
Review of Mapping Neural Networks in Classification Systems 

RLHing 
Department of Computer Science, University of the Witwatersrand.Wits, 2050 

SA: 122ron@witsvma, Int: 122ron.witsvma@f4.n494.z5.fidonet.org 

Abstract 

An old approach used in classification systems has been revived by the discovery of new algorithms which use this 
approach to approximate complex non-linear functions. This approach, known as neurocomputing, classifies input data 
in parallel. Neurocomputers should be exploited for their parallelism for use in problems that are currently being solved 
by serial classification systems such as know/edged-based and pattern recognition systems. This paper reviews single
/ayer and multi-layer feed-forward neural networks, termed mapping neural networks since they approxi.mate a function or 
mapping, and describes theirfunctionality in classification systems. They have been successfully used as knowledge
bases in expert systems, and have been shown to be functionally equivalent to several conventional classifiers used in 
pattern recognition. 
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1 . Introduction 

Most of our current computers are serial Von Neumann 
computers that process information algorithmically. 
Neurocomputers on the other hand are highly parallel 
computers. They are neurologically inspired computer 
systems that process information non-algorithmically by 
learning from training examples. Although they are 
parallel computers, they can be simulated on serial 
computers quite effectively. They have also been termed 
artificial neural network systems [33] and parallel 
distributed processing models [42]. 

A neurocomputer consists of a highly interconnected 
network of simple processing elements. Each processing 
element is a simple multiply and accumulate unit, 
consisting of many input signals with associated 
weights, and a single output signal which can be 
connected to many other processing elements in the 
network. These computers learn from experience by 
adjusting the weights, which represent the knowledge 
stored by the network, of each processing element. The 
structure of a neurocomputer is similar to a simple model 
of the brain. The brain is thought of as consisting of an 
interconnected mass of neurons. Each neuron is made up 
of a cell body called the soma with many input 
connections called dendrites, and a single output 
connection called an axon which can be connected to 
many other neurons. The site at which the axon connects 
to one of the many dendrites is called a synapse. The 
brain stores and retrieves information by chemically 
adapting these synapses (a study and comparison of the 
brain and artificial neural networks can be found in 
[43,47]). 

These and many other characteristics of 
neurocomputers make them powerful models for use in 
classification problems [9,33] as well as in highly non
linear control problems [50], and adaptive signal 
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processing [49]. The inherent parallelism found in neural 
networks is believed to be needed for high performance 
speech and image recognition while its distributed 
representation has better generalization properties than 
local representations found in most symbolic processing 
systems, making neural networks more robQst and 
damage resistant Also, the capability of neural networks 
to learn from training examples removes part of the 
knowledge acquisition bottleneck found in knowledge
based system development. 

This paper describes single-layer and multi-layer feed
forward neural networks, termed mapping neural 
networks, since they approximate a function or mapping 
f: Rn ::, A ~ Rm from a bounded subset A of n
dimensional Euclidean space to a bounded subset.ftA) of 
m-dimensional Euclidean space, where n is the number of 
units in the input layer, and mis the number of units in 
the output layer of the neural network. The network is 
trained on the examples (x1 ,Y1), (x2,y2), ... , (Xn,Yn) 
where Yk = f(xk) [16]. This paper also discusses the 
functionality of mapping neural networks in 
classification systems. The main reasons for the renewed 
stimulation in neurocomputers, which were first 
discovered in the 1950's, is briefly outlined. New learning 
algorithms have now made it possible to train multi-layer 
feed-forward networks. These networks can be used to 
solve complex non-linearly separable problems, 
previously not solvable by single-layer networks. 
Finally, the paper discusses how existing knowledge
based systems and pattern recognition systems are 
classification systems [8] which can exploit the inherent 
parallelism found in neural networks. Feed-forward 
networks have been successfully used as a formalism for 
the knowledge-base in expert systems [3, 14, 32]. As a 
parallel classification method, neural networks can be 
used as a replacement for some existing serial 
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classification and clustering procedures used in pattern 
recognition [33]. 

2. Single-Layer Neural Networks 

A neural network is defined as a computing system made 
up of a number of highly interconnected simple 
processing elements [4,5]. Each processing element or 
neurode performs simple multiply and accumulate 
operations therefore contributing very little to the overall 
system but collectively making up a powerful 
neurocomputer. 

Before discussing the connectivity of many 
processing elements, the function of a single element is 
warranted. Each processing element, Uj, consists of a 
number of input signals, Xi, and a single output signal, 
Oj. Associated with each input signal is a weight, Wji, 
corresponding to the ith input signal and the jth 
processing element. Figure 2.1 illustrates a typical 
processing element. 

output signal 

Oj 

input signals 

Figure 2.1. A typical processing element. 

