped entirely into signal space. But can we be sure that the basis sets utilized in the
TDNN are complete in functional spaces?

6.3 Topological Approximation with Static Nonlinear
Combinations of Linear Finite Memory Operators

In optimal nonlinear filtering, we are interested in approximating the class of continuous real valued
functions or its discrete counterparts. Therefore, we are interested in functionals. Wiener was one of
the pioneers to study linear and nonlinear approximations in functional spaces. However, here we are
interested in approximating nonlinear dynamical systems with stochastic inputs by either a continuous
time parametric model or its discrete counterpart. Before the recent interest in neural networks, the
Volterra series was the established procedure to study nonlinear function approximation [37, 38]. The
Volterra series expansion is a generalization of the convolution description of linear time invariant
systems given by

1 t t

() =h(t) + /0 hy (t; ) x (t)dy + % /o /0 hy (t; 1, ) x (M) x () dhdir, +... (6.21)
where x (¢) is the input, y(¢) is the output, and Ay : Rkl 5 9% are multivariate kernels. For linear
systems, only the first two terms are different from zero and they provide the well-known zero-input
response and the convolution operation (zero state response). When seen as an operator, the Volterra
series provides an approximation to a large class of causal, time invariant nonlinear operators in
compact sets and for finite time [38]. Experience has shown that they are not very practical due to
computational problems (multiple integrals, many parameters), and the quality of the approximation
also suffers for low orders, providing only reasonably good approximations at or near an operating
point.

In the early 1980s Figueiredo proposed a methodology for nonlinear system identification based
on a weighted Fock space framework, which is a reproducing kernel Hilbert space of Volterra
functionals [40]. Effectively, his approach leads to a bank of linear filters (made up of Volterra
kernels) combined by static nonlinearities, but his work was largely unnoticed by the neural network
community. Boyd and Chua, in the mid 1980s [42], enhanced the Volterra series framework with
the constraint of fading memory in the operator and showed that it can approximate nonlinear time
invariant operators over infinite time intervals. The same idea of a bank of filters followed by a
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layer of memoryless nonlinearities was proposed. More recently, in the early 1990s, Sandberg [44]
showed specifically that a focused TDNN is a universal approximator for an important class of
functions (which he called myopic maps), formalizing once and for all the intuitive and experimental
arguments outlined above. As an historical note, the constraint of fading memory was mentioned by
Volterra [37] and Wiener [39], but it was never fully utilized by them in the approximation machinery.
This concept makes a lot of engineering sense, stating that the effect of the output of a system is
mostly determined by the short term past of the input.

This chapter now necessarily becomes more formal to show that the focused TDNN (and other
structures built from finite memory kernels followed by static nonlinearities) are, in fact, universal
approximators in functional spaces for the class of functions with approximately finite memory,
which is important in engineering practice. The basis of our presentation is centered on Sandberg’s
results, but we emphasize the role of shift operators in the approximation. We conclude the chapter
with a general class of linear operators that can be used instead of linear FIR filters to implement the
approximately finite memory operators.

6.3.1 The Concept of Approximately Finite Memory (Myopic)

Sandberg proved the following very powerful theorem [45]: Any shift-invariant myopic dynamic
map can be uniformly approximated by a structure consisting of finite sums of the form

Y cio | Y aijQi() +bi (6.22)
i J

where a, b, ¢ are real constants, o is a sigmoidal nonlinearity, and Q(.) is a linear function. Note
that this expression can be implemented by a bank of linear filters nonlinearly combined by a set
of static nonlinearity with a linear output, as shown in the one hidden layer focused TDNN of
Figure 6.7. It is remarkable that such a large class of functions can be approximated by such a simple
topology. The important concept and probably the most interesting to signal processing specialists
is the approximation power achieved by shift evaluations of a given operator and the concept of
approximately finite memory maps. We elaborate only on these two topics here. For a full proof of
Sandberg’s results, see Sandberg and Xu [45].

Boyd [43] defined fading memory mathematically as a weighting function in the definition of a
continuous operator in the space of continuous functions.

DEFINITION 6.1 C () denotes the space of all continuous real valued functions : %t — R with
the norm ||u|| = sup;cp |u(?)].

DEFINITION 6.2  (Boyd). An operator T has fading memory on a subset X of C(J) if there is a
decreasing function w : Ry — (0, 1), tlim w(t) = 0 such that for each u € X and ¢ > 0, there is a
—00

8 > O such that forallv € X,

sup |u(t) — v(l)‘w(—t) <6—=> |Tw)(O0)—Tw)(O)| <e¢. (6.23)

t<0

This definition can also be included in the norm of the topological space in the following way:
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DEFINITION 6.3 On C (), define the weighted norm:

lullw = Nlu@w(=0)| = sup [u(t)w(-=1)] (6.24)

<0

then, T has finite memory on X if and only if a functional F is continuous with respect to the norm
Il - With this weighted norm on C(9), T is compact. It is interesting to note that Figueiredo
utilized the same procedure when he defined the weighted Fock space [40]. The impact of the finite
memory constraint in the structure of the space is enormous. First, it does not imply that signals in X
are time limited. It also means that X is not necessarily a compact subset of C (9t), but it guarantees
that we can obtain approximations valid for all time on noncompact sets [42].

Sandberg’s approach to the finite memory definition is slightly different and extends Boyd’s
definition. We start with the concept of shift invariant operator, which is a simple extension of the
definition given in signal processing textbooks. We will discuss only the case of causal systems. Let
S={x el(Z)|x() =0 for t+ < 0}, where Z is the set of integers. Define the unit step function
u:7Z— NRby

1 ift>0
ult) = { 0 otherwise. (6.23)
Suppose x € S and n € Z. The translate function of x by n, x, : Z — 9, is defined by
Xp(t) = u(t)x(t —n) (6.26)

fort € Z. If n > 0, x,, is a right shift of x. The shift operator R, : § — S is defined by R, (x) = x,
for x € S. Note that R, is a linear operator.

DEFINITION 6.4 A transformation 7 : § — §, not necessarily linear, is right shift invariant
provided that foreveryn € Z*, Te R, = R, o T. Thatis, foreveryx € Sandn € Z¥, T (x,,)(t) =
Tx)(t —n),forallt € Z.

Suppose a, n € Z with a > 0. The window operator of length a located at n, wy, , is defined by

x()n<t<n+a

0 otherwise 6.27)

wn,a(x)(t) = {

for x € S. A transformation 7 : § — § is causal provided that, for every x € S and ¢t €
Z, T(x)() =T (wo,; (x))(1).

DEFINITION 6.5 T is said to be approximated by shift evaluations provided that, for every & > 0,
there exists n such that [T (x)(¢) — T (x,—;)(n)| < e forallx € Sand ¢ € Z.

DEFINITION 6.6  (Sandberg). A transformation 7 : § — S has approximately finite memory
provided that, for every & > 0, there exists n € Z* such that

ITG@) = T (- (0) 0] <& (6.28)

forallx € Sandt € Z. Anexample of such a transformation is implemented by shift invariant causal
linear systems provided the system is bounded input, bounded output stable. An important relation
between approximately finite memory operators and the quality of the approximation achieved by
shift operators is detailed next.
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PROPOSITIONG6.1  Suppose T : S — S isright shiftinvariant. Then T is causal and approximated
by shift evaluations if and only if T has approximately finite memory.

LEMMAG6.1 Ifn,ae€ Zanda > 0,then R, e wo, = wy, 4 ® R,.

PROOF 6.1 Proof of Lemma: Suppose x € S and ¢ € Z. Then,

(Ry @ wo.a(x)) (1) = (wo,a(x)), (1) = u(t) (wo,a(x)) (t —n)

_Ju®x@—-n)if0<t—-n=<a
_{ 0 otherwise. (6.29)
Likewise,
) =u()x(t — if n<t<
(w00 ® Ra@) (1) = Wi (50) (1) = { P L SN CE )

Sincen <t <n+aifandonlyif 0 <t —n < a, this proves the lemma.

PROOF 6.2  Proof of Proposition: First note that, if k € Z7, then (x;)_x = x forall x € S. We
see this as follows:

(k) —x (1) = u(@)xx (1 + k) = u@u(t +k)x(t +k —k) . (6.31)

Since k > 0,¢ + k < O implies t < 0. Thus, u(r + k)u(¢t) = u(t), and the right-hand side above
reduces to x(¢). Suppose that T is right shift invariant causal approximated by shift evaluation on
S. Suppose & > 0. Then there is an n € ZT such that Equation (6.28) holds true for all x € S and
teZ:

T (wt—n,n(x)) ) = Wt—n,n ((xn—t))tfn) (1)
Wo,n ((xn—t))t—n) ()
wo.n ((Xn—1))) (t — (t — n))

wo,n (xn—t)) n) =T (xp—) (n) . (6.32)

I
N N NN
~_~ o~~~

The last equality follows from 7" being causal. Thus,

[T @) (A) = T (wi—p,n (X)) (O] = IT)(@0) = T (xa—r) ()] < & (6.33)

for all x € S and ¢+ € Z. This result is one of the key components in proving the universal
approximation properties of the TDNN and tells about the importance of shift invariance operators for
the representation of time information. The terminology myopic map is preferred to approximately
finite memory because these results can be extended to noncausal systems, where memory loses
meaning [45].

6.3.2 Topological Approximation Using the Stone-Weierstrass Theorem

This section outlines a proof of the universal approximation of TDNNSs for the class of myopic maps,
using causal shift-invariance processes within the framework of the Stone—Weierstrass theorem.
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THEOREM 6.1 If X is atopological space, we denote the set of all continuous real valued functions
on X by C(X,M). If X is a compact Hausdorff space, we may define a metric on C(X, R) by

d(f(x), 8(x)) = sup, ey | f(x) — g (6.34)

which denotes the uniform norm of uniform metric. The lattice operations V and A are defined on
C(X, ") by

(f v &) (x) =max d(f(x), g(x))

(f A g)(x) =min d(f(x), g(x))
for f, g € C(X,N) and all x € X. We note that both of these operations are commutative and that
C(X, M) is a lattice, in the sense that it is closed under both V and A. A subset L C C(X,N) is

a sublattice of C(X, M), provided that L is closed under both V and A. One formulation of the
Stone-Weierstrass theorem is the following [46]:

(6.35)

THEOREM 6.2  Suppose X is a nondegenerate compact Hausdorff space and L is a sublattice of
C(X, M) such that, for all x, y € X withx # y and all a, b € R, there exists [ € L with f(x) =a
and f(y) = b. Then, the uniform closure of L is L = C(X, N).

Throughout the remainder of this section, we assume that X is a nondegenerate compact Hausdorff
space. If A € C(X, N), the lattice generated by A, L(A), is the smallest sublattice of C(X, i) which
contains A. The collection L(A) consists of all functions (necessarily in C (X, %)) which can be
constructed from functions in A by finitely many lattice operations. Let us formalize what we mean
by this construction. We do so recursively, with the recursive construction for a particular lattice
map corresponding to the parenthetization of the lattice expression.

Forn € ZT, amapping L : K" — N is a lattice map provided that (1) L = identity if » = 1, and
(2 either L = fvgorL = fAgfor f: R — R, g: R — N lattice maps with i + j = n for
n> 1.

Denote the collection of lattice maps from R — N by A,. Note that A, € C(N", N) for all
neZt. If AC C(X,N), the statement previously made concerning L(A) can now be rephrased
formally as

LA)={l:X—>N3FneZ" LeA,, and aj,a,...a, € A such that
I(x) =L (a1(x), aa(x), ...05(x)) forall x € X} . (6.36)

A subset B € C(X, M) is said to separate points of X provided that, for all x, y € X with x # y,
there is a function f € B such that f(x) # f(y). We can now state the specialization of the
Stone—Weierstrass theorem that we will use here.

THEOREM 6.3 (Stone—Weierstrass). Suppose that B C C(X, R) separates points of X. Let
A={aeCX,N)|3FB € B, w,c € R such that a(x) = wh(x) + ¢, for x € X} . (6.37)

That is, A is the collection of all compositions of maps from B and simple affine transforms from
N — N. Then, L(A) is dense in C(X, N).

PROOF 6.3 Suppose x,y € X with x # y, and a, b € R. Since B separates points of X, there is
a function 8 € B such that 8(x) # B(y) (and therefore, B(x) — B(y) # 0). Let
a—>b b

.
- e=b-py—2t=2 6.38
TS WTen M PO e =80 (6.38)
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and let @ € A be defined as a(x) = wﬁ(x) + ¢. Then,

—b
_— b — _— 6.39
v = ﬁ() ﬂ( B0+ = ) g 50 =a (6-39)
= — b — _— =
) ﬂ() ﬁ( PO+ ﬂ(y)mx)—ﬂ(y)

Therefore, by Theorem 6.2, L(A) = C(X,N).

‘We now use a theorem enunciated by Hornik, Stinchcombe, and White (HSW) [12] to reformulate
our previous results. Leto : i — [0, 1] be an increasing (non-decreasing) continuous function such
that xll)rrgo o(x) =1and xlimoo o (x) = 0. The idea of applying their theorem to our formulation is

straightforward, as shown in the diagram below:

//\\

5KXSKXSKXSK

P
The theorem from HSW shows that mappings f : )" — 9t of the form

m n
FOLY2 ) =) cio [ D aijy+b; (6.40)

are uniformly dense on compact subsets of )" in C (X, N). The existence of the mappings o, o2,
..oy € Nand L € L(A) comes from our previous theorem, and the map P € P(N) is from the
HWS theorem.

THEOREM 6.4 Suppose B € C(X, N) is a separating collection and that A, the set of affine maps
produced from B, is defined as in the previous theorem. Then P(R) is uniformly dense in C(X, N).

PROOF 6.4 Suppose f € C(X,d)and e > 0. Then, by the Stone—Weierstrass theorem, In €
ZT,ay,a;,...,a, €N, and L : K" — % with L representing a lattice function such that, for every
x € X,
£
[f(x) = L(a1(x), aa(x), ..., ap(x))] < 3 (6.41)

Since L : M"* — N is continuous, L(X) is compact. Thus, by the HWS theorem, there exists
meZ ,ci,bjeRfori=1,....maeR,i=1,...,m,j=1,..., nsuchthat

m n
&
L(yl,yz,...,yn)—Zcia Zai,y,~+b,~ <3 (6.42)

for all (y1, y2, ..., yn) € L(x). Therefore,

S — Z Z‘h/)’t"‘b <

i=1

(6.43)

| ™
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for all x € X. Since the mapping g : X — 9, defined by

m n
g) =Y cio [ Y aijyi+bi (6.44)
j=1

i=1
isin P(A), we have that P(A) is dense in C (X, )). This completes our alternate proof.
One of the aspects that is not apparent from this (nor Sandberg) derivation is how to construct the

myopic maps. They can be implemented by linear shift-invariant stable filters (finite memory), but
neither their order nor their shape is constrained in the proofs.

6.4 Construction of Linear Approximately Finite Memory
Operators

The previous sections studied the power of the combination of a bank of linear filters followed by a
static nonlinearity for universal approximation of nonlinear systems. However, many problems still
need to be faced to design practical systems. Some of the more serious are how to decide the size of
the topologies and how to adapt their coefficients. Here we address only the size of the topologies
by designing appropriate delay operators. We saw how important the concept of finite memory
operators is for universal approximations of nonlinear systems. But we remark that this definition
never implied finite extent operators such as we normally implement with the FIR filter.

Unfortunately, in signal processing, we still almost exclusively use the delay operator, z~!, which
is not a suitable operator for short term sampling intervals because it has too short a memory (just
one sample) [49]. By using delay operators with longer regions of support (eventually infinite), the
number of stages in the cascade can be reduced for a given approximation error. This will make
our dynamic neural networks much more parsimonious and will improve generalization. This fact
has been remarked by several researchers [47, 48]. We will start by providing an intuitive view of
alternate delay operators and then present the class of Kautz functions, which is a set of orthogonal
rational transfer functions that implements arbitrary linear delay operators [50].

6.4.1 Delay Operators in Optimal Filtering

Consider the problem of approximating an unknown linear system with a rational transfer function
H (z) by a causal finite impulse response filter (FIR). This can be accomplished by expanding the
transfer function in a Laurent series around the point z = 0 (also called a power series) [51]:

o
H(z) = Z W - k. (6.45)
k=0
Of course, for any practical implementation, we must truncate the infinite series to a finite length
K
H(z) ~ Z wg - z7* (6.46)
k=0

which we immediately recognize as being a Kth order FIR filter, which can be implemented with a
tapped-delay line and a series of feed-forward weights wy. For example, consider the following low
pass IIR linear system:

(6.47)
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which has two zeros at £0.5j, two poles at 0.5 & 0.5, and a region of convergence (ROC) for
z > 0.707. The pole-zero locations and frequency and impulse responses are shown in Figure 6.8.

T 4
1 Sl
3 2 !
o = 53
o (0]
. 7] ©
— - (0] =1
[ : = =
o Of R 5*2 a
: < £
: g ]
° 5 0
- 0
-1 0 1 0 0.5 1 0 10 20
imaginary digital frequency time (samples)

(@ (b) (c)

6.8 Example filter properties: (a) pole-zero locations; (b) frequency response; (c) impulse response.
If we expand this in a Laurent series up to fourth order,
A~ 142" +075:2 40252 012524 + 0 (z*S) (6.48)

there results the FIR filter shown in Figure 6.9.

6.9 Approximation of IIR system: truncated Laurent series expansion about a pole at 7 = 0.

6.4.2 The Gamma Delay Operator

Note that the power series is effectively an expansion about a pole at the origin. In fact, we have
the freedom to perform the expansion about any point in the z-plane that belongs to the region
of convergence of H(z), and the results should be identical according to the theory of complex
functions [51]. Therefore, let us consider expanding about the real pole at z = a:

H@) =Y wi (z—a)* (6.49)
k=0
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where |a| < 1 to ensure stability. Once again, in any practical implementation, we must truncate the
series to a finite number of terms:

H@) =) wi-c—a)*. (6.50)

This is no longer an FIR filter. In fact, it is a weighted sum of a cascade of identical first order
IIR filters which we have called the gamma filter [S7]. To see this, let us define the gamma kernel
function

G(z) = (6.51)

(z—a)

and then rewrite Equation (6.49) as

K
H(z) = Z wi - G*(2) . (6.52)
k=0

Through recursion of powers of the kernel function, we can represent the transfer function at each
stage in terms of the previous stage:

G =61 G . (6.53)

Equation (6.53) represents a cascade of identical IIR sections. Note that this includes the pure
tapped-delay line as a special case when a = 0. Returning to our example, expanding H (z) up to
fourth order about z = a results in

Ho~1+G@—a) ' +0.75—a)z —a) 2+ (0.25 — 154 + az) (z—a)>3
(6.54)
n (—0.25 —0.75a +2.254% — a3) GC—a)*+0 ((z - a)*5)

which is shown in Figure 6.10.

05 75a+2.2502-a°

6.10 Approximation of IIR system: truncated Laurent expansion about a pole at 7 = a.

Unlike the FIR case, the feed-forward weights now depend on the feedback parameter a. Have
we gained anything by this added complexity? The answer is yes if we can show that the expansion
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about the pole at z = a is a better approximation than the FIR expansion, given the same number of
expansion terms. First, we need a suitable metric to compare the original transfer function with the
approximations. We can use the Itakuro—Saito distance between two power spectra [52]

17 [Si(f) - sj<f>}df_

Dij = — -
27‘[7 S;i(f)

(6.55)

This has the nice interpretation of being the normalized difference between the power spectra of the
two filters. Note that this distance measure does not take phase into account.

We took the expansion about the pole at z = a for orders of 1, 2, 3, and 4, and then compared the
power spectra of the expansion with that of the original transfer function for all stable values of the
feedback parameter. The results are shown in Figure 6.11.

log 4 O[distance(true,approximation)]

e -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
feedback parameter a

6.11 Itakuro-Saito distance between true and truncated expansion power spectrums for order 1 (solid), 2 (dash), 3

(dot), and 4 (dash-dot).

Several points must be noted: (1) for this problem, the global minimum never occurs at the FIR
equivalent of @ = 0; (2) the location of the global minimum depends on expansion order; and
(3) there are multiple local minima but only one global minimum that improves with the order. For
each order expansion, we then took the optimal value of the feedback parameter (shown by the dot
in the curves), computed the frequency response, and compared both it and the FIR expansion to the
true frequency response. The results are shown in Figure 6.12.

The FIR filter can only do spectral shaping through the placement of zeros, while the expansion
about the pole at z = a has the additional freedom of the placement of a single pole (with multiplicity
given by the filter order). Continuing the example, the magnitude of the frequency response of the
FIR expansion and the expansion about z = a for various orders are shown in Figure 6.12. This
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order 1 order 2

frequency response
frequency response

0 — 0
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
digital frequency digital frequency
order 3 order 4
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> >
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(] [0]
=} =]
o o
o Q

0 0

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
digital frequency digital frequency

6.12  Frequency response for the true filter (solid), FIR expansion (dotted), and optimal expansion about z = a
(dashed) for various expansion orders.

simple example shows that there are practical advantages in using alternative delay operators in our
optimal filtering work. Principe et al. [57] showed how to adapt the gamma filter parameters using
gradient descent. Note that the adaptation involves the feedback parameter, but it is still easy to
guarantee stability.

It is interesting to provide the equivalent time domain view of the delay operators in terms of
memory kernels. As we know from adaptive filtering [53] or system identification [54], the selection
of the model order is crucial for good results. On one hand, the order of the model should be
comparable to the extent of the impulse response of the unknown system to allow for the identification
of the time dependencies. On the other hand, if the plant has a long impulse response, this means
that many delays are needed, which may produce over-parameterization (too many parameters) with
high noise sensitivity and poor generalization. We will now show that the gamma filter, which is a
cascade of lowpass filters, has an extra degree of freedom to provide a better compromise between
the extent of the impulse response and the number of free parameters. The impulse response for the
input to the kth gamma memory kernel is given by [57]:

gr(n) = <Z _ }) (1 -aya"* (6.56)

which is depicted in Figure 6.13 for different orders and the same feedback parameter, a = 0.3.
Notice that, in the figure, the time axis has been scaled uniformly by (1 — a); in other words, for a
given filter order, we can still increase or decrease the extent of the impulse response by selecting
the feedback parameter.
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6.13  The impulse response from the input to successive gamma kernel outputs.

Let us define the mean memory depth D of a Kth long gamma memory as

> K
D= nggn) = T (6.57)
n=0

We see that the memory depth of the gamma memory kernel of length K is scaled by (1 —a). Notice
that the memory depth of the FIR of order K is K (since a = 0). Therefore, a K th order gamma filter
can have essentially any memory depth. De Vries and Principe [47] developed a procedure to find
the best memory depth online and applied the procedure in the gamma neural model. We showed
excellent results in the modeling of dynamical systems [58], and classification of temporal patterns
for word spotting [59]. Sandberg proved that the gamma neural network, i.e., a TDNN where the
delay operators are substituted by G (z), is also a universal approximator [55]. Even without a formal
proof, we expect that the rate of convergence of the approximation with the gamma neural network
will be superior to that of the TDNN for the same number of nonlinear PEs and the same number
of delays. The reason for this is the more versatile structure of the memory kernels that are able to
capture longer time dependencies with fewer stages.

6.4.3 Kautz Models

Although it is a straightforward extension of the FIR filter, the gamma filter can be improved further.
One of the drawbacks of the gamma filter is that the basis functions (the impulse responses shown
in Figure 6.13) are not orthogonal, so the adaptation is slow and, practically, only relatively short
filters can be implemented (since each stage is a lowpass filter). We now present a general model that
extends the gamma filter and the FIR to the general class of orthogonal filter structures linear in the
parameters (linear models). The eigenfunctions of linear systems are the complex exponentials [60].
Therefore, we seek orthogonal expansions of complex exponentials. Kautz elegantly solved, in the
1950s, the orthogonalization of the set of continuous time exponential functions, hence the name
Kautz models [50]. We present here the results for discrete problems. See Wahlberg [62] or Oliveira
e Silva [63] for a complete treatment.
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The sequence of functions {¥;(z)} defined by

U@ = (1= afz) 9 )

(6.58)
Wi (2) = CF (1 - aék)z) r)
where
k—1
[1(1-8j2) (1-8%)2)
rée) == (6.59)
[ (= 85) = 57)
j=
and
e (=) (=B (=B |
(1+aP%) (1 + Bipy) - 20 (b1 + ) o
o (=)= -p8)
®
(1+as”%) (1 ) — 2057 (b + )
with
(1+a{al) (1+ esy) — (af +al) (B + 1) =0 (6.61)

forms an orthogonal set. Here {f;} are complex numbers in the region |fx| < 1 and a; and a; are
real constants. Figure 6.14 shows the block diagram that implements an adaptive filter based on the
Kautz functions:

N—-1
H@) =) wi¥(). (6.62)
i=0

The discrete Kautz functions {W; (z)} implement a cascade of second order pole-zero delay kernels
(also called lattice filters) that are orthogonal for delta function inputs. As is well known, if one
desires an orthogonal basis for an arbitrary signal, then the lattices have to be adaptive [64]. The
Kautz kernels are the closest we can get to an orthogonal basis without adapting the coefficients of
the lattice. Due to the special structure of the Kautz kernels, it is still possible to adapt this IIR filter
with an easy check for stability. However, the performance surface of Kautz filters is nonconvex [63].

The general case of the Kautz functions places poles anywhere in the z domain. Equations (6.58)-
(6.61) were written to provide real quantities inside the filter when the input is real. But even in this
case, the designer has the freedom of placing the pairs of complex poles anywhere in the unit circle
and in a position that best approximates the power spectrum of the input time series. This is the most
general case of practical interest. Many interesting results have been achieved in approximations
with Kautz functions [62]. For our work with dynamic neural networks, Kautz functions implement
the most general approximately finite memories.

Kautz functions provide, as special cases, well known system identification structures. Let us give
a few examples. First, consider that 8y = a are all the same and real with |a| < 1. Set

1
a’ =a,ad’) =~ cP =V1-a2, ¢’ = J(1-a?)a (6.63)
a
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X(0) \(1-By2)(1 - 2) (1-By2)(1 - B52) (1= Byo)(1 - B*52)

(z=BpE-B*) (z=By)(z=PB*2) (z=B3)(z—B*3)
Ci(l-az) Cy(1—ayz) C5(1 - as2)
X1 (n) Xz(n) X3 (n)
N W N

Vv

y(n)
(T)

6.14 Block diagram of the Kautz adaptive filter.

and we will obtain the Laguerre functions [61]:

Vi—a2 (1 —az)j_1

Z—a

LiGza)= (6.64)

Z—a

Laguerre functions have been widely used for linear system identification and dynamic neural models
(Wiener and Lee [66] proposed their use to implement the optimal filter in continuous time). They
are an orthonormal set of bases which is dense in the disc of functions, analytic inside the unit circle,
and continuous on the unit circle. If we set a = 0, we obtain the conventional FIR filter. The delay
operator in the Laguerre filter is an all-pass function with apole atz = a and azero at z = 1/a. If the
zero is moved to the origin, we get the gamma delay operator. In fact Celebi and Principe [67] showed
that the Laguerre delay operator is closely related to the gamma delay operator, orthogonalizing the
gamma space. Both decompositions have the same real poles.

6.5 Conclusions

This chapter discussed the area of optimal nonlinear signal processing from a different perspective.
Instead of starting by extending linear optimum filtering, we presented optimal nonlinear filtering
as an approximation problem. As such, we first discussed the approximation with linear operators
in vector spaces and then treated the stochastic case by introducing a probabilistic metric in R". We
went beyond the linear operator case by presenting the multilayer perceptron (MLP) and the radial
basis function (RBF) networks. This chapter also called attention to the primordial role that the basis
functions take to obtain uniform approximation.

Through the introduction of the delay operator as a time-to-space mapping, we treated the case
of optimum linear and nonlinear filtering for both deterministic and stochastic signals. But the
lack of formal proof for an embedding for stochastic signals leads us to present some results of
approximation theory in functional spaces, which clearly show that networks created by a bank of
linear filters followed by static nonlinearities are capable of uniform approximation in a class of
functionals of interest in engineering (the class of finite memory operators). This is, however, an
existence proof, so the work left for the practitioner is to find parsimonious topologies to achieve the
goal.
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With this view, we presented the Kautz filters as the most versatile class of linear operators at our
disposal to create practical, approximately finite memory linear maps. We showed that some of the
conventional delay kernels such as the tap delay line, the gamma, or the Laguerre kernels are special
cases of the Kautz kernel.

This chapter is intended as a integration of concepts normally found in different areas of the
information processing literature. Due to length constraints, we did not cover some of the practical
aspects of creating optimal filters from data, such as how to set the size of the filter topologies and,
more importantly, how to adapt the filter parameters in a robust way. These aspects can be found in
other books such as those by Bishop [11] and Haykin [18].

There are still very important issues to be researched in the area of optimal nonlinear signal
processing. The first is to pursue asymptotic convergence results, which has not been done in
functional spaces. This work should mimic the development of Vapnik in probability spaces for
regression and classification. Hopefully, there will be ways to relate the size of the topologies and
the convergence rate of the approximation. A close second is how to extend these results to the class
of time-varying continuous maps. There are many practical problems in which the input—output
map changes over time. The types of time-varying maps of interest in engineering are the ones
that are created by feedback; these normally produce dynamic changes on a much longer time scale
than the feed-forward dynamics. There is evidence that dynamic neural networks with feedback
have remarkable system identification capabilities, as illustrated in control applications [68] and
in dynamic modeling of chaotic time series [32]. Presently, we do not have a theory to study the
mapping capabilities of such networks.

Lastly, dynamic neural networks must work with real data. Here, adaptation of these topologies
surfaces as the most important of the bottlenecks. First-order search methods such as real time
recurrent learning or back-propagation through time are not powerful enough to train these dynamic
neural networks. There is the problem of long term dependencies [69], which slows down the
training; higher order search methods, such as the multiple streaming DEKF; (decoupled Kalman
filter) [68] are required, but they still do not seem to solve all the problems. Therefore, we have to
be resourceful enough to go beyond the gradient descent learning and incorporate unsupervised and
supervised learning. A timid first step is reported by Euliano and Principe [70].
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7.1 Introduction

7.1.1 What is Blind Signal Separation?

In signal separation, multiple streams of information are extracted from linear mixtures of these sig-
nal streams. This process is blind if examples of the source signals, along with their corresponding
mixtures, are unavailable for training. Blind signal separation (BSS) is sometimes used interchange-
ably with independent component analysis (ICA), although, technically, BSS and ICA are different
tasks. BSS is most appropriate in situations where a linear mixture model is plausible.

Interest in blind signal separation has recently developed for three reasons: (1) the development of
statistical frameworks for understanding the BSS task, (2) a corresponding development of several
useful BSS methods, and (3) the identification of many potential applications of BSS. We provide
brief descriptions of three such applications below.

Array processing in wireless communications — In modern-day wireless communications net-
works, several wireless devices attempt to communicate with a base station. The base station employs
multiple antennas to better receive and isolate the various users’ signals within the spectral band-
width of the communications channel. When the devices’ transmitted signals overlap in time and
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frequency, BSS can be applied to the antenna measurements to separate and enhance the various
transmitted signals without knowing the devices’ positions relative to the base station and without
knowing the exact forms of the transmitted signals [1].

Signal enhancement in medicine — Many noninvasive medical sensing technologies (e.g., EEG
and MRI) characterize bodily processes through multichannel recordings. Due to the complicated
propagation properties of human body tissue, these multichannel recordings can be difficult to de-
cipher. BSS offers the potential of extracting coherent and identifiable signal features that can be
more easily tied to specific bodily functions or ailments [2].

Speech separation in acoustics — Speech signals that are collected by distant microphones in room
environments can be hard to understand, particularly if multiple conversations are ongoing. BSS can
be used to separate individual speech signals from the microphones’ signals, thereby making them
more intelligible and listenable [3].

The above three BSS applications differ in the type of mixing generated by the measurement
process. Generally, two types of mixing conditions are possible: (1) instantaneous or spatial mixing,
in which the mixtures are weighted sums of the individual source signals without dispersion or time
delay, and (2) convolutive or spatio-temporal mixing, in which the mixtures contain filtered, delayed,
and reverberated versions of the individual signals due to multipath effects. In the examples described
above, narrowband array processing in wireless communications involves spatial mixing conditions,
whereas multi-microphone speech separation involves spatio-temporal mixing conditions. Gener-
ally, BSS algorithms for convolutive mixtures are much more difficult to develop and implement
than BSS algorithms for instantaneous mixtures. Even if one’s interest is in the convolutive mixing
case, however, it is quite useful to study the instantaneous BSS task to grasp the fundamental issues
and limitations surrounding various classes of BSS methods.

7.1.2 What is Blind Deconvolution?

Deconvolution describes a discrete-time filtering process that attempts to transform a sampled signal
into one whose samples are statistically independent. Such a process assumes that the signal being
deconvolved is a filtered version of a statistically independent sequence of symbols. This process is
blind if one or more training signal pairs containing the independent symbol sequence and the filtered
version of this sequence are unavailable. Blind deconvolution is sometimes used interchangeably
with blind equalization, although blind equalization usually applies to situations in which the symbol
sequence is discrete-valued.

Blind deconvolution has a number of potential applications in various fields, a few of which are
described below.

Channel equalization in digital communications — When a communications device transmits bit
or symbol information through a physical medium, dispersive effects of the medium can “smear” the
transmitted information, creating inter-symbol interference (ISI) in the received signal waveform. In
situations where the physical nature of the channel remains fixed for long periods, blind deconvolution
can be used to remove ISI in the received waveform, thus simplifying the detection of the transmitted
symbols [4].

Seismic data analysis in geophysical exploration — Geophysicists in search of oil and gas within
the earth use manmade acoustic signals to probe and determine the earth’s local geological structure.
Blind deconvolution procedures can be applied to the received acoustic signals to locate the fuel
deposits more accurately. If a layered-earth acoustic channel model can be assumed, simple linear
predictive procedures are more appropriate [5].
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Image enhancement in astrophysical exploration — When collecting optical images of stellar
objects from a terrestrial telescope, the resolution limits of the imaging system and the effects of the
earth’s atmosphere can degrade image quality. Two-dimensional blind deconvolution procedures
can be used to enhance the collected images and resolve new features of the object under study [6].

Blind deconvolution and blind signal separation are clearly related tasks. Blind signal separation
attempts to enforce spatial independence of two or more signal streams, and blind deconvolution
attempts to enforce temporal independence of a single signal stream. The combination of these two
goals yields the problem of multichannel blind deconvolution. In this task, multiple signal streams are
processed by amultiple-input—multiple-output filtering system to obtain parallel output signal streams
that are approximately independent from sample to sample and from output to output. Multichannel
blind deconvolution is similar to spatio-temporal blind signal separation in that multichannel temporal
filtering is required; however, the goals of the two problems are different. The multichannel blind
deconvolution problem figures prominently in wideband antenna arrays for wireless communications,
in which both spatial separation and temporal equalization of the received symbol streams from
multiple users are desired.

7.1.3 Purpose of Chapter
The goal of this chapter is threefold:

1. to introduce basic concepts, criteria, and algorithms for BSS and blind deconvolution

2. to draw relationships between the BSS and blind deconvolution tasks

3. to consider open issues and challenges within these related fields
As for mathematical notation, all quantities are assumed to be real-valued, although complex-valued
extensions of results are indicated where appropriate. Scalar, vector, and matrix quantities are

indicated by lowercase italic, lowercase bold, and uppercase bold letters, respectively. All signals
are assumed to be sampled discrete-time random processes with time index k.

7.2 Blind Signal Separation of Instantaneous Mixtures

To simplify the overall presentation of concepts and methods, we first consider the problem of BSS
for instantaneously mixed sources, in which no dispersive or convolutive effects are present. The
problem of BSS for convolutive mixing conditions is considered in Section 7.4.

7.2.1 Problem Formulation

Figure 7.1 shows the structure of BSS for instantaneously mixed sources. At the left is the unknown
source signal vector at time k, given by

s(k) = [s1(k) s2(k) ... s, (k)]" (7.1

where s; (k) is the ith source signal. These m source signals are linearly mixed by the (n x m)
unknown mixing matrix A with entries a;;, yielding the n-dimensional measured or observed signal
vector x(k) as

x(k) = As(k) + v(k) (7.2)

where v (k) is an n-dimensional noise vector sequence that is unrelated to the source signal sequence
s(k). In typical BSS applications, the source signals contain useful but unknown information, and
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s(k) & x(k) y(k)

7.1 Block diagram of the blind signal separation (BSS) task.

the mixing model describes the undesirable smoothing and propagation effects inherent in some
physical measurement process. The inclusion of noise within the model accounts for any sensor
noise at the measuring devices. For our discussion, we assume that v(k) contains uncorrelated
and jointly Gaussian-distributed elements that are independent of the elements of s(k), a common
assumption in many signal processing formulations.

An important feature of the BSS model is the relative values of m and n. We can distinguish three
important cases:

1. When m = n, the number of independent sources is equal to the number of measurement
Sensors.

2. When m < n, the number of independent sources is fewer than the number of measure-
ment sensors.

3. When m > n, the number of independent sources is more than the number of measure-
ment sensors.

The case of m = n is most often assumed in theoretical formulations to the BSS tasks, in order to
simplify the derivation of BSS algorithms. In practice, however, it can be unreasonable to assume
that the number of sources is always equal to the number of sensors. In array processing for wireless
communications, for example, sources can “come and go” depending on the current network state
and transmitter use. Of the remaining two situations, the case where m < n is more desirable in
practice, as then all of the sources s; (k) in s(k) can be extracted from x(k) if rank[A] = m using a
linear system of the form

y(k) = B(k)x(k) (7.3)

in the noise-free case, where B(k) is an (m x n) adjustable demixing matrix. In other words, when
the mixing conditions are linear and m < n, a linear demixing system is sufficient to isolate each
source signal s; (k) in a separate output y; (k) in y(k). Such a separation structure is illustrated in
Figure 7.1. It is much more difficult to develop separation solutions for the case where m > n,
because then it is impossible to exactly extract more sources than there are sensors in the noise-free
case with a linear separating system. For this reason, we shall focus on the cases where m < n in
the discussions that follow.

The quality of the source estimates in y(k) can be measured in two ways:

1. A zero-forcing solution removes all source signal crosstalk in the extracted outputs. Such
a solution attempts to adapt the demixing matrix such that

lim B(k)A = ®D (7.4)
k— 00

where @ is an (m x m) permutation matrix with one unity entry in any row or column
and D is a diagonal nonsingular scaling matrix. If such is the case, then
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yitk) = djjsi(k) + Y bi(kymi (k) (7.5)
=1

for some non-replicative assignment j — i for | <i <m and 1 < j < m. Thus, each
element of y(k) is the sum of a single unique source in s(k) and a noise term.

2. A minimum mean-squared error solution attempts to minimize the average squared error
between the estimated outputs and the true source signals, such that the cost function

TwseBE©) = E {[19Dsk) - y®) | (7.6)
is minimized.
When there is no noise (v(k) = 0), the above two solutions are identical.
To date, most BSS algorithms have been designed to work in the no-noise situation, effectively
assuming that v(k) = 0. For this reason, we shall focus on the no-noise case in the following

sections. Recently, several algorithms have been developed to perform minimum MSE BSS; see
Bose and Friedlander [7] and Douglas [8] for a presentation of these methods.

7.2.2 Blind Criteria for BSS

The procedure for adjusting the entries of B(k) depends on what is assumed about the sources in
s(k). Generally, two formulations of the BSS task have been extensively explored: (1) those that use
spatial independence and non-Gaussianity, and (2) those that use spatial decorrelation and temporal
correlation. Recently, a third formulation employing signal nonstationarity has been proposed and
used for BSS [9]—[11]. Our discussion limits its focus to signals with stationary statistics, so that
the former two methods are most appropriate. We first introduce the underlying signal conditions
assumed in these methods before exploring each problem genre more fully.

7.2.2.1 Signal Separation Using Spatial Independence

In this class of BSS methods, each s; (k) is assumed to be statistically independent of s ; (k) for
1 <i < j < n. In addition, the marginal probability density functions (PDFs) of at least (m — 1) of
the sources must be non-Gaussian. Taken together, these two assumptions imply that the joint PDFs
of s(k) is of the form

DPs (81, -+ s 8m) = Ps; (51) X psy (52) X -+ X pg,. (Sm) (71.7)

where py, (s;), the marginal PDF of s; (k), cannot be the Gaussian kernel for more than one value of i.
The non-Gaussianity of the sources is due to certain identifiability conditions that must be satisfied
for this BSS formulation to work properly.

BSS methods that employ this formulation rely on some knowledge of the higher-order or lower-
order amplitude statistics of the source signals to perform separation.

7.2.2.2 Signal Separation Using Temporal Correlation

In this class of BSS methods, each s; (k) is assumed to be uncorrelated with s;(k — I) for
1 <i < j <nandalll. In addition, each s; (k) must exhibit a different level of correlation with
s; (k — I) for some I # 0, such that the values of the normalized correlation coefficients
E{s;(k)si(k — 1)}
pi(l) = —= (7.8)
VESZR)EG? | — D)
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are distinct for all 1 < i < m and at least one value of /[ # 0. The additional constraint on the
correlation statistics of the sources is again due to certain identifiability conditions that must be
satisfied for this formulation to work properly.

BSS methods that employ this formulation rely on some knowledge of the second-order statistics
of the source signals to perform separation.

7.2.3 BSS Algorithms Using Spatial Independence

Approaches for BSS using spatial independence can be classified into one of two types: (1) those
that use density matching of the sources, and (2) those that use contrast function optimization. We
explore the two BSS formulations separately. In each case, we describe a popular algorithm that has
been developed for the particular formulation.

7.2.3.1 Density Matching BSS Using Natural Gradient Adaptation

Density matching BSS methods rely heavily on concepts in information theory, a half-century-
young field with applications in numerous fields including communications, economics, neuro-
science, and physics [12]. Information theory is useful for BSS because with it one can characterize
the amount of shared information in a set of signals. Intuitively, separation is obtained when no
common information can be found between any two output signal subsets.

The basic idea behind density matching can be simply stated as follows: adjust B(k) so that the joint
PDF of y(k), denoted as py(y), is as close as possible to some model distribution py(y). Although
many different formulations to this type of density-match approach can be developed [13, 14],
Cardoso has shown that all of these formulations can be unified using the Kullback—Leibler divergence
measure given by [15]:

~ py(y)
D (pylIpy) =/py(y) IOg(ﬁz(y))dy (7.9)

where py(y) and py(y) are the actual and model distributions, respectively, of the output signal
vector. Equation (7.9) measures the “distance” between py(y) and py(y), although this measure is
asymmetric.

The choice of ﬁy (y) is governed by the assumptions on and a priori knowledge of s(k). If all s; (k)
are identically distributed, a reasonable choice is

Py =C[]ps 00 (7.10)
i=1

where C is an integration constant chosen such that py (y) integrates to unity. This choice of density
model yields a maximum-likelihood (ML) estimate of the demixing matrix B (k) for the given signal
statistics. Alternatively, by estimating the marginal PDFs py, (y;) for the current B(k) and setting
ﬁy y) = ]_[f”: 1 ﬁ)’i (yi), one obtains a minimum mutual information (MI) approach to BSS [15].
The main advantage of Equation (7.9) as a cost function is its statistical efficiency. With a “good”
choice of model ﬁy (y), one can make good use of the source signal characteristics, e.g., to obtain
more accurate source signal estimates for a given data set size. The main drawback to Equation (7.9)
is the practical need to choose a model. The most general choice (MI) is computationally demanding
to compute, whereas the most restrictive choice (ML) can actually lead to algorithm failure if the
marginal PDFs used within py(y) differ too much from the actual distributions of the extracted
vi (k). See Amari et al. [16] for a discussion of the stability conditions that the marginal PDFs within
Py (y) must satisfy for local convergence. Moreover, it should be noted that Equation (7.9) has not
been proven to possess only separating minima for any arbitrary density model choice. As such,
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separation is not guaranteed with this cost function, although numerous simulations have indicated
that ill-convergence is extremely rare for even gross marginal approximations within py(y).

Once a cost function has been chosen, any locally convergent optimization procedure can be
used to adjust the elements of B(k). In what follows, we develop simple gradient procedures for
Kullback-Leibler divergence minimization. For simplicity, assume that each s; (k) is identically
distributed and m = n. An instantaneous cost function whose expected value matches the value of

D(py(y)||Py(y)) up to a constant is

JB) = —log <|detB| [ s <k)>> (7.11)

i=1

where det B is the determinant of B. Using simple calculus, a stochastic gradient descent procedure
can be derived from this cost function as

0T (B(k
Bk+1) = B(k)—u(k)% (7.12)
= B+ 1) [BT (0 — £ k)X ()| (7.13)

where f(y) = [f(y1) - fOm)], f(y) = —dlog ps(y)/dy, and (k) is a small positive step size.
Moreover, although derived for identically distributed source signals, Equation (7.13) can perform
BSS even for simple choices of f(y). For example, choosing f(y) = y3 allows Equation (7.13) to
separate negative-kurtosis source signals (i.e., E {sf} —3E 2{51.2} < 0), whereas the choice f(y) =
sgn(y) is effective for instantaneously mixed speech signals. The main drawbacks of Equation (7.13)
are (1) its computational complexity, as B~7 (k) must be computed, and (2) its slow convergence
speed when A is ill-conditioned.

It is widely accepted that stochastic gradient descent suffers from slow convergence in many
practical problems due to dependencies in the data being processed. The oft-proposed remedy for
this situation is a Newton-based update, such as that provided by least squares methods in linear
regression tasks [17]. Such a procedure makes sense when the error surface being searched is
nearly quadratic. In BSS, however, the cost function is not quadratic. Fortunately, a modification
to Equation (7.13) has been developed that largely removes all effects of an ill-conditioned mixing
matrix A. Termed the natural gradient by Amari [18] and the relative gradient by Cardoso [15], this
modification is

Bk+1) = Bk) —puk) B (k)B(k) (7.14)

0.7 (B(k))
oB
= B + o) [ 1= £ KDY *) | Bk . (7.15)
To see how Equation (7.15) behaves, define the combined system matrix C(k) as

C(k) =B(k)A . (7.16)

Clearly, we desire C(k) — ®D over time, from Equation (7.4). If we post-multiply both sides of
Equation (7.15) by A and recognize that y (k) = C(k)s(k), we can write the update in Equation (7.15)
as

cw+4)=cw)+um)P—f«xmummﬂmc%m]cwy (7.17)

Notice that this expression depends only on the combined system matrix C(k), the source signal
vector sequence, and w(k); the mixing matrix A has been absorbed as an initial condition into
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C(0) = B(0)A. Thus, the deterministic evolutionary behavior of the combined system C(k) is not
fundamentally limited by A, as long as C(k) can easily escape from “bad” initial conditions, and
simulations indicate that C(k) escapes from “poor” initial conditions even for small values of w (k).
The adaptive performance of the algorithm is further aided by the “good” statistical properties of the
sequence s(k) (e.g., its independent elements). For all of these reasons, Equation (7.15) possesses
excellent adaptation behavior. The uniform performance provided by Equation (7.15) is due to the so-
called equivariance property provided by the natural/relative gradient BSS update [15]. Amazingly,
this performance improvement comes with an added benefit: the algorithm is made simpler because
B~ 7 (k) need not be computed. For more details regarding the natural gradient and its properties,
see Douglas and Amari [19].

7.2.3.2 Contrast Function Optimization for BSS Using Constrained Adaptation

The concept of a contrast function for blind signal separation was introduced by Comon in his
seminal 1994 paper [20]. A contrast function is a non-quadratic cost function that depends on a single
extracted output signal. This function is used in a constrained minimization or maximization proce-
dure over the demixing matrix elements to extract independent sources from their linear mixtures.
Like density matching, BSS methods that use contrast functions rely on the spatial independence
and non-Gaussianity of the source signals to perform separation. Unlike density-based methods,
however, contrast-based BSS methods do not require significant knowledge about the natures of the
source signal PDFs in order to perform separation.

The structure of a typical contrast-based BSS system is shown in Figure 7.2. This system contains

s(k) A x(k) p v(k) W y(k)
m n m m
-
r

7.2 Block diagram of the contrast-based BSS task.

two processing stages (m < n):

1. a prewhitening stage, in which an (m x n) prewhitening matrix P is used to compute a
prewhitened signal vector sequence as

v(k) = Px(k) (7.18)

2. a separation stage, in which an (m x m) separation matrix W is used to extract the
individual sources from v(k) as

y(k) = W(k)v(k) . (7.19)
Comparing Figures 7.1 and 7.2, it is clear that B(k), W(k), and P are related by
Bk) = Wk)P. (7.20)

Unlike density matching approaches, however, P and W (k) are not jointly adapted; each matrix is
optimized separately under its own criterion.
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The goal of the prewhitening stage is to calculate a prewhitened signal sequence v(k) whose
covariance matrix is

E{wmvﬁm}wl. (7.21)

In other words, elements of the prewhitened signal vector sequence are spatially uncorrelated and
of unit variance. If block processing is employed, any one of a number of different procedures
can be used to calculate the matrix P from the measured sequence x(k), e.g., using an eigenvalue
decomposition of the deterministic autocorrelation matrix of x(k) over the data block. Many adaptive
prewhitening procedures are also available; two such procedures are

Pk +1)

mm+up—w@ﬂmﬂmm (1.22)

Pk + 1) P@y+up—v@wﬁm]. (7.23)
See Douglas and Cichocki [21] for a description and analysis of these approaches. The reason for the
prewhitening stage in contrast-based BSS methods becomes clear when one considers the combined
mixing-plus-prewhitening matrix that relates v(k) to s(k), as given by

T=PA. (7.24)

It is straightforward to show that, if P is a prewhitening matrix, I" is orthonormal; that is, rr’ =
I'’T = I. Hence, the separation matrix W (k) in the second processing stage can also be constrained
to be orthonormal. The key feature of such a constraint is the uniqueness of each of the rows of
W (k); that is, once a source has been extracted by the ith row of W (k), its solution can be effectively
“ignored” in solving for the other rows of W (k) by making these other rows orthogonal to the ith
row. Such a constraint can be imposed in one of many different ways, such as Gram—Schmidt
orthogonalization or a singular-value decomposition.

The optimization procedure used to calculate any one row of W (k) in this formulation of the BSS
task has the general form

maximize or minimize Jc (wi(k)) = ¢ [yi(k)] (7.25)
such that wiT(k)wj(k) = dij, 1<j<m (7.26)

where W(k) = [wy(k) --- w,,(k)]T and ¢[y; (k)] is a contrast function that depends on the ith
output signal sequence y; (k) = wl.T (k)v(k). The constraint in Equation (7.26) makes effective use
of the prewhitening conditions while providing an additional benefit: the potential solutions for each
w; (k) are, by definition, bounded.

The choice of the contrast function ¢[y; (k)] is the critical component in contrast-based BSS
methods. This function must identify separating solutions at extremal values for the particular
amplitude statistics of the sources in s(k). The best known and most popular choice of contrast
function is the squared kurtosis contrast given by

e Lyi ()11 (7.27)
E{mior] =32 {inwr) (7.28)

b [yi (k)]
K [yi (k)]

where k[y; (k)] is the kurtosis of the output signal y; (k). It can be shown in the noise-free case that
¢« [y (k)] achieves its maximum value in each w; (k) corresponding to a separating solution

W(K)T = ®D (7.29)
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if the orthogonality constraints in Equation (7.26) are satisfied and if «[s; (k)] # 0. The latter
condition is satisfied by most source signals; a notable exception are Gaussian sources, which have
k[si (k)] = 0. In practice, one requires that at least (mz — 1) sources have non-zero kurtosis for this
procedure to work, as the zero-kurtosis source can be extracted using the orthogonality constraints
in Equation (7.26). The calculation of w; (k) to solve the contrast BSS task in Equations (7.25)
and (7.26) can take one of many different forms. Since ¢[y; (k)] is non-quadratic in w; (k), iterative
procedures for w; (k) are most often used. One of the most popular procedures for contrast-based
BSS is the fastICA algorithm developed by Hyvérinen and Oja [22]. This method is a block-based
procedure for maximizing the kurtosis-based contrast in Equation (7.27); as such, it uses block
averaging to approximate the statistical expectations in Equation (7.27). The updates for a given
N-sample block of data are

N—1
Witk = [Z vk + vk + l)} — 3w; (k) (7.30)
=0
Wikt N = b (31)
’ W ()| '

The update in Equation (7.30) can be shown to be an approximate Newton step for maximizing
the kurtosis contrast function in Equation (7.27), whereas the second step maintains the unit-length
constraint on w; (k) imposed by Equation (7.26) for i = j. To extract several sources in parallel,
an orthogonalization procedure can be applied to each w; (k) either during or after the coefficient
updating step. If the mixing conditions remain fixed over the data set, the same block of data can
be used to compute each block average, such that v(I) = v(I + N) for all /. In such cases, the
convergence of this procedure can be quite fast, often occurring in ten iterations or less.

