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Abstract. This tutorial article deals with the basics of artificia neural
networks (ANN) and their applications in pattern recognition. ANN can be
viewed as computing modelsinspired by the structure and function of the
biological neural network. These models are expected to deal with
problem solving in a manner different from conventional computing. A
distinction is made between pattern and data to emphasize the need for
developing pattern processing systems to address pattern recognition
tasks. After introducing the basic principles of ANN, some fundamental
networks are examined in detail for their ability to solve simple pattern
recognition tasks. These fundamental networks together with the
principlesof ANN will lead to the development of architecturesfor complex
pattern recognition tasks. A few popular architectures are described to
illustrate the need to develop an architecture specific to a given pattern
recognition problem. Finally several issuesthat still need to be addressed
to solve practical problems using ANN approach are discussed.
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1. Introduction

Human problem solving is basically a pattern processing problem and not a data
processing problem. In any pattern recognition task humans perceive patternsin the
input data and manipulate the pattern directly. In this paper we discuss attempts at
developing computing models based on artificial neural networks (ANN) to deal with
various pattern recognition situationsin real life.

Search for new models of computing is motivated by our quest to solve natural
(intelligent) tasks by exploiting the developments in computer technology (Marcus
& van Dam 1991). The developmentsin artificial intelligence(Al) appeared promising
till a few years ago. But when the Al methods were applied to natural tasks such as
in speech, vision and natural language processing, the inadequacies o the methods
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showed up. Like conventional algorithms, A1 methods also need a clear specification
of the problem, and mapping of the problem into a form suitable for the methods
to be applicable. For example, in order to apply heuristic search methods, one needs
to map the problem as a search problem. Likewise, to solve a problem using a
rule-based approach, it is necessary to explicitly state the rules governing it. Scientists
are hoping that computing modelsinspired by biological neural networks may provide
new directions to solving problems arising in natural tasks. In particular, it is hoped
that neural networks would extract the relevant features from input data and perform
the pattern recognition task by learning from examples, without explicitly stating the
rules for performing the task.

The objective of this tutorial paper is to present an overview of the current
approaches based on artificial neural networks for solving various pattern recognition
tasks. From the overview it will be evident that the current approaches till fall far
short of our expectations, and there is scope for evolving better models inspired by
the principles of operation of our biological neural network. This paper is organized
asfollows: In § 2 we discuss the nature of patterns and pattern recognition tasks that
we encounter in our daily life. We make a distinction between pattern and data, and
also between understanding and recognition. In this section we also briefly discuss
methods available for dealing with pattern recognition tasks, and make a case for
new models of computing based on artificial neural networks. The basics of artificial
neural networks are presented in § 3, including a brief discussion on the operation of
a biologica neural network, models of neuron and the neuronal activation and
synaptic dynamics. Section 4 deals with the subject matter of this paper, namely, the
use df principlesof artificial neural networks to solvesimple pattern recognition tasks.
This section introduces the fundamental neural networks that laid the foundation
for developing new architectures. In §5 we discuss a few architectures for complex
pattern recognition tasks. In the final section we discuss several issues that need to
be addressed to develop artificial neutral network models for solving practica
problems.

2. Patternsand pattern recognition tasks
21 Notion of intelligence

The current usage of the terms like Al systems, intelligent systems, knowledge-based
systems, expert systems etc., are intended to show the urge to build machines that
can demonstrate intelligence similar to human beings in performing some simple
tasks. In these tasks we look at the performance of a machine and compare it with
the performance of a person. We attribute intelligence to the machine if the perfor-
mances match. But the way the tasks are performed by a machine and by a human
being are basically different; the machine performing the task in a step-by-step
sequential manner dictated by an algorithm, modified by some known heuristics.

The algorithm and the heuristics have to be derived for a given task. Once derived,
they generally remain fixed. Typically, implementation of these tasks requires large
number of operations (arithmetic and logical) and also a large amount of memory.
The trends in computing clearly demonstrate the machine's ability to handle a large
number of operations (Marcus & van Dam 1991).
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2.2 Patterns and data

However, the mere ability of a machine to perform a large amount o symbolic
processing and logical inferencing (asis being donein A1) does not result in intelligent
behaviour. The main difference between human and machineintelligence comes from
the fact that humans perceive everything as a pattern, whereas for a machine al are
data. Even in routine data consisting of integer numbers (like telephone numbers,
bank account numbers, car numbers), humans tend to see a pattern. Recalling the
data is also normally from a stored pattern. If there is no pattern, then it is very
difficult for a human being to remember and reproduce the data later. Thus storage
and recall operations in humans and machines are performed by different mechanisms.
The pattern nature in storage and recall automatically gives robustness and fault
tolerance for a human system. Moreover, typicaly far fewer patterns than the
estimated capacity of human memory systems are stored.

Functionally also humansand machines differ in the sense that humans understand
patterns, whereas machines can be said to recognize patternsin data. I n other words,
humans can get the whole object in the data even though there may be no clear
identification of subpatternsin the data. For example, consider the name of a person
written in a handwritten cursive script. Even though individual patterns for each
letter may not be evident, the name is understood due to the visual hints provided
in the written script. Likewise, speech is understood even though the patterns
corresponding to individual sounds may be distorted sometimes to unrecognizable
extents. Another major characteristic of a human being is the ability to continuously
learn from examples, which is not wel understood at al in order to implement it in
an algorithmic fashion in a machine.

Human beings are capable of making mental patterns in their biological neura
network from input data given in the form of numbers, text, pictures, sounds etc.,
using their sensory mechanisms o vision, sound, touch, smell and taste. These mental
patternsareformed even when the data are noisy, or deformed due to variations such
as trangdlation, rotation and scaling. The patterns are also formed from a temporal
sequence of data as in the case of speech and motion pictures. Humans have the
ability to recall thestored patternseven when theinput information isnoisy or partial
(incomplete) or mixed with information pertaining to other patterns.

2.3 Pattern recognition tasks

The inherent differences in information handling by human beings and machines in
the form of patterns and data, and in their functionsin the form of understanding
and recognition have led us to identify and discuss severa pattern recognition tasks
which human beings are able to perform very naturally and effortlesdy, whereas we
have no simple algorithms to implement these tasks on a machine. The identification
o thesetasks below issomewhat influenced by the organization of the artificial neural
network models which we will be describing later in this paper.

2.3a Pattern association: Pattern association problem involves storing a set of
patterns or a set of input—output pattern pairs in such a way that when test data
are presented, the pattern or pattern pair corresponding to the data is recalled. This
is purely a memory function to be performed for patternsand pattern pairs. Typicaly,
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it is desirable to recal the correct pattern even though the test data are noisy or
incomplete. The problem of storage and recall of patternsis called autoassociation.
Since this is a content addressable memory function, the system should display
accretive behaviour, i.e., should recall the stored pattern closest to the given input. It
is a'so necessary to store as many patterns or pattern pairs as possible in a given
system.

Printed characters or any set of fixed symbolscould be considered as examples of
patterns for these tasks. Note that the test patterns are the same as the training
patterns, but with some noise added, or some portions missing. In other words, the
test data are generated from the same source in an identical manner as the training
data.

2.3b Pattern mapping: In pattern mapping, given a set of input patterns and the
corresponding output pattern or class label, the objective is to capture the implicit
relationship between the patterns and the output, so that when a test input is given,
the corresponding output pattern or the class labd is retrieved. Note that the system
should performsomekind of generalization asopposed to memorizing theinformation.
This can also be viewed as a pattern classification problem belonging to supervised
learning category. Typicaly, in this case the test patterns belonging to a class are
not the same as the training patterns, although they may originate from the same
source. Speech spectra of steady vowels generated by a person, or hand-printed
characters, could beconsidered asexamplesdf patternsfor pattern mapping problems.
Pattern mapping generaly displays interpolative behaviour, whereas pattern
classification displays accretive behaviour.

2.3c Pattern grouping: Inthiscase, givenaset of patterns, the problem isto identify
the subset of patterns possessing similar distinct features and group them together.
Since the number of groups and the features of each group are not explicitly stated,
this problem belongs to the category of unsupervised learning or pattern clustering.
Note that thisis possible only when the features are unambiguous as in the case of
hand-printed characters or steady vowes. In the pattern mapping problem the
patterns for each group are given separately, and the implicit, although distinct,
features have to be captured through the mapping. In pattern grouping on the other
hand, patterns belonging to several groups are given, and the system has to resolve
the groups.

Examplesd the patternsfor this task could be printed characters or hand-printed
characters. In theformer case, thegrouping can be made based on thedata themselves.
Moreover, in that case the test data are also generated from an identical source asthe
training data. For hand-printed characters or steady vowe patterns, the features of
the patternsin the data are used for grouping. Thereforein this case the test data are
generated from asimilar sourceas thetraining data, so that only featuresare preserved
and not necessarily the actual data vaues.

2.3d Feature mapping: In severa patterns the features are not unambiguous. In
fact the features vary over a continuum, and hence it is difficult to form groups of
patterns having some distinct features. In such cases, it is desirable to display the
feature changes in the patterns directly. This again belongs to the unsupervised
learning category. In this case what is learnt is the feature map of a pattern and not
the group or class to which the pattern may belong. This occurs, for example, in the
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speech spectra for vowels in continuous speech. Due to changes in the vocal tract
shape for the same vowe occurring in different contexts, the features (formants or
resonances of the vocal tract in this case) vary over overlapping regionsfor different
vowels.

2.3¢ Patternvariability: Thereare many situationswhen the featuresin the pattern
undergo unspecified distortions each time the pattern is generated by the system.
This can be easily seen in the normal handwritten cursive script. Human beings are
able to recognize them due to some implicit interrelations among the features, which
themselves cannot be articulated precisely. Classification of such patterns falsinto
the category of pattern variability task.

2.3f Temporal patterns. All the tasks discussed so far refer to the features present
in a given static pattern. Human beings are able to capture effortlesdy the dynamic
features present in a sequence of patterns. Thisis true, for example, in speech where
the changes in the resonance characteristics of the vocal tract system (e.g. formant
contours) capture the significant information about the speech message. Thisis also
true in any dynamic scene situation. All such situations require handling sequences
of static patternssimultaneously, looking for changesin thefeaturesin the subpatterns
in adjacent pattern pairs.

2.3g Stability-plasticitydilemma: Inany pattern recognition task theinput patterns
keep changing. Therefore it is difficult to freeze the categorization task based on a
set of patterns used in the training set. If it is frozen, then the system cannot learn
the category that a new pattern may suggest. In other words, the system lacks its
plasticity. On the other hand, if the system is allowed to change its categorization
continuously, based on new input patterns, it cannot be used for any application
such as pattern classification or clustering, asit is not stable. Thisis called stability—
plasticity dilemma in pattern recognition.

24 Methods for pattern recognition tasks

Methods for solving pattern recognition tasks generally assume a sequential model
for the pattern recognition process, consisting of pattern environment, sensors to
collect data from the environment, feature extraction from the data and association/
storage/classification/clustering using the features.

Thesimplest solution to a pattern recognition problemisto use template matching,
where the data of the test pattern are matched point by point with the corresponding
data in the reference pattern. Obviously, this can work only for very simple and
highly restricted pattern recognition tasks. At the next level of complexity, one can
assume a deterministic model for the pattern generation process, and derive the
parameters of the model from given datain order to represent the pattern information
inthedata. Matching test and referencepatternsaredoneat the parametric level. This
works well when the model of the generation process is known with reasonable
accuracy. One could also assume a stochastic model for the pattern generation process,
and derivethe parameters of the model from alarge set of training patterns. Matching
between test and reference patterns can be performed by severa statistical methods
like likelihood ratio, variance weighted distance, Bayesian classification etc. Other
approaches for pattern recognition tasks depend on extracting features from
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parameters or data. These features may be specificfor the task. A patternis described
in terms of features, and pattern matching is done using descriptions of the features.
Another method based on descriptions is called syntactic or structural pattern
recognition in which a pattern in expressed in terms of primitives suitable for the
classes of pattern under study (Schalkoft 1992). Pattern matching is performed by
matching the descriptions of the patterns in terms o the primitives. More recently,
methods based on the knowledge of the sources generating the patterns are being
explored for pattern recognition tasks. These knowledge-based systems express
knowledge in the form of rulesfor generating and perceiving patterns.

The main difficulty in each of the pattern recognition techniques alluded to above
is that of choosing an appropriate model for the pattern generating process and
estimating the parameters of the model in the case of a model-based approach, or
extraction of features from data/parameters in the case of feature-based methods, or
selecting appropriate primitivesin the case of syntactic pattern recognition, or deriving
rulesin the case of a knowledge-based approach. It isall the more difficult when the
test patterns are noisy and distorted versions of the patterns used in the training
process. The ultimate goa is to impart to a machine the pattern recognition
capabilities comparable to those of human beings. This goal is difficult to achieve
using most of the conventional methods, because, as mentioned earlier, these methods
assume a sequential model for the pattern recognition process. On the other hand,
the human pattern recognition process is an integrated process involving the use of
biological neural processing even from the stage of sensing the environment. Thus
the neural processing takes place directly on the data for feature extraction and
pattern matching. Moreover, the large size (in terms of number of neurons and
interconnections) of the biological neural network and the inherently different
mechanism of processing are attributed to our abilities of pattern recognition in spite
of variability and noise in the data. Moreover, we are able to deal effortlesdy with
temporal patterns and also with the so-called stability—plasticity dilemma as well.

It isfor these reasons attempts are being made to explore new models of computing,
inspired by the structure and function of the biological neural network. Such models
for computing are based on artificial neural networks, the basics of which are
introduced in the next section.

3. Basicsof artificial neural networks

3.1 Characteristics of biological neural networks

New models of computing to perform pattern recognition tasks based on our
biological neural network are not expected to reach anywhere near the performance
of the biological network for several reasons. Firstly, we do not fully understand the
operation of a biological neuron and the dynamics of the neural interconnections.
Secondly, it is nearly impossible to simulate (i) the number of neurons and their
interconnections as it exists in a biological network, and (ii) the dynamics o the
network that determines the operation of the network.

The features that make the performance of a biological network superior to even
the most sophisticated A1 computer system for pattern recognition tasks are the
following (Hertz et al 1991).

(@) Robustness and fault tolerance - The decay o nerve cells does not seem to affect
the performance of the network significantly.
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Figure 1. Schematic drawing of a typical neuron or nerve cel. It includes
dendrites, the cell body and a single axon. Synapses connect the axons of neurons
to various parts of other neurons.

(b) Flexibility - The network automatically adjusts to a new environment without
using any preprogrammed instruction set.

