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Abstract. This paper informs a statistical readership about Artificial
Neural Networks (ANNs), points out some of the links with statistical
methodology and encourages cross-disciplinary research in the directions
most likely to bear fruit. The areas of statistical interest are briefly out-
lined, and a series of examples indicates the flavor of ANN models. We
then treat various topics in more depth. In each case, we describe the
neural network architectures and training rules and provide a statistical
commentary. The topics treated in this way are perceptrons (from single-
unit to multilayer versions), Hopfield-type recurrent networks (including
probabilistic versions strongly related to statistical physics and Gibbs
distributions) and associative memory networks trained by so-called un-
superviszd learning rules. Perceptrons are shown to have strong as-
sociations with discriminant analysis and regression, and unsupervized
networks with cluster analysis. The paper concludes with some thoughts
on the future of the interface between neural networks and statistics.

Key words and phrases: Artificial neural networks, artificial intelli-
gence, statistical pattern recognition, discriminant analysis, nonpara-
metric regression, cluster analysis, incomplete data, Gibbs distributions.

1. INTRODUCTION

Given an appropriate notational convention, Fig-
ure 1 gives a diagrammatic representation of a mul-
tiple linear regression model in which the expected
response, y, is related to the values x = (xy,...,xp)
of covariates according to

p
y=wo+ Z W;x;.
Jj=1

The notational convention is that the circle repre-
sents a computational unit, into which the x;’s are
* fed and multiplied by the respéctive w;’s. The re-
sulting products are added and then a further wy is
added to provide the eventual output. In this way,
we create a neural network representation of a very
familiar statistical construct, because Figure 1 is a
version of a standard neural network called the sim-
ple or single-unit perceptron.
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In general, neural networks are (the mathemat-
ical models represented by) a collection of simple
computational units interlinked by a system of con-
nections. The number of units can be very large and
the connections intricate.

Neural networks are used for many applications
of pattern classification and pattern recognition:

e Speech recognition and speech generation

e Prediction of financial indices such as currency
exchange rates

e Location of radar point sources

e Optimization of chemical processes

e Target recognition and mine detection

e Identification of cancerous cells

¢ Recognition of chromosomal abnormalities

e Detection of ventricular fibrillation

e Prediction of re-entry trajectories of spacecraft

e Automatic recognition of handwritten charac-
ters

o Sexing of faces

¢ Recognition of coins of different denominations

e Solution of optimal routing problems such as
the Traveling Salesman Problem

e Discrimination of chaos from noise in the pre-
diction of time series
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Fic. 1. A simple (single-unit) perceptron.

In addition, we use neural networks in robotics
and in computer vision, as in the creation of a net-
work that responds to certain visual stimuli in a way
similar to the brain. Such neurological-type exam-
ples are, as yet, less common than the more prosaic
applications listed in the previous paragraph. This
is in spite of the fact that the initial stimulus for
the development of ANN models was an effort to un-
derstand more deeply how the brain works and to
construct a mechanism that would function in the
same way.

The aim of artificial intelligence and neuroscience
was to require the construction of a system that
could compute, learn, remember and optimize in
the same way as a human brain! It would not be
sufficient to have a black box that came up with
the right answers; rather, the answers had to be
achieved by “human” mechanisms. It is generally
accepted that this holy grail is still distant, and the
pursuit continues. The explosive growth of activity
in neural networks has, however, occurred because
the frameworks that seemed reasonable prototypes
for neurological modeling have been adopted and
further developed as computational tools for many
other fields. In particular, there are certain areas
of this topic that are worthy of close attention from
statisticians.

This paper is structured as follows: Section 2
gives some general reasons why statisticians should
be interested in at least some of the neural-network
research and, conversely, why neural-network spe-
cialists should be aware of certain statistical re-
search. Section 3 provides the flavor of the topic