The fastICA algorithm described above uses the kurtosis within its contrast function. It is possible
to choose other contrast functions ¢[y; (k)] within the constrained optimization procedure. As in
density matching, the performance of the separation method can be improved by careful matching
of the form of the contrast to the source signal statistics. It should be noted, however, that other
choices of contrast function can generate spurious non-separating solutions for each w; (k). For
simple polynomial-based output contrasts, only kurtosis-based contrast functions appear to uniquely
identify the class of separating solutions satisfying Equation (7.4) for arbitrary signal statistics [23].
This area is the subject of much current research, however, and new contrasts that separate a wide
class of source distributions may appear in the future.

7.2.4 BSS Algorithms Using Temporal Correlation

The use of temporal correlation properties of the sources for BSS was pioneered by the work of
Molgedey and Schuster [24] and later refined by Belouchrani et al. [25]. These approaches rely
on a different set of signal properties as compared to the approaches described previously. In
particular, spatial independence of the sources is not required; rather, the sources need only be
spatially uncorrelated such that

E{si(k)sj(k +1)} =0 fori # jandall . (7.32)
This condition is weaker than spatial independence, and it also can include nearly Gaussian-distributed

sources. In addition to this condition, the sources must be temporally correlated such that the nor-
malized cross-correlation matrix

Ry () = [E{s(k)sT(k)}]_l E {s(k)sT(k + 1)] (1.33)
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has m unique eigenvalues for some value of / # 0. This condition is identical to the uniqueness of
the p; (1) values in Equation (7.8) due to the diagonal nature of both matrices on the right-hand side
of Equation (7.33).

To see how the above condition yields a separating solution, consider the corresponding normalized
cross-correlation matrix of the input signals

R (D)

[E {x(k)xT(k)]]_1 E {x(k)xT(k n 1)] (7.34)

[AE {s(k)sT(k)} AT]_1 AE {s(k)sT(k n l)} AT . (7.35)

Without loss of generality, assume that each source signal has unit variance, such that E {s(k)s” (k)} =
I, and m = n. Then, we have

Rux (D)

ATTE [stos” k + D] AT (7.36)

= A TRGOAT . (7.37)
Define the eigenvalue decomposition of R () as

Ru() =QAQ ™. (7.38)
Then, we have

A() = ®R(H)®” and Q = AT o7 (7.39)

such that the demixing matrix B can be calculated as
B=Q". (7.40)

Thus, all that is required is an eigenvalue decomposition of a normalized cross-correlation matrix.

In practice, most BSS methods that use temporal correlation identify the demixing system by
solving the following nonlinear system of m? equations for the m? entries of B = [b; ... b,,]"
when m = n:

biTE{x(k)xT(k)}bj = 8. l<i<j<m (7.41)
b E{x(ox"(k+D)b; = 0. 1si<j=m. (7.42)

Procedures that solve this type of task are referred to as joint diagonalization procedures, as they
search for a matrix whose rows are the eigenvectors of at least two different structured data matri-
ces. Alternatively, a two-stage approach similar to contrast optimization can be used, whereby the
first prewhitening stage yields a prewhitened sequence v(k) whose eigenvectors are the orthogonal
separating matrix through

WTE {v(k)vT(k + 1)} wW=I. (7.43)

Solutions of the above type can be found in Diamantaras [26]. BSS using temporal decorrelation
has the distinct advantage of requiring only second-order statistics to be estimated. Thus, there is
likely to be a numerical advantage when finite-length data records are used to estimate the data-
dependent quantities needed within the separation method. These methods have the drawback,
however, of requiring a rather artificial constraint on the normalized cross-correlation values p; (/) in
Equation (7.8). The performance of this class of methods deteriorates when the normalized cross-
correlations become close to one another for the chosen lag value . For this reason, it is a good idea
to use several cross-correlation matrices for different values of / in a joint diagonalization criterion,
as recommended by Belouchrani et al. [25], to increase the odds of good identifiability.
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7.3 Single-Channel Blind Deconvolution

This section introduces the mathematical notation for the blind deconvolution task. We also indicate
the relationships between this task and BSS for instantaneous mixtures, showing how these BSS
algorithms can be translated to the blind deconvolution task.

7.3.1 Problem Formulation

Figure 7.3 indicates the structure of the blind deconvolution task. An unknown signal, given by s (k),

s(k) y(k)

B(z)

7.3 Block diagram of the blind deconvolution task.

passes through an unknown linear time-invariant filter with impulse response a;, —00 < i < 00.
The resulting noisy received signal x (k) is given by

[e.¢]

x(k)= Y aisk — i)+ v(k) (7.44)

i=—00

where v (k) is a zero-mean Gaussian random process that is independent of the source signal s (k). In
typical applications, the source signal contains useful but unknown information, and the unknown
filter describes the smoothing effects of a physical system. The measurement noise v(k) models any
sensor and channel noise inherent in the measurement process.

The goal of the blind deconvolution task is to extract an estimate of the source signal sequence
s (k) from the measured sequence x (k) using a linear filter of the form

L
yky =Y bik)x(k —1) (7.45)

=0

where b; (k) for 0 <[ < L are the coefficients of the system and L is a filter length parameter. In this
model, we have assumed a causal finite-impulse-response (FIR) filter for the deconvolution model.
FIR models are ideal candidates for adaptive filters, as they are both computationally simple and
bounded-input—-bounded-output stable for bounded coefficients. As in the BSS task, the quality of
the signal estimates can be measured using one of two criteria:

1. The zero-forcing solution attempts to attain the following condition:

L
li i — D)~ ds;_ 7.4
Jim ZZO:bl(k)a(z )~ ds;_n (7.46)

where d is a scalar constant and A is a positive integer delay. If this is the case, then y (k)
is the sum of a scaled, time-shifted version of s(k) and a noise term, or
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L
y(k) =dstk — A) + Zb[(k)v(k -D. (7.47)
=0

In other words, a single unique sample of the source sequence contributes to each sample
of the output sequence. Note that the FIR form of the deconvolution model prevents the
exact extraction of the source signal sequence; however, such a condition can be nearly
attained for suitably large values of L and A.

2. The minimum MSE solution calculates b;(k), 0 < < L to minimize the criterion

Tuse (i) = E {1dste = 2) = yo P} . (7.48)

The solution to this problem is a special case of the well-known Wiener—Hopf solution
in linear estimation [27].

When there is no noise (v(k) = 0), the above two solutions are identical. As in the case of BSS, we
ignore the effects of v (k) in the discussion that follows; however, it should be noted that this noise can
be significant in many applications, such as in channel equalization for wireless communications.

7.3.2 Relationships between Blind Deconvolution and BSS

Comparing Figures 7.1 and 7.3, it is not hard to see that blind deconvolution and blind signal
separation are similar tasks. Both problems involve blindly estimating the inverse of a linear system
from measurements of the system’s output. Therefore, it should not be surprising that blind signal
separation methods can be easily translated to solve blind deconvolution tasks. The technique for
performing this translation is now described. Additional details about this process can be found in
Douglas and Haykin [28].

Consider the BSS task in Figure 7.1 under the assumption that m = n and the mixing matrix A is
circulant. A circulant matrix has entries

Qij = Ali—jln (7.49)

where [q],, denotes the modulo-m or remainder operation on the integer g. A circulant matrix
is completely specified by any one row or column, as the other rows or columns of the matrix
are simply modulo-shifted versions of this row or column. For example, the first column of A is
[ao ai . ..am—1]7, the second column of A is [ay,—1 dg - .. am—217, and so on. The assumption of a
circulant mixing matrix is completely artificial; practically no physical mixing system exhibits this
structure. As we shall see, however, the circulant form of this BSS task yields a simple connection
with the blind deconvolution task.

Under circulant mixing conditions, the observed mixture x(k) has the form of a cyclic convolution
of the elements of s(k) and the elements of any one row of A, as

m
xi(k) =Y ay_j,sjk), 1<i<m. (7.50)
j=1

Since the mixing matrix is circulant, the demixing matrix B(k) can also be assumed to be circulant,
such that

bij = bji—j), - (7.51)
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The resulting output signal vector y(k) is computed using a circular convolution as

m
i (k) = Zb[i_j]mxj(k), l<i<m. (7.52)
j=I

The goal of the BSS task in this scenario is to adjust the elements of b; (k) such that

m—1
li bik)ai—;j = déji—na1, , 0<i<m-—1. 7.53
kl)ngo/;) ]( )a; Jj [i—Alm =t=m ( )

Such a solution yields a scaled and modulo-shifted version of the elements of s(k) in y (k).

Comparing the forms of Equations (7.50), (7.52), and (7.53) with the corresponding equations
for blind deconvolution in Equations (7.44), (7.45), and (7.46), we see that they are quite similar in
form if we assign

sitky=sk—j), xjk)=xtk—17j), yjk)=yk—j), and m=L+1. (7.54)

The only differences are (1) the limits of the sums and (2) the modulo operations within the circular
convolutions. Since the BSS task for circulant mixtures is in the exact form of a BSS task, however,
one can derive algorithms for separating circulant mixtures using similar derivations and assumptions
as in the regular BSS case. Once these updates have been obtained, they can be translated to the
blind deconvolution task using the following three-step procedure:

1. Let m — oo, such that circular convolutions become linear convolutions [29].
2. Truncate the length of any filters within the separation system to FIR form.

3. Insert delays within any filtering and/or coefficient update operations such that all calcu-
lations become causal.

The resulting blind deconvolution algorithms have abilities that correspond to their spatial BSS
counterparts in terms of the underlying source signal statistics as well. This translation procedure
can generally be applied to any BSS method, as long as the statistical assumptions on the source
signals make sense within the translation.

7.3.2.1 Density Matching Blind Deconvolution Using Natural Gradient Adaptation

Douglas Haykin [28] applied the aforementioned translation procedure to the density-matching
BSS algorithm in Equation (7.15) for complex-valued signals and coefficients. The resulting blind
deconvolution algorithm updates each coefficient b;(k), 0 <! < L in the deconvolution filter as

btk +1) = bi(k) + p[bi(k) — f(y(k — L)u*(k = D] (7.55)

where * denotes complex-conjugate and the filtered output signal u (k) is computed as

L
(k) =Y b _;(k)yk —i) . (7.56)
i=0

This algorithm employs approximately four complex multiply/adds per filter tap per sample, making
it a remarkably simple adaptive procedure. In addition, it can deconvolve a wide range of source
signal sequences depending on the chosen nonlinearity f(y). See Douglas and Haykin [28] for
a simulation example involving complex-valued quadrature-amplitude-modulated (QAM) source
signals.
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7.3.2.2 Contrast Function Optimization for Blind Deconvolution Using
Constrained Adaptation

The aforementioned derivation method can also be applied to the fastICA algorithm in Equa-
tions (7.30) and (7.31). This derivation results in the following changes to the fastICA algorithm [30]:

* The prewhitening step is implemented using a prewhitening filter of the form

M
(k) =Y pix(k — i) (7.57)
i=0

where p;, 0 <i < M are the coefficients of the prewhitening filter. The values of p; can
be calculated in any one of a number of different ways, such as a forward linear predictor
or using the temporal extensions of the prewhitening algorithms in Equations (7.22)
or (7.23) [30].

* The unit-norm constraint on the rows of W(k) becomes an allpass constraint on the
frequency response of the deconvolution filter. An allpass or phase-only filter has a unity
magnitude frequency response.

One way to approximate the allpass constraint using an FIR filter is to normalize the overall frequency
response of the deconvolution filter using the discrete Fourier transform after each block update.
The algorithm obtained from this procedure shall be called the fastdeconv algorithm for purposes of
discussion. The updates of this algorithm for an N-sample block of complex-valued data are

N—1
k) = [Z )yz(k—l—i)‘y(k—i-i)v*(k—i-i —l)} — 3w, (k) (7.58)
i=0
- L
Wity = Y i, (ke 2t/ (4D (7.59)
p=0
W (k)
Wik) = — 7.60
0] (7.60)
L
wik+N) = L;_HZWq(k)eﬂ”l"/(LH) (7.61)
q=0

where j = +/—1. In addition, if (L + 1) is a power of two, this method can be further simplified
by using the fast Fourier transform to implement the discrete Fourier transform calculations in the
normalization step. Similar frequency-domain normalization methods can be used for gradient-based
contrast optimization; see Douglas and Kung [30] for more details on these procedures.

7.4 Spatio-Temporal Extensions

We now consider the spatio-temporal extensions of BSS and blind deconvolution, namely, the mul-
tichannel blind deconvolution and convolutive BSS tasks, respectively. Both of these extensions
involve the same overall mixture model and separation structure, but they differ from one another in
terms of their goals and underlying assumptions on the source signals.
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7.4.1 Common Problem Formulation

Figure 7.4 shows the common mixture model for the multichannel blind deconvolution and con-
volutive BSS tasks. In this model, an m-dimensional signal vector sequence s(k) passes through

B(z) ——

7.4 The common block diagram of the multichannel blind deconvolution and convolutive BSS tasks.

an unknown linear time-invariant (rn x m) multichannel filter with matrix impulse response A;,
—o0 < i < oo. The resulting noisy received signal vector sequence x(k) is given by

x(k) = Z Aistk — i) + v(k) (7.62)

i=—00

where v (k) is a zero-mean Gaussian vector random process that is independent of the source signal
s(k). In both applications, s(k) contains m unknown signals that are spatially independent from one
another, and the unknown multichannel filter describes the mixing and smoothing effects of some
multiterminal physical system. The measurement noise vector sequence v (k) models any sensor and
channel noise inherent in the measurement process.

Solutions for both the multichannel blind deconvolution and convolutive BSS tasks attempt to
extract an estimate of the source signal sequence s(k) from the measured sequence x(k) using a
multichannel linear filter of the form

L
y(k) =Y Bi(ox(k — 1) (7.63)

=0

where B;(k), 0 < I < L are the (m x n) matrix coefficients of the separation system and L is a
filter length parameter. Again, we have assumed a causal FIR filter for the multichannel separation
model, as FIR models are ideal candidates for adaptive procedures.

The desired solutions for the multichannel blind deconvolution and convolutive BSS tasks are
generally different. Despite this fact, we can develop a common notation for measuring the qualities
of the signal estimates in the output sequence y (k) in both tasks:

* The zero-forcing solution attempts to attain the following condition:

L
T N . .
Jim > Bi(AG — 1) ~ ®D(i) (7.64)
1=0
where @ is an (m x m) permutation matrix and D is a sequence of (m x m) diagonal
matrices whose diagonal entries are denoted by d;;(i), 1 < j < m. If this condition is
met, then

o0 L n
vity= > djjsik =D+ Y Y bipik)vpk — D) (7.65)

l=—00 =0 p=1
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for some non-replicative assignment j — i for 1 <i < mand 1 < j < m, where
b;ji (k) is the (i, j)th entry of B;(k). Thus, each sequence y; (k) in the vector sequence
y(k) contains a single unique, filtered source sequence s; (k) in s(k), along with a noise
term.

¢ The minimum MSE solution calculates B;(k), 0 </ < L to minimize the criterion

) [ > D()sk — i)i| —y(k)

=—00

2

Iuse(Bi(k)}) = E (7.66)

The solution to this problem is the multichannel equivalent of the well-known Wiener—
Hopf solution in linear estimation [27].

As in previous discussions, both the zero-forcing and minimum MSE solutions for B; (k) are identical
when the noise v(k) is absent, and we shall ignore the effects of v(k) in what follows.

7.4.2 Multichannel Blind Deconvolution

7.4.2.1 Assumptions and Goals

The multichannel blind deconvolution task is the logical union of the BSS and blind deconvo-
lution tasks. As such, the underlying assumptions and goals for this task are closely related to those
described for these similar tasks.

As for the underlying signal assumptions in multichannel blind deconvolution, each signal s; (k)
is assumed to be temporally as well as spatially independent, such that s; (k) does not carry any
information about s; (/) when i # j or when k # [. This assumption is the logical union of the
spatial and temporal independence assumptions used in BSS and blind deconvolution, respectively.
Such an assumption is reasonable in certain scenarios, such as in wideband array processing for
multiterminal wireless communications scenarios.

The goal of the multichannel blind deconvolution task in the noise-free case is given by Equa-
tion (7.64) for v; (k) = 0, where the diagonal entries of D(i) have the form

djj(i) =djj (8;)8 (i — Aj) (7.67)

where Ay, Ay, ..., A, are all integers in the range [0, L]. If such is the case, then in the noise-free
case, the zero-forcing and minimum MSE solutions yield the output sequences

yi(k)Zdjj (Aj)sj (k—Aj) (768)

for some non-replicative assignment j — i for | <i <mand 1 < j < m. In other words, each
vi (k) in the vector sequence y (k) contains a single unique, possibly delayed source sequence in s(k).
Thus, multichannel blind deconvolution attempts to make each sample in every extracted output
vector y(k) independent of all other samples in the current, previous, and past output vectors.

7.4.2.2  Algorithms for Multichannel Blind Deconvolution

It is possible to transform BSS algorithms for instantaneous mixtures into multichannel blind
deconvolution algorithms. The transformation process involves following three simple rules that
make associations between matrices in the BSS task, such as A, B(k) and f (y(k))xT (k), and matrix
sequences in the multichannel blind deconvolution task, such as A;, B;(k) and f(y(k))x” (k — I).
These rules can be summarized as follows [28, 39]:

1. Multiplication of two matrices in instantaneous BSS is equivalent to convolution of their
associated matrix sequences in multichannel blind deconvolution.
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2. Addition of two matrices in instantaneous BSS is equivalent to element-by-element ad-
dition of their associated matrix sequences in multichannel blind deconvolution.

3. Transposition of a matrix in instantaneous BSS is equivalent to element-by-element
transposition and time-reversal of its associated matrix sequence in multichannel blind
deconvolution.

In addition, it may be necessary to employ approximations, such as sequence truncation and insertion
of delay, in order to arrive at an implementable algorithm. Similar approximations have been used
in deriving the blind deconvolution algorithms in Section 7.3.2.

The above procedure can be applied to the density matching BSS algorithm using natural gradient
adaptation in Equation (7.15). The resulting coefficient updates for B;(k), 0 <[ < L, are [31]

Bik+1) = By(k)+MK) [Bitk) — vk — Lyu” (k= 1) (7.69)
L

uk) = > Bi (kytk—i) (7.70)
i=0

where y(k) is as defined in Equation (7.63) and M (k) is a diagonal matrix of step size values u; (k),
1 < i < m. The separation capabilities of this algorithm for a given set of nonlinearities in f(y)
mirror those in the original algorithm for instantaneous BSS; see Amari et al. [16] for the local
stability conditions.

The above procedure can also be applied to contrast function optimization for instantaneous BSS
algorithms. The resulting methods employ two stages of processing. The first processing stage
implements a multichannel prewhitening filter. The second processing stage involves another mul-
tichannel filter whose coefficients are optimized according to a constrained optimization procedure.
The sets of constraints on the impulse response W;(k), 0 <[ < L, of this system can be approxi-
mately described as

L
ZW(Z)WT(i + 1) = 18(7), —L<i<L. (7.71)
1=0

Equation (7.71) describes the impulse response of a paraunitary filter. Paraunitary filters are useful
for numerous problems, particularly in multirate systems and coding applications [32]. Moreover,
adaptive algorithms for adjusting the coefficients to maintain approximate paraunitariness of the
overall system impulse response have recently been derived [33]. See Sun and Douglas [34] for
examples of algorithms that are based on this approach.

7.4.3 BSS of Convolutive Mixtures

7.4.3.1 Assumptions and Goals

The convolutive BSS task is similar to the multichannel blind deconvolution task in that the
sensor measurements follow the same model as in Equation (7.62). The goal, however, is not to
“separate” in both space and time; rather, spatial separation is the overall goal. Thus, the sources
need only be spatially independent, such that s; (k) is independent of s;(k + ) for i # j and all
[. Moreover, the desired solution in the noise-free case is given by Equation (7.64), where each
impulse response d; (i) has non-zero gain at all discrete-time frequencies w in the range |w| < 7. In
effect, the temporal characteristics of the sources are ignored in the separation task, and the system’s
outputs can only achieve zero crosstalk among the individual sources.

In acoustics, the convolutive BSS task is most easily understood as the “cocktail party problem,”
whereby the goal is to extract m individual talkers’ speech as recorded by n microphones in a
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multichannel audio recording system. Clearly, the intelligibility of the speech is only partially
affected by temporal filtering, and such intelligibility can be improved using post-processing of the
individually extracted signals.

7.4.3.2 Algorithms for BSS of Convolutive Mixtures

Several algorithms that are specifically designed for separating two-channel convolutive mix-
tures of spatially independent sources (e.g., a stereo audio recording of two talkers) have been de-
scribed in the literature [35]-[38]. These estimation-based methods rely heavily on the two-channel
nature of the underlying problem, and their performances are greatly enhanced when separating
single source dominant mixtures, in which each of the unknown sources is the loudest in only one of
the signal mixtures. In such cases, successful separation has been achieved using least squares-type
approaches, which inherently rely on second-order statistical properties of the signals [35]. There
are surprisingly few algorithms specifically designed for BSS of convolutive mixtures of more than
two source signals. The difficulty in this task is the use of temporal information, as the correlation
properties of the unknown source signals are nuisance parameters in the design of the multichannel
separation filter coefficients. Although the general m-source, n-sensor convolutive BSS problem
appears to be challenging, many researchers have noted that multichannel blind deconvolution al-
gorithms can give quite adequate separation performance in the convolutive BSS task. In other
words, an algorithm that is designed for separating spatially and temporally independent signals
from spatio-temporal mixtures can often do a reasonable job of separating spatio-temporal mixtures
of temporally dependent signals. One such example is the natural gradient algorithm for multichan-
nel blind deconvolution in Equations (7.69) and (7.70), of which various algorithm forms have been
applied extensively to audio recordings [39]-[42]. Not surprisingly, these methods tend to flatten the
spectral content of the sources in the extracted outputs, although this “whitening” effect is not an ex-
act second-order whitening operation. For speech signals, the extracted signals are quite intelligible
despite their thin acoustic character. For music signals, the deconvolution properties of the method
can significantly alter the extracted source signals; such results are discussed in the following section
on simulation.

7.5 Simulation Examples

This section illustrates the performance of several of the algorithms described in this chapter through
simulations. In every case, we have used MATLAB, the popular signal analysis and manipulation
software package, to implement and simulate each algorithm. For the instantaneous BSS and single-
channel blind deconvolution examples, the relevant programs are provided in figures at the end of
this chapter to enable readers to conduct experiments of their own.

7.5.1 BSS for Instantaneous Mixtures

We first explore the behaviors of two algorithms for instantaneous BSS. In both cases, we have
implemented a three-input, three-output (m = n = 3) separation system. The three source distribu-
tions were uniform, binary, and Gaussian, respectively, all with zero means and unit variances. The
mixing matrix was arbitrarily chosen as

—08 0.1 06
A=| 03 05 —07 |. (7.72)
04 —09 02
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In each simulation run, we evaluated the performance metric

m max |¢;;(K)[*  max |cji(k)|?
1 1 1<j<m I<j<m
S DY i@ Y e
j=1 =1

This dimensionless performance metric measures the deviation of the combined system from a
diagonally scaled permutation matrix. In fact, the performance metric has the following features:
¢ 0 < p(k) <1 for all matrices C(k)
* p(k) = 1 if and only if |c,-j(k)|2 = |cpq(k)|2 for all i, j, p, and ¢ in the range [1, m]
(i.e., maximally mixed sources in the system outputs)

* p(k) = 0if and only if C(k) = ®D (i.e., separated sources in the system outputs)

Figure 7.5 shows the evolution of p (k) for four different simulation runs of the density matching
BSS algorithm using the natural gradient in Equation (7.15) for the nonlinearity choice f;(y) =
y3, 1 < i < m. Such a choice allows this algorithm to separate mixtures of negative-kurtosis

_— Run 1

() [dB]

-40

1 1 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
number of iterations k

7.5  Evolutions of p (k) for four different runs of the natural gradient BSS algorithm (Figure 7.6 contains the MATLAB
code for this figure).

sources [16]. In each case, we have chosen B(0) = I and © = 0.002. The MATLAB program
natgradBSSex.m used to generate this figure is provided in Figure 7.6. As can be seen, the
performance factor p(k) converges to a small value — approximately —22dB — for each of the
simulation runs, indicating that the algorithm accurately separates the source signals from their
linear mixtures.
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function [msg] = natgradBSSex() ;
mu = 0.002; ntr = 5000; A =[-8 1 6; 3 5 -7; 4 -9 21/10;

s = zeros(3,ntr); rho = zeros(5,ntr/20+1); m = 0:20:ntr;
for j=1:4;

s(1,:) = sign(randn(1l,ntr));

s(2,:) = sqgrt(3)*(2*rand(1,ntr)-1);

s(3,:) = randn(1l,ntr);

[B,y,r] = natgradBSS (mu,A,s);
rho(3j,:) = r(m+1l);

end; plot(m,rho(l,:),’-",m,rho(2,:),’:’,m,rho(3,:),'-.",
m,rho(4,:),'--");

xlabel ('number of iterations k’); ylabel(’\rho(k) [dB]’);

legend('Run 1’,’Run 2’,’Run 3’,’Run 4'); msg = ’'Done!’;

o°
oe

00000000000000000000000000000000000000000000000000000000000
CTC00C000C000000000000000000000O00O00O00VO00O000O00OO000000000 0000

function [B,y,rho] = natgradBSS(mu,A,s);

[m,ntr] = size(s); [n,m] = size(A);

X = A*s;

B = eye(m,n); vy =

C = B*A; C2 = C."2;

rho(l) = 10*1oglO( (m-sum(max(C2)./sum(C2)+
max(C2’)./sum(C2))/2)/(m-1));

zeros (m,ntr); rho = zeros(l,ntr+1);

for i=l:ntr;
Y = B*x(:,1);
muF = mu*Y."3;
U = B'*Y;
B (1l+mu) *B - muF*U’;
C = B*A; C2 = C."2;
rho(i+1l) = 10*1ogl0( (m-sum(max(C2)./sum(C2)+max(C2")./
sum(C2’))/2)/(m-1));

end;

7.6 MATLAB code for density modeling BSS using the natural gradient algorithm.

Figure 7.7 shows the evolution of p(Ni) for four different simulation runs of one implementation
of the fastICA algorithm in Equations (7.30) and (7.31), where W(0) = I. In each case, we have
used a single block of N = 5000 samples to compute all coefficient updates for the given run, where
x(k + Ni) = x(k) for all integer values i > O and 0 < k < N — 1. The MATLAB program
fasticaBSSex.m used to generate this figure is provided in Figure 7.8. As can be seen, the
algorithm takes between three and five epochs to converge. Depending on the simulation run, the
performance factor varies from —31dB to —44dB due to random differences in the source signals.
The accuracy of the method generally improves for increasing values of block length N. It should be
noted that, although all sources have non-negative kurtosis in the simulations, the fastICA algorithm
successfully separates mixtures of non-zero kurtosis sources, and, in this sense, the algorithm is
applicable to a wider range of source signal types than is the density-based natural gradient BSS

algorithm in Equation (7.15) for fixed nonlinearities f;(y).
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7.7 Evolutions of p(Ni) for four different runs of the fastiCA BSS algorithm (Figure 7.8 contains the MATLAB
code for this figure).

7.5.2 Blind Deconvolution

We now illustrate the behavior of the fastdeconv algorithm for single-channel blind deconvolution.
In these simulations, we have chosen a 16-QAM complex-valued communications source signal
whose instantaneous probability mass function (PMF) is

1
ps(s) = { 6 S€S (7.74)
0  otherwise

and the sixteen-element set S contains all values of sg + js; with sg € {3, —1, 1, 3} and 57 €
{—3, —1, 1, 3}. The mixing filter used in these simulations is described by the difference equation

x(k) = —ax(k — 1) +a*sk) + stk — 1) (7.75)

where o = 0.7¢/7/3. Tt is easy to show that the above system is an allpass filter. As such, we may
set v(k) = x(k) as no prewhitening filter is required. The deconvolution filter’s impulse response
was initialized using a “center spike” strategy, in which

1 ifl=L/2

0 otherwise . (7.76)

wi(0) = {
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function [msg] = fasticaBSSex() ;
nepoch = 5; ntr = 5000; A =[-8 1 6; 3 5 -7; 4 -9 2]/10;
s = zeros(3,ntr); rhoN = zeros(4,nepoch+l); m = 0:nepoch;
for j=1:4;

s(1,:) = sign(randn(1l,ntr));

s(2,:) = sgrt(3)*(2*rand(1l,ntr)-1);

s(3,:) = randn(1l,ntr);

X = A*s;

[Q,Lam] = eig(x*x’); P = sgrt(ntr)*Lam”(-1/2)*Q"’;

v = P*Xx;

Gam = P*A;
[W,y, rhoN(j,:)] = fasticaBSS (nepoch,Gam,vVv) ;
end;
plot (m,rhoN(1,:),’o-",m,rhoN(2,:),'x:’,m,rhoN(3,:), " "+-.",
m,rhoN(4,:), ' *—-");
xlabel ('number of epochs i’); ylabel (’\rho(Ni) [dB]’);
legend(’'Run 1’,’Run 2’,’Run 3’,’Run 4'); msg = ’'Done!’;

o0
o

0000000000000000000000000000000000000000000000000000000000000
5555555553555 %5%%%%5%5%5%%5%%%%%%5%%5%%5%5%%%%5%%5%%5%%%%%%%%%%%%%%%%%

function [W,y,rhoN] = fasticaBSS (numiter,Gam,V) ;
[m,ntr] = size(v);
W = eye(m); y = zeros(m,ntr); rhoB = zeros(l,numiter+1);
C = W*Gam; C2 = C."2;
rhoN(1l) = 10*1ogl0( (m-sum(max(C2) ./sum(C2)
+max (C2’) ./sum(C2’))/2)/(m-1));

for i=l:numiter;

for j=1:m

y(3,:) = W(3,:)*v;
f=y(3,:).73;
W(j,:) = (1/ntr)*f*v’ - 3*W(j,:);
Wnew = W(Jj,:) - (W(J,:)*W(1l:7J-21,:)")*W(1l:5-1,:);
W(j,:) = Wnew/norm(Wnew) ;
end;
C = W*Gam; C2 = C."2;
rhoN (i+1) = 10*log10((m sum (max (C2) ./sum(C2)+max (C2') ./
sum(C2’))/2)/(m-1));

end;

7.8 MATLAB code for contrast function optimization BSS using the fastICA algorithm.

To evaluate the algorithm’s deconvolution performance, we computed the performance metric

max_|c;(k)|*
M+1
prty= 20 OS’MSM— 1.77)

M
> lao)
=0
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where ¢; (k) is the truncated impulse response of the combined mixing/separation system given by
c1(k) = —aci—1 (k) + a*w (k) + wi—1(k), 0<i<M (7.78)

and M = 3L. This performance metric measures the deviation of the combined system from a scaled
unit impulse. In fact, it can be shown that

* 0 < pr(k) <1 for all impulse responses ¢; (k).

* pfr(k) = 1if and only if |c; k) = cj (k)|? for all i and j in the range [0, M] (i.e., a
maximally convolved source sequence in the system’s output).

pr(k) = 0if and only if ¢; (k) = d§(i — A) for some non-zero constant d and integer
delay A in the range [0, M] (i.e., a deconvolved source sequence in the system’s output).
* For finite-energy impulse responses ¢; (k), p (k) tends to a fixed value as M — oo.

Figure 7.9 shows the evolution of p(Ni) for four different simulation runs of the fastdeconv
algorithm. In each case, we have used a single block of N = 5000 samples to compute all coefficient

60—o Run 1

(N [dB]

_30 1 1
0 5 10 15 20 25

number of epochs i

7.9 Evolutions of pg(k) for four different runs of the fastdeconv blind deconvolution algorithm.
(Figure 7.10 contains the MATLAB code for this figure.)

updates for the given run, where x(k + Ni) = x(k) for all integer valuesi > 0and 0 <k < N — 1.
The MATLAB program fastdeconvex.m used to generate this figure is provided in Figure 7.10.
As can be seen, the algorithm takes about twenty epochs to converge. Depending on the simulation
run, the steady-state value of the performance factor varies from —24dB to —27dB due to random
differences in the source signal sequences across each run. Figure 7.11 shows the signal constellations
of the source sequence s(k), the mixed signal sequence v(k), and the extracted output sequence y (k)
for the fourth simulation run. Clearly, the source signal distribution has been nearly restored at
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function [msg] = fastdeconvex/()
nepoch = 25; ntr = 5000; L = 24; alpha = 0.7*exp(j*pi/3);
rhoN = zeros(4,nepoch+1l); m = 0:nepoch;
for i=1:4;
tl = rand(l,ntr); t2 = rand(l,ntr);

s = (-3 4+ 2*(t1>0.25) + 2*(t1>0.5) + 2*(t1>0.75));
S =8 + Jj*(-3 + 2*(t£2>0.25) + 2*(t2>0.5) + 2*(t2>0.75));
v = filter([conj(alpha) 11, [1 alphal,s); v = v/std(v);

[W,yv,rhof (i, :)] = fastdeconv(nepoch,L,alpha,v);

end;

figure(l);

plot(m,rhof(1,:),’o-",m,rhof(2,:), 'x:’,m,rhof(3,:), " +-.",
m,rhof(4,:), " *--");

xlabel ('number of epochs i’); vylabel (’\rho_f(Ni) [dB]’);

(
legend(’'Run 1’,'Run 2’,'Run 3’,’'Run 4');
figure(2);
subplot (2,2,
yvlabel (' Im\ {
axis(’square’); axis([-4 4 -4 4]);
subplot(2,2,2 plot(v(L:ntr),’ .’

); plot(s(L:ntr),’o’); xlabel ('Re\{s(k)\}’);

(k

)i

)
ylabel (' Im\{v(k)\}");

) :

) :

(k

) ;

1
s )\}’)‘
); xlabel ("Re\{v(k)\}');

axis(’square’); axis([-3 3 -3 31);
subplot(2,1,2 plot(y(L:ntr), .’
ylabel ("Im\{y(k)\}");

axis(’square’); axis([-2 2 -2 2]);

); xlabel ("Re\{y(k)\}");

msg = ’'Done!’;
L5553 35555%5%55383555%5%53383555%5%333355%%5%33335%%5%5%3%%5%%%5%%%%
function [W,y,rhof] = fastdeconv (nepoch,L,alpha,v);
ntr = length(v); M = 3*L;
W = zeros(L+1,1); W(round(L/2)) = 1;
= zeros(l,ntr); rhof zeros (1,nepoch+1) ;

zeros (L+1,1);
[1 alphal,
); C2 = C.*conj(C);

y =
11 = 1:L; 1lpl 11+1; Vv
C ’
] ;

1 - max(C2)/sum(C2)) /M) ;

= filter([conj(alpha)
[W; zeros (M-L,
rhof (1) = lO*loglO((M+l)
for i=1:nepoch;
vy = filter(wW,1,v); FV = zeros(L+1,1);
for j=1:ntr;
(llpl) = V(1l1l);
V(1) v(J);
FV = FV + abs(y(J)) "2*y(3) *conj (V) ;

1]
1)
*

end;

W = (1l/ntxr)*FV - 3*W;

w ifft(sign(£ffc(w)));

C filter([conj (alpha) 1],[1 alphal, [W;zeros(M-L,1)]);
C2 = C.*conj(C);

rhof (i+1) = 10*1logl0((M+1)* (1 - max(C2)/sum(C2))/M);

end;

7.10 MATLAB code for contrast function optimization blind deconvolution using the fastdeconv algorithm.
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7.11  Scatter plots of the complex data values in (a) s (k), (b) x (k), and (c) y (k) after convergence of the fastdeconv

algorithm for a single simulation run.

the deconvolution filter’s output, up to a complex-valued scale factor. It should be noted that the
fastICA algorithm can be applied to the blind deconvolution task, whereby the coefficient vector
[wok) wi(k)...wr*k)]T is normalized to unit length after each adjustment. This approach only
produces a steady-state value of the performance factor between —13dB and 21dB for the same data,
however. The fastdeconv algorithm provides superior performance due to its use of the allpass filter
constraint for prewhitened signal mixtures.

7.5.3 BSS for Convolutive Mixtures

One possible application of BSS for convolutive mixtures is the separation of musical instrument
sounds in multichannel audio recordings. Such processing methods could be used to isolate individual
musical performances for analysis (e.g., through automated pitch recognition [43]), or they could
be a first processing step towards the removal of individual musical performances (e.g., for creating
karaoke-type recordings). We now describe some preliminary experiments that explore the behavior
of a version of the natural gradient multichannel blind deconvolution algorithm in Equations (7.69)
and (7.70) for separating a male—female a cappella duet in a CD-quality stereo audio recording [44].
This 16-bit PCM stereo recording sampled at f; = 44.1kHz contains close harmonies with significant
spectral overlap of the individual vocalists’ voices as well as some reverberation effects.

The algorithm used in the experiments employed a block-based update whereby L + 1 individual
updates of the form of the right-hand side of Equation (7.69) were summed across each block. By
choosing (L + 1) to be a power of two, we can implement all filtering and block averaging steps
within the update using fast convolution procedures. The resulting implementation has computational
elements that are similar to the block LMS algorithm in frequency-domain adaptive filtering [45].
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We have chosen the output nonlinearity f(y) = f;(y) within the algorithm as

1 ify>0

f(y) =sgn(y) = { 1 ify <0, (7.79)

This choice is motivated by statistical studies of human speech [46]. These studies indicate that
human speech has a nearly Laplacian amplitude PDF, which yields the nonlinearity in Equation (7.79)
through the relationship below Equation (7.13). As for the step size matrix M(k) in the coefficient
updates, we have chosen the diagonal entries of this matrix as

i) = ————2 (7.80)
B+ Y itk — ) fGitk = j))
j=L

where (g and B are fixed constants. Such choices make the resulting updates less sensitive to
long-term changes in output signal amplitudes. The relevant parameter choices were L = 4095,
o =5/L,and g8 = 0.01.

Because the impulse responses of the individual source-to-recording transfer functions of the two-
channel recorded mixture are unavailable, it is challenging to determine the level of crosstalk in
either the original mixtures or in the separated signals. Rather than employ a separation metric, we
provide spectrograms of the individual channels. Figure 7.12a and b shows the spectrograms of the
left and right channels, respectively, of the original recording over the interval 113 < ¢t < 114.2 sec.
In these segments, the male singer is singing the syllables “I’m gon-na tell her now that” at different
pitches, whereas the female singer is holding the “short-i” vowel sound of the word “him” at a
single pitch. The female singer’s voice clearly provides the dominant features in both spectrograms.
Figure 7.13a and b is the spectrograms of the left and right channels, respectively, of the separation
system’s stereo output over the same time interval, in which the system has been adapted in a single
pass over the previous 112 seconds of music. As can be seen, the male’s voice is enhanced in the
left output channel, whereas the female’s voice is enhanced in the right output channel. Informal
experiments with both trained and untrained listeners indicate that the individual singers’ voices are
easier to distinguish in each of the separation system’s outputs.

One artifact of the processing method is a whitening of the output signals, such that the extracted
signals have increased energy at high frequencies. While this artifact does not significantly affect the
intelligibilities of the extracted outputs, it would have to be compensated for in a high-quality audio
application. In situations where the source signals have easily characterized temporal features, this
separation method can actually result in partial temporal deconvolution of the corresponding source
signals. For example, experiments in separating a male voice—piano duet yielded an extracted piano
signal in which the characteristic near-exponential envelope of the piano notes was shortened to a
near-impulsive envelope. To avoid this problem, algorithms must be developed that do not impose
specific temporal structure on the extracted output signals, as do all multichannel blind deconvolution
algorithms. See Douglas [42] for a discussion of these issues.

7.6 Conclusions and Open Issues

This chapter has described the related problems of blind signal separation and blind deconvolution.
Various formulations of each problem have been given, and each of these formulations yields several
useful algorithms for practical implementation. In addition, we have described the spatio-temporal
extensions of blind signal separation for convolutive mixtures and multichannel blind deconvolution.
Examples illustrate the usefulness of several algorithms for BSS and blind deconvolution tasks.

While BSS and blind deconvolution are well studied topics, numerous issues remain largely
unresolved in these fields. Some of the most important open issues are now discussed:
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a cappella duet audio recording.
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Step size/data block size choices — Almost all BSS and blind deconvolution algorithms
employ the received signals to train a set of system coefficients. For iterative training
methods that employ an algorithm step size, one must choose the value of this step size
in real-world applications. In algorithms that train on blocks of received data, such as the
fastICA algorithm, the size of the data block must be selected. Both choices affect the
degree of separation and/or deconvolution achieved. Theoretical analyses of the impacts
of these choices on overall system behavior appear to be difficult to perform in all but
the simplest situations. Currently, trial and error adjustment of these parameters appears
to be the best way to design such systems.

Speed of convergence and tracking behavior — Iterative algorithms that employ non-
quadratic blind criteria for training purposes often suffer from slow convergence prop-
erties. Such slow convergence properties hamper the use of these algorithms in some
practical situations. In addition, slow convergence may prevent adequate tracking of
unknown system conditions in situations where the unknown system is changing with
time.

Generalized criteria for BSS and blind deconvolution — Many BSS and blind de-
convolution methods are designed to separate only a certain class of signal types (such
as spatially independent sources with a negative kurtosis). When some of the source
signals in the signal mixtures do not fall into the appropriate signal class, a given algo-
rithm usually fails to adequately separate any signals. It would be desirable to design
separation/deconvolution criteria that separate/deconvolve source signals from a wider
class, such as all spatially independent sources or all temporally independent sources.

“Separating” more signals than measurements — When the number of sources m
is greater than the number of sensors n, it is impossible to design a linear separation
system that extracts all source signals. The problem is one of dimensionality; that is,
the combined system matrix C(k) can only be of rank min{m, n}. It remains an open
problem how to extract useful source estimates in such situations. Such problems have
significant practical interest, as it is often the case that mixtures of a great many source
signals are measured by only a few sensors in an array.

Using temporal information of the sources in convolutive BSS — Algorithms for
separating convolutive mixtures of temporally dependent sources should not significantly
modify the temporal structure of the source signals. It appears impossible, however,
to know which temporal features are channel-dependent (i.e., multipath propagation)
and which are signal-dependent (i.e., source content). Moreover, imposing a temporal
structure to the extracted sources requires a temporal model of the source signals, which
is generally unavailable.

Despite these challenges, the fields of BSS, blind deconvolution, multichannel blind deconvolution,
and convolutive BSS are highly active, with many advances being developed by researchers in these
fields. For those who are interested in developing advancements in the field, the references at the
end of this chapter provide good starting points for future efforts.
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8.1 Introduction

Self-organization is one of the most important learning paradigms of neural systems. The ability
to adapt to the environment without the provision of an external teacher is encountered in nature in
most intelligent organisms. In this paradigm, the lack of teaching signals is compensated for by an
inner purpose, i.e., some built-in criterion or objective function that the system seeks to optimize.
Typically, the purpose is either (1) the extraction of significant features of the input data, or (2) the
clustering of the data in neighborhoods based on similarity.

The discussion in this chapter is restricted to the class of feature-extracting unsupervised neu-
ral networks. We analyze the close relationship between the biologically motivated Hebbian self-
organizing principle which governs neural assemblies and the classical principal component analysis
(PCA) method used by statisticians for almost a century for multivariate data analysis and feature
extraction. Both ends of the connection have appealing properties. On one end, Hebbian learning
is based on the principles of simplicity and locality. Simplicity is, of course, intuitively appeal-
ing. Locality conforms with neurobiological evidence that does not favor action at great distance.
According to this evidence, synapses are not likely to be modified based on electrical activity that
happens far away from them. On the other end, PCA is also appealing because it is the optimal linear
dimensionality reduction method. This has been known in the statistics community for a long time.
The method first appeared in the works of Pearson [1] on linear regression and Hotelling [2] on psy-
chometry. Donald Hebb also proposed his learning principle many decades ago [3]. The connection
between the two, however, came much later in the works of Oja [4] and Karhunen [5]. Since then,
the literature on PCA neural networks has multiplied. In addition to self-organized networks, other
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models were also found to be related to PCA, such as linear auto-associative back-propagation net-
works. More recently, extensions to the classical PCA models were proposed to cope with nonlinear
data dependencies. Classical PCA is based on the second-order statistics of the data and, in particular,
on the eigenstructure of the data covariance matrix. Classical PCA neural models incorporate only
cells with linear activation functions. Nonlinear PCA involves higher than second-order statistics,
and it is implemented with neural models incorporating nonlinear units.

The chapter is organized as follows. Section 8.2 discusses the PCA method from a strictly statistical
point of view. We offer the basic PCA theorem along with examples illustrating the related concepts.
Section 8.3 introduces and analyzes the Hebbian learning principle from a pure neurobiological
perspective. Section 8.4 studies the models and algorithms of PCA neural networks. We make the
connection between PCA and Hebbian learning and we present the most prominent unsupervised
neural models based on the Hebbian rule. Furthermore, we show that linear back-propagation models
are related to PCA when operating in auto-associative mode. Finally, Section 8.5 discusses nonlinear
PCA extensions and corresponding models.

8.2 Principal Component Analysis

Principal component analysis (PCA) is a classical linear feature extraction method. It is based on
the analysis of the second order statistics of the data, and, in particular, the eigenvalue analysis of the
covariance matrix. PCA is essentially equivalent to the Karhunen—Loeve transform used in signal
and image processing. The roots of PCA come from the work of Pearson [1] almost a century ago.
Pearson proposed a linear regression method in n dimensions based on least squares optimization.
However, the “father” of PCA is considered to be Hotelling, who proposed a new method for the
variance analysis of multidimensional random variables [2].

The method is concerned with the analysis of multivariate observations. These observations can
describe anything from stock prices to biometrical data of the turtle. The basic idea comes from the
fact that, in many such measurements, the n observation variables x1, . .., x, can be well fitted by an
m-parametric surface where m is much smaller than n. This means that there are, in fact, m hidden
degrees of freedom corresponding to some underlying parameters yi, ..., y,. We can say that n is
the superficial dimensionality of x, while m is its intrinsic dimensionality. The hidden parameters
y; are called factors or features, andy = [y, ..., ym]T is the feature vector.

To illustrate these concepts, we consider the following simplified scenario where the observation
variables x1, ..., x, can be written as perfect (noiseless) functions of m hidden uncorrelated factors

Yi,eoos Ym-
x1 = fiy, . ym) = fiy)

(8.1)
Xn = [u Qe ym) = fu(y) .

In this scenario, the observation vector x lies in an m-parametric surface described by the vector
function f(y) = [f1(¥), ..., fo(¥)]T. PCA treats the case where the functions f1(), ..., f,(), are
linear:

Xy = flTy

(8.2)
X, = fnTy

where we took the liberty of writing fl.Ty instead of the function f;(y). More compactly, we can
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express the observation vector x as a linear function of the feature vector y
x = Fy (8.3)

where F is an n x m matrix (m < n). In this case, the surface described by the function f(y) = Fy
is an m-dimensional hyperplane in R”. F is a “tall” matrix, i.e., it has more rows than columns. If
F is known, then the features can be obtained from a linear operation on the data

y= Ftx (8.4)

where the superscript T denotes matrix pseudoinverse. PCA’s task is to extract the hyperplane
corresponding to F and the feature vector that lies on this hyperplane when F is unknown.

An interesting point to note is the close relationship among the observation variables x; derived
from Equation (8.3) and m < n. Consider any subset of m observation variables such as, for example,
the subset {x1, ..., x;,}. Let us partition

_ - r £
X1 fl
T
Xm x" fm F,
X = _— = s F = =
Xm+1 xm £T Fum
m+1
. :
| n L fnT |
and rewrite Equation (8.3) as }
x™ _ F,,
Xn-m - Fn—m ] y.

Assuming that the m x m matrix F,, is invertible, we have y = F,;lxm, and

X" = F,_,F Ixm. (8.5)
So, the remaining n — m variables, x,,+1, . . ., X, are linear functions of the first m variables,
Xm+l = g;me
(8.6)
o= gx"
G =gt 8] =FonF,' . (8.7)

Moreover, if the covariance E{x,, an1 } is positive definite, then there is a non-zero correlation between
X, —m and X;,:

E {x,,_mx,” = GE {xmx,ﬁ} £0 (8.8)
Equation (8.8) touches on a key characteristic of PCA: if there exists an m-dimensional hyperplane
x = Fy that describes the data, then the observation variables are correlated. Conversely, if there is

complete correlation between a subset of the observation variables and the rest of the observation
variables, then there must exist a hyperplane describing the data. In the extreme case where the
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variables x1, ..., x, are totally uncorrelated, no relation such as Equation (8.5) can be derived for
any m < n, and PCA will not be of much use.

In the following, we give a more rigorous treatment of PCA while simultaneously considering
the most general case where the data do not lie exactly on some linear subspace of R". Consider
the random observation vector x, with mean E{x} = 0 and positive definite covariance matrix
R, = E{xx”}. According to our previous scenario, if the intrinsic dimensionality of x is 7, then we
may perfectly reconstruct the data x from the feature vector y using Equation (8.3) and the feature
vector from the data using Equation (8.4). In a more realistic scenario, however, the reconstructed
vector

x = Fy (8.9)
contains an error term e
Xx=X+e (8.10)
The feature vector y € R™ is a linear function of x
y = Wx (8.11)

where W € R™*" is a “wide” matrix with fewer rows than columns. Putting all this together, we
obtain
x=Fy+e=FWx+e.

In this general case, the goal of PCA is to minimize the reconstruction error
)
Je=E[|x— 3]}

by appropriately selecting the linear feature and reconstruction operators W and F.

The problem will be solved in two steps: (1) obtain the optimal W as a function of F, expressing
J. as a function of F only, and (2) optimize J, with respect to F. To that end, we rewrite J, using the
matrix trace operator tr(), and we interchange expectation with trace since both are linear operations:

Efe[x-%)x-%"]]

tr {EXXT} +tr {EFWXXTWTFT} —2tr {EFWXXT}

Je

— R, +tr {FWRXWTFT} 2t {FWR,} . (8.12)

In the first step, we consider F to be constant and we optimize J, with respect to W by solving
the Karush—Kiihn-Tucker conditions:

ViwJ, = 2FTFWR, — 2F'R, = 0. (8.13)

In computing the derivative Vy J, of J, with respect to W, we made use of the following facts:

* The trace operator has the property tr(AB) = tr(BA).
* The derivative of tr(AB”) with respect to the matrix B is the matrix A.

Now, Equation (8.13) easily leads to the desired relation between W and F
F'FW = F’ (8.14)
W

[FTF]*1 Fl —F+ . (8.15)
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Consequently, the reconstruction error can be simplified into
Jo =R+ [FF R, FT) FT| - 20 [FFFR,] (8.16)

thus completing step 1 above. In step 2, we define L to be the m-dimensional subspace spanned by
the columns of F. L is referred to as the feature subspace because it is spanned with the help of
the feature vector y. F being a “tall” matrix, it can be written as the product of an n x m matrix U,
whose columns form an orthonormal basis of £, and an m x m invertible matrix T

F = UT, viu=1.