The total or net input of a processing element, 
designated by tj, is calculated by summing the products 
of each input signal and its corresponding weight. The 
output signal or activation is then calculated by 
comparing the total input to a threshold value Bj. Each 
processing element may be connected to a number of 
other processing elements in the neural network, where 
the output signal of the processing element contributes as 
an input signal to these other processing elements. The 
threshold term can be eliminated by introducing a 
specialized input signal xo fixed at the value 1. The 
corresponding weight of this input signal is the negative 
of the threshold value, and is known as the bias. The 
total input is now compared to zero instead of the 
threshold. It it written as follows : 

n 

t. = L,W .. X.- 8. 
J i =1 Jl ' J 

The input signals of a processing element, Uj, and 
their corresponding weights can be written as the 
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components of an input and a weight vector. The input 
vector, x, is (x1, x2, ... , Xn) and the weight vector, Wj, 
is (Wjl, Wj2, ... , Wjn). The weights of a processing 
element contain the processing element's knowledge, 
therefore the weight vector represents the knowledge of a 
processing element. These weights are adaptable since 
they can be trained to represent different types of 
knowledge. The product of an input signal and its 
corresponding weight can be positive therefore exciting 
the processing element, or negative causing inhibition, or 
zero which indicates there is no connection between the 
input signal and the processing element. 

Initially, the components of the weight vector are 
randomly initialized to values within a certain range or to 
zero. During the training or modification of these 
weights, many input vectors or input patterns, are 
presented to the processing element. Each input pattern is 
described as a binary vector of 1 's and O's, or 1 's and -1 's. 
Input patterns can also be analog, normally in the range 
[0,1] or [-1,1]. However, binary valued input patterns are 
the most often used. Associated with each input pattern is 
a desired or teaching output signal, dj. Together, the 
input pattern and the desired output signal make up a 
training example or training pattern. The desired output 
signal can also be both binary or analog valued. 

The presentation of a training pattern to the 
processing element where the weight vector is modified is 
known as a training cycle. During each training cycle the 
weight vector is modified by a learning rule. This method 
of training the processing element is termed supervised 
learning since the desired ou.tput signal is known. 
Supervised learning is concerned with placing or 
categorizing the input patterns into one of the desired 
output signals or categories. It can also be viewed as 
trying to find a suitable mapping or association from the 
input patterns to the desired output signals. 

If the desired output signal is not known for each 
input pattern, unsupervised learning methods are needed. 
Unsupervised learning is then concerned with finding the 
categories to which each ipput pattern belongs. 
Unsupervised learning synonymous with Kohonen's Self 
Organizing Feature Maps, and Carpenter/Grossberg 
Classifiers are not covered in this paper but are described 
in [7, 28, 33]. 

A single processing element with several input 
signals and a single output signal has been examined, but 
generally problems solved using neural networks need 
many interconnected processing elements. There are many 
different ways of connecting processing elements; a 
particular configuration of processing elements and their 
interconnections is called the architecture of a neural 
network. The architecture of a neural network is 
important since each interconn~tion has a correswnding 
weight, and these weights are the components of each 
processing element's weight vector which represent the 
processing element's knowledge. Therefore, knowledge is 
a function of a neural network's architecture. 

One type of architecture is the single-layer feed
! orward neural network shown in figure 2.2. It is termed a 
feed-forward network since it contains no directed cycles, 
that is, the output signals cannot be directed back to 
become the new input signals, nor can adjacent 
processing elements be connected. 
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The input signals of a processing element can be 
viewed as the output signals of other processing 
elements. Therefore, a single-layer feed-forward neural 
network is sometimes called a two-layer neural network, 
consisting of two layers of processing elements, an input 
layer and an output layer. In this case, the input layer of a 
two-layer neural network can be thought of consisting of 
processing elements with a single input signal with a 
weight of 1. Input patterns are therefore passed unchanged 
through the input layer to the output layer. In this paper 
the term single-layer neural network will be used for a 
network with an input and an output layer. 

output layer 

input layer 

Figure 2.2 A single-layer feed-forward network. 

Other network architectures that do contain directed 
arcs are called feed-back networks; networks where each 
processing element is connected to every other processing 
element including itself are termed fully-interconnected 
networks. Learning rules for these networks are not 
described in this paper; they can be found in [23, 33, 42]. 
The next section outlines supervised learning procedures 
for single-layez feed-forward networks. 