through a series of examples. Sections 4 through
6 look at three broad areas in more depth. In each
area, we outline the basic neural-network methodol-
ogy, in terms of network architectures and training
algorithms, and then present a commentary on the
most important statistical points of contact. In par-
ticular, the commentary sections, while giving broad
indications of the interface, include fairly detailed
references to the relevant neural-network literature
and, to a lesser extent, to the corresponding statis-
tical literature. Section 4 looks at the feed-forward
networks known as perceptrons, which are usually
trained by a so-called supervized-learning procedure
and which are used in contexts strongly related to
discriminant analysis, regression and time-series
analysis. Section 5 considers Hopfield-type recur-
rent networks: probabilistic versions, such as the
Boltzmann machines, have many points of contact
with statistical physics and Markov random fields,
through their association with Gibbs distributions.
Section 6 discusses networks trained by unsuper-
vized learning, emphasizing their relationship with
cluster analysis. Section 7 discusses the future of
common interests in neural-network and statistical
research. Important areas include methods for de-
signing network architecture (model choice), meth-
ods for assessing performance, methods for parame-
ter estimation and the identification of problem ar-
eas in which the neural-network approach is neces-
sary.

The literature on ANNs is vast and is expanding
rapidly. We found the texts by Muller and Reinhardt
(1990) and Hertz, Krogh and Palmer (1991) and
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the review by Hinton (1989) of particular interest.
Johnson and Brown (1988) provide an informal and
readable account of the history, personalities and
possible future directions of the field. Important,
more specialized monographs include those of Min-
sky and Papert (1969, 1988), Rumelhart, McClel-
land, and the PDP Research Group (1986) and Amit
(1989). In addition, there are increasingly many
compilations, usually representing published con-
ference proceedings. These include Anderson and
Rosenfeld (1988), Aleksander (1989), Antognetti and
Milutinovie (1991), Eckmiller (1990), Eckmiller and
Von Der Malsburg (1988), Eckmiller, Hartmann and
Hauske (1990), Kohonen et al., (1991) and Gelenbe
(1991b). One such volume (Sethi and Jain, 1991)
makes a specific claim to try to draw together the
fields of ANN research and statistical pattern recog-
nition, and Hunt et al. (1992) alerts the control
engineering community to the relevance of neural
networks to their subject.

Several research journals are dedicated to the
field, but the total coverage includes dozens of other
journals in the literatures of engineering, theoret-
ical biology, pattern recognition, artificial intelli-
gence, computer science, theoretical physics, ap-
plied mathematics and, embryonically, statistics.

2. WHY SHOULD STATISTICIANS BE
INTERESTED?

Statisticians should become aware of, and in-
volved in, research related to neural networks on
several grounds.

2.1 Neural Networks Provide a Representational
Framework for Familiar Statistical Constructs

Many ideas and activities familiar to the statis-
tician can be expressed in neural-network notation.
Our paper started with one simple case (which we

will discuss further in Section 4.3), but they in-

clude regression models from simple linear regres-
sion to projection pursuit regression, nonparamet-
© ric regression (Specht, 1991), generalized additive
models and others (see Section 4.3.2). Also included
are many approaches to discriminant analysis such
as logistic regression, Fisher’s linear discriminant
function (LDF) and classification trees, as well as
methods for density estimation of both parametric
and nonparametric types: the former is exemplified
by finite mixture models (Tr&vén, 1991), and the lat-
ter is exemplified by kernel-based density estima-
tion (Specht, 1990). Finally, we can include graph-
ical interaction models. We refer to the statistical
literature on these topics during the text.

In most of these cases, the statistician may re-
act to the fact that familiar entities can be given

a (usually pictorial) representation by adopting
neural-network notation with a “so what?” atti-
tude. However, the relationship is clearly introduc-
ing the neural-network community to certain statis-
tical ideas, and the points of contact in certain ar-
eas, nonlinear regression, in particular, are leading
to important research under some of the following
headings.

2.2 Many Common Problems of Modeling and
Inference Have Both Statistical and
Neural-Network Treatments

Even for the small list of applications in Section 1,
statisticians will feel that they should have some
technique in their own armory to carry out a suit-
able analysis. Given a pattern classification prob-
lem and a training set of previously classified items,
the statistician would probably try to construct an
appropriate discriminant function to classify future
items. The simplest version of this for the 2-class
problem is Fisher’s LDF (Fisher, 1936; Hand, 1981),
in which the classification decision depends on the
sign of
(1) wlx +w,
where x is the vector of indicants or feature vari-
ables corresponding to the new item and w and wy
are, respectively, a vector of coefficients and a scalar.
Fisher’s LDF corresponds to a particular formula for
w and w, expressed in terms of the training data. In
the neural-network literature, linear discriminant
functions such as (1) are also proposed, represent-
ing the single-unit perceptron alluded to in Section
1. The practical difference between this device and
the statistical version lies in the way the training
data are used to dictate the values used for w and
wo. They will almost never correspond to Fisher’s
LDF, and it is natural to enquire about the extent
to which the two methods differ; see Section 4.1 for
further details.

