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NEURAL NETWORKS

by Christos Stergiou and Dimitrios Siganos

Abstract

This report isan introduction to Artificial Neural Networks. The various types of neural networks are explained and demonstrated, applications of neural
networks like ANNs in medicine are described, and a detailed historical background is provided. The connection between the artificial and the real thing is a
investigated and explained. Finally, the mathematical modelsinvolved are presented and demonstrated.
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1. Introduction to neural networks

1.1 What isa Neural Network?

An Artificia Neural Network (ANN) is an information processing paradigm that isinspired by the way biological nervous systems, such as the brain, proces
information. The key element of this paradigm is the novel structure of the information processing system. It is composed of a large number of highly
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specific gpplication, such as pattern recognition or data classification, through aleaming process. Learning in biological systems involves adjustments to the
synaptic connections that exist between the neurones. Thisis true of ANNs as well.

1.2 Historical background

Neural network simulations appear to be a recent development. However, this field was established before the advent of computers, and has survived at |east
major setback and several eras.

Many importand advances have been boosted by the use of inexpensive computer emulations. Following an initial period of enthusiasm, the field survived a
period of frustration and disrepute. During this period when funding and professional support was minimal, important advances were made by relatively few
reserchers. These pioneers were able to develop convincing technology which surpassed the limitations identified by Minsky and Papert. Minsky and Papert,
published a book (in 1969) in which they summed up a general feeling of frustration (against neural networks) among researchers, and was thus accepted by
most without further analysis. Currently, the neural network field enjoys a resurgence of interest and a corresponding increase in funding.

For a more detailed description of the history click here

The first artificial neuron was produced in 1943 by the neurophysiologist Warren McCulloch and the logician Walter Pits. But the technology available at th:
time did not allow them to do too much.

1.3 Why use neural networks?

Neural networks, with their remarkable ability to derive meaning from complicated or imprecise data, can be used to extract patterns and detect trends that ar
too complex to be noticed by either humans or other computer techniques. A trained neural network can be thought of as an "expert" in the category of
information it has been given to analyse. Thisexpert can then be used to provide projections given new situations of interest and answer "what if" questions.
Other advantages include:

1. Adaptive learning: An ability to learn how to do tasks based on the data given for training or initial experience.

2. Self-Organisation: An ANN can create its own organisation or representation of the information it receives during learning time.

3. Real Time Operation: ANN computations may be carried out in parallel, and special hardware devices are being designed and manufactured which tak
advantage of this capability.

4. Fault Tolerance via Redundant Information Coding: Partial destruction of a network leads to the corresponding degradation of performance. However,
some network capabilities may be retained even with major network damage.

1.4 Neural networ ks ver sus conventional computers

Neural networks take a different approach to problem solving than that of conventional computers. Conventional computers use an algorithmic approachi.e.
computer follows a set of instructions in order to solve a problem. Unless the specific steps that the computer needs to follow are known the computer canno
solve the problem. That restricts the problem solving capability of conventional computers to problems that we already understand and know how to solve. E
computers would be so much more useful if they could do things that we don't exactly know how to do.

Neural networks process information in a similar way the human brain does. The network is composed of alarge number of highly interconnected processing
elements(neurones) working in parallel to solve a specific problem. Neural networks learn by example. They cannot be programmed to perform a specific ta:
The examples must be selected carefully otherwise useful time is wasted or even worse the network might be functioning incorrectly. The disadvantage is th:
because the network finds out how to solve the problem by itself, its operation can be unpredictable.

On the other hand, conventional computers use a cognitive approach to problem solving; the way the problem isto solved must be known and stated in small
unambiguous instructions. These instructions are then converted to a high level language program and then into machine code that the computer can understz
These machines are totally predictable; if anything goes wrong is due to a software or hardware fault.

Neural networks and conventional algorithmic computers are not in competition but complement each other. There are tasks are more suited to an agorithmi

approach like arithmetic operations and tasks that are more suited to neural networks. Even more, alarge number of tasks, require systemsthat use a

combination of the two approaches (normally a conventional computer is used to supervise the neural network) in order to perform at maximum efficiency.
Neural networks do not perform miracles. But if used sensibly they can produce some amazing results.