Learning in Single-Layer Neural Networks 

Neural networks were first modelled by Warren 
McCulloch and Walter Pitts [35], who showed how many 
simple interconnected neuron-like elements could be used 
as a computing device. 'Leaming was later added to this 
model by Donald Hebb [ 15]. Hebb's basic definition 
states that if a processing element, u j, receives an input 
from a processing element, Ui, and if both elements are 
highly active then the weight, Wji, from Ui to Uj should 
be strengthened. Several learning rules based on Hebb's 
definition currently exist. These learning rules have been 
used in the area of pattern recognition [10] and adaptive 
signal processing [ 49] for over a decade. 

Learning in a neural network is concerned with 
adapting the weight vectors of each processing element 
when the actual output signals are misclassified. Each 
component of the weight vector is modified by an 
amount LlWji· Shown below is the general form of a 
learning rule : 

w. = w + ..1w . 
,_ j""' J 

A direct consequence of Hebb's definition is a simple 
Hebbian learning rule where each weight vector is 
modified by an amount which is equal to the product of 
the input signal and the actual output signal. 
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.dw . = 0 .X 
J J 

This simple Hebbian learning rule is 
termed a linear associator, since the output signal of each 
processing element in the neural network is a function of 
the total input. This function, F, is termed an activation 
function, and is linear since it is the identity function 
(i.e. Oj = /(tj)). Another simple Hebbian learning rule 
modifies each weight vector by an amount which is equal 
to the product of the input signal and the desired output 
signal . 

..1w . = d .x 
J J 

The problem with Hebbian learning is that 
if all the input vectors are not unit vectors, and are not 
orthogonal to one another the learning procedure cannot 
find an optimal set of weights. Input vectors can easily 
be normalized into unit vectors by dividing each 
component of the vector by the magnitude of the vector. 
However, input vectors not orthogonal to one another 
cause interference to the weight vector during learning. In 
this case a Hebbian rule will not find the correct 
association between the input and output vectors (see [86] 
for an analysis of Hebbian learning). 

In Hebbian learning, each training pattern is 
presented to the neural network only once, since the 
correct association between the input patterns and the 
desired output signals will be found after one sweep 
through the training patterns. The limitations of these 
simple learning rules can be overcome by mod ii ying 
these rules, and making them iterative learning procedures 
where the training patterns are presented to the neural 
network many times until some criteria is minimized. 
Perceptron learning [39 ,40] and the Pocket Algorithm 
[13,14] are iterative Hebbian learning algorithms that 
modify the weight vector of each processing ~lement by 
the product of the input signal and the desired output 
signal. 

An improvement of Hebbian learning is a method 
whereby an error-term or error signal, ej, is used to 
modify the weights. There are two learning procedures 
which use this rule to train a single-layer neural network. 
The first procedure, developed by Frank Rosenblatt, is 
called the Perceptron Convergence Algorithm [62]. It 
modifies the weights of a processing element called a 
perceptron. A perceptron is a threshold logic element, 
which is a processing element with a non-linear 
activation function. This non-linear function is a hard
limiter (figure 2.3). The weight vector is modified as 
follows ( 11 is a learning constant that sets the step size 
during learning; it is normally in the range [0,1]): 

..1w . = 71e .x 
J J 

where 
e.=d.-o. 

J J J 

{ 

+ 1 if t. "> 0 
o . = F ( t . ) = 1 ·r ' 0 

I I -It.~ 
J 
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The second procedure, the Delta Rule or LMS Rule 
(Least Mean Square Rule), developed by Bernard Widrow 
and Marcian Hoff [48] and sometimes called the Widrow
Hoff Rule, modifies the weights of a processing element 
called an adaline. An adaline, for adaptive linear element, 
is a processing element that is also a threshold logic 
element except that the analog total input is used to 
calculate the error as opposed to the binary output signal 
from the hard-limiter. This has the effect of the LMS 
Rule updating the weights even when the input vector is 
correctly classified. The weight vector is modified as 
follows: 

II 

e. = d. -(Iw .. x.- 6.) 
J J i:l JI I J 

A neural network made up of a single-layer of 
perceptrons or adalines is called a non-linear associator 
since the output signal is a function of the total input, 
where the activation function is non-linear. The hard
limiter can be represented graphically, and is shown in 
figure 2.3. 

1 

o· 
J 

---..... -1 

t· J 

Figure 2.3 Hard Limiter. 