(c) Ability to deal with a variety of data situations- The network can deal with
information that isfuzzy, probabilistic, noisy or inconsistent.

(d) Collective computation — The network can routinely perform many operations
in paralel and also a given task in a distributed manner.

These features are attributed to the structure and function o a biological neural
network (Muller & Reinhardt 1990). The fundamental unit of the network is called
a neuron or nerve cdl. Figure 1 shows a schematic o the structure of a neuron. It
consists of a cell body or soma where the cell nucleusis located. Tree-like networks
d nervefibres, caled dendrites, are connected to the cell body. Extending from the
cdl body isasinglelongfibre, called the axon, which eventually branchesinto strands
and substrands, connecting to many other neurons at the synaptic junctions or
synapses. The receiving end of these junctions on other cells can be found both on
the dendrites and on the cdll bodies themselves. The axon of a typical neuron makes
a few thousand synapses with other neurons.

The transmission o a signalfrom one cdl to another at a synapse is a complex
chemical process, in which specific transmitter substances are released from the
sending side of the junction. The effect is to raise or lower the electrical potential
inside the body o the receiving cell. If this potential reaches a threshold, electrical
activity in the form of short pulses takes place. When this happens, the cdl is said
to havefired. This electrical activity o fixed strength and duration is sent down the
axon.

The dendrites serve as receptors for signals from adjacent neurons, whereas the
axon's purpose is the transmission o the generated neural activity to other nerve
cells or to musclefibres. In thefirst case the term interneuron may be used, whereas
the neuron in the latter case is called motor neuron. A third type of neuron, which
receivesinformation from musclesor sensory organs, such as the eye or ear, is called
a receptor neuron.
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Although all neurons operate on the samebasic principle, thereexist severa different
typesdf neurons, distinguished by the size and degree of branching of their dendritic
trees, the length of their axons, and other structural details. The complexity of the
human central nervoussystemisdue to the vast number of neuronsand their mutual
connections. Connectivity is characterized by the complementary properties of
convergenceand divergence. In the human cortex every neuron isestimated to receive
converging input on the average from about 10* synapses. On the other hand, each
cdl feeds its output into many hundreds of other neurons. The total number of
neurons in the human cortex is estimated to be in the vicinity of 10!, and are
distributed in layersover a full depth of cortical tissue at a constant density of about
150,000 neurons per square millimetre. Combined with the average number of
synapses per neuron, this yields a total of about 10** synaptic connections in the
human brain, the mgjority of which develop during the first fev months after birth.
The study of the properties of complex systems built of simple, identical units, may
lead to an understanding of the mode of operation of the braininitsvariousfunctions,
although we are till far from it.

The smplified schematic and uniform connectionist units offer a surprisingly rich
structure when assembled in a closely interconnected network. We shall call such a
network an artificial neural network. Sinceartificial neural networks are implemented
on computers, it is worth comparing the processing capabilities of computers with
that of the biological neural networks (Simpson 1990).

Neural networks are dow in processinginformation. The cycletime corresponding
to execution of one step of a program in a computer is in the range d a few
nanoseconds, whereas the cycle time corresponding to a neural event prompted by
an external stimulus, isin the millisecondsrange. Thuscomputers processinformation
a million times faster.

Neura networks perform massively parallel operations. Most programs operate
in a serial mode, one instruction after another, in a conventional computer, whereas
the brain operates with massively parallel programs that have comparatively fewer
steps.

Neura networks have large numbers of computing elements, and the computing
is not restricted to within neurons. The conventional computer typically has one
central processing unit where all the computing takes place.

Neura networks store information in the strengths o the interconnections. In a
computer, information is stored in the memory which is addressed by its location.
New information is added by adjusting the interconnection strengths without
completely destroying the old information, whereas in a computer the information
is strictly replaceable.

Neural networks distribute the encoded information throughout the network, and
hence they exhibit fault tolerance. In contrast, computers are inherently not fault
tolerant, inthesensethat information corrupted in thememory cannot beretrieved.

There is no central control in processing information in the brain. Thus there in
no specific control mechanism external to the computing task. In a computer, on the
other hand, thereis a control unit which monitors all the activities of computing.

While the superiority of the human information processing system over the
conventional computer for pattern recognition tasks stems from the basic structure
and operation of the biological neural network, it is possibleto realize some of the
features of the human system using an artificial neural network consisting of basic
computing elements. I n particular, it is possibleto show that such a network exhibits
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paralel and distributed processing capability. In addition, information can be stored
in adistributed manner in theconnection strengthssoasto achievefault tolerance.

32 Artificial neural networks — terminology

3.2a Processingunit:  Wecan consider an artificial neural network (ANN) asa highly
simplified model of the structure of the biological neural network. An ANN consists
of interconnected processing units. The general model of a processing unit consists
o a summing part followed by an output part. The summing part receives n input
values, weighs each vaue, and performsa weighted sum. The weighted sum is called
the activation value. The sign o the weight for each input determines whether the
input is excitatory (positive weight) or inhibitory (negative weight). The inputs could
be discrete or continuous data values, and likewise the outputs also could be discrete
or continuous. Theinput and output may also be viewed asdeterministic or stochastic
or fuzzy, depending on the nature of the problem and its solution.

3.2b Interconnections. In an artificial neural network several processing units are
interconnected according to some topology to accomplish a pattern recognition task.
Therefore the inputsto a processing unit may come from outputs of other processing
units, and/or from an externa source. Theoutput of each unit may be givento severa
unitsincluding itsdlf. The amount of the output of one unit received by another unit
depends on the strength of the connection between the units, and it is reflected in
the weight value associated with the connecting link. If there are N unitsin a given
ANN then at any instant of timeeach unit will have a unique activation valueand a
unique output value. The set of the N activation values of the network defines the
activation state of the network at that instant. Likewise, theset of the N output values
o the network define the output state of the network at that instant. Depending on
the discrete or continuous nature of the activation and output values, the state of
the network can be described by a point in a discrete or continuous N-dimensional
space.

3.2¢ Operations: In operation, each unit of an ANN receives inputs from other
connected units and/or from an external source. A weighted sum o the inputs is
computed at a given instant of time. The resulting activation value determines the
actual output from the output function unit, i.e., the output state of the unit. The
output valuesand other external inputsin turn determine the activation and output
states o the other units. The activation values of the units (activation state) o the
network as a function of time are referred to as activation dynamics. The activation
dynamics also determine the dynamics of the output state of the network. The set
o al activation states defines the state space o the network. The set of al output
states defines the output or signal state space of the network. Activation dynamics
determinesthetrgjectory of the path of thestatesin thestate spaced the network.

For a given network, defined by the units and their interconnections with
appropriate weights, the activation states refer to the short term memory function of
the network. Generally the activation dynamicsisfollowed to recall a pattern stored
in a network.

In order to store a pattern in a network, it is necessary to adjust the weights of
the network. Thesats o all weight values(corresponding to strengths of all connecting
links of an ANN) defines the weight space. If the weights are changing, then the set of
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weight values as a function of time defines the synaptic dynamics of the network.
Synaptic dynamicsis followed to adjust the weightsin order to store given patterns
in the network. The process of adjusting the weightsis referred to as learning. Once
the learning process is completed, the final set of weight values corresponds to the
long term memory function of the network. The procedure to incrementally update
each of the weightsiscalled a learning law or learning agorithm.

32d Update In implementation, there are severd options available for both

activation and synaptic dynamics. In particular, the updating of the output states of

all units could be performed synchronoudly. In this case, the activation vaues of all

unitsare computed at the same timeassuming a given output state throughout. From

these activationvauesthenew output state of the networkisderived. In an asynchronous
update, on theother hand, each unit is updated sequentialy, taking the current output

state of the network into account each time. For each unit, the output state can be
determined from the activation value either deterministically or stochastically.

In practice, the activation dynamics, including the update, is much more complex
in a biological neural network. The ANN models along with the equations governing
the activation and synaptic dynamics are developed according to the complexity of
the pattern recognition task to be handled.

33 Modesd neurons

In this section we will consider three classical models for an artificial neuron or
processing unit.

33a McCulloch—Pitts modd: In the McCulloch-Pitts (MP) model (figure 2) the
activation (x) is given by a weighted sum of its n-input signal values {a;} and a bias
term (8). The activation could have an additional absolute inhibition term, which
can prevent excitation of the neuron. The output signal (s) is typicaly a nonlinear
function o the activation value. Three common nonlinear functions (binary, ramp
and sigmoid) are shown in figure 3, although the binary function was used in the
original MP model. Thefollowingequationsdescribethe operation of an MPmodel:

n
activation: x= Y. wa; — 0 —[inhibition],
i=1
output signd: s=f (x).
inputs  weights activotian output signal

volue

Wy
Q,

W, x s = {(x)
9 —MWA— D> wo-@

summing output
port function

Figure 2 The McCulloch—Pitts model of a neuron.
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Figure3. Some nonlinear functions. (a) Binary, (b) ramp and (c) Sgmoid.

In thismodel theweightsw; areconstant. That meansthereisnolearning. Networks
consisting of MP neurons with binary (on-off) output signals can be configured to
perform severd logica functions (McCulloch & Pitts 1943).

33b Perceptron: Rosenblatt's perceptron model (figure 4) for an artificia
neuron consists of outputs from sensory units to a fixed set of association units, the
outputs of which are fed to an MP neuron (Rosenblatt 1958). The association units
perform predetermined manipulations on their inputs. The main deviation from the
MP model is that here learning (i.e., adjustment of weights) is incorporated in the
operation of the unit. The target output (b) iscompared with the actual binary output
(9 and the error is used to adjust the weights (Rosenblatt 1962). The following
equations describe the operation of'the perceptron model of a neuron.

n
i=1
output signal: s = f(x),
error: o=b-s,
. dw,
weight update: _dvti =nda,,

wheren is called learning rate parameter.

There is the perceptron learning law which gives a step-bystep procedure for
adjusting the weights. Whether the adjustment converges or not depends on the

input weights
(adjustable)
a4 1
i A output
activation signal
value (Binary)
—]
N a 2 X s=f(x)
2
a n
An
sensory association summing output
input units unit unit

Figure4. Rosenblat's modd d a neuron.
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Wy
g,

., w, Z X : : : s = f(x)

oK Figure 5. Widrow’s addine
modd o a neuron.

nature of the desired input-output pair to berepresented by the model. The perceptron
convergence theorem (Rosenblatt 1962) enables us to determine whether a given
pattern pair is representable or not. If the weight values converge, then the
corresponding problem is said to be representable by the perceptron network.

3.3¢c Addine The main distinction between Rosenblatt's perceptron model and
Widrow’s adaline model (figure5) is that in the adaline model the analog activation
vaue (x) iscompared with the target output (b). In other words, the output isa linear
function of the activation value (x). The equations that describe the operation of an
adaline are as follows (Widrow & Hoff 1960):

activation: X= 3 wa;—6,
i=1

output signal: s=f(x)=x,

error: 0=b—s=b-x,

weight update: dw,;/dt = néda;.

This rule minimizes the mean squared error 8%, averaged over al inputs. Henceit is
caled the least mean squared (LMS) error learning law. The law is derived using the
negative gradient of the error surface in the weight space. Hence it is also called a
gradient descent a gorithm.

34 Topology

Artificia neural networks are useful only when the processing units are organized in
asuitable manner to accomplish a given pattern recognition task. Thissection presents
afew basic structures which will assist in evolving new architectures. The arrangement
o the processing units, connections, and pattern input/output is referred to as
topology (Simpson 1992, pp. 3-24).

Artificial neural networks are normally organized into layers of processing units.
Connections can be made either from units of one layer to units of another (interlayer
connections) or from the units within the layer (intralayer connections) or both inter
and intralayer connections. Further, the connections among the layers and among
the units within a layer can be organized either in a feedforward manner or in a
feedback manner. In a feedback network the same processing unit may be visited
more than once.

We will discuss a few basic structures which form building blocks for complex
neural network architectures. Let us consider two layers F, and F, with N and M
processing units, respectively. By providing connections to the jth unit in F, from
all the unitsin F,, asshown in figures 6a and b, we get two network structures instar
and outstar, which have fan-in and fan-out geometries, respectively. The unitsin the
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(c) (d)

(e)

Figure 6. Some basic structures of the Artificial Neural Networks. (@) Instar,
(b) outstar, (C) group of instars, (d) group of outstars, (€) bidirectional associative
memory, and (f) autoassociativememory.

F, layer arelinear units, so that for each unit i in thislayer theinput () = activation
(x;)=output signal (s). In instar, during learning, the weight vector wy(w;,, w,,...,w,y)
isadjusted so asto approach thegiveninput vectora at F, layer. Thereforewhenever
theinput isgivento F,, then thejth unit of F, Wl beactivated to the maximum extent.
Thus the operation of the instar can be viewed as content addressing the memory. In
the casedf the outstar, during learning, the weight vector for the connectionsfrom the
jth unit in F, approaches the activity pattern in F, when input vector a is present
at F,. During recall, whenever the unit j is activated, the signa pattern (s;w,;,
5;Wyj,...5;wy;) Will be transmitted to F,, which then produces the original activity
pattern corresponding to the input vector a, although theinput is absent. Thus the
operation o the outstar can be viewed as memory addressing the contents.
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When all the connections from unitsin F, and F, are made as in figure 6c, then
we obtain a heteroassociation network. This network can be viewed as a group of
instars, if the flow isfrom F, to F,. On theother hand, if the flow isfrom F, to F,,
then the network can be viewed as a group o outstars (figure 6d).

When the flow is bidirectional, and the weights are symmetric w;;=w;, then we
get a bidirectional associative memory (figure 6¢), where either of the layers can be
used as input/output.

If the two layers F, and F, coincide, then we obtain an autoassociative memory
in which each unit is connected to every other unit and to itself (figure 6f).

35 Adctivation and synaptic dynamics

Artificial neural networkscan be considered astrainable nonlinear dynamical systems
(Kosko 1972). For a network consisting of N processing units, the activation state
of the network at any given instant corresponds to a point in the N-dimensiona
state space. Thedynamicsd the neural network traces atrajectory in the state space.
The trajectory begins with a point in the state space representing a computational
problem and ends at a point in the state space representing a computational solution.
Most o the trajectory corresponds to the transient behaviour of computations. The
trgjectory ends at an equilibrium state o the system in the normal course. An
equilibrium state is one at which small perturbations around it due to neuronal
dynamics will not perturb the state.