@ _Back to Contents

2. Human and Artificial Neurones - investigating the similarities

2.1 How the Human Brain Learns?

Much is still unknown about how the brain trains itself to process information, so theories abound. In the human brain, a typical neuron collects signal's from
others through a host of fine structures called dendrites. The neuron sends out spikes of electrical activity through along, thin stand known as an axon, whict
splitsinto thousands of branches. At the end of each branch, a structure called a synapse converts the activity from the axon into electrical effects that inhibit
excite activity from the axon into electrical effectsthat inhibit or excite activity in the connected neurones. \When a neuron receives excitatory input that is
sufficiently large compared with itsinhibitory input, it sends a spike of electrical activity down its axon. Learning occurs by changing the effectiveness of the
synapses so that the influence of one neuron on another changes.
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2.2 From Human Neurones to Artificial Neurones

We conduct these neural networks by first trying to deduce the essential features of neurones and their interconnections. We then typically program a compu
to simulate these features. However because our knowledge of neuronesis incomplete and our computing power is limited, our models are necessarily gross
idealisations of real networks of neurones.

The neuron model
@ _Back to Contents
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3. An engineering approach

3.1 A simple neuron

An artificial neuron isadevice with many inputs and one output. The neuron has two modes of operation; the training mode and the using mode. In the train
mode, the neuron can be trained to fire (or not), for particular input patterns. In the using mode, when a taught input pattern is detected at the input, its associ
output becomes the current output. If the input pattern does not belong in the taught list of input patterns, the firing rule is used to determine whether to fire ¢
not.

TEACH /USE

X1

INPUTS OUTPUT

TEACHING INPUT

A simple neuron

3.2Firingrules

The firing rule is an important concept in neural networks and accounts for their high flexibility. A firing rule determines how one calculates whether a neurc
should fire for any input pattern. It relates to all the input patterns, not only the ones on which the node was trained.

A simple firing rule can be implemented by using Hamming distance technique. The rule goes as follows:

Take a collection of training patterns for a node, some of which cause it to fire (the 1-taught set of patterns) and others which prevent it from doing
so (the O-taught set). Then the patterns not in the collection cause the node to fire if, on comparison , they have more input elements in common with
the 'nearest’ pattern in the 1-taught set than with the 'nearest’ pattern in the O-taught set. If there is a tie, then the pattern remains in the undefined
state.

For example, a 3-input neuron is taught to output 1 when the input (X1,X2 and X3) is 111 or 101 and to output 0 when the input is 000 or 001. Then, before
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X1: oo oot 1 1]
X2: oo 1]t JoJo ] 1] 1
X3: o1 o[t o1 ]o] 1
putf Lo Jlofonjlotjor] 1ot 1]

Asan example of the way the firing rule is applied, take the pattern 010. It differs from 000 in 1 element, from 001 in 2 elements, from 101 in 3 elements anx
from 111 in 2 elements. Therefore, the 'nearest' pattern is 000 which belongsin the O-taught set. Thus the firing rule requires that the neuron should not fire v
the input is 001. On the other hand, 011 isequally distant from two taught patterns that have different outputs and thus the output stays undefined (0/1).

By applying the firing in every column the following truth table is obtained;

X1: oJoJojJlo 1111
X2 o o 1][1 oo 1]
X3, o 1] o1 o] 1]o]1
outf JofJoJojlomfor 10 1] 1]

The difference between the two truth tables is called the generalisation of the neuron. Therefore the firing rule gives the neuron a sense of similarity and enal
it to respond "sensibly’ to patterns not seen during training.

3.3 Pattern Recognition - an example

An important application of neural networks is pattern recognition. Pattern recognition can be implemented by using a feed-forward (figure 1) neural networl
that has been trained accordingly. During training, the network is trained to associate outputs with input patterns. When the network is used, it identifiesthe i
pattern and tries to output the associated output pattern. The power of neural networks comes to life when a pattern that has no output associated with it, isgi
asan input. In this case, the network gives the output that corresponds to a taught input pattern that is least different from the given pattern.
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Figure 1.

For example:
The network of figure 1 istrained to recognise the patterns T and H. The associated patterns are all black and all white respectively as shown below.

-1 H--

INPUT OUTPUT INPUT OUTPUT

If we represent black squares with 0 and white squares with 1 then the truth tables for the 3 neurones after generalisation are;

X11: 0 0 0 0 1 1 1 1
X12: 0 0 1 1 0 0 1 1
X13: Lo 1joj1joj1]jo]
loTII_Il_1|_|I_II_1|_II_Il_lI_1
Top neuron
X21: 0 0 0 0 1 1 1 1
X22: 0 0 1 1 0 0 1 1
X2z JJoJ 1Jolf1fol1]ol 1]
out [ 1 jonj 1 ffomfor] o forf 0]
Middle neuron
X21: 0 0 0 0 1 1 1 1
X22: 0 0 1 1 0 0 1 1
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From the tables it can be seen the following associasions can be extracted:

m I
INPUT OUTPUT

In this case, it is obvious that the output should be all blacks since the input pattern is almost the same as the 'T' pattern.