Instead of using + 1 and -1 as the limits of the hard
limiter, 0 and 1 can be used. If binary valued input 
vectors are used then they should be adjusted according to 
the limits of the hard-limiter used, that is use input 
vectors consisting of+ 1 's and -1 's, if using a hard-limiter 
with the limits + 1 and -1. If the total input is zero then 
the activation function can output either + 1 or -1, 
implementing two-valued logic. Alternatively, the 
activation function can output O if the total input is zero, 
implementing three-valued logic. This is shown below : 

l
+lift.>0 

o.=F(t.)= Oift:=0 
J J 

-lift.<0 
J 

Variants of the LMS Rule and the Perceptron 
Convergence Algorithm exist. Sometimes they are taken 
to be the same learning rule. The algorithm explained in 
this paper is the LMS Rule. 

Widrow and Hoff showed that by using the Delta 
Rule the objective of training the neural network is to 
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find a set of weights that minimizes the total sum squared 
error or least mean squared error, E, for each processing 
element, Uj, for all the input patterns, p. This total sum 
squared error is shown below (normally the total sum 
squared error is halved for mathematical convenience 
when formulating the Delta Rule as a gradient descent 
method, see [42]) : 

II 

E = fI I e~ 
p j=l J 

The Delta Rule is a gradient descent algorithm, since 
it minimizes the total sum squared error of the network 
using an ideal weight vector to achieve gradient descent 
Mathematically, the total sum squared error is a function 
of the weight vector. This function is a quadratic, shown 
in figure 2.4 as a paraboloid for a weight vector with two 
components. It is a hyperparaboloid in n-space. 

The paraboloid contains a bottom with a minimum 
value representing the least mean squared error which 
corresponds to the ideal weight vector. The function of 
the Delta Rule is to move the current weight vector to 
the point of the ideal weight vector. The Delta Rule 
achieves this in the most efficient way by moving the 
current weight vector along the negative gradient of the 
paraboloid which is the most direct path to the ideal 
weight vector. The negative gradient is found by 
differentiating the total sum squared error with respect to 
each the weight. This partial derivative is called a delta 
vector, and is equal to the .dwj in the Delta Rule. It is 
computed for each processing element, Uj, and is parallel 
to the input vector. 

E 

Wjt 

Figure 2.4 The minimum point of the paraboloid 
corresponds to the ideal weight vector. 

Classification in Single-Layer Networks 

The reason for having a quantized output signal, is that it 
makes a single processing element into a simple decision 
maker or classifier, which can be used to map certain 
functions. This dichotomised output signal then allows a 
single processing element to classify input patterns into 
one of two categories, + 1 or -1. In the two dimensional 
case, that is a processing element, Uj, with two input 
signals, the input pattern space can be divided or separated 
into two classes by a single straight line, see figure 2.5. 
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This separating line forms two half-plane decision 
regions in the input pattern space. The equation for this 
straight line is : 

g. (x)= w .
0
+ w .

1
x + w .

2
x

2
= 0 

J I I 1 I 

where 
gradient= - (w i /w i 2) 

intercept= - (w i /w i 2) 

In the n-dimensional case, that is a processing 
element with n input signals, the input pattern space is 
separated by a n-dimensional hyperplane. 

F(tj) < 0 

F(tj) = 0 

Figure 2.5 Input pattern space separated 
by a single line. 

The logic OR-function is an example of a non-linear 
function which can be mapped by a single processing 
element with two input signals. This mapping consists 
of classifying input patterns into one of two classes, true 
or false, represented by + 1 and -1. The four input patterns 
(1,1), (1,-1), (-1,-1), and (-1,1) can be depicted by co
ordinates in the input pattern space. Learning then 
corresponds to finding a set of weights, which represent a 
straight line in the input pattern space, that will give the 
correct separation of the input patterns. If an input pattern 
lies to the left of the straight line, then the output signal 
of the processing element will be negative, -1, and if the 
input pattern lies to the right of the line, the output 
signal will be positive, + 1. The correct separation is 
achieved when the co-ordinates (1,-1), (1,1) and (-1,1) are 
to the right of straight line, and the co-ordinate (-1,-1) is 
to the left of the straight line. In this way we can see that 
a single processing element makes a decision or 
classification by forming a half-plane decision region in 
the input pattern space, this is shown in figure 2.6. 