Neuronal dynamics consists of two parts. one corresponding to the dynamics of
activation states and the other corresponding to the dynamics of synaptic weights.
The activation dynamics determines the time evolution of the neuronal activations,
and it is described by a system o first order differential equations. The equations
governing the dynamics are described in terms of thefirst derivative of the activation
state, i.e., dx;/dt. Likewisesynaptic dynamics determines the changes in the synaptic
weights. The equations governing the dynamics are described in terms o the first
derivativeof thesynaptic weights, i.e., dw, /dt, where w,; is the strength of the connecting
link'from the jth unit to the ith unit. Synaptic weights change gradually, whereas the
neuronal activations fluctuate rapidly. Therefore, while computing the activation
dynamics, the synaptic weights are assumed to be constant. The synaptic dynamics
dictates the learning process. The short term memory (STM) in neural networks is
modelled by the activation state of the network. The long term memory (LTM)
corresponds to the encoded pattern information in the synaptic weights due to
learning.

3.5a Models d activation dynamics. Different models are proposed for the
activation dynamics, the most common ones among them are the additive and
shunting activation models. The additive activation model is given by the equation
for the rate of change of the activation of the ith unit as (Grossberg 1988; Carpenter
1989).

dx,/dt = —x;+ Y [excitatory inputs] — Y [inhibitory inputs).

In this equation the first term on the right hand side contributes to a passive decay
term. The net excitatory and inhibitory inputs are contributed by signals from other
units appropriately weighted by the synaptic strengths and by the externally applied
inputs.
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In the steady state there will not be any change in activation. That is dx;/dt =0.
In such a casethe activation valueisgiven by the net excitatory and inhibitory inputs.
That is

x; =Y [excitatory inputs] — Y [inhibitory inputs].

For a specific case x; can be written as
xXi=3 w;s;—0;+1;.
j

The sign of w,; determines whether the contribution is excitatory or inhibitory. §; is
afixed bias term for the unit, and it becomes the resting value in the absence of all
inputs. I; is the net external input to the unit i. The sign of I; determines whether it
is excitatory or inhibitory.

An important generalization of the additive model is the shunting activation model
given by the equation (Grossherg 1988),

dx;/dt = — x;+ (A — x,)Y [excitatory inputs] — (B x;) ¥ [inhibitory inputs],

where the activity x; remains bounded in the range (— B, A), and it decays to the
resting level 0 in the absence of al inputs. In this model the excitatory inputs drive
the activity towards afinite maximum A, and the inhibitory inputs drive the activity
towards a finite minimum — B. The shunting model represents a specid case of
Hodgkin-Huxley membrane equations to describe the physiology of single nervecell
dynamics (Hodgkin & Huxley 1952).

The activation modelsconsidered so far are called deterministic modds. In practice,
the input/output patterns and the activation values can be considered as samples of
a random process, and the output signal of each unit may be a random function of
the unit's activation value. In such a case the network activation state can be viewed
as a vector stochastic process. Each unit in turn behaves as a scalar stochastic process
(Kosko 1992).

3.5b Models of synaptic dynamics. Synaptic dynamics is described in terms of
expressionsfor the first derivative of the weights. They are called learning equations
(Kosko1992). Typicd (basic)learning involves adjustment of the weight vector such
that

Aw; (1) = ng[wi(),a(r), bi(t)1a(0),

wi(t T 1) = w() T Aw(0),
where

n =learning rate parameter,

w;=[w,,,w,,...w, 17 weight vector with components w,

w;; = weight connecting the jth input unit to the ith processing unit,
a=input vector with componentsa,,i=1,2...N,
b=desired output vector with components b, i=1,2,...M.

Input units are assumed linear. Hence a=x (unit activation)=s(unit

output).

Output units are in general nonlinear. Hence s;=f (w;"a).
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The function g may be viewed as a learning function that depends on the type of
learning adopted.
Continuous time learning can be expressed

dw;(t

T ngwi20),5.0180)

In discrete time learning, at the kth step the new weight is given by
witl = wkt pgwk, ak bk 1ak.

Therearedifferent methods for implementing the synaptic dynamics. These methods
are called learning laws. A few common discrete time learning laws are given below
(Zurada 1992).

3.5c Hebb's law (Hebb 1949):
Here g(.)=f (w;"a), where f is the output function. Therefore
Aw,=nf (w;Ta)a;
=nsa; for j=1,2...N
This law requires weight initialization w; ~ 0 prior to learning.
3.5d Perceptron learning law (Rosenblatt 1962):
Hereg()=b;—s;=b;,— sgn(wra). Therefore
Aw, =n[b;—son(w'a)]aj, for j=1,2...N.

This rule is applicable for bipolar output function. The weights can be initialized
to any values prior to learning.

3.5¢ Delta learning law:

Here g(.) =[b; — f(w;Ta)] f'(w; Ta). Thisis obtained by setting
Awi = - ﬂVE

where —V E is the negative gradient of the error E=1[b; — f (w;"8)]. Therefore
Aw, =n(b;—s)f'(wTa)a;, for j=1,2...N

Here f () is a continuous function. The weights may beinitialized to any vaues.

3.5f Widro-Hoff Lass learning law (Widrow & Hoff 1960):

Here g() = b; — w;Ta. Therefore
Aw,, =n(b; - w;Ta)a;, for j=1,2...N.

Thisisa specia case of the delta learning law where the output function is assumed
to belinear, ie,f (w;'a)=w;"a. The weights may be initialized to any values.
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3.5g Correlation learning law:
Aw,,=nb;a;, for j=1,2...N.

Thisis applicable for binary output units. Thisis a specia case of Hebbian learning
with output signal (s, )= desired signal (b;). The weightsare initialized to zero prior to
learning.

3.5h Instar (winner-take-all) learning law (Grossberg 1982):

Aw,,=n(@;-w,), for j=1,2,...N,

wherewl a = max (w; Ta). Here the weights are initialized to random values prior to
learning and their lengths are normalized during learning.

3.5i OQutstar learning law (Grossherg 1982):
Aw,;=nlb—w, ), for k=12..K

wherebisthe desired responsefrom thelayer of K neurons. The weightsareinitialized
to zero before learning.

There are several learning laws in use, and new laws are being developed to suit
agiven application and architecture. Some d thesewill bediscussed in the appropriate
sections later. But there are some general categories that these laws fdl into, based
on the characteristics they are expected to possessfor different applications. In first
place, thelearning or weight changescould be supervised or unsupervised. | n supervised
learning the weight changes are determined by the difference between the desired
output and the actual output. Some o the supervised learning laws are: error
correction learning or delta rule, stochastic learning, and hardwired systems(Simpson
1992, pp. 3-24). Supervisedlearning may be used for structural learning or for temporal
learning. Structural learning is concerned with capturing in the weights the relation-
ship between a given input-output pattern pair. Temporal learning is concerned with
capturing in the weights the rel ationship between neighbouring patternsin a sequence
o patterns.

Unsupervised learning discoversfeaturesin a given set o patterns and organizes
the patterns accordingly. There is no externally specified desired output as in the
case 0 supervised learning. Examples of unsupervised learning laws are; Hebbian
learning, differential Hebbian learning, principlecomponent learning and competitive
learning(Simpson 1992, pp. 3-24). Unsupervised |earning uses mostly local information
to update the weights. The local information consists of signal or activation values
o the units at either end o the connection for which the weight update is being
made.

Learning methods can be grouped into off-line and on-line. In off-line learning
all the given patterns are used, may be several timesif needed, to adjust the weights.
Most error correction learning laws belong to the off-line category. In on-line
learning each new pattern or set o patterns can be incorporated into the network
without any loss d the prior stored information. Thus an on-linelearning alows the
neural network to add new information continuously. An off-line learning provides
superior solutions because information is extracted when all the training patterns are
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available, whereas an on-line learning updates only the available information of the
past patterns in the form of weights.

In practice, the training patterns can be considered as samples o random processes.
Learning laws could take into account the changes in the random process reflected
through the samples patterns. Thus one could define stochastic versions of the
deterministic learning laws described so far. The random learning laws are expressed
as first order stochastic differentia equations. For example, the random signal
Hebbian learning law relates random processes as (Kosko 1992)

dw,;/dt = —w,; +ns;s;+ ny,

where the output random process {s;} is a result of the signal random process {s;},
which in turn may be a result of another activation random process caused by the
input process. {n,; } can beassumed to bea zero-mean Gaussian white noise process.

In supervised learning one can derive a stochastic approximation to the learning
law using the following argument: Given a set o L random sample's, each sample
consisting of the pattern pairs (a,, b,), a supervised learning attempts to minimize an
unknown error functional E[J,], where 6, is the error between the desired output
and the actual output signal. The gradient of — E[§,] points in the direction of
steepest descent on the unknown expected error surface. Since the joint probability
density function of the input/output pattern pairsis not known, only the error 6, is
used as an estimate of E[4,]. Since 6, is also a random process, for each iteration in
a discrete stochastic gradient descent algorithm, the weight update at the (k + 1)th
iteration is given by (Kosko 1992)

witl=wh —ndra,,
where &}, = b, — s}. Since the given data are sample functions of a random process,
the corresponding weights at each iteration are also random.

Synaptic equilibrium in the deterministic signal Hebbian law occurs in the steady

state when the weights stop changing. That is,
dw,/dt =0, for al i,j.

In the stochastic case the synaptic weights reach a stochastic equilibrium when the
changesin the weightsare contributed by only the random noise. That is, at stochastic
equilibrium, the expectation or ensemble average of the change in weightsis given
by (Kosko 1990)

E[(dw,/dt?] =0}

ij*

where g7, is the variance o the noise process n;;.

3.55 Stability and convergence: So far the activation and synaptic dynamics
equations are described in terms of first-order differential equations which are
continuous time equations. Discrete time versions of these equations are convenient
for implementation of the network dynamics on a digital computer. In discrete time
implementation the activation state of each unit at each stage is computed in terms
o the state o the network in the previous stage. The state update at each stage could
be made asynchronously, ie. each unit is updated using the new updated state, or
synchronously, i.e., al the units are updated using the same previous state.
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The implications of these implementations are on the stability of the equilibrium
activation statesdof afeedback neural network, and on the convergence of the synaptic
weights while minimizing the error between the desired output and the actual output
during learning. In genera, there are no standard methods to determine whether
network activation dynamics or synaptic dynamicsleads to stability or convergence,
respectively, or not (Kosko 1992; Simpson 1992, pp. 3-24).

3.5k Neura network recall: During learning, the weights are adjusted to store the
information in a given pattern or a pattern pair. However, during performance, the
weight changes are suppressed, and the input to the network determines the output
activation x; or signal valuess;. Thisoperation is called recall of stored information.
The recdl techniquesare different for feedforward and feedback networks.

The simplest feedforward network uses the following equation to compute the
output signal from the input data vector a to the input layer F,:

)

where f; is the output function o the ith unit in the output layer F,. Herethe units
in the input layer F, are assumed to be linear.

A recall equation for a network with feedback connections is given by (Simpson
1992, pp. 3-24)

x(t+ 1) =(L—a)x 0 +B T fx,0)w,+a,

where x;(t T 1) is the activation value of the ith unit in asinglelayer neural network
at time (tt1), f; is the nonlinear output function of the jth unit, a is a positive
constant that regulatesthe amount of decay the unit hasduring the update interval,
B isa positive constant that regulatesthe amount of feedback the other units provide
to the ith unit, and g, is the external input to the ith unit. In generd, stability is the
main issue in feedback networks. If the network reaches a stable state in a finite
number o iterations, then the resulting output signals represent the nearest neighbour
stored pattern o the system for the approximate input pattern a

Cohen & Grossberg (1983) showed that for a wide class of neural networks with
certain constraints, the network with fixed weights reaches a stable state in a finite
period o timefor any initial condition. Later Kosko showed that a neural network
could learn and recall at the same time, and yet remain stable (Kosko 1990).

Theresponsed anetwork dueto recall could be the nearest neighbour or interpol ative.
In the nearest neighbour case, thestored pattern closest to theinput patternisrecalled.
This typically happens in the feedforward pattern classification or feedback pattern
matching networks. In the interpolative case, the recaled pattern is a combination
d the outputs corresponding to theinput training patterns nearest to the given input
test pattern. This happens in the feedforward pattern mapping networks.

4. Functiona unitsdof ANN for pattern recognitiontasks
So far we have considered issues in pattern recognition and introduced basics of

artificial neural networks. In this section we discuss some functional units of artificial
neural networksthat are useful to solvesimple pattern recognitiontasks. In particul ar,
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1. Feedforward ANN
(a) Pattern association
(b) Pattern classification
(c) Pattern mapping/classification

2. Feedback ANN
(a) Autoassociation
(b) Pattern storage (LTM)
(c) Pattern environment storage (LTM)

3 Feedforward and Feedback ANN
(a) Pattern storage (STm)
(b) Pattern clustering
(c) Feature map

Figure7. Summary of ANN for pattern recognition problems.

we discuss artificial neural networks for the following pattern recognition problem
and for various special cases o the problem.

PROBLEM

Design a neural network to associate the pattern pairs (a, ,by), (a,,b,),...(a., by),
wherea,=(a,,a,,,...a,,) and b,=(b,,b,,,...b,,) are N and M dimensional vectors,
respectively.

Figure 7 shows the organization o the networksand the pattern recognition tasks
to be discussed in this section. We consider threetypesof ANNt Feedforward, feedback
and acombination of both. We begin discussion of each network with only a minimal
structure, and study their capabilitiesand limitations. To start with, the feedforward
network consists o two layers of processing units, one layer with linear units for
receiving the external input, and the other layer for delivering the output. A minimal
feedback network consists o a set of processing units, each connected to al other
units. A combination network consists of an input layer of linear units feeding to
the output layer of unitsin a feedforward manner, and a feedback connection among
the unitsin the output layer, including saf feedback. We consider each one of these
networksin some detail.

41 Pattern recognition tasks by feedforward ANN (figure 8)

4.1a Pattern association: The objective is to design a linear network that can
capture the association in the pairs of vectors (a,b,),1=1,2...L, through a st o
weightsto be determined by alearning or training law. Theinput data used in training
are typically generated synthetically, like machine printed characters. Theinput data
used for recall may be corrupted by external noise.