Using the above notation, the pseudoinverse of F is simply F* = T—!'U”. Substituting into
Equation (8.16), we express J, as a function of U:

J, = trRx—Hr{UUTRxUUT} —2t{UUTR,)}
J, = trRx—trlUTRxU]. (8.17)

A first observation is that the error J, does not depend on the matrix T; therefore, for every
minimizer U, there exists an infinite number of solutions F. However, the subspace £ spanned by
the columns of F is the same as the one spanned by the columns of U since left multiplication by an
invertible matrix does not affect the column span

span col (F) = span col (UT) = span col(U) .

So, the optimal £ is invariant for all minimizers F. L is also known as the principal component
subspace (PCS) of dimension m. The projection of the data x on the PCS L is the optimal linear
reconstruction of x from m features.

A second observation is that the minimization of mean squared error J, is equivalent to the
maximization of the term

Jy =tr {UTRXU} (8.18)

which appears in the right-hand side of Equation (8.17). On closer inspection, J, is recognized to
be the variance of the projection of x on the PCS. Indeed,

m
Jy=tr {EZZT} = ZEle
i=1

where z = U”x is the projection of x on £ since the columns of U form an orthonormal basis of
L. It follows that the minimization of the mean squared reconstruction error J, is equivalent to the
maximization of the variance J, of the projection of x. Figure 8.1 illustrates the trade-off between
projection error and projection variance. Step 2 of our analysis is completed by the following
theorem.

THEOREM 8.1 (PCA) Let the eigenvalues A1, Lo, . .., A, of the correlation matrix R, be arranged
in decreasing order, and the corresponding unit-length eigenvectors are ey, e, ..., e,. Then the
mean squared error J, in Equation (8.17) is minimized (correspondingly, the variance J, is maxi-
mized) for

F=UT
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8.1 The antagonistic relationship between projection length and projection error. The points Z1, Z2, and Z3 are
projections of the point X on three different one-dimensional subspaces. Observe that the projection errors ||€; ||
increase as the projection lengths ||Z; || decrease and vice versa.

where
T
U: [e11e21"'aem]
and T is any m x m, invertible matrix. The minimum squared error is
n
min J, = E Ai
i=m+1

while the maximum projection variance is
m
max J, = E Ai .
i=1

Some nomenclature is in order here:

The eigenvectors ey, e, . .., €, are called principal eigenvectors.
The eigenvalues Aq, ..., A, are called principal eigenvalues.
The transformation

y = Ux (8.19)

is called the Karhunen-Lo¢ve transform (KLT).

The features yi, y2, ..., Ym, which are the components of the transform vector y, are
called principal components (PCs).

It is straightforward to obtain the following properties for the PCs:
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¢ The PCs have zero mean:
Ey; =0, foralli

¢ Different PCs are uncorrelated with each other:
Eyiy;j =0, i#]j

* The variance of the ith PC is equal to the ith eigenvalue:
2 T\ _ T
var (y;) = Ey; = E (el- x) =e¢/Ree; =4

* The components are hierarchically organized with respect to their variance. The first PC
(y1) has the largest variance, the second PC (y») has the second largest variance, and the
last PC (y;;) has the smallest one:

var (y1) > var (y2) > --- > var (¥m) .

If, as it often happens in practice, the eigenvalues of R, decay rapidly towards zero, then the
basic corollary of Theorem 8.1 is that the random vector x can be well approximated (i.e., with
small error J,) using very few components y;. In this light, PCA can be seen as an efficient, lossy

data compression method, where n variables x1, .. ., x, can be represented by much fewer variables
yl LR )’m'

EXAMPLE 8.1:

Consider the extreme situation where the n-dimensional random vector X = [x1, X2, ..., Xn]’

always lies on some one-dimensional subspace £ of R". If we call e; the unit length vector parallel
to £, then

X = cie]

where c; is a scalar random variable. In this case, the covariance matrix has rank 1 since R, =
E {c%}el elT. All the eigenvalues of R, except for the first one are zero, whereas the first eigenvalue
can be shown to be equal to the variance of cj, A = E {c%}. Thus, the first principal component is
the projection of x on £ and is equal to ¢;:

The first PC together with the constant vector e; are enough to losslessly describe the random vector
X, since this vector can be reconstructed without error (J, = 0) from the formula x = X = y;e;.
Furthermore, although the apparent dimensionality of x is #, in reality there is only one degree of
freedom (intrinsic dimensionality = 1). Figure 8.2 depicts many instantiations of such a random
vector in two dimensions. As we can see in this figure, all the instantiations of this vector lie on the
axis L, and, therefore, the projection on this axis is a perfect reconstruction of the original point.

8.3 Hebb’s Learning Rule

The important work of Donald Hebb published in the late 1940s marked the beginning of a new era
in the development of the theory for neural self-organization based on local interactions between
neurons. In his book, The Organization of Behavior [3], Hebb postulated that the development of

© 2002 by CRC Press LLC



X1 L

o’ X2

8.2 The axis L contains all the variance of the two-dimensional random vector [x{, X2]. Any instantiation of this
vector can be losslessly described by its one-dimensional projection on L.

neuronal synapses is governed by the correlation of electrical activity between the afferent axon and
the efferent soma, i.e., between the two players involved in the synapse

When an axon of cell A is near enough to excite cell B and repeatedly and persistently
takes part in firing it, some growth process or metabolic change takes place in one or
both cells such that A’s efficiency, as one of the cells firing B, is increased.

This basic hypothesis is intuitively appealing since it does not assume action at great distance. It
is much more plausible that local, rather than remote, electrical activity is responsible for synaptic
development. Furthermore, it turns out that this hypothesis is well supported by experimental results.
The Hebbian model has been used for the analysis of plasticity phenomena in various parts of the
brain such as, for example, the long term potentiation in the hippocampus [6], the respiratory control
by the central brain stem [7], the development of the visual cortex [8, 9], etc.

According to Hebb, the most likely way of increasing the efficiency of cell A in exciting cell B is
through the growth of a synaptic knob between the axon of A and the soma of B. In this context, the
word “growth” means either the creation of a new knob or the enlargement of an already existing
one. In either case, any excitatory or inhibitory signal from cell A propagates more easily to cell B
and, thus, it carries more “weight” in the final decision about the activation state of B (“firing” or
“not firing”). This synaptic development process creates structural changes in the neural network
and modifies the behavior of the neural assembly. Mathematically speaking, in a feed-forward neural
network, this process implies modification of the input-output mapping function. In a dynamic (or
recurrent) network, it may lead to the modification of the system steady states or the creation of new
attractor points. Clearly, in either case, this process constitutes a learning method which does not
use any supervising signals. The cell assembly self-organizes by modifying the synaptic weights
of the network using the local neural activations and without reference to any external teachers or
target values.

As with any unsupervised learning rule, an underlying mathematical principle is needed for guid-
ing the Hebbian metabolic change into something meaningful and, perhaps, useful. Thus, the key
question now is, “what principle guides Hebbian learning?” Unfortunately, Hebb’s neurophysiolog-
ical postulate described above does not involve any rigorous mathematical treatment. It is more like
a general statement describing the philosophy behind self-organization of neural assemblies than a
solid mathematical tool modeling this self-organizing process. Nevertheless, the Hebbian rule gives
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enough hints that allow a rather straightforward mathematical interpretation. Consider, for example,
the two cells, A and B, and their synaptic weight w depicted in Figure 8.3. Let a be the activation

8.3  According to Hebb’s rule, the synaptic weight w between neuron A and neuron B grows proportionally to the
product of the activations of the two neurons.

of cell A, b the activation of cell B, and assume that these activations can take both positive and
negative values. Clearly, if A assists the excitation of B, then b will tend to be positive (negative)
whenever a is positive (negative). Therefore, according to the Hebbian philosophy, the synaptic
weight between the two cells should increase when the two activations agree in their signs (they are
either both positive or both negative), while it should decrease when the two neurons disagree in
their signs (one is positive and the other is negative). It follows that this philosophy rewards posi-
tive correlation between the activations a and b and punishes negative correlation. Thus, a simple
mathematical formulation of the Hebbian rule is that the synaptic weight w changes proportionally
to the activation product (a - b):

W =w 4 B.g.b (8.20)

where the parameter f is a small, positive, possibly time-varying number called learning rate.

Of course, the two other important characteristics of the Hebbian learning philosophy, namely
locality and the lack supervision, are also present in Equation (8.20). Indeed, all the information
used for the adaptation of w are the local activations a and b. Furthermore, Equation (8.20) expresses
an unsupervised learning algorithm as no external target values are used.

The simple learning rule in Equation (8.20) is not immediately useful. However, it is quite inter-
esting because of its relationship with principal component analysis. Using a simple normalization
procedure and applying the algorithm in linear neurons, it turns into a principal component analyzer
as shown by Oja [4] and Karhunen and Oja [5].

8.4 PCA and Linear Hebbian Models

The simplest Hebbian learning models — in terms of mathematical form — are those related to
cells with linear activation functions. This section examines the relationship between such Hebbian
models and principal component analysis. The importance of this relationship becomes apparent
when we combine the biological origin of the Hebbian rule and the fact that any pattern recognition
method relies on some kind of feature extracted from the raw data.

8.4.1 Unconstrained Hebbian Learning

Consider a neuron cell described by a linear activation function (see Figure 8.4). The output y of
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8.4 Model of a linear neuron.
such a cell is given by the relation

n
y=Y wx=w'x 8.21)
i=1

where w; is the synaptic weight corresponding to the input x;, and we defined the synaptic weight
vector w = [w; ... w,]” and the input vector X = [x7 .. .x,]17. In the classical McCulloch—Pitts
theory, neurons are typically modeled by nonlinear activation functions of the form y = f(w’x),
where the sigmoid function f () tends to some finite values (1/0 or 1/ — 1) as u — Fo00. However,
around u = 0, the function behaves in an approximately linear fashion and so nonlinear neurons can
emulate linear ones in a small signal scenario, i.e., for small input values.

Letus now rewrite the simple Hebbian rule in Equation (8.20) using vector notation and introducing
a time index k

wk + 1) = w(k) + B(k)y(k)x(k) . (8.22)

At first sight, Equation (8.23) is not interesting because it is unstable. It is straightforward to show
that the norm of the weight vector is monotonically increasing

Iwk+ DI = (W) +BERYKRXIT) (W) + B RIX(K)

Iw(k)I? + 28(k)y (k) + B(k) >y (k)2 |[x(k)||*
> w)lI* .

Suppose that the input signal x € R” is a wide-sense-stationary process with zero mean E{x(k)} =
0 and covariance matrix
R, =E {x(k)x(k)T} .

Let Ay > --- > X, be the eigenvalues of R, and ey, ..., e, be the corresponding eigenvectors.
Substituting Equation (8.21) into Equation (8.22), we can write

1
—— Aw(k) = x()x(k) T w(k) (8.23)
B (k)
where Aw(k) = w(k + 1) — w(k).
According to the theory of stochastic recursive equations developed by Ljung [10] and Kushner and
Clark [11], the difference equation (Equation (8.23)) can be approximated by an ordinary differential
equation (ODE) treating w as deterministic and taking expectation with respect to x:

%w(r) —E {xxT} w(t) = R,w(r) . (8.24)
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The relation between the discrete time k in Equation (8.23) and the continuous time ¢ in the ODE
(Equation (8.24)) is described by the formula

k
t=tky=>Y Bm). (8.25)
m=0

A closer inspection of the associated ODE (Equation (8.24)) reveals that our learning rule is a
principal component analyzer with unstable dynamics. We next show that the angle between w(t)
and e asymptotically tends to zero, but at the same time, the norm ||w(¢)|| tends to infinity. Let us

expand w(¢) into the orthonormal basis ey, ... , e, of the eigenvectors of R,
n
wt) =) ailt)e; . (8.26)
i=1
We will show that |« ()| — oo, and «; (t)/o1(¢) — 0,i = 2,3,...,n,ast — oo. Substituting

Equation (8.26) into Equation (8.24), we obtain

n

Z%ei = Y ai(tRye
i=1

i=1

do;(t
doit) _ 5 o), i=1,2,....n (8.27)
dt
o (1) = a; (0)e!, i=1,2,...,n. (8.28)
All the eigenvalues A; are positive since R, is positive definite. In addition, we have arranged them
in decreasing order. Therefore, A; > O and Ay > A;,i = 2,3,...,n, so for t — oo and assuming
«1(0) # 0, Equation (8.28) yields
ler ()] — o0 (8.29)
ai()/a1(t) = a;(0)/ar (0t (8.30)
ai(t)/or(t) — 0, i>2. (8.31)

It follows that the vector w(¢) tends to become parallel to the first PC ey, since «; /oy — 0, for
i > 2. At the same time, the length |w(7)||> = X;a; (£)? tends to infinity since |aj| — 00.
Alternatively, one can view Equation (8.24) as a gradient ascent rule

dw_aj

dr — ow
on the following energy function:

J=E {(wa)z} = w/R,w.

Define u = w/||w|| to be the unit-length vector parallel to w. The energy becomes

J=|wI*E {(uTx)2}

J can be readily interpreted as the variance of the projected data on the subspace spanned by w and
multiplied by the squared norm of w. Clearly, if ||w| is not constrained, the maximization of the
energy leads to J = oo for |[w|| = oo. Under this new light, it is not surprising that the simple
Hebbian rule, being a gradient ascent on J, diverges. However, the relation between PCA and the
simple Hebbian rule is more important than divergence. As we will see, small modifications of the
rule will lead to PCA without stability problems.

© 2002 by CRC Press LLC



8.4.2 Constrained Hebbian Rules

Equation (8.23) already points to the close relationship between Hebbian learning and PCA. Insta-
bility is the only obstacle inhibiting Equation (8.23) from being a real principal component analyzer.
This leads to the thought that a modified learning rule devoid of instability problems may lead to the
extraction of the first PC. Such modifications will be discussed next.

8.4.2.1 The Normalized Hebbian Rule
One possible way of achieving stability is the division of w(k) by a scalar factor p (k), such that
the norm would be constrained between certain limits. This could lead to the desired result because
the division w(k)/p (k) does not affect the ratio o; /cy.
The normalized Hebbian rule uses the factor p(k) = ||w(k)|| which keeps the norm constantly
equal to one (hence the name “normalized” Hebbian rule):

v(k) w(k) 4 B(k)y(k)x(k) (8.32)
wk+1) = vE/IvE)] . (8.33)

The normalized Hebbian rule does converge, asymptotically, to the first PC: w(z) — w(co) = ej.
However, a new problem emerges: the rule is no longer local because the norm || w/|| involves all the
weights wi, ..., w,. In other words, the development of the synaptic weight w; (k) depends not
only on the local values y (k) and x; (k) but also on the values of all the other synaptic weights of the
same cell.

8.4.2.2 Linearized Normalization (Oja’s Single Unit Rule)

Fortunately, there is a rather elegant solution to the locality problem of the normalized Hebbian
rule. In 1982, Oja [4] and Karhunen [5] proposed linearization of the normalization division in
Equation (8.33). This is done by the linear approximation of the Taylor series expansion assuming
small values of §:

vk ~!

-1/2
1+ 2600k

—1/2
= [ Iwt 12 + 280y w0 x|
L= Bhyyk)*. (8.34)

Substituting into Equation (8.33), we get

wk+1 = v®lvio™
= Wk + BOYHRXD] [1 - By (07 ]
w1 = wik)+ B0 [yKx®) - wbryK)?] (8.35)

where we ignore all terms involving 82 or higher order powers of S.
Equation (8.35) is known as Oja’s rule. It is straightforward to show that Oja’s rule is local. We
simply inspect the adaptation equation for the ith weight

wik + 1) = wi (6) + BK) [ yK)xi (0) = y (o 2w ()| (8.36)
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and observe that it involves nothing but the local variables w;, x;, and y.
The following theorem shows that the rule also extracts the first PC and that the stable attractors
have unit length.

THEOREM 8.2  [4] Let the following assumptions hold:

Al. The sequence x(k) is zero-mean, wide-sense stationary, the eigenvalues of the covariance
matrix Ry are positive, and the largest eigenvalue has multiplicity 1. In addition, we
assume that the eigenvalues are arranged in decreasing order Ay > Ay > -+ > X, > Q.

A2. The learning parameter B (k) satisfies

lim B(k) =0 (8.37)

k— 00

o

> Bk) =oo. (8.38)

k=0
Let ey, ..., e, denote a set of orthonormal eigenvectors of R, corresponding to the eigenvalues
Al, ..., Ap, and let us consider the learning rule (Equation (8.35)) where the following condition

holds: elTW(O) # 0. Then, with probability 1, we have w(k) — +ej as k — oo.

The complete proof of this theorem is given by Oja and Karhunen [12], Diamantaras [13], and
Haykin [14]. Here we shall only briefly sketch the proof. Our aim is to illustrate its underlying ideas
and expose the properties of the algorithm without getting lost in too many details. We use again
the theory of stochastic recursive equations and associate the difference equation (Equation (8.35))
with the following deterministic ODE:

%w(t) =R, w(r) — [w(t)TRxw(t)] w(t) . (8.39)

We first observe that the equilibrium points of Equation (8.39) must satisfy
R,w = AAw

where A = w! R, w. It follows that the only possible equilibrium points are the eigenvectors of R,
and the zero vector.
As usual, we expand w(¢) into the orthonormal basis ey, .. ., e,

wit) =) ait)e

i=1
to obtain the following dynamics
d .
Wy —o)a
dt

n
o? Zkiaiz .
i=1

So,
d o i o 1 d(x,‘ 1 dO[j
dt a; - aj |a; dt aj dt
o;
= —[x—4]. (8.40)
aj
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Foralli > 1,wehave A; —A1 < 0,and so lim;—, o o¢; (¢) /a1 (t) = 0. Inaddition, lim;_, oo Z;; "% =
1. It follows that

lim Jo1 (D) =1,
t—00

lim «;(t) =0, i=2,3,...,n
11—

and, thus, the theorem holds.
Two points are worth noting here:

1. Convergence of the associated ODE is exponential as becomes evident from the dynamics
of the ratio «; /1. According to Equation (8.40), we have «; (¢) /a1 () = exp{(A; — A1)t}
with A; — A1 < O fori > 2. The speed of convergence is illustrated by the example
in Figure 8.5. In this experiment, we used 200 samples from a five-dimensional, zero-
mean random sequence x(k) with principal eigenvalues A1 = 2.5, Ay = 2.0, A3 = 1.6,
A4 = 0.9, and A5 = 0.3. The samples are recycled in 20 sweeps. From the evolution of
the components o3 (k), ... , as(k), it is evident that the convergence is exponential and
that 1 (k) tends to a steady state equal to one.

components

i '50 500 1000 1500 2000 2500 3000 3500 4000

time (k)

8.5 Typical experiment illustrating the dynamics of Oja’s single unit rule.

2. Oja’s rule (Equation (8.35)) differs from the simple Hebbian rule (Equation (8.22)) only
in the term —pf (k)y(k)zw(k). This is the stabilizing term which also leads to a unit-
length stable attractor. In fact, it can be shown that any term of the form —g(k)o (k)w (k)
stabilizes the simple Hebbian rule if o (k) is any positive definite function of w. In this
general case, however, the norm of the final convergence point may not be one [13].

8.4.2.3 The Generalized Hebbian Algorithm (GHA)

The generalized Hebbian algorithm (GHA) [15] is one of the first neural models that were
proposed in the literature for extracting multiple PCs. There are two slightly different versions of
the algorithm: the original GHA and the local GHA.

© 2002 by CRC Press LLC



8.4.2.3.1 Original GHA
The original GHA rule is applicable to a linear neural network with one layer of m output units
and one layer of n > m input units (see Figure 8.6). The output y; of the ith neuron is described by
a linear equation
yi =w!x (8.41)

1

where X is the input vector and w; is the vector of synaptic weights for neuron i. The GHA learning
rule is similar to Oja’s rule. In fact, for neuron 1, it is exactly the same:

Awi(0) = k) [y RxK) = Wi ()] - (8.42)
For neurons 2, 3, ... , m, the rule is slightly different:
Aw; (k) = B(k) |:Yi (k)x(k) — yi (k) Z yi(kyw; (k)} . (8.43)
=1

8.6 The network of the original generalized Hebbian algorithm comprises 7 linear neurons and 7 inputs (n > m).

The original GHA creates a hierarchical structure in the output neurons. The highest ranking
neuron is neuron 1, whose output value y; and synaptic weight vector w; affect the training of all
the other neurons. At the same time, the training of neuron 1 is affected only by its own values y,
w1, and not by the other neurons. Neuron 2, the second in the hierarchy, is affected only by yi, y2,

w1, W2, and affects the training of neurons 3, ..., m. In general, neuron i uses the values yi, ..., yi,
W1, ..., w; of all the higher neurons in the hierarchy, and, at the same time, it affects the training of
all the lower neurons, i.e., the neurons i + 1, ..., m, through the values y;, w;.

It can be proven that the algorithm is uniformly, asymptotically stable, and at equilibrium we have
w; = *te;, i=1,....m.

In other words, GHA is a principal component analyzer which extracts multiple PCs. The algorithm
is clearly unsupervised and has partly Hebbian characteristics. For neuron 1, the rule is the same as
Oja’s rule, while for neurons 2, . .., m it only looks similar. However, for neurons 2 through m, the
rule is obviously not local since every neuron i > 2 uses parameters from previous neurons.
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8.4.2.3.2 Local GHA
The major criticism of original GHA is its lack of locality, an important ingredient of Hebbianity.
Sanger himself [15] proposed an amendment through the local GHA, described as follows:

i—1
Aw; (k) = B(k) |:)’i (k) (X(k) - Zyz(k)Wz(k)> — i (k)*w; (k)} . (8.44)
=1
If we define the vector,
xD =x->"yw (8.45)
I<i

the algorithm takes the form of Oja’s rule on x):

Awi (k) = BK) [3iox k) = yi (0 wi (k) (8.46)
where
yi =wlx®. (8.47)

The difference between the output of the local algorithm (Equation (8.47)) and the output (Equa-
tion (8.41)) of the original algorithm is the basic difference between the two versions of GHA. This
difference aside, Equation (8.44) is just a rearrangement of the terms in Equation (8.43).

The local GHA algorithm is based on the so called deflation transform [16] implemented in
Equation (8.45). The deflation transform is the key for extracting components 2, 3, etc. For this
reason, this transform is described in more detail in the next subsection.

8.4.2.3.3 The Deflation Transform

The orthonormal principal eigenvectors ey, . .., e, of R, have the following properties
1 ifi— i
efej=1 77
' 0 ifi #j
Ao ifi=j
e/Ree; =17 11~
0 ifi#j.
Suppose that we are given some of these eigenvectors, for example, the set {eq, ..., e,_1},m < n,

and let £,,,_; be the subspace spanned by them. The deflation transform is described by the following
equation:

m—1
xM = x — Z eel x
=1
x"™ =P, _ix (8.48)

m—1
P, = [I -> elelT:| (8.49)
=1

x™ is the projection of x on the subspace orthogonal to £,,_;. The projector operator P,,_
corresponds to the orthogonal subspace. It has the following basic properties:

P, =P/

m—1
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Pm—IPm—l = Pm—l

0 i=1,....m—1
P,_i1e = )
e i=m,...,n.

Simple mathematical manipulations show that the auto-correlation matrix of X" can be written
as:

n
T
R,y =Pp_1RP,_1 = Z)»,-e,-ei

i=m
therefore,
T 0 i=1,....m—1
Rx(m)ei = E{X(m)x(m) } = .
rie i=m,...,n.
Since ey, .. ., €, is an orthonormal basis of R", it follows that R .») has one eigenvalue equal to zero
with multiplicity m — 1, and the remaining n — m + 1 eigenvalues are A, ..., A,.

What is the result of all this? First, the dimension of the subspace spanned by R, ) (i.e., the
rank of R, ) is n — m 4 1. Thus, deflation reduces the rank of the covariance matrix from n to
n —m + 1. Figure 8.7 shows a geometrical interpretation of this rank reduction property. Second,
but more important, is the fact that, now, the largest eigenvalue is X, and, therefore, the original mth
PC becomes the new first PC. It follows that a principal component analyzer that extracts the first
PC of the deflated data x™, such as Oja’s algorithm, will extract the mth PC of x.

boiso=2nw
(ARSI = R VI A
L io=anw

8.7 The locus of points y = Rx, |[x|| = 1, for a 3 x 3 symmetric, prositive definite matrix R is a three-dimensional
ellipsoid (left). The same locus for the deflated matrix Ry = [I — e3e§ R[I — e3e§ ] is a two-dimensional ellipse in
three-dimensional space (middle). The locus for the twice deflated matrix Ry = [I— e2e2T —e3 e3T IR[I— e2e2T — e3e3T ]

is a line in three-dimensional space (right).

The second observation is the basis of an inductive argument which shows that local GHA will
extract as many PCs as needed. The proof starts with the fact that the first unit-length eigenvector e;
will be extracted by the first neuron, which is trained using Oja’s algorithm. Then, the second neuron
will extract the first principal eigenvector e; of the deflated data x®) = P;x, which are created using
e;. Consequently, the third neuron will extract e3 as it will be the first principal eigenvector of x®,
which is created using e and e,, and so on. In general, if the first m — 1 neurons have extracted
the first m — 1 orthonormal principal eigenvectors ey, . .., €,_1, the mth neuron will extract the e,,
based on the analysis of X" . In practice, all the neurons may be trained in parallel, but convergence
of the mth unit is not expected sooner than the convergence of the previous m — 1 units.

8.4.2.4 The APEX Learning Rule

The adaptive principal component extraction (APEX) rule was proposed by Kung and Diaman-
taras [13, 17]. The model extracts multiple PCs using lateral connections between the output neurons
instead of using an explicit, off-line deflation transformation. The network architecture is shown in
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Figure 8.8. It can be shown that deflation is implicitly accomplished by the lateral weights if they

8.8 The architecture of the APEX network.

are trained using Oja’s rule. The output y; of the ith neuron is given by a linear relation involving the

inputs x1, ..., x, and the outputs yi, ..., y;—1 of neurons 1 through i — 1. In particular, we have
n i—1
Vi = D wixj— Y cijy (8.50)
j=1 j=1
y = Wx—-Cy (8.51)
wherey = [y, ..., ym]T is the output vector, W = [w;;],i = 1,...,m, j =1, ..., nis the matrix
of the forward synaptic weights, and
0 . . . 0
1 0 0
C= :
Cm—1,1 " Cm—1,m-2 0 0
Cm,] e e Cm,mfl 0

is the lower-triangular lateral weight matrix. Due to the special form of C, there is no need for
explicitly inverting it in order to compute the outputs in Equation (8.51), and the recursive relation
Equation (8.50) can be used instead.

As with the GHA model, the APEX model maintains a hierarchical order for the output neurons
since the ith output depends on the output of the previous i — 1 neurons. In the input-output
relationship (Equation (8.50)), the forward synaptic weights w;; appear with a positive sign contrast
to the lateral synaptic weights, which participate with a minus sign. The former work towards the
positive correlation between input and output, while the latter work towards the orthogonalization
(decorrelation) of the outputs. Often, w;; are called Hebbian connections, and ¢;; are called anti-
Hebbian.

Both Hebbian and anti-Hebbian connections are trained using the same algorithm, i.e., single unit
Oja’s rule (compare the following rules with Equation (8.36)):

Mug®) = BH) [0 ® — 0Py ®]  i=1m =1 @5

M) = BE [n0y® -y ®)]  i=1m j<is 859
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A consequence of using Oja’s rule for all synapses is the locality of the APEX algorithm. Indeed,
Equation (8.52) for synapse w;; connecting input j with output i uses only the local values x;, y;,
and w;;. Similarly, Equation (8.53) for the lateral connection c¢;; between outputs i and j uses only
the values y;, y;, and ¢;;.

THEOREM 8.3  [13] Let the following assumptions hold

Al. The sequence x(k) is wide sense stationary; its covariance matrix Ry is positive definite
with eigenvalues arranged in decreasing order A1 > - - > Ay > A1 = Ay = -+ >
An > 0.

A2. The learning rate parameter (k) satisfies Equations (8.37) and (8.38).

Consider the APEX learning equations, Equations (8.52) and (8.53), with initial condition e[Tw,- 0) #
Ofori =1,...,m. Then, with probability 1, we have w;(k) — *e;, ¢;j(k) - 0,i =1,...,m,
j=1,...,i—1ask — oo.

In the APEX model, the neurons are assumed to be trained in parallel. There is, however, a
sequential variation of the algorithm, known as sequential APEX, in which the neurons are trained
one at a time starting with neuron 1, continuing with neuron 2, etc. It turns out that the sequential
model has a close relationship with the recursive least squares (RLS) algorithm [18] if the learning
rate B is inversely proportional to the output variance weighted by some forgetting factor y:

1
Bk) = ——. (8.54)

ykiy@)?

ISR

i=1

Recursively,

Bk —1)
Bk = 3 :
y +y®) Bk —1)
Since the RLS algorithm is deterministic, it is faster compared to stochastic methods where S (k)

tends to zero. Using the optimal learning rate (Equation (8.55)), APEX becomes faster than neural
PCA models where the assumption of Equation (8.37) is used.

(8.55)

8.4.2.5 Other Hebbian PCA Learning Rules

This subsection briefly describes some important Hebbian models that extract either the PC
eigenvectors or the PCS of the data. Most of these models use Oja’s model as the starting point.
There is a wide variety of PCA neural models in the literature [5, 12] [19]-[30].

8.4.2.5.1 Foldidk’s Model [31]

The network architecture proposed by Foldidk [31] is shown in Figure 8.9. In this model, there
is full connectivity between the output neurons, except for self-feedback connections. This destroys
the hierarchy among the neurons which is present in both GHA and APEX models. Foldidk’s model
is characterized by symmetry. The neurons have linear activation functions and the ith output is

yi = WiTX — Zc,'jyj (8.56)
J#i
y = Wx-Cy. (8.57)

Foldidk’s equation (Equation (8.57)) is similar to Equation (8.51) of the APEX model, except that
C is a full matrix and, therefore, its inversion is required for the computation of the output vector y:

y= I+C)'Wx=Fx.
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8.9 The network proposed by Foldidk empoys full bidirectional connections between the output neurons.

Matrix inversion inhibits any locality aspirations of the algorithm. This problem aside, the learning
rule is Hebbian both in relation to the forward weights w;; and with respect to the lateral weights

Cij:

Aw;j(k)
Acij (k)

B i )x; (k) = yi 00 wi; 6 (8.58)
B&yi(ky;tky, i #j. (8.59)

A Foldidk network with m output neurons learns the m-dimensional PCS of the input data. The
lack of hierarchy does not allow for the extraction of the principal eigenvectors or the principal
components themselves. Because of the network symmetry, there is no reason why, for instance,
neuron 1 should converge to component 1, while neuron 2 should converge to component 2. Each
neuron converges to a linear mixture of components. What can be shown, however, is that the
components m + 1 through n are absent in the steady states of the neurons. In other words, the rows
of F span the same subspace spanned by ey, ..., e, i.e., the m-dimensional PCS

F=Tle,...,en]" .

T is an unknown m x m matrix. Thus, the network outputs y; are an unknown linear combination
of the principal components 1 through m. This is not necessarily a drawback if we are not interested
in the PCs themselves but rather in the projection of x on the PCS. The reconstruction of x from its
projection is computed using the pseudoinverse of F: X = F'y.
8.4.2.5.2 The Subspace Rule [5, 32, 33]
This rule is an extension of Oja’s single unit algorithm in multiple dimensions. Compare Equa-
tion (8.35) with the following describing the subspace rule:

y = Wx (8.60)
AWK = B [yoxK) — ¥y WK . (8.61)

Similar to Foldidk’s model, the subspace rule will not extract the principal eigenvectors them-
selves but some unknown linear combination which, however, spans the m-dimensional PCS:
W ="Tlej,...,e,]".

8.4.2.5.3 The Model of Rubner [34]
The architecture of Rubner is the same as that of the APEX model (see Figure 8.8). The output
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function is also the same as the APEX model:
n i—1
Yi = Zwijxj - Zcijyj :
j=1 j=1

The difference is in the learning rule, which is based on the normalized Hebbian algorithm and is,
therefore, non-local:

i) = wilk) + BU)y (xR (8.62)

1
(k+1 = ——v;k 8.63
Wikt D= e ® (8.63)
Acy®) = BRYRy 0. P>, (8.64)

Although there is no rigorous mathematical proof, the network does converge to the principal com-
ponents: w; — e;,¢;j — 0,as k — oo.

8.4.2.6 Assessment of Hebbian PCA Models

An attempt to unify the major Hebbian PCA models was undertaken by Diamantaras and
Kung [13]. It was found that they can be expressed as special cases of the following general
formula:

y = Wx-Cy
Wk+1 = W+ K [yhox®T - Fa®y®HWK]

Ck+1)

Ch) + B0 [GERY0T) = Hy®y®R) HCH)]

or
Ck)=0

for some functions F(-), G(-), and H (-). Models with non-zero lateral weight matrix C are said to be
in asymmetric mode if C is lower triangular (e.g., the APEX model) and in symmetric mode otherwise
(e.g., Foldidk’s model). It turns out that asymmetric models have advantages over symmetric ones in
terms of performance and biological plausibility [35]. Symmetric models require matrix inversion for
the computation of y = (I+ C)~'Wx. The use of standard finite methods, such as the Gauss—Seidel
iteration, is biologically implausible. Infinite, iterative schemes can be used at the obvious expense in
speed. To make things worse, if we truncate the matrix inversion series (I+C)™! = E;O:O(—l)PCP
at some finite point, these algorithms become unstable. In asymmetric models, on the contrary, the
inversion can be expressed in a finite series because C” = 0 for p > m. In fact, the outputs y;
can be computed using a finite recursive formula: y; = Wl-T X+ Ej.;ll ¢ijy;j. Finally, for asymmetric
models, the only asymptotic equilibria are the points

W = [+ey,..., +e,]", C=0

and all other equilibria are unstable.

Another interesting point is the comparison between neural PCA methods and standard batch
approaches in which the covariance matrix is first estimated from the data and then eigenvalue
analysis is performed on it. Both approaches have advantages and disadvantages depending on the
problem setting, as explained next.

Classical eigenvalue decomposition methods are preferred when the covariance matrix R, is
known or when the data are finite and of small dimension. On the contrary, neural PCA methods
are suitable for problems where the data keep coming continuously from some stochastic source.
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Another case of advantage for neural methods is when the data have very large dimension, e.g.,
1000. In that case, the covariance matrix is huge (e.g., 1000 x 1000) and the number of operations
needed for a full classical eigenvalue decomposition becomes prohibitively large. On the other hand,
neural models never compute the covariance matrix explicitly nor do they store it in memory. Thus,
these models can be effectively used provided that only a few components are required. For further
discussion on comparisons between PCA models and between neural models and batch methods,
the interested reader is referred to Diamantaras and Kung [13].

8.4.2.7 Multilayer Perceptrons and PCA

Principal component analysis represents n-dimensional data using a smaller number of vari-
ables and reconstructs the original data from the representation variables. Consider a multilayer
perceptron network like the one shown in Figure 8.10. It has the »n input and n output units, but the
hidden layer is an information bottleneck as it contains a smaller number of hidden units m < n.
The network operates in auto-associative mode: the targets #; are equal to the inputs x;. The model
squeezes the input information through m hidden units and is required to reconstruct the input at the
output. It turns out that such a network structure is closely related with PCA if the model is trained
on a least squares algorithm such as back-propagation (BP).

Output layer

Representation
layer

Input layer

8.10 A multilayer perceptron network implements PCA if (a) the output layer comprises linear units, (b) the network
operates in auto-associative mode, and (c) the hidden layer has fewer units than the input and output layers. After

back-propagation training, the synaptic weight matrix spans the principal component subspace (PCS).

Let us use the following notations:

* x € R" = the network input vector.

* a € R? = the activation vector of the hidden layer.

« W, 0 = the matrix of synaptic weights and thresholds of the output layer.
* W, 6 = the matrix of synaptic weights and thresholds of the hidden layer.

The network output units have a linear activation function

y=Wa+0. (8.65)
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The hidden units, on the contrary, may have a nonlinear activation function f. The hidden layer
activation vector is

a=f (wa n Q) (8.66)

where f(w) = [f (1), ..., f(un)]".
Given that the target vector is equal to the input vector, the network squared error is

1 Y )
J = N /; Ix(k) —y(©)II~ . (8.67)

Bourlard and Kamp [36] showed that J is minimized for

W = U,T (8.68)
W = %UmT‘T (8.69)
6 = (x)—W(a) (8.70)
) 0. (8.71)

The notations (x) and (a) correspond to the ensemble averages of the vectors x, a. The matrix
U, = [el,...,ey,]L contains the principal eigenvectors and spans the m-dimensional PCS. T is
some square invertible matrix, and b is the slope of f(u) at u = 0. According to Equations (8.68)
and (8.69), both upper and lower layer weights W, W involve the principal component eigenvectors,
and their respective column-/row-spans are the m-dimensional PCS. If » = 1 and f(u) = u is a
linear function, then the MLP will implement the PCA transform:

y =bU, Ulx.

The interesting point is that even if f(u) is a nonlinear function, the weights are still related to the
PCS.

The work of Bourlard and Kamp shows that Hebbian learning is not the sole connection between
PCA and neural networks. PCA is a minimum mean-squared-error method, and so, back-propagation
being another least-squares method, turns out to be related to it. Another important conclusion refers
to the use of nonlinear units in the hidden layer. The result is the same if linear units are used. As
a matter of fact, nonlinear units add local minima in the energy function and thus are preferably
avoided. It is also possible to show that the same conclusions hold for networks with more than two
networks provided that the second-to-last layer is a bottleneck [13]. Itis noted that the transformation
implemented by the hidden layer of the two-layer BP network does not involve the pure principal
eigenvectors since an unknown invertible matrix T is involved. Thus, the activation values of the
hidden units are not the exact signal PCs but some linear combination of them. What is extracted
by the network is the mth dimensional PCS. In that sense, BP is similar to many Hebbian PCA
techniques (see, for example, Foldidk’s rule, the subspace rule, etc).

8.4.3 Application: Image Compression

The use of PCA for data compression is related to the fact that the method produces the optimal
linear transformation among those mapping n-dimensional data into m dimensions, where m < n.
PCA optimality is in the least-mean-squared-error sense, meaning that the original n-dimensional
data can be reconstructed from the m-dimensional transform data achieving the minimum possible
MSE.
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Let us look at a specific example that illustrates the idea of data compression with PCA. Consider
an image like “Lenna” shown in Figure 8.11a. Every pixel is represented by an integer between 0
and 255 corresponding to the pixel luminance (0 = black, 255 = white). The image has a size of
256 x 256 pixels. We partition the image into a block of size 8 x 8, thus creating data vectors in the
64-dimensional space. Each block creates data by stacking the 64 pixels of the block on top of each
other. The gray value of each pixel is treated as a random variable. In high-resolution, low-noise
images such as “Lenna,” most neighboring pixels have similar values unless they lie on different
sides of an edge. Therefore, we expect to have high correlation between pixels and we know that
high correlation is the case where PCA may yield the best results. Indeed, although the superficial
dimensionality of the blocks is 64, the intrinsic dimensionality can be as low as 8 or 12 depending
on the acceptable level of error (see Figure 8.11).

8.11 (a) The original “Lenna” image. Compressed “Lenna” using PCs obtained from the APEX model; (b) 4 PCs;
(c) 8 PCs; and (d) 12 PCs. (Reproduced by special permission of Playboy Magazine. Copyright 1972, 2000.)
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8.4.4 PCA and Blind Source Separation

Consider n signals x1, ..., x, resulting from the linear combination of an equal number of source
signals s1, ..., sy,
x1 (k) hit o hig s1(k)
: = : : : . (8.72)
Xn (k) hpt -+ hapn su (k)
x(k) = Hs(k). (8.73)

The signals x; are observed at the outputs of some receiving devices, e.g., microphones, antennas,
etc. The sources s; contain information that needs to be extracted at the receiver, but they are
unknown. If the mixing matrix H is known, then the problem can be formulated as classical least
squares optimization. If H is unknown, then the problem is called blind source separation (BSS).
The term “blind” refers to fact that we are “blindly” looking for the sources without knowledge of the
mixing parameters. In BSS, the solution is based on certain statistical properties of the sources, such
as independence. BSS is a part of a large family of blind problems including blind deconvolution,
blind system identification, and blind channel equalization.

Until recently, the only tool for blind problems was the analysis of higher order statistics (HOS).
The use of second order statistics (SOS) was first noted by Tong et al. [37] in the 1990s. The
problem studied in this classic paper was blind equalization. It was found that eigenvalue analysis
of the oversampled observation covariance leads to blind recovery of the unknown filter coefficients.
Nevertheless, second order methods do not really replace higher order methods since each approach
is based on different assumptions. For example, second order methods assume that the sources are
temporally colored, whereas higher order methods assume white sources. Another difference is that
higher order methods do not apply on Gaussian signals, but second order methods do not have any
such constraint.

Blind equalization is related to blind source separation, but it was not until 1997 that second order
methods were proposed for BSS by Belouchrani et al. [38]. Here we shall offer a slightly different
formulation which shows that BSS can be addressed with the help of PCA.

Before we proceed, note that the solution to the BSS problem posed above is not unique. This is
because we can multiply source s; by any non-zero scaling factor « and, at the same time, divide the
ith column of H by o without affecting the observation sequence x. Furthermore, we can change the
order of the sources and similarly permute the columns of H and still obtain the same observation
sequence X. Thus, the scale and the order of the sources are unobservable.

Our assumptions are as follows:

Al. The observation vector sequence x (k) is spatially white:
R, (0) = E {x(ox(k)" | =T. (8.74)
If it is not white, it can always be whitened by a transformation of the form x'(k) <«

R, (0)~12x(k).
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A2. The sources are unit variance, pairwise uncorrelated, and each one is temporally colored:

0 _—
E {s:(k)sj (k) {r,-(O):l ifzj (8.75)
0 _—
E{si®)sjk —1)} = {r,-(l);éO ifﬁ: (8.76)
R, (0) = E[s(k)s(k)T}zl (8.77)
R()EE {s(k)s(k - 1)T} — diag[ri(1),....m()]£0.  (878)

The assumption that the sources are unit variance removes the part of the scaling ambiguity related
to the magnitude of the scaling. There remains the sign ambiguity: if we change both the sign of
si and the sign of the ith column of H, then neither the observed sequence x nor the variance of s;
will change. It follows that if H is a solution to the BSS problem, then so is HP for any a signed
permutation matrix P.

Consider the PCA of the signal:

yk) =x(k) +x(k—1) .
The covariance matrix of y is easily computed to be:

Ry = Efix(0)+x(k = DIx0) +x(k = DI

2R, (0) + R, (1) + R, (DT
= 2I+R (1) +R (DT

where we define the lagged covariance,
R.() = £ {x(xk — )T} =HR, (W BT . (8.79)
So,
R,(0) = HDH’. (8.80)
Using assumption A2, the matrix
D =21+ R, (1) + R, (D)7 (8.81)

is diagonal. In addition, H is orthogonal since HH? = HR,(0)H? = R, (0) = L. Hence, Equa-
tion (8.80) represents the eigenvalue decomposition of Ry (0). Moreover, the eigenvalues are given
by the formula

di =242E {si(k)sitk — 1D} =21 +r (1)) .

If dy, ..., d, are distinct, then the eigen-decomposition is unique up to a permutation and sign of
the eigenvectors.

We must stop for a moment and understand the consequences of this observation. First, it is
obvious that the principal component analysis of y leads to an estimate of H. If the columns of the
matrix U are the n principal eigenvectors of R, (0), then

U =HP
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where P is a signed permutation matrix. We can take this further and extract the source signals with
arbitrary order and sign

sy = UTx(k) =PTsk)
5itk) = Eszg)k) .

Since the order and sign of the source signals are unobservable, this is the best estimate we can hope
for. Figure 8.12 shows the block diagram of the overall BSS system using PCA.

k k
s(k) 1 X( );

4 YK poa 1 B=HP
- JO
x(k-1)

8.12 A model for blind source separation using PCA.

Z

Second, our analysis holds for any signal y(k) = x(k) + x(k — [), where [ is any non-zero time
lag such that R, (/) = E{s(k)s(k — )T} # 0.

An adaptive solution of the BSS problem can be implemented using neural PCA models that can
extract a complete set of principal eigenvectors. Such models include GHA, APEX, etc. Figure 8.13
shows the results of a blind separation experiment using the APEX model. The data were artificially
created in two steps. First, we randomly generated N = 3000 samples of four pulse amplitude
modulated (PAM) signals with 5 amplitude levels. Then, the signals were colored using the following
FIR filters,

g1 = [0.8559, —0.8510, 0.8119, 0.7002, 0.7599, —1.7129, 1.5370, — 1.6098, 1.1095, — 1.1097]

g = [0.3855, 0.9652, 0.8183, 0.0370, —0.9260, —0.1119, —0.8030, — 1.6650, —0.9014,
0.5883]

g3 = [0.5542, —0.4152, 0.0618, 0.4574, 0.1990, 0.2576, 2.0807, —2.2772, 0.3390, 0.2899]

g4 = [0.6623, —0.5809, 0.8878, 0.1719, 0.8488, 0.9638, 1.3219, — 0.0643, 1.3171, 0.2280]

thus creating the sources s1, 52, 53, and s4. The mixing matrix

—0.7283 —0.5760 0.8701 0.8784
—0.8719 —0.6425 0.7825 0.9195
—0.6235 0.8974 —0.5981 0.5525
—0.7057 0.6310 —0.5692 —0.6003

A =

was used to derive the four observed signals x1, x2, x3, and x4, shown in Figure 8.13b. The vector
sequence X (k) was spatially whitened,

x (k) = Ry (0) "' 2x(k) = A's(k)

and then the sources were blindly separated using the sequential APEX model on y(k) = x'(k) +
x'(k — 1). The steady-state forward weight matrix W attains the following unmixing performance:

0.0142 1.0002 —-0.0171 —0.0291
—0.0381 —0.0437 0.0163 —1.0012
—0.0800 —0.0068 —1.0002 —0.0071

0.9988 0.0199 —0.0385 0.0104

WA’ =
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8.13 Blind separation of four sources, §1, $2, §3, and $4, using the APEX model. (a) A window of 200 samples of
the sources, superimposed with the reconstructed signals. The error is so small that true and reconstructed signals can
not be visually separated. (b) The same time window for the four observed mixtures.
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The original and reconstructed sources are shown in Figure 8.13a. We have appropriately changed
the signs and the order of the reconstructed sources in order to facilitate the comparison.

An alternative approach for second order neural BSS has been proposed [39, 40]. This approach
is based on neural SVD analyzers known as asymmetric PCA models. One such model, the cross-
coupled Hebbian rule [41], has been applied for the blind extraction of sources such as images or
speech signals using a preselected time lag /. A discussion of asymmetric PCA models extends
beyond the scope of this chapter.

8.5 Nonlinear PCA

There is more than one way to extend classical, linear PCA into the nonlinear domain. One approach
is related to the functions f;() described in Section 8.2, and another approach is related to the
neural PCA learning rules described in Section 8.4. The first approach leads to nonlinear multilayer
perceptron architectures for the implementation of the representation and reconstruction functions.
The second approach leads to nonlinear extensions of Hebbian learning rules. Both approaches have
their own merits, deserve a closer look, and are discussed in the following sections.

8.5.1 Nonlinear PCA: A Functional Approach

Let us revisit the starting point of PCA analysis, namely the functions used for reconstructing the
data,

x1 = fiy, ..., ym) = f1(y)

Xn = fuOteeos ym) = fu(y)

as they appear in Equation (8.1). The PCA vector function x = f(y) is linear and, therefore,
it represents a linear m-dimensional manifold, i.e., a hyperplane, in the n-dimensional space. An
obvious extension is to assume that f () is a nonlinear function representing an m-parametric nonlinear
manifold in R". The difference between linear and nonlinear manifolds can be easily visualized in
R? (see Figure 8.14).

8.14 A linear mono-parametric manifold in R%isa straight line (left). A nonlinear mono-parametric manifold can
be a curly shape (right).
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In the same spirit, the representation function y = W(x) is also nonlinear. The representation
function expresses the feature vector y — now called the nonlinear principal component vector — as
a function of the data x. Obviously, nonlinear PCA, as described above, has a greater representation
power than PCA, provided that the classes of functions Sy, Sy, where f() and W() belong, are
supersets of the linear class L.

There are very few analytical results for nonlinear PCA. The second order statistics are no longer
useful, and there are no analytical tools in nonlinear analysis as powerful as eigenvalue decomposi-
tion. However, if we know the representation function W(), then the optimal reconstruction function
is given by following theorem:

THEOREM 8.4  [42] If the vectors x € R" and 'y € R™ are jointly distributed, then the optimal
estimate of X by a function of y is the conditional expectation g(y) = E{x|y}:

min £ {Ix —g)I*} = £ {Ix~ Ex 7)1} -

Applied to nonlinear PCA, Theorem 8.4 implies that, given W(), the optimal reconstruction
function f() is [13]:

f(y) = E{x|y =WX)} = / xd P (x) (8.82)
xeW-l(y)

where W1 (y) = {x: W(x) =y} and P(x) is the cumulative probability distribution function of
x. If W() is not given, the optimizing pair of functions [£(), W()] may not be unique. However, the
following two objects are unique and characterize x for a specific dimension m and classes S¢, Sy,

1. the contour set Z = {W~!(y) : ally}

2. the optimal m-parametric surface C generated by f. We call C the m-parametric nonlinear
principal component surface (NPCS) of x.

EXAMPLE 8.2:

Consider the representation of two-dimensional data by a single nonlinear component y. Let the
reconstruction function f(y) belong to the class Sy of 2-D ellipses, i.e.,
Y1 = fi(y) =aicos(y) + bysin(y) + ¢
X = fa(y) = azcos(y) +bysin(y) +c2 .

Let the data be scattered around a specific ellipse:
x1 = 2cos(y) + 0.5sin(y) + e;
x3 = cos(y) —sin(y) —14e

as in Figure 8.15. The terms e and e; are small additive noises. The one-parametric NPCS C is the
ellipse shown in the figure. It fits the data with MSE = 0.0128. For the sake of comparison, we
also show the corresponding linear one-dimensional PCS (straight line). Obviously, the linear PCS
is not a good fit for the data (M SE = 0.6414).

8.5.1.1 Kramer’s Neural Model

Kramer’s nonlinear PCA neural network [43] is a multilayer perceptron with a special structure.
The model has five layers: the input and output layers have the same number of units #; the first and
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8.15 Nonlinear vs. linear PCS. For these data, the nonlinear PCS (ellipse) is a much better fit than the linear PCS
(straight line).

third layers are nonlinear, and the second and fourth are linear. Layers 1 and 3 have enough units
to represent the functions f() and W() with acceptable accuracy. Layer 2 contains m units, i.e., as
many as the nonlinear PCs. The activations of the neurons in Layer 2 are the nonlinear PCs of the
input data.

The architecture of the network is the cascade of two modules: the representation subnetwork
(layers 0-2) and the reconstruction subnetwork (layers 3—4). These two modules have the same
structure: they have two layers of neurons (excluding the input layer), where the first layer is wide
and nonlinear and the second layer is narrow and linear. It is known [44, 45] that the functions of
the form,

N n
¢ =D ai f Y Byxj+vi |+ (8.83)

i=1 j=1

where f() is the sigmoid function, are universal approximators. This means that ¢ (x) can approx-
imate any continuous bounded function g(x) on the n-dimensional unit hypercube 7, = [0, 1]"
with arbitrary accuracy provided that N can be arbitrarily large. In other words, for any given error
threshold ¢, there exists an integer N and real numbers «;, f;;, ¥;, and 8 such that [g(x) — ¢ (X)| < ¢,
forall x € I,.