INPUT QUTPUT

Here also, it is obvious that the output should be all whites since the input pattern is amost the same as the 'H' pattern.

INPUT OUTPUT

Here, the top row is 2 errorsaway fromthea T and 3 from an H. So the top output is black. The middle row is 1 error away from both T and H so the output
random. The bottom row is 1 error away from T and 2 away from H. Therefore the output is black. The total output of the network is till in favour of the T
shape.

3.4 A more complicated neuron

The previous neuron doesn't do anything that conventional conventional computers don't do already. A more sophisticated neuron (figure 2) is the McCulloc
and Fitts model (MCP). The difference from the previous model is that the inputs are 'weighted', the effect that each input has at decision making is depender
the weight of the particular input. The weight of an input is a number which when multiplied with the input gives the weighted input. These weighted inputs
then added together and if they exceed a pre-set threshold value, the neuron fires. In any other case the neuron does not fire.

TEACH /USE

INPUTS OUTPUT

TEACHING INPUT

Figure 2. An MCP neuron
In mathematical terms, the neuron firesif and only if;
X1W1 + X2W2 + X3W3+ .. >T
The addition of input weights and of the threshold makes this neuron a very flexible and powerful one. The MCP neuron has the ability to adapt to a particul:
situation by changing its weights and/or threshold. V arious algorithms exist that cause the neuron to "adapt’; the most used ones are the Delta rule and the bac
error propagation. The former is used in feed-forward networks and the latter in feedback networks.

@ _Back to Contents
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4 Architecture of neural networks

4.1 Feed-forward networks

Feed-forward ANNSs (figure 1) allow signalsto travel one way only; from input to output. There is no feedback (loops) i.e. the output of any layer does not a
that same layer. Feed-forward ANNs tend to be straight forward networks that associate inputs with outputs. They are extensively used in pattern recognitior
Thistype of organisation is also referred to as bottom-up or top-down.
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4.2 Feedback networks

Feedback networks (figure 1) can have signals travelling in both directions by introducing loopsin the network. Feedback networks are very powerful and cz
get extremely complicated. Feedback networks are dynamic; their 'state' is changing continuously until they reach an equilibrium point. They remain at the
equilibrium point until the input changes and a new equilibrium needs to be found. Feedback architectures are also referred to as interactive or recurrent,
although the latter term is often used to denote feedback connectionsin single-layer organisations.

i I 0 S
Inputs Hidden layer Outpu

Figure 4.1 An example of a simple feedforward network

Figure 4.2 An example of a complicated network

4.3 Network layers

The commonest type of artificial neural network consists of three groups, or layers, of units: a layer of "input" unitsis connected to a layer of "hidden" unit:
which is connected to a layer of " output” units. (see Figure 4.1)

@ The activity of the input units represents the raw information that is fed into the network.

@ The activity of each hidden unit is determined by the activities of the input units and the weights on the connections between the input and the
hidden units.

@ The behaviour of the output units depends on the activity of the hidden units and the weights between the hidden and output units.

This simple type of network is interesting because the hidden units are free to construct their own representations of the input. The weights between the inpu
hidden units determine when each hidden unit is active, and so by modifying these weights, a hidden unit can choose what it represents.

We also distinguish single-layer and multi-layer architectures. The single-layer organisation, in which al units are connected to one another, constitutesthe r
general case and is of more potential computational power than hierarchically structured multi-layer organisations. In multi-layer networks, units are often
numbered by layer, instead of following a global numbering.

4.4 Perceptrons

The most influential work on neural netsin the 60's went under the heading of 'perceptrons’ a term coined by Frank Rosenblatt. The perceptron (figure 4.4) tt
out to be an MCP model ( neuron with weighted inputs ) with some additional, fixed, pre—processing. Units|abelled A1, A2, Aj , Ap are called association u
and their task isto extract specific, localised featured from the input images. Perceptrons mimic the basic idea behind the mammalian visual system. They wi
mainly used in pattern recognition even though their capabilities extended a lot more.

Figure 4.4

In 1969 Minsky and Papert wrote a book in which they described the limitations of single layer Perceptrons. The impact that the book had was tremendous a
caused a lot of neural network researchers to loose their interest. The book was very well written and showed mathematically that single layer perceptrons cc
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5. The Learning Process

The memorisation of patterns and the subsequent response of the network can be categorised into two general paradigms:

@ associative mapping in which the network learns to produce a particular pattern on the set of input units whenever another particular pattern is
applied on the set of input units. The associtive mapping can generally be broken down into two mechanisms:

@ auto-association: an input pattern is associated with itself and the states of input and output units coincide. Thisis used to provide
pattern completition, ie to produce a pattern whenever a portion of it or a distorted pattern is presented. In the second case, the network
actually stores pairs of patterns building an association between two sets of patterns.