A single-layer feed-forward neural network can be 
built by connecting a number of processing elements 
adjacently in a single row. Training a single-layer of 
processing elements is fundamentally the same as 
training each processing element individually. Therefore, 
a single-layer neural network is analagous to many 
unconnected autonomous processing elements of which 
each can be used separately as a classifier. In this way, 
not only can simple classification problems be solved by 
a single-layer feed-forward network but it can be proved 
that the optimal set of weights can be found if the 
weights exist. This proof, called the Perceptron 
Convergence Theorem, is proved in [34]. Unfortunately, 
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the single-layer neural network, no matter how it is 
interconnected, cannot always find a correct set of weights 
to separate the input patterns in the input pattern space. 

x2 

F(t
1
)~· 

F(~~l:1: • -~ .XJ 
gj(x) =0 

Figure 2.6 The required separation for the 
O R-functlon. 

Non-linearly Separable Functions 

A single processing element is shown to be capable of 
finding the correct mapping of a non-linear function. If 
the processing element has n input signals, and each 
input signal is binary valued, then there are 2n = p input 
patterns. Now if the desired output signal is also binary 
valued then the processing element should be capable of 
learning 'lP different functions. Unfortunately, a single 
processing element can only learn a subset of these 
functions. The class of functions that cannot be solved by 
a single processing element, and in fact by a single-layer 
of processing elements since each processing element is 
autonomous, is the class of non-linearly separable 
functions. 

One of the reasons for the extinction of neural 
network research in the 1960's was a book titled 
Perceptrons by Minsky and Papert [34], which exposed 
the flaws of the single-layer neural network using the 
example of the logic XOR (exclusive OR) function 
which is a non-linearly separable function. The XOR
function returns the same answer when totally opposite 
input signals are given to the function. When the two 
input signals are both true or both false, the XOR
function returns false. Using a processing element with 
two input signals, 0 or 1, to solve the XOR-function, 
the following inequalities are specified by the network : 

Ow·1 + Ow·2 < 8· => 0 < 8· } } J J 
lw·1 + Ow·2 > 8· => w·1 > 8· } } J } J 
Ow-1 + lw·2 > 8· => w·1 > 8· } } J } J 
lw·1 + lw·2 < 8· => w·1 + w·2 < 8· } } J } } J 

This set of inequalities cannot hold since it is 
impossible for wjl and wj2 to be both greater than the 
threshold, 8j, while the sum of wjl and wj2 is less than 
8j- Graphically, a single line in the input pattern space, 
cannot make the required separation of the input patterns. 
It is impossible for a single separating line to form a 
decision region such that the co-ordinates (1,1) and (0,0) 
are grouped in one category, and the co-ordinates (0,1) and 
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( 1,0) are grouped in the other category, since a single 
separating line can only form a half-plane decision 
region. 

Non-linearly separable problems, however, can be 
solved by the combination of many separating 
hyperplanes which is achieved by combining the output 
signals of a single-layer neural network, to form the 
input signals of a second single-layer network, producing 
a two-layer neural network. If the input signals to a two
layer network is viewed as a layer of processing elements 
then the middle layer of elements is called an intermediate 
or hidden layer. There can be several hidden layers 
between the bottom or input layer, and the top or output 
layer, see figure 3.1. This paper will use the term two
layer neural network for a network with one hidden layer 
of processing elements. 

The XOR-function can be mapped by a two-layer 
network with two intermediate units with separating 
hyperplanes g1(x) and g2(x) as in figure 2.7. 

F(tj) < 0 

F(tj) < 0 

(1,1) 

Figure 2.7 The required separation for the 
XOR-function. 

In the 1960's it was clearly understood that many 
layers of processing elements could map non-linearly 
separable functions. However, at the time the learning 
algorithms, such as the Perceptron Convergence 
Algorithm and the Delta Rule, were limited to training 
single-layer neural networks (single-layer learning 
algorithms can be used to train multi-layer networks with 
intermediate units with fixed random weights, see 
[30,311). This all changed twenty years later when a 
learning algorithm, the Generalized Delta Rule or Back
Propagation, was introduced by Rumelhart et al. [42, 44]. 

3. Multi-Layer Neural Networks 

The fundamental issue concerning a multi-layer neural 
network is how to train the weights of the processing 
elements in the hidden layers. This section will outline 
learning in multi-layer systems using Back-Propagation 
[6,42,44] which evolved from the Delta Rule. 

Training with Back-Propagation takes place in two 
phases : the forward activation flow and the backward 
errorflow, see figure 3.1. During the forward activation 
flow, an input pattern is presented to the processing 
elements of the input layer. The input layer in turn 

66 

presents the input pattern unchanged to the first hidden 
layer. The output signals of each processing element in 
the first hidden layer are calculated using the input pattern 
and the current weights. These output signals then 
become the input signals to the next hidden layer, or the 
output layer if the network has only one hidden layer. 
Once the output signals of the output layer have been 
found, error-terms, the difference between the desired and 
actual output signals, can be computed. These error-tenns 
are then used in the backward error flow phase to modify 
the weights of the network. 

forward 
activation 
flow 

backward 
error flow 

Figure 3.1 Back-Propagation ls a two phase 
learning procedure. 