The network consistsof a set of weights connecting the two layers of processing
units, the output function of each unit being linear. Such a network is caled a linear
associator network. Duetolinearity of the output function of each unit, the activation
values and the output signals of the units in the input layer are same as the input
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Pattern association
« Arch: Two layers, linear. processing unit, single set of weights
« Learning: Hebb (orthogonal) rule, Delta (linearly independent) rule
+ Recall: Direct
» Limitation: Linear independence, # patterns restricted to dimensionality
+ To overcome: Nonlinear processing unit, becomes a pattern classification problem

Pattern classfication

Arch: Two layers, nonlinear processing units, geometrical interpretation
Learning: Delta rule

Recall: Direct

Limitation: Linearly separable functions, hard problems

To overcome: More layers, hard learning problems

L IR JEE R B

Patter n mapping/classification

Arch: Multilayer (hidden), nonlinear processing units, geometric interpretation
Learning: Generalized delta rule - backpropagation

Recall: Direct

Limitation: Slow learning

T o overcome: More complex architectures

* * O* X *

Figure 8 Pattern recognition tasks by feedforward ANN.

data values. The activation value o the ith unit in the output layer is given by
N
yi= Y, LA
j=1

The output of the ith unit is the same as its activation value y;, since the output
function of the unit is linear. The objective is to determine a set of weights w;; in
such a way that the actual output by, is equal to the desired output b, for all the L
pattern pairs.

If the input L pattern vectors (a,} are al orthogonal, then it is possible to use
Hebb's learning law to determine the optimal weightsof the network (Hecht-Nielsen
1990). Note that a learning law enables updating of weights as patterns are applied
one by oneto the network. The optimality of the weightsisdetermined by minimizing
the mean squared error between thedesired and the actual output values. The optimal
weights after / pattern pairs are fed to the network are given by

1

—wi-1 o _
W =W +b”a,j, WU——O.

The final optimal weightsfor pattern association task are given by
W, = wk

R §

If the input vectors (a,} are only linearly independent, but not necessarily
orthogonal, then the optimal weights that minimize the mean squared error can be
obtained using the LMS learning law (Widrow & Hoff 1960; Hecht-Nielsen 1990).

Once the network is trained, for any given input pattern a,, the associated pattern
b, can be recdled using the equations

N
yi= X wya,; and b=y
j=1
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When noisy input patterns are used during recall, i.e., { a,,), then the recalled pattern
{b;;} will also be noisy. Since the given set of input pattern{a,), I=1...L, isassumed
to be linearly independent, the number of patternsin the input set is limited to the
dimensionality of the input vector, namely, N. Therefore, it is not possible to store
more than N pattern pairsin a linear associative network. If the number of input
pattern are more than its dimension (N), or if the input set (evenfor L < N) are not
linearly independent, then the resulting weight vectors are not optimal any more. In
such a case the recall of the associative pattern for a given input pattern may not be
correct always.

Even if the input patterns are linearly independent and optimal weights are used,
the recall may bein error if a noisy input pattern is presented to recall the associated
pattern (Murakami & Aibara 1987).

In practice, linear independenceis too severe a restriction to satisfy. Moreover the
number of input patterns may far exceed the dimensionality of the input pattern
space. It is possible to overcome these limitations by using nonlinear output functions
in the processing units of the feedforward ANN. Once the restriction on the number
o input patterns is removed, then the problem becomes a pattern classification
problem, which we will discuss in the next section.

41b Pattern classification: In an N-dimensional space if a set of points could be
considered as input patterns without restriction on their number, and if an output
pattern, not necessarily distinct, is assigned to each of the input patterns, then the
number of distinct output patterns can be viewed as distinct classes or class labels
for the input patterns. Since there is no restriction on the type and number of input
patterns, the input-output pattern pairs (a,b,), 1=1,2,...L in this case can be
considered as a training set for a pattern classification problem. Typically for pattern
classification problems the output patterns are points in a discrete (normally binary)
M-dimensional space. The input patternsare usually from natural sourceslike speech
and hand-printed characters. The input patterns may be corrupted by external noise
at the time of recall.

A two-layer network with nonlinear (threshold or hardlimiting) output function
for the unitsin the output layer, can be used to perform the task of pattern classification.
This may aso be identified as a single layer perceptron network (Rosenblatt 1962).
The network can be trained (i.e., weights can be adjusted) for the given set of input—
output patterns using a delta rule.

The correspondinglearning is also called perceptron learning low (Rosenblatt 1962;
Minsky & Papert 1988). The training patterns are applied several times, if needed,
until the weights do not change appreciably. But there is no guarantee that the
weightswill converge to some stable values. Convergence of the weights depends on
whether the problem specified by the input—output pattern pairs is representable or
not by a network of this type. For al representable problems the learning law
converges.

During recall, a pattern generated from one of the same sources is given as input.
By direct computation of the weighted sum of the input, the network determines the
pattern class to which the input belongs. The network thus exhibits accretive
behaviour. Even when the input pattern is noisy, the output class may still be correct,
provided the noise has not significantly altered the input pattern.

The unrepresentable problems are called hard problems. Such problems arise if the
function ¢ relating the output and input (b,= ¢(a,)) is not linearly separable. In
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Figure 9 Two 2—da$£roblerr‘s to illugtrate linear separability —linearly
separable (a) and unseparable(b) cases.

geometrical terms linear separability means that the given set of input patterns {a,)
can be separated into M distinct regions in the N-dimensional pattern space by a
set of linear hyperplanes. Here M corresponds to the number o distinct output
patterns or classes. As a simple illustration, we can consider 2-dimensional binary
(0,1) patternsin input pattern spaceand a 1-dimensional output pattern. Two pattern
classification problemsare shown in figure 9. Note that the number of input patterns
(4) is more than the number of dimensions (2) of the input pattern space. These are
two-class problems, as the number of distinct outputs are two. Of the two problems
in the figure, the first one is linearly separable since a straight line separates the
patternsinto two regionsof desired classes. In the second problem the desired region
cannot beobtained by usingasinglestraight line. Note that astraight lineisequivalent
to a linear hyperplane in a 2-dimensional space.

Therestriction of linear separability isdue to thefunction relatinginput and output
patterns. Any arbitrary assignment of an output pattern to a set of input patterns
need not result in a linearly separable function, and hence cannot be represented by
the two layer network with nonlinear units in the output layer. Thus, athough the
restriction on the number and type dof input patterns (as in the case of pattern
association problem) is removed due to introduction of nonlinear units, a restriction
is now placed on the nature of the function relating the input and output patterns.
To removethisrestriction amultilayer feedf orward network with nonlinear processing
unitscan be used (Minsky & Papert 1988). Such a network can handle a more general
classdf pattern classification problems, namely, pattern mapping problemswhich will
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be discussed in the next section. Geometricaly, it can be argued that a multilayer
feedforward neural network can perform classification of patterns with complex
boundary surfaces separating different classesin an N-dimensional space (Lippmann
1987; Minsky & Papert 1988). However, training such a network is not straightforward.
Thusit leaves us with a hard learning problem which can solved using the generalized
delta rule (Rumelhart & McClelland 1986).

4.1c Pattern mapping: For a pattern mapping problem the input and output
patterns are pointsin the N- and M-dimensional continuous spaces, respectively. The
objective is to capture the implied functional relationship or mapping function
between the input and output by training a feedforward neural network. Thisisalso
caled the generalization problem (Deuker et al 1987). Once the network generalizes
by capturing the mapping function through its weights, then during recall from an
input pattern the network produces an output which is an interpolated version of
the outputs of the training input patterns near the current input pattern. The input
patterns are generally naturally occurring patterns as in speech and hand-printed
characters.

A multilayer feedforward network with at least two intermediate layersin addition
to theinput and output layers can perform a pattern mapping task (Cybenko 1989).
The number of units in the input and output layers correspond to the dimensions
d theinput and output patterns, respectively. The additional layers are called hidden
layers, and the number of unitsin a hidden layer is determined depending on the
problem, usually by trial and error. The network can be trained (i.e. weights at
different layers can be adjusted) for a given set of input—output pattern pairs using
a generalized delta rule or backpropagation law (see figure 10) (Rumelhart &
McClelland 1986; Hush & Horne 1993). It is derived using the principle of gradient
descent along the error surface in the weight space. The given patterns are applied
in some random order one by one, and the weightsare adjusted using the backpro-
pagation law. The pattern pairs may have to be applied severa times till the output
error is reduced to an acceptable value.

Once the network is trained, it can be used to recall the appropriate pattern (in
thiscase some interpolated output pattern) for a new input pattern. The computation
isstraightforward in the sense that the weights and the output functions of the units
at different layers are used to compute the activation values and output signals. The
signalsfrom the output layer correspond to the output.

Note that for the backpropagation law to work (see figure 10), the output function
d the units in the hidden and output layers must be nonlinear and differentiable.
Such functions are called semilinear. If they are linear, no advantage is obtained by
using additional hidden layers. By using a hardlimiting threshold function, it is not
possible to propagate the error to hidden layer units to adjust the weightsin that
layer. Thus the advantage of complex pattern mapping or pattern classification is
obtained by a multilayer feedforward network mainly because of the use of the
semilinear output functions.

The use of semilinear functions resultsin a rough error surfacein the weight space.
That is, there will be severa local minima, besidesa global minimum. The effects of
local minima can be partially reduced by using a stochastic update of weight values
(Wasserman 1988). In general the backpropagation learning law needs severa
iterations in order to reach an acceptably low value of error, at which the network
can be assumed to have captured theimplied mapping in the given set of input—output
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Backpropagation algorithm: Generalized delta rule

Given ast d input-output patternsa,,b,, 1=1,2,.

Ith input vector a,= (a, ,a.,,...4,,)" ad output vector b, = (b i b7

Asume only one hidden layer and initial setting d weightsto ba a |trary

Assume input layer with only linear units. Then output signd = input activation vaue
n isthe learning rate parameter

Activation d unit i in theinput layer x, =a, .

Activationd unit j in the hidden layer x}, = Z wh 0"

Ji ll

Output sgnd from the jth unit in the h|dden ]ayer sh= f"
Adtivation d unit k in the output layer x, = Z wosh T+

k

Output sgnd from unit k in the output Iayer 59 =fox

Error term for the kth output unit &5, = (b,,— ,k)f (x§ )

Update the weights on the output Iayerw (z+1) w; (z)+ nopst;
Error term for the jth hidden unit &%, = /% (x U) Z O,

Update the weights on the hidden Iayer wh (r + 1) whit) +néja,
Cdculate the error for the Ith pattern E,__ 2 82

Totd error for al paternsE= Z E,

y the given patterns, mey besa/erd times, in some random order and updatethe weights
ur‘rjttljl the totd error reduces to an acceptable vdue

Figure 10. Genedized ddtarule

pattern pairs. However, due to the dow rate of convergenced the backpropagation
learning law, new architectures (like counter propagation, Hecht-Nielsen 1990) are
being sought for faster learning.

42 Pattern recognition tasks by feedback ANN

4.2a Autoassociation: In this section we consider pattern recognition tasks that
can be performed by simple feedback neural networks (figure 11). We begin with the
autoassociation task discussed earlier when theinput and output patternsin each pair
are the sameie., a,=bh,, 1=1,2...L. The objectivein an autoassociation task is to
design a network that can recall a stored pattern given a corrupted (noisy or partial)
version of the pattern. A feedback network with N linear processing unitscan perform
the task of autoassociation. Such a network can be trained (i.e., the weights can be
determined) using either Hebb's law or delta rule (Hecht-Nielsen 1990). Hebb's
learning law leadsto a set of optimal weightswhen the given patterns are orthogonal.
Delta rule leads to set of optima weights when the given patterns are linearly
independent.

Pattern recall will be exact when the test pattern issame as one of the stored ones,
represented by the weights. If the test pattern isa noisy version of the stored pattern,
the recalled pattern is also a noisy version of the stored pattern. In fact the network
recallstheinput pattern itself, asevery vector isassociated with itself, thus completely
eliminating any accretive behaviour (Murakami & Aibara 1987).
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Auto association (Pattern stor age)

Arch: Single layer with feedback, linear processing units

Learning: Hebb (orthogonal inputs), Delta (linearly independent inputs)

Recall: Direct

Limitation: Linear independenced patterns,# of patternslimitedto dimensionality
To Overcome: Nonlinear processing units, becomes a pattern storage problem

Pattern storage

Arch: FBNN, nonlinear processing units, states, Hopfield energy analysis
Learning: Not important

Recall: Activation dynamics until stable states are reached

Limitation: False minima, hard problems, limited # patterns

To Overcome: Stochastic update, hidden units.

*

* * # #

L 2N 2NN R BN

Pattern environment storage
+ Arch: Boltzmann machine, nonlinear processing units, hidden units, stochastic update
= Learning: BM learning law, simulated annealing
= Recall: Activation dynamics, smulated annealing
« Limitation; Slow learning
+ To Overcome: Different architecture

Figure11. Pattern recognition tasks by feedback ANN (FBNN).

Thus autoassociation by a feedback network with linear unitsis not going to serve
any purpose. Moreover, the number of patterns is limited to the dimensionality o
the pattern. Although there is no simple learning law, it can be shown that the
weights of such a network can be determined to store any L < N patterns, without
any error in recal, where N is the dimension of the input pattern space. Discussion
o autoassociation task by a feedback network with linear units is only of academic
interest, as any input pattern comes out as itsdf if it is one of the stored ones, and
a hoiseinput comes out as a noisy pattern, not as the nearest stored pattern.

To overcome this limitation due to the absence of accretive behaviour, the linear
unitsarereplaced with units having nonlinear output functions. The resulting feedback
network can then perform pattern storage task which will be considered next.

42b Pattern storage: The objectiveis to store a given set of patterns so that any
one o the patterns can be recalled exactly when an approximate (corrupted) version
o the pattern is presented to the network. What is needed is the storage of features
and their spatial relations in the patterns, and the pattern recall should take place
even when the features and their spatial relations are slightly modified due to noise
and distortion. The approximation of pattern refersto the closeness of the features
and their spatial relations in the pattern when compared to the original stored pattern.
Wheat is actually stored in practice is the information in the pattern data itself. The
approximation is measured in terms of some distance, like Hamming distance (in
case of binary patterns). The distance feature is automatically realized through the
threshold (binary) feature of the output function of a processing unit. The pattern
storage is accomplished by a feedback network consisting of nonlinear processing
units (seefigure 12).

For thesimpl est case, the weights on theconnecting links between units are assumed
to be symmetric, i.e, w,,=w,, and that there is no sdf feedback, ie., w,,=0. The
output signals o all units at any instant of time define the state of the network at
that instant. Each state of the network can be assumed to correspond to some energy
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Hopfield net algorithm - T o store and recall a set of bipolar patterns
Let the network consist of N fully connected units with each unit having hard limiting bipolar
threshold output function.

Let {a,),1=1,2... L be the vectors to be stored.

The vectors{a,) are assumed to have bipolar components, i.., a; = + 1.