This result applies directly to neural networks with structures like those of the representation and
reconstruction subnetworks in Figure 8.16. Equation (8.83) expresses the input-output relationship
of a two layer network with a nonlinear first layer and a linear second layer. The second layer
weights/thresholds are equal to o;, &, and the first layer weights/thresholds are equal to §;;, y;. Thus,
the representation and reconstruction subnetworks in Kramer’s net are universal approximators.
Provided that enough units are present in layers 1 and 3, the total network can represent any continuous
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representation or reconstruction function on /,,. The network can represent very complex continuous
nonlinear PCA; therefore, it is useful for problems where the data relationships are not adequately
described by linear relations.

21 e o o o 6 o o o Zn

Output layer (4)
Reconstruction
subnetwork < Layer (3)
Representation
layer (2)
Representation
subnetwork < Layer (1)
Input layer (0)

.X] e o o o o o o o o Xn

8.16 Kramer’s nonlinear PCA neural network is a multilayer perceptron with a special structure.

8.5.2 Application: Ischemia Detection

The high representation power of the nonlinear PCA features has been used in the classification of
ischemic episodes using patient ECG signals [46]. Ischemia is related to the shape of a specific part
of the cardiac beat known as the ST segment. The analysis of the ST segment is far from trivial
for many reasons, including inaccurate determination of the ST segment boundaries, drifting signal
baseline, signal artefacts due to a patient’s movements or sensor noise, patient-dependent ischemic
signatures, and appropriate feature selection from the ST segment data. Careful preprocessing of
the ECG signal can remove the baseline drift and help estimate the starting and ending points of
the ST segment. Once the ST segment is extracted, it is sampled and calibrated by subtracting the
average ST segment of the specific patient. The resulting vector forms the raw data for a nonlinear
classification algorithm. The idea is that normal raw data have different nonlinear features than
abnormal (ischemic) data. The idea is put to the test using a Kramer nonlinear PCA network. The
network is trained using only normal (healthy) data and is tested on both normal and abnormal data.
The nonlinear features are the activation vector of the second layer of the network. The distribution
of the normal features is modeled using an RBF neural network. Classification into the abnormal
category happens when the activation vector of the second layer lies in a low probability area of the
normal PDF, as modeled above.

The results reported by Stamkopoulos et al. [46] are based on data from the European ST-T
ECG signal database. Using only two nonlinear components and a threshold allowing 80% correct
classification on the normal beats, the authors report classification results for the abnormal beats
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ranging between 60 and 100%, with an average rate at 75%. This performance is far better than the
other ischemic beat detection algorithms proposed in the literature [47]-[50].

8.5.3 Nonlinear PCA: A Hebbian Approach

Another approach for defining nonlinear PCA is the extension of linear Hebbian PCA models to
nonlinear ones. This is accomplished with the introduction of a nonlinear function g() in the learning
algorithm. Two basic questions need to be answered here: (1) how is this done? and (2) what is the
motivation behind it? The “how-to” question relates to numerical stability issues. One needs to find
a proper way to introduce g so that the modified algorithm remains stable. The “why” question is
more important because it relates to the meaning of the stability points of the new algorithm(s). At
first sight, the nonlinear extension of Hebbian rules may seem like a mathematical exercise motivated
more by curiosity than by application. It turns out, however, that the problem has more depth as it
leads to the blind separation of independent sources from their linear mixtures.

Consider, for example, the nonlinear PCA subspace rule introduced by Oja et al. [51] as an
extension to the linear PCA subspace rule (see Equation (8.61)):

AW (k) = k) [x(k) — W(k)g(y(k)]gy (k)" . (8.84)

Let us again consider the BSS problem

x(k) = Hs(k) (8.85)
where the sources s1(k), ..., s, (k) are zero-mean, unit-variance, statistically independent variables:
R, =E {s(k)s(k)T} —1. (8.86)

The problem is identical to the BSS problem discussed in Section 8.4.4 except for the assumptions on
the sources. As before, without affecting generality, we may assume that the vector x(k) is spatially
white: E {x(k)x(k)T} = L. The next theorem shows that Equation (8.84) extracts the unknown
matrix H and, consequently, the hidden independent sources s;.

THEOREM 8.5 [52, 53] Assume the following:

1. The random vector s has symmetrical density with E{s} = 0.

2. The elements s1, ..., S, of s are statistically mutually independent and have the same
density Pg(s).

3. The function g() is odd and at least twice differentiable everywhere.

4. The following conditions are satisfied by g() and Ps():

E{s%/@»} — 20 {gl@s)g'@s)s} - E {g@s)?} <0
where g'() denotes the derivative of g() and a is a scalar such that
E{sg(as)} =aE [g(ozs)z} .
5. The following holds true:

E {sz} E{g'(as)} - E ig(as)z} <0.
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Then the matrix,
D = «PH”

where P is an arbitrary n x n permutation matrix, is an asymptotically stable stationary point of
Equation (8.84).

The theorem implies that, at equilibrium, the outputs y; will be scaled versions of the independent
sources s; with a possible change in order:

yk) = Wx(k) = aPs(k) (8.87)
yitk) = aszuk) . (8.88)

We say that the algorithm performs the analysis of the signal x(k) into independent components. The
term independent component analysis (ICA) first appeared in the works of Jutten and Herault [54]
and Comon et al. [55]. The analogy between PCA and ICA is summarized below:

e It is possible to obtain ICA neural models by nonlinear extensions of Hebbian PCA
models.

» PCA extracts uncorrelated components of the signal, whereas ICA extracts independent
components.

* PCA is based on second order statistics, whereas ICA is based on higher-than-second
order statistics (higher order statistics, or HOS).

* The neural models implementing PCA involve linear units, whereas ICA neural models
involve nonlinear functions.

Many different nonlinear functions g() can be applied in Equation (8.84) as long as they satisfy
the conditions set in Theorem 8.5. A simple nonlinear function is g(z) = z3. Some mathematical
manipulations based on the theorem conditions lead to the conclusion that, for g(z) = Z3, the
algorithm is asymptotically stable if

E {54} -3 (E {S2}>z > 0.

The expression k(s) = E {s*} — 3(E{s2})? is the fourth order cumulant of the variable s also known
as the kurtosis of s. Other nonlinear functions, such as g(z) = tanh(z), are stable under negative
kurtosis conditions.

Higher-than-second order cumulants (and especially the kurtosis) play a central role in the blind
recovery of independent signals from linear mixtures and also in the blind deconvolution of non-
Gaussian signals [56]. The subjects of ICA, blind source separation (BSS), and blind deconvolution
(BD) in conjunction with neural models are very wide and extend beyond the scope of this chapter. A
large variety of neural models for ICA have been proposed in the literature [52]-[54], [S7]-[61]. The
reader interested in delving into the theory of ICA should refer to the books of Lee [62], Girolami [63],
Haykin [64, 65], and Cichocki and Unbehauen [66].

8.5.4 Application: Blind Image Separation

We mixed three negative kurtotic images, s1, s2, s3, to produce three confused images, x1, x2, x3,
as shown in Figure 8.17. The mixing matrix A was randomly chosen:

—0.7224  0.9609 —0.7029
A= —0.8077 -0.8691 —0.9677
0.8960 —0.5881  0.9585
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8.17 The source images, I, s2, and s3, (top row) are mixed into the confused images, X1, X2, and x3 (middle row).

The nonlinear PCA rule performs almost perfect unmixing of the sources into the images Y1, Y2, and Y3 (bottom row).

All images were transformed into one-dimensional signals by stacking the image columns on top of
each other. We then created a three-dimensional vector signal x(k) = [x1(k) x2(k) x3(k)]1T, where
k is the pixel position (if the image has size N x N,thenk =1,..., N 2).

The nonlinear PCA rule Equation (8.84) with g(z) = tanh(z) was applied to the spatially whitened
vector x(k). The algorithm converged very fast. After only six sweeps over the data, the following
unmixing operator was obtained:

—1.1942 —0.0383  0.0663
WIA =| —0.0426 12142 —0.0597
—0.0389 —0.0801 —1.3220
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Since the unmixing operator is very close to a permutation matrix (except for the signs), the images
have been successfully separated. Figure 8.17 verifies that the unmixing result is almost perfect.
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This chapter provides a technical overview of neural network approaches to time series predic-
tion problems and discusses challenges associated with time series prediction and neural network
solutions. Some of the important issues related to neural network time series modeling include
incorporating temporal information, selecting input variables, and balancing model bias/variance
trade-off. Three techniques — sensitivity based input selection and pruning, constructing commit-
tee prediction models using input feature grouping, and smoothing regularizer for recurrent neural
networks — and their application to an economic time series prediction problem are presented in
detail. This case study demonstrates how to tackle a time series prediction problem in the neural
network paradigm.

9.1 Introduction

A time series is a set of observations obtained sequentially in time. Observations in a time series
can be spaced in a physical time scale (e.g., hourly, daily), a business time scale (e.g., transaction

© 2002 by CRC Press LLC



tick), or other user-defined time scales (e.g., 0—timel). If a time series can be forecasted exactly,
it is said to be deterministic. Usually, practical time series are stochastic processes because of
the existence of observation noises whose characteristics can change over time. In consequence,
the future observation of a time series is only partially determined by past observations and has a
probability distribution conditioned by its past observations and other prior knowledge. The goal of
time series prediction is to model the underlying mechanism that generates the time series so that
the value of the series for a short to intermediate term into the future can be predicted.

Artificial neural networks are statistical modeling tools that have a wide range of applications,
including time series prediction. Examples include power load forecasting [48], medical risk pre-
diction [47, 76], economic and financial forecasting [27, 37, 52, 53, 55, 57, 85], and chaotic time
series prediction [50, 67, 79]. In most cases, neural network prediction models demonstrate better
performance than other approaches. For example, Moody, Levin, and Rehfuss [53] convincingly
demonstrated the superiority of neural network forecasting techniques in predicting some indicators
of the U.S. economy; Hutchinson, Lo, and Poggio [37] showed that their neural network based
pricing model outperforms the Black—Scholes model in delta-hedging daily call option prices on
S&P futures; and Giles, Lawrence, and Tsoi [27] found significant predictability in daily foreign
exchange rates using their neural network models. Furthermore, almost all top systems in several
recent time series prediction competitions (as listed in the Appendix at the end of this chapter) are
neural network based. In conclusion, artificial neural networks are considered one of the best and
most promising techniques for time series predictions.

This chapter is organized as follows. Section 9.2 gives a general overview of time series prediction
problems and traditional approaches to time series prediction. Section 9.3 introduces neural network
modeling for time series prediction and discusses challenges of time series predictions and neural
network solutions. Some references are provided for the interested reader. Section 9.4 provides a
case study on an economic time series forecasting problem and demonstrates how to apply advanced
neural network techniques to real-world time series prediction tasks. Section 9.5 summarizes the
chapter.

9.2 Time Series Prediction

Time series can be linear or nonlinear and stationary or nonstationary. Let s(¢) be a time series. If the
join probability distribution of {s(#1), s(#2), ..., s(t,)} is the same as the join probability distribution
of {s(tj + 1),s(tp +1),...,5(t, + 1)} forall 11, ...,¢,, and 7, the time series s(¢) is said to be
strictly stationary. In practice, it is difficult to obtain all moments of the join distribution. A time
series is usually called stationary when its mean is time-independent and its auto-covariance depends
only on the time lag. Time series often exhibit nonstationarity. There are four major situations that
give rise to nonstationary time series: transients, trends, discontinuities, and multiple equilibria.
Some nonstationary time series can be reduced to stationary series by proper transformation, such
as differencing. In other time series, time-varying adaptive models need to be used for modeling.
A practical approach to modeling nonstationary series is using the combination of rolling training
window and nonadaptive models, where models are retrained using new data once in a while to
capture the changes of the underlying dynamics. How frequently the retraining is needed depends
on the speed of the changes of the underlying dynamics.

19-time was introduced by Dacorogna et al. [17] in order to remove the seasonal pattern of intraday volatility in foreign
exchange price change series.
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The time series analysis can be performed in either the time domain (e.g., autocorrelation) or
the frequency domain (e.g., spectral analysis). There are two basic approaches for forecasting time
series: the univariate approach, where forecasts of a time series are based on a model fitted only to
the past observations of the series, and the multivariate or cause-and-effect approach, where forecasts
of a time series depend, at least partly, on some other series that are believed to cause the behavior
of the forecasted series.

9.2.1 Time Series Prediction

Time series prediction can be defined as follows:% given p previous observations of the signal s(z),
X=(@t—-1),...,50— p))T, find a function g(-) which minimizes the prediction residual

D= // s —gX) [I>P(X, s)dXds ©.1)

where P (X, s) is the density function of the joint probability of X and s. The theoretical solution of
Equation (9.1) is the posterior mean estimator:

gX) = /sPs|x(X, s)ds (9.2)

where Py x (X, ) is the density function of the conditional probability of s given X.

Equations (9.1) and (9.2) describe the general time series prediction problem and its theoretically
optimal solution.

9.2.2 Traditional Approaches to Time Series Prediction

Traditional time series techniques [7, 11,20, 21, 29, 31, 46] usually assume that a signal is stationary
and can be described by a set of linear equations. Popular models include AR (autoregressive),
ARX (AR with external input series), VAR (vector autoregression [45]), ARMA (autoregressive
moving average), ARMAX (ARMA with external input series), ARIMA (autoregressive integrated
moving average), ARIMAX (ARIMA with external input series), and ARFIMA (autoregressive
fractionally integrated moving average [19, 26, 70]).3 Advantages of linear time series models are
that: (1) they have been studied for a long time and can be understood in great detail, and (2) they
are straightforward to implement. However, because of the limitation of linearity, they cannot be
applied to many more complicated problems. Instead, nonlinear models, such as TAR (threshold
autoregressive model) [64, 65, 72, 73] and state-space models [3], are used for nonlinear time series
modeling. For these techniques, model types and complexities need to be predefined. Some of these
models work very well for specific problems, for example, TAR for Sunspots series prediction [74].
However, for most time series, a priori models are unknown and it is difficult to obtain a good guess
due to the large number of variables involved, the high level of noise, and the limited amount of
training data.

ZFor simplicity, Equations (9.1) and (9.2) present a univariate case, but it is straightforward to extend it to a multivariate
case.

3In many empirical time series, particularly in finance, economics, and hydrology, the dependence between distant
observations, though small, is by no means negligible. ARFIMA is one of the models developed to deal with such time
series.

© 2002 by CRC Press LLC



9.3 Neural Network Techniques for Time Series Prediction

Neural networks with hidden units are universal approximators, which means that, in theory, they
are capable of learning an arbitrarily accurate approximation to any unknown function, provided
that they increase in complexity at a rate approximately proportional to the size of the training data.
Neural networks can be applied to time series modeling without assuming a priori function forms of
models. A variety of neural network techniques have been proposed, investigated, and successfully
applied to time series prediction.

9.3.1 Feedforward, Time Delay, and Recurrent Neural Networks

9.3.1.1 Multilayer Feedforward Neural Networks

One of the challenges of applying static neural network models to time series prediction is to
incorporate the temporal relationship between observations at different time steps into the model.
The simplest way to include temporal information into a multilayer feedforward network is by using
different time-lagged input variables. For example, for a target series s(t), series {s(t — 1), s(t —
2),...,s(t — 1)} can be used as input variables. Selecting proper time lags and an informative set
of input variables is critical to the solution of any time series prediction problems. Davey et al. [18]
suggested that the embedding theorem and the false nearest neighbor method can provide useful
heuristics for selecting proper time lags. Later in this chapter, we will present the sensitivity-based
input feature selection method for choosing an informative set of input variables. Since choosing
suitable time lags is a difficult problem, another practical approach is to first select as many lagged
input variables as possible, then apply principle component analysis to the input space and transform
input variables into new variables in the principle component space, which usually has a much lower
dimensionality than the original space. Transformed variables are then used to train neural networks.

9.3.1.2 Time Delay Neural Network

The time delay neural network (TDNN) and its functional equivalent, finite impulse response
(FIR) filter network or unfold-in-time static approach, can also be used for time series prediction [78,
80]. TDNNSs are feedforward networks. They do not have feedback connections between units.
TDNNs provide simple forms of dynamics by buffering lagged input variables at the input layer
and/or lagged hidden unit outputs at the hidden layer. The FIR filter network [2] is a feedforward
network whose static connection weights between units are replaced by an FIR linear filter that can
be modeled with tapped delay lines. After applying the unfold-in-time technique to a TDNN or an
FIR filter network, which removes all time delays by expanding the network into a large equivalent
static structure, we can use the standard back-propagation algorithm for training. An alternative is to
use the temporal back-propagation learning [80]. Another variation on TDNNs is the Gamma filter
network [66], where the tapped delay line is replaced by a set of cascaded filters.

9.3.1.3 Recurrent Neural Network

Recurrent neural networks (RNNs) have feedback connections. They address the temporal
relationship of inputs by maintaining internal states that have memory. RNNs have proven to be
effective in learning time-dependent signals that have short term structure. For signals with long term
dependencies, RNNs are less successful, since during training, the error gets “diluted” when passed
back through the layers many times [5]. Due to their dynamic nature, RNNs have found great use in
time series prediction [14, 15, 24, 27, 60, 84, 87]. Real time recurrent learning and back-propagation
through time are two popular training algorithms for RNNs. Training RNNs tends to be difficult
because of the feedback connections. The comparative study done by Horne and Giles [36] shows
that RNNs do better than TDNNS in the tasks of finite state machine induction and nonlinear system

© 2002 by CRC Press LLC



identification, even though the performance differences are not significant. Two other comparative
studies [15, 30] on feedforward and recurrent neural networks in time series prediction show that
feedforward networks consistently outperform recurrent networks for their time series prediction
tasks.

Many challenges, such as lack of prior knowledge, high noise level, nonlinearity, and nonstationar-
ity, are associated with time series modeling. The success of applying neural networks to time series
predictions comes from proper input variable selection and effectively balancing model complexity
(bias/variance trade-off [25]). Controlling model complexity can be difficult due to the following
three key facts:

* Unlike linear systems, general theoretical analysis for nonlinear neural networks is usu-
ally intractable, especially for models with dynamic connections.

* The error surface of nonlinear neural networks has multiple local minima. Neural
networks are “unstable” with respect to choices of training and validation data, ini-
tial weights, architectures, and training parameters. The mapping functions of neural
networks trained with different setups may vary greatly, especially for networks with
embedded feedback connections and other time factors.

* Training data are usually limited and noisy.

Many model selection and pruning techniques have been developed for controlling the bias/variance
trade-off for a given problem. These include, among others, sequential network construction [8,
55], optimal brain damage [16], optimal brain surgeon [32], principle component pruning [41],
FARM (Frobenius approximation reduction method) [38], and skeletonization [58]. The rest of this
chapter describes three other techniques for variable selection and controlling neural network model
complexity, as well as their applications to an economic time series prediction problem.

9.3.2 Sensitivity Analysis Based Input Variable Selection

Input variable selection is one of the most important stages of a modeling process. The number
of input variables used during learning affects the quantity of training data needed for learning.
Redundant, irrelevant, or misleading features make the training data less comprehensible. Both data
collection and the learning process can be expensive and time consuming. There are two types of
feature selection procedures:

* the model-independent (filtered) approach, where statistical merits of input variables, for
example, joint mutual information of input variables and target variables, are directly
evaluated using data

* the model-dependent (wrapper) approach, which evaluates input features together with
learning algorithms. That is, a learning algorithm is applied to the data, and the subset
of input features that gives the best result for the algorithm is used for modeling.

Sensitivity-based input variable selection techniques are model-dependent algorithms that prune
unnecessary or harmful input variables from a trained network. The following sections describe
four average sensitivity measures that are calculated based on the entire data set, as well as two
sensitivity measures for individual data exemplars [42]. These measures can be used to guide input
feature selection and the pruning of hidden layer units. The sensitivities for individual exemplars
can provide insight into which inputs are important for specific predictions.

9.3.2.1 Average Sensitivity Measures

One of the sensitivity measures, delta error [55], is defined in terms of the increase of the
average square error when replacing a variable x with its mean X. The sensitivity S; of the ith
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variable is:

N

Si = %Z i(n)

n=1

SE (7, W) — SE (x", W)

(n)
S;

where SE denotes the square error, which is a function of network weights and data exemplars, and
Sl.(") is the delta error measure of the nth data exemplar. If S; is large, the network error will be
largely changed by replacing the ith input variable with its mean. If S; is small, other measures
are needed to decide whether the ith input variable is useful. Three additional sensitivity measures
are computed based on perturbating an input or a hidden variable and monitoring network output
variations:
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n=1

N

. 1
2. Average Absolute Gradient (AAG): S; = v Z

n=1

af(n)
3)6,'

N
. 1
3. RMS Gradient (RMSG): S; = ~ Z:l |:
n—=

drmi?
8)(,‘ i|

where f ) — f (xl("), e, xl.("), e, x[(l")) is the network output given the nth input data pattern.

These three sensitivity measures considered together offer useful information. If SlAG is positive
and large, then, on average, the change of the direction of the network output f is the same as that
of the ith input variable. If SIAG is negative and large, on average, the change of the direction of f is
opposite to that of the ith input variable. If SIAAG is large, the output f is sensitive to the ith input
variable. If SlAAG is small, f is not sensitive to the ith input variable. If SiRMSG is very different
from SIAAG, the ith input series could be very noisy and have a lot of outliers.

9.3.2.2 Sensitivities for Individual Exemplars

When we apply a data exemplar to a trained neural network, the network outputs a result.
Sensitivity analysis performed for an individual exemplar provides information about which input
features play an important role in producing the current network output. It helps to interpret how
the network is making a prediction. Two types of sensitivity measures for individual exemplars are
calculated. These measures are defined as

1. Delta Output MO):S; = Afi = f (x{”...x, o) = (o, 71l

arm
2. Output Gradient (0OG):S; = 3 .
Xi

where f = f(xf”), ...,xl.("), e x;”)).

For a given data exemplar, if SiDO or SI.OG is large, then the ith variable plays an important role in
the current network output, and slightly changing the value of the variable may cause a large change
in the network output. Figure 9.1 gives an example of visualization of the individual exemplar
sensitivity analysis. Black and gray represent negative and positive, respectively. The size of a
rectangle represents the magnitude of a sensitivity value. The indices of data exemplars change

along the horizontal direction, and the indices of input variables change along the vertical direction.
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9.1 Sensitivity analysis results for individual exemplars. Black and gray represent negative and positive, respectively.
The size of a rectangle represents the magnitude of a value. The indices of exemplars change along the horizontal
direction. The indices of input variables change along the vertical direction.

Using this visualization, we can observe which input variables play important roles on the current
network output or which input variables, when we change them, can largely increase or decrease
errors. For time series prediction, we can also observe how the roles of different input series change
over time. For example, in Figure 9.1, for exemplars with indices from 56 to 60, the third input
series has large negative sensitivity measures. Starting with the 65th exemplar, the 6th input series
starts to play an important role, and this lasts until the 71st exemplar.

9.3.3 Committees of Predictors

One way to deal with instability and noise during neural network modeling is to train a set of neural
networks that have different initial weights, training parameters, or architectures, then choose the
network that performs the best on a validation data set. An alternative approach is to use committees.

A committee consists of a set of member models. The committee approach has been used to reduce
model variance and improve generalization performance. Researchers of economics have studied
and used committees for economic time series prediction for a long time and generally find that
they outperform their member estimators and that unweighted averages tend to outperform weighted
averages for a variety of weighting methods [13].

If member neural network models of a committee use the same input variables and architecture,
the committee formed by these members is called a homogeneous committee. Because a lot of time
series prediction problems only have a limited amount of data, and data are usually noisy, bagging [9]
or double-bagging [44] techniques, where member models of a committee are trained and validated
using different bootstrap replicas of the original data set, are effective approaches for constructing
committees for these problems.

For committees to achieve substantial generalization performance improvement over single mod-
els, committee members need to satisfy two criteria — have reasonable individual performance and
make decisions as independently as possible. The input feature grouping technique we proposed [43]
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aims to generate members that provide a good balance between the two criteria. The idea is to give
each member estimator of a committee a rich but distinct feature set, in the hope that each member
will generalize independently with reduced error correlations.

The input grouping method first groups features using a hierarchical clustering algorithm based
on a relevance measure in such a way that features between different groups are less related to one
another and features within a group are more related to one another. Then, the feature set for each
committee member is formed by selecting a feature from each group.

The mutual information / (x;; x;) between two input variables x; and x; is used as the relevance
measure to group inputs. The mutual information / (x;; x ), defined in Equation (9.3), measures the
reduction of uncertainty by introducing another random variable. It reflects the dependence between
the two random variables.

p(xi, xj)

_—— . 9.3
p(xi)p(x;) ©-

I'(xi;xj)=H (x;)) — H (xi|xj) = Z p (xi, yi)log

Xi,Xj

If features x; and x; are highly dependent, I (x;; x;) will be large. Because the mutual information
measures arbitrary dependencies between random variables, it has been effectively used for feature
selections in complex prediction tasks [4], where methods based on linear relations like the correlation
are likely to make mistakes. The fact that the mutual information is independent of the coordinates
chosen permits a robust estimation.

Because members of committees designed by the input grouping technique observe different
combinations of input variables, they will have fewer error correlations between each other. The
feature sets of individual members will contain less redundant information because highly correlated
variables will not be used for the same model. Also, the feature sets of members contain almost
complete information because every set includes features from all information groups. Section 9.4.2
describes a case study using this technique.

9.3.4 Regularizer for Recurrent Learning

Overfitting modeling solutions are generally characterized by mappings which have relatively high
curvature and structure. Regularization is an effective technique to encourage smoother network
mappings. Other techniques to prevent overfitting include early stopping of training, which has
an effect similar to weight decay [69], and using prior knowledge in the form of hints [1, 75].
Well established regularization techniques include ridge regression [34, 35], and, more generally,
spline smoothing functions or Tikhonov stabilizers that penalize the mth-order squared derivatives
of the function being fit [22, 33, 71, 77]. These methods were extended to radial basis function
networks [28, 62, 63], and several heuristic approaches, such as quadratic weight decay [61], weight
elimination [12, 68, 83], soft weight sharing [59], and curvature-driven smoothing [6, 40, 54], were
also developed for sigmoidal neural networks. All these regularizers are designed for feedforward
neural networks.

Wu and Moody [86] derived a smoothing regularizer for general dynamic models by requiring
robustness in prediction performance to perturbations on training data. The regularizer can be viewed
as a generalization of the first order Tikhonov stabilizer to dynamic models. A two-layer network
with recurrent connections can be described by equations:

Y(©) = fFWY(@t—1)4+VX(®)
Z@t) = UY@®) 9.4)

where X (1), Y (¢), and 7 () are, respectively, the network input vector, the hidden output vector, and
the network output vector; U, V, and W are the output, input, and recurrent connection weights,
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respectively; f(-) is the nonlinear transfer function of hidden units; and t is the time delay in the
feedback connections of the hidden layer. The training criterion that includes the regularizer is
defined as:

D= % i: HZ(I) — 2(®. 1(;))”2 +Ap (D) 9.5)

where ® = {U, V, W}is the network parameter set, Z(¢) is the target, I (1) = {X(s)[s = 1,2, ..., t}
represents the current and all historical input information, N is the size of the training data, p;>(®) is
the regularizer, and A is the regularization parameter. The closed-form expression of the regularizer
for time-lagged recurrent networks is

YUV yIIWl-1
N I
where || - || is the Euclidean matrix norm and y is a factor that depends on the maximal value of

the first derivatives of the internal unit activations f(-). Simplifications of the regularizer can be
obtained for simultaneous recurrent nets (t +— 0), two-layer feedforward nets, and one-layer linear
nets. Section 9.4.3 describes a case study using this technique.

9.4 A Case Study

9.4.1 Task, Data, and Performance Measure

The task is to predict the one-month rate of change of the U.S. Index of Industrial Production (IP),
one of the key measures of economic activity. It is computed and published monthly. Figure 9.2
plots monthly IP data from 1967 to 1993.

Nine macroeconomic time series, as listed in Table 9.1, are used for forecasting IP. Macroeconomic
forecasting is a difficult task because data are usually limited, and these series are intrinsically very
noisy and nonstationary. The nine series are preprocessed before they are applied to the forecasting

TABLE 9.1 Input Data Series

Series  Description

1P Index of Industrial Production

SP Standard & Poor’s 500

DL Index of Leading Indicators

M2 Money Supply

CP Consumer Price Index

CB Moody’s AAA Bond Yield

HS Housing Starts

TB3 Three-month Treasury Bill Yield

Tr Yield Curve Slope: (10-Year Bond Composite)—(3-Month Treasury Bill)

Data are taken from the Citibase database [53].

models. The representation is the first difference on one-month time scales of the logged series.
For example, the notation IP.L.D1 represents IP.L.D1 = In(IP(t)) — In(IP(t-1)). The target series
is IPL.FDI, which is defined as IPL.FD1 = In(IP(t+1)) — In(IP(t)). Data from January 1950 to
December 1979 are used to train models, and data from January 1980 to December 1989 are used
for testing.
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9.2 U.S. Index of Industrial Production (IP) for the period 1967 to 1993. Shaded regions denote official recessions,
while unshaded regions denote official expansions. The boundaries for recessions and expansions are determined by
the National Bureau of Economic Research based on several macroeconomic series. As is evident for IP, business cycles
are irregular in magnitude, duration, and structure, making prediction of IP an interesting challenge [53].

The performance measure is the normalized prediction error, which is defined as

 YieolS® = SIOP

= 9.7
YeolS@) — 51 e

where S(r) is the target series, Q represents the test data set, and S is the mean of S(¢) over the
training data set. This measure evaluates prediction accuracy by comparing model predicted value
S(¢) to the trivial predictor S.

9.4.2 Applying the Input Feature Grouping Committee Technique

In this experiment, the input feature grouping technique is used to construct heterogeneous commit-
tees for IP prediction. During the input feature grouping procedure, measures of mutual information
between all pairs of input variables are computed first. A histogram-based method is used to calculate
these estimates. Then, a hierarchical clustering algorithm is applied to these values to group inputs.
Hierarchical clustering proceeds by a series of successive fusions of the nine input variables into
groups. At any particular stage, the process fuses variables or groups of variables which are closest,
based on their mutual information estimates. The distance between two groups is defined as the
average of the distances between all pairs of individuals in the two groups. The result is represented
by a tree in Figure 9.3, which illustrates the fusions made at every successive level.
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9.3 Variable grouping based on mutual information. Y label is the distance.

From the clustering tree, it is clear that we can break the input variables into four groups: (IP.L.D1
and DL.L.D1) measure recent economic changes, (SP.L.D1) reflects recent stock market momentum,
(CB.D1, TB3.D1, and Tr.D1) give interest rate information, and (M2.L.D1, CP.L.D1, and HS.L.D1)
provide inflation information. The grouping algorithm meaningfully clusters the nine input series.

Eighteen different subsets of features can be generated from the four groups by selecting one
feature from each group. Each subset is given to a committee member. For example, the subsets
(IP.L.D1, SP.L.D1,CB.D1, and M2.L..D1) and (DL.L.D1, SP.L.D1, TB3.D1, and M2.L.D1) are used
as feature sets for two different committee members. A committee has, in total, 18 members. Each
member is a neural network model.

We compare the input grouping method with three other committee member generating methods:
baseline, random selection, and bootstrapping. The baseline method is to train a committee member
using all the input variables. Members are only different in their initial weights. The bootstrapping
method also trains a member using all the input features, but each member has different bootstrap
replicates of the original training data as its training and validation sets. The random selection method
constructs a feature set for a member by randomly picking a subset from the available features. For
comparison with the grouping method, each committee generated by these three methods also has
18 members.

Twenty runs are performed for each of the four methods in order to get reliable performance
measures. Figure 9.4 shows the boxplots of normalized MSE for the four methods. The grouping
method gives the best result, and the performance improvement is significant compared to other
methods. The grouping method outperforms the random selection method by meaningfully grouping
input features. The committees constructed using the input feature grouping method have much
less performance variance compared to those constructed using the random picking method. It
is interesting to note that the heterogeneous committee methods, grouping and random selection,
perform better than homogeneous methods for this data set. One of the reasons for this is that giving
different members different input sets increases model independence between members. Another
reason may be that the problem becomes easier to model because of smaller feature sets.
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9.4 Comparison among four different committee member generating methods. The proposed grouping method
gives the best result, and the performance improvement is significant compared to the other three methods.

9.4.3 Applying the Regularized Recurrent Learning Technique

In this study, a recurrent neural network model, which has nine input units and a time-delayed length
(7) that equals one in the recurrent connections, is used for the IP prediction task. The training data
are divided into four nonoverlapping subsets. The subset that has 70% of the original data is used
for training. The other three subsets, each with 10% of the original data, are used for early stopping,
selecting the regularization parameter and the number of hidden units, respectively. Ten random
training and validation partitions are used. For each training and validation partition, 3 networks
with different initial weight parameters are trained, so a total of 30 networks are trained.

Table 9.2 lists the results of the test data set. It compares the out-of-sample performance of
networks trained with our smoothing regularizer to those networks trained with the standard weight
decay regularizer. The results are summarized based on the performance of all 30 networks. The last
column gives the performance of the committee, which is the equal weight average of the predictions
of all 30 networks. The median, minimal, and maximal prediction errors of the 30 predictors are also
listed. In terms of the mean of errors, the smoothing regularizer outperforms the standard weight
decay regularizer with 95% confidence (in ¢-distribution hypothesis). The smoothing regularizer
performs better than the weight decay in the median, minima, and maxima comparisons as well.

Figure 9.5 plots the changes of prediction errors with the regularization parameter. As shown,
the prediction error on the training data set increases when the regularization parameter increases,
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9.5 Regularization parameter vs. normalized prediction errors for the task of predicting the rate of changes of the U.S.
Index of Industrial Production. The plots are for a recurrent neural network trained with the smoothing regularizer
(upper panel) and an RNN trained with the standard weight decay regularizer (lower panel).
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TABLE9.2 Normalized Prediction Errors for the One-Month Rate
of Changes of the U.S. Index of Industrial Production
(Jan. 1980-Dec. 1989).

Regularizer Mean =+ Std Median Max Min Committee
Smoothing 0.646 + 0.008 0.647 0.657  0.632 0.639
Weight Decay  0.734 +0.018 0.737 0.767  0.704 0.734

Results are summarized based on the performance of 30 networks.

and the prediction errors on the validation and test data sets first decrease and then increase when
the regularization parameter increases. The optimal regularization parameter that gives the smallest
validation error is 0.8 for the smoothing regularizer and 0.03 for the standard weight decay regularizer.
For both the smoothing regularizer and the weight decay regularizer, the regularization parameters
should be larger than zero in order to achieve optimal prediction performance. This suggests that it
is necessary to use both regularization and early stopping during training.

9.5 Conclusion

In theory, neural networks are capable of modeling any time series without assuming a priori func-
tion forms and degrees of nonlinearity about a series. Challenges to time series prediction include
nonlinearity, nonstationarity, noise, and limit quantity of data. When applying neural networks to
time series modeling, important issues include incorporating temporal information, proper input
variable selections, and balancing bias/variance trade-off of a model. Many neural network tech-
niques are proposed and successfully applied to real-world time series problems. This chapter only
addresses some of them. Other important issues include prediction risk [51], generalization error
estimates [39], Bayesian methods [48], nonstationary time series modeling [82], and incorporation of
prior knowledge [1]. A large number of empirical simulations have demonstrated that no technique
alone is sufficient, but a combination of selected models and techniques could yield superior results.

Appendix

A.1 Benchmark Data Sets for Time Series Prediction Modeling

Benchmark data sets (which can easily be found and downloaded from the Internet) for testing neural
network models for time series prediction include:

* Sunspots series [56, 59, 65, 74, 83]

* Boston housing data [56]

* Mackey—Glass series [23, 49]

A.2 Time Series Prediction Competitions

Several competitions have been organized for evaluating and benchmarking new and existing tech-
niques in time series prediction. These include:
 Santa Fe Institute Time Series Prediction and Analysis Competition [81]

* The Great Energy Shootout: a building energy forecasting competition organized by the
American Society of Heating and Refrigeration and Air Conditioning Engineers [48]

* The First International Nonlinear Financial Forecasting Competition sponsored by Fi-
nance & Technology Publishing [10]
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10.1 Introduction

A speech signal is the most fundamental human communication medium filled with various types
of information, such as linguistic information, the speaker’s identity, and emotional information. To
use this medium effectively, speech processing technologies have been vigorously investigated in
recent decades.

In most conventional cases, speech processing technologies employ classical disciplines such as
probability theories, the Bayes decision theory [11, 14], vector quantization (VQ) [18], and spectrum
analysis [51]. For example, speech recognition systems usually use a typical probabilistic framework
for modeling dynamic (variable-durational) signals, i.e., a hidden Markov model (HMM). VQ was
the core algorithm for most examples of speech coding systems, and auto-regressive (AR) modeling,
a fundamental algorithm for estimating short-time spectra of time-series signals in a parametric
form, mostly occupied a standard position of algorithmic selection for representing salient acoustic
features of speech signals.

In the 1980s, due to the re-advent of the system concept of the artificial neural network (ANN) [21,
37, 38, 49, 55], there was a big boom of new research on ANN-based speech processing [47].
Since then, supported by advantages of the ANN such as a nonlinear modeling capability, high
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discriminative capability, and adaptation capability, ANN-based speech processing technologies
have been extensively investigated.

The period from the 1980s until today can be divided into two types of contrasting days: the
high-tide days of the 1980s, in which ANN-based speech technologies were booming dramatically,
and the low-tide days of the latter half of the 1990s, in which people rapidly came (at least seemingly)
to lose research interest in ANN-based approaches. From this view, it might be plausible to say that
ANN research is coming to an end. In reality, however, many important research issues remain, and
the value of ANN research is still large. Actually, it should be noted that the importance of ANN
research is increasing rather than decreasing. It can probably be said that ANN research has shifted
in these past two decades from an early phase to a mature phase.

Indeed, the 1980s were a very productive research period for ANN-based speech processing
technologies, even though research was still young at that point. A quick recall of those days
may remind one of many valuable development examples, such as the time-delay neural network
(TDNN) [62], the shift-tolerant learning vector quantization (STLVQ) [44], and the multi-state time-
delay neural network (MSTDNN) [19, 20]. These results were actually useful for improving the
performance of traditional speech processing technologies. However, the most important result
during this period was the classification of the principal frameworks/criteria needed to study ANNs
for speech processing applications; they were made mathematically sound. For example, it was
shown that most ANN systems can be categorized according to four rather classic system design
criteria and that further research should be executed along the guidelines of these criteria. The
criteria are (1) network structure (measurement), (2) design (training) objective, (3) optimization,
and (4) robustness to unknown samples (generalization) [11, 31]. Indeed, based on past results,
enthusiastic research is currently being conducted, with a focus on advanced and difficult issues of
speech-related ANN technologies.

The results of the first research period were published in many different places [32, 47]. To avoid
duplication, this chapter focuses on four emerging and ongoing topics, most of which are related
to speech recognition: (1) the generalized probabilistic descent (GPD) method, (2) recurrent neural
networks (RNNs), (3) the support vector machine (SVM), and (4) signal separation technologies.
Actually, speech recognition has always been a central stream of recent ANN applications to speech
processing.

GPD [31] is a family of discriminative training algorithms for general pattern recognizers and
was originally developed in the context of ANN design, especially LVQ [34, 35]. The range of
GPD usage is not limited to ANNs or to speech, but research on GPD can directly contribute to an
understanding of ANN-based speech recognizer design.

The heart of the RNN concept is the network structure of data recurrency. This recurrent structure is
clearly suited towards modeling the temporal structure of speech signals, and the RNN is considered
to possess high potential for alleviating limitations of the current standards, i.e., HMM and AR
modeling [53].

SVM, the third focus of this chapter, is a novel pattern recognition concept that utilizes the
nonlinear projections of input vector patterns to a higher dimensional (i.e., easier to classify) pattern
space [61]. Similar to GPD, the concept has high generality, and it is not limited to ANN-based
speech recognition. However, a close relation has been shown between SVMs and ANNSs, and it is
therefore clearly worthwhile to investigate this new theoretical paradigm in the chapter.

The final topic of this chapter is signal separation. Acoustic signals coexist in a mixed form, and
humans can separate a target signal from all the other signals and recognize the target signal [10, 12].
Compared to this human ability, the function of current speech recognizers is seriously limited. Such
recognizers usually assume that an input speech signal is spoken close to a system’s input microphone
so that they can simplify the problem, i.e., the separation and recognition of the target speech signal,
to only the recognition of an a priori segmented speech signal.
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There are two types of approaches to signal separation: (1) blind signal separation (BSS) [2, 26]
and (2) model-based signal separation (MSS) [64]. Specifically, BSS is often formalized in an ANN
framework, and it is rapidly comprising a new ANN-based research sub-area.

This chapter is organized as follows. Section 10.2 summarizes the fundamentals of speech signal
processing and the background of ANN application to speech recognition. GPD is introduced in
Section 10.3. Section 10.4 is dedicated to the RNN. Sections 10.5 and 10.6 are dedicated to SVMs
and signal separation, respectively. Finally, Section 10.7 consists of concluding remarks.

10.2 Preparations

10.2.1 Fundamentals of Speech Recognition

10.2.1.1 Variety of Problem Formalizations

Based on the flexibility of human speech communication styles, speech recognition can be
formalized in various ways. Typical formalization cases are summarized in Table 10.1. Generally,
isolated-word recognition is easier than its counterpart, connected-word recognition. Read-speech
recognition, in which text can basically be expected to satisfy grammatical rules, is easier than
the recognition of spontaneous speech, which often includes out-of-grammar utterances. Speaker-
dependent recognition is easier than speaker-independent recognition, which must cope with the
speaker-oriented variety of acoustical and phonological characteristics. Closed-vocabulary recog-
nition is more tractable than open-vocabulary recognition, which is basically based on keyword
spotting techniques, even if the size of the closed set is large. Most of today’s speech recognizers
assume an input is spoken close to a microphone. This assumption is effective to avoid acoustic
interferences, such as reverberations and background noise. Compared to this, distant-talk recog-
nition is more difficult, but it basically enables one to communicate with a recognizer in a natural
human-to-human conversational style.

TABLE 10.1  Variety of Speech Recognition

Formalizations

Isolated-word recognition
Read-speech recognition

Connected-word recognition
Spontaneous-speech recognition

Speaker-dependent —  Speaker-independent recognition
recognition

Closed-vocabulary —  Open-vocabulary recognition
recognition

Close-talk recognition —  Distant-talk recognition

Different problem settings should be tackled by different recognizers. To achieve the best matching
between problems and systems, recognizers have been developed on a case-by-case basis, enabling
them to satisfy the conditions required by individual formalization cases.

10.2.1.2 Nature of Speech Signals

A speech wave is a one-dimensional signal with a temporal structure. As can easily be expe-
rienced, a speech sound varies in length based on changes in the speaking speed (rate), although its
linguistic information does not change. In addition, the temporal warping (extension and shrinking)
range of speech is, in general, large for vowel classes and small for consonant classes. That is, the
temporal structure of a speech sound is non-uniform or, in other words, nonlinearly time-warped.

Obviously, it is not appropriate to model a nonlinearly warping, dynamic (various-length) speech
signal as a single static (fixed-length or fixed-dimensional) pattern. The desirable way of modeling
such a speech signal should reflect the temporal structure that is specific to speech. One widely
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used solution is to model the observed speech as a dynamic sequence of short-time spectra. In this
scheme, the short-time spectra are usually modeled using a static vector format called an acoustic
feature vector.

As illustrated in Figure 10.1, a speech signal can be considered an output of a vocal track filter that
is excited by either a noise source or a pulse train. A noise-driven output corresponds to an unvoiced

Pulse train
(voiced)

— *| Vocal track filter [ — Speech

White noise —
(unvoiced)

10.1  Schematic diagram of a speech production process.

phoneme sound, such as /p/ or /s/, and a pulse-driven output corresponds to a voiced phoneme,
such as a vowel or nasal. Generally, the characteristics of the vocal tract shape represent phonemic
information, and they principally form feature patterns used for speech recognition. According to the
distinction between a vocal tract filter and the source signals, the phonemic information based on the
vocal tract appears in a smoothed envelope shape of a short-time spectrum, and the source information
appears in a minute structure of the spectrum. For speech recognition, therefore, an acoustic feature
vector is computed so that it appropriately represents the spectral envelope information.

Readers are referred to textbooks such as Denes and Pinson [10] and Fant [12] for further infor-
mation about the human speech communication process and the nature of speech signals.

10.2.1.3 Feature Representation for Speech Recognition

The spectral envelope defined in the frequency domain is rather redundant in terms of the
phonemic information. For computational efficiency, it is usually expressed by some parametric
form. A typical example of a parametric expression includes a bank-of-filter power spectrum esti-
mation, homomorphic transform, and AR modeling. The bank-of-filter method is a straight model of
the human auditory peripheral. The homomorphic transform is a signal-processing oriented method
that expresses the spectral envelope as a small set of cepstrum coefficients. The AR modeling is a
mathematical standard for linearly modeling time series signals, and it also has a unique relationship
with the human speech production mechanism. Accordingly, in most cases of speech recognition, a
speech wave is represented as a sequence of parametric-form acoustic feature vectors. Details of the
feature representation methods are found in textbooks such as Markel and Gray [41] and Rabiner
and Juang [51].

10.2.1.4 Modular Recognition Process

Regardless of the selection of problem settings, recognizer standards have long been a modular
system that consists of a front-end feature extraction module (feature extractor) and a post-end
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classification module (classifier). A typical structure of a modular speech recognizer is illustrated
in Figure 10.2. The feature extractor first converts an input speech wave to some acoustic feature

Speech —» Feature extraction Classification

|—— 1
module module Class index

Modular speech recognition system

Sensory . Brain (Decision stage of
nerves " hearing/language process)
Feature extraction Il Classification
Inner ears/Outer ears
Spesch —» ( .

Human auditory perception process

10.2 A typical structure of a modular speech recognizer. The conceptual correspondence between the modular
recognizer and the human perception process is additionally illustrated.

pattern (see Section 10.2.1.3), and then the classifier decodes the pattern to a linguistic class such as
a word sequence.

The modular structure of a recognizer can be considered to model the human mechanism of speech
perception. The feature extractor roughly corresponds to the human auditory peripheral, such as
the outer/inner ears, and the classifier simulates the decision stage of the human hearing/language
process. The conceptual correspondence between the modular recognizer and the human perception
mechanism is also depicted in Figure 10.2.

An acoustic feature pattern computed at the feature extractor is generally in the form of a
parametric-form acoustic feature vector sequence, as cited above. An acoustic feature pattern is
fed to the classifier as input. Accordingly, the class separability of the acoustic feature pattern space
dominates the achievable performance of classifying the pattern. In this light, the design of fea-
ture extraction functions such as the bank-of-filter is of great importance. However, conventional
approaches to such designs are often heuristic and empirical.

Traditionally, the classifier was embodied in the template/reference matching paradigm. Here,
an input feature pattern produced at the feature extractor is compared to template patterns, the
template pattern closest (in some preset distance measure) to the input pattern is selected, and the
linguistic class to which the closest template belongs is emitted as a classification result. To cope with
the dynamic nature of speech signals, the dynamic time-warping (DTW) scheme was specifically
employed in the distance computation.
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Distance measures such as the Euclidean distance and the Mahalanobis distance have a close
link to the probability measure. Nowadays, template matching recognizers using DTW-distance
computation are being replaced by a probability-based system framework that consists of HMM
acoustic models and probabilistic language models such as the N-gram. In this present scheme, the
a posteriori probability that an input feature pattern belongs to its corresponding linguistic class is
measured for every possible class, and the most likely class is selected as a classification result.

Similar to most cases of pattern recognizer design, a central discipline of designing probabilistic
models is the maximum likelihood (ML) method. However, for the HMM that inevitably contains
unobservable components, i.e., states, an advanced version of the ML method called the expectation—
maximization (EM) method is employed [11, 14, 51].

Readers are referred to textbooks such as Huang et al. [23], Lee et al. [39], and Rabiner and
Juang [51] for more detailed information about recent speech recognition technologies.

10.2.2 Early Stage ANN Applications to Speech Recognition

Conventional speech recognizers based on HMMs have been shown to be useful under some limited
conditions, e.g., the case of speaker-dependent, large-vocabulary recognition of short connected word
sequences and the case of speaker-independent, small-vocabulary recognition of isolated words.
Actually, these systems are now forming a new industrial opportunity using speech processing
technologies [15, 46]. However, it has also been pointed out that these systems are unable to perform
satisfactorily in more user-friendly task settings that enable people to speak to systems in the same
manner as human-to-human speech communications.

The most serious reason for this dissatisfaction has been the limited classification accuracy of
conventional systems. To alleviate this problem, early research interests focused on a promising
alternative to the conventional system framework, i.e., the ANN, with an emphasis on its high
discriminative capability. Most ANN-based speech recognizers, such as the TDNN and ANN/HMM
hybrids, have been developed in this context. Several examples of such ANN-based recognizers are
summarized in Table 10.2.

TABLE 10.2  Typical Examples of ANN-Based
Speech Recognizers

e Time delay neural network (TDNN) [62]

e Multi-state TDNN [19, 20]

e Learning vector quantization (LVQ) network [34, 35]
o Shift-tolerant LVQ network [44]

o HMM-based time warping/ANN hybrid [16, 22, 28]
e ANN-based probability estimator/HMM hybrid [47]

In the earliest applications, the ANN was used to increase the recognition accuracy of short
speech segments such as phonemes. The TDNN [62] and STLVQ [44] were typical examples of
this type of ANN application. A time delay structure, or, in other words, a shift-tolerant structure,
was incorporated into network architectures, aiming at normalizing the temporal variations of short
segments. The effect of these ANN-based recognizers in phoneme recognition was remarkable.
However, they were not sufficient for recognizing longer and more realistic speech segments, such
as words and sentences, because the time delay structure was a simple normalization mechanism for
comparatively short (and stationary) speech segments, which usually correspond to single phonemes
at most. ANN-based recognizers could not handle the non-negligible dynamics of long segments
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such as words. Then, in the next advanced stage, ANN-based recognizers such as the TDNN were
used in a hybrid form with DTW and HMMs, which have a state architecture suited to modeling the
non-stationary characteristics of long speech segments [47].

Accordingly, the ANN has successfully contributed towards improving the recognition accuracy
of preceding conventional systems in many experimental tasks. However, the scope of such ANN
application has been limited to the simple recognition of speech signals that are extracted a priori.
Obviously, many unsolved technical issues still remain, and ANN-based research challenges, such
as some of the topics introduced in later sections, need to be conducted with vigor.

10.3 Generalized Probabilistic Descent Method

10.3.1 Formalization

10.3.1.1 Preparations

For description purposes, let us consider the following M class speech pattern recognition task
defined in Equation (10.1).

C(X) = C; iff i =argmaxg;(X; V) (10.1)
J

where X is a speech signal, W is a trainable (designable) parameter set of our recognizer, C( ) is
a recognition operation executed by the recognizer, and g;(X; W) is a discriminant function that
indicates the possibility with which X belongs to C;. Following the descriptions in Section 10.2,
we assume the recognizer to be a modular system that consists of a feature extractor and a classifier;
the designable parameter sets of the feature extractor and the classifier are defined as ® and A,
respectively. Naturally, here we define our design goal as finding a status of ¥ (= ® U A) that
corresponds to the minimum misrecognition count condition.

Based on the definition of the recognizer, we assume that the recognition operation is composed of
feature extraction and classification. Clearly, however, the recognition/misrecognition count (result)
can be considered the same as the classification/misclassification count (result), which has been
widely used in pattern recognition theory. For clarity of presentation, we use the terms recognition
and misrecognition in the following sections.

10.3.1.2 Functional Form Embodiment of the Entire Process

The heart of the GPD formalization is to directly embed the overall process of recognizing an
input pattern in a tractable functional form. In principle, there are many ways of defining tractable
forms. In the spirit of mathematical and computational convenience, GPD assumes a functional form
to be at least first-order differentiable with respect to the recognizer parameters [24, 27].