The weights of the connections between the hidden 
layer and the output layer can be modified using the Delta 
Rule since the desired and actual output values of the 
output processing elements are. known. However, the 
hidden units cannot use the Delta Rule since the desired 
output values for these processing elements are not 
known. This is where the Generalized Delta Rule is 
needed 

Back-Propagation is a generalization of the Delta 
Rule which is a gradient descent algorithm. To make use 
of gradient descent methods, Back-Propagation requires all 
the processing elements to use a S-shaped, differentiable 
activation function. The function most often used is the 
sigmoid activation function, shown in figure 3.2. To 
modify the weights of each layer in the neural network 
the same learning rule as in the Delta Rule is used, but 
the error-tenn, ej, for each processing element is modified 
to account for some of the error or blame from the layer 
below. For the output layer, the error-term is the product 
of the difference between the desired and actual output 
signals, and the derivative of the sigmoid activation 
function, shown below: 

e . = (d . - o . ) F ' ( t . ) 
J J J J 

F(t.)= l 
J -t 

1 + exp ; 
F'(t .)= o .(1- o.) 

J J J 

The reason for propagating the error-terms back to 
the hidden layers is that the processing elements of the 
output layer can output the incorrect values either because 
the weights on their connections are incorrect, or because 
the processing elements of the hidden layers are providing 
them with incorrect input values. These errors from the 
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output layer must be propagated backward to the weights 
of the hidden layers. This is again achieved by using the 
same learning rule as in the Delta Rule except the error
term is the product of the derivative of the sigmoid 
activation function, and the total sum of the all the errors 
and the weights of the output layer before the weights 
have been updated; this is shown below : 

If there is more than one hidden layer then the error
term for the m th hidden layer is the product of the 
derivative of the activation function, and the total sum of 
all the errors and the weights of the (m+l)th hidden layer, 
the layer above the mth hidden layer, before the weights 
have been updated. The purpose of the derivative in the 
error-term is to provide stability during learning, and to 
compensate for the blame from the layer below. 

0 t· J 

Figure 3.2 Sigmoid activation function. 

Like the Delta Rule, Back-Propagation is a gradient 
descent algorithm that minimizes the total sum squared 
error, E, but the total sum squared error is not a quadratic 
function of the weights. The error surface is more 
complex containing not only one minimum value as in 
the paraboloid but several minima, see figure 3.3. Each 
minimum value can be either a global or a local 
minimum. Each global minimum corresponds to an ideal 
set of weight vectors and a minimized sum squared error 
for the network, where as each local minimum coincides 
with an unstable set of weight vectors. Back-Propagation 
can therefore find a solution which is one of the many 
local minima instead of a global minimum. 

E 

local minima 

global minimum 

Wjl 
Figure 3.3 Error-surface of a multi-layer 

network in one-dimension. 
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A gradient descent algorithm tries to find the quickest 
and the most direct path to the solution. This path to the 
solution corresponds to the negative of the gradient of the 
sum squared error which is the most direct path. To 
dislodge a solution from a local minimum, a technique 
from thermodynamics called annealing can be applied. 
Annealing is the process of cooling a metal slowly to 
reach a stable state, instead of cooling the metal quickly 
reaching an unstable state or local minimum. Simulated 
annealing [18,19], an analagous process to annealing is 
used to move a solution out of a local minimum closer 
to the global minimum by adding momentum to the 
solution. 

Momentum in the form of a momentum term is 
added to the Back-Propagation learning rule to allow the 
sum squared error to fall out of local minima, so that a 
global minimum can be reached. The learning rule is 
modified as follows ( a is a momentum constant 
normally between [0,1]): 

w . = w . + L1w . + aL1w . 
1- Jo14 J,,..., }""' 

This modification has the effect of moving the 
change of weights t1Wj,. •• in the same direction as the 
previous change of weights tiWjoU, therefore causing the 
network to find a global solution. 

Back-Propagation is a complex learning rule with 
many design issues that need to be addressed before the 
network is trained. These include the number of hidden 
elements to be used, and the size of the learning constant, 
17. The use of too many intermediate elements will make 
the network lose its generalization capabilities; too few 
elements will increase the number of training cycles, and 
reduce the accuracy of the network. Training a multi-layer 
neural network using Back-Propagation can therefore 
become computationally expensive using a large number 
of training iterations; one of the reasons why parallel 
computers are needed. The learning constant can be used 
to speed up the training but too large a value will cause 
the network to oscillate, i.e. the network can be trapped 
in a local minimum; too small a value will slow the 
learning process therefore requiring a large number of 
iterations. These research issues are currently being 
investigated; they are discussed in [6,20,33,36]. 