Discriminant analysis can be thought of as a spe-
cial type of regression or prediction problem with an
indicator variable or vector as the response. Many
of the practical problems dealt with using neural
networks concern regression or prediction in a more
general sense. It turns out that there are two main
aspects to the treatment of any given practical prob-
lem:

(i) specifying the architecture of a suitable net-

work; and
(ii) training the network to perform well with ref-
erence to a training set.

When, as in the context of discriminant analysis, the

training set consists of previously classified items,
(ii) is called a supervized learning procedure.
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To the statistician, this is equivalent to

(i) specifying a regression model; and
(ii) estimating the parameters of the model given
a set of data.

The differences between the two approaches lie
in the ways in which (i) and (ii) are handled. The
neural-network specialist will resolve (i) by con-
structing a network of nodes and links from which
a regression function can be written down, whereas
the statistician usually extracts the regression func-
tion as the mean of a conditional probability model
for the response, given the covariates. Whichever
approach is taken, (i) clearly poses questions of
model choice. As far as (ii) is concerned in the
neural-network literature, the network is adjusted
to predict the responses of the training data as well
as possible. The statistician, however, will typically
resort to some general technique, such as maximum
likelihood estimation, Bayesian inference or some
nonparametric approach. In some cases, the neural-
network recipe turns out to be equivalent to maxi-
mum likelihood analysis if a familiar error struc-
ture is assumed. However, the traditional neural-
network approach proposes an optimality criterion
without any mention of ‘random’ errors and proba-
bility models.

The most common neural-network approach to
regression-type problems is multilayer perceptrons
and generalizations of single-layer perceptrons.
They are discussed in more detail in Section 4.2 and
are compared with statistical competitors. These
competitors are virtually all representable as mul-
tilayer perceptrons; however, they are typically com-
paratively simple in form, in contrast to some of the
very intricate networks that have been constructed,
after considerable time and effort, to treat specific
applications. For an example, see the discussion
of the recognition of hand-written Zip-code charac-
ters in Example 3.2. It is important to investigate
to what extent ‘standard’ prescriptions can compete
with custom-built networks, to look critically at ap-
proaches to network design (model choice) and to
compare the different approaches to the (usually)
heavy numerical optimization exercise required to
train the networks in stage (ii) above.

As with discriminant analysis and regression, an-
other activity common to the two research commu-
nities is what statisticians refer to as cluster anal-
ysis: a set of multivariate observations have to be
organized or, in a sense, organize themselves into a
number of mutually disparate, but internally com-
pact, groups or clusters. The number of clusters
may or may not be prescribed.

One way to think of cluster analysis is as a dis-
criminant analysis but without the knowledge of the

true class identifiers for the training set. In the
terminology used in the neural-network literature,
this represents unsupervized learning, and we shall
discuss a few networks that self-organize using un-
supervized learning rules to recognize certain types
of pattern.

2.3 Statistical Techniques Are Sometimes
Implementable Using Neural-Network
Technology

We remarked in Section 2.2 that Fisher’s LDF
provided one linear rule for 2-class discriminant
analysis. The neural-network community have
their own ways of constructing linear rules, but
they also have a particular method for comput-
ing the Fisher’s LDF itself (Kuhnel and Travan,
1991). In addition, there are neural-network pro-
cedures for computing quadratic discriminant rules
(Lim, Alder and Hadingham, 1992) for calculat-
ing principal components (Oja, 1982; Sanger, 1989)
for approximating Bayesian probabilities (Richard
and Lippmann, 1992) and even for approximating
the rejection region for the elementary likelihood-
ratio test between two simple hypotheses (Bas and
Marks, 1991). The statistical community might ex-
press surprise that there is any need for a new
approach to these familiar procedures in applied
matrix algebra, in view of the existence of well-
tried packages for eigenanalysis. However, stan-
dard packages impose a limit on the size of matrix
that can be treated, and some neural-network ap-
plications involve data of very high dimension.