1. Assign the connection weights

L
w'.j=l;auau, for i#j

0, for i=j, 1<ij<L

2. Initialize the network output with the given unknown input pattern a
5;(000=aq;,, i=12...N

where s,(0) is the output of the unit i at timet=0.

3. Iterate until convergence

, i=12...N

N
st 1)= SignI: ) wysilt)
=1

The process is repeated until the outputs remain unchanged with further iteration. The
steady outputs of the units represent the stored pattern that best matches the given input.

Figure 12. Hopfield Net algorithm to store and recall a set of bipolar patterns.

which is defined in terms of the output state {s;} and weights[w;;] of the network
as (Hopfield 1982)

E=—1Y% swys;— 2 Iis;+ Y.0;s,,

Lj#i

where I; is an externa input and 8, is the threshold o the unit. The energy as a
function of the output state can be viewed as something like an energy landscape.
The shape of the landscapeisdictated by the network unitsand their interconnection
strengths (weights). The feedback and the nonlinear processing units of the network
create basins of attraction in the energy landscape. The basins tend to be regions o
equilibrium states. If thereis a fixed state (pointin the output state space) in each of
these basins where the energy is minimum, these states corresponds to fixed points
o equilibrium. There could also be periodic(or oscillating) regions or chaotic regions
o equilibrium (Kosko 1992).

It is the existence o the basins of attraction that is exploited to store the desired
patterns and recall them even with approximate inputs as keys. Each pattern is stored
at a fixed point of equilibrium o the energy minimum. An erroneous or distorted
pattern ismorelikely to be closer to the corresponding true pattern than to the other
stored patterns. Each input pattern resultsin a state of the network that may be
closer to the desired state, in the sense that it may lie near the basin of attraction
corresponding to the true state. Since an arbitrary state need not correspond to a
stable state, the activation dynamics of the network may eventualy lead to a stable
state from which the desired pattern may be read or derived.

If the nonlinear output functiond each unit isa binary threshold function (curve A
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Figure 13. (a) A 3-unit feedback network with symmetric weights and binary
threshold units.  Activation dynamics x;=3 w,s;—6;, s;=f(x;; Energy
i

E=—1Y Y w55, + X 5:6;. (b) State transition diagram for the 3-unit network

o figure 13a. Each block represents a state given by sequences,,s,,s;. There are
eight blocks for eight states. The energy for each state is indicated by the bold
numbers with each block. Note that the state diagram has three stable states
(111, 100 and 010) (Aleksander & Morton 1990).
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infigure 3), then the stablestables of the network would lieat the cornersd the binary
hypercube in the N-dimensional discrete binary space. On the other hand, if the
output function is a semilinear function (curve C in figure 3), then the points
corresponding to these states may move closer to each other within the unit hypercube.
If the output functionisa horizontal line, then amost al states remain close to each
other, and hence there will be only one state for the network.

Givenanetwork, it ispossibleto determinethestate transition diagram (Aleksander
& Morton 1990). Figure 13 shows the state transition diagram for a 3-unit network.
The diagram illustrates the different states of the network and their transition
probabilities. States which have sf transition with probability 1 are stable states.
For a given number o units, the state transition probabilities and the number or
stable states are dictated by the connection strengths or weights.

Since each state is associated with some energy value, the state transition diagram
shows transitions from a state with higher energy value to a state having lower or
equal energy vaue. The energy value of a stable state corresponds to an energy
minimum in the landscape, as there is no transition from this to the other states.

The number of basinsd attraction in the energy landscape depends only on the
network, i.e., the number of processing units and their interconnection strengths
(weights). When the number o patternsto be stored isless than the number of basins
o attraction, i.e., stable states, then there will be spurious stable states, which do not
correspond to any desired patterns. In such a case, when the network is presented
with an approximate pattern for recal, the activation dynamics may eventually lead
to a stable state which may correspond to one of the spurious states or a false energy
minimum, or to one df the stable states corresponding to some other pattern. In the
latter case there will be an undetected error in the recall. The average probability of
error depends on the energy values o the stable states corresponding to the desired
patterns, and the relative locations of these states in the state space, measured in
terms of some distance criterion.

If the number of desired patterns to be stored is more than the number of basins
of attraction in the energy landscape, then the problem becomesa hard problem, in
the sense that the given patterns cannot be stored in the network.

For a given network it is not normally possible to determine exactly the number
o basinsof attraction as well as their relative spacingsand depths in the state space
o the network. It is possible to estimate the capacity (number of patterns that can
be stored) of the network and also the average probability of error in recall
(Abu-Mostafa & St. Jagues 1985; Aleksander & Morton 1990). The probability of
error in recall can be reduced by adjusting the weightsin such a way that the resulting
energy landscape is matched to the probability distribution of the input patterns.
This becomes the problem o storing a pattern environment.

42¢ Pattern environment storage: A pattern environment is described by the set
of desired patterns together with their probability distribution. The objective is to
store a pattern environment in a network in such a way that the average probability
of error in recal is minimized. Thisis achieved if the energy landscape is designed
in such a way that the desired patterns are stored at the stable states corresponding
to the lowest minima, with the higher probability patterns at lower energy minima
points.

Boltzmann machine architecture together with the Boltzmann learning law can
achieve an optimal storage of pattern environment (Hinton & Segjnowski 1986;
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Figure 14. Architecture of the Boltzmann machine.
Each unit is connected to every other unit, although
only a few connections are shown in the figure. Some
of the visible units can be identified asinput units and
others as output units if the machine is to be used for
@® hidden units (4 and 5) pattern mapping.

9] visible units : 1.2,3 are input units,
4.5 are outpul units

Aleksander & Morton 1990). The architecture consists of a number of processing
units with each unit connecting to all the other units (figure 14). The number of units
is typically larger than the dimension of the input pattern. The additional units are
caled hidden units. Use of hidden units helps in overcoming the limitation of the
hard problems of pattern storage by a fully connected network. The patterns are
applied to the so-called visible units, the number of visible units being equal to the
dimension of the input patterns.

Error in pattern recall due to false minima can be reduced significantly if initially
the desired patterns are stored (by careful training) at the lowest energy minima. The
remaining error can bereduced by using suitable activation dynamics. Let us assume
that by training we have achieved a set of weights which will enable the desired
patternsto bestored at thelowest energy minima. Theactivation dynamicsis modified
so that the network can also move to a state of higher energy value initially, and
then to the nearest deep energy minimum. It is possible to realize this by using a
stochastic update in each unit instead o the deterministic update o the output
function as in the previous cases. By stochastic update we mean that the activation
value or the net input to a unit need not decide the next output state of the unit in
adeterministicmanner asin thecased figure12. The updateisexpressedin probabilistic
terms, like the probability o firing the unit being greater than 0.5 if the net input
exceeds a threshold, and less than 05 if the net input is less than the threshold for
the unit. Note that the output function could still be a threshold logic (hardlimiter),
but it is applied in a stochastic manner.

With the new activation dynamics, the state transition diagram shows transitions
from a lower energy state to a higher energy state as well, the probability of such a
transition is dictated by the probability function used in determining the firing o a
unit in the stochastic update (Aleksander & Morton 1990). The probability function
(figure 15) can in turn be defined in terms of a parameter, called temperature (T). As
the temperature is increased, the uncertainty in the update increases, giving the
network a greater chance to go to a higher energy level state.

Since eventually we want the activation dynamics to lead the network to a stable
state corresponding to the pattern closest to the given input pattern, we need to
provide greater mobility for transition to higher states only initially. The mobility is
dowly decreased by reducing the temperature, eventually to T=0. At the lowest
temperature the network settles down to a fixed point state corresponding to the
desired pattern. At each temperature the network dynamics is allowed to settle to
some equilibrium situation, called thermal equilibrium. At thermal equilibrium the
average probability of visiting the states of the networks will not change further. The
temperature parameter is reduced in a predetermined manner (called annealing
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Figure 15 Stochastic update of a unit using probability law. Probability of
firing P(1/x)=1/[1+ exp(—x/T)). () Binary output function; (b) probability
function for stochastic update.

schedule), making sure that at each temperature the network is allowed to reach
thermal equilibrium before the next change in temperature is made. This process is
called simulated annealing (Kirkpatrick et al 1983) (seefigure 16). Note that at each
temperature the state update dynamics is fixed, as the probability of transition from
one state to another depends only on the temperature. The update dynamics is
however altered when the temperature is changed, and it results in a new state
transition diagram.

Thestates at thermal equilibriumat T =0 represent thestable states of the network
corresponding to the minimacaf the energy landscape. The probabilities of these states
are also related to the actual minimum energy values of the states. The relation
between the probabilities of stable states and energy suggest that the probability of
error in the recall of patterns can be further reduced if the probability distribution
o the desired patterns, i.e., the pattern environment, is known, and is used in
determining the optimal setting of weights of the network.

Simulated annealing algorithm — Torecall a stored pattern with partial input

Let us assume a Boltzmann machine with some visible units and some hidden units.

Let the network consist of total N fully connected units, with each unit having a hard
limiting binary threshold output function. Let us assume that the network was already trained
to store the given set of input patterns. .

1 Force the outputs of the visible units to the corresponding known components in the
given partial binary input vector.

2. Assignfor al unknown visible unitsandall hidden unitsto random binary output values.

3. Select a unit k at random, and calculate its activation value x; using weighted sum of its
inputs.

1

4. Assign the output of the unit k to 1 with probability P,=—F—————, where Tis
1%+ exp(— x,/T)

the temperature parameter.

5. Repeat steps 3 and 4 until al units have had the same probability of being selected for
update. This number of unit-updates defines a processing cycle.

6. Repeat step 5 for several processing cycles until thermal equilibrium has been reached at
the given temperature 7, i.e, when the probability of visiting different states of the network
does not change any further. Thisis usually accomplished only approximately.

7. Lower the temperature, and repeat steps 3 through 7 until a stable state is reached at
which point there will not be any further change in the state of the network. The result of
recall is the stable output state of the visible units.

Figure 16. Simulated annealing algorithm.
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Learning in Boltzmann machine
The objective is to adjust the weights of a Boltzmann machine so as to store a pattern
environment described by the set of vectors { V,} and their probabilities of occurrence. These
vectors should appear as the outputs of the visible units. Define {H,} as the set of vectors
appearing on the hidden units.

Let P*(V,) bethe probability that the outputs of the visible units will be clamped (indicated
by “+” superscript) to the vector V,. Then,

P+(Va)=§P+(VaAHb)7

where P* (V,A H,) isthe probability of the state of the network when the outputsof the visible
units are clamped to the vector V,, and the outputs of the hidden units are H,,.

Likewise the probability that ¥V, will appear on the visible units when none of the visible
units are clamped (indicated by “—"" superscript) is given by

P‘(Va)=§:P'(V..AHb)-

Note that P*(V,) isgiven by the pattern environment description, and P~(V,) depends on
the network dynamics and is given by

P~ (V,) =Y exp(— E,,,,/T)/Z exp(—E,/T),
b mn
where the total energy of the system in the state V,AH, is given by
E,=—- %Z wijs‘i'bs‘;b’
i

s?* refersto the output of the ith unit in the state V,A H,.
TheBoltzmann learninglaw isderived using the negativegradient descent of thefunctional

G=Y,P*(V,)In[P*(V,)/P~(V,)]

It can be shown that

- aG/awU = (l/T)(PJ -P),
where !

Pl = ‘;’P*(V,AH,,)s‘i‘"s‘;",
- - ab _ab
P —§)P (VaAH,)s!s5.

The weight updates are calculated according to
Aw,;= —n(0G/ow, ) =n(1/T)(P — P).
The Boltzmann law isimplemented using some annealing schedule for the network during

clamped and unclamped phases of the visible units of the network to determine P,; and P,
respectively.

Figurel7. Boltzmann learning law.
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The Boltzmann learning law (seefigure 17) allows us to represent a given environ-
ment by the network (Ackley et af 1985; Hinton & Sejnowski 1986; Aleksander
& Morton 1990). The law uses an information theoretic measure to evaluate how
well the environment is represented in the network. If a perfect representation is
obtained, then there will be as many energy minima as there are desired patterns.
But in practice only an approximate representation of the environment isaccomplished,
and hencethere will be some spuriousstabl e states which correspocd to thefalse wells
in the energy landscape. The Boltzmann learning law uses a simulated annealing
schedule for implementation, i.e., for determining the weight updates at each stage.
Recall of stored patterns from an approximate input pattern also usesa simulated
annealing schedule to overcome the false minima created because of the approximate
representation of the environment by the network.

In general the Boltzmann learning law converges slowly to the desired weights
(Geman & Geman 1984; Szu 1986, pp. 420-5). Moreover, there is no simple way to
determine the optimum number of hidden units for a network to solve the given
problem o pattern environment storage. The larger the number of hidden units,
the greater is the chancefor more false minima, and hence the greater the probability
of error in recaling a stored pattern. The smaller the number of hidden units, the
greater the chance that the given problem becomes hard for the network. New
architectures are needed to overcome some of these limitations of the Boltzmann
machine for the problem of pattern environment storage.

4.3 Pattern recognition tasks by feedforward and feedback ANN

In this section we discuss some pattern recognition tasks (figure 18) that can be
performed by a network consisting of two layers of processing units: The first layer
with linear output units feeds the input pattern to the units in the second layer
through a set of feedforward connections with appropriate weights. The outputs of

Pattern storage (STM)

Arch: Two layers (input & competitive), linear processing units
Learning: No learningin FF stage, fixed weightsin FB layer
Recall: Not relevant

Limitation: STM no application, theoretical interest

T o overcome: Nonlinear output function, learning in FF stage

* ¥ ¥ * *

Pattern clustering (grouping)

Arch: Two layers(input & competitive), nonlinear processing units
Learning: Only in FF stage- Competitive learning

Recall: Direct, activation dynamics until stable state is reached
Limitation: Fixed (rigid)grouping of patterns

T o overcome: Neighbourhood unitsin competition layer

L 2NN JEE R B 3

Feature map
* Arch: Self-organization network, 2 layers, nonlinear processing units
Learning: Neighbourhood unitsin competitive layer
Recall: Apply input, deter mine winner
Limitation: Only visual features, not quantitative
T o overcome: More complex architecture

* ¥ X W

Figurel8. Patternrecognition tasksby feedforward (FF)and feedback (FB) ANN.



222 B Yegnanarayana

the units in the second layer are fedback to the units in the same layer including
feedback to thesame unit. Thesdf feedback isusually with a positive weight (excitatory
connection) and the feedback to the other units is usually with a negative weight
(inhibitory connection). The weights on the feedback connections in the seond layer
are usualy fixed. The first layer of unitsis called input layer, and the second layer
is called competitive layer (Rumelhart & Zipser 1986). Different choices of output
functions and methods of learning lead to networksfor different types of competition
tasks. Wediscussthree such tasks. Assumingfixed weightsin the feedforward connections
from the input to the competitive layer, and in the feedback connections in the
competitive layer, we can study the behaviour of the network for different types of
output functions of the unitsin the competition layer.