@ hetero-association: is related to two recall mechanisms:

@ nearest-neighbour recall, where the output pattern produced corresponds to the input pattern stored, which is closest to
the pattern presented, and

@ /nterpolative recall, where the output pattern is a similarity dependent interpolation of the patterns stored corresponding
to the pattern presented. Y et another paradigm, which is a variant associative mapping is classification, ie when thereisa
fixed set of categoriesinto which the input patterns are to be classified.

@ regularity detection in which unitslearn to respond to particular properties of the input patterns. Whereas in asssociative mapping the network
stores the relationships among patterns, in regularity detection the response of each unit has a particular 'meaning'. This type of learning mechanism
is essential for feature discovery and knowledge representation.

Every neura network posseses knowledge which is contained in the values of the connections weights. Modifying the knowledge stored in the network as a
function of experience impliesa learning rule for changing the values of the weights.

Incoming Neural Activations A Output Activation {A) Muttipl ¢ by
Multiplied by Individua Indxidun Cornection Welights W/ 4 )
Conneclicn Sart 1o other Ye.rns
Welghts (W)

Wy, Ay ‘el vaton uipat) of Newren | WA L

N ]
Sl Y Wy A9y

Information is stored in the weight matrix W of a neural network. Learning is the determination of the weights. Following the way learning is performed, we
distinguish two major categories of neural networks:

@ fixed networksin which the weights cannot be changed, ie dW/dt=0. In such networks, the weights are fixed a priori according to the problem to
solve.

@ adaptive networkswhich are able to change their weights, ie dW/dt not= 0.

All learning methods used for adaptive neural networks can be classified into two major categories:

@ Supervised learning which incorporates an external teacher, so that each output unit is told what its desired response to input signals ought to be.
During the learning process global information may be required. Paradigms of supervised learning include error-correction learning, reinforcement

learing and stochastic learning.
An important issue conserning supervised learning is the problem of error convergence, ie the minimisation of error between the desired and
computed unit values. The aim is to determine a set of weights which minimises the error. One well-known method, which is common to many

learning paradigms is the |east mean square (LMS) convergence.

@ Unsupervised learning uses no external teacher and is based upon only local information. It is also referred to as self-organisation, in the sense
that it self-organises data presented to the network and detects their emergent collective properties. Paradigms of unsupervised learning are Hebbian
lerning and competitive leaming.

Ano2.2 From Human Neurones to Artificial Neuronesther aspect of learning concerns the distinction or not of a seperate phase, during which the
network is trained, and a subsequent operation phase. We say that a neural network learns off-line if the learning phase and the operation phase are
distinct. A neural network learns on-line if it learns and operates at the same time. Usually, supervised learning is performed off-line, whereas
usupervised learning is performed on-line.

5.1 Transfer Function
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The behaviour of an ANN (Artificial Neural Network) depends on both the weights and the input-output function (transfer function) that is specified for the
units. This function typically fallsinto one of three categories:

@ linear (or ramp)
@ threshold
@ sigmoid
For linear units the output activity is proportional to the total weighted output.
For threshold units, the output is set at one of two levels, depending on whether the total input is greater than or less than some threshold value.

For sigmoid units, the output varies continuously but not linearly as the input changes. Sigmoid units bear a greater resemblance to real neurones than do lin
or threshold units, but all three must be considered rough approximations.

To make a neural network that performs some specific task, we must choose how the units are connected to one another (see figure 4.1), and we must set the
weights on the connections appropriately. The connections determine whether it is possible for one unit to influence another. The weights specify the strengti
the influence.

We can teach a three-layer network to perform a particular task by using the following procedure:

1. We present the network with training examples, which consist of a pattern of activities for the input units together with the desired pattern of activities
the output units.

2. We determine how closely the actual output of the network matches the desired output.

3. We change the weight of each connection so that the network produces a better approximation of the desired output.

5.2 An Example to illustrate the above teaching procedure:

Assume that we want a network to recognise hand-written digits. We might use an array of, say, 256 sensors, each recording the presence or absence of ink i
small area of asingle digit. The network would therefore need 256 input units (one for each sensor), 10 output units (one for each kind of digit) and a numbe
hidden units.