Classification in Multi-Layer Networks 

A single-layer of processing elements forms half-plane 
decision regions, which is not capable of solving the 
XOR-function since a single line cannot separate the 
input pattern space. However, using a two-layer network, 
convex bounded and unbounded decision regions can be 
formed in the input pattern space. A convex region is 
defined as a region such that if any two points lie on the 
boundary of the region then a straight line passing 
through these two points will always pass through points 
in the region. These convex regions are formed from the 
intersection of many half-plane regions formed from the 
first intermediate layer of processing elements. This is 
equivalent to combining all the processing elements in 
the first intermediate layer with the logical AND 
operation in the output layer. These convex regions have 
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at most the same number of sides as the number of 
processing elements in the first layer. Figure 3.4 shows 
bounded and unbounded convex decision regions for a 
two-layer network with five intermediate units. 

(b) 

Figure 3.4 (a) Bounded convex decision region. 
(b) Unbounded convex decision region. 

If the decision region to be formed in the input 
pattern space is non-convex or disconnected then an extra 
layer of processing elements is needed, one processing 
element for each disconnected region. Therefore, a three
layer network, i.e. a network with two hidden layers, can 
generate arbitrarily complex decision regions [33]. The 
second intermediate layer of a three-layer network is 
similar to the output layer of a two-layer network. Each 
processing element in the second intermediate layer 
corresponds to a disconnected region. This is equivalent 
to combining all the processing elements in the first 
intermediate layer with the logical AND operation in the 
second layer. The correct decision region is then formed 
from the union of the disconnected regions. This is 
equivalent to combining all the processing elements in 
the second intermediate layer with the logical OR 
operation in the output layer. Each output processing 
element normally corresponds to a category in the input 
pattern space, so if the input patterns must be classified 
into three categories, three output elements are needed. In 
the case ~f two categories, one or two processing 
elements m the output layer may be used. Figure 3.4 
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shows non-convex and a disconnected decision regions for 
a three-layer network with eight units in the first 
intermediate layer, and two units in the second 
intermediate layer. 

(b) 

Figure 3.5 (a) Non-convex decision region. 
(b) Disconnected decision region. 

4. Neural Networks and Classification 

Classification is the task of placing specific input data 
into general categories. Knowledge-based systems, pattern 
recognition systems, and artificial neural network 
systems are classification systems [8]. It is the objective 
of this section to review how both mapping neural 
networks, and various other neural network architectures 
can be used in knowledge-based and pattern recognition 
systems. 

It can be shown that several tasks solved by the 
knowledge-based system paradigm, such as diagnosis, and 
analysis, are classificatory in nature. These tasks can 
therefore be solved by neural network systems. 
Traditional knowledge-based or expert systems have two 
main components : a knowledge base and an inference 
engine. The knowledge base contains the knowledge of a 
human expert. This knowledge is nonnally represented in 
the form of situation/action statements or if-then rules. 
The inference engine uses the knowledge in the 
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knowledge base to conduct a dialogue with the user of the 
system. During this consultation the inference engine 
makes decisions and provides advice to the user based on 
the user's input and the information in the knowledge 
base. A key feature of expert systems is that the inference 
engine is capable of explicitly providing the path of 
reasoning it uses to make decisions. 

Acquiring specialist knowledge from a human expert 
has been the primary bottleneck in expert system 
development [1,21,37]. This knowledge acquisition 
process is time consuming, requiring the expertise of a 
knowledge engineer or expert system builder. The 
knowledge engineer usually uses ad hoc manual 
knowledge acquisition methods to elicit the knowledge 
which then needs to be formulated into rules. This is not 
always possible since the expert makes use of heuristics 
or rules of thumb during his reasoning process which 
cannot be explicitly expressed as symbolic rules. Many 
techniques have been used to acquire implicit heuristics, 
such as techniques from cognitive science [38]. These 
techniques have been automated to form knowledge 
acquisition tools [2,11,27 ,26]. Such a tool typically 
interacts with the domain expert, organizes the 
knowledge it acquires, and generates an expert system. 
An alternative approach is the use of a mapping neural 
network to acquire knowledge. . 