2.4 Some Neural Networks Have Probabilistic
Elements

In most applications of neural networks that gen-
erate regression-like output, there is no explicit
mention of randomness. Instead, the aim is func-
tion approximation. Although the optimality cri-
terion used to choose the approximant may be a
least-squares criterion or a cross-entropy function,
there is no thought that this criterion should be in-
terpreted as a log-likelihood function.

However, some networks do have explicit prob-
abilistic components in their definition. Of par-
ticular interest are probabilistic versions of Hop-
field networks, and developments thereof, such as
Boltzmann machines. We will discuss these in Sec-
tion 5.2. It is often possible to identify such net-
works with certain exponential family distributions
(Gibbs/Boltzmann distributions). There is relevant
material in the statistical physics literature as well
as in the modern statistical literature related to ap-
plications of simulated annealing, Gibbs sampling
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and generalizations thereof and the information ge-
ometry associated with S. Amari and others.

2.5 An Increasing Effort to Embed Neural
Networks in General Statistical Frameworks

There is an accelerating trend in neural-network
literature to apply general statistical methodology.
In some cases, the discussion is specific to the exam-
ple: in speech recognition, for instance, there is cur-
rent activity in comparing and blending multilayer
perceptrons and hidden Markov (chain) models
(Bourlard, 1990; Bourlard and Morgan, 1991; Bri-
dle, 1992; Bengio et al., 1992). However, more gen-
eral work exists, particularly in applying Bayesian
formulations and methodology in the modeling of
neural networks. Representative references are
Buntine and Weigend (1991) and MacKay (1992a,
b). See Section 4.3.5 for a more detailed discussion.

3. ELEMENTAL ASPECTS OF ARTIFICIAL
NEURAL NETWORKS

3.1 The Neurological Origins of ANN Research

It is a mere half-century since the publication
of arguably the first paper on ANN modeling by
McCulloch and Pitts (1943). The early motivation
was in artificial intelligence. It sought to discover
why the human brain, although comparatively in-
adequate in terms of speed of serial computation,
was spectacularly superior to any conceivable von
Neumann computer in performing many thought
processes or cognitive tasks. Modern microchips
carry out, in nanoseconds, elementary operations for
which the human brain requires milliseconds; yet
the brain has little difficulty in correctly and imme-
diately recognizing familiar objects from unfamiliar
angles, an operation that would severely tax conven-
tional computers. The crucial difference, therefore,

lies not in the essential speed of processing but in

the organization of the processing.

A key is the notion of parallelism or connection-
~ ism. The processing tasks in.the brain are dis-
tributed among about 10! — 1012 elementary nerve
cells called neurons. Each neuron is connected to
many others, can be activated by inputs from else-
where and can likewise stimulate other neurons.
The brain very quickly achieves complex tasks be-
cause of the vast number of neurons, the complex
interneuron connections and the massively parallel
way in which many simple operations are carried
out simultaneously.

Other important characteristics of neurologi-
cal activity are those of adaptability and self-
organization. As we broaden our experience, our
brain has to adapt in order to assimilate new knowl-

edge and perspectives, and aspects of the neural
structure have to organize themselves accordingly.

Research in artificial intelligence aims to discover
and emulate the precise structure and mode of op-
eration of the neural network in a real brain. This
will involve expertise in psychology, neuroscience
and computer science. Here we exploit, in nonneu-
rological contexts, the structure of a large number of
simple computational units interlinked in an appro-
priate way and with a well-defined mechanism for
learning and adapting itself from experience, that
is, from data.

3.2 The Structure of ANN Models

A basic feature of ANN models is a representation
of a single neuron. Figure 2a provides a schematic
diagram of a real neuron: its main features are the
nucleus within the cell body (or soma), the axon and
the nerve fibres (dendrites) leading from the soma.
The axon sprouts root-like strands, each one ter-
minating at a synapse on a dendrite or cell body
of another neuron. A typical axon generates up to
103 synaptic connections with other neurons, and it
is clear that the global system of connections in a
brain is vastly complicated.