For each kind of digit recorded by the sensors, the network should produce high activity in the appropriate output unit and low activity in the other output un

To train the network, we present an image of a digit and compare the actual activity of the 10 output units with the desired activity. We then calculate the err
which isdefined as the square of the difference between the actual and the desired activities. Next we change the weight of each connection so as to reduce
error.We repeat this training process for many different images of each different images of each kind of digit until the network classifies every image correct

To implement this procedure we need to calculate the error derivative for the weight (EW) in order to change the weight by an amount that is proportional to
rate at which the error changes as the weight is changed. One way to calculate the EW is to perturb a weight slightly and observe how the error changes. But
method is inefficient because it requires a separate perturbation for each of the many weights.

Another way to calculate the EW is to use the Back-propagation algorithm which is described below, and has become nowadays one of the most important tc
for training neural networks. It was developed independently by two teams, one (Fogelman-Soulie, Gallinari and Le Cun) in France, the other (Rumelhart,
Hinton and Williams) in U.S.

5.3 The Back-Propagation Algorithm

In order to train a neural network to perform some task, we must adjust the weights of each unit in such a way that the error between the desired output and tl
actual output is reduced. This process requires that the neural network compute the error derivative of the weights (EW). In other words, it must calculate ho
the error changes as each weight isincreased or decreased slightly. The back propagation algorithm is the most widely used method for determining the EW.

The back-propagation algorithmis easiest to understand if al the unitsin the network are linear. The agorithm computes each EW by first computing the E
the rate at which the error changes as the activity level of a unit is changed. For output units, the EA is simply the difference between the actual and the desir
output. To compute the EA for a hidden unit in the layer just before the output layer, we first identify all the weights between that hidden unit and the output
units to which it is connected. We then multiply those weights by the EAs of those output units and add the products. This sum equals the EA for the chosen
hidden unit. After calculating all the EAsin the hidden layer just before the output layer, we can compute in like fashion the EAs for other layers, moving frc
layer to layer in a direction opposite to the way activities propagate through the network. This is what gives back propagation its name. Once the EA has bee
computed for aunit, it is straight forward to compute the EW for each incoming connection of the unit. The EW is the product of the EA and the activity
through the incoming connection.

Note that for non-linear units, (see Appendix C) the back-propagation algorithm includes an extra step. Before back-propagating, the EA must be converted |
the El, the rate at which the error changes as the total input received by a unit is changed.

@ Back to Contents
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6. Applications of neural networks

6.1 Neural Networksin Practice

Given this description of neural networks and how they work, what real world applications are they suited for? Neural networks have broad applicability to r
world business problems. In fact, they have already been successfully applied in many industries.

Qnce natiral netwaorke are beet at identifyving natterne or trende in data they are well aiited for nrediction or forecacsti na neede incliiding:
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@ sales forecasting

@ industria process control
@ customer research

@ datavalidation

@ risk management

@ target marketing

But to give you some more specific examples; ANN are also used in the following specific paradigms: recognition of speakersin communications; diagnosis
hepatitis; recovery of telecommunications from faulty software; interpretation of multimeaning Chinese words; undersea mine detection; texture analysis; thr
dimensional object recognition; hand-written word recognition; and facial recognition.

6.2 Neural networks in medicine

Artificial Neural Networks (ANN) are currently a ‘hot' research areain medicine and it is believed that they will receive extensive application to biomedical
systems in the next few years. At the moment, the research is mostly on modelling parts of the human body and recognising diseases from various scans (e.g
cardiograms, CAT scans, ultrasonic scans, etc.).

Neural networks are ideal in recognising diseases using scans since there is no need to provide a specific algorithm on how to identify the disease. Neural
networks learn by example so the details of how to recognise the disease are not needed. What is needed is a set of examples that are representative of all the
variations of the disease. The quantity of examples isnot asimportant as the 'quantity’. The examples need to be selected very carefully if the systemisto
perform reliably and efficiently.

6.2.1 M odelling and Diagnosing the Cardiovascular System

Neural Networks are used experimentally to model the human cardiovascular system. Diagnosis can be achieved by building a model of the cardiovascular
system of an individual and comparing it with the real time physiological measurements taken from the patient. |f this routine is carried out regularly, potenti
harmful medical conditions can be detected at an early stage and thus make the process of combating the disease much easier.

A model of an individual's cardiovascular system must mimic the relationship among physiological variables (i.e., heart rate, systolic and diastolic blood
pressures, and breathing rate) at different physical activity levels. If amode! isadapted to an individual, then it becomes a model of the physical condition of
individual. The simulator will have to be able to adapt to the features of any individual without the supervision of an expert. This calls for a neural network.