Based on an observation of the decision procedure in Equation (10.1), GPD first defines a mis-
recognition measure that emulates the procedure in a tractable smooth functional form. It should
be noted here that the term misrecognition measure was originally introduced as misclassification
measure, due to historical reasons of GPD development [24, 31]. Among many possibilities, the
following is a typical definition of the misrecognition measure for a design sample X (€ Cy):

1/u

1
di(X; W) = —gi(X: W) + | —— ,%:k {gj(x;w} (10.2)

where u is a positive constant. Clearly, di() > 0 indicates a misrecognition and d () < O indicates
a correct recognition. That is, the recognition decision result of Equation (10.1) is expressed by a

© 2002 by CRC Press LLC



simple scalar value. In addition, we find that controlling i enables the simulation of various decision
rules. In particular, when p approaches oo, Equation (10.2) resembles Equation (10.1).

The next step of the GPD formalization is to introduce a mechanism for evaluating recognition
results, similar to the standard discriminant function approaches to pattern recognizer design. That s,
these approaches introduce an objective function for every design sample such as X, and specifically
define the function as a smooth, monotonically increasing function of the misrecognition measure:

(X5 W) =1 (di(X; W) (10.3)

where /(-) is a scalar function that determines the characteristics of the objective function. Similar
to the misrecognition measure case, there are many possibilities for defining the objective. Among
them, the GPD method usually uses the following smooth sigmoidal function:

1

(X, W) = 1(di (X5 W) = [T e Ga O TH)

(¢ >0) (10.4)

where « and S are constants. Note that the objective of Equation (10.4) is a smoothed version of the
error count objective:

0 (C(X)=k)

be(X, W) = { 1 (others) . (10.5)

The intuition here is that our design should aim to minimize the smooth loss of Equation (10.3)
over design samples. Actually, this point is rigorously formalized in a fundamental theoretical basis
of pattern recognition, i.e., the Bayes decision theory, by introducing the concept of expected loss.
By using the individual loss functions, such as Equation (10.4), the expected loss is defined over all
of the possible design samples, as follows:

L(V) = Z/Qp (X, Ci) e (X; W)1 (X € Cp)dX (10.6)
k

where €2 is the entire sample space of the patterns Xs; it is assumed that dp(X, Cx) = p(X, Cy)dX
and that 1(-) is an indicator function. Then, our design goal becomes the minimization of L (V) with
respect to W.

10.3.1.3 Optimization Based on the Probabilistic Descent Theorem

A standard approach to the minimization of the smooth functions is the use of gradient descent
methods, such as the steepest descent method. In the GPD formalism, the probabilistic descent
method, which is a stochastic approximation version of gradient descent methods, is employed for
the minimization, with a focus on its adaptation mechanism. The essence of the probabilistic descent
method is summarized in the following theorem [1].

10.3.1.3.1 Probabilistic Descent Theorem
Assume that a given design sample X belongs to Ci. If the recognizer parameter adjustment
SW (X, C, W) is specified by

SW(X, Cr, W) = —eUVL(X; W) (10.7)

where U is a positive-definite matrix and € is a small positive real number, which is called a learning
weight, then

E[SL(V)] <0 (10.8)
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Furthermore, if an infinite sequence of randomly selected samples X (¢) is used for the design (X (¢)
is a design pattern sample given at time index ¢ in the design stage) and the adjustment rule of
Equation (10.7) is utilized with a corresponding learning weight sequence €(¢), which satisfies

e¢]

D e(t) > 0o and Y ()’ < oo (10.9)

t=1 t=1

then the parameter sequence W (#) (i.e., the state of W at ¢) according to
Wi +1)=w(@)+ 6V (X, Cr, ¥(@)) (10.10)

converges with a probability of one, at least to W*, which results in a local minimum of L ().

The above theorem obviously assumes an ideal but unrealistic design environment, where infinite
design samples are available and an infinite training repetition is acceptable. In a realistic situation,
where only a finite run of training over finite design samples is available, the state of W that can
be achieved by probabilistic descent training is, at most, a local optimum over a set of design
samples. However, based on the directness of the formalization that embeds the recognition process
in an optimizable functional form, the high utility of GPD has been clearly demonstrated in various
speech recognition tasks [31].

10.3.1.4 Global Optimization Scope

We have assumed that our recognizer is a modular system that consists of a front-end fea-
ture extractor and a post-end classifier. However, the error minimization (optimization) of GPD
is triggered at the classifier, and it seems that there is a gap between the two modules in terms
of optimization computation. Indeed, in most conventional cases, the feature extractor has been
designed heuristically or empirically, while the classifier has been trained with some mathematical
optimization methods such as the ML method.

In contrast, GPD optimizes the entire recognizer with a single objective, i.e., the recognition error
count loss, such as Equation (10.4). The mechanism underlying this global optimization is a simple
extension of the chain rule of calculus that is used for optimization through loss, a misrecognition
measure, and a discriminant function. Let us assume an output of the feature extractor tobe f(X; ®).
Then,

gi(X; VW) =g;(f(X;D); A). (10.11)

Clearly, the adjustment that is computed for the error minimization at the level of g;(-; A) is easily
propagated to the level of f(X; &), leading to a global optimization of the entire system.

10.3.2 Minimum Recognition Error Learning

In the case of using Equation (10.1) as a recognition decision rule, an ultimate goal of recognizer
design is to find the parameter set that achieves the minimum recognition error condition. The
relationship between this ultimate goal and the GPD design operation is summarized as follows.

Let us assume that (1) a probability measure p(X) is provided in a known functional form for a
pattern sample X, and (2) a parameter set determining the functional form is ¥. Then, considering
the discriminant function

gj(X; W) = py (Cj1X) (10.12)

© 2002 by CRC Press LLC



and the misrecognition measure of Equation (10.2), we can rewrite the expected loss, defined by
using the smooth recognition error count loss Equation (10.4), as follows:

L) = Z/Qp(x,ck)ek(x;\i/)l(xeck)dx
k

12

ngp(x,ck)uXeck)
k

1<p\i, (Ce 1 X) ;ém?qu, (Cj |X)) dXx (10.13)

Controlling the smoothness of functions such as the L, norm used in Equation (10.2) and the sig-
moidal function used in Equation (10.4), we can arbitrarily make L (W) closer to the last equation
in Equation (10.13). Note that here we use W. Based on this fact, the status of W that corresponds
to the minimum of L(¥) in Equation (10.13) (which is achieved by adjusting W) is clearly equal
to the W* that corresponds to a true probability, or, in other words, achieves the maximum a poste-
riori probability condition. In short, it turns out that the minimum condition of L(¥) can become
arbitrarily close to the ideal minimum recognition error probability

£ = Xk:/m Py (X, Cp) 1 (X € Cr)dX (10.14)

where €2y, is a partial space of €2 that causes a recognition error according to the maximum a posteriori
probability rule, i.e.,

szkz{Xempq,* (Ck|X)7ém]axp¢* (Cj|x)} (10.15)

The above analysis of the minimum error condition is important from the mathematical viewpoint
of showing the rationality of the GPD formalization. In reality, however, the parameter set W is rarely
known, and, accordingly, achieving the minimum recognition error probability condition through
GPD-based design is usually impossible. The value of the analysis seems to be small; yet, the
practical role of the analysis on the minimum recognition error learning continues to be large. It
actually provides a mathematically sound background to practical attempts at recognizer design.
The practical utility of GPD-based design has been successfully demonstrated in many experimental
evaluations [31].

10.3.3 Links with Others

Our discussion of GPD has considered the entire process of recognition. However, in traditional
cases, general mathematical discussions have been conducted only for the classification process,
because the issue of feature extraction is essentially data-oriented, and discussing it from a general
standpoint is often difficult. When limiting the formalization scope of GPD to the classification
stage, we find that there are important links between GPD and many conventional classifier design
approaches.

According to the technical issues described in the introduction, there are several possible ways to
consider the links between GPD and other design methods.

We focus first on the selection of the objective function. In the case of using the classification
(recognition) error count loss, it has been shown that a GPD training method for (multi-template)
distance-based classifiers is similar to the discriminative versions of LVQ [27]. (It should be noted,
however, that the LVQ methods were defined as heuristic rules [27, 35].)
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Based on the theory of the minimum recognition error learning, GPD usually uses the smooth error
count loss. In principle, however, it can also use other types of loss functions, such as the mutual
information loss and the squared error loss, which have been widely used in speech recognition.
Relationships between the minimization of the smooth error count loss and that of other loss functions
have been analyzed, and it has been clarified that the minimization of the smooth error count loss is
the most direct to the ideal minimum recognition error probability condition [31].

One may note that global optimization based on the chain rule of calculus is principally the same as
the error back-propagation algorithm, which is an historic ANN-related idea [29, 30]. Indeed, there
is an obvious similarity in the computation mechanisms of these two ideas. However, it should be
remembered that GPD formalization emulates the recognition decision process in a functional form,
while the standard error back-propagation is a simple embodiment of the chain rule for a hierarchical
network structure or an embedded structure of functions.

10.3.4 GPD Families

For historical reasons relating to GPD development, and also based on the variety of task settings,
GPD has been embodied in various different design methods. The following subsections introduce
four exemplary topics of such embodiments.

10.3.4.1 Segmental GPD

Section 10.3.1.4 introduced the global optimization scope of GPD encompassing different
modules of a recognizer. Under the classic (and standard) understanding that a dynamic (variable-
length) pattern is a sequence of static (fixed-length) vectors and the design procedure for a whole
dynamic pattern is a combination (in any form) of design procedures, each for an individual static
vector, we can easily see that the GPD’s formalization already embodies another type of global
optimization scope. That is, GPD is a design method that optimizes the recognizer at hand with
the global scope of minimizing the misrecognition of dynamic samples instead of their component
vectors.

Segmental GPD was developed in the context of the classic understanding cited above, with special
attention paid to the globalism extended over the time-axis of dynamic samples [6, 25]. Important
here is that segmental GPD provides a powerful tool for a wide range of speech recognition tasks,
such as connected-word recognition and conversational speech recognition; i.e., it discriminatively
optimizes recognizers so that they can directly pursue the minimum error status in the recognition
of preset speech units.

The effects of segmental GPD have been demonstrated in several common speech recognition
tasks such as the TI digit [7]. In addition, the same design concept employed in segmental GPD has
been tested in several similar formalizations, demonstrating the high utility of the design concept of
segmental GPD [45, 52].

10.3.4.2 GPD for Open-Vocabulary Recognition

Generally, it is not easy to prepare a lexicon or language model set that completely covers
all possible vocabularies. Even humans sometimes happen to meet unknown words in their daily
speech communications, and they try to acquire the meanings of such new words through queries
and other knowledge sources. A practical engineering solution to this difficulty in communications
is the technology of open-vocabulary speech recognition. In this paradigm, a recognizer aims to
correctly spot (extract) and recognize only keywords crucial for understanding the input speech.

Keyword spotting (for some particular words) is usually formalized by using keyword model A
and its corresponding threshold /. A spotting decision is fundamentally made at every time index
over an input speech pattern X. Then, a discriminant function g;(X, S¢; A) is defined as a function
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that measures the probability for observing a selected speech segment S; of input utterance X, and
the spotting decision rule is formulated as, “If the discriminant function meets

& (X,S8;A) >h (10.16)

then the spotter judges at ¢ that a keyword exists in segment S;; no keyword is spotted otherwise.”

A typical embodiment of GPD for the keyword spotting framework is minimum spotting error
(MSPE) learning [36]. A goal of MSPE learning is to minimize spotting errors by adjusting both
the keyword model XA and its corresponding threshold /4. Note that the GPD’s concept of global
optimization is utilized in a twofold adjustment for the keyword model and the threshold.

Following the GPD formalization concept, the MSPE formalism aims to embed the above cited
spotting decision process into an optimizable functional form and provide a concrete algorithm of
optimization so that one can consequently reduce spotting errors. The spotting decision process is
then emulated as spotting measure d;(X; A), which is defined as

1/&

1
d(X;A)=—h+1n o Z exp (Egc (X, S¢; 1)) (10.17)
! sel;

where I; is a short segment, which is set for increasing the reliability and stability of the decision,
around the time position ¢, | I;| is the size of I; (the number of acoustic feature vectors in I;), and § is
a positive constant. A positive value for d; (X; A) implies that at least one keyword exists in /;, and a
negative value implies that no keyword exists in /,. Importantly, this type of decision can produce, in
principle, two types of decision errors: false detections (the spotter decides that S; does not include
a keyword when S; actually does include a keyword) and false alarms (the spotter decides that S;
includes a keyword when S; does not include a keyword). Decision results are evaluated by using a
loss function defined by using two types of smoothed O — 1 functions, £() and £(), as [36]:

{ (d:(X; N)) (@if I; includes a training keyword)

¢ 10.18
y€(d;(X; A)) (f I; includes no training keyword) . ( )

(X, A)={

Here, ‘ () and 0 () are defined by using a sigmoidal function, such as Equation (10.4), and ¢;( )
approximates (1) unity for one false detection, (2) y for one false alarm, and (3) zero (0) for a correct
spotting, where y is a parameter controlling the characteristics of the spotting decision. Refer to
Komori and Katagiri [36] for detailed definitions of Z’( ) and 0 ).

The training procedure of MSPE is obtained by applying the adjustment rule [Equation (10.7)] of
the probabilistic descent theorem to the above-defined functions, i.e., the loss, the spotting measure,
and the discriminant function.

The mechanism of keyword spotting is similar to a hypothesis testing procedure based on Neyman—
Pearson testing and the likelihood ratio test (LRT). The design concept of GPD has also been applied
to the design of an LRT-based keyword spotting system in Rose et al. [54]. The resulting training
procedure is similar to that in Komori and Katagiri [36].

10.3.4.3 GPD for Speaker Recognition

There are two types of speaker recognition tasks: (1) speaker identification, which is the
process of identifying an unknown speaker from a known population, and (2) speaker verification,
which is the process of verifying the identity of a claimed speaker from a known population. Given
a test utterance X, the discriminant function g (X; A) is defined as a function that measures the
likelihood of observing X being generated by speaker k, where A is a set of trainable recognizer
parameters.
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Then, the decision operation of speaker identification is formalized as

k = arg max g (X; A) (10.19)

with k being the identified speaker, attaining the most likely score among all competing speakers.
In contrast, the decision operation of speaker verification is formalized as: “If the discriminant
function meets

gk (X; A) > hy (10.20)

then the recognizer accepts the claimed speaker’s identity k; the recognizer rejects it otherwise.”

Note that the formalization for speaker identification is equivalent to that for speech recognition
and that the formalization for speaker verification is essentially the same as that for keyword spotting.
Accordingly, GPD can be easily applied to the design of either a speaker identification system or a
speaker verification system [40]. The derivation of GPD-based training is fundamentally the same as
that for speech recognition. Refer to Liu et al. [40] for details on the implementation and experimental
results.

To see other GPD applications to the task of speaker recognition, readers are referred to some of
the recent literature on that topic [13, 43, 58, 59].

10.3.4.4 Discriminative Feature Extraction

Fundamentally, the global optimization scope of GPD can be applied to any module of the
recognizer at hand. Focusing on a cascade architecture consisting of a feature extractor and a
classifier, it is embodied as a discriminative feature extractor (DFE) that enables one to optimize the
front-end feature extractor under a single design objective that is directly used for optimizing the
post-end classifier [30]. The procedure of adjusting the system’s trainable parameters is the same
as that described in Section 10.3.1.3, and, in particular, the adjustment for the front-end feature
extractor is made using the chain rule of differential calculus, which enables one to back-propagate
the derivative of the objective function over the modules.

DEFE can be applied to any reasonable system structure. In particular, Biem et al. [3, 4] tested DFE
on an ANN-based feature extractor that is expected to discover features salient for recognition from
cepstrum-based acoustic feature vectors. Note that cepstrum-based acoustic feature vectors have
conventionally been computed using a heuristic and empirical lifter, and, accordingly, they are not
guaranteed to be optimal for the recognition tasks at hand. Biem et al.’s [3, 4] expectation of DFE,
therefore, is for the DFE training to lead to a more accurate recognition through the achievement of
the optimal design for both the lifter feature extractor and the post-end classifier.

Focusing on the general perspective that feature extraction can be viewed as a process that forms
a metric for measuring the class membership of an input pattern, DFE has also been embodied as a
discriminative metric design method [63]. A key point in this embodiment was to introduce different
metrics, one for each class, and optimize all of the metrics under a single minimization criterion
using the classification error objective.

10.4 Recurrent Networks

10.4.1 Overview

Basically, a time-series signal has temporal correlations between its samples (or segments), each
extracted at a different time position. This fact is a primary reason for the great success of using
AR models, or, in other words, linear predictive coding, in a wide range of attempts at modeling
time-series signals such as speech signals.
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There are two main approaches to modeling the temporal information of speech signals: (1) mem-
orizing the information spatially, and (2) modeling the information in a data-recurrent structure.
The former case includes most methods of representing speech signals, such as the use of feature
vector sequence patterns as reference patterns and the use of state models. The dynamics of signals
are directly represented and memorized in the form of vector sequences or state sequences. The
structure of the HMM is a typical example of a state model. The latter approach has been studied by
using recurrent neural networks. In this case, in contrast to the direct memorization of the dynamics,
the dynamics of signals are modeled, in some compressed parametric form, with network weights.
The intuition and expectation do exist that recurrent network-based modeling leads to the discovery
of essential components of information on the dynamics through the training (design) of a limited
number of network weights. It should be noted that time delay (shift-tolerant) structures, e.g., those
used in the TDNN and STLVQ, can be considered hybrids of spatial memorization and recurrent
structure modeling.

Clearly, direct, spatial memorization is the most straightforward approach to the use of information
on the dynamics, and its utility has been shown in many examples of speech recognizer design.
However, the rather simple mechanism of this direct memorization sometimes results in a shortage
of salient information and also in an excess storage of unnecessary (often noisy for classification
decisions) information. Therefore, recurrent networks have been investigated, with the aim of
extracting salient information for the task at hand effectively and efficiently.

There are various types of recurrent networks. Among them, this chapter introduces the following
two cases: (1) unidirectional recurrent networks, and (2) bidirectional recurrent networks.

10.4.2 Unidirectional Network

Based on the causality of natural signals, temporal information goes, in principle, from the past to the
future. A natural selection for modeling such information, therefore, has a unidirectional structure,
illustrated in Figure 10.3. In that figure, the input speech signal is assumed to be converted a priori
to a sequence of acoustic feature vectors, u(z) (t = 1, ..., T), where T is the length of the acoustic
feature vector sequence. Then, the input vector u(z) is presented to the network along with the state
vector x(¢), and these two vectors produce the output vector y(¢) and the next state vector x(t + 1).
One design goal here is to determine two weight matrices, W and V, so that y(¢) can satisfy a preset
design objective.

Among the many design methods for optimizing matrices, the back-propagation through time
method has often been employed [66]. This method expands the network in time or, in other words,
considers a recurrent net for all time indices as a single very large network with an input and output
at each time index and shared weights over all time indices.

A network expansion scheme is illustrated in Figure 10.4. The training procedure is twofold:
(1) forward-propagating the input vectors and the state vectors to get the final output vector at
T — 1 by using the initial (or adjusted) weight matrices, and (2) back-propagating the weight-update
information calculated at the output position inversely in time.

Robinson [53] used the unidirectional recurrent network introduced above as a likelihood estimator,
with some minor change in the output signal level, for an HMM-based speech recognizer.

10.4.3 Bidirectional Network

In addition to temporal correlation in the forward direction, which was described in the previous
subsection, time series signals often possess backward correlation. In particular, it is an obvious
observation that a speech signal possesses correlation in the backward direction. The speech signal
is an output of an articulation system that is controlled by a speech production plan, which prepares
future utterances and, accordingly, has influence on the future state (shape) of the articulators. In
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10.3 A typical structure of a unidirectional network [53].
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10.4 A schematic explanation of the back-propagation-through-time training method [53]).

conventional speech recognition approaches, this type of information is directly incorporated in the
spatial memorization of signals.

Obviously, the unidirectional recurrent structure is not suited for representing backward informa-
tion as well as forward information. A possible solution to this problem is a bidirectional recurrent
network.

A sample structure of a bidirectional network is illustrated in Figure 10.5 [57]. A key idea in the
structure is to split the state neurons into two parts: one part responsible for the forward time direction
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10.5 A sample structure of a bidirectional network shown unfolded in time for three time steps [57].

(forward states) and one part responsible for the backward time direction (backward states). Note that
outputs from forward states are not connected to inputs of backward states and vice versa; in other
words, the two networks run separately. It turns out, therefore, that in principle, the bidirectional
recurrent network can be designed in the same way as the unidirectional recurrent network, e.g., by
applying the back-propagation through time method to both networks.

Schuster and Paliwal [56, 57] tested the bidirectional network in phoneme recognition tasks and
demonstrated its fundamental utility.

10.5 Support Vector Machines

10.5.1 Fundamentals

Generally, classification in a high-dimensional vector space is easier than in a low-dimensional
vector space. In principle, even if sample (vector) distributions of different classes overlap in a
low-dimensional sample space, they can be observed with less overlap in a high-dimensional space.
Focusing on this general nature of sample observation, the SVM was developed as a new theoretical
paradigm of pattern recognition [8, 61].

Consider a classification problem of linearly separable samples, {Xi, ..., Xy, ..., Xy}, where
X, € R". Each sample is associated with its corresponding class indicator; i.e., (X1, y1),-- .,
Xms Ym)s - - -» Xy, ym), where y,,s are class indicators (y,, € {—1,1}). Then, the hyperplane

(w - x) + b completely separates these linearly separable samples if and only if

{ w-x)+b>=1 (fy=1 (10.21)

W-x)+b<—1 (fy=—1)

where b is a constant. One goal of the classifier design is to determine the weight vector w (and,
accordingly, its corresponding hyperplane) that satisfies Equation (10.21). Clearly, an optimal status
of the weight vector can be the status with the largest distance between the hyperplane and its closest
samples. Through a rewrite of the equations, the problem of finding the optimal weight vector
becomes the problem of minimizing

1
Z(xi—z Zai(xjyiiji - X (1022)
i i,j
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subject to
a; >0 Zaiyi =0 (10.23)
i

where «; are Lagrange multipliers and each design sample x; has one Lagrange multiplier «;. Here,
the training sample whose corresponding multiplier is non-zero is a support vector that dominates
the optimal hyperplane. This hyperplane is then achieved with a standard quadratic programming
procedure.

In reality, however, samples of different classes are observed to overlap and are nonlinearly non-
separable. Moreover, most realistic classification tasks are of the multiple class type. Therefore,
the procedure for finding the optimal hyperplane, introduced above, is usually softened in terms
of separability requirements. A nonlinear mapping from the original sample vector space to a
high-dimensional pattern space is also incorporated, based on the expectation that classification in
a high-dimensional space is generally easier than in a low-dimensional space. To cope with the
multi-class settings, SVM-based classifiers designed for two-class settings are usually used in some
combinatorial form.

The nonlinear mapping bridges the two paradigms, SVMs and ANNs. The final design forma-
tions, Equations (10.22) and (10.23), are only dot product computations, and their corresponding
computations in a nonlinearly mapped high-dimensional space can be efficiently operated by using
kernel functions such as polynominal kernel functions and Gaussian radial-basis functions, both of
which are widely used in ANN systems.

10.5.2 Application Examples

Applications of the SVM to speech recognition are still in a preliminary stage, although the theoretical
advantage involved is widely recognized. These circumstances may arise from the fact that the SVM
is essentially a concept for static (fixed-length) vector patterns and is not suited for dynamic (variable-
length) speech patterns. This subsection introduces two recent application examples [8, 50] which
are not that mature but suggest a new promising technological direction using SVMs.

10.5.2.1 SVM-Based Phoneme Detection

In most cases of recent speech recognition, speech signals have been represented by common
acoustic features, such as AR coefficients, cepstral coefficients, and bank-of-filter coefficients, re-
gardless of phoneme class differences. On the other hand, phonetics has long suggested that each
phoneme class should be characterized by its particular types of features, i.e., distinctive features.
As an alternative to the current HMM-based speech recognition with generally high costs, an ap-
proach using distinctive features can be expected to be useful for developing simple and small-sized
recognizers and also for achieving high flexibility in classification decisions, which is needed in
conversational speech recognition and open-vocabulary speech recognition.

The detection operation is basically the same as the spotting described in Section 10.3.4, and it is
essentially a two-class operation which outputs “detected” or “not detected.” The use of SVMs is,
therefore, straightforward. Niyogi et al. [50] investigated the feasibility of SVMs in a task of stop
consonant detection, which is a typical example of the phoneme detection task described above. An
SVM-based recognizer that works as a stop consonant detector at every time position over an input
speech signal was designed by using three-dimensional vectors with components based on phonetic
distinctive features. Experimental results demonstrated the superiority of a SVM-based recognizer to
a conventional HMM-based recognizer using 39-dimensional cepstrum-based features. The results
also showed that the nonlinearity in the mapping with radial-basis kernel functions is effective for
increasing the detection accuracy.
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10.5.2.2 SVM-Based Phoneme Classification

In the early stages of ANN application to speech recognition, several attempts were made
to apply ANNSs to static patterns converted from original dynamic speech patterns [16, 22, 28].
Clarkson and Moreno [8] represented phoneme segments as static feature vectors whose components
were formant frequency values measured at the central positions of phonemes or average cepstral
coefficients calculated over preset subsegments of phonemes, and SVM-based classification was
evaluated over these static vector patterns.

The classification tasks used by Clarkson and Moreno [8] were of the multi-class type. Therefore,
two combinatorial formations were tested: (1) the “one vs. one” formation and (2) the “one vs. all”
formation. In the one vs. one formation, an SVM-based subclassifier was designed for every pair of
two different classes. A test sample was preclassified by all of the designed subclassifiers and was
then finally classified with a voting scheme over the subclassifiers. In the one vs. all formation, an
SVM-based subclassifier was designed for every pair of a target class and remaining classes. A test
sample was preclassified by all of the subclassifiers and its class label was then finally set to the class
having the largest distance from the separating hyperplane.

For comparison, a conventional Gaussian mixture classifier was also designed for the same static
data. Experiments demonstrated the superiority of the SVM-based classifier to the Gaussian mixture
classifier and the superiority of the one vs. one formation to its counterpart. They also suggested the
importance of the selection of nonlinear mapping kernel functions.

10.6 Signal Separation

10.6.1 Overview

There are three major approaches to speech signal separation: (1) an approach based on microphone-
array technology [48], (2) an approach based on blind signal separation [2, 9, 26], and (3) an approach
based on model-based separation [33, 42, 64]. The first approach, i.e., acoustic-technology-based, is
the most traditional and orthodox, and is already used in real-world recognizers. However, although it
works sufficiently under some limited conditions, it cannot emulate the high flexibility and capability
of humans in separating a target speech signal with a reasonably small-size implementation. The
second approach is based on the information theory, and it presently represents a main research trend
in the field of signal separation. The third approach attempts to emulate the human hearing process
to some extent by assuming the importance of model-based (top-down or a priori) knowledge about
target signals. Compared to the second approach, blind signal separation, this model-based approach
is still at the beginning stages of research. Nonetheless, the validity and prospects of this approach
are supported by many psychological findings [5].

This chapter focuses on two recent trends, i.e., blind separation and model-based separation. From
the standpoint of speech recognition, the techniques of these two separation approaches have not yet
been fully developed. They also do not necessarily have a direct link to ANN technologies. Only a
few links can be observed in the structural similarities between the ANN and the problem formalism
of signal separation. However, studying these technical topics is clearly worthwhile because math-
ematics and ultimate research goals, i.e., the development of speech recognition technologies that
successfully emulate humans, are common to both the ANN and signal separation.

10.6.2 Blind Separation

In the blind signal separation paradigm, a problem is generally formalized using a kind of network
structure that has M inputs and N outputs. Figure 10.6 depicts a two-input and two-output case
of a formalization. In that figure, there are four possible signal channels, and they are represented
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10.6 A schematic explanation of the formalization of two-input and two-output signal separation.

by a 2 x 2 mixing matrix A. The relation between the original source signals, s; and s, and the
observations, x| and x;, are represented as

( 2 >=A< j; ) . (10.24)

One goal is to then estimate the inverse matrix of A, i.e., W, which is defined as

< 2 ) - W( 2 ) (10.25)

where §; and §; are the estimates of s and s, respectively.

Three major approaches to the estimation of the inverse matrix have been investigated: (1) signal
decorrelation [65], (2) independent component analysis (ICA) [26], and (3) information-maximization-
based separation [2]. The first, signal decorrelation, is mainly based on the correlation information
between the estimated source signals. ICA additionally uses the independence between the esti-
mates, which is prescribed by the estimates’ higher-order statistics. The third approach is derived
from the ICA-based approach with an additional nonlinear transform of the estimated source signals.

The following introduces a speech recognition example using the blind signal separation of
Taniguchi et al. [60], where information-maximization-based separation is employed.

A basic strategy underlying the information-maximization-based approach is to estimate W such
that its estimation, W, minimizes the mutual information 7 (51, §2) between the estimated source
signals, based on the fact that when W is correctly estimated, I (51, §2) should be minimum due to
the independence between the estimates:

W = arg min / (51,52) . (10.26)

Here, from the relationship between the mutual information and the entropy functions, i.e.,
1 (31, §2) =H (§1) + H (§2) - H (§1, fz) (10.27)

it turns out that the estimation problem is equivalent to the maximization of H(sy, $7) if H(S)
and H (57) can be assumed to remain the same values, respectively. However, the entropy, such as
H(51), usually increases as the signal’s variance increases. Therefore, to meet the assumption of
an unchangeable entropy, the value ranges of the signals are bounded to some fixed values using a
nonlinear function g(-) such as a sigmoidal function (which is widely used in ANN systems).

yi=g(8) (=12). (10.28)

The problem is then further reformed as

H(51.8) = E[—mM]

/]
E[In|J[] = E [In f x, (x1, x2)] (10.29)
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where | /] is the Jacobian of the mapping from (x1, x2) to (y1, ¥2), and fy, x,(x1, x2) is the joint
distribution of x| and x;. Here, because the second term of Equation (10.29) is independent from
W, the final design target is to find the state of W that maximizes the first term of Equation (10.29),
i.e., E[In|J|], resulting in the following adjustment procedure for the estimation:

wh = wWiD 4 AW (10.30)
9

AW = E|—Mm|J]|]|. (10.31)
W

In Taniguchi etal. [60], experimental evaluations were done by applying the information-maximiza-
tion-based blind separation described above to a DTW speech recognizer and an HMM speech rec-
ognizer, for a task of recognizing 68 phonetically similar Japanese city names. Results demonstrated
the utility of the separation method in both types of recognizers.

10.6.3 Model-Based Separation

An underlying concept of model-based signal separation is to use some a priori or top-down knowl-
edge about signals to be separated and recognized, as humans do in their hearing procedures. Using
such knowledge will generally increase the accuracy and robustness in both the separation and recog-
nition processes. The following subsection introduces two recent embodiments of the model-based
separation discussed by Gautama and Van Hulle [17] and Watanabe et al. [64].

10.6.3.1 Separation Using Codebook Projection

Figure 10.7 illustrates, for a case of two source signals, a diagram of a separation procedure
that uses complex Fourier spectrum representations of input signals and an ANN-trained model
codebook [17]. The signals in this scheme are all represented in complex short-time Fourier trans-

1st path

— 19()
Sq(t Model Phase

10 Q{0 o | s 7 O
= Model Phase

2nd path

10.7 A schematic diagram of signal separation using codebook projection [17].

forms. An overlapped signal C(¢) is a linear combination of two independent source signals, Si(¢)
and S, (t), at some time index 7. The compound signal goes to both paths, each corresponding to
one source. In the ith path (i = 1, 2 in the figure), the estimated spectrum of the other source is
subtracted from C(z), and the subtraction result /; (7) is quantized by the model M;. The quantiza-
tion is basically done based on the projection of I; (t) onto the winning code model (vector), which
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produces the maximum dot product with 7; (). Then, the quantized signal is converted to a source
signal estimate O; with the phase alignment ¢. The expectation here is that repeating the subtraction
of the interference and the model projection leads to a convergence towards accurate estimates of
the original source signals.

Gautama and Van Hulle [17] used ANN-based algorithms, such as a self-organizing feature map,
to train the model codebook, and the method was evaluated in a task of separating the sound signals
of two instruments.

10.6.3.2 Separation Using a Speech Production Model

Another attempt at model-based separation is found in Watanabe et al. [64]. A basic scheme
of this separation is illustrated in Figure 10.8. An observed signal is assumed to be a linear sum of

y\
Production model A
S —> S
1 Discrepancy measure of speaker 1 (M1)j 1
\
—® \
Observed \ — AN - \\
i roduction mode A
S2 \\ of speaker 2 (Mg)] Q\ 2
\ \ \
\ T -
N\ —| Adjustment of model |
I parameters I
_________ d
10.8 A schematic diagram of speech signal separation using a speech production model [64].
multiple speakers’ utterances:
s(t) = s1() + 52() + - +57(2) (10.32)

where [ is the number of speakers. One design goal here is to reconstruct the component signal
sources {s; (¢) }{:1 from the observed signal s (). Motivated by the idea of speech segregation based on
the motor theory in human speech perception, a speech production model is incorporated as top-down
knowledge in the process. As shown in the figure, one speech production model is prepared for each
speaker, and the model parameters are estimated so that the summation of the signals synthesized by
these models can approximate the observed overlapped speech accurately. Each synthesized signal
is then expected to be a reasonable estimate of its corresponding speaker’s original speech signal
when the adjustment of the model parameters converges to some approximation quality. Of note
in this method is that the speech production model used as a priori knowledge can produce speech
recognition results in parallel with the separation: a speech production model, such as one based on
AR modeling, can easily associate its parametric state to some phonetic category, and such phonetic
information can be used as a recognition output.

Watanabe et al. [64] employed a simple speech production model using an autoregressive-model
based vocal tract model and Klatt’s vocal cord wave model for the separation/recognition of two
speakers’ utterances. The experiments were still in a preliminary stage, but they demonstrated the
prospects of the unique approach.
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10.7 Concluding Remarks

This chapter has summarized recent research on ANN applications to speech processing, specifi-
cally focusing on several example topics in speech recognition. The main topics introduced in the
chapter include a general discriminative design method for pattern recognition, i.e., the generalized
probabilistic descent method (GPD), a recurrent neural network (RNN) characterized by its data
recurrency structure, a novel theoretical paradigm of pattern recognition, i.e., the support vector
machine (SVM), and recent signal separation technologies that are mainly based on the statistics or
mathematical modeling of the data at hand. These topics are all new and are in ongoing stages of
research.

The title of this chapter may cause the reader to naturally expect to see many examples of ANN
applications to a wide range of speech processing technologies such as speech recognition, speech
synthesis, speech coding, and speech enhancement. In reality, however, most of the applications
mentioned in this chapter were investigated in the speech recognition area, even in the high-tide
stage of research through the middle of the 1990s. Today, when new technological paradigms such
as the SVM and BSS are rapidly booming, applications to speech processing are not necessarily
so active. There are several possible reasons for this situation; probably the most serious is that
recent research still adheres to simple and old-fashioned approaches in the belief that, if a lot of
data are available, a good system can and will be achieved — that is, anything is possible with a
large amount of data. The fact that most current speech recognizers are being developed by applying
the classic maximum likelihood method to a huge amount of design samples probably supports
this observation. However, current technologies for computing acoustic feature vectors and the
probabilistic modeling framework based on HMMs are obviously insufficient for handling more
realistic tasks such as distant talk recognition, where systems have to perform signal separation
accurately, and for developing more accurate and more efficient systems. Rather than having a large
amount of design samples, novel frameworks are needed for modeling speech data and the tasks
at hand. The topics introduced in this chapter have not yet formed a new trend of technology, but,
hopefully, they will be useful for the reader to envision desired directions of future research.
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Accurate characterization of visual information is an important requirement for constructing an effec-
tive content-based image retrieval (CBIR) system. Conventional nonadaptive image models adopted
in simple CBIR systems do not usually perform this task adequately. A more effective method is to
adopt a machine learning approach where the system directly learns the image interpretation criteria
from the users. As a result, we adopt neural network techniques to perform this characterization.
More specifically, we have adopted a radial basis function (RBF) network for implementing an adap-
tive metric in image retrieval which progressively models the notion of image similarity through
continual relevance feedback from users and a modular neural network for characterizing edge in-
formation in the front-end feature extraction module of the CBIR system. Experimental results have
shown that the proposed methods outperform conventional techniques in terms of both accuracy and
robustness.

11.1 Introduction

Multimedia data, which include digital images, video, audio, graphics, and text data, appear in diverse
application domains such as the entertainment industry, education, medical imaging, and geographic
information systems. While the individual needs for each of these domains may be different, they
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all require the access and manipulation of large quantities of heterogeneous data. In view of this,
there have been a lot of research efforts on how to improve the accuracy and efficiency of retrieving
these data. In particular, content-based image retrieval (CBIR) has received a great deal of attention
in the literature [1]-[8]. Research in this area includes the characterization of image contents using
low-level features and the integration of these features to form a high-level semantic description for
search and retrieval [1, 2]. In addition to these, one particularly important issue is how to apply
adaptive mechanisms to tailor the search process to the needs of individual users, which is the main
focus of this chapter.

Image content in a CBIR system is usually expressed in the form of a set of features which
characterizes the color, texture, and shape information [6, 8] of individual images. These features
are usually concatenated into a single feature vector for the purpose of matching the query image
against the corresponding pre-extracted feature vectors in the database. The set of images with
associated feature vectors closest to the query feature vector under a predefined metric (e.g., the
Euclidean distance) is then displayed as the retrieved images. The operation of a simple CBIR
system is illustrated in Figure 11.1a.

This chapter proposes the adoption of neural network techniques for implementing the relevance
feedback module and the feature extraction module in the figure. The motivation for adopting this
computational structure for performing these two operations is described below.

11.1.1 Relevance Feedback Module

In simple CBIR systems, the Euclidean distance measure between feature vectors is usually adopted
in the matching stage to characterize the difference between images. However, this does not take
into account the possible different variances of the individual vector components, which may arise
due to their different physical origins. For example, heterogeneous feature types describing the
color, texture, and shape of image components are usually combined by simply concatenating their
associated attribute values into a single vector. A possible solution to this problem is to adopt a
weighted Euclidean measure where different weights are assigned to the individual components in
the vector. We can further generalize the measure by incorporating limited adaptivity in the form
of a relevance feedback scheme [5, 9, 10], where the weights are modified according to the user’s
preference.

Originally, the relevance feedback technique was used in modern information retrieval (IR) by
Salton and McGill [11]. In IR, each document in a collection is represented as a set of terms. These
are concatenated into a vector and referred to as the term vector model. MARS (multimedia analysis
and retrieval system) is one of the systems for extending the previous relevance feedback techniques
to content-based image retrieval [5, 9, 10, 12, 13, 14]. In this system, an image is represented
using a set of low-level features including color, texture, and shape. The numerical values of the
various features are concatenated into a vector, and relevance feedback techniques can be applied
based on these vectors. Gevers and Smeulders present PicToSeek [6], a retrieval system that exploits
weighting techniques in IR for estimating the weight parameters of image features. Alternatively,
retrieval systems proposed by Peng et al. [4] and Cox et al. [7] implement relevance feedback using
a supervised learning process instead of query modification.

The methods described so far have proven somewhat successful in content-based image retrieval.
The drawback of most methods, however, is the limited degree of adaptivity offered. In addition, the
restriction of the distance measure to a quadratic form may not be adequate for modeling perceptual
difference as seen from the user’s point of view.

© 2002 by CRC Press LLC



Image

Database
Feature . Sear.Ch g retrieval
query | Extraction Unit results
metric
adaptation
. USCF'
1nteraction
Relevance <
Feedback
user
interaction
(a)
Image
Database
Feature Search
— . [ .
query | Extraction Unit retrieval
results

learned T T
response
Relevance
|

metric
adaptation
_user user
interaction interaction

(b)
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11.1.2 Feature Extraction Module

The features extracted in the front-end module are usually in the form of color, texture, and shape,
which describe complementary aspects of an image. In particular, the latter two feature categories,
in turn, require the accurate characterization of edges in the image. An important issue here is how
to establish a mechanism to distinguish the valid edge points from the non-edge points, which is
compatible with the human user’s point of view. In conventional edge detection approaches [15]—
[17], a threshold on the edge magnitudes is usually chosen empirically by the user to produce a binary
edge map. More advanced approaches such as the Canny edge detector [16] and the Shen—Castan
edge detector [17] employ multiple thresholds and an edge tracing operation to take into account
the nonstationary nature of the detection process. In general, the required threshold level will be
highly dependent on the specific contents of the image and the additive noise level, and a threshold
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level chosen for a particular image is usually not applicable to other images, or even to the same
image at a different noise level. This will, in turn, lead to the erroneous determination of texture
and shape parameters. In current CBIR systems, an interface is usually provided where the user
can interactively specify values of parameters for optimal retrieval results. However, this has to be
performed separately for each query for the following reasons: the image models are usually not
robust enough such that reselection of the parameters is required for different types of images, and
the feature extraction module does not usually possess learning capability such that it cannot infer
the user’s current preference from previous inputs.

11.1.3 Adoption of Neural Network Techniques

In view of these problems, we propose the adoption of neural network techniques [18, 19] to perform
the preceding two operations. A neural network is a specific computational structure where a set of
nodes or neurons performs a predefined simple mathematical operation. These nodes are connected
with each other through network weights which specify the strength of the connection. These network
weights are adjustable through a learning process which enables the network to perform a variety of
computational tasks.

We can see, therefore, the relevance of neural network techniques to these two operations in CBIR.
To incorporate learning capabilities into the system, we replace the relevance feedback module with
a specialized radial basis function (RBF) network [19, 20] for learning the user’s notion of similarity
between images. More specifically, in each interactive retrieval session, the user is asked to select,
from the set of retrieved images, those which are most similar to the query image. The feature
vectors extracted from the selected images are then used as training examples to determine the
centers and widths of the different RBFs in the network. In other words, instead of relying on any
preconceived notions of similarity through the enforcement of a fixed metric for comparison, the
concept is adaptively redefined in accordance with different user’s preferences and different types
of images. Compared to the previous quadratic measure and the limited adaptivity allowed by its
weighted form, the current approach offers an expanded parameter set, in the form of the RBF centers
and widths, which allows a more accurate modeling of the notion of similarity from the user’s point
of view.

Similarly, for the front-end feature extraction module, we can implement an adaptive feature model
in the form of a neural network, with the network weights representing the various parameters of
the model. In this way, a human user can select what he/she regards as salient features on the query
image. The selected pixels and their associated neighborhoods can then be incorporated directly
as training examples for the network. It is then possible for the trained network to anticipate the
preference of future users with regard to preferred feature selection. In this chapter, we investigate the
adoption of neural network techniques to the task of the characterization of edges, which is usually
considered one of the most significant features in images and is essential for the further extraction
of texture and shape information for the purpose of retrieval.

As a result, we generalize the simple CBIR system of Figure 11.1a to include neural network
processing, as shown in Figure. 11.1b. In this figure, the relevance feedback module and the feature
extraction module are implemented in the form of specialized neural networks. In these highly user-
oriented modules, the learning capability associated with the networks and their ability for general
function approximation offer increased flexibility in the modeling of the user’s visual response. The
next section introduces our implementation of the relevance feedback module in the form of an RBF
network, and our adoption of neural network for the purpose of feature extraction is described in
Section 11.3.
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11.2 Interactive CBIR Using RBF-Based Relevance
Feedback

This section describes a specialized radial basis function (RBF) network [19, 20] for the implemen-
tation of the relevance feedback module in the CBIR system, as shown in Figure 11.1b. Specifically,
the network allows the progressive modeling of the notion of image similarity through the adjustment
of its associated RBF centers and widths. The image matching process is initiated when the user
supplies a query image and the system retrieves the images in the data base which are closest to the
query image. The user then selects, from the displayed images, those most similar to the current
query image, which are then considered as examples of relevant images in this session, while the
rest are regarded as counter examples. The feature vectors extracted from these images are then in-
corporated as training data for the RBF network to modify the centers and widths. The re-estimated
RBF model is then used to evaluate the perceptual similarity in a new search; this process is repeated
until the user is satisfied with the retrieval results.

11.2.1 RBF Network Architecture

Radial basis function (RBF) neural networks provide an excellent nonlinear approximation capabil-
ity [19, 20]. As aresult, we exploit this property to design a system of locally tuned processing units
to approximate the target nonlinear function. A Gaussian-shaped RBF is chosen for this work. In
our work, we associate a one-dimensional Gaussian RBF with each component of the feature vector,
as follows:

P )2
S@x) =) Gi(xi— z,)—Zexp< b Z‘)) (1.1
i=1 ;i

whereo;, i = 1, ... P are the tuning parameters in the form of RBF widths, x = [x, ..., x;, ..., xplT
is the feature vector associated with an image in the database, and z = [z, ..., 2, ..., 2 p17 is the
adjustable query position or the center of the RBF function. Each RBF unit implements an expo-
nential function which constructs a local approximation to a nonlinear input—output mapping. The
magnitude of S(z, x) represents the similarity between the input vector x and the query z, where the

highest similarity is attained when x = z.

Each RBF function is characterized by a set of tuning parameters o;,i = 1, ... P. In particular,
these tuning parameters can reflect the relevance of individual features. If a feature is highly relevant,
the value of 0; should be small to allow higher sensitivity to any change of the difference d; = |x; —z;|.
In contrast, a high value of o; is assigned to the nonrelevant features so that the corresponding vector
component can be disregarded when determining the similarity, since the magnitude of G;(-) is
approximately equal to unity regardless of the difference d;. The choice of o; according to this
criterion will be discussed in the next section.

11.2.2 Training and Searching Algorithm

We propose a learning technique which enables the RBF network to progressively model the notion
of image similarity for effective searching. This is implemented as an iterative search procedure
which uses the information provided by the user to update the parameters of the RBF model. The
process is summarized in the following subsections.
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11.2.2.1 Initial Searching

A search unit uses the feature vector associated with the initial query to retrieve similar images
from the database. In this first iteration, the similarity is measured by the Euclidean distance:

d(z,x) = (11.2)

The distance values are then stored in ascending order, and the images corresponding to the Ng
smallest distance values are displayed. It can be seen (Figure 11.5a) that some of the Ng best-
matched images are not visually similar to the query.

11.2.2.2 Selection of Relevant Images by User

In this step, the Ny retrieved images are classified into a set of relevant images and a set of
nonrelevant images. Formally, for each feature vector associated with one of the Np images, the
user supplies the training pattern (x,, y,),n = 1,..., Ng, where y, = 0 indicates a nonrelevant
image and y, = 1 indicates a relevant image. These are then used as the training data in the next
step.

11.2.2.3 Relevance Estimation

To estimate the relevance of individual features, the image feature vectors associated with the
set of relevant images are used to form an M x P feature matrix R:

’ / r 1T
R = [xl,...,xm,...,xM]
I .
= [xmi]mzl,...,M,lzl,...,P (11.3)
N W / / T : /o
where x,,, = [x,,|,...,X,:,..., X, p|" corresponds to one of the images marked as relevant, x, ; is

the ith component of the feature vector x;,l, P is the total number of features, and M is the number
of relevant images. According to our previous discussion, the tuning parameters o; should reflect
the relevance of individual features. It has been proposed [4, 21] that, given a particular numerical
value z; for a component of the query vector, the length of the interval that completely encloses z;
and a predetermined number L of the set of values x/, . in the relevant set that falls into its vicinity
are a good indication of the relevancy of the feature. In other words, the relevancy of the ith feature
is related to the density of x/ . around z;, which is inversely proportional to the length of the interval.
A large density usually indicates high relevancy for a particular feature, while a low density implies
that the corresponding feature is not critical to the similarity characterization. Setting L = M, the
set of tuning parameters is thus estimated as follows:

0 = 7 max |x,/ni - Zi| . (114

The additional factor 7 is for ensuring a reasonably large output S(z, X) for the exponential RBF
unit, which indicates the degree of similarity, even for the member x,’m. furthest from z;.

As a result, if the ith feature is highly relevant, Equation (11.4) gives a small value of o; to
allow higher sensitivity to any change of the difference. In contrast, a high value of o; is assigned
to the nonrelevant features so that the corresponding vector component can be disregarded when
determining the similarity.

11.2.2.4 Weighted Searching

The tuning parameters o; obtained in the previous step are used for characterizing the Gaussian
function in Equation (11.1). The estimated function S(z, x) is then used to determine the image
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similarity in a new search process, where the magnitude of the function S(z, x) is stored in descending
order and a new set of best-matched images is obtained. The above iterative process is repeated by
going back to the previous steps until convergence is achieved.

11.2.3 Query Modification

In the retrieval process, the user may have difficulty specifying a query that represents important
aspects of the desired image or class of images. This suggests that the first iteration should be
conducted as a trial search. After this initial iteration, the retrieved images should provide more
choices of desired images to the user. Those initially retrieved images should then be evaluated
according to relevance, and a modified query constructed with the objective of retrieving more
relevant images in the next search operation. This is the idea of query modification, which is
described in this section.

Consider the matrix R representing the feature vectors of relevant images in the training set. The
entries in the ith column of the matrix indicate the possible values that the ith feature component
will take on for a sample set of relevant images. Hence, a suitable statistical measure of values in
this sequence should provide a good representation of the ith feature component. In particular, the
mean value of this sequence X, = X %:1)‘;,1[ /M 1is a good statistical measure since this is the value
which minimizes the average distance Eﬁl’[:l(x,’ni — )72)2 /M. As aresult, after the first iteration, a
suitable candidate for the modified query is the mean of the set of row vectors in R. We refer to this
approach as RBF1, which is formally defined as follows:

RBF1: Based on the selected relevant images in the previous iteration, the new query z is chosen as

1 M
izﬁzlxm (11.5)
m=

where x;n is the feature vector from the mth row of matrix R in Equation (11.3). In other words,
the modified query Z is the centroid of the relevant feature vectors. Since the relevant image group
indicates the user’s preference, the modified query obtained by Equation (11.5) will give a reasonable
representation of the desired image.

11.2.3.1 Unfavorable Relevance Feedback Situation

Formally, we can refer to the complete relevant image set in the database as X g. During rele-
vance feedback, the set of images X g C X g chosen by the user can be considered an approximation
of the actual set Xg. A problem that arises when using the subset X/ instead of X is that the
corresponding modified query will not perform well unless the subset is a good representation of the
actual relevant set for the given query. As an example, consider the situation depicted in Figure 11.2,
where the original query is intended for retrieving images located inside the dashed line. There
are three relevant images in the retrieved image set in the first iteration, and, hence, the modified
query constructed by Equation (11.5) will lie in the center of this relevant image set (open triangle in
Figure 11.2). When the modified query is used for retrieval, a great number of nonrelevant images
located near the modified query will then be retrieved. This is undesirable since the modified query
is located far away from a set of relevant images not previously retrieved. Instead, the ideal query
indicated in Figure 11.2 will be more suitable.

One possible way to overcome this problem is to increase the size of the training set such that it
is a better approximation of X g. However, this technique may not be suitable in practice where the
size of the training set is limited. Instead, we propose including the feature vectors associated with
the nonrelevant images as part of the training set. More specifically, the presence of these feature
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11.2  Suboptimal query selection.
vectors in the training set allows the current query to move away from those regions populated by

nonrelevant images as well as moving towards the relevant regions.
Let N be the matrix containing the feature vectors of nonrelevant images in the training set:

T
. " " "
N = [xl,...,xq,...,xQ]
= [x;’,.]q:l,...,Q,,i:l,...,P (11.6)
where X; = [x(;/ T x;/l., e x(/]’ P]T is the feature vector of the nonrelevant images, and Q is the

number of nonrelevant images in the training set. Note that the matrix N can be generated in a way
similar to the matrix R. Given this set of nonrelevant feature vectors, we propose an alternative
query update approach, which we refer to as RBF2.