Figure 2b contains an even more crude represen-
tation of the neuron. This reveals the neural sys-
tem as a directed graph involving nodes (the neu-
ron cell bodies), sometimes called units, and intern-
odal connections or links (the synaptic links). Sig-
nals are transmitted within pairs of units; sets of
nodal outputs are created on the basis of inputs from
other units; and the whole system evolves through
time. A seminal step, taken by McCulloch and Pitts
(1943), was to conceive a simple artificial neuron
with the following structure (Figure 2c).

The McCulloch-Pitts neuron receives inputs from
each of a set of other units that provide binary (+1)

inputs x = (xy,...,%,) and output
p

(2) Yy =8gn ZLijj+wo .
J=1

The McCulloch-Pitts neuron is just a “binary” ver-
sion of the regression net in Figure 1. In (2), the
{wj,j =1,...,p} are called connection weights, con-
nection strengths or connectivities; wy is a bias term
and sgn(-) denotes the sign function. In the trivial
regression net of Figure 1, the connection weights
are regression slope parameters and the bias is the
intercept. In neurological terminology, the neuron
fires (y = +1) or fails to fire (y = —1) accordingly as

p
> wjxj +wo > 0 (< 0).
J=1
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FiG. 2a. Schematic diagram of real neuron.
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neurons
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FiG. 2b. Elemental version of 2a.

In general, the input-output relationship at a neu-
ron takes the form

3) y = f(glx,w)),

where f and ¢ are prescribed functional forms, x rep-
resents the inputs (not necessarily binary) and w are
the connection weights associated with connections
leading into the unit. The function f is called the
activation function.

Although there seems to be a redundancy in (3) in
using both f and ¢, it is helpful to use this notation.
Usually, ¢ is linear as in (2), and f is chosen from a
small selection of functions, including the following:

o f(u) = sgn(u) = f,(u), the hard limiter nonlin-
earity, produces binary (+1) output.

o f(u) = {sgn(u) + 1}/2 produces binary (0/1) out-
put.

o f(u) = (1+e7*)"! = f,(u), the sigmoidal (logistic)
nonlinearity, produces output between 0 and 1.

e f(u) = tanh(u) produces output between —1 and
1.

e f(u) = (u), produces a non-negative output.

e f(u) = +1 with probability f;(z) and f(u) = —1
with probability 1 — f;(u) provides random bi-
nary (+1) output via logistic regression (Bridle,
1990).

e f(u) = u is of course linear, as in our very first
example in Section 1.

In practice, the units will usually have more than
one output strand. The art of network construction
in ANNSs is to use simple individual units but to link
together enough of them and in a suitable manner
to solve a particular problem.
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FI1G. 2¢c. The McCulloch-Pitts neuron.

y=sgn (x,-x ),

X

Z
y=sgn (x,-x ),

X,

F16.3. A network for finding the larger of two positive numbers, given eventually by z = { %(xl —x2)++%(x1+x2)+ %(xg —%1)+}+ = max(x;, xg).

3.3 Some lllustrative Examples

Example 3.1.  This first example, taken from
the helpful review by Lippmann (1987), is trivial
and non-statistical; but it helps to reinforce the no-
tation. The network in Figure 3 identifies which of

two nonnegative numbers is the larger, as well as
displaying the number itself. The “inputs” are the
two numbers (x;,%2), and there are three “output”
nodes at the top: one fires (y; = 1) if x; > x9, the
second fires (yz = 1) if x2 > x; and the third displays
z = max(x;,x2). In the middle, there are two more
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nodes, called hidden nodes with outputs (vy,vs),
that contribute towards the calculation. Figure 3
shows the network architecture, suitable values for
the connection weights, the activation functions re-
quired at the different nodes and the progression
of the calculation through the network. Solid discs
correspond to units with hard-limiter nonlinearities
(f(u) = sgn(u) = f,(w)) and open circles to units with
nonlinearities f(z) = (z),. Hidden units, which have
no direct physical meaning and are, therefore, some-
what analogous to latent variables, are a feature of
most practical ANN models.

In simple problems like this, we can both con-
struct a network and assign activation functions and
weights that do the required job perfectly. In most
applications, however, this is not feasible, and the
network is used only as an approximation in the
same spirit as statistical modeling. This naturally
complicates the issues of designing the architecture
and activation functions and choosing the associated
parameters (the connection weights and biases).