It is possible to replace the knowledge base of an 
expert system with a mapping neural network; these 
systems are called connectionist expert systems 
[3,14,32]. These networks can be trained by samples or 
examples from the expert's specialist area, using any of 
the learning algorithms described. The connectionist 
expert system exhibits favourable features from both the 
neural network and expert system paradigms. The 
knowledge base is capable of learning or adapting to new 
training information, and the inference and explanation 
capabilities of the expert system remain. Also, traditional 
expert systems infer knowledge serially from the 
knowledge base, although, attempts have been made to 
develop parallel inference engines for inferring knowledge 
from rules. Neural networks on the other hand are 
inherently parallel. The output signals of processing 
elements can be computed simultaneously. 

Much research in the area of the neural network 
approach to knowledge-based system development is 
currently being done. Gallant [12,13,14] has shown how 
medical diagnosis problems can be solved using a 
connectionist expert system. He introduces MACIE 
(Matrix Controlled Inference Engine) which infers 
knowledge from a knowledge base consisting of a neural 
network representing medical domain knowledge. Lau 
Hing [29,32] has investigated using Back-Propagation 
trained multi-layer feed-forward networks with MACIE. 
Hinton and Touretsky [17] discuss how a neural network 
can be used to implement rules in a production system. 
Samad [45] describes how a connectionist architecture, 
dubbed RUBICON, can be used to implement rule-based 
systems. Using the connectionist approach in knowledge
based systems up to now has been faulted for their lack of 
an explicit explanation facility. However, models capable 
of generating explicit explanations have started to appear 
[14]. Also Lau Hing [29] has investigated explicit 
explanations in multi-layer systems. 
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The primary role of connectionist models up to now 
have been in areas that use traditional pattern and image 
recognition techniques where explanations are not 
essential. The perceptron model of Rosenblatt [39 ,40] is 
essentially a pattern recognition model. Several existing 
classification and clustering methods can be replaced by 
equivalent neural network models. In supervised learning 
the Hamming Net (a modified version of the Hopfield 
net, see [22]) can be used as an Optimum Classifier, 
perceptron learning satisfies the requirements of a 
Gaussian Classifier, the multi-layer perceptron defines 
complex decision regions similar to the k-Nearest 
Neighbour Mixture; in unsupervised learning the 
Carpenter/Grossberg Classifier forms clusters similar to 
the Leader Clustering Algorithm, and Kohonen's Self
Organizing Feature Maps also forms clusters, similar to 
the k-Means Clustering Algorithm [10,33]: These neural 
network models do not behave the same as the 
corresponding classifier but do perform the same 
functions. Any decision region required by any 
classification algorithm can be generated by a three layer 
feed-forward neural network [33]. 

Even though connectionist research started in the 
1950's it is still currently in its infancy. Its future as a 
genuine tool for building intelligent classification 
systems is in the hands of current researchers and their 
applications. To date there have been many notable 
applications that have successfully used neural networks. 
NETtalk [ 46] converts strings of letters into strings of 
phonemes. This was accomplished with twelve hours of 
training, achieving a ninety two percent success rate. In 
constrast DECtalk, a rule-based system, marketed by 
Digital Equipment Corporation, achieved the same level 
of performance after several years of devising rules for 
every situation. To date NETtalk is one of the most 
successful implementations of a neural network but other 
well known problems have also been solved using this 
paradigm : the travelling salesman problem [23], the 
inverse kinematics problem from robotics [25], and word 
perception [41]. 

The problems solved alone do not make 
neurocomputers favourable classification and decision 
making tools, the greatest potential of these systems 
remain in high speed parallel processing. The architecture 
of neural networks are inherently parallel which make 
them parallel machines. Traditional serial classifiers can 
be replaced by an equivalent neural network, therefore 
speeding up the classification of data. Also, a neural 
network's distributed representation makes it more 
damage resistant, and its ability to learn to generalize a 
mapping from the input patterns to the desired output 
signals makes it capable of correctly classifying data that 
is not part of the training examples. 

5. Summary and Conclusion 

This paper highlights neural networks, specifically 
mapping neural networks, as a basis for classification 
systems. It is not emphasizing that every classificatory 
task must now be solved using the neural network 
paradigm. It is, however, providing an alternative 
approach to solving complex classification problems. 
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Classification is a natural method of information 
processing which the human cognitive system 
extensively uses; humans are natural pattern recognizers. 
The similarities in characteristics of humans and 
neurocomputers brings artificial intelligence a step closer 
to mimicking natural intelligence. Neurocomputers are 
parallel adaptable computers, the very ingredients 
necessary to model human intelligence. 
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