Another reason that justifies the use of ANN technology, is the ability of ANNs to provide sensor fusion which is the combining of values from several diffe
sensors. Sensor fusion enables the ANNSs to learn complex relationships among the individual sensor values, which would otherwise be lost if the values wer
individually analysed. In medical modelling and diagnosis, this implies that even though each sensor in a set may be sensitive only to a specific physiologica
variable, ANNs are capable of detecting complex medica conditions by fusing the data from the individual biomedical sensors.

6.2.2 Electronic noses

ANNSs are used experimentally to implement electronic noses. Electronic noses have several potential applicationsin telemedicine. Telemedicine is the pract
of medicine over long distances via a communication link. The electronic nose would identify odours in the remote surgical environment. These identified
odours would then be electronically transmitted to another site where an door generation system would recreate them. Because the sense of smell can be an
important sense to the surgeon, telesmell would enhance telepresent surgery.

For more information on telemedicine and telepresent surgery click here.

6.2.3 | nstant Physician

An application developed in the mid-1980s called the "instant physician” trained an autoassociative memory neural network to store a large number of medic
records, each of which includes information on symptoms, diagnosis, and treatment for a particular case. After training, the net can be presented with input
consisting of a set of symptoms; it will then find the full stored pattern that represents the "best" diagnosis and treatment.

6.3 Neural Networksin business

Businessis adiverted field with several general areas of specialisation such as accounting or financial analysis. Almost any neural network application woul
into one business area or financial analysis.

There is some potential for using neural networks for business purposes, including resource allocation and scheduling. There is also a strong potentia for usi
neural networks for database mining, that is, searching for patternsimplicit within the explicitly stored information in databases. Most of the funded work in
areaisclassified as proprietary. Thus, it is not possible to report on the full extent of the work going on. Most work is applying neural networks, such asthe

Hopfield-Tank network for optimization and scheduling.

6.3.1 Marketing

There is a marketing application which has been integrated with a neural network system. The Airline Marketing Tactician (a trademark abbreviated as AMT
a computer system made of variousintelligent technologies including expert systems. A feedforward neural network isintegrated with the AMT and wastrai
using back-propagation to assist the marketing control of airline seat allocations. The adaptive neural gpproach was amenable to rule expression. Additionaly
application's environment changed rapidly and constantly, which required a continuously adaptive solution. The system is used to monitor and recommend
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While it is significant that neural networks have been applied to this problem, it is also important to see that this intelligent technology can be integrated witt
expert systems and other approaches to make a functional system. Neural networks were used to discover the influence of undefined interactions by the varic
variables. While these interactions were not defined, they were used by the neural system to develop useful conclusions. It is also noteworthy to see that neur
networks can influence the bottom line.

6.3.2 Credit Evaluation

The HNC company, founded by Robert Hecht-Nielsen, has developed several neural network applications. One of them isthe Credit Scoring system which
increase the profitability of the existing model up to 27%. The HNC neura systems were also applied to mortgage screening. A neural network automated
mortgage insurance underwritting system was developed by the Nestor Company. This system was trained with 5048 applications of which 2597 were certifi
The data related to property and borrower qualifications. |n a conservative mode the system agreed on the underwritters on 97% of the cases. In the liberal m
the system agreed 84% of the cases. Thisis system run on an Apollo DN3000 and used 250K memory while processing a case file in gpproximately 1 sec.
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7. Conclusion

The computing world has a lot to gain fron neural networks. Their ability to learn by example makes them very flexible and powerful. Furthermore thereisn
need to devise an algorithm in order to perform a specific task; i.e. there is no need to understand the internal mechanisms of that task. They are also very we
suited for real time systems because of their fast responseand computational times which are due to their parallel architecture.

Neural networks also contribute to other areas of research such as neurology and psychology. They are regularly used to model parts of living organisms and
investigate the internal mechanisms of the brain.

Perhaps the most exciting aspect of neural networks is the possibility that some day 'consious networks might be produced. There is a number of scientists
arguing that conciousnessis a 'mechanical’ property and that 'consious neural networks are a realistic possibility.