Example 3.2. A network for Zip-code recognition.
As an example of a much larger network, we con-
sider the one developed by Le Cun et al. (1989) for
recognizing hand-written Zip-codes. The training
data consisted of 7291 hand-written Zip-code dig-
its preprocessed to fit a 16 x 16 pixel image with
grey levels in the range —1 to +1. In this case, the
dimensionality of each input, x, is p = 256.

The network architecture, depicted in Figure 4,
consists of an input layer of 256 units (laid out, in
view of the context, as a 16 x 16 array) leading up
through three layers of hidden units to an output
layer of 10 units that corresponds to the desired dig-
its {0,1,...,9}. The essence of the construction of
the three hidden layers {H;,Hs,H3} and the inter-
layer connections is as follows (for more detail, see
Le Cun et al., 1989):

1. Layer H;. This layer contains 768 units ar-
ranged in 12 8 x 8 squares. Each unit in each
of the 8 x 8 squares receives inputs from a 5 x5
square receptive field within the input image.
The receptive fields leading to adjacent units in

' the H,-layer are two pixels apart so that the in-
put image is undersampled and some informa-
tion about position is lost. All units in a given
8 x 8 Hy-square use the same connection weight
but have different biases. Thus, the H;-layer
acts as an array of feature detectors picking up
features without regard to position. The num-
ber of parameters involved in the (input — H;)
connections is clearly (25 x 12) + 768 = 1068.

2. Layer H,. This layer contains 12 4 x 4 squares
of units. The connections from H, to H; are

similar in character to those from the input
layer to H;, and the Hs-squares are also de-
signed to detect features. Each Hs-unit com-
bines information from 5 x 5 squares, identi-
cally located in 8 of the 12 squares in H;. Thus,
200 H;-units contribute to the input of each H,-
unit. As before, the sets of weights (but not the
biases) for all 16 units in a given 4 x4 square in
H, are constrained to be the same. Thus, asso-
ciated with the 192 H,-units, there are 12 x 200
connection weights and 192 biases: a total of
2592 free parameters.

3. Layer Hs. Layer Hj is straightforward, con-
sisting of 30 units. The scheme of connections
is straightforward too, all H, units being linked
with all H3 units. (The two layers are fully con-
nected.) This results in (30x192)+30 = 5790 pa-
rameters. Layer Hj is, in turn, fully connected
to the output layer, requiring (10x30)+10 = 310
parameters.

Altogether, therefore, the network involves 1256
units, 63,660 connections and 9760 independent pa-
rameters! The part of the network above layer Hj
enables a flexible discriminant rule to be created
based on what are presumed to be useful classifica-
tion features created in the Hs-units.

This network represents a very highly parameter-
ized model, but the training data set was also large,
of the form {(x™,z"),r = 1,...,7291}, in which
each 2 represents 256 pixels and each 2z is a 10-
dimensional indicator of the true digit. The network
belongs to the class of multilayer perceptrons, men-
tioned earlier in Section 2.2 and discussed in more
detail in Section 4.2, where the issue of training is
also described. When Le Cun et al. (1989) applied
the resulting discriminant rule to the training set,
only 10 (0.14%) of the 7291 images were misclassi-
fied. As usual, this is an unrealistically low error
rate so far as predicting future performance is con-

" cerned. When the rule was applied to a test set of

2007 further digits, 102 (5.0%) mistakes were made.

The level of performance of an ANN on the uni-
verse of possible data (not just on the training data)
is called its generalization ability; empirical assess-
ment normally requires a large test set of typical
cases. Generalization ability is impaired if the ANN
is overfitted to the training data, usually by allowing
too many free parameters. For the Zip-code prob-
lem Le Cun et al. (1990) further reduced the num-
ber of free parameters by a factor of about four and
achieved a substantial improvement in performance
on the test set.