43a Pattern storage (short term memory):  First let us assume the output functions
to be linear. When an input pattern is applied, the units in the competition layer
settle to a steady activation state which will remain there even after theinput pattern
is removed (Freeman & Skupura 1991). The activation pattern will remain as long
as the network is not given a different input pattern. Another input pattern will erase
the previous activation state. Hence this is called short-term memory. The pattern
is stored only temporarily.

This pattern storage representation is only of theoretical interest. There is no
application for such a short-term memory function. However, by using a nonlinear
output function for the unitsin the competition layer one could show that the network
can perform a pattern clustering task.

43b Pattern clustering: Given a set of patterns, the objective is to design a
competition network which groups the patterns into subgroups of patterns based on
similarity of featuresin the patterns. A two layer network with input and competition
layers, and with nonlinear units in the competition layer can perform the task of
pattern clustering or grouping (Grossberg 1980).

If a nonlinear output function of the type f(x)=x? is used for the units in the
competitive layer, then it can be shown (Freeman & Skupura 1991) that the activation
dynamics leads to a steady state situation where the network tends to enhance the
activity of the unit with the largest activity. When the input pattern is removed, the
activities of al units except the largest one will decay to zero. Thus only one of the
unitsin the competitive layer will win. The weightsleading to the winning unit j are
adjusted to respond more to the input pattern a. This weight adjustment is repeated
for al the input patterns several times. For input patterns belonging to different
groups, different unitsin the competition layer will win. When the weight vector for
each output unit reaches an average position within the cluster, it will stay generally
within a small region around that average position. Each unit in the competitive
layer refersto a different group or category of patterns.

When an unknown input pattern is given, the activation dynamicsleads to a steady
state situation where only one unit in the competitive layer is active. That unit gives
the category to which the input pattern belongs.

Note that in a competitive network the physical location of the units do not reflect
any relation between categories. But there are many situations where the patterns
do not fall into fixed categories. There may be a gradual change of featuresfrom one
pattern to another. This change of features can be captured by a selforganisation
network which performs the task of feature mapping (von der Malsburg 1973;
Willshaw & von der Malsburg 1976).
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nelghbourhood region

output layer

1nout layer W Figure 19. A feature mapping architecture. Each input
unit is connected to al the units of the output layer.

44b Feature map: Given a set of patterns, the objective is to design a network
that would organise the patterns in accordance with similarity of features among
them in such a way that by looking at the output o the network one can visualy
obtain an idea of how different patterns are related. The display of signals from the
output layer (typicaly in 2-dimension) of unitsiscalled a feature map.

Toaccomplish the task o feature mapping, a competitive network is modified into
one called a selforganising network (Kohonen 1990; Freeman & Skupura 1991) shown
in figure 19. The modification consists of creating a neighbourhood region around the
winning unit in the competitive layer, so that during training all the feedforward
weights leading to the unitsin this region are adjusted to favour the input pattern.
The weight adjustment issimilar to the case of a competitive network. The neighbour-
hood region around a winning unit is gradually reduced for each application of the
given set of patterns (seefigure 20).

Algorithm for self-organizing feature map

1. Initialize the weights from N inputs to the M output units to small random values.
Initialize the size of the neighbourhood region R(0).

2. Present a new input a

3. Compute the distance d; between input and the weight on each output
unit i:

4= 3 [a0-w, (1% for i=12...M
i=1

where a;(z) is the input to thejth input unit at time t and w, (1) is the weight from thejth input
unit to the ith output unit.
4. Select the output unit i* with minimum distance

i* =index of l:m_in (d,.}|

5. Update weight to node i* and its neighbours

w(t T 1) =w (0 F n(0)(aie) - w (1)),
forieR¥(),and i=1,2...N,

where #n(t) is the learning rate parameter (0<n(t)<1) that decreases with time
R}(t) gives the neighbourhood region around the node i*, at time t.
6. Repeat steps 2 through 5 for all inputs several times.

Figure 20. An algorithm for self-organizing feature map.
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For recall, when an unknown input is applied, the activation dynamics determines
the winning unit whose location would determine its features relative to the features
represented by the other units in its neighbourhood.

While a feature map produces a more redlistic arrangement of patterns, the output
is useful only for visual observation. Since it is difficult to categorize a feature map,
it isdifficult to use it for applications such as pattern classification. A more complex
architecture is needed to exploit the advantages of a feature map for pattern
classification purposes (Huang & Kuh 1992).

5. Architecturesfor complex pattern recognition tasks

So far we have considered simple structures of neural networks and discussed the
pattern recognition tasks that these structures could accomplish. In practice the
pattern recognition tasks are much more complex, and each task may require evolving
a new structure based on the principles discussed in the previous sections. In fact
designing an architecture for a given task involves developing a suitable structure of
the neural network and defining appropriate activation and synaptic dynamics. In
this section we will discuss somegeneral architecturesfor complex pattern recognition
tasks.

5.1 Associative memory: pattern storage - BAM

Pattern storage is the most obvious pattern recognition task that one would like to
accomplish by an ANN. This is a memory function, where the network is expected
to store the pattern information for later recall. The patterns to be stored may be
spatial or spatiotemporal (pattern sequence). Typicaly an ANN behaves like an
associative memory, in which a pattern is associated with another, or with itself. This
isin contrast with the random access memory which maps an address to a data. An
ANN can also function as a content addressable memory where data are mapped to
an address.

The patterninformation isstoredin the weight matrix of afeedback neural network.
The stable states of the network represent the stored patterns, which can be recalled
by providing an external simulus in the form of partial input. If the weight matrix
stores the given patterns, then network becomes an autoassociative memory. Severd
architectures are proposed in the literature for realizing an associative memory
function depending on whether the pattern dataisdiscrete/continuous, or the network
is operating in discrete time/continuous time, or the learning is taking place off-line/
on-line (Simpson 1990).

We will discuss the discrete bidirectional associative memory (BAM)in some detail.
It is a two-layer heteroassociative neural network (figure 21) that encodes arbitrary
binary spatial patterns using Hebbian learning. It learns on-line and operates in
discrete time. The BAM weight matrix is given by,

W= i 3"y
=1

wherea,e{— 1, 1}¥ and bie{— 1, + 1}*. The superscript T refers to the transpose
of the vector.
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Figure 2L Discrete bidirectiond as
Y 912 O socidive mamory.

The activation equations are as follows:

1, if y;>0, N

bit+1)= bi), if y;=0, where y;= 3} a()w,,
-1 if y,<O0, =1
1, if x;>0, N

at+10)= < a(), f x=0 whee x;= 2 b(t)w,
-1, if x;<0, =1

For recall, the given input a;(0), i=1,2...N isapplied and the stable valuesof (),
j=1,2...M are'read out. BAM updates are synchronous in the sense that the units
in each layer are updated simultaneously.

BAM can be shown to be unconditionally stable (K osko 1988). However its storage
is limited to a small number of binary/bipolar patterns.

5.2 Pattern mapping: Data compression— CPN

In pattern mapping the objective is to capture the implied functional relationship
between an input-output vector pair (a,, b,). We have seen earlier that a multilayer
feedforward network with a semilinear output function can perform generalization,
but the training processis dow, and the ability to generalizedepends on the learning
rate and the number of unitsin the hidden layers. Severd architectures are proposed
in literature for realizing a mapping function (Simpson 1990). A practical approach
for implementing pattern mapping isto usean architecture that learnsfast. A counter-
propagation network (CPN) that uses a combination of instar and outstar topologies
is proposed (figure 22) for this purpose (Hecht-Nielson 1987). It consists of a three-
layer feedforward network with the first two layers forming a competitive learning
systemand thesecond (hidden)and third layersforming an outstar structure. Learning
takes place in the instar structure of the competitive learning system to code the
input patterns {a,) and in the outstar structure to represent the output patterns{b,).
The training of the instar and outstar structures are as follows.
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Figure 22. Counter propagation
Layers 1 2 3 4 5 network.

Training instars of CPN

(1) Select an input vector a, from the given training set (a),by), 1=1,2,... N.

(2) Normalize the input vector and apply it to the CPN competitive layer.

(3) Determine the unit that wins the competition by determining the unit m whose
vector w is closest to the given input.

(4) Update the winning unit's weight vector as

W (t + 1) =Wn (t) + '1(31 —Wn (t))

(5) Repeat steps 1 through 4 until all input vectors are grouped properly by applying
the training set several times.

After successful training the weight vectors leading to each hidden unit represent the
average o the input vectors corresponding to the group represented by the unit.

Training outstars of CPN

(1) After training instars, apply a normalized input vector a, to the input layer and
the corresponding output by to the output layer.

(2) Determine the winning unit m in the competitive layer.

(3) Update the weightson the connections from the winning competitive unit to the
output units

Wi (t + 1) = Wy (£) + B(by — Wiy (2)).

(4) Repeat steps 1 through 3 until all the vector pairs in the training set
are mapped satisfactory.

After successful training, the outstar weightsfor each unit in the competitive layer
represents the average o the subset of the output vectors by corresponding to the
input vectors belonging to that unit.

Depending on the number of nodesin the hidden layer, the network can perform
any desired mapping function. In the extreme case, if a unit is provided in the hidden
layer for each input pattern, then any arbitrary mapping (a,,b,) can be realized. But
in such a case the network fails to generalize. It merely stores the pattern pair. By
using a small number o unitsin the hidden layer, the network can accomplish data
compression. Notealso that the network can betrained to capture theinverse mapping
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aswdl, ie., a,= ¢ 1(b,), provided such a mapping exists and it is unique. The name
counterpropagation is given due to the network's ability to learn both forward and
inverse mapping functions.

5.3 Pattern classification: stability-plasticity dilemma- ART

Many pattern mapping networkscan betransformed to perform pattern classification
or category learning tasks. However these networks have the disadvantage that during
learning the weight vectorstend to encode the presently active pattern, thusweakening
the traces of patterns it had already learnt. Moreover any new pattern that does not
belong to the categoriesalready learnt, is still forced into one of them, using the best
match strategy without taking into account how good even the best match is. The
lack of stability of weights as wdl as lack o inability to accommodate patterns
belonging to new categories, led to the proposal o new architectures for pattern
classification. These architectures are based on adaptive resonance theory (ART) and
are specially designed to take care of the so called stability-plasticity dilemma in
pattern classification (Carpenter & Grossberg 1988).

ART also uses a combination of instar—outstar network as in CPN, but with the
output layer merged with the input layer, thus forming a two-layer network with
feedback as shown in figure 23. The minima ART network includes a bottom-up
competitivelearning system (F, to F,) combined with a top-down (F, to F,) outstar
pattern learning system. The number of unitsin the F, layer determines the number
of possible categories of input patterns. When an input pattern a, is presented to the
F, layer, the system dynamics initially follows the course of competitive learning,
leading to a winning unit in the competitive F, layer depending on the past learning
o the adaptive weightsof the bottom-up connections from F, to F,. Thesignalsare
sent back from the winning unit in the F, layer down to F, via a top-down outstar
network. The activation values produced in the units of F, due to this feedback are
compared with the activation values due to input. If the two activation patterns
match well, then the winning unit in the F, layer determines the category of the input
pattern. If the match between activations due to top-down and input pattern is poor,
asdetermined by a vigilance parameter, then the winning unit in F, does not represent
the proper classfor theinput pattern a,. That unit is removed from the set of allowable
winnersin the F, layer. The other unitsin the F, layer are likewise skipped until a

Attentionol subsystem

Orienting
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{

ain I
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Figure 23. Adaptive resonance
theory (ART) architecture. Two
major subsystems are the atten-
tional subsystem and the orienting
subsystem. Unitsin each layer are
fully interconnected to the unitsin
the other layer.

input vector
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suitable match is obtained between the activations in the F, layer due to top-down
pattern and the input pattern. When a match is obtained, then both the bottom-up
and top-down network weights are adjusted to reinforce the input pattern. If no
match is obtained then an uncommitted (whose category is not identified during
training) unitin the F, layer iscommitted to thisinput pattern, and the corresponding
weights are adjusted to reinforce the input.

The above sequence of events conducts a search through the encoded patterns
associated with each category trying to find a sufficiently close match with the input
pattern. If no category exits, a new category is made. The search processis controlled
by two subsystems, namely the orienting subsystem and the attentional subsystem.
The orienting subsystem uses the dimensionless vigilance parameter that establishes
the criterion for deciding whether the match is good enough to accept the input
pattern as an exemplar o the chosen category. The gain control process in the
attentional subsystemallowsthe unitsin F, to beengaged only when aninput pattern
is present, and it also actively regulates the learning (Freeman & Skupura 1991).

Stability is achieved in the ART network due to the dynamic matching and the
control in learning. Plagticity isachieved in the ART due to its ability to commit an
uncommitted unit in the F, layer for an input pattern belongingto a category different
from what was already learnt.

ART gets its name from the particular way in which learning and recall interplay
in the network. Information in theform of output signalsfrom units reverberate back
and forth between the two layers. If the proper patterns develop, a stable oscillation
" ensures, which is the neural network equivalent of resonance. During this resonance
period learning or adjustment of adaptive weights takes place. Before the network
has achieved a resonant state, no learning takes place, because the time required for
changesin the weightsis much longer than the time it takes the network to achieve
resonance.

ART! network was proposed to deal with binary input patterns (Carpenter &
Grossberg 1988). ART2 network was devel oped to selforganize recognition categories
for analog as wel as binary input patterns (Carpenter & Grossberg 1987).

A minimal ART network can be embedded in a larger system to realize an associate
memory. A system like CPN or multilayer perceptron directly maps pairs of patterns
(a,,b,) during learning. If an ART system replacesthe CPN, the resulting system becomes
sdf stabilizing. Two ART systems can be used to pair sequences of the categories
selforganized by the input sequences as shown in figure 24. The pattern recall can
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Figure 24. Two ART sydem combined to fom an asodaive memory
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Figure 25. Grossberg's formal avalanche
bi(e) ba(t) bn(t)  architecture.

occur in either direction during performance as in BAM. This scheme brings to the
associate memory paradigm the code compression capabilities, as well as the stability
properties of ART (Carpenter 1989).