RBF2: Based on the selected relevant and nonrelevant images in the previous iteration, the new
query is chosen as

i = Z+ap(X —7)—ay (X' -7 (11.7)
</ 1 w /
= 27 2 %n (11.8)
m=1
1 2
X' = =) x (11.9)
0 2™

where 7’ is the previous query, and ag, ay are suitable positive constants.

Equation (11.7) can be illustrated using the one-dimensional example in Figure 11.3. Let the cen-
ters of the relevant image set and nonrelevant image set in the training data be R and N, respectively.
As shown in Figure 11.3, the effect of the second term on the right-hand side of Equation (11.7) is
to allow the new query to move towards R. On the other hand, if N = N| < 7’ such that the third
term is negative, the current query will move to the right, i.e., the position of z’ will shift away from
N to Z1. On the other hand, when N = N, > 7/, the third term is positive, and, hence, z’ will move
to the left to 27, i.e., shifting away from N,.

In practice, one finds that the relevant image set is more important in determining the modified
query. The reason for this is that the set of relevant images is usually tightly clustered due to the sim-
ilarities between its member images and, thus, specifies the modified query in a more unambiguous
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11.3  Illustration of query modification.
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114 Query modification in the feature space: (a) ideal configuration; (b) favorable configuration; (c) unfavorable
configuration.

way. This is illustrated in Figure 11.4a. On the other hand, the set of nonrelevant images is much
more heterogeneous, and, therefore, the centroid of this nonrelevant image set may be located almost
anywhere in the feature space, as shown in the figure. As a result, we have chosen ag > ay in
Equation (11.7) to allow a more definite movement toward the set of relevant images while permitting
slight movement away from the nonrelevant regions.

The current approach works well when the sets of relevant and nonrelevant images are well
separated, as in Figure 11.4a. In practice, the set of nonrelevant images usually covers a wider
region of the space, as shown in Figure 11.4b and c. The effectiveness of the current approach will
thus depend on the exact distribution of the nonrelevant images in the space. Figure 11.4b illustrates
a particular distribution which is favorable to the current approach, while the case illustrated in
Figure 11.4c may compromise its performance.

The complete algorithm can be summarized as follows:
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1. For a given query z, retrieve the Ng most similar images using the Euclidean distance
measure.

2. Construct the training set (X,, y,),n = 1,..., Ng from the relevant and nonrelevant
images selected by the user.

3. Modify the query and estimate tuning parameters using (X,, yn):

a. Construct R and N from Equations (11.3) and (11.6).
b. Compute the modified query z from Equations (11.5) or (11.7).
c. Compute 0;,i = 1,..., P from Equation (11.4) using z and R.

4. Substitute the estimated parameters Z and o; into Equation (11.1) and use the resulting
function S(z, X) to determine the similarity in the next iteration.

5. Store the magnitude of S(z, x) in descending order and obtain the set of new best-matched
images.

6. Stop if convergence is achieved; otherwise go back to step 2.

11.2.4 Experimental Results

In the experiments reported in this section, we test the proposed approach using two image databases.
The first is a standard texture database which has been used for testing a number of CBIR systems [4,
9, 10, 14]. The second database contains JPEG color images covering a wide range of real-life
pictures.

The following experiments are designed for performance comparison between two methods: the
interactive and the noninteractive CBIR methods:

1. Method 1 — RBF1: Radial basis function method based on Equation (11.5) for query
modification, and RBF2: Radial basis function method based on Equation (11.7) for
query modification

2. Method 2 — Simple CBIR using a noninteractive retrieval method, which corresponds
to the first iteration of interactive search

11.2.4.1 The Database

The original testimages were obtained from MIT Media Lab at ftp://whitechapel.media.mit.edu
/pub/VisTex/ [4, 10]. There are 167 texture images which are manually classified into 79 classes, each
of which is 512 x 512 pixels in size. Each of these images is then divided into 16 nonoverlapping
images, each of which is 128 x 128 pixels in size. As a result, there are a total of 2672 images in the
database. The number of images in each class varies from 16 to 80. The images in the same class
are considered to be similar to one another.

Each texture image in this database is described by a 48-dimensional feature vector which is
constructed as follows: we first apply Gabor wavelet transform to the image, where the set of basis
functions consists of Gabor wavelets spanning four scales and six orientations. The mean and
standard deviation of the transform coefficients are then used to form the feature vectors.

11.2.4.2 Summary of Comparison

A total of 79 images, one from each class, were selected as the query images. For each query,
the top N images were retrieved to provide necessary relevance feedback, where Np = 16 if the
class size is equal to 16, and Ng = 30 if the class size is greater than 30. The performance is
measured using the average retrieval precision of the 79 query images, which is defined as in Peng
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et al. [4]:
relevant images
precision = —g x 100% .
retrieved images
The average retrieval precision of the 79 query images and the CPU time required are summarized
in Tables 11.1 and 11.2, respectively. In the tables, i denotes the number of iterations.

TABLE 11.1  Average Retrieval Precision for MIT Database

Method i=0 i=1 i=2 i=3 i=4
Noninteractive CBIR 48.41 — — — —

RBF1 48.41 7826  83.31 83.31 83.90

RBF2 48.41 7670 8137  84.68 8547

TABLE 11.2  Average CPU Time (on a Pentium
III 550E) for a Single Query

Method Processing Time (sec/iteration)
Noninteractive CBIR 0.110 sec

RBF1 0.237 sec

RBF2 0.257 sec

Does not include the time for displaying the images.

The following observations are made from the results:

1. The use of relevance feedback techniques results in significant improvement of the re-
trieval performance over the simple noninteractive CBIR technique.

2. For the two interactive methods, the greatest improvement is achieved in the first iteration,
while the later iterations provide only miner improvements. Thus, good retrieval results
can be achieved within a few iterations.

3. At the fourth iteration, RBF2 slightly outperforms RBF1. This is due to the inclusion of
both the relevant image group and the nonrelevant image group in modifying the query,
while RBF1 uses only the relevant image group for the query modification.

4. Although the interactive approach requires a longer CPU time than the noninteractive one,
its response time of less than 0.3 seconds is still acceptable considering the associated
improvements.

Figure 11.5 shows an example of a retrieval session. Figure 11.5a shows the retrieval result without
relevance feedback and Figure 11.5b shows the result after relevance feedback. The improvement
given by the proposed method is apparent.

11.2.5 Application to Compressed Domain Image Retrieval

In this experiment, we apply the proposed interactive approach to a compressed domain image
retrieval system. Specifically, the matching process is directly performed on the DCT domain to
avoid the costly operation of decompression. The image database consists of 4700 real-life images
which cover a broad range of categories. Due to its excellent energy compaction property, DCT
is widely used in JPEG and many other popular image and video compression standards. When
a typical 8 x 8 block of data undergoes DCT transformation, most of the significant coefficients
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11.5 Retrieval results (query image is on the top left corner): (a) no relevance feedback (retrieval precision = 0.4);
(b) relevance feedback (retrieval precision = 1.0).
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are concentrated in the upper-left region of the transformed block, thus allowing the storage and
transmission of a small number of coefficients.

In our system, each image in the database is described by the energy histogram of the DCT
coefficients. An energy histogram of a DCT coefficient is obtained by counting the number of times
a particular coefficient value appears in the 8 x 8 block. Formally, the value of the histogram in the
mth bin can be written as:

71
helm) =YY " I(Q(F[u, v]) = m) (11.10)

u=0v=0

where Q(F[u, v]) denotes the value of the coefficient at the u, v locations, and m is the index of the
current histogram bin. The function 7 (-) equals 1 if the argument is true, and it equals 0 otherwise.

For a chrominance DCT block, the DC coefficient is proportional to the average of the chrominance
values in the block. As a result, the histogram of DC coefficients can be used as an approximation
of the color histogram of the original image. On the other hand, a histogram of the AC coefficients
can be used to characterize the frequency composition of the image. Studies have shown that the
combination of DC and lower frequency AC coefficients is effective for measuring similarity in
image retrieval applications [22]. In this work, the nine DCT coefficients in the upper left corner of
the block are partitioned into three sets as follows (Figure 11.6):

FID = {DC)
F1A {AC10, AC11, ACo1}
F2A {ACa0, AC21, AC2p, AC12, ACy1} .

FID: DC |ACy|AC,,

FIA: AC;, AC,|AC,

F2A AC20 AC21 AC22

11.6  The four coefficient groups in the DCT domain.

For this experiment, the energy histogram features are based on the coefficients in two of these
collections:
F=FIDUFI1A={DC, ACyp1, AC10, AC11} .

Separate energy histograms are constructed for the DC and AC coefficients of each of the color
channels, and 30 bins are used for each histogram.

After generating the feature database, the interactive search engine is applied to it. Typical retrieval
sessions are shown in Figures 11.7 and 11.8. Figure 11.7a shows the 20 best-matched images before
applying any feedback, with the query image displayed at the top left corner. It is observed that some
retrieved images are similar to the query image in terms of color composition. At this iteration, five
similar images are marked as relevant. Based on this information, the system dynamically readjusts
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11.7 Retrieval results: (a) no relevance feedback; (b) relevance feedback.
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11.8 Retrieval results: (a) no relevance feedback; (b) relevance feedback.
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the weight parameters of the RBF model to capture the notion of image similarity. Figure 11.7b
shows the considerably improved retrieval results by using the proposed interactive approach.

In Figure 11.8a, the query image in the top left corner depicts a sunset scene. In the first iteration,
there are four retrieved images which are similar to the query. These images are then marked as
relevant and incorporated into the training set. In the next iteration (Figure 11.8b), more images
depicting sunset and related images showing a red sky are returned. In addition, it was observed that
good retrieval results can be achieved within one or two iterations.

11.3 Edge Characterization as a Query Tool for CBIR

In addition to our previous adoption of neural network techniques for the relevance feedback module,
we now describe a specialized modular neural network for the characterization of salient image edges
in the front-end feature extraction module. Specifically, we adopt a machine learning approach where
user-defined edges are incorporated as training inputs for neural networks specially configured as
edge detectors. In other words, we allow the network to automatically acquire the notion of what
constitutes important edge features as defined by users through this human—computer interaction
(HCI) approach. Itis expected that a correctly designed network will be capable of generalizing this
acquired knowledge to identify important edges in images not included in the training set, and we
also require that the approach be robust enough to allow identification of similar sets of edge pixels
under different noise conditions.

11.3.1 Network Architecture

In this work, the edge detector is modeled using a modular neural network architecture [23]-[29],
which is composed of a hierarchical structure where clusters of neurons representing different classes
of training patterns form separate subnetworks. As a result, each subnetwork encodes different
aspects of the training set. In the recognition stage, the outputs of the various subnetworks are
combined to produce a final decision.

As described in Section 11.1.2, multiple sets of decision parameters are required for accurate
edge characterization due to the nonstationary nature of the problem. In other words, different sets
of parameters should be applied depending on the local context instead of adopting a single set of
parameters across the whole image. For example, the subjective visibility of an edge with a certain
strength is usually different depending on the specific background gray level values. For a brightly
lit background, even relatively weak edges which are invisible in dark backgrounds may become
discernible. As a result, different threshold values corresponding to the background gray level value
are usually required.

The above decision problem can be directly represented by the modular neural network archi-
tecture if we associate each subnetwork with a different background gray-level and each unit in
the subnetwork with different edge prototypes under the corresponding gray-level value. The ar-
chitecture of the feature detection network is shown in Figure 11.9 and consists of the following
structures:

* input transformation stage

¢ aset of subnetworks V,,r =1,..., R

e aset of neurons U,s, s = 1, ..., S associated with each subnetwork V.
* a dynamic neuron Uy

The functions of the various structures are described next and summarized in Table 11.3.
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11.9  Architecture of the modular neural network for edge characterization.

TABLE 11.3  Functions of Different Structures in the Modular Neural

Network
Structure Function
Input transformation Summarize information in N x N edge blocks
Subnetworks V. Characterize average gray level value of edge blocks
Neurons Uy Represent different edge types under each average gray value
Dynamic neuron Uy Incremental parameter adaptation in edge tracing

11.3.1.1 Input Transformation

The query image is first partitioned into N x N windows and the associated gray-level values

. . 2
in the window are represented as a vector g = [g; ... gy2]7 € RY". The mean of the components
is then defined as

X
§=m2gi- (11.11)

i=1
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From this initial representation, we further summarize the gray-level information in terms of a two-
dimensional vector h = [h; h»]7 € R?, which characterizes the two dominant gray-level values
within the window, and the mean of the components 4. The components of this vector are defined
as follows:

N2 —
N" (g ‘
P Z,Tvlz (& <2)&i (1L12)
E:i:1 I(gi <)

2 —
S I8 = D)8

hy = 2 (11.13)
Y18 =%

_ hy +h

7o 1; 2 (11.14)

where the function / (-) equals 1 if the argument is true and equals O otherwise.

11.3.1.2 Functions of Subnetworks

We associate each subnetwork V,., r = 1, ..., R with a prototype background gray-level value
pr and assign all those windows with their background gray-level values close to p, to the subnet-
work V,, in order that adaptive processing with respect to different illumination levels is allowed.
Specifically, a particular window is assigned to the subnetwork V.« if the following conditions are
satisfied:

NIL. py« € [h, h2]
N2. |h—pel<|h—pr| r=1,...,Rr#r*

where [h1, ho] is the closed interval with A1, &> as its endpoints (to be distinguished from the two-
dimensional vector [/ hz]T). In this way, all members in a single cluster exhibit similar levels of
background gray-level values.

11.3.1.3 Functions of Neurons under Each Subnetwork

Each subnetwork V, contains S neurons U,s,s = 1, ..., S, with each neuron encoding the
different edge prototypes under gray-level value p,. Each neuron is associated with a weight vector
Wrs = [Wrs,1 W S,Z]T € R2, which serves as a prototype for the vector h. A window with associated
vector h is assigned to neuron U, if the following condition is satisfied:

h = Wyegell < [h—Wyrgll s=1,...,8,5 #s*. (11.15)

In this work, we have incorporated two neurons into each subnetwork which, respectively, encode
the prototype for weak edges and strong edges. In other words, we have set S = 2 in the above
equation. Designating one of the weight vectors w,«;, s = 1, 2 as the weak edge prototype wlr* and
the other one as the strong edge prototype w'., they are selected according to the following criteria:

. wlr* = W,xy, Where s' = arg ming (wyxs 2 — Wy*g.1)
u "
* Wi = Wyxgr, Where s” = arg max, (wyxs,2 — Wr#s,1)

The difference of the components in the weak edge prototype vector, (wi*’2 - wi*yl) thus represents
a learned threshold parameter for specifying the lower limit of visibility for edges and is useful for
identifying potential starting points in the image for edge tracing. The structure of the subnetwork
is illustrated in Figure 11.10.
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11.10  Structure of subnetwork.

11.3.1.4 Functions of the Dynamic Neuron

Independent of the neuron clusters V, and U,, we associated a dynamic tracking neuron Uy
with the network. The purpose of this neuron is to accommodate the nonstationary characteristics of
an edge as itis being traced out in the recognition step. Similar to the neurons U,.s in each subnetwork
V., the dynamic neuron is associated with a dynamic weight vector wy = [wy 1 wd,g]T € R? and
a scalar parameter py which is similar in function to the scalar prototype p, of each subnetwork.
The structure of the dynamic tracking neuron is shown in Figure 11.11. The weight vector w; and
illumination level indicator p; of this neuron are dynamically varied during the recognition step
to trace out all those secondary edge points connected to the primary edge points (primary and
secondary edge points are defined in Sections 11.3.3.1 and 11.3.3.2, respectively).

11.3.1.5 Edge Configurations

Apart from acquiring the gray-level difference values associated with user-specified features,
it is also important for the network to learn the specific pixel configurations which are characteristic
of these features. To formally express this requirement, we suppose that a certain vector h is assigned

to neuron U,x¢+ with weight vector w,¢+. We then define the function F : RY ? x RZ — BV,
where B = {0, 1}, which maps the real vector g € RV ? representing the gray-level values of the
current window to a binary vector ¢ = F(g, Wysg+) = [f(g1, Wrrsx) ... f(gn, Wrs)]! € BNZ,
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11.11  Structure of dynamic neuron.

in terms of the component mapping f : R x R> — B as follows:

0 if
f(gi,wr*s*)={ | i

<
>

8i — Wrxs*|1
8i — Wr*s* 1

8i — Wyg* 2
8i — Wyrxgx 2

(11.16)

The binary vector ¢ assumes a special form for valid edge configurations. Some of the possible valid
edge configurations are shown in Figure 11.12. During the network training phase, the network

1(0]0 111]1 0({0(0

1100
110(0 0(0(0 1{1]0

11.12  Valid edge configurations.

—
—
—
ok
—
—

applies the mapping to form a collection of the user-specified valid edge configuration patterns in
an edge configuration set C, which forms part of the overall network. During the recognition phase,
apart from ascertaining that the current pixel under consideration satisfies the previous edge strength
requirement, we further require that the edge configuration requirement be satisfied at the same time.

11.3.2 Network Training Stage

The training of the network proceeds in three stages: in the first stage, the background gray-level
prototypes p,,r = 1, ..., R are determined for each subnetwork V,. by competitive learning [19, 30].
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In the second stage, the weight vectors w,; associated with each subnetwork are determined, again
using competitive learning, from the corresponding training pixels assigned to the subnetwork. In the
third stage, the corresponding binary edge configuration pattern ¢ of each training pixel is extracted
as a function of the winning weight vector w,«¢+ and inserted into the edge configuration set C (see
Figure 11.13).

] date W Determine C
Transform > Update P | gt UpdateWy* | oI ;1 insert into
Input inV inU set C

11.13  Stages in network training.

11.3.2.1 Determination of Background Gray-Level Prototypes

Assuming that the current training pixels with associated parameter 7 are assigned to subnet-
work V., we update the value of the corresponding prototype p,+ using the following equation:

pre(t+1) = pro () + (@) (= pre(0)) . (11.17)

The learning stepsize a(¢) is successively decreased according to the following linear schedule [31]:
t

at +1) = a(0) <l_t_> (11.18)
!

where 7 is the total number of iterations and should be large enough to ensure convergence of the
prototype values p,, r = 1,... R. The suitable value of ¢ can be determined by performing a
number of independent training runs using a particular ¢y and observing whether the final values for
pr are similar among the different trials.

11.3.2.2 Determination of Edge Prototypes

In the second stage, assuming that the current training pixel with associated feature vector h is
assigned to neuron U+« of subnetwork V,.«, we update the corresponding weight vector w,¢+ using
the following equation:

Wrrge(t + 1) = Wpgs (1) + (1) (h — Weag (1)) (11.19)

11.3.2.3 Determination of Valid Edge Configurations

In the third stage, we once again assign all the training pixels to their corresponding neurons
within the subnetworks. Assuming that the current training pixel belongs to neuron U+ within
subnetwork V=, we can transform the associated gray-level vector g of the training pixels into a
binary edge configuration vector ¢ according to Equation (11.16):

C = ]:(g, W}’*S*) . (1120)

This user-specified valid edge configuration is then inserted into the edge configuration set C.
11.3.3 Recognition Stage

In the recognition stage, the network is required to locate pixels in a test image which share similar
edge properties with the training pixels as expressed through the acquired feature prototypes. The
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recognition phase proceeds in two stages: in the first stage, we locate all these primary edge pixels
in the test image which share a high degree of similarity with the training pixels. In the second stage,
starting from the primary edge pixels, we recursively locate all the secondary edge pixels connected
to them which satisfy a relaxed conformance criterion. The purpose of this second stage is to allow
the validation of comparatively nonprominent edge points through their connection to primary edge
pixels.

11.3.3.1 Detection of Primary Edge Points

In this first stage, we regard those pixels with associated parameters %, 1, h as primary edge
points if the following requirements are fulfilled:

P1. satisfaction of conditions N1 and N2 in Section 11.3.1.2 for some r*

P2. hp — hy > wi*,z — wi*yl, where wi*,l and wi*’z are the components of the weak edge

prototype wﬁ* associated with subnetwork V.«

P3. ¢ = F(g, wyxgx) € C, where the weight vector w,«¢+ is associated with the selected
neuron U, gx

Condition P1 above specifies that the background gray-level value of the current training pixel should
be reasonably close to one of the prototype levels. Condition P2 ensures that the magnitude of gray-
level variations characterized by the difference hy — h is greater than that specified by the weak
edge prototype of the assigned subnetwork. Condition P3 ensures that the binary edge configuration
of the current training pixel is included in the edge configuration set C.

11.3.3.2 Detection of Secondary Edge Points

At this stage, the dynamic tracking neuron U, is used to trace the secondary edge pixels
connected to the previously detected primary edge pixel. The weight vector wy and gray-level
prototype pg of the tracking neuron are initialized using the associated parameters h” and 1" of the
initial primary edge pixel. Their values are continually updated as the edge is being traced out to
account for the variation of the gray-level values along the edge.

After initialization, the pixels connected to the primary edge pixel are recursively located and
designated as secondary edge pixels. They, in turn, are validated by the following conditions

S1. pg € [h}, A]

S2. ¢f =F(g,wy) e C
where hi, 3, and ¢’ describe the edge configuration of the current secondary pixel. Condition S2
above is similar to condition P3 for primary edge pixel detection. Condition S1 is a modified form of
condition N1 (Section 11.3.1.2) where p, is replaced by pg. There are no conditions corresponding
to P2 for primary edge pixel detection to allow the possibility of weak secondary edge pixels.

For each validated secondary edge pixel, the local illumination level indicator pg is updated using
the mean value 7 = (h{ + h3)/2 of the current pixel:

patt +1) = pa) +a(©) (B = pa()) - (11.21)

In addition, if condition P2 for primary edge pixel detection is satisfied by the current secondary
pixel, which implies that its edge strength is comparable with that of a primary edge pixel, the
dynamic weight vector wy is updated as follows:

wa(t 4+ 1) = wa(t) + a(r) (h° — wa()) (11.22)

where h* is defined as the vector [h] hi]T in the equation.
The conditions for primary and secondary edge detection are summarized in Table 11.4.
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TABLE 11.4 Conditions for Primary and
Secondary Edge Validation
Primary Edge Points Secondary Edge Points
o pyx € [y, hy] opde[hi,hi]
o |h—px|<[h—pr|.r#r* e =F(gwg)eC

e hy —hy > wi*,z—wi*,l

ec= F(g, wr*,s*) eC

11.3.4 Experimental Results

For training, various edge examples from different images are selected, as shown in Figure 11.14. We
first applied the trained network to images in the training set to test its performance in generalizing
the initial sparse tracings to other edge-like features. The detected edges for an image depicting an
eagle are shown in Figure 11.15a. We can see that the network is able to locate all the important
edges in the image.

(c) (d)
11.14  User-supplied edge examples: (a) and (c) original images; (b) and (d) examples of edges selected by users.
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11.15 Edgedetectionresults: (a) neural network detection result; (b) and (c) results using Shen—Castan edge detector:

(b)yay; = 10, a; = 15;(c)a; = 20, ap = 25;(d) a; = 30, ap = 35.

We also compared the performance of the neural network edge detector with that of the Shen—
Castan edge detector [17], a modified form of the Canny edge detector [16] widely used as a com-
parison standard in edge detection research, in Figure 11.15b—d. The associated parameters of the
Shen—Castan edge detector include the hysteresis thresholds a; and a;. A large number of com-
binations of these two threshold values are possible, and each may result in a very different edge
map. Figure 11.15 compares the neural network feature detector result with the Shen—Castan edge
detector under various settings of a; and a;. The lower hysteresis threshold ranges from a; = 10
to a; = 30 in Figure 11.15b—d, with a = aj + 5 in each case. We can observe that the corre-
sponding edge map is sensitive to the choice of a; and ay; lower values of a; and a; will reveal
more details but at the same time cause more false positive detections (Figure 11.15b), while higher
threshold values lead to missed features (Figure 11.15d). With a proper choice of parameters, we
can obtain an adequate representation of the underlying image features, as in Figure 11.15¢ with
a; = 20 and ap = 25. If we compare this edge map with the result of the neural network edge
detector in Figure 11.15a, we can observe that the neural network detection result is comparable to
that obtained under near-optimal settings of the parameters for a conventional edge detector, and,
most importantly, the current approach acquires the appropriate parameter settings directly through
the user-specified features without extensive trial and error.
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‘We further apply the trained network to other images not in the training set as shown in Figure 11.16.
We can observe that the detection results are very satisfactory, considering that the network is trained

Tl Py T Y

() (d)

11.16  Edge detection results for previously unseen images: (a) and (c) original images; (b) and (d) detected edges.

only on the eagle and flower images, thus showing the effectiveness of the current architecture in
characterizing edges.

We also tested the robustness of the current approach by applying the network to noisy images.
In Figure 11.17a, Gaussian noise with standard deviation o, = 10 is added to the eagle image. We
have applied the same neural network as in the previous noiseless case to this image without any
retraining and alteration of architecture. The result is shown in Figure 11.17b. We can observe
that, although some false detections are noticeable, the overall effect is not serious and the result is
reasonably similar to the noiseless case. On the other hand, for the Shen—Castan edge detector, if we
choose the previous optimal threshold of a; = 20 and ay = 25 (Figure 11.17c¢), the effect of noise is
clearly noticeable, and the thresholds have to be readjusted to a; = 25 and a» = 30 to compensate
for its effect (Figure 11.17d).

We also show the results of applying the same network to the noisy version of the other images in
Figure 11.18. We can again notice that the effect of noise contamination is not serious, and we can
still regard the edge maps as valid caricatures of the images.

From the results, we can conclude that the hierarchical network architecture can effectively repre-
sent the essential characteristics of user-specified edge features through a learning process. Another

© 2002 by CRC Press LLC



)
Lo %ﬁ(\;«a\“&ﬁi _

(c) (d)

11.17  Edge detection results for noisy images: (a) noisy eagle image; (b) neural network detection result; (c) and
(d) results using Shen—Castan edge detector: (c) a1 = 20, ap = 25;(d) a1 = 25, a» = 30.

important characteristic of this approach is that, unlike previous attempts of edge detection using
neural network where both positive and negative training examples are required, the current algorithm
requires only a small number of positive training examples in the form of sparse sketches. In other
words, for image retrieval applications using edge features, the user is required to provide sketches
on only a small subset of the images for training. In addition, it was shown that no retraining of the
network and no alteration of architecture are required for applying the network to noisy images. This
is particularly important when the quality of the supplied query image from the user is uncertain,
in which case the current approach will still allow a reasonable characterization of the edges of the
query image for feature matching without additional retraining.

11.4 Conclusion

This chapter has introduced different neural network techniques for the characterization of visual in-
formation in CBIR systems. In particular, we adopt an RBF network for characterizing the behavior
of users in an interactive retrieval session where relevance feedback is applied. Specifically, the net-
work implements an adaptive metric which progressively models the notion of image similarity from
the users’ viewpoints through their continual feedback. Compared with previous image matching
approaches adopting either a fixed Euclidean metric or its weighted form, which provides limited
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11.18 Edge detection results for previously unseen noisy images: (a) and (c) images corrupted with noise; (b) and
(d) detected edges.

adaptivity, the current approach offers an expanded set of adjustable parameters, in the form of the
RBF centers and widths, which allow more accurate modeling of the users’ responses. Experiments
have shown that the current approach outperforms conventional image matching approaches, and
satisfactory results are achieved within a very small number of iterations. In addition, the proposed
technique is general and can be directly integrated into any image database where the indexing
features are arranged in vector form.

We also propose the adoption of a modular neural network for the purpose of characterizing edge
information in the front-end feature extraction module, which is an important preprocessing step
prior to the further extraction of texture and shape information. Unlike previous edge detection
approaches, where numerical threshold values have to be explicitly supplied, the current approach
allows users to directly select the significant edge pixels from the image, which are then used as
network training examples for the extraction of common edge prototypes. From the experimental
results, it is seen that the network is capable of generalizing the information from a few sparse
sketches to detect all the prominent edges in images from both the training and the test set, and no
retraining of the network is required for applying the approach to noisy images, thus providing robust
identification of the user’s preferred features.
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12.1 Introduction

Fueled by the rapid growth in the development of medical imaging technologies and the increasing
availability of computing power, biomedical image processing emerged as one of the most active
research areas of recent years. With their rich information content, biomedical images are opening
entirely new areas of research and are posing new challenges to researchers. Neural networks, among
other approaches, have demonstrated a growing importance in the area and are increasingly used for a
variety of biomedical image processing tasks. These include detection and characterization of disease
patterns, analysis (quantification and segmentation), compression, modeling, motion estimation, and
restoration of images from a variety of imaging modalities such as magnetic resonance (MR), positron
emission tomography (PET), ultrasound, radiography, and mammography images. For a recent
collection of examples of neural network applications to biomedical signal and image processing,
see the papers in references [1] and [9].

This chapter concentrates on two specific application areas that are increasingly important: image
analysis (quantification and segmentation) and computer assisted (aided) diagnosis (CAD) system
design. Both applications demonstrate the unique ways neural structures and learning algorithms
can effectively be used in the biomedical domain.

The image analysis application discussed here demonstrates an example of unsupervised learning
with a finite mixture network that is intimately related to the radial basis function network. We
show that the image context can be modeled by a localized mixture model and that the final image
segmentation can be achieved by a probabilistic constraint relaxation network. We give examples of
the application of the framework in analyses of MR and mammographic images.

The second application, CAD design, demonstrates two specific ways neural networks can be
used for classification (detection) type tasks in biomedical image processing. In the first application,
meaningful features that identify the disease patterns of interest are extracted and input into a neural
classifier. The second CAD system introduced herein relies on a convolutional neural network
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(CNN) to extract features of disease patterns internally and, hence, to learn to distinguish them from
non-disease patterns. We show application of the first CAD to mass detection in mammograms and
the second CAD, based on CNN, is applied to detection of clustered microcalcifications.

12.2 Biomedical Image Analysis

Model-based image analysis aims at capturing the intrinsic character of images with few parameters
and is also instrumental in helping to understand the nature of the imaging process. Key issues in
image analysis include model selection, parameter estimation, imaging physics, and the relationship
of the image to the task (how the image is going to be utilized) [2, 3]. Stochastic model-based
image analysis has been the most popular among the model-based image analysis methods as,
most often, imaging physics can be modeled effectively with a stochastic model. For example, the
suitability of standard finite normal mixture models has been verified for a number of medical imaging
modalities [4]-[7]. This section discusses a complete treatment of stochastic model-based image
analysis that includes model and model order selection, parameter estimation, and final segmentation.
We focus on models that use finite mixtures and show examples in MR and mammographic image
analysis.

In image analysis, we can treat pixel and context modeling separately, assuming that each pixel
can be decomposed into a pixel image and a context image. Pixel image is defined as the observed
gray level associated with the pixel, and finite mixture models have been the most popular pixel
image models. In particular, standard finite normal mixtures (SFNMs) have been widely used in
statistical image analysis, and efficient algorithms are available for calculating the parameters of
the model. Furthermore, by incorporating statistical properties of context images, where context
image is defined as the membership of the pixel associated with different regions, a localized SFNM
formulation can be used to impose local consistency constraints on context images in terms of a
stochastic regularization scheme [8].

The next section describes the finite mixtures model and addresses identification of the model, i.e.,
estimation of the parameters of the model and the model order selection. Section 12.2.2 discusses
approaches to modeling context and address segmentation of the MR image into different tissue
components.

12.2.1 Pixel Modeling

Imagine a digital image of N = N; x N, pixels. Assume that this image contains K regions and
that each pixel is decomposed into a pixel image x and a context image /. By ignoring information
regarding the spatial ordering of pixels, we can treat context images (i.e., pixel labels) as random
variables and describe them using a multinomial distribution with unknown parameters 7. Since this
parameter reflects the distribution of the total number of pixels in each region, 7 can be interpreted
as a prior probability of pixel labels determined by the global context information. Thus, the relevant
(sufficient) statistics are the pixel image statistics for each component mixture and the number of
pixels of each component. The marginal probability measure for any pixel image, i.e., the finite
mixtures distribution, can be obtained by writing the joint probability density of x and / and then
summing the joint density over all possible outcomes of /, i.e., by computing p(x;) = X;p(x;, 1),
resulting in a sum of the following general form:

K
pei) =Y mpi(xi). i=1....N (12.1)
k=1

where x; is the gray level of pixel i. pi(x;)s are conditional region probability density functions
(PDFs) with the weighting factor my, satisfying 7; > 0, and X ,f:lrrk = 1. The generalized Gaussian
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PDF given region k is defined by [10]:

(12.2)

1 [T3/a)]'?
Pr (xi) = of [— 1Bk (i —uo)l*], @ >0, ﬁk=_|: (/a)i|

(1 /) P or [ T(1/a)

where [y is the mean, I'(-) is the gamma function, and B is a parameter related to the variance oy
by

1 [rE/]"?
ﬂk—a—k[r(l/a)] : (12.3)

When o > 1, the distribution tends to a uniform PDF; for « < 1, the PDF becomes sharper;
for « = 2.0, one has the Gaussian (normal) PDF; and for « = 1.0, one has the Laplacian PDF.
Therefore, the generalized Gaussian model is a suitable model to fit the histogram distribution of
those images whose statistical properties are unknown since the kernel shape can be controlled by
selecting different « values. The finite Gaussian mixture model for « = 2 is also commonly referred
to as the standard finite normal mixture model which is the identification we adopt in this chapter.
It can be written as

1 (xi — p)? .
L () = exp|———L* ) i=1,2,....N (12.4)
Pk (Xi /_27T0k P( 20}3

where p; and akz are the mean and variance of the kth normal kernel and K is the number of normal
components.

The whole image can be closely approximated by an independent and identically distributed
random field X. The corresponding joint PDF is

N K
P =[] mepe ) (12.5)
i=1k=1
where X = [x1, x2, ..., xn], and x € X. Based on the joint probability measure of pixel images, the

likelihood function under finite mixture modeling can be expressed as

N
Lr) =]]pr @) (12.6)

i=1

wherer : {K, o, 7, i, ok, k = 1, ..., K} denotes the model parameter set. Note that py(x;) refers
to the joint density defined in Equation (12.1); however, we have added the subscript r to emphasize
that it is a parameterized density.

Maximization of the likelihood yields parameters for the chosen distribution given the observa-
tions, i.e., the pixel images. Once the model is chosen, identification addresses the estimation of local
region parameters (7, Wk, ok, k = 1,..., K) and the structural parameters (K, o). In particular,
the estimation of the order parameter K is referred to as model order selection.

12.2.1.1 Parameter Estimation

With an appropriate system likelihood function, the objective of model identification is to
estimate the model parameters by maximizing the likelihood function. This is equivalent to mini-
mization of relative entropy between the image histogram py (#) and the estimated PDF py(u), where
u is the gray level [11, 12] as relative entropy measures the information theoretic distance between
two distributions and is zero only when the two distributions match.
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There are a number of approaches to perform the maximum likelihood (ML) estimation of finite
mixture distributions [13]. The most popular method is the expectation—maximization (EM) algo-
rithm [14, 15]. EM algorithm first calculates the posterior Bayesian probabilities of the data based
on the observations and obtains the current parameter estimates (E-step). It then updates parameter
estimates using generalized mean ergodic theorems (M -step). The procedure moves back and forth
between these two steps. The successive iterations increase the likelihood of the model parame-
ters being estimated. A neural network interpretation of this procedure is given by Perlovsky and
McManus [16].

We can use relative entropy (the Kullback-Leibler distance) [17] for parameter estimation, i.e., we
can measure the information theoretic distance between the histogram of the pixel images, denoted
by px, and the estimated distribution p,(u) which we define as the global relative entropy (GRE):

Px(u)

12.7
e 12.7)

D (pxllpr) = prwnog

It can be shown that, when relative entropy is used as the distance measure, distance minimization
is equivalent to the ML estimation of the model parameters [11, 12].

For the case of the FGGM model, the EM algorithm can be applied to the joint estimation of the
parameter vector and the structural parameter « as follows [14]:

EM Algorithm
1. For o = amin, - - ., ¥max:

» m = 0, given initialized r©.

e E-step: fori =1,..., N, k=1,..., K, compute the probabilistic membership:
(m)
b1d X
o = T P (12.8)

Yh ™ prxi)
e M-step: fork =1, ..., K, compute the updated parameter estimates:

(m+1) _ NNy _(m)
nm Nz]zm

(m+1) _ (m)
Iy - <m+n YLz (12.9)
2
2(m+1) (m+1)
oy <m+1> Zz 1 Z ( “km )

e When [GRE™ (px||pr) — GRE™D (pyl|pr)| < € is satisfied, go to step 2.
Otherwise, m = m + 1 and go to E-Step.

2. Compute GRE, and go to step 1.
3. Choose the optimal f which corresponds to the minimum GRE.

However, the EM algorithm generally has the reputation of being slow, since it has a first order
convergence in which new information acquired in the expectation step is not used immediately [18].
Recently, a number of online versions of the EM algorithm were proposed for large scale sequential
learning [11, 13, 19, 20]. Such a procedure eliminates the need to store all the incoming observations
and changes the parameters immediately after each data point, allowing for high data rates. Tittering-
ton et al. [13] present a stochastic approximation procedure that is closely related to the probabilistic
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self-organizing mixtures (PSOM) algorithm we introduce below. Other similar formulations for
normal mixture parameter estimation are due to Marroquin and Girosi [19] and Weinstein et al. [20].

For the adaptive estimation of the SFNM model parameters, we can derive an incremental learn-
ing algorithm by simple stochastic gradient descent minimization of D(pxl||pr) [5, 11] given in
Equation (12.7) with p, given by Equation (12.4):

w = u fa (Xz+1 - liz(f)> Zrik (12.10)
2
Ukz(f“) = okz(’) +b(1) [(xt+1 - Ml(f)) - Ukz(t)} Zg)+1>k (12.11)
k = 1,...,K

where a(t) and b(t) are introduced as learning rates, two sequences converging to zero, and ensuring
unbiased estimates after convergence.

Updates for the constrained regularization parameters, r; in the SFNM model, are obtained using
a recursive sample mean calculation based on a generalized mean ergodic theorem [21]:

t 1
7T,§t+1) = t—}—_lnlg) + t—l—_lzgll)k . (1212)
Hence, the updates given by Equations (12.10), (12.11), and (12.12), together with an evaluation of
Equation (12.8) using Equation (12.4), provide the incremental procedure for computing the SEFNM
component parameters. Their practical use requires a strong mixing condition and a decaying
annealing procedure (learning rate decay) [21]-[23]. For details of the derivation, see Wang et al.
[9, 11]. In finite mixture parameter estimation, the algorithm initialization must also be carried out
carefully. Wang et al. [24] introduced an adaptive Lloyd—Max histogram quantization (ALMHQ)
algorithm for threshold selection which is also well suited to initialization in an ML estimation. It
can be used for initializing the network parameters: g, akz, and 7, k, 1,2, ..., K.

12.2.1.2 Model Order Selection

The determination of the region parameter K directly affects the quality of the resulting model
parameter estimation and, in turn, affects the result of segmentation. In a statistical problem formu-
lation such as the one introduced in the previous section, the use of information theoretic criteria for
the problem of model determination arises as a natural choice. Two popular approaches are Akaike’s
information criterion (AIC) [25], and Rissanen’s minimum description length (MDL) [26]. Akaike
proposes the selection of the model that gives the minimum AIC, which is defined by

AIC (K,) = —21og (£ (tm1)) + 2K (12.13)

where F/7 is the maximum likelihood estimate of the model parameter set r, and K, is the number
of free adjustable parameters in the model [4, 25] and is given by 3K — 1 for the SFNM model. The
AIC selects the correct number of the image regions K such that

Ky =arg min AIC (K,) ¢ - (12.14)

Rissanen addresses the problem from a quite different point of view. He reformulates the problem
explicitly as an information coding problem in which the best model fit is measured such that high
probabilities are assigned to the observed data, while at the same time the model itself is not too
complex to be described [26]. The model is selected by minimizing the total description length
defined by

MDL (K,) = —log (£ (Farr)) + 0.5K, log(N) . (12.15)
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Similarly, the correct number of distinctive image regions K¢ can be estimated as

Ko = arg | Km}n MDL(K,) ¢ . (12.16)
sk=KkpMAX

Itis also worth noting that Schwartz arrives at the same formulation by using Bayesian arguments [27].
Wax and Kailath [28] provide a good introduction to model order selection for signal processing.

12.2.2 Context Modeling and Segmentation

Once the pixel model is estimated, the segmentation problem is the assignment of labels to each pixel
in the image. A straightforward solution is to label pixels into different regions by maximizing the
individual likelihood function py (x), i.e., by performing ML classification. Usually, this method may
not achieve a good performance since it does not use local neighborhood information in the decision.
The CBRL algorithm [29] is one approach that can incorporate the local neighborhood information
into the labeling procedure and, thus, improve the segmentation performance. The CBRL algorithm
to perform/refine pixel labeling based on the localized FGGM model can be defined as follows [7].

Let di be the neighborhood of pixel i with an m x m template centered at pixel i. An indicator
function is used to represent the local neighborhood constraints R;;(l;, [;) = I(l;, [}), where [; and
[ are labels of pixels i and j, respectively. Note that pairs of labels are now either compatible or
incompatible. Similar to the procedure described in Hummel and Zucker [29], one can compute the
frequency of neighbors of pixel i which has the same label values & as at pixel i:

> I(k1y) (12.17)

JEOL, j#i

ﬂ;ii) =p; =kllgi) =

where 1y; denotes the labels of the neighbors of pixel i. Since n,fi) is a conditional probability of a

region, the localized FGGM PDF of gray-level x; at pixel i is given by:

p (xillai) = Zn Pr (x) (12.18)

where pi(x;) is given in Equation (12.2). Assuming gray values of the image are conditional
independent, the joint PDF of x, given the context labels 1, is

P = HZn P (xi) (12.19)

i=1k=1

wherel=(; :i=1,...,N).

It is important to note that the CBRL algorithm can obtain a consistent labeling solution based on
the localized FGGM model Equation (12.18). Since 1 represents the labeled image, it is consistent
if S;(l;) = S;j(k),forallk =1,..., K andfori =1, ..., N [29], where

Si(k) = m i (x7) (12.20)

Now we can define

=

AQ) = Z (Z 1(;, k)S,~(k)> (12.21)
k
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as the average measure of local consistency, and

LCi=) 10k Sik). i=1.....N (12.22)
k

represents the local consistency based on 1. The goal is to find a consistent labeling 1 which can
maximize Equation (12.21). In the real application, each local consistency measure LC; can be
maximized independently. Hummel and Zucker have shown that when R;;(l;, ;) = R;;(},1;), if
A(]) attains a local maximum at 1, then 1 is a consistent labeling [29].

Based on the localized FGGM model, [*) can be initialized by the ML classifier,

19 = arg {mkax DK (x,-)}, k=1,... K. (12.23)

Then, the order of pixels is randomly permutated and each label /; is updated to maximize LC;, i.e.,
classify pixel i into kth region if

l; = arg {mkax 7 pe (x,-)} L k=1,...,K (12.24)

where py(x;) is given in Equation (12.2), n,fi) is given in Equation (12.17). By considering Equa-
tions (12.23) and (12.24), we can give a modified CBRL algorithm as follows [7]:

CBRL Algorithm

1. Given1®, m = 0.
2. Update pixel labels:

* Randomly visit each pixel fori = 1,..., N.

e Update its label /; according to:
li(m) = arg {m}flx n,f')(m)pk (Xi)} .
(m+1) (m) .
3. When % < 1%, stop; otherwise, m = m + 1, and repeat step 2.

12.2.3 Application Examples

We present two examples to demonstrate the application of the stochastic model-based image analysis
scheme described in Sections 12.2.1 and 12.2.2. Although tissue quantification and image segmen-
tation may be simultaneously performed [30, 32, 33], a more accurate result can be achieved if the
two objectives are considered separately [11, 34]. Guided by the two information theoretic criteria,
our algorithm proceeds by fitting an SFNM with model order selection to the histogram of pixel
images and then constructing a consistent relaxation labeling of the context images. A summary of
the major steps in implementation is

1. For each value of K, perform an ML tissue quantification by applying the EM algorithm
(Equations (12.8) and (12.9)).

2. Scan the values of K = Kpip, - .., Kmax by using AIC in Equation (12.13) and MDL
Equation (12.15) to determine the suitable number of tissue types K.

3. Select the result of tissue quantification corresponding to the value of K¢ determined in
step 2.
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4. Initialize image segmentation using the ML classification method Equation (12.23).
5. Finalize tissue segmentation by CBRL (implementing Equation (12.24)).

For this study, we use data consisting of three adjacent, T1-weighted MR images parallel to the
AC-PC line. Since the skull, scalp, and fat in the original brain images do not contribute to the
brain tissue, we edited the MR images to exclude nonbrain structures prior to tissue quantification
and segmentation, as explained by Wang and colleagues [8, 9]. This also helps us achieve better
quantification and segmentation of brain tissues by delineation of other tissue types that are not
clinically significant [30, 31, 34]. The extracted brain tissues are shown in Figure 12.1.

12.1 Three sample MR brain tissues.

Evaluation of different image analysis techniques is a particularly difficult task, and the depend-
ability of evaluations by simple mathematical measures such as squared error performance is ques-
tionable. Therefore, most of the time, the quality of the quantified and segmented image usually
depends heavily on the subjective and qualitative judgments. Besides the evaluation performed by
radiologists, we use the GRE value to reflect the quality of tissue quantification.

The brain is generally composed of three principal tissue types, i.e., white matter (WM), gray
matter (GM), cerebrospinal fluid (CSF), and their combinations, called the partial volume effect. We
consider the pair-wise combinations as well as the triple mixture tissue, defined as CSF-white-gray
(CWG). More importantly, since the MRI scans clearly show the distinctive intensities at local brain
areas, the functional areas within a tissue type need to be considered. In particular, the caudate
nucleus and putamen are two important local brain functional areas. In our complete image analysis
framework, we allow the number of tissue types to vary from slice to slice, i.e., we do consider
adaptability to different MR images. We let Kpnin = 2 and Kpax = 9 and calculate AIC(K)
(Equation (12.13)) and MDL(K) (Equation (12.15)) for K = Kpin, - - -, Kmax- The results with
these three criteria all suggest that the three sample brain images chosen contain six, eight, and
six tissue types, respectively. According to the model fitting procedure using information theoretic
criteria, the minima of these criteria indicate the most appropriate number of tissue types, which is
also the number of hidden nodes in the corresponding PSOM (mixture components in SENM).

When performing the computation of the information theoretic criteria, we use PSOM to iteratively
quantify different tissue types for each fixed K. The PSOM algorithm is initialized by the adaptive
Lloyd—Max histogram quantization [24]. For slice 2, the results of final tissue quantification with
Ko = 7,8,9 are shown in Table 12.1 corresponding to Ky = 8, where a GRE value of 0.02-0.04
nats is achieved. These quantified tissue types agree with those of a physician’s qualitative analysis
results [11].

The CBRL tissue segmentation for slice 2 is performed with Ko = 7, 8, 9, and the algorithm is
initialized by ML classification (Equation (12.23)) [13]. CBRL updates are terminated after five to
ten iterations since further iterations produce almost identical results. The segmentation results are
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TABLE 12.1 Result of Parameter Estimation for Slice 2

Tissue Type 1 2 3 4 5 6 7 8

b4 0.0251 0.0373 0.0512 0.071 0.1046 0.1257 0.2098 0.3752
" 38.848 58.718 74.400 88.500  97.864 105.706 116.642 140.294
o2 78.5747  42.282 56.5608 34362  24.1167 23.8848 49.7323 96.7227

shown in Figure 12.2. Itis seen that the boundaries of WM, GM, and CSF are successfully delineated.
To see the benefit of using information theoretic criteria in determining the number of tissue types,
the decomposed tissue type segments are given in Figure 12.3 with Ky = 8. As can be observed in
Figures 12.2 and 12.3, the segmentation with eight tissue types provides a very meaningful result. The
regions with different gray levels are satisfactorily segmented; specifically, the major brain tissues
are clearly identified. If the number of tissue types were underestimated by one, tissue mixtures
located within putamen and caudate areas would be lumped into one component, though the results
are still meaningful. When the number of tissue type is overestimated by one, there is no significant
difference in the quantification result, but white matter has been divided into two components. For
Ko = 8, the segmented regions represent eight types of brain tissues: (a) CSF, (b) CG, (c) CGW,
(d) GW, (e) GM, (f) putamen area, (g) caudate area, and (h) WM, as shown in Figure 12.3. These
segmented tissue types again agree with the results of radiologists’ evaluations [11].

12.2  Results of tissue segmentation for slice 2 with Ky = 7, 8, 9 (from left to right).

Another possible application area for the image analysis framework we introduced is in segmen-
tation and extraction of suspicious mass areas from mammographic images. With an appropriate
statistical description of various discriminate characteristics of both true and false candidates from
the localized areas, an improved mass detection can be achieved in computer aided diagnosis. Pre-
processing is an important step in image analysis for most applications. In this example, one type of
morphological operation is derived to enhance disease patterns of suspected masses by cleaning up
unrelated background clutters, and then image segmentation is performed to localize the suspected
mass areas using a stochastic relaxation labeling scheme [7, 35]. Results are shown in Figure 12.4.

The mammograms for this study were selected from the Mammographic Image Analysis Society
(MIAS) database and the Brook Army Medical Center (BAMC) database created by the Department
of Radiology at Georgetown University Medical Center. The areas of suspicious masses were
identified by an expert radiologist based on visual criteria and biopsy proven results. The BAMC
films were digitized with a laser film digitizer (Lumiscan 150) at a pixel size of 100 um x 100 ym and
4096 gray levels (12 bits). Before the method was applied, the digital mammograms were smoothed
by averaging 4 x 4 pixels into one pixel. According to radiologists, the size of small masses is
3—15 mm in effective diameter. A 3 mm object in an original mammogram occupies 30 pixels in a
digitized image with a 100 um resolution. After reducing the image size by four times, the object
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12.3  Results of tissue type decomposition for slice 2. They represent eight types of brain tissues: CSF, CG, CGW,
GW, GM, putamen area, caudate area, and WM (left to right, top to bottom).

will occupy the range of about 7 to 8 pixels. The object with the size of 7 pixels is expected to be
detectable by any computer algorithm. Therefore, size reduction can be applied for mass detection
and can save computation time.

Consider the use of the FGGM model and the two information criteria, AIC and MDL, to determine
the mixture number K. Tables 12.2 and 12.3 show the AIC and MDL values with different K and o
of the FGGM model based on one sample original mammogram. As can be observed from the tables,
even with different values for «, for all cases, AIC and MDL values are minimum when K = 8. This
indicates that AIC and MDL are relatively insensitive to the change of «. With this observation, we
can decouple the relation between K and « and choose the appropriate value of one while fixing the
value of the other. Figure 12.5a and b shows two examples of AIC and MDL curves with different K
and fixed o = 3.0. Figure 12.5a is based on the original, and Figure 12.5b is based on the enhanced
mammogram. With the original mammogram, both criteria achieve the minimum when K = 8.
Figure 12.5b indicates that K = 4 is the appropriate choice for the number of meaningful regions for
the mammogram enhanced by dual morphological operation, which is reasonable since the numbers
of effective regions are expected to decrease after background correction. The results of parameter
estimation with K = 8 and different values of « are shown in Figure 12.6.

The order of the model is thus fixed at K = 8, and the value of « is changed for estimating
the FGGM model parameters using the EM algorithm given in Section 12.2.2 with the original
mammogram. The GRE value between the histogram and the estimated FGGM distribution is used
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12.4 Examples of mass enhancement: (a) and (c) original mammograms; (b) and (d) enhanced mammograms.

as a measure of the estimation bias, and it is noted that GRE achieves a minimum distance when
the FGGM parameter « = 3.0, as shown in Figure 12.6. A similar result is obtained when the
EM algorithm is applied to the enhanced mammogram with K = 4. This indicates that the FGGM
model might be better than the SFNM model (¢ = 2.0) in modeling mammographic images when
the true statistical properties of mammograms are generally unknown, though the SFNM has been
successfully used in a large number of applications, as shown in our previous example. Hence, the
choice of the best model to describe the data depends on the nature of the data for the given problem.
For details of this experiment, see Li et al. [7].