Example 3.3. NETtalk (Sejnowski and Rosen-
berg, 1987). Figure 5 displays the architecture of
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10 output O
units

Layer Hj
(30 hidden

units)

Layer H,
12x4x4=192

hidden units)

Layer H;
12x8x8=768
hidden units)

4

9 fully connected
(300 links)

fully connected
(5760 links)

| 192 x (8x5x5)
=38400 links
(See text)

768 x 25
= 19200 links
(See text)

F1G. 4. The network developed by Le Cun et al. (1989) for Zip-code recognition.

the NETtalk network designed to learn to speak
English. The network scans English text and, at
any instant, seven consecutive characters make up
the input. The corresponding output is a phoneme
code, subsequently transmitted to a speech genera-
tor, that represents the symbol at the middle of the
input window. There were 7 x 29 input units rep-
resenting indicators of the presence/absence in each
of the seven positions of members of the alphabet

of 26 letters and 3 punctuation characters. There
were 80 units in the single hidden layer and 26 out-
put units. As in Example 3.2, it is envisaged that
the hidden units create useful discriminant features
that are merged into a powerful classification rule
at the output layer. A training set of 1024 words
and their associated phoneme codings led to the cre-
ation of intelligible speech after 10 iterations of the
learning rule and to 95% accuracy after 50 itera-
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Fi1c. 5. Structure of network used in NETtalk.

tions. The learning behavior resembled a child’s
early speech in that the first features apprehended
were the points of separation between words. Some
of the hidden units could be given interpretations,
for instance, as discriminators between vowels and
consonants. Again, note the analogy with latent
variables in statistics.

Generalization ability was assessed using a test
set, and 78% accuracy was achieved, representing
quite intelligible speech. If the network was “dam-
aged” by removing some hidden units, performance
was degraded a little but recovered after retrain-
ing (i.e., reestimating the remaining parameters).
Resistance to partial damage is an important prop-
erty of neural networks in contrast to serial com-
puting, in which a single small change or error
can have catastrophic consequences. Sophisticated
rule-based speech generators often out-perform ma-
chines such as NETtalk, but the latter does well in
view of its simplicity of construction and training.

Examples 3.2 and 3.3 are both examples of mul-
tilayer perceptrons of which there is a multitude
of further applications including medical prognosis
(Lowe and Webb, 1990). In fact, they are so com-
mon that the phrase “Artificial Neural Networks” is
often taken to be synonymous with “multilayer per-
ceptrons.” However, there are other types of net-
work architecture with important applications, and
we give a taste of these next.

Example 3.4. An associative (Hopfield) network
for digit recognition. The training set in Exam-
ple 3.2 contained many cases from each of the

ten underlying classes, corresponding to the digits
{0,1,...,9}. In associative memories, each class is
represented by an exemplar. When an observed pat-
tern, usually a partial or noisy version of an exem-
plar, is presented, the memory should identify the
correct uncorrupted exemplar. The concept underly-
ing such ANN models is to mimic the capacity of the
human brain to store a library of patterns and to be
able to associate one of them with a newly observed
pattern. The term content-addressable is also used
in that the observed pattern is identified (correctly,
one hopes) on the basis of its content.

Figures 6a and 6b display the results of the ap-
plication of a basic, deterministic, Hopfield network
(Hopfield, 1982) to digit recognition. The digits are
presented as 9 x 7 binary images; thus each pattern

_x is p-dimensional, where p = 63. The learning pro-

cess (i.e., the method of storing the exemplars in the
memory) and the rule for processing observed pat-
terns are described in Section 5.1. Here we merely
report some results.

Figure 6a shows the exemplars and the result of
presenting the pure exemplars to the trained net-
work. The digits {4,6,7} are correctly recognized
and 0 almost is, but the rest are not! Table 1 gives
the distances, in terms of the numbers of pixels on
which they disagree, between the final states and
the desired exemplars. It also shows how many it-
erations were required.

Figure 6b explores the robustness of the memory
when the pure 4 and 7 are distorted by error. The
colour of each pixel was changed, with probability
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F1G. 6a. Performance of Hopfield network on pure exemplars.

TABLE 1
Some quantitative indices on the performance for Figure 6a: (-) denotes number of pixels different from exemplar; [-] denotes number of
iterations needed for convergence

Pure exemplar 0 1 2 3

4 5 6 7 8 9

Limit point (1) [1] aEe] anMe M2

@ O o1 (o]

anml anisi

7 € {0(0.05)0.25}, independently of the other pixels.
Table 2 provides quantitative results as in Table 1.
" For more discussion of this example see Cheng and
Titterington (1994).

In Section 5, we will look at Hopfield networks
in more detail. In particular, we will reveal the re-
lationship between probabilistic versions and such
topics as spin-glass models, Gibbs distributions,
Markov chain Monte Carlo and the EM algorithm.