54 Spatio-temporal patterns. temporal features - Avaanche

The ANN architectures described so far are applicable for recognition o patterns on
the basis o information contained within the pattern itself. Even if a sequence o
patterns with temporal correlation are presented, the previousor subseguent patterns
have no effect on the classification o the current input pattern. But there are many
applications (for example, speech recognition) where it is necessary to encode the
information relating to the time correlation of spatial patterns, as well as the spatial
pattern information itsalf.

Architecturesfor classification of spatio-tempora patterns (STP) are based on the
Grossberg formal avalanche structure (Grossberg 1969). The structure (figure 25) of
the network resembles the top two layers of the CPN, and both use multiple outstars.
The avalanche architecture shows how a complex spatio-temporal pattern can be
learned and recalled. Assume a(t) = (a, (t), a,(2), ... ay(t)) the spatial pattern required
at timet. Thesequenced a(t) at timeintervalsof Atin theranget, <t < t, correspond
to the desired spatio-temporal pattern. Activate the node labelled ¢, and apply a(t,)
to be learned by the outstar's output units. The second pattern a(t + At) is applied
while activating the second outstar, labelled t, T At. Continue this process by activating
successive outstars until all the patterns have been learned in sequence. Replay of
the learned sequencecan beinitialized by stimulating the ¢, node, while a zero vector
isapplied to theainputs. The output sequenceb(t) ~ a(t), for t, < t < t,,isthelearned
sequence.

55 Pattern variability: recognition d deformed patterns — Neocognitron

Visud pattern recognition, such as recognition of handwritten characters or
hand-drawn figures, isdone effortlessly by human beingsdespite variability of features
in different realizations of the pattern of the same character or figure. The patterns
considered in the architectures described so far assume that the objectsin the training
and test patterns are identical in size, shape and position, except that in some cases
there may be some noise added or some portions o the pattern missing. Models of
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associative memory can recover complete patterns from such imperfections, but
normally cannot work if thereis variability or deformation in the patterns of the test
input.

Neural network models based on our understanding of human visual pattern
recognition tend to perform well even for shifted and deformed patterns. In the visua
area of the cerebrum, neurons respond selectively to local features of a visual pattern
such aslinesand edges. In areas higher than the visual cortex, cellsexist that respond
selectively to certain figureslikecircles, triangles, squares, human facesetc (Fukushima
1975). Thus the human visua system seemsto have a hierarchical structure in which
simplefeatures arefirst extracted from the stimulus pattern, then integrated into more
complicated ones. A cell at a higher stage generally receives signals from a wider
area of the retina and is less sensitive to the position of the stimulus. Within the
hierarchical structure o the visual systems are forward (afferent or bottom-up) and
backward (efferent or top-down) propagation of signals. This kind o physiological
evidence suggests a neural network structure for modelling the phenomenon of visual
pattern recognition.

The objective is to synthesize a neural network model for pattern recognition for
shifted and deformed patterns. The network model learns with a teacher (supervised
learning) for reinforcement of the adaptive weights. The network model is caled
neocognitron. It isa hierarchical network (figure26) consisting of many layers of cells,
and has variable connections between cellsin adjoining layers. It can be trained to
recognizeany set of patterns. After training, pattern recognition is performed on the
basis of similarity in shape between patterns, and the recognition is not affected by
deformation, or changes in size, or shifts in the positions of the input patterns

(Fukushima 1988).
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Figure 26. A hierarchical network structure of neocognitron (Fukushima 1991)
for recognition of alphanumeric character recognition. The lowest stage of the
network consists of a 2-dimensional array of receptor cells. Each succeeding
stage has a layers consisting of S cells and C cells alternatively. Each layer is
organized into groups of these cells, each group responding to a particular
geometrical position. The numbers show the total numbers of S and C cellsin
individual layers of the network. S cells are feature extracting cells. The C cells
are inserted to allow for positional errorsin the feature.
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In the hierarchical network of the neocognitron, local features of theinput pattern
are extracted by the cells of the lower stage, and they are gradually integrated into
more global features. Finally, each cdl o the highest stage integrates all the
information o the input pattern, and responds only to one specific pattern. During
the process of extracting and integrating features, errors in the relative positions of
the local featuresare gradually tolerated. The operation of tolerating positional error
a little at a time at each stage, rather than al in one step, plays an important role
in endowing the network with the ability to recognize even distorted patterns
(Fukushima 1991).

Neocognitron also provides backward connections which will enable it to redize
the selectiveattention feature of the visual pattern recognition. The selectiveattention
feature relates to two or more patterns simultaneously present in the data, and our
ability to focus on the desired one.

Neocognitron was developed for recognition of handwritten characters, although
the ideas used in the architecture may be extended to other situations of pattern
variability (Fukushima 1991).

6. Applications

In this section of the paper we briefly discuss the application potential of neural
network models and some research issues that are being currently addressed in this
field. In applications we consider two different situations, one where the existing
neural network conceptscan bedirectly applied, and the other wherethereis potential
for applying the neural network ideas but it is not yet clear how to formulate the
real world problems to evolve a suitable neural network architecture. We will also
list a few cases where neural network principlesare being used in practice.

6.1 Direct application

In applications such as associative memories, optimization, vector quantization and
pattern classification the principlesdf neural networksaredirectly applicable. In these
applications it is assumed that the problem can be presented to the network directly,
and what is being sought is the solution to the problem using the dynamics of the
network. Many real world problems were formulated into one of these, and were
solved successfully (Lisboa 1992).

6.1a  Associative memories (Bienenstock & von der Malsburg 1987; Hassoun 1989;
Desai 1990; Kamp & Hasler 1990; Michel & Farrell 1990): Asdiscussed earlier, the
objective of associative memory is to store a pattern or data for later recal with
partia or noisy version of the pattern as input, or to store association between two
patterns for later recall of one o the patterns given the other. Both feedback and
feedforward topologies of neural networks are directly used for these applications.
Associativememory, if used in afeedback structure of the Hopfield type, can function
as a content addressable memory as well. The stable states of the network, which
represent the energy minima or basins of attraction, are used to store the pattern
information. In a feedforward network the mapping function corresponding to the
input-output pattern pairs is stored in the weights of the network.

Applicationsdf these networksfor associative memory is direct, if the patterns are
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available in theform of one or two dimensional array o values. Associativememories
as content addressable memories are quite powerful. For example, if information
about individuals is stored in a network, then it is possible to retrieve the complete
data by providing partial or even noisy clues. Other common applications for an
associative memory are recognition of images, and retrieval o bibliography
information from partial references such as from incomplete title of a paper.

6.1b Optimization: One o the most successful applications o neural network
principlesis in solving optimization problems (Hopfield & Tank 1985; Kennedy &
Chua 1988; Rauch & Winarske 1988; Tagliarini & Page 1988, pp. 775-82, Maa et al
1990, pp. 482-5). There are many situations where the problem can be formulated
as minimization or maximization of a cost function or object function subjected to
certain constraints. It is possible to map such a problem onto a feedback network,
wherethe unitsand connection strengths are identified by comparing the cost function
d the problem with the energy function of the network expressed in terms of the
unit state values and the strengths of the connections. The solution to the problem
lies in determining the state of the network at the global minimum o the energy
function. In this processit is necessary to overcome the loca minima o the energy
function. This is accomplished by adopting a simulated annealing schedule for
implementing the search for global minimum.

Probably the most studied problem in the context of optimization using principles
d neural networks is the travelling salesman problem, where the objectiveis to find
the shortest route connecting all citiesto be visited by a salesman. Other optimization
problems that are attempted include the weighted matching problem, wherea number
d points must be pairwise connected such that the sum of lengths of all connections
is as short as possible, and stereo vision matching in optical image processing (Hertz
et al 1991). The method of simulated annealing has also been successfully employed
to find the optimal arrangement o integrated electronic circuits on semiconductor
chips (Kirkpatrick et al 1983).

6.1c Vector quantization: Vector quantization (vQ) typically encodes a large set o
training data vectors into a small set of representative points, thus achieving a
significant compression in the representation of data. Vector quaritization has been
shown to be useful in compressing data that arises in image processing, speech
processing, facsimile transmission, and weather satellites (K ohonen 1988; Nasrabadi
& King 1988; Naylor & Li 1988).

Formally, vector quantization maps arbitrary data vectorsto a binary representation
or a symbol. The mapping is from an N-dimensional vector space to afinite set of
symbols M. Associated with each symbol meM is a reproduction vector g,,. The
encoding of the data vector x to the symbol m is the mapping in vQ. The collection
d all possible reproduction vectors is called the codebook.

Thedesign of acodebook iscalled training, and it can be implemented using neural
network models. Thelearning vector quantization (LvQ) structureisone such network
model. Several other models have been proposed, for example, Kohonen's sdf-
organising feature maps, to construct vQ codebooks for speech applications, and for
image coding (Kohonen 1989; Ahalt et al 1990).

6.1d Pattern classification: Pattern classification is the most direct among all
applicationsd neural networks. Infact neural networks became very popular because
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o the ability o a multilayer feedforward neural network to form complex decision
regionsin the pattern spacefor classification (Gorman & Segjnowski 1988; Lippmann
1989). Many pattern recognition problems, especialy character or other symbol
recognition and vowd recognition, have been successfully implemented using multi-
layered networks (LeCun et al 1989; Pal & Mitra 1992). Note however that these
networks are not directly applicable for situations where the patterns are deformed
or modified due to transformations such as trandlation, rotation and scale change
(Dotsenko 1988; Seibert & Waxman 1989).

6.2 Application areas

Neural network concepts and principles appear to have great potential for solving
problems arising in practice. For most practical problems the solution by neural
networks is not obvious. This is because the problems cannot be mapped directly
onto an existing neural network architecture. In fact there are no principles guiding
us to this mapping. There are many pattern recognition tasks in speech and vision
which we seem to perform effortlessy, but we do not understand how we do so. For
example, in speech, our auditory mechanism processes the signal directly in a manner
suitablefor later neural processing. On theother hand, to prepareinput to an artificial
neural network, the speech signal is normally processed in fixed framesof 10-20ms
to extract afixed number of spectra or related parameters. I n thisprocessthetemporal
and spectral features with proper resolution needed for recognition may not have
been captured. Moreover, thereis as yet no neural network architecture which could
perform the speech pattern recognition with the same effectiveness as human beings
do. Similar comments apply to problemsin visual pattern recognition also. Some of
the other areas where human performance cannot be matched by existing neural
architectures are in motor control and decision making.

Despite realization o these issues, there are several cases where neural principles
have been used successfully. A few o them are listed below in different areas for
illustration (Lisboa 1992).

6.2a Speech processing: Recognition o isolated utterances of characters in a
speaker-independent mode over a telephone line has been demonstrated for directory
enquiring application (Lang et al 1990; Cole et al 1992).

Medium-size (about 50 words) vocabulary speaker independent isolated word
recognition using a partially connected network has been demonstrated to give equal
or better performancecompared to the conventional methods based on dynamic time
warping (Bottou et al 1990).

Reliable discrimination o some stop consonants was demonstrated using time
delay neural network architectures, and these ideas were extended to derive network
architectures for syllable recognition (Waibel 1989).

Text-to-speech conversion with limited capabilities for English was demonstrated
using multilayered feedforward neural networks (Sejnowski & Rosenberg 1987).

6.2b Computer vision: Recognition of hand-printed digits has been one of the most
successful applications of neural networks (Krzyzak et al 1990). Satellite image data
compression and enhancement o noisy images are some o the other useful
applications (Hertz et al 1991; Raghu et al 1993).

Transformation invariant object recognition is one of the most difficult tasks,
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It is possible to view research in ANN along the following directions:

(i) Problem level: Involves issues in mapping the real world problems as pattern
processors. This may require good understanding o human information processing
both from the psychologica and the biological angle.

(i) Basic level: It is necessary to evolve better models of neurons as processing
elements, their interconnections, dynamics (activation and synaptic), learning laws
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although someimpressive demonstration of neural network architecturesare available
for handwritten characters (Fukushima & Miyake 1982).

6.2¢ Robotics and control: Artificia vision for autonomous navigation, path
planning with obstacle avoidance, and parallel computation of inverse dynamics are
some o the applications of neural networks in robotics (Kung & Hwang 1989;
Handleman et al 1990; Kuperstein & Wang 1990).

Operation guidance in blast furnace control and modelling nonlinearities in
chemical process control are some of the applications of neural networksin control
areas (Bhat & McAvoy 1989; Konishi et al 1990).

6.2d Automated inspection and monitoring:  Explosive-detection in aircraft luggage,
industrial quality control through visual inspection, forecasting for the utility
industries, sonar signal identification and fault diagnosisfor sensor failurein industrial
plantsare examplesof theapplication of neural networksin inspection and monitoring
situations (Shea & Lin 1989; Naidu et al 1990).

6.2¢ Medical applications: Medical diagnosis, noisefiltersfor cardiac signals, image
processing of ultrasonograms, and discrimination of signals for patient monitoring,
have dal been successfully implemented using networks (Reggia & Suttonn 1988;
Scalia et al 1988).

6.2f Business and finance: Scheduling and inventory control application, bond
rating and asset forecasting in the stock market, exchange-rate forecasting, credit
scoring, and mortgage underwriting haveall demonstrated the successful useof neural
network principlesin business and finance (Collinset al 1988; Dutta & Shekkar 1988;
White 1988).

7. Summary and Trends

Inthistutorial article we have discussed the need for exploring new computing models
for pattern recognition tasks. The importance of distinction between pattern
processing and data processing has been discussed. The promise of the architectures
inspired by thefunctions of biological neural networks has been shown by tracing the
significant developments in artificial neural networks over the past decade. We have
discussed the basics of artificial neural networks in terms of models of neurons,
learning laws, and topology. We have also discussed the types of pattern recognition
problemsthat can besolved by simple architecturesbased on the principles of artificial
neural networks. Complex pattern recognition tasks require specialized architectures.
Some general architectures were discussed for tasks requiring to resolve
stability—plasticity dilemma and for tasksinvolving pattern variability and temporal
patterns.

Themost important issuefor solving practical problems using the principles of ANN
is still in evolving a suitable architecture to solve a problem. This continues to
dominate this research area. ANN research may have to expand its scope to take into
account thefuzzy nature of real world dataand reasoning, and the complex (unknown)
processing performed by the human perceptual mechanism through biological neural
networks.
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It is possible to view research in ANN along the following directions:

(i) Problem level: Involves issues in mapping the real world problems as pattern
processors. This may require good understanding of human information processing
both from the psychologica and the biological angle.

(ii) Basic level: It is necessary to evolve better models of neurons as processing
elements, their interconnections, dynamics (activation and synaptic), learning laws
and recall procedures.