Finally, | would like to state that even though neural networks have a huge potential we will only get the best of them when they are intergrated with comput
Al, fuzzy logic and related subjects.
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Appendix A - Historical background in detail

The history of neural networks that was described above can be divided into several periods:

1. First Attempts There were someinitial smulations using formal logic. McCulloch and Pitts (1943) developed models of neural networks based on tt
understanding of neurology. These models made several assumptions about how neurons worked. Their networks were based on simple neurons whict
were considered to be binary devices with fixed thresholds. The results of their model were simple logic functions such as"a or b" and "a and b". Anot
attempt was by using computer simulations. Two groups (Farley and Clark, 1954; Rochester, Holland, Haibit and Duda, 1956). The first group (IBM
reserchers) maintained closed contact with neuroscientists at McGill University. So whenever their models did not work, they consulted the
neuroscientists. This interaction established a multidiscilinary trend which continues to the present day.

2. Promising & Emerging Technology: Not only was neroscience influential in the development of neural networks, but psychologists and engineersal
contributed to the progress of neural network simulations. Rosenblatt (1958) stirred considerable interest and activity in the field when he designed anc
devel oned the Percentron The Percentron had three lavers with the middle |laver known as the acsenciation laver Thie avetem eould learn to connect or
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Another system was the ADALINE (ADAptive Linear Element) which was developed in 1960 by Widrow and Hoff (of Stanford University). The
ADALINE was an analogue electronic device made from simple components. The method used for learning was different to that of the Perceptron, it
employed the Least-Mean-Squares (LMS) learning rule.

3. Period of Frustration & Disrepute: In 1969 Minsky and Papert wrote a book in which they generalised the limitations of single layer Perceptrons to
multilayered systems. I n the book they said: "...our intuitive judgment that the extension (to multilayer systems) is sterile". The significant result of the
book was to eliminate funding for research with neural network simulations. The conclusions supported the disenhantment of reserchers in the field. A
result, considerable prejudice against this field was activated.

4. Innovation: Although public interest and available funding were minimal, several researchers continued working to develop neuromorphically based
computaional methods for problems such as pattern recognition.

During this period several paradigms were generated which modern work continues to enhance.Grossberg's (Steve Grossberg and Gail Carpenter in 19
influence founded a school of thought which explores resonating algorithms. They developed the ART (Adaptive Resonance Theory) networks based ¢
biologically plausible models. Anderson and Kohonen developed associative techniques independent of each other. Klopf (A. Henry Klopf) in 1972,
developed abasis for learning in artificial neurons based on a biological principle for neuronal learning called heterostasis.

Werbos (Paul Werbos 1974) developed and used the back-propagation learning method, however several years passed before this approach was
popularized. Back-propagation nets are probably the most well known and widely applied of the neural networks today. |n essence, the back-propagati
net. is a Perceptron with multiple layers, a different thershold function in the artificial neuron, and a more robust and capable learning rule.

Amari (A. Shun-Ichi 1967) was involved with theoretical developments: he published a paper which established a mathematical theory for alearning k
(error-correction method) dealing with adaptive patern classification. While Fukushima (F. Kunihiko) developed a step wise trained multilayered neur:
network for interpretation of handwritten characters. The origina network was published in 1975 and was called the Cognitron.

5. Re-Emergence: Progress during the late 1970s and early 1980s was important to the re-emergence on interest in the neural network field. Several fact
influenced this movement. For example, comprehensive books and conferences provided a forum for people in diverse fields with specialized technica
languages, and the response to conferences and publications was quite positive. The news media picked up on the increased activity and tutorial's helpe
disseminate the technology. Academic programs appeared and courses were inroduced at most major Universities (in US and Europe). Attention is no
focused on funding levels throughout Europe, Japan and the US and as this funding becomes available, several new commercial with applicationsin
industry and finacial institutions are emerging.

6. Today: Significant progress has been made in the field of neural networks-enough to attract a great deal of attention and fund further research.
Advancement beyond current commercial applications appears to be possible, and research is advancing the field on many fronts. Neurally based chip:
emerging and applications to complex problems developing. Clearly, today is a period of transition for neural network technology.
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Appendix B - The back-propagation Algorithm - a mathematical approach

Units are connected to one another. Connections correspond to the edges of the underlying directed graph. Thereis a real number associated with each
connection, which is called the weight of the connection. We denote by Wi the weight of the connection from unit u to unit u. It is then convenient to repres
the pattern of connectivity in the network by a weight matrix W whose elements are the weights Wij. Two types of connection are usually distinguished:
excitatory and inhibitory. A positive weight represents an excitatory connection whereas a negative weight represents an inhibitory connection. The pattern ¢
connectivity characterises the architecture of the network.

Input to Qutput from Input to
nauron i neuron | other neurons

z,(1) e

w,, = z (%) W N
- N

W Synaptic W, g .
junction - Xl
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A unit in the output layer determinesits activity by following a two step procedure.
@ First, it computes the total weighted input x;, using the formula:

Xy= ZJ’i%
where yi is the activity level of the jth unit in the previouslayer and Wi is the weight of the connection between the ith and the jth unit.