Example 3.5. Cluster analysis by adaptive reso-
nance theory (ART). In cluster analysis, it is un-
common for the number of clusters, let alone their
locations, to be specified beforehand. Instead, the
analysis uses a training set of (unclassified) items,

according to some unsupervized learning algorithm,
and allows the number of clusters to be determined
by the data. In adaptive resonance theory (ART)
(Carpenter and Grossberg, 1988) cluster centers are
created and are modified, and the associated clus-
ters grow as items in the training set are sequen-
tially incorporated. A new item is either assigned
to an existing cluster and the cluster center adapted
accordingly, or it becomes the center of a new clus-
ter if implausibly far from (that is, if it does not
“resonate” with) any existing cluster center.

Example 3.6. Representation of distributions us-
ing feature maps. Figure Ta shows a single-layer
network typical of simple versions of Kohonen’s self-
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F1G. 6b. Performance of Hopfield network on error-corrupted input.

TABLE 2
Some quantitative indices on the performance for Figure 6b: (-) denotes number of pixels different from exemplar; [-] denotes number of
iterations needed for convergence

™ 0 0.05 0.1 0.15 0.2 0.25

Initial input: 4 ) (2) (2 (14) 11 (16)
Limit point ) 0 [1] (0) [1] (25) 3] (28) [3] (32) [5]

Initial input: 7 (0) (2) (® (10) (12) (15)
Limit point ) (0 [1] W] 0)[1] (28) [3] (24) (5]

organizing feature maps. The inputs here are of
dimension p = 2, and there are full connections to
the output units. The aim is to display the main
features of the (frequency) distribution of input vec-
tors. A particular learning rule (see Section 6.1)
updates the weight vectors between the inputs and
the output units as input vectors are presented. Any
given input vector causes a particular output node
to fire, leading to changes in the weights along the
corresponding links and also, but usually to a lesser
degree, to changes in weights along links to neigh-
boring output nodes. There may also be lateral con-
nections between pairs of output nodes: excitatory
(positive weights) if the nodes are close, inhibitory
(negative weights) between somewhat more distant

nodes and, ultimately, as internodal distance in-
creases, of zero strength.

After the training phase, a plot can be drawn of
the weight pairs (one from each input link) associ-
ated with the output nodes. Figure 7b, analogous
to Figure 9.12 of Hertz, Krogh and Palmer (1991),
schematically shows the result of training an 8 x 8
output layer based on a very long sequence of bi-
variate observations uniformly distributed on, re-
spectively, a disc, a triangle and an L-shape. The
distribution of the input-to-output weight pairs, rep-
resented as the 64 mesh points in the plots, reflects
the uniformity.

Kohonen (1990) lists many applications of
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X X

inputs

F1G. 7Ta. Kohonen network.

F1G. Tb. Schematic performance on uniform data on various spaces.

this method, including representation of speech
phonemes and colours and imitation of both speech
(the Finnish phonetic typewriter) and handwriting.

In the following sections we describe more for-
mally some of the main types of network, the as-
sociated learning rules and the important areas of
common research interest with statistics.

4. MULTILAYER PERCEPTRONS

‘Networks are used in practice to process a set of
items, such as speech patterns or digits requiring
recognition or patients requiring diagnosis. Each
item is associated with a p-vector, x, of measurable
features and a target, z, which represents, for in-
stance, the indicator of the true speech pattern, digit
or disease category or a more general response. The
target, z, is often a vector. The network receives the
vector x as inputs and creates a (set of ) outputs, y,
as a predictor of the unknown z. The “formula” for
y is a function of the network architecture, the set
of activation functions and all the parameters.

4.1 The Simple (single-unit) Perceptron
4.1.1 Architecture

The architecture of the single-unit perceptron is
that of Figure 1 or Figure 2c. A set of p input vari-
ables, x (now not necessarily binary), generate a bi-
nary output variable, y, through the formula

p
y =fh (ijxj+w0) .

J=1

A neater version is obtained by creating the dummy
variable x = 1, so that

p
y=rh (Z wjxj) = frwTx),

J=0

where w and x are now (p + 1)-dimensional. The
training data are denoted by D = {(x,2"),r =
1,...N}, where {z} are the class indicators (£1)
and 27 = {x” : j=0,...,p} is the feature vector
corresponding to the rth observation.