(iii) Functional level: Involves development of basic structures which can solve a
class of pattern recognition problems. These form building blocks for development
of new architectures.

(iv) Architecture level: This requiresideas to evolve new architectures from known
principles, componentsand structuresto solvecomplex pattern recognition problems.
It is possible that the problems may be tailored somewhat to suit the architectures.
(v) Application level: The objective is to solve a given practical problem using
generally the principles of ANN but with ideas from other areas also like physics,
signal processing etc.

This paper is mostly a consolidation of work reported by several researchers in the
literature, some of which is cited in the references. The author has borrowed several
ideas and illustrations from the references quoted in this paper.

The author would like to thank Mr M Babu for his assistance in preparing this
paper and Dr H M Chouhan for his critical comments. The author also thanks the
members of the Speech and Vision Laboratory for their interaction in the seminars
on topics related to neural networks. Finally, this paper would not have come to this
stage but for theinitiative and interest shown by Prof. N Viswanadham of the Indian
Institute of Science, Bangalore. Theauthorisgrateful to himfor hisencouragement.

References

Abu-Mostafa Y S, St. Jaques J M 1985 Information capacity of the Hopfield model. |EEE
Trans. Inf. Theor. 31. 461-464

Ackley D M, Hinton G E, Sgjnowski T J 1985 A learning algorithm for Boltzmann machines.
Cogn. Sci. 9: 147-169

Ahalt S C, Krishnamurthy A K, Chen P, Melton D E 1990 Competitive learning algorithms
for vector quantization. Neural Networks 3: 277-290

Aleksander |, Morton H 1990 An introduction to neural computing (London: Chapman and
Hall)

Bhat N, McAvoy T 1989 Use of neural netsfor dynamic modelling and control of chemical
process systems. Proc. Am. Autom. Contr. Conf., Pittsburgh, pA, pp. 1342-1348

Bienenstock E, von der Malsburg Ch 1987 A neural network for the retrieval of superimposed
connection patterns. Euro. Phys. Lett. 3; 1243-1249

Bottou L, Soulie F F, Blanchet P, Lienard J S 1990 Speaker independent isolated digit
recognition: multilayer perceptrons vs. dynamic timewarping. Neural Networks 3:436-465

Carpenter G A 1939 Neural network models for pattern recognition and associative memory.
Neural networks 2: 138-152

Carpenter G A, Grossberg S 1987 ART2: Self-organization of stable category recognition codes
for analog input patterns. Appl. Opt. 26: 4919-4930

Carpenter G A, Grossberg S 1988 The ART of adaptive pattern recognition by a self-organizing
neural network. | EEE Comput. 21: 77-88



236 B Yegnanarayana

Cohen M, Grossberg S 1983 Absolute stability of global pattern formation and parallel storage
by competitive neural networks. IEEE Trans. Syst., Man Cybern. SMC-13: 815-825

Cole R, Fanty M, Muthuswamy Y, Gopalakrishna M 1992 Speaker-independent recognition
of spoken English letters. Proc. Int. Joint Conf. Neural Networks, San Diego, ca

Collins E, Ghosh S, Scotfield C L 1988 An application of a multiple neural network learning
system toemulation of mortgage underwritingjudgements. |EEE Int. Conf. Neural Networks
(Piscataway, NJ: IEEE Press) 2: 459-466

Cybenko G 1989 Continuous value neural networks with two hidden layers are sufficient.
Math. Control. Signal Syst. 2 303-314

Desal M S 1990 Noisy pattern retrieval using associative memories. M SEE thesis, University of
Louisville, Kentucky

Deuker J, Schwartz D, Wittner B, Solla S, Howard R, Jackel L, Hopfield J 1987 L arge automatic
learning, rule extraction, and generalization. Complex Syst. 1. 877-922

Dotsenko V S 1988 Neura networks. translation-, rotation- and scale invariant pattern
recognition J. Phys. A21: L783-L787

Dutta S, Shekkar S 1988 Bond rating: a non-conservative application of neural networks.
|EEE Int. Conf. Neural Networks (Piscataway, NJ: IEEE Press) 2 443-450

Freeman J A, Skupura D M 1991 Neural network algorithms, applications and programming
techniques (New York: Addison-Wesley)

Fukushima K 1975 Cognitron: A self-organizing multilayer neural network. Biol. Cybern.
20: 121-136

FukushimaK 1988 A neural network for visual pattern recognition. | EEE Comput. 21: 65-75

Fukushima K 1991 Handwritten alphanumeric character recognition by the neocognitron.
IEEE Trans. Neural Networks 2: 355-365

Fukushima K, Miyake S 1982 Neocognitron: a new algorithm for pattern recognition tolerant
of deformations and shifts in position. Pattern Recogn. 15: 455-469

Geman S, Geman D 1984 Stochastic relaxation, Gibbs distributions, and the Bayesian
restoration of images. |[EEE Trans. Pattern Anal. Machine Intell. PAMI-6: 721-741

Gorman R, Sejnowski T 1988 L earned classification of sonar targets using a massively parallel
network. IEEE Trans. Acoust. Speech Signal Process. 36: 1135-1140

Grossherg S 1969 Some networks that can learn, and reproduce any number of complicated
space-time patterns. Int. J. Math. Mech. 19: 53-91

Grossherg S 1980 How does a brain build a cognitive code? Psychol. Rev. 87: 1-51

Grossberg S 1982 Studies of mind & brain (Boston: Reidel)

Grossberg S 1988 Nonlinear neural networks: Principles, mechanisms, and architecture. Neural
networks 1. 17-61

Handleman D H, LaneSH, Gelfand JJ 1990 I ntegrating neural networksand knowledge-based
systems for intelligent robotic control. |EEE Control Syst. Mag. 10(3): 77-87

Hassoun M H 1989 Dynamic heteroassociative memories. Neural Networks 2 275-287

Hebb D 1949 Organization of the behaviour (New York: Wiley)

Hecht-Nielson R 1987 Counterpropagation networks. Appl. Opt. 26: 4979-4984

Hecht-Nielson R 1990 Neurocomputing (Reading, ma: Addison—Wesley)

HertzJ,Krogh A, Richard G P 1991 Introduction to thetheory of neural computation (New Y ork:
Addison-Wesley)

Hinton G E, Sgjnowski T J 1986 Learning and relearning in Boltzmann machines. In Parallel
distributed processing: Explorations in the microstructure of cognition (eds) D E Rumelhart,
J L McClelland (Cambridge, MA: MIT Press) 1: 282-317

Hodgkin A L, Huxley A F 1952 A quantitative description of membrane current and its
application to conduction and excitation in nerve. J. Physiol. 117: 500-544

Hopfield JJ 1982 Neural networksand physical systems with emergent collective computational
capabilities. Proc. Natl. Acad. Sci. (USA)79: 2554—2558

Hopfield J J, Tank D W 1985 Neural computation of decisions in optimization problems.
Biol. Cybern. 52. 141-154

Huang Z, Kuh A 1992 A combined self-organizing feature map and multilayer perceptron for
isolated word recognition. IEEE Trans. Signal Process. 40: 2651-2657

Hush D R, Horne B G 1993 Progress in supervised neural networks. IEEE Signal Process.
Mag. 10: 8-39

Kamp Y, Hasler M 1990 Recursive neural networks for associative memory (Chichester: John
Wiley & Sons)



Artificial neural networks for pattern recognition 237

Kennedy M P, Chau L O 1988 Neura networks for nonlinear programming. |EEE Trans.
Circuits Syst. CAS-35: 554-562 .

Kirkpatrick S, Gelatt C D Jr, Vecchi M P 1983 Optimization by simulated annealing. Science
220: 671-680

Kohonen T 1988 An introduction to neural computing. Neural Networks 1: 3-16

Kohonen T 1989 Self-organizationand associative memory (3rd edn) (Berlin: Springer—Verlag)

Kohonen T 1990 The self-organizing map. Proc. |IEEE 78: 1464-1480

Konishi M, Otsuka Y, Matsuda K, Tamura N, Fuki A, Kadoguchi K 1990 Application of a
neural network to operation guidance in a blast furnace. 3rd European Seminar on Neural
Computing: The Marketplace, London

Kosko B 1988 Bidirectional associative memories. |IEEE Trans. Syst., Man Cybern. 18:
49-60

Kosko B 1990 Unsupervised learning in noise. IEEE Trans. Neural Networks 1. 44-57

Kosko B 1992 Neural networks and fuzzy systems (Englewood Cliffs, NJ: Prentice-Hall)

Krzyzak A, Dali W, Yuen C Y 1990 Unconstrained handwritten character classification using
modified back propagation model. In Frontiers in handwritting recognition (ed.) C Y Suen
(Montreal: CENPARMI)

Kung S'Y, Hwang J N 1989 Neural network architectures for robotic applications. |EEE
Trans. Robotics Autom. 5: 641-657

Kuperstein M, Wang J 1990 Neura controller for adaptive movements with unforeseen
payloads. |IEEE Trans. Neural Networks 1(1): 137-142

Lang K J, Waibel A H, Hinton G E 1990 A time-delay neural network architecture for isolated
word recognition. Neural Networks 3(1). 23-44

LeCun Y, Boser B, Denker J S, Henderson D, Howard R E, Hubbard W, Jackel L D 1989
Back propagation applied to handwritten zipcode recognition. Neural Comput. 1: 541-551

Lippmann R P 1987 An introduction to computing with neural nets. |[EEE Trans. Acoust.
Speech Signal Process. Mag. (April): 4-22

Lippmann R P 1989a Review of neural networks for speech recognition. Neural Comput. 1(1):
1-38

Lippmann R P 1989b Pattern classification using neural networks. | EEE Commun. Mag. (Nov):
47-64

Lishoa P G P 1992 Neural networks current applications (London: Chapman & Hall)

MaaC Y, Chin C, Shanblatt M A 1990 A constrained optimization neural net techniques for
economic power dispatch. Proc. 1990 (New Y ork: IEEE Press)

Marcus A, van Dam A 1991 User-interface developments for the nineties. 1 EEE Comput. 24:
49-57

McCulloch W S, Pitts W 1943 A logical calculus of the ideas immanent in nervous activity.
Bull. Math. Biophys. 5. 115-133

Michel A N, Farrell J A 1990 Associativememoriesviaartificial neural networks. | EEE Control
Syst. Mag. (April): 6-17

Minsky M, Papert S-A 1988 Perceptron (Cambridge, Ma: MIT Press)

Muller B, Reinhardt J 1990 Neural networks: An introduction (Berlin: Springer—Verlag)

Murakami K, Aibara T 1987 An improvement on the Moore-Penrose generalized inverse
associative memory. |EEE Trans. Syst. Man. Cybern. SMC 17: 699-706

Naidu S R, Zafiriou E, McAvoy T J 1990 Use of neural networks for sensor failure detection
in a control system. |EEE Control Syst. Mag. 10(3): 49-55

Nasrabadi N M, King R A 1988 Image coding using vector quantization: A review. |EEE
Trans. Commun. 36: 957-971

Naylor J, Li K P 1988 Analysisof a neural network agorithm for vector quantization of
gpeech parameters. Neural Networks 1 (Suppl): 310

Pal SK, MitraS 1992 Multilayer perceptron, fuzzy sets, and classification.| EEE Trans. Neural
Networks 3. 683-697

Raghu P P, Chouhan H M, Yegnanarayana B 1993 Multispectral image classification using
neural network. Proc. Natl. Conf. on Neural Networks, Anna University, Madras (NCNN):
1-10

Rauch H E, Winarske T 1988 Neura networks for routing communications traffic. |[EEE
Control Syst. Mag. (April): 26-31

ReggiaJ A, Suttonn G G 1988 I11. Self-processing networksand their biomedical implications.
Proc. |[EEE 76: 680-692



238 B Yegnanarayana

Rosenblatt F 1958 A probabilistic model for information storage and organization in the brain.
Psychol. Rev. 65: 386-408

Rosenblatt F 1962 Principles of neurodynamics (Washington, bc: Spartan)

RumelhartD, McClelland J 1986 Parallel distributed processing: Explorations in the microstructure
of cognition (Boston: MIT Press) vol. 1

Rumelhart D E, Zipser D 1986 Feature discovery by competitive learning. Parallel and
distributed processing (eds)J L McClelland, D E Rumelhart 1: 151-193

Scdia F, Marconi L, Ridella S, Arrigo P, Mansi C, Mela G S 1988 An example of back
propagation: diagnosis of dyspepsia. Ist IEE Conf. Neural Networks (1Ee Conf. Publ.) 313:
332-540

Schalkoft R 1992 Pattern recognition — Statistical, structural and neural approaches(New Y ork:
John Wiley & Sons)

Seibert M, Waxman A 1989 Spreading activation layers, visua saccades, and invariant
representations for neural pattern recognition systems. Neural Networks 2 9-27

Sginowski T, Rosenberg C 1987 Parallel networksthat learn to pronounce English text. Complex
Syst. 1. 145-168

Shea P M, Lin V 1989 Detection of explosivesin checked airline baggage using an artificia
neural system. Int. Joint. Conf. on Neural Networks 2 31-34

Simpson K P 1990 Artificial neural systems (New York: Pergamon)

Simpson K P 1992 Foundations of neural networks in artificial neural networks (eds) Edgar
Sanchez-Sinencio, Clifford Lau (New York: (EEE Press)

Szu H 1986 Fast simulated annealing. In Neural networks for computing (ed.) J S Denker
(New York: Snowbird)

Tagliarini G A, Page E W 1988 A neura network solution to the concentrator assignment
problem. Neural information processing systems (ed.) D Z Anderson (New York: Am. Inst.
Phys.)

von der Masburg Ch 1973 Self-organization of orientation sensitivecdlsin the striate cortex.
Kybernetik 14: 85-100

Waibel A 1989 Modular construction of time-delay neural networks for speech recognition.

. Neural Comput. 1. 39-46

Wasserman P D 1988 Combined backpropagation/cauchy machine. Neural networks: Abstracts
of the first INNs Meeting, Boston (Elmsford, Ny: Pergamon) 1: 556

WhiteH 1988 Economic prediction using neural networks: the case of IBM daily stock returns.
Neural networks: Abstracts of the First INNS Meeting, Boston (Elmsford, NY: Pergamon)
1 451-458

Widrow B, Hoff M E 1960 Adaptive switching circuits. IRE WESCON Convention Record
(4):96-104

Willshaw D J, von der Malsburg Ch 1976 How patterned neural connections can be set up
by self-organization. Proc. R. Soc. London B194: 431-445

Zurada J M 1992 Introduction to artificial neural systems (St. Paul, MN: West)