@ Next, the unit calculates the activity yj using some function of the total weighted input. Typically we use the sigmoid function:

1

AT

Once the activities of all output units have been determined, the network computes the error E, which is defined by the expression:
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E-3 (-

where y; is the activity level of the jth unit in the top layer and d; is the desired output of the jth unit.

The back-propagation algorithm consists of four steps:

1. Compute how fast the error changes as the activity of an output unit is changed. Thiserror derivative (EA) is the difference between the actual and the des
activity.

B
EA;'_j'J’j‘dj

2. Compute how fast the error changes as the total input received by an output unit is changed. This quantity (El) isthe answer from step 1 multiplied by the
at which the output of a unit changes as its total input is changed.

& & fo EAfyj(l yj)

&

El, =

3. Compute how fast the error changes as a weight on the connection into an output unit is changed. This quantity (EW) is the answer from step 2 multiplied
the activity level of the unit from which the connection emanates.

o) & l*j
it K st K s W
e e

4. Compute how fast the error changes as the activity of a unit in the previous layer is changed. This crucial step allows back propagation to be applied to
multilayer networks. When the activity of a unit in the previous layer changes, it affects the activites of all the output units to which it is connected. So to
compute the overall effect on the error, we add together all these seperate effects on output units. But each effect is smple to calculate. It isthe answer in ste
multiplied by the weight on the connection to that output unit.

& & &
EA, =—= > —x—L=> ELW,
e & B ; i

By using steps 2 and 4, we can convert the EAs of one layer of units into EAs for the previous layer. This procedure can be repeated to get the EAs for asme
previous layers as desired. Once we know the EA of a unit, we can use steps 2 and 3 to compute the EWSs on itsincoming connections.
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systems, some inspired by biological neural networks.

Researchers from many scientific disciplines are designing arti-
ficial neural networks (ANNs) to solve a variety of problems in pattern
recognition, prediction, optimization, associative memory, and control
(see the “Challenging problems” sidebar). '

Conventional approaches have been proposed for solving these prob-
lems. Although successful applications can be found in certain well-con-
strained environments, none is flexible enough to perform well outside
its domain. ANNs provide exciting alternatives, and many applications
could benefit from using them.*?

This article is for those readers with little or no knowledge of ANNs to
help them understand the other articles in this issue of Computer. We dis-
cuss the motivations behind the development of ANNs, describe the basic
biological neuron and the artificial computational model, outline net-
work architectures and learning processes, and present some of the most
commonly used ANN models. We conclude with character recognition, a
successful ANN application.

N umerous advances have been made in developing intelligent

WHY ARTIFICIAL NEURAL NETWORKS?

The long course of evolution has given the human brain many desir-
able characteristics not present in von Neumann or modern parallel com-
puters. These include

* massive parallelism,

« distributed representation and computation,
* Jearning ability,

* generalization ability,

« adaptivity,

« inherent contextual information processing,
« fault tolerance, and

* low energy consumption.

It is hoped that devices based on biological neural networks will possess
some of these desirable characteristics.

Modern digital computers outperform humans in the domain of
numeric computation and related symbol manipulation. However,
humans can effortlessly solve complex perceptual problems (like recog-
nizing a man in a crowd from a mere glimpse of his face) at such a high
speed and extent as to dwarf the world’s fastest computer. Why is there
such a remarkable difference in their performance? The biological neural
system architecture is completely different from the von Neumann archi-
tecture (see Tablc 1). This difference significantly affects the type of func-
tions each computational model can best perform.

Numerous efforts to develop “intelligent” programs based on von
Neumann’s centralized architecture have not resulted in general-purpose
intelligent programs. Inspired by biological neural networks, ANNs are
massively parallel computing systems consisting of an exremely large num-
ber of simple processors with many interconnections. ANN models attempt
to use some “organizational” principles believed to be used in the human
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* Let us consider the following problems of mterest to com-
puter scientists and engineers.

Pattern classification

The task of pattern classification is to assign an input pat-

tern (like a speech waveform or handwritten symbol) rep-
" resented by a feature vector to one of many prespecified
classes (see Figure A1). Well-known applications include
character recognition, speech recognition, EEG waveform
classification, blood cell classification, and printed circuit
board inspection.

Clustering/categorization
In clustering, also known as unsupervised pattern clas-
sification, there are no training data with known class
labels. A clustering algorithm explores the similarity
between the patterns and places similar patterns in a clus-
- ter