After determination of all model parameters, every pixel of the image is labeled to one region
(from 1 to K) based on the CBRL algorithm. Then, the brightest region, which corresponds to label
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12.5 AIC and MDL curves as functon of the number of regions K: (a) results based on the original mammogram

(Optimal K = 8); (b) results based on the enhanced mammogram (Optimal K = 4).
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12.6 The comparison of learning curves and histograms of the original mammogram with different o values for
K = 8 (Optimal « = 3.0).

© 2002 by CRC Press LLC



TABLE 12.2 Computed AIC Values for the FGGM Model with

Different o¢
K a=1.0 oa=2.0 a=3.0 a=4.0
2 651250 650570 650600 650630
3 646220 644770 645280 646200
4 645760 644720 645260 646060
5 645760 644700 645120 646040
6 645740 644670 645110 645990
7 645640 644600 645090 645900
8 645550 (min) 644570 (min) 645030 (min) 645850 (min)
9 645580 644590 645080 645880
10 645620 644600 645100 645910

TABLE 12.3 Computed MDL Values for the FGGM Model
with Different @

K a=1.0 a=20 a=3.0 a=4.0
2 651270 650590 650630 650660
3 646260 644810 645360 646350
4 645860 644770 645280 646150
5 645850 644770 645280 646100
6 645790 644750 645150 646090
7 645720 644700 645120 645930
8 645680 (min) 644690 (min) 645100 (min) 645900 (min)
9 645710 644710 645140 645930
10 645790 644750 645180 645960

TABLE 12.4 Comparison of Segmentation Error Resulting

from Noncontextual and Contextual Methods
Method Soft Classification ~ Bayesian Classification CBRL

GRE Value 0.0067 0.4406 0.1578

K, plus a criterion of closed isolated area, is chosen as the candidate region of suspicious masses, as
shown in Figure 12.7. These results are noted to be highly satisfactory when compared to outlines
of the lesions [7]. Also, similar to the previous example, GRE values can be used to assess the
performance of the final segmentation. Table 12.4 shows our evaluation data from three different
segmentation methods when applied to these real images.

12.3 CAD System Design

In order to improve detection and classification in clinical screening and/or diagnosis using radio-
graphic images, many CAD systems have been developed within the last decade. Among others,
the development of CAD systems for breast cancer screening and/or diagnosis has received par-
ticular attention [36]-[47]. This attention might be attributed to the fact that the role of a CAD
system is better defined as complementary to radiologists’ clinical duties, i.e., CAD systems can
be used for tasks that the radiologists cannot perform well or find difficult to perform. Because
of generally larger size and complex appearance of masses, especially the existence of spicules in
malignant lesions, as compared to microcalcifications, feature-based approaches are widely adopted
in many CAD systems for breast cancer screening [36]-[39], [41, 44]. Kegelmeyer et al. has reported
initially promising results for detecting spiculated tumors based on local edge characteristics and
Laws texture features [44]. Zwiggelaar et al. developed a statistical model to describe and detect
the abnormal pattern of linear structures of spiculated lesions [36]. Karssemeijer and te Brake [37]
proposed to identify stellate distortions by using the orientation map of line-like structures, while
Petrick et al. showed reduction of false positive detection by combining breast tissue composition
information [39]. Zhang et al. used the Hough spectrum to detect spiculated lesions [41].
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12.7 Segmentation results for suspected masses based on the original mammogram (a) and (c); (b) and (d) results

based on the enhanced mammogram, K =4, & = 3.0.

As is the case in most classification type applications, the first and most critical step in CAD design
is the construction of the database (choice of cases to include preprocessing of data, extraction and
definition of relevant of features, and labeling of data, i.e., identification of classes). The next
step involves design of the classifier, which typically is a problem in a high-dimensional space,
requiring use of complex classifier structures due to the inherent complexity of the problem. For
this reason, modular network structures that aim at partitioning the problem into simpler sets that are
then weighted to form the decisions (e.g., as those discussed in Chapter 5) are particularly attractive
solutions for the task. Section 12.3.1 introduces such a modular network and discusses its application
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to a carefully constructed featured knowledge database of suspicious mass sites for breast cancer
screening/detection.

Another approach in CAD systems is to choose a network structure that can extract relevant
features of disease patterns internally rather than defining explicit features. The second part of this
chapter introduces an example of this approach and shows that convolutional neural networks can
be effectively used for this task and applied to CAD design for breast mammography.

12.3.1 Feature-Based Modular Networks for CAD

In the following sections we describe the two main steps in the design of a feature-based CAD
system: construction of a featured database and the database mapping, i.e., design of the modular
neural network for performing the classification task. Even though our concentration in the discussion
to follow is on CAD for breast cancer, most of the discussion and methodology is applicable to a
variety of CAD design tasks such as electrocardiogram beat classification [42] and detection of
malignant melonoma [43].

12.3.1.1 Feature Extraction

Even though feature extraction has been a key step in most pattern analysis tasks, the procedure
is often carried out intuitively and heuristically. The general guidelines are

1. Discrimination — features of patterns in different classes should have significantly dif-
ferent values.

2. Reliability — features should have similar values for patterns of the same class.
3. Independence — features should not be strongly correlated to each other.
4. Optimality — some redundant features should be deleted. A small number of features is

preferred for reducing the complexity of the classifier. Among a number of approaches for
the task, principal component analysis has, by far, been the most widely used approach.

Many useful image features have been suggested by the image processing and pattern analysis
communities [3, 48, 49]. These features can be divided into three categories, intensity features,
geometric features, and texture features, whose values are calculated from the pixel matrices of the
region of interest (ROI). Though these features are mathematically well defined, they may not be
complete since they cannot capture all relevant aspects of human perception. Thus, we suggest
inclusion of several additional expert-suggested features to reflect the radiologists’ experiences.
The typical features are summarized in Table 12.5, while Figure 12.8 shows the raw image of the
corresponding featured sites.

(a) (b)

12.8  Oneexample of mass segmentation and boundary extraction: (a) mass patch; (b) segmentation; and (c) bound-
ary extraction.
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TABLE 12.5 Summary of Mathematical Features

Feature Subspace Features

Contrast measure of ROI
. Standard derivation inside ROI
. Mean gradient of ROI's boundary

A. Intensity Features

W N —

Area measure

. Circularity measure

. Deviation of the normalized radial length
. Boundary roughness

B. Geometric Features

AW =

C. Texture Features Energy measure

. Correlation of co-occurrence matrix
Inertia of co-occurrence matrix
Entropy of co-occurrence matrix

. Inverse difference moment

Sum average

. Sum entropy

. Difference entropy

. Fractal dimension of ROI surface

e e N O N

The joint histogram of the feature point distribution extracted from true and false mass regions is
studied, and the features that can better separate the true and false mass regions are selected for further
study. Our experience has suggested that three features, the site area, two measures of compactness
(circularity), and difference entropy, led to better discrimination and reliability. They are defined as:
1. Compactness 1:

Ay
c ==
A

where A is the area of the actual suspected region and A is the area of the overlapping region of
A and the effective circle A., defined as the circle whose area is equal to A and is centered at the
corresponding centroid of A.

2. Compactness 2:

(12.25)

P
where P is the boundary perimeter and A is the area of region.
3. Difference Entropy:
L-1
DHgg =~ pry(k)log pry(k) (12.27)
k=0
where
L—1L—1
Peoy®) =D papl. ). li—jl=k. (12.28)
i=0 j=0

Several important observations are worth reiteration:

* The knowledge database that will be used by the CAD system is constructed from the
cases selected by both lesion localization and human expert experience. This joint set
provides more complete information and, during the interactive decision making, allows
the CAD system to provide input when the cases are missed by the localization procedure
but presented to the system by the radiologists.

* The knowledge database is defined quantitatively in a high-dimensional feature space.
It provides not only the knowledge for training the neural network classifier, but also
an objective base for evaluating the quality of feature extraction or a network’s learning
capability and the online visual explanation possibility.
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* The assignment of the cases’ class memberships (e.g., mass and non-mass classes) is
supervised by the radiologists or pathological reports. A complete knowledge database
includes three subsets: raw data of mass-like sites, corresponding feature points, and
class membership labels.

12.3.1.2 Database Mapping

The decision making support by a CAD system addresses the problem of mapping a knowledge
database given a finite set of data examples. The mapping function can therefore be interpreted as a
quantitative representation of the knowledge about the mass lesions contained in the database [50].
Instead of mapping the whole data set using a single complex network, it is more practical to
design a set of simple class subnets with local mixture clusters, each of which represents a specific
region of the knowledge space. Inspired by the principle of divide-and-conquer in applied statistics,
probabilistic modular neural networks (PMNNs) have become increasingly popular in machine
learning research [16, 22, 50, 53, 56, 57]. This section presents PMNN applications to the problem
of mapping from a feature database for mass detection.

Assume that the data points x; in a database come from M classes {w1, ..., @y, ..., 0wy}, and
each class contains K, clusters {61, ..., 6k, ..., 0k, }, where w, is the model parameter vector of
class r, and 6 is the kernel parameter vector of cluster & within class r. Further assume that, in
our training data set (which should be a representative subset of the whole database), each data
point has a one-to-one correspondence to one of the classes, denoted by its class label /., defining
a supervised learning task, but the true memberships of the data to the local clusters are unknown,
defining an unsupervised learning task. The class index r introduced here should not be confused
with the parameter vector r introduced in Section 12.2.1.

For the model of local class distribution, since the true cluster membership for each data point
is unknown, we can treat cluster labels of the data as random variables, denoted by /;x [58]. By
introducing a probability measure of a multinomial distribution with an unknown parameter 7wy to
reflect the distribution of the number of data points in each cluster, the relevant (sufficient) statistics
are the conditional statistics for each cluster and the number of data points in each cluster. The class
conditional probability measure for any data point inside the class r, i.e., the standard finite mixture
distribution (SFMD), can be obtained by writing down the joint probability density of the x; and /;;
and then summing it over all possible outcomes of /i, as a sum of the following general form:

K,
[ wloy) =) g ule) (12.29)

k=1

where 7y = P (6x|w,) with a summation equal to one, and g(u|6) is the kernel function of the local
cluster distribution. Note that the formulations given in Equations (12.4) and (12.29) are intimately
related. The mixture model in Equation (12.4) is for modeling the pixel image distribution over the
whole image and the pixel images are scalar valued quantities, whereas here, in Equation (12.29),
we are assuming a mixture distribution within each class and, hence, we specify the class index in
the formulation and modeling the feature vector distribution; therefore, u will typically be multidi-
mensional.

Also important to note are the following: (1) all data points in a class are identically distributed
from a mixture distribution; (2) the SFMD model uses the probability measure of data memberships
to the clusters in the formulation instead of realizing the true cluster label for each data point; and
(3) since the calculation of the data histogram fx, from a class relies on the same mechanism as in
Equation (12.29), its values can be considered as a sampled version of the true class distribution f*.

For the model of global class distributions, let the prior for each class be given by P (w, ), then the
sufficient statistics for mapping the database, i.e., the conditional finite mixture distribution (CFMD),
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is the pair {P(w,), f (u|w;)}. The posterior probability P(w,|x;) given a particular observation x;
can be obtained by Bayes rule:

P (wy|xi) = Plen feiler) (12.30)

p(xi)

where p(x;) = Erﬁ’i | P(wr) f(xilwy). Hence, (1) in order to classify the data points into classes,
Equation (12.30) is a candidate as a discriminant function; (2) since defining a supervised learning
requires information of /' , the Bayesian prior P (w,) is an intrinsically known parameter and can be
easily estimated by P(w,) = Zf\i \[*./N; and (3) the only uncertainty in the estimation comes from
class likelihood function f (u|w;) that should be the key issue in the follow-on learning process. For
simplicity, in the following context we will omit class index r in our discussion when only single
class distribution model is concerned, and we will use 6 to denote the parameter vector of regional
parameter set {(7x, 6x)}.

Given the SFMD in Equation (12.29), the model, model order (the number of clusters within a class
distribution), and model parameters can be estimated/learned using the same framework introduced

in Sections 12.2.1.1 and 12.2.1.2.

12.3.1.3 Data Classification via Supervised Learning

The objective of data classification is to realize the class membership /;,- for each data point
based on the observation x; and the class statistics {P(w;), f(u|w,)}. It is well known that the
optimal data classifier is the Bayes classifier since it can achieve the minimum rate of classification
error [23]. Measuring the average classification error by the mean squared error E, it is shown that
minimizing E by adjusting the parameters of class statistics is equivalent to directly approximating
the posterior class probabilities when dealing with the two-class problem [23, 51]. In general, for
the multiple class problem, the optimal Bayes classifier assigns input patterns into classes based on
their posterior probability: input x; is classified into class w, if

P (wy|x;) > P (a)j|x,-) (12.31)

for all j # r, a procedure that minimizes the average error.

Note that the ultimate aim is the design of the network as an estimator of the posterior class
probability. Direct estimation of the posterior class probability P (w,|x;) requires use of a global
type approximator, such as the multilayer perceptron network, while the class conditional density
f(xilowy) is usually estimated using local approximators such as radial basis function networks.
Jordan [54] and Ni et al. [55] present a discussion of the major issues involved in the design for
either case. In general, global approximators imply more robust performance at the expense of
slower convergence, while the local approximators are very effective if they provide a good match
to data structure. A good match of the model to the database will also ensure efficiency in the
estimation/learning of parameters. Here, we propose use of local models (finite mixtures, i.e., radial
basis type models) within a modular structure increasing the flexibility of the model as well as the
efficiency in learning the parameters of the overall model. And since the prior class probability
P(w,) is known in supervised learning, the posterior class probability P (w,|x;) is easily obtained
by the Bayes relationship Equation (12.30). Also note that when the ultimate goal of learning is data
classification, the question may be asked: learning class likelihoods or decision boundaries? Since,
in fact, only the decision boundaries are the quantities of interest, the problem can be reformulated
as the learning of class boundaries (much more efficient) rather than class likelihoods (generally
time consuming). Thus, an efficient supervised algorithm to learn the class conditional likelihood
densities, called decision-based learning [56], is adopted here. The decision-based learning algorithm
uses the misclassified data to adjust the density functions f (u|w, ), which are initially obtained using
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the unsupervised learning scheme described previously, so that minimum classification error can be
achieved. The algorithm is summarized as follows.

Define the rth class discriminant function ¢, (x;, w) as P(w;) f (x;i|w;). Assume a set of train-
ing patterns X={x;;i = 1,2,..., M}. The set X is further divided into a positive training set
Xt={x;x; e w,,i =1,2,...,N}and a negative training set X ={x;;x; € w,,i = N+ 1, N +
2, ..., M}. Define an energy function:

M
E = "1(d() (12.32)

i=1
where

T —¢, (x;,w) ifx; e Xt

(i) = { b (xisw) =T ifx; € X (12.33)

where T = maxy ., (¢;(x;, w)). The penalty function / can be either a piecewise linear function

[ ¢d ifd=0
l(d)_{o Ha 20 (12.34)

where ¢ is a positive constant or a sigmoidal function:

1

ldy=—+—+.
@ 1 +exp~9/¢

(12.35)
Notice that the energy function E is always large or equal to zero, and only misclassified training
patterns contribute to the energy function. Therefore, the misclassification is minimized if E is
minimized.

The reinforced and anti-reinforced learning rules are used to update the network:

Reinforced

Learning: wUtD = wl) 4l (d (1)) Ve (x(1), W) (12.36)
Anti-reinforced ’
Learning: wUTD = wl) — " (d(1)) Vo (x(1), W) .

If the misclassified training pattern is from the positive training set, reinforced learning will be
applied. If the training pattern belongs to the negative training set, we anti-reinforce the learning,
i.e., pull the kernels away from the problematic regions.

12.3.1.4 Application Example

This section presents the application of the framework introduced in Sections 12.3.1.1-12.3.1.3
to CAD design for breast cancer. We design the classifier to distinguish true masses from false masses
based on the features extracted from the suspected regions. The objective is to reduce the number
of suspicious regions and to identify the true masses.

We use the same database described in Section 12.2.3 and select 150 mammograms from the 200
study mammograms in our database. Each mammogram selected contains at least one mass case
of varying size and location. The areas of suspicious masses are identified following the proposed
procedure with biopsy proven results. Fifty mammograms with biopsy proven masses are selected
from the 150 mammograms for training. The mammogram set used for testing contained 46 single-
view mammograms which were also selected from the 150 mammograms: 23 normal cases and 23
with biopsy proven masses. The same image size reduction discussed in Section 12.2.3 is employed
here as well.
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After segmentation, the area index feature is first used to eliminate the non-mass regions. In
our study, we set A; = 7 x 7 pixels and A, = 75 x 75 pixels as the thresholds. A corresponds
to the smallest size of masses (3 mm), and an object with an area of 75 x 75 pixels corresponds
to 30 mm in the original mammogram. This indicates that the scheme can detect all masses with
sizes up to 30 mm. Masses larger than 30 mm are rare cases in the clinical setting. When the
segmented region satisfies the condition A; < A < A», the region is considered to be suspicious for
mass. For representative demonstration, we select a three-dimensional feature space consisting of
compactness 1, compactness 2, and difference entropy. These three features have been determined
as having the better separation (discrimination) between the true and false mass classes. It should
be noted that the feature vector can easily extend to higher dimensions. A training feature vector
set is constructed from 50 true mass ROIs and 50 false mass ROlIs, then used to train two modular
probabilistic decision-based neural networks separately. In addition to the decision boundaries rec-
ommended by the computer algorithms, a visual explanation interface has also been integrated with
three-dimensional to two-dimensional hierarchical projections. Figure 12.9a shows the database
map projection with compactness 1 and difference entropy. Figure 12.9b shows the database map
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12.9 Classification results: -o- denotes true mass cases; -*- denotes false mass cases. (a) classification using com-
pactness 1; (b) classification using compactness 2.

projection with compactness 2 and difference entropy. Our experience has suggested that the recog-
nition rate with compactness 1 is more reliable than that with compactness 2. In order to have more
accurate texture information, the computation of the second-order joint probability matrix pg ¢ (i, j)
is based only on the segmented region of the original mammogram. For the shrunk mammograms,
we found that the difference entropy had better discrimination with d = 1. The difference entropy
used in this study was the average of values at & = 0°, 45°,90°, and 135°.

We have conducted a preliminary study to evaluate the performance of the CAD in real case
detection, in which 6 to 15 suspected masses per mammogram were detected and classified as
requiring further clinical evaluation. We found that the proposed classifier can reduce the number of
suspicious masses with a sensitivity of 84% at 1.6 false positive findings per mammogram based on the
testing data set containing 46 mammograms (23 of them have biopsy proven masses). Figure 12.10
shows a representative mass detection result on one mammogram with a stellate mass. After the
enhancement, ten regions with the brightest intensity were segmented. Using the area criterion,
too large and too small regions were eliminated first, and the remaining regions were submitted to
the PMNN for further evaluation. The results indicated that the stellate mass lesion was correctly
detected.
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(a) original mammogram (b) suspected mass segmentation (c) true mass detection

12.10 Onee xampleof mass det e ction using themodular neur al networ Idassifier .

12.3.2 Convolutional Neural Networks for CAD Design

The CAD introduced in the previous section (Section 12.3.1) first extracts a set of features from the
input database and then designs a neural network classifier for the specific detection task using those
features. Another option is to use a neural network to automatically extract relevant features from the
data set before classification. For this task, the network structure has to be carefully chosen for the
given data set and the problem. In what follows, we first describe the convolutional neural networks
that can be used to extract relevant features from an image database by carefully selecting the network
parameters. We then discuss application of a CNN to detection of clustered microcalcifications.

12.3.2.1 General Architecture of the CNN

The CNN is a simplified version of a “neocognitron,” which simulates the network structure
and signal propagation in vertebrate animal vision [59, 60].

To explain the structure of a CNN, consider the simple CNN shown in Figure 12.11. A CNN
typically consists of an input layer, one or more hidden layers (convolution layers), and an output
layer. The input layer of the CNN contains M x M input nodes that represent M x M pixels of
the ROISs to be recognized. Each convolution layer has local connections with the preceding layer
(either the input layer or the previous hidden layer). The nodes in the hidden layer are organized
into different groups and the groups between adjacent layers are locally connected by weighting
coefficients that are arranged in kernels. For example, as shown in Figure 12.11, the input layer
contains M x M nodes and the kernel size is K x K. The hidden layer is organized in n groups. The
number of nodes in each groupis N x N (N = M — K + 1 fora K x K kernel). The total number
of links between the input layer and the hidden layer is n x K2 x N2. Learning is constrained such
that the kernel weights connecting two groups in the adjacent hidden layers (or between the input
and the hidden layers) are shift invariant. As a result, the number of independent links is n x K 2
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12.11 CNN structure.

The output layer is fully connected to the previous hidden layer. If the output layer contains Nz
nodes, the total number of links are Nz x n x N2.

Similar to the multilayer perceptron network, the signals input into the CNN are convolved with
the weight kernels, and the value of the convolution is collected into the corresponding node in the
upper layer. The value is further processed by the node through an activation function and produces
an output signal. The output signal is forward propagated in a similar manner. It is expected that the
CNN first extracts the features in the hidden convolution layers and then classifies these features in
the output stage. The convolution kernels are trained to form a set of feature extractors by supervised
learning. Each convolution kernel is expected to function as an image analyzer and perform a specific
feature-extracting operation on the ROIs. Moreover, the output stage is trained to classify the features
at the output layer.

To illustrate the signal propagation and the training process, we consider a one-hidden-layer CNN
(Figure 12.11) and define the following:

X, j = the input signal, i, j =1,..., M

Yirffj/ = the output signal in the n,th group of the hidden layer, ng = 1,...,n,i’, j' =
1,...,N
Z, = the output signal at oth node of the output layer, 0o = 1, ..., Nz, Nz is the total
number of output nodes

ng

Ve, y— @7, 1) = the weighting kernels connecting the node (i’, j') of the ngth group in
the hidden layer and the node (i — [+ 1, j —m + 1) in the input layer, [, m = 1,..., K

© 2002 by CRC Press LLC



Vl
iy ]/)—>(0) -
the node (i’, j') of the ngth group of the hidden layer,n, =1, ..., n, i’,j'’=1,...,N.

= the weighting factors connecting the oth node of the output layer and

When the sigmoidal function is used as the activation function, the output signals at the hidden
and output layers are given as:

1
Y, = (12.37)
"t 1 +exp{—[Y 1, Z,In(zl(vZfl:(i,jH(i/)j/)Xi—l+1,j—m+1) +ai;l}
1
Z, = (12.38)

1 + exp{— [Zn —12’ 12 l(wl )—)(g) i, /)+b /]}

where a; ; and b/ j: are the bias terms. Note that the weighting kernel connecting the input and the
hidden layer should be shift invariant,i.e.,

ng
Vim:(i, )= G',j") = lm (i+s, j+8)— i+, j'+s) = Uzm

where s is a shifting factor. For each node, (i’, j’) corresponds to only one position (i, j) in the input
ROIssuchthati’ =i — K +1, j/=j— K+ 1.

12.3.2.2 Supervised Training of the CNN

A back-propagation algorithm can be easily derived for training the CNN. We define the cost
function to be minimized as

Nz
= % > 1Zao — Zo) (12.39)

where Z,, is the desired value of a given training pattern at the oth node of the output layer.
The conventional steepest descent delta rule for back-propagation training is applied to update all
weighting factors connecting the adjacent layers.

At the hidden layer, weights can be updated as:

Uy D =0 O+ Y[ Xt o (12.40)

Im

where « is a gain factor and

g =i [1-vis ] o, (12.41)

and

n
03y = D[ Wik iy b - (12.42)

o

At the output layer, the weights are updated as
n
Wik s @& T D = Wil i) + 180X (12.43)
where 7 is a gain factor and
8o =Zo 1 = Zo1[Zao — Zo] . (12.44)

All weights in the CNN are initialized to a small random value, e.g., a random number in the range
—0.5t0 0.5. The training process is terminated when the total cost achieves a certain low tolerance.
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12.3.2.3 Application Example

Computer automated detection of clustered microcalcifications has been an active area of
research. Chan et al. [46, 61] first demonstrated that a difference-image technique can effectively
detect microcalcifications on digitized mammograms. Fam et al. [62] and Davies and Dance [63]
detected clustered microcalcifications using conventional image processing techniques. In their
studies, local thresholding and region growing algorithms were used to segment suspected regions.
The segmented objects were then analyzed using size, shape, and gradient measures to detect true
clusters of microcalcifications. The detection methods used in these early works included Bayesian
classifiers and binary decision trees. Wu et al. [64] used multilayer perceptron networks to detect
microcalcifications based on features extracted from the power spectrum of the suspected regions.
More recently, Lo et al. [65] proposed a CNN combined with a regional clustering criterion to
recognize clustered microcalcifications. This section shows successful application of CNN for CAD
design for clustered microcalcification detection using a partial wavelet reconstruction approach to
enhance the signal pattern in the ROIs [35].

Evaluation of the CNN classifer we introduced in Sections 12.3.2.1 and 12.3.2.2 is conducted using
adatabase of 91 selected mammograms. Each mamogram is digitized into 2048 x 2500 x 12 bits (for
an 8" x 11" area where each image pixel represents a 100 um square). All mammograms are selected
from different patients, and the sizes of all digitized mammograms reduced to 512 x 625 x 12 bits using
4 x 4 pixel averaging and then processed by the methodology explained earlier in this section. Based
on the corresponding biopsy reports, one experienced radiologist evaluates all 91 mammograms and
identifies 75 areas containing masses. (Note that the reports record the malignancy of the biopsy
specimens. The radiologist only uses them as reference for the identification of masses.) Through
the preprocess and the first-step screen based on the circularity test, a total of 125 suspicious areas
are extracted from the 91 digitized mammograms.

We randomly select 54 computer-segmented areas where 30 patches are matched with the radi-
ologist’s identification and 24 are not. This database is used to train two neural network classifiers:
(1) a standard multilayer perceptron (MLP) and (2) a CNN. The structures of both networks are
determined through cross-validation using the receiver operating characteristics (ROCs) method.

In the ROC analysis, the distribution of the positive and negative cases can be represented by
certain probability distributions. When the two distributions overlap on the decision axis, a cut-off
point can be made at an arbitrary decision threshold. The corresponding true-positive fraction (TPF)
vs. false-positive fraction (FPF) for each threshold can be drawn on a plane. By indicating several
points on the plot, curve fitting can be employed to construct an ROC curve. The area under the curve,
which is referred to as Az, can be used as a performance index of the system. In general, the higher
the Az value, the better the performance of the system under study. In addition, two other indices,
sensitivity (TPF) and specificity (1—FPF), are usually used to evaluate the system performance on
the specified point of the ROC curve. In this study, a computer program (LABROC) [66] is employed
for the analysis.

We used the database first to determine the best neural network structure. For the CNN, a signifi-
cantly higher value of Az was obtained when we used a 16 x 16 pixel region for the input and 5 x 5
pixels for the convolution kernel size. In addition, the use of two hidden layers resulted in better
performance than the use of a single hidden layer. A 3 x 3 convolution kernel size was used in the
second hidden layer. In addition, 12 and 8 groups were used in the first and second hidden layers,
respectively. For the MLP, best ROC performance was obtained for a single hidden layer structure
with an input layer equal to the total number of pixels in the image, a hidden layer with 125 nodes,
and a single output for the binary decision.

For testing the performance of the two networks, we used the remaining 71 computer segmented
areas that were not part of the training set. The neural network output values were fed into LABROC,
and the results indicated that the areas Az under the ROC curves were 0.781 for the MLP and 0.844
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for the CNN. The ROC curves of these two neural networks are shown in Figure 12.12a. We also
invited another senior mammographer to conduct an ROC observer study. The mammographer was

TPF TPF

——— Mammographer Az=0.909

02 CNN Az=0.844 —— CNN(JK) Az=0.887
MLP Az=0.781 —— MLP(K) Az=0.799
0(‘ T T T T T 00 ¥ W T T
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(a) (b)

12.12 ROC evaluation results: (a) comparison of ROC curves for the MLP, CNN, and the human observer perfor-
mance; (b) comparison of ROC curves for the MLP and CNN performance for the leave-one-case-out experiment.

asked to rate each patch using a numerical scale ranging from O to 10 regarding its likelihood of
being a mass. These 71 numbers were also fed into the LABROC program. The mammographer’s
performance in Az on this set of test cases was 0.909 and is also shown in Figure 12.12a.

We further conducted a leave-one-out experiment using the same database. In this experiment,
we used those patches extracted from 90 of the mammograms for the training and used the patches
extracted from the one remaining mammogram as test objects. The procedure was repeated 91 times
to allow every suspicious patch from each mammogram to be tested in the experiment. For each
individual suspicious area, the computed features were identical to those used in the previous experi-
ment. Again, both neural network classifiers were independently evaluated with the same procedure.
The results are shown in Figure 12.12b with Az values of 0.799 for the MLP and 0.887 for the CNN
classifier.
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13.1 Introduction

Information processing is becoming increasingly important due to the advances of the computing and
networking technologies. The systems are required to handle complex, uncertain, and sometimes
even contradictory information for a variety of applications. In this chapter, a potential framework
of fuzzy neural networks based on hierarchical structures is proposed to provide the ability for
robust information processing. Unsupervised and supervised strategies are integrated to train the
parameters in the proposed processing framework. Also presented are some promising applica-
tion examples for biometric authentication, medical image processing, video segmentation, object
recognition/detection, and multimedia content-based retrieval.

IThis research was supported in part by Mitsubishi Electric, ITA, and the R.O.C. National Science Council through Grant
NSC 88-2213-E-005-012.
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The parameters in the traditional neural networks usually have no physical meaning, and the initial
values are typically selected at random. That is, each individual parameter cannot be directly related
to the input or output values. Therefore, it is, in general, impossible to explain or pinpoint the
meaning of the network parameters; traditional neural networks can be treated as black boxes whose
parameters are obtained by training from example data sets. In contrast, the parameters in fuzzy logic
systems can be associated with physical meaning. For example, we can assign a set of parameters to
handle the input region with “positive large” values. Consequently, it is easier to design the initial
values from the input—output data pairs and to incorporate a human expert’s knowledge into fuzzy
systems. However, unlike neural networks, the conventional fuzzy systems do not have the ability
to adjust themselves to the changing environments.

From the divide-and-conquer point of view, many researchers have proposed modular neural
networks [22, 24, 25, 49]. This approach solves a large, complicated task by using smaller and
modularized trainable networks (i.e., experts), whose solutions are dynamically integrated into a
single coherent network using the trainable gating network. More precisely, the gating network is
implemented as a softmax activation function [3, 45]. A local expert’s output with a larger (smaller)
gating activation will be allocated a greater (lesser) influence on the overall output. In a very similar
fashion, fuzzy inference systems (FISs) perform task decomposition based on fuzzy membership
functions. The Sugeno-type FIS learning can be viewed as a variation of the modular network (as
illustrated in Figure 13.3) where each local expert is expressed as a rule model. It will be shown in
this chapter that neural and fuzzy systems share a lot of fundamental characteristics when viewed
as modular systems. The fuzzy neural networks (FNNs) are used to denote the modular networks
with learning capability. FNNs can enjoy the advantages of both neural networks (e.g., learning
and optimization capabilities) and fuzzy systems (e.g., human-like If-Then logic rules and ease of
incorporating expert knowledge). Based on the concept of modular systems, the hierarchical structure
is adopted to design fuzzy neural networks. The hierarchical fuzzy neural networks (HFNNs) are
adopted to denote the FNNs designed with this strategy. In this chapter, the building elements of
HFNNs are described first. Then, some design examples of this family are presented. Table 13.1
summarizes the acronyms used in this chapter for quick reference.

TABLE 13.1 Acronyms Used in This Chapter

Acronym Description

DBNN decision-based neural network
EM expectation—maximization

FIS fuzzy inference system

FNN fuzzy neural network

FPF false-positive fraction

HFNN hierarchical fuzzy neural network
LBF linear basis function

MOE mixture of experts

MLP multilayer perceptron

NEFCAR  neuro-fuzzy classifier with adjustable rule importance

NN neural network

OCON one-class-one-net

RBF radial basis function

ROC receiver operating characteristic
ROI regions of interest

TPF true-positive fraction

vQ vector quantization
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Hierarchical fuzzy neural networks (HFNNs) have become a competitive means for many applica-
tions from low-level image processing to high-level pattern recognition. In particular, we highlight
how HFNNs can play a key role in pattern classification applications. We present examples of
texture classification and image/video segmentation with several applications to medical and multi-
media processing. The HFNNs can cope well with a variety of cues such as texture, intensity, edge,
color, and motion. They are also useful for detection and recognition of high-level features. We
shall discuss application examples where HFNNs can successfully facilitate recognition tasks such
as detection of bank notes, recognition of human faces, or identification of breast cancer cells.

The chapter is organized as follows. Section 13.2 describes the basic building modules and the hier-
archical structures of the fuzzy neural networks. The differences between several modular networks
are also discussed. We describe several important HFNN models and their classification applica-
tions, according to the hierarchical structures, in Sections 13.3, 13.4, and 13.5. More specifically,
the unsupervised clustering expectation—-maximization (EM) technique is described in Section 13.3.
It can be used to construct a one-level modular network as well as to determine the initial parameters
for the individual local modules in a hierarchical network. Therefore, it can be considered as the
critical core technology for HFNNs. In Section 13.4, class-level modules and expert-level modules
are incorporated to form two-level hierarchical structures. Two multilevel HFNNs are proposed
based on the order of the modules adopted in the local networks. The decision-based training strat-
egy is adopted to update the parameters in the network. Finally Section 13.5 presents a hierarchical
fuzzy neural classifier (NEFCAR) to show how to improve system performance by integrating neu-
ral learning techniques and the fuzzy linguistic structure with both positive and negative rules. The
class-level hierarchical structure and fuzzy If-Then logic rules are integrated into this classifier.

13.2 Modular Networks and Hierarchical Structures

This section describes the basic building modules and the hierarchical structures of neural networks
and fuzzy systems. The similarities and differences between the models are also described. Hierar-
chical FNNs are constructed based on the commonality of their structural frameworks and functional
units.

13.2.1 Modules and Hierarchical Levels

A neural network (NN) can be defined as an architecture comprising massively parallel adaptive
processing elements interconnected via structured networks. There are many design options for the
cost function, the learning algorithm, the nonlinear function, and the network structure. Ultimately,
the design of the artificial neural networks often depends on the chosen applications. The traditional
neural networks, exemplified by the multilayer perceptron (MLP), have a connectionist structure.
They offer some measure of fault tolerance and distributed representation properties. More impor-
tantly, they possess adaptive learning abilities to estimate sampled functions, represent these samples,
encode structural knowledge, and infer input—output relationships via association. Its main strength
lies in that, given sufficient hidden units, an MLP is a universal approximator; an MLP can approx-
imate any continuous function on a compact subset to any desired accuracy [8]. On the other hand,
as depicted in Figure 13.1, the main weakness of the MLP lies in its totally flat structure. A direct
consequence of such structural simplicity is often a bulky network, with an excessively large number
of hidden units, which, in turn, hampers the convergence of the training process. One effective
solution is to incorporate proper hierarchical structure into the networks. The notions of modular
networks and functional blocks are essential for hierarchical designs. In particular, the following
two types of modules will be relevant to the FINNs for pattern classification:
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Output layer

13.1 Multilayer perceptrons. This figure shows an MLP with one hidden layer. The arcs indicate the weights
connecting the nodes in different layers.

1. Expert-level (rule-level) modules: the effectiveness of designing a modular fuzzy neural
network hinges upon a proper designation of local experts. Each expert serves the function
of (1) extracting local features and (2) making local recommendations. For example, one
hidden node may be devoted to extracting a certain local feature of particular interest to
an expert. The expert level in neural networks is compatible with the rule level in fuzzy
systems. (For example, compare Figures 13.2 and 13.3.) The rules in the gating network
are used to decide how to combine recommendations from several local experts, with
corresponding degrees of confidence.

2. Class-level modules: an important goal of pattern recognition is to determine to which
class an input pattern best belongs. Therefore, it is natural to consider class-level modules
as the basic partitioning units, where each module specializes in distinguishing its own
class from the others. Consequently, the number of hidden nodes (or experts) designated
to a particular class is often very small. The class-level modules are adopted by the
one-class-one-net (OCON) network. In contrast to expert-level partitioning, this OCON
structure facilitates a global (or mutual) supervised training scheme. In global interclass
supervised learning, any dispute over a pattern region by (two or more) competing classes
may be effectively resolved by resorting to the teacher’s guidance. Such a distributed
processing structure is also convenient for network upgrading when there is a need to
add or remove memberships. Finally, such a distributed structure is also appealing to the
design of the RBF networks.

Accordingly, modular networks can be structurally divided into the following categories:

 zero-level (i.e., structurally flat) networks: this is exemplified by the traditional MLP,
which has a “single-network” structure, as shown in Figure 13.1.

* one-level modular structures: by adopting the divide-and-conquer principle, the task is
first divided into modules and then the individual results are integrated into a final and
collective decision. Three typical modular networks are (1) the basic decision-based
neural network (DBNN) based on the class-level modules (see Figure 13.4), (2) basic
mixture of experts (MOE), which utilizes the expert-level modules (see Figure 13.2), and
(3) Sugeno-type fuzzy inference system (see Figure 13.3). See Sections 13.2.2, 13.2.3,
and 13.2.4, respectively. In Section 13.3, the one-level FNN based on the EM technique
is introduced.

* two-level hierarchical structures: to this end, the divide-and-conquer principle needs to
be applied twice: once on the expert-level and again on the class-level. Depending on the
order used, this could result in two kinds of hierarchical networks: one has an experts-
in-class construct, and another has a classes-in-expert construct. These two hierarchical
structures will be elaborated upon in Section 13.4.
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13.2  The baseline MOE architecture. An expert network estimates the pattern’s conditional a posteriori probability.
A baseline MOE comprises two subsystems: local experts and a gating network. The local experts are adaptively trained
to extract certain local features particularly relevant to their own local decisions, while the gating network computes

the global weights to be applied the local decisions.

One critical decision to the design of the HFNN involves the selection of the basis functions.
There are several alternatives for the basis functions of the basic neural units, including:

* The linear basis function (LBF) [54] employs a sigmoid-type threshold function over the
linear vector product of the pattern vector and weight vectors. Such a threshold function
serves as the basic discriminating unit.

* The radial basis function (RBF) [46, 52] employs an RBF (e.g., a Gaussian kernel) to
serve as the activation function. The weighting parameters in the RBF network are the
centers, the widths, and the heights of these kernels.

This chapter primarily adopts the RBF-based Gaussian function due to its popularity as well as
mathematical succinctness. Nevertheless, the same hierarchical structure and the learning mecha-
nism remain largely applicable to other types of basis or membership functions.

13.2.2 Decision-Based Neural Networks

For most pattern recognition applications, the ultimate goal is to correctly assign an input pattern to
the class to which it belongs. Therefore, it is quite natural to consider class-level partitioning as part
of a hierarchical design. To introduce a class-level hierarchy into the FNN network structure, the
baseline decision-based neural network (DBNN) serves as an illuminating design example [33, 38].
As shown in Figure 13.4, a DBNN has a modular OCON network structure: one subnet is designated
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13.3 In a Sugeno-type fuzzy classifier, the vector x is input to the models (local experts) and the gating network.
The gating network is corresponding to the If part of the If-Then rule. The R; node is the rule node which computes
the matching degree of the input x for Rule i. The nodes after the rule nodes normalize the matching degrees from
the rule nodes to produce the weighting factor for the outputs of the local experts. The output y is a function of the
outputs from local experts and the weighting factor from the gating network. The A and V denote the weighting
and the combining operators, respectively. The multiplication and addition are usually adopted to implement these
two operations. That is, the output is a linear combination of the outputs from local experts and the weighting factor
from the gating network. This corresponds to the defuzzification stage. This figure also represents a basic common
framework shared by neural networks and fuzzy inference system. (With permission from S.Y. Kung, J. Taur, and
S.H. Lin, Synergistic modeling and applications of hierarchical fuzzy neural networks, Proceedings of the IEEE, vol. 87,
no. 9, pp. 1550-1574, 1999.)

to represent one object class. For multiclass classification problems, the outputs of the subnets (the
discriminant functions) will compete with each other, and the subnet with the largest output values
will claim the identity of the input pattern.

The learning scheme of the DBNN consists of two decoupled phases: locally unsupervised and
globally supervised learning. The purpose is to simplify a difficult estimation problem by dividing
it into several localized subproblems; thereafter, the fine-tuning process would involve minimal
resources.

13.2.2.1 Locally Unsupervised Learning via VQ or EM Clustering Method

Several approaches can be used to estimate the number of hidden nodes, or an initial clustering
can be determined based on vector quantization (VQ) or EM clustering methods. In the hard-decision
DBNN, the VQ-type clustering (e.g., k-mean) algorithm can be applied to obtain initial locations of
the centroids. For the probabilistic DBNN, the EM algorithm can be applied to achieve maximum
likelihood estimation for each class conditional likelihood density. (Note that once the likelihood
densities are available, the posterior probabilities can be easily obtained.)

13.2.2.2 Globally Supervised Learning Rules

Based on VQ or EM clustering, the decision-based learning rule can be applied to further fine
tune the decision boundaries. In the second phase of the DBNN learning scheme, the objective
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13.4 The baseline configuration of a DBNN. In the DBNN, one subnet is designated to represent one class. The
output scores of the subnets compete with each other, and the highest scoring subnet claims the identity of the input
pattern. The decision-based learning rule is adopted for fine-tuning the decision boundaries between the classes.

of the learning process changes from maximum likelihood estimation to minimum classification
error. Interclass mutual information is used to fine-tune the decision boundaries (i.e., the globally
supervised learning). In this phase, DBNN applies a reinforced—anti-reinforced learning rule [33]
or a discriminative learning rule [30] to adjust network parameters. Only misclassified patterns are
involved in this training phase.
13.2.2.2.1 Reinforced—Anti-Reinforced Learning Rules

Let ¥ (x, ®;) denote the score (discriminant) function of class i. Suppose that the mth train-
ing pattern x is known to belong to class w;, and that the leading challenger is denoted j =
argmax 4 ¥ (x", ®;). The learning rule is

Reinforced learning: ®§m+l) = ®Em) +nVyr (x(’”), 91) , 13.1
Anti-reinforced learning: @;mH) = @;m) —nVy (X(m), ®j) (13.1)
where ©; is the weight vector of class i and 7 is a positive learning rate.

The learning rule is based on a minimal updating principle. The rule tends to avoid or minimize
unnecessary side effects due to overtraining. Given one training pattern, there are two scenarios.
One is that the pattern is already classified correctly by the current network, in which case there will
be no updating attributed to that pattern, and the learning process will proceed with the next training
pattern. The second scenario is that the pattern is classified incorrectly to another winning class.
In that case, parameters of two classes must be updated. The score of the winning class should be
reduced by the anti-reinforced learning rule, while the score of the correct (but not winning) class
should be enhanced by the reinforced learning rule.

In the DBNN, the winning class is the one with highest score function. The DBNN learning rule
adopts a minimal updating principle so that only the two classes immediately involved in the dispute
should be updated. The action towards correcting a mistake is twofold: (1) the reinforced learning
rule will be applied to the correct class so as to enhance its score; (2) the anti-reinforced learning
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rule will be applied to the winning class, which will result in a lower score. After multiple training
sweeps, the boundary (or the pattern) should ultimately be placed on the correct side of the pattern
(or the boundary).

13.2.3 Mixture of Experts

Among the prominent neural models, the network architecture of the mixture of experts (MOE) [25]
has the closest resemblance to fuzzy inference systems. The MOE exhibits an explicit relationship
with statistical pattern classification methods. Given a pattern, each expert network estimates the
pattern’s conditional a posteriori probability on the (adaptively tuned or preassigned) feature space.
Each local expert network performs multi-way classification over K classes by using either K
independent binomial models, each modeling only one class, or one multinomial model for all classes.
Moreover, the corresponding output of the gating network represents the associated confidence on
each expert. The final system output is the weighted sum of the estimated probabilities from all of
the expert networks.

With reference to Figure 13.2, the MOE comprises the following subsystems:

1. local experts: the design of modular neural networks hinges upon the choice of local
experts. Usually, a local expert is adaptively trained to extract a certain local feature that
is particularly relevant to its local decision. Sometimes, a local expert can be assigned
a predetermined feature space. Based on the local feature, a local expert will process a
local recommendation.

2. gating network: the gating network serves the function of computing the proper weights
to be used for the final weighted decision. A probabilistic rule is used to integrate
recommendations from several local experts, taking into account the experts’ confidence
levels.

The training of the local experts as well as the confidence levels in the gating network of the MOE
network is based on the expectation—-maximization (EM) algorithm. The objective is to estimate
the model parameters so as to attain the highest probability of the training set given the estimated
parameters. For a given input X, the posterior probability of generating class y given x using K
experts can be computed as

K
P(ylx, ¢) = Z P (ylx,9;)a;(x) (13.2)

j=1

where y is a binary vector and a; is the probability for weighting the expert outputs. For example,
if we consider two classes for a classification problem, then y is [1 O] or [0 1]. The parameter ¢
isavector [V,0;; V={V;,j=1..., K} is the parameter set for the gating network; ®; is the
parameter set for the jth expert network (j = 1,..., K); and P(y|x, ®;) is the output of the jth
expert network.

The mixture of experts (MOE) model has been applied to many applications. For application to
sunspot time series prediction, a Bayesian framework for inferring the parameters of an MOE model
based on ensemble learning by variational free energy minimization proves to be very effective and
performs significantly better than single networks [65]. MOE has also been shown to yield very good
performance in automated cytology screening applications [23]. For broader application domains,
MOE has also been extended to cope with a multi-expert-level tree structure, known as hierarchical
mixture of experts [27].
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13.2.3.0.2 RBF Neural Networks
In an RBF neural network, each hidden node represents a receptive field with the following
normalized Gaussian activation function:

1
aix) = —d (13.3)
! Zf:l“k
= exp(—|x—mk|2/20k2) (13.4)

where X is the n-dimensional input vector and K is the number of hidden nodes. The parameters
my, and sz denote the mean and variance of the kth Gaussian function. Then, the output y(-) can be
computed as the weighted sum of the activation values

K

Y =) o0ja;j(x) (13.5)

j=1

where 0; is the height of the jth Gaussian kernel.

It is obvious that if the gating network output a; in Equation (13.2) is defined as the a; in
Equation (13.3) and the P(y|x, ©;) is defined to be a constant o}, then the RBF neural network
becomes an MOE system with a radial basis gating function and constant expert output.

13.2.4 Sugeno’s Fuzzy Inference Systems

The fuzzy logic systems, in contrast to connectionist neural networks, offer a structural framework
with high-level fuzzy If-Then rule thinking and reasoning. The basic idea behind a fuzzy inference
system is to incorporate a human’s expert experience into the system design. The input—output
relationship is described by a collection of fuzzy inference rules (e.g., If-Then rules) involving
linguistic variables. Fuzzy systems base their decisions on inputs in the form of linguistic variables
defined by membership functions which are formulas used to determine the fuzzy set to which
a value belongs and the degree of membership in that set. The variables are then matched with
the preconditions of linguistics If-Then rules (fuzzy logic rules) to calculate the firing strengths
of the rules, and the response of each rule is obtained through fuzzy implication. Following the
compositional rule of inference, the response of each rule is weighted according to the rule firing
strength to generate the appropriate output.

For example, in Sugeno’s fuzzy inference system shown in Figure 13.3, the If-Then rules in the
fuzzy rule base can be expressed as

If x is R; Then y is Model; .

The fuzzification and firing strength are calculated in the rule node. The inference engine deduces
its final output from the outputs of the models. For example, such a “defuzzified” output may be
calculated as a weighted sum of individual outputs since each model produces crisp output. The
weighted average is adopted as the inference procedure. Lin and Lee [37] call this procedure fuzzy
reasoning (of the third type).

A multiple-input—single-output (MISO) fuzzy system can take the following fuzzy rules:

Rule I:  Ifx; is S| Andx; is S)And --- Andx, is S} Theny is O!
Rule2: Ifx; is S?Andx; is S;And --- Andx, is S?Theny is O
. (13.6)

Rule K: Ifx; is SK Andx, is SX And --- Andx, is SX Theny is OF
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where Slj and O/ are one of the input and output fuzzy sets, respectively. Computationally, the “If”
part can be implemented as a fuzzy (or soft) weighting factor, while a fuzzy “And” can be replaced
by arithmetic multiplication.

Now assume that the membership functions w;; of the fuzzy sets S/ are Gaussian-like functions

with mean m;; and variance (713:

wij(x)) = exp (— (xl — mlj)2 /20,3) . (13.7)

The output fuzzy set O/ is assumed to be a fuzzy singleton at o ; from the jth model. With
the weighting determined by the If part, the defuzzified output is calculated by taking weighted
contributions from different model outputs. Just like Equation (13.5) in an RBF neural network, the
output y in a centroid defuzzification scheme can be computed as:

K
y = Zojaj(x) (13.8)
j=1
where
a;=—" and =117 139
i = = i = Ty e (xp) (13.9)
Zk:l Mk

13.2.5 Comparison between Modular Networks

This section discusses the similarities and differences of the FIS and MOE networks, which are
based on the expert (rule)-level modules. The relationship of network property and the training
strategy between an MOE network and the baseline DBNN, which is constructed using class-level
modules, is also discussed. Stretching the similarity further, the intersection of fuzzy systems and
neural networks actually defines a large family of learning networks. Therefore, a family of fuzzy
neural networks is proposed based on the proper combination of class and expert level modules
hierarchically.

13.2.5.1 FIS and MOE Networks

It has recently become popular for a fuzzy system to utilize Gaussian membership functions and
a centroid defuzzification scheme. This is due, in part, to its capabilities of approximating any real
continuous function on a compact set to an arbitrary accuracy, provided sufficient fuzzy logic rules are
available [31, 61]. In the neural net literature, it has also been established that neural networks with
the normalized radial basis functions (RBFs) as the hidden nodes are universal approximators [52].
Therefore, neural networks and fuzzy systems are similar in terms of their approximating capability.
Moreover, by comparing Equations (13.3) and (13.5) with Equations (13.9) and (13.8), it is clear that
the aforementioned RBF MOE neural network and fuzzy inference system are essentially equivalent
if the 0;;’s in Equation (13.7) are identical for all j, or the oy ’s in Equation (13.3) are independent for
each input dimension. Having the same mathematical formulation, they naturally share very similar
system architectures. Illuminating evidence is realized by comparing Figure 13.2 and Figure 13.3,
representing the MOE modular neural network and Sugeno’s fuzzy inference system, respectively.

Therefore, the Sugeno-type FIS and the MOE networks are basically equivalent as long as the
gating network of the MOE generates the fuzzy membership values according to the membership
functions and the And operation in the fuzzy If-Then rules. However, there are some subtle differ-
ences between the MOE and the Sugeno-type FIS, as listed in the following:
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* For the FIS, there usually exist shared parameters for the rule nodes due to the partition
of the input space. Thus, the rule nodes can be easily interpreted as linguistic rules. In
contrast, the parameters in the MOE network are usually independent.

* The output for each rule of Sugeno-type FIS is usually a (zeroth-order or first-order)
polynomial function of the input, while the output for the expert in MOE is usually a
nonlinear function.

* If the gating network adopts elliptic basis functions with a general covariance matrix, it
becomes difficult to design an equivalent FIS using the rule in Equation (13.6).

13.2.5.2 MOE and DBNN

The MOE and DBNN models share many similarities. For example, both modular structures are
based on the divide-and-conquer principle, and both employ the EM algorithm in the training phase.
Nevertheless, there are some substantial differences:

* Network properties: each expert network in the MOE estimates the conditional posterior
probabilities for all the pattern classes. The output of a local expert is ready to make
the classification based on its own local information and expert’s perspective. This
characteristic suggests that the interclass communication/decision exists on the local
network level under an MOE model. In contrast, each neuron in a DBNN estimates
the class conditional likelihood density. The interclass communication/decision does
not occur until the final subnet output is formed. This enables the absence of interclass
communication across the (class) modules of the DBNN. (This, in a sense, achieves a
truly distributive processing.)

 Training strategies: the training strategies of these two models are vastly different. During
the MOE training, all the training patterns have the power to update every expert. The
influence from the training patterns on each expert is regulated by the gating network
(which itself is under training) so that, as the training proceeds, the training patterns
will have higher influence on the nearby experts and lower influence on those far away.
In contrast, unlike the MOE, the DBNN makes use of both unsupervised (EM-type)
and supervised (decision-based) learning rules. The DBNN uses only the misclassified
training patterns for its globally supervised learning. Moreover, unlike the MOE, which
updates all the classes, the DBNN updates only the “winner” class and the class to which
the misclassified pattern actually belongs. Its training strategy is to abide by a “minimal
updating principle.”

13.2.5.3 Hierarchical Fuzzy Neural Networks

The FNNs draw inspiration from innovations within both the neural network and fuzzy logic
communities. Such FNNs strive to preserve the structure of the fuzzy systems and, at the same time,
maximally exploit unsupervised and supervised learning rules in neural networks. One should be
able to learn rules in a hybrid fashion and calibrate them for better total-system performance.

The learning process for an FNN involves mapping sample data to the FNN’s network parameters
via both unsupervised learning and supervised learning. Unsupervised learning can be used to
obtain the initial fuzzy rule base from the sample data while supervised learning is effective in fine-
tuning the decision boundaries of the classifier. Both the MOE and DBNN employ the expectation—
maximization (EM) algorithm whose derivation will be discussed in Section 13.3.1.

In terms of the structural design, an effective implementation of FNNs hinges upon a combination
of locally distributed and hierarchical networks. Local and distributed processing is critical to
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the robustness of the FNNs. A hierarchical design, on the other hand, often results in a more
efficient network structure. Proper incorporation of expert-level modules and class-level modules
into a hierarchical FNN can prove advantageous in computation and performance. A hierarchical
FNN comprises a variety of fuzzy processing modules, for which EM serves as a basic tool. In
addition, the decision-based learning rule proves to be effective in implementing a global (i.e.,
interclass) supervised training scheme. Recently, there have been many important applications
involving fusion of information from completely different sources. The hierarchical FNN structure
can be easily extended to cope with multi-channel information processing. Hierarchical fuzzy neural
networks with an embedded fusion agent offer an effective approach to channel fusion. The class-
level hierarchy of DBNN and the rule-level hierarchy in the FIS may be properly combined to yield
fuzzy neural networks useful for specific applications. The structural designs and the associated
learning algorithms will be elaborated in the following sections.

13.3 One-Level Modular Structure

For the one-level modular structure, the EM algorithm can be adopted to estimate the probability
density and then a Bayesian classification approach can be adopted. For HFNNs, the EM algorithm
is a convenient tool to achieve maximum likelihood estimation for each class conditional likelihood
density.

13.3.1 Expectation-Maximization (EM) Fuzzy Classifier

Unsupervised learning or clustering rules can be perceived as a result of natural evolution from
the traditional statistical clustering and parameter estimation techniques. These often serve as a
promising preprocessing step of a pattern recognition system to enhance the performance. Unsu-
pervised learning algorithms may be applied to determine the initial weights for individual local
experts. The initial clusters can be trained by vector quantization (VQ) or k-mean clustering tech-
niques [13]. k-mean and VQ are often used interchangeably: they classify input patterns based on
the nearest-neighbor rule. k-mean [13] can be treated as a special method for implementing vector
quantization (VQ) [20]. The task is to cluster a given data set X = {x;|i = 1, ..., N} into K groups,
each represented by its centroid denoted by X = {x;. |j = 1,..., K}. The nearest-neighbor rule
assigns a pattern X to the class associated with its nearest centroid, e.g., X;. k-mean and VQ have
simple learning rules and the classification scheme is straightforward. Mathematically, it aims at
minimizing the following cost function:

E(h;X) =Y hj(x)lxi — x| (13.10)
ij

where h;(x;) = 1 for the members only, otherwise 4 (x;) = 0. (For example, & ;(x;) = 1 could
indicate that Xx; is closest to x} among all K centroids in X.) The k-mean algorithm [43] provides a
simple mechanism for minimizing the sum of squared error with K clusters.

The iterations in the VQ clustering adopt a “hard-decision” rule, i.e., & ; (x;) is either one or zero.
In this sense, VQ is only a special case of a more general clustering algorithm, i.e., expectation—
maximization (EM). The EM algorithm is a well established iterative method for maximum likelihood
estimation (MLE) [11] and for clustering mixtures of Gaussian distributions. It serves as a useful
tool for estimating distribution parameters and thus results in data clustering. Most importantly, EM
introduces a notion of “entropy” (or uncertainty) to induce a fuzzy classification, making it very
amenable to the notions of fuzzy If-Then rule and fuzzy membership in fuzzy neural models.
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13.3.1.1 EM for Fuzzy Neural Networks

The EM algorithm can be perceived as a “soft” version of VQ, thus offering an efficient fuzzy
clustering tool for the unsupervised learning phase in training FNNs. In addition, the EM algorithm
offers several attractive attributes:

* EM naturally accommodates model-based clustering formulation with one model corre-
sponding to one rule used in the FNN (see Figure 13.3).

* The EM allows the final decision to incorporate prior information. This could be instru-
mental to multiple-expert or multiple-channel information fusion.

The most common clustering is via either a radial basis function (RBF) or a more general elliptic
basis function. In the latter case, the component density p(x;|©;) is a Gaussian distribution, with
the model parameter of the jth cluster ®; = {u;,X;,7;} consisting of the mean vector, the full-rank
covariance matrix, and the prior probability.

13.3.1.1.1 EM Algorithm

The problem is to find an optimal estimation of a mixture of Gaussian likelihood functions [ |; p(x;)
withrespectto @ = {®;, j = 1,..., K}, givenasetof data X = {x;|i = 1, ..., N} as independent
identically distributed samples:

K
pxi) =Y mp(xil0;) Yoai=1 (13.11)

j=1 j=I

where © ; represents the jth cluster, and 7; denotes its prior probability.
The optimal estimation is obtained by minimizing an energy function E defined from the negative
logarithm of p(x;):

Z;{:l ip(xi|©;)
p(X;)

Zlogp(x,) = - Z

i=1

log p(x;) . (13.12)

Define h (x;) = M
Equatlon (13.12) becomes

N K
E = =) Y hjx)logp(x;)

i=1 j=1

N K
= D> > hj(xi)(—logp (x;) +log[7;p (xi|®,)] — log [7; p (x:©;)])

i=1j=1

N K
= 2D hj ) (logh; (xi) —log[mp (xi10;)])
i=1 j=1
= Y hj(x)loghj(x)— Y hj(x)logm;— Y hj(x;)logp(xi|®;) . (13.13)
ij ij ij
Note that, 4 j(x;) equals the probability of x; belonging to jth cluster given a prior model (4 (x;) =
Pr(x; € ®j|x;, ©)). It can be considered as a “fuzzy” membership function.

The EM problem can be expressed as one which minimizes E with respect to both (1) the model
parameters ® = {®;, Vj} and (2) the membership function {/;(x;), Vi, j}. The interplay of these
two variables can hopefully induce a bootstrapping effect facilitating the convergence process. This
is further elaborated below:
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* In the E step, while fixing the model parameter ©® = {®;, Vj}, we find the best cluster
probability /4 ; to optimize E (with constraint X /K:1h j(xi) = 1)

hj (x;) o 7wje S 2)/or (13.14)

* In the M step, we search for the best model parameter ® = {©;, Vj} which optimizes
E, while fixing the cluster probability £ ; (x;), Vi.

The EM algorithm discussed above is directly applicable to the hierarchical FNNs as discussed in
the subsequent section. Note that, in a particular iteration, the parameters to minimize the weighted-
squared-error s;(X;, i, X ;) can be obtained analytically, which is the special advantage of using
RBF-type likelihood functions. On the other hand, if a linear model (e.g., LBF) is chosen to param-
eterize the likelihood and/or the gating functions, we need an iterative method to achieve the optimal
solutions in the iteration. In other words, the EM algorithm becomes a double-loop optimization.
For example, Jordan and Jacobs [28] applied a Fisher scoring method called iteratively reweighted
least squares (IRLS) to train the LBF MOE network.

13.3.1.1.2 EM vs. k-mean
By rearranging Equation (13.13), we obtain the following energy function [21, 67]:

E = Zhj (X,‘)Sj (X,’,,le, Ej) —orT Zhj (xi)lognj +O'TZhj (x,-)loghj (Xl‘) . (13.15)
ij ij )

There are three terms in the energy function E:

* The first term is the external energy, where s;(X;, it j, X ;) denotes a weighted squared
error:

- T
s (%o 10 ) = (% — ) 257 (% — 1)
* The second term represents the internal energy. For each sample x;, the internal energy
term grasps the influence (prior probability) of its neighboring clusters.

* The third term can be interpreted as the (negative) entropy term, which helps induce the
membership’s fuzziness.

By examining Equation (13.14), we can see that k-mean clustering is a special case of the EM
scheme. When X; is an identity matrix and o7 approaches 0, Equation (13.15) would be reduced
into Equation (13.10), which leads to a hard-decision clustering (i.e., with cluster probabilities
hj(x;) equal to either 1 or 0). This demonstrates that o7 plays the same role as the temperature
parameter in the simulated annealing method. Note that the probability density function has the
form p(x;|®;) o e &i,1tj-2))/0T 5o the higher the temperature, the greater the entropy. It is a
common practice to use some sort of annealing temperature schedule, i.e., starting with a higher o7
and then gradually decreasing o7 to a lower value as iterations progress in order to force a more
certain classification.

13.3.2 Applications of EM Fuzzy Classifiers

13.3.2.1 Motion-Based Video Segmentation

Robust scene segmentation is a prerequisite for object-based video processing and high-
performance video compression. Various approaches to this complex task have been proposed,
including classification of motion flow, color/texture segmentation, and dominant-motion extrac-
tion. Lin and colleagues [41, 42], applied the EM method to object-oriented motion segmentation,
which divides a video scene into different motion regions. The procedure is briefly described below.
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Initially, motion clustering is performed upon a selected set of motion feature blocks tracked by
a true motion tracker. The feature blocks are represented by the principal components (PCs) of
their position and velocity. The motion parameters for each of the clustered feature blocks may be
estimated and used as the initial condition for the final segmentation process. The final segmentation
and the corresponding motion parameters are iteratively updated by a model-based EM algorithm.
The model-based EM is based on minimization of the following energy function (where b denotes
the image blocks):

EAh) =Y hjb)s;j(b,Aj) =07 Y _hjb)logm;(b)+ o7 Y hj(b)logh;(b). (13.16)
b,j b,j b.j

The first term represents the external (error) energy function, so that each cluster (e.g., jth cluster)
would be best fit to a given motion (e.g., affine) model denoted by A ;. The second term represents
an internal energy function, which enforces the region smoothness by allowing neighboring blocks
of a target block to exercise proportional influence on the classification of that target block. This
serves the purpose of forcing the classification to take into account the intensity/texture continuity
(i.e., image cues), thus resulting in a smoother segmentation. The third term stands for the entropy
function, which encourages a softer classification.

Figure 13.5 shows an example of video scene segmentation containing two moving books shot
from a moving camera. Figure 13.5a shows the distribution of the feature blocks in the PC-coordinate.
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13.5 Motion-based video segmentation result of sequence with two books with moving camera. (a) Distribution in
terms of the principal-components (PCs) of the feature blocks obtained by a true motion tracker. Vertical axis: PC
of motion (D); horizontal axis: PC of position (W); (b) feature blocks of the left book clustered by EM; and (¢) final
segmentation (of the left book) by a multi-cue model-based EM. (With permission from S.Y. Kung, J. Taur, and S.H.
Lin, Synergistic modeling and applications of hierarchical fuzzy neural networks, Proceedings of the IEEE, vol. 87, no. 9,
pp. 15501574, 1999.)

The unsupervised EM clustering scheme is then adopted to cluster the feature blocks. Figure 13.5b
shows the feature blocks classified into the left book. Figure 13.5c demonstrates that the object
region of the left book as extracted by the EM-based segmentation.

13.3.2.2 Texture Classification via Intraclass EM Clustering

The texture information can be the gray level of a pixel or the texture features of the neigh-
borhood around a pixel. The objective of texture classification is to determine the boundary of a
region where the image has the same textural characteristics. Both the unsupervised and supervised
approaches are useful for the texture classification application. If there is no representative train-
ing image available in the application, then unsupervised techniques are the only options available.
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The EM algorithm described in Section 13.3.1 has been adopted as an effective means for texture
classification, which can be used as a core unsupervised clustering technique. Satisfactory perfor-
mances of the unsupervised EM algorithm for segmenting satellite images and medical images have
been reported [9, 44, 53]. Nevertheless, the supervised technique can usually deliver much better
segmentation results. An example based on intraclass EM clustering will be described here. As a
comparison, another example using interclass supervised learning will be discussed in the subsequent
section.

It is assumed that the probability distributions of texture information of different regions in a
textured image can be represented by statistical models. The EM algorithm can be adopted to
estimate the probability density, and a Bayesian classification approach can be adopted to segment
the images. The neighborhood (spatial) information can be considered in the probability distribution
model or used in a post-processing stage to produce a smooth segmentation. Popat and Picard [50]
applied the EM technique to image segmentation. The training images from a (known) texture class
are used to obtain a representative statistical model. The classification is accomplished by centering a
neighborhood at each pixel location and choosing for that pixel the class whose conditional probability
(given a texture model) is the highest. The preliminary result usually has a “noisy” appearance. One
way to smooth the boundary is to make good use of the spatial homogeneity. More precisely, for a
pixel to be assigned to a specific class, its neighborhoods must also have reasonably high conditional
likelihood (given the same texture model). According to the experimental report [50], the total error
rate is below 5% for segmenting a four-square-region image comprising four Brodatz textures. It was
also observed that the overall error rate could be greatly reduced (to 1%) by first applying low-pass
filtering to perform spatial averaging [9, 44, 53].

13.4 Two-Level Hierarchical Networks

13.4.1 Hierarchical FNNs for Fuzzy Decision

As mentioned in the previous sections, the MOE and DBNN networks adopt the expert-level and
class-level partitioning strategies, respectively. A hierarchical FNN configuration should allow the
incorporation of both the expert-level and class-level modules. As elaborated below, the selection
of the inner blocks vs. the outer blocks will lead to very distinctive hierarchical structures.

13.4.1.1 Experts-in-Class Hierarchical Structures

Figure 13.6 depicts such a structure. The inner blocks comprise expert-level modules, while
the outer blocks are on the class level. A typical example of this type of network is the hierarchical
DBNN [40], which describes the class discriminant function as a mixture of multiple probabilistic
distributions. That is, the discriminant function of the class w, in the hierarchical DBNN is a class
conditional likelihood density p(X;|w,):

K
p(iloe) =Y P (Exloc) p (Xiloc, Ex) (13.17)
k=1

where p(X;|w., Ey) is the discriminant function of subnet ¢ in expert k, and p(X;|w,) is the combined
discriminant function for class w.. The expert confidence P(Ey|w.) can be learned by the EM
algorithm described below. Define oy = P(Ex|w.) and set the initial value of oy = 1/K, Vk =
1,..., K. At the iteration step m,

(m) a;Em)P(Xilwc, Ep) m+) 1 N m)
hy (%) = ) , o :NE h™ (xi) . (13.18)
Zl o p(Xilwe, Ep) i=1
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13.6  Experts-in-class hierarchical design: for the applications where there are several experts or information sources,
experts-in-class hierarchical scheme can be applied for classification. (The gating networks are omitted in the drawing.)
Like the baseline DBNN model, the minimal updating principle can be adopted to train the parameters in the network.
P (E j|wc) serves as the confidence indicator for the jth expertin class c. Itis a trainable parameter, and its value is fixed
during retrieving time. (With permission from S.Y. Kung, J. Taur, and S.H. Lin, Synergistic modeling and applications
of hierarchical fuzzy neural networks, Proceedings of the IEEE, vol. 87, no. 9, pp. 1550-1574, 1999.)

Each expert processes only the local features from its corresponding class. The outputs from different
experts are linearly combined. The weighting parameters, P(E|w.), represent the confidence
of expert Ej producing the correct answer for the object class w.. Once they are trained in the
learning phase, their values remain fixed during the retrieving (or identification) phase. By definition,
Y le P(Ex|wc) = 1, where K is the number of experts in the subnet w,. So it has the property of a
probability function. Note that, in conjunction with the expert-level (or rule-level) hierarchy, each
hidden node within one class subnet may be used to model a certain local expert (or rule) with a
varying degree of confidence, which reflects its ability to interpret a given input vector. The locally
unsupervised and globally supervised scheme described in Section 13.2.2 can be adopted to train the
OCON network, (see Figure 13.4).

13.4.1.2 Classes-in-Expert Hierarchical Structures

Figure 13.7 depicts such a structure. The inner blocks comprise class modules while the outer
blocks are the expert modules. Each expert has its own hierarchical DBNN classifier. The outputs
of the hierarchical DBNNs are transformed to the posterior probabilities by softmax functions. In
this fusion scheme, the expert weighting P (E|x) is a function of input pattern x. Therefore, the
importance of individual experts may vary with different input patterns observed.

This network adopts the posterior probabilities of electing a class given x; (i.e., P(wc|X;, Ex)) —
instead of the likelihood of observing x; given aclass (i.e., p(X;|w., Ex)) — to model the discriminant
function of each cluster. For this version of hierarchical FNN, a new confidence P (Ey|X;) is assigned,
which stands for the confidence on expert kK when the input pattern is x;. Accordingly, the probability
model is modified to become

K
P (@clxi) = Y P (Ex|xi) P (@clxi, Ex) (13.19)
k=1
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13.7  Classes-in-expert hierarchical design: in this scheme, the expert weighting parameters (P (Ex)) are functions
of the input pattern x. The prior probability P (w;|E ;) could either be preassigned or estimated in a similar fashion as
other prior probabilities such as P (O |w;, E ;) (see Equation 13.18). This network can be viewed as a hybrid model
of MOE and DBNNs, where local expert networks serve as local classifiers. When applying such a hierarchical FNN
to channel fusion, each channel module can be regarded as a local expert with predetermined feature space. (With
permission from S.Y. Kung, J. Taur, and S.H. Lin, Synergistic modeling and applications of hierarchical fuzzy neural
networks, Proceedings of the IEEE, vol. 87, no. 9, pp. 1550-1574, 1999.)

where
P (wc|Ex) p (Xilwe, Ex)
P (@clxi, E) = PO PO 2 p i) = Y P (el Ex) p (Xiloc, Ex)
p (Xi|Ey) -
(13.20)
and the confidence P (E%|x;) can be obtained by the following equation:
P (E | E
P (Exlx;) = (Ex) p (Xil Ep) 1321)

> P(E)p(XIE)

Equation (13.20) is one type of softmax function. Its weighting parameter P(w.|E%), just like
P(E|w:) in Equation (13.17), is made to satisfy the property of a probability function (i.e.,
Y. P(w¢|Er) = 1). Consequently, P(w.|Ex) can be recursively estimated by EM iterations in
Equation (13.18). The term P (E}) may be interpreted as the confidence-level on expert k, which
can be learned by the EM iterations, very similar to Equation (13.18). The confidence level P(Ey)
provides the key factor affecting the fusion weight P (E|x;), which is the output of the softmax
gating network. It can also be shown that P(Ey) can be learned by Equation (13.18) with slight
modification. We note that, unlike the experts-in-class approach, the fusion weights need to be
computed for each testing pattern during the retrieving phase.
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13.4.1.2.1 Channel Fusion

The problem of combining the classification power of several classifiers is of great importance
to various applications. In many remote sensing, pattern recognition, and multimedia applications,
it is not uncommon that different channels or sensors are provided to facilitate the recognition of
an object. In addition, for many applications with very high-dimensional feature data, it provides
some computational relief to divide feature vectors into several lower-dimensional vectors before
integrating them for final decision (i.e., divide-and-conquer).

Several categories of fusion layers have been studied by Abidi and Gonzalez [2]. In the present
context, the classes-in-expert hierarchical FNN can be naturally extended to cover the sensor fusion
network. To this end, the definition of experts needs to be properly expanded. Now, the local experts
include not only (1) the adaptive-trained type, but also (2) the predetermined type. For the former, the
feature space (often a certain local region) represented by an expertis adaptively trained in a posteriori
fashion. The model parameters depend very much on the initial condition the local expert is assigned.
As for the predetermined experts, each local expert has a fixed model parameter, as it is designated
to extract certain previously known feature space (e.g., high- or low-frequency components). By
regarding each sensor as a predetermined local expert, the classes-in-expert hierarchical FNN can
be made amenable to sensor fusion applications.

More especifically, the sensor-fusion FNN consists of several classifier channels, each of which
receives input vector from its own sensor. Its structure (although not shown) resembles that of the
classes-in-expert FNN. The fusion of different channels can be implemented as a (properly gated)
linear combination of outputs, with the gating parameters reflecting the confidence measures of the
sensor channels. This scheme can make a good use of the Bayesian estimation formulation and also
facilitate adoption of EM training of the channel confidence parameters.

13.4.2 Applications of Hierarchical FNNs

13.4.2.1 Texture Classification via Global (Interclass) Supervision

In the above section, the EM classifier does not make a full use of the interclass supervised
training, which directly tackles any mutual dispute which might exist between two competing classes.
Substantial improvement can be expected by fully utilizing global interclass supervision. This ideia
prompted Taur and Tao [56] to propose an experts-in-class hierarchical texture classifier, based on the
decision-based (reinforced and anti-reinforced) learning rule. Twelve Brodatz texture images were
tested in the experiments, and the hierarchical classifier achieved an extremely low classification
error rate (as low as 0.2%). Such a superior performance is partially due to the adoption of global
supervision. It is also partially due to the adoption of a novel texture feature, called fuzzy texture
spectrum. The fuzzy texture spectrum, based on the relative differences of the gray levels between
pixels, appears to be fairly insensitive to noise and changing of the background brightness in texture
images.

13.4.2.2 Face Recognition and Content-Based Indexing for Video Browsing

Face recognition is a user-friendly, nonintrusive, and convenient approach to biometric iden-
tification. Many neural networks have been proposed for face recognition [4, 7, 19, 35, 40, 60].
Among various recognition approaches, fuzzy decision-based neural networks have shown very
good success in this field [40]. By combining facial information with other biometric features such
as speech, feature fusion not only enhances accuracy but also provides some fault tolerance, i.e., it
can tolerate a temporary corruption of one of the bimodal channels. Such neural networks have also
been successfully applied to detecting human faces and locating eyes [38, 39].

In many video applications, browsing through a large amount of video material to find the relevant
clips is an extremely important task. The video database indexed by human faces, exemplified by
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Figure 13.8, provides users the facility to efficiently acquire video clips about the person of interest.
For example, a film-study student may conveniently extract the clips of his/her favorite actor from
movie archives to study his/her performance, and a TV news reporter may quickly find, from a news
database, the clips containing images of some politician in order to edit headline news.
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13.8  Probabilistic DBNN face-based video browsing system. Face detector examines all the representative frames to
see if they contain human faces, and, if so, the face detector passes the frame to the face recognizer to identify whose
faceitis. (With permission from S.Y. Kung, J. Taur, and S.H. Lin, Synergistic modeling and applications of hierarchical
fuzzy neural networks, Proceedings of the IEEE, vol. 87, no. 9, pp. 1550-1574, 1999.)

Fuzzy neural processing presents a promising approach to fast access of audio-visual objects,
manipulating them, and presenting them in a highly flexible way. Extracting proper information
content inherent in video clips leads to efficient search schemes for content-based retrieval. A video
indexing and browsing scheme based on human faces was proposed by Lin and colleagues [39,
40]. The scheme adopts the (experts-in-class) hierarchical FNN for face detection and recognition
techniques. The scheme contains three steps. The first step of this face-based video browser is to
segment the video sequence by applying a scene change detection algorithm. Scene change detection
gives indication of when a new shot starts and ends. Each segment (shot) created by scene change
detection can be considered a story unit of this sequence. From every video shot, its representative
frame and feed it into a probabilistic DBNN face detector [40]. Those representative frames to which
the detector gives high face detection confidence scores are annotated and serve as the indices for
browsing.

This scheme can also be helpful for constructing hierarchies of video shots for the purpose of
video browsing. One such algorithm [66], for example, proposes using global color and luminance

© 2002 by CRC Press LLC



information as similarity measures to cluster video shots in an attempt to build video shot hierarchies.
Their similarity metrics enable very fast processing of videos. However, in their demonstration,
some shots featuring the same anchorman fail to be grouped together due to insufficient image
content understanding. For this type of application, we believe that the existence of similar objects,
and human objects in particular, should provide a good similarity measure. As reported in the
literature [5, 6], this scheme successfully classifies these shots to the same group.

13.4.2.3 Currency Recognition

Currency recognition is becoming a mandatory module in many color printers and scanners. It
detects the presence of specific originals such as currencies, bank notes, or securities and prevents such
pictures from being scanned or printed. Though currency recognition is a standard two-dimensional
image recognition task, its major challenge is to recognize a wide variety of currencies with all kinds
of variations under a very limited computation resource, such as the microprocessor in a $99 color
scanner.

Fuzzy neural networks have been successfully applied to anti-forgery and currency discrimination.
A hierarchical experts-in-class DBNN recognizer has been designed to utilize both the local texture
features and the global structural information of the registered currency patterns. It is reported that
currencies from more than 8 countries on a 50 DPI 8.5" x 11" scanned page can be detected within
3 seconds on a 132 MHz processor, with a misrecognition rate of less than 0.1% (i.e., no currency
pattern out of 1000 tests fails to be detected) and the false detection rate is less than 0.001% (i.e., no
noncurrency pattern out of 100,000 tests is falsely detected). Results are shown in Figure 13.9.

13.9 Money patterns detected by a hierarchical DBNN recognizer. The small boxes indicate the locations of the
detected local currency texture features, and the large boxes show the locations of the money patterns. (With permission
from S.Y. Kung, J. Taur, and S.H. Lin, Synergistic modeling and applications of hierarchical fuzzy neural networks,
Proceedings of the IEEE, vol. 87, no. 9, pp. 1550-1574, 1999.)

13.4.2.4 Medical Applications of Experts-in-Class FNNs

13.4.2.4.1 Medical Image Quantification
The problem of image quantification is very different from image segmentation. Compared to
image segmentation, which categorizes each image pixel to one of the many image classes (i.e., hard
classification), image quantification assigns to pixels the probabilistic (fuzzy) memberships from
multiple image classes (i.e., quantitative mapping functions). These memberships carry particular
significance beyond the actual segmentation. One example is the determination of the activity
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involving the transmission of nerve impulses in the selected regions of interest (ROI) in the brain [34].
To assist doctors in analyzing the high activity regions in the positron emission tomography (PET)
image of the brain, Wang et al. [63, 64] assigned the image pixels fuzzy membership values from
different brain tissue classes. The memberships are created by examining the higher-resolution
magnetic resonance (MR) image which is registered to the PET image beforehand.

The fuzzy class memberships are realized by the class conditional likelihood functions in the
experts-in-class network. A model fitting scheme is used to estimate the number and kernel of
local clusters using information theoretic criteria. The class distribution functions are then obtained
by learning generalized Gaussian mixtures where a fuzzy classification of the data is performed.
Further classification of the data is treated as a hard Bayesian detection problem, where the decision
boundaries between the classes are fine-tuned by the decision-based learning scheme. Successful
implementation of this framework has been demonstrated [62, 63].

13.4.2.4.2 Computer Aided Diagnosis

The aforementioned experts-in-class networks can be applied to the computer aided diagnosis
for breast cancer detection. The objective is to detect masses (suspicious cancer regions) in digital
mammography. Some typical mass cluster appearances on mammograms are displayed in Fig-
ure 13.10. In clinic sites, masses are evaluated based on the location, density, size, shape, margins,
and the presence of associated calcifications. Note that the knowledge database involving computer
assisted diagnosis has long been recognized as fairly complex. In fact, the complexity has little to do
with “dimensionality” of the feature space. Therefore, the hierarchical DBNN proves to be a very
effective tool for classification. For more details, see Li et al. [36]. A two-class hierarchical DBNN
is trained to distinguish the “true masses” from the “false masses” based on the features extracted
from the suspected regions:

* A total of 150 mammograms were selected from the mammographic database. Each
mammogram contained at least one mass case of varying size and location. Among them,
50 of the mammograms contained the biopsy proven masses (true masses). Note that one
mammogram consisted of two breast images taken from different viewing directions. In
other words, 300 images were selected.

* The training set was constructed from 50 true mass ROIs and 50 false mass ROIs. Note
that there was more than one mass ROI in one mammogram image.

* The test set contained 46 randomly selected single-view mammograms: 23 normal cases
and 23 containing biopsy proven masses.

 The feature vector contained two features: compactness and difference entropy. Accord-
ing to our investigation, these two features have the better separation (discrimination)
between the true and false mass classes.

Figure 13.10b shows the classification of two classes with our method. In our evaluation study, 6
to 15 suspected masses per mammogram were detected and recommended to physicians for further
evaluation. The receiver operating characteristic (ROC) method is used to evaluate the detection
performance. When the two distributions overlap on the decision axis, a cut-off point can be made
at an arbitrary decision threshold. The corresponding true-positive fraction (TPF) vs. false-positive
fraction (FPF) for each threshold can be drawn on a plane, where sensitivity (TPF) and specificity
(one minus FPF) are used to evaluate the system performance on the specified point of the ROC curve.
The best operating point of the proposed classifier is at a sensitivity of 84%, with a specificity of 82%.
At this point, the classifier reaches the performance of 1.6 false positive findings per mammogram,
which outperforms the conventional rate at 2.0 [62].
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13.10  (a) The typical mass appearances in mammograms; (b) the classification results: “o” denotes true mass cases,
“*” denotes false mass cases. Compactness and difference entropy are the features used for classification. Originally, a
total of 17 features selected by medical experts were studied in our DBNN clustering. The two-dimensional plot shows
the two most representative features which possess the greatest distinguishability. (With permission from S.Y. Kung,
J. Taur, and S.H. Lin, Synergistic modeling and applications of hierarchical fuzzy neural networks, Proceedings of the
IEEE, vol. 87, no. 9, pp. 15501574, 1999.)
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13.4.2.5 Three-Dimensional Object Recognition via Classes-in-Expert FNN

The classes-in-expert hierarchical fusion network has demonstrated classification improve-
ments on three-dimensional vehicle recognition problems [38]. This is illustrated in Figure 13.11.
The experiment used six car models from different view angles to create the training and testing
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13.11 A classes-in-expert system for car recognition. Given an original image, two experts are adopted to classify
various car models using features from different frequency domains. One expert uses the low-frequency information,
and the other uses the high-frequency information. The classification results from the two experts are combined by
the classes-in-expert fusion scheme. (With permission from S.Y. Kung, J. Taur, and S.H. Lin, Synergistic modeling and
applications of hierarchical fuzzy neural networks, Proceedings of the IEEE, vol. 87, no. 9, pp. 1550-1574, 1999.)

database. Around 30 images (each with size 256 x 256 pixels) were taken for each car model from
various viewing directions. There were a total of 172 examples in the data set. Two classifier chan-
nels were built from two different feature extraction methods: one used intensity information, and
the other used edge information. Upon fusion of two channels (with 94 and 85% recognition rate
each), the recognition rate reached 100%. The fusion model was compared with a single network
classifier. The input vectors of these two networks were formed by cascading the intensity vector
with the edge vector. Therefore, the input vector dimension becomes 144 x 2 = 288. The network
is the RBF-type DBNN. The experimental result shows a performance of around 96% recognition
rate, which is far inferior to (the perfect rate of) the fusion network.

13.5 Hybrid Hierarchical Network

The HFNNs draw inspiration from innovations within both the neural network and fuzzy logic
communities. Such HFNNS strive to preserve the structure of the fuzzy systems and, at the same
time, maximally exploit unsupervised and supervised learning rules in neural networks. One should
be able to learn rules in a hybrid fashion and calibrate them for better total-system performance. One
hybrid design example will be elaborated in the following.

13.5.1 Neuro-Fuzzy Classifiers with Adjustable Rule Importance

The class-level hierarchical structure used in the DBNN and the interpretation of fuzzy If-Then logic
rules can be combined to establish the connections between the hidden nodes and the output nodes.
One good example is the neuro-fuzzy classifier called NEFCAR, which is built upon the OCON
structure [57]. Based on the interpretation of fuzzy If-Then rules, the connections between the
hidden nodes and the output nodes in the OCON structure are established. Both positive and negative
rules are utilized, and they are given varying and adjustable rule importances. Simulation studies
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point to the result that the classification rate can be improved by adding the cross connections. This
demonstrates that the system performance may be improved by properly combining neural learning
techniques and the fuzzy linguistic structure.

When the neuro-fuzzy network is designed by using the input—output data pairs (x’, f’) from
experiments, a rule “If x is x’, then f is f’,” can be constructed from each data pair for simplicity.
However, when the number of samples is large, the computational cost will make this simple approach
inadmissible. In this situation, a clustering algorithm can be applied to find the “representative”
centroids of the data and then assign importance factors to the corresponding rules to reflect the
numbers of samples covered by the centroids. From this idea, we propose the neuro-fuzzy classifier
NEFCAR [57, 58].

13.5.1.1 Architecture of NEFCAR

Let us assume that the input pattern, the number of input patterns, the dimension of the input
pattern, the number of class, and the number of rules in class j, are denoted as X, Ny, N, M, and D,
respectively. The fuzzy rules of NEFCAR for an N-dimensional input pattern x = {x1, ..., xy} are
of the form:

Positive Rule:  If x; is w1 and --- and xy is un

. t.hen X isinclass i . (13.22)
Negative Rule: If x; is w1 and --- and xy is uny

then x is not in class k

where ;s are the fuzzy sets with Gaussian-like membership functions. The consequent of the
positive rule, “x is in class i,” is represented as a classifier output variable f; = 1. On the other hand,
the consequent of the negative rules is represented as an output f; = —1. The schematic diagram
of the architecture of the classifier is shown in Figure 13.12. If a rule node is from class j and the
output of class j is under consideration, then this rule is regarded as a positive rule. On the other

Classification Result
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13.12  Block diagram of the M-class neuro-fuzzy classifier.
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hand, if the output of class i (% j) is under consideration, this rule is designed to behave as a negative
rule. Therefore, for a rule node in class j, we effectively have one positive rule and (M — 1) negative
rules as follows:

Positive Rule:  If x; is w; and --- and xy is upy ,
then f; =1.
Negative Rule: 1If xj is @y and --- and xy is un,
then f1 = —
Negative Rule: If x; is u1 and --- and xy is un, (13.23)
then fj—l =—1.
Negative Rule: If x; is p; and --- and xy is un,
then fj1=—1.
Negative Rule: 1If x; is @y and --- and xy is un,
then fyy =—1.

The 1mp0rtance of the dth rule node in class j to the output of class i is represented by a weight-
ing factor y, d The importance factor is interpreted as duplicating the same rule yd times in the
defuzzification procedure for output i. When y;j gets larger, the corresponding rule becomes more
important to output f;*.

Assume that the mean and the variance of the /th (Gaussian-like) membership function of the dth
rule for the jth class are denoted as mél and o c{l’ respectively. Moreover, the height defuzzification
approach [12] is adopted to compute the output of each class, and the multiplication is adopted for
the “and” operation in the rule in Equation (13.23). Then, the output of class i can be computed
using the following formula:

fi=ai/Bi (13.24)
where
D;
a = Z+1)y zh+ Z Z( Dy Z] (13.25)
d=1 j=1,j#i d=1
= Z - > > oviz] (13.26)
d=1 j=1,j#id=1
M D
B = ZZ iz (13.27)
and
. N Y AN)
7 = exp <— %) (13.28)
= ()
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which is the matching degree of the “if”” part of the dth rule node in class j. We can further absorb
the (+1) and (-1) into y}/ and obtain

Zzyj{zj, (13.29)

o =
j=ld=1

Bio= D> iz (13.30)
j=1d=1

Therefore, we can consider (y(ilj )s as weighting parameters in the network shown in Figure 13.12.
From the above equations, it is obvious that

—l1<ff<l,fori=1,....M.

The classification procedure is described as follows. The pattern x is input to each rule node which
computes the matching degree (Zé) of the “if”” part of the rule. Then the output of each class (f;*)
is computed according to the weighting of each rule. The class, ¢, which has the largest output is
identified. That is,

¢ =arg <m_ax fl*) . (13.31)

The pattern is classified into class c if the confidence measure is large enough. Similarly, if we are
dealing with a two-class application, the shaded region and the weights connected to it, which are
shown in Figure 13.12, can be removed. In this situation, the sample is classified into class 1 if
fl* > (0. Otherwise, it is classified into class 2.

13.5.1.2 Training Strategy

The locally unsupervised and globally supervised technique is adopted. That is, for the param-
eters in the network of a given class, we utilize an unsupervised k-mean clustering method to obtain
the initial values using the patterns in the same class. Also training patterns from all classes are
used to update the classifier after the initialization using the gradient descent approach. In decision-
based training, the teacher only indicates to which class the current pattern should belong. There
are no target values for the training patterns. Only the misclassified patterns are used to train the
system through the reinforced and anti-reinforced rules. On the other hand, in the approximation-
based approach, the squared errors between output values and the teacher values for all the training
data are taken into consideration. For training NEFCARs, we adopt a strategy which combines the
approximation-based and decision-based training strategies.

NEFCARs can provide the confidence measure of each classification easily. If the pattern is from
class i, we can define the confidence measure as

D;
Ch =D _YiZi | /ymax (13.32)
d=1

where ymax is defined as

Vimax = Mmax vl (13.33)

The C!, measures the normalized sum of matching degrees of the rule antecedent of the rules from
classi.
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In the training phase, confidence measure can be used to avoid outliers. If C!, is smaller than a
threshold 7 for a training sample, then this sample is ignored in this iteration to avoid the training on
outlier and possible numerical difficulties. Let C,,, denote the average of the confidence measure,
that is,

1 :
cmazN—xZ > a,

i=1 xe Class i

where N, denotes the total number of patterns. The C,,, is calculated for each epoch of training.
When C,,, becomes small in the training process, it indicates that the rules in each class cannot
model the data very well on average. Although the error rate can be small for the training set, the
generalization performance cannot be guaranteed to be small. This situation sometimes results from
overtraining.

In the retrieving phase, if the output i has the largest output value, the test pattern x will be classified
into class i with confidence measure C;,. If C;, is smaller than a certain threshold, the pattern will
be left undecided.

13.5.1.3 Updating Formula

Let the teacher vector for a pattern from class k be denoted as Ty = {t1, t2, ..., fps} and have
the value
ti=—1, i#k
l i (13.34)
ti=+1, i=k.

The goal of training is to minimize the mean squared difference between the output f* and the
teacher value ¢; for the patterns with error that is above a noise tolerance level (1—n;). Since Gaussian-
like functions are adopted as the membership functions, the error back-propagation algorithm can
be easily implemented to calculate the gradients for all the parameters in the neuro-fuzzy classifier.
The gradient from the ith output node can be computed as

gij =0, abs(ej) <1 —ny
de? (13.35)
8ij = gu;» abs(e) = 1—n

: ijo
where w; represents one of the parameters in the set {y; , my;, 0;;}.

Assume that the current training pattern is from class k. Furthermore, let i and j denote the class
indexes of the output node and the rule node, respectively. Then the parameter can be adjusted by
the updating rule:

M
1 .
wiT = wl = e v j. k) (13.36)
i=l1

where p is the iteration index and y is a weighting factor, which will be explained below.

For the architecture in Figure 13.12, we have three types of training gradient information for a
pattern from class k according to which output node is under consideration and to which class the

© 2002 by CRC Press LLC



rule belongs:

1. reinforced learning:
gij. J =k Yy =m

2. anti-reinforced learning:
gij,» i =k, and j #k, y=m (13.37)
gij, 1 #k, j#Fk, andi=j, y=m

3. cross-reinforced learning:
gij» i #Fk, j#k, and i #j, y=mn3

In the first situation, the updating will try to increase the absolute value of the outputs of the rule
nodes and the absolute values of the importance weighting factors for the rules from the same class
as training pattern class k to decrease the error. We call it “reinforced learning.” In the second case,
the updating will try to decrease the absolute value of the outputs of the rule nodes and the absolute
values of the importance weighting factors for the rules from classes other than k. This type of
training is called anti-reinforced learning. In the last case, the training will try to increase the outputs
of the rule nodes and the absolute values of the importance weighting factors and is called “cross-
reinforced learning.” Usually, reinforced learning will increase the confidence measure defined
in Equation (13.32), while anti-reinforced learning and cross-reinforced learning will decrease the
confidence measure.

Although the cross-reinforced learning can also help the network reduce the training error, it may
result in degrading the generalization performance. In Equation (13.37), different types of training
are assigned different weighting y to avoid degrading the generalization capability. Let the weighting
factors for the first, second, and third type be denoted as 11, 2, and n3, respectively. Therefore, in
our design,

N3 =mn=n

and n3 is sometimes set to zero.

13.5.2 Applications of NEFCAR Hierarchical Classifier

Biometric identification techniques can be applied to many practical applications in the area of
automation and information security. Moreover, computer technology has advanced rapidly in recent
years. It will make biometric identification a safe and useful approach [19, 35, 40, 59, 60]. Among
these biometric identification methods, face recognition is a very convenient and effective approach.
Based on NEFCAREs, this section presents an online face detection and recognition system which
consists of four major subsystems: (1) region of interest (ROI) detection, (2) face detection, (3) face
localization, and (4) face recognition. The flow chart of the algorithm is depicted in Figure 13.13.

13.5.2.1 ROI Detection

In order to save the computation time for face detection using the NEFCAR, we would like
to find the regions of interest in which there exists a human face with high confidence. Moreover,
some complex background can be filtered out, which simplifies the design of other subsystems.
The information from motion and the skin color are used to obtain the ROIs. We first identify the
rectangular regions that contain large areas of skin color. Then, motion information is used to further
reduce the number of ROIs.

13.5.2.1.1 Skin Color
To alleviate the influence from the illumination, we project the points in the normalized RGB
space onto the plane determined by the points with coordinates (0,0,1), (0,1,0), and (1,0,0) along the
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13.14 This figure shows that the points in the cube of the normalized RGB space can be projected to the plane
defined by (0,0,1), (0,1,0), and (1,0,0) along the [1 1 1] direction. (With permission from J. Taur and C.W. Tao, A
new neuro-fuzzy classifier with application to online face detection and recognition, Journal of VLSI Signal Processing
Systems, vol. 26, no. 3, 2000.)

[1 1 1] direction (see Figure 13.14). On this plane, we can define a new two-dimensional coordinate
system. On this new coordinate system, a Gaussian mixture defined as

M
px) =Y pu(xlwj) P (w;) (13.38)

j=1

is used to model the distribution of the skin color, where P(w;) is the prior probability of the jth
Gaussian component, and p, (X|w;) is the Gaussian distribution with mean vector u ; and covariance
matrix X; of the jth component. The EM algorithm is adopted to obtain the parameters in the
Gaussian mixture model [10]. If p(x) for a pixel is larger than a threshold, it is considered a pixel
belonging to skin region. Figure 13.15a shows the regions obtained by the skin color information.
13.5.2.1.2 Motion Information

The images are first transformed into gray-scale images. The difference image is calculated from
two consecutive images to find the regions with moving objects. If the difference is larger than a
threshold, the value of the pixel is set to one; otherwise it is set to zero. The result is shown in
Figure 13.15b. For each ROI obtained previously, we can calculate the ratio of the area of pixels
with a value of one to the area of the ROI. If the ratio is too small, the ROI will be considered as a
still object of skin color and will be ignored. This process can remove some still background regions
that are classified as skin regions.
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13.15 Inimage (a), the pixels classified to be skin pixels are shown in white. In image (b), the white pixel indicates
that the difference between the gray levels of two consecutive images is large. The final ROIs are indicated by the boxes
in image (a). (With permission from J. Taur and C.W. Tao, A new neuro-fuzzy classifier with application to online face
detection and recognition, Journal of VLSI Signal Processing Systems, vol. 26, no. 3, 2000.)

13.5.2.2 Face Detection

A two-class NEFCAR is adopted to detect the face. If the face is detected in a connected
region in an ROI, the final position is computed as the weighted position at the original resolution
using the confidence measure at the detected positions. We assume that there exists at most one face
in each ROI. Therefore, if more than one connected region is detected, the region with the largest
sum of the confidence measure is selected.

13.5.2.2.1 Image Database
To save the storage space and the processing time, we first work on the still images, which are
taken using a digital camera. These images can be considered the ROIs obtained from the color and
motion information. In the training and test procedure, images from 75 people with three different
view angles (frontal 45° to the right, 0°, 45° to the left) are used (see Figure 13.16 for typical images).
The sizes of faces vary from about 160 x 115 to 200 x 150 pixels.
13.5.2.2.2 Feature Vector
To alleviate the harmful influences from hair style, ornaments, or facial expressions, we adopt a
normalized T-shape image block, which covers the eyes and nose, as the feature vector (see the right
image in Figure 13.16 and the image in Figure 13.18). The feature area is averaged and down-
sampled by a factor of eight. This process can further reduce the influence from some variations, for
example, eye glasses. Then the mean of the feature vector is removed and the variance is normalized
to one. For the training patterns, we manually select the center positions of the eyes (p; and p2)

© 2002 by CRC Press LLC



13.16  This figure shows a typical detected situation for the database of still images. The left image shows the down-
sampled images and the detected face positions (marked with circles). The right image shows the images at the original
resolution. The feature region (within boxes) and the final detected position (marked with ¢) are shown. (With
permission from S.Y. Kung, J. Taur, and S.H. Lin, Synergistic modeling and applications of hierarchical fuzzy neural
networks, Proceedings of the IEEE, vol. 87, no. 9, pp. 1550-1574, 1999.)

OO OO OO O
— oo e e
OO oo OoOoOoCO

000 OO

[en]la]
OO

OO OO O OO
[ ]
[ ]
[ ]

[ ]

[ ]

[ ]
OO OO OoOoOoCO

oo
(e[

13.17  This figure shows the positions of positive and negative training patterns. “1” and “0” are used to denote the
positions of the positive and negative patterns, respectively. The mask m is indicated as the gray 3 x 3 region.

by using the mouse. The position for a positive sample in the image is then obtained by averaging
the center positions ((p; + p2)/2). That is, a positive sample will be generated from the pixels in
the T-shape image block at (p; + p2)/2. The pixels in the image outside a mask m centered at the
positive sample are considered the positions of negative patterns. The size of the mask m, is 3 x 3
in the down-sampled images (see Figure 13.17). The number of training patterns thus obtained is
more than 60,000. The same feature vector is used for face detection and recognition.
13.5.2.2.3 Results of Face Detection

If the classification rate is computed for the decision at each pixel, the overall error rate will
be extremely low. However, since the goal is to locate the face, it would be more meaningful to
use the final detection error as the performance measure. When evaluating the performance of the
classifier, if the face is detected within the mask m, centered at the desired position, the detection is
considered to be correct. Otherwise, a false detection occurs. If the confidence measure is too low
for the detection, it is left undecided (rejected). The training accuracy (images with 45° to the right
and 0°) is 100% correct. The test accuracy on the third set of images (45° to the left) is 93.33%
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13.18 This figure shows a typical result of the online face detection situation. The T-shape feature region is shown
with boxes. Detected positions are marked with white dots. The eye positions are shown as white dots and the refined
face position is also shown. The system lists top three candidates in decreasing order of confidence values (shown on
the right-hand side). (With permission from J. Taur and C.W. Tao, A new neuro-fuzzy classifier with application to
online face detection and recognition, Journal of VLSI Signal Processing Systems, vol. 26, no. 3, 2000.)

correct, 5.33% undetected, and 1.33% with wrong positions. The typical detected still face is shown
in Figure 13.16.

The trained two-class NEFCAR is applied to the online face detection. A typical result is shown
in Figure 13.18. The accuracy of the face position can be further improved by an eye-localization
procedure, which is explained next.

13.5.2.3 Face Localization and Recognition

After we find the rough position of the face at lower resolution in the face detection subsystem,
we can use two eye-shape masks to find the accurate eye positions at the original resolution. The
center point of the eye positions is used as the face position. The face image is rotated to the upright
position according to the eye positions, and the size is also normalized so that the distance of the
eye positions is 55 pixels. A nonaliasing spatial transform algorithm [16] is used to normalize the
detected image. Then the corresponding face feature can be extracted. As shown in Figure 13.18,
two faces are detected. We assume that the face closest to the center of the camera will be considered
the object to be recognized in an access control application.

A multi-class NEFCAR is trained to classify the located face into one of the people in the database.
In order to tolerate the possible inaccuracy from the eye localization, each training image is rotated
by (-2, 2) degrees, resized by a factor of (0.95, 1.05), and shifted (up, down, left, right) by two pixels.
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Therefore, 45 feature vectors are extracted from each face image. The graphic user interface of the
system and the result of performing the recognition task are shown in Figure 13.18.

13.5.2.4 Experiment Results of the Online System

The database for the training and testing of the online face detection and recognition system
consists of 25 people. When recording the image sequence, the sampling period of images is set
to 0.1 seconds, and ten images are saved for each sequence. For one person, we recorded two
sequences, in which the person was asked to nod his/her head or shake it slightly, respectively. A
total of 500 images were collected. The first, third, and fifth images of each sequence are used to
train a multi-class NEFCAR for face recognition. The face positions in the training images for the
face recognition subsystem are selected using the mouse. The feature vectors are then computed
from the T-shape regions at these positions. The NEFCAR used for face detection is exactly the one
described in Section 13.5.2.2, which is trained using only the database with still images. Note that
the people in the database with still images and the people in the online database are totally different.
For the 500 images, the error rates of face detection, face localization, and face recognition are 1%
(5/500), 0.606% (3/495), and 1.219% (6/492), respectively. (Among the six misclassified images,
four images rank second and one image ranks third.) Therefore, the total error rate for the whole
system is 2.8%. However, if the whole image sequence is considered the unit of recognition (i.e., we
take the majority of classification results in ten images), the error rate becomes 0%. If each image
is processed separately, the system takes 1.667 seconds on average to classify a person, including
0.969 seconds, 0.365 seconds, 0.178 seconds, and 0.155 seconds to find the ROI, detect and locate
the face, normalize the face, and classify the face, respectively.

13.6 Conclusion

This chapter proposed a family of hierarchical fuzzy neural networks which incorporate an adap-
tive and modular design of neural networks into the basic fuzzy logic systems. Several important
models critical to the development of the hierarchical FNN family were studied. In addition, for
robust processing, hierarchical structures involving both expert (rule) modules and class modules are
incorporated into the FNNs. Unsupervised (e.g., EM) learning and interclass supervised learning
(e.g., decision-based learning) are integrated into the hierarchical FNNs. Theoretically, the hierar-
chical FNN family adopts a probabilistic soft-decision training strategy and a hierarchical structure
which reflects (expressive) knowledge of experts. Practically, the proposed FNN family represents
a robust information processing system for classification and data fusion. It can yield performance
advantages and can be useful to a broad spectrum of application domains. As demonstrated in the
chapter, several exemplifying classification applications have been built upon such a hierarchical
model including biometric authentication, medical image processing, video segmentation, object
recognition/detection, and multimedia content-based retrieval.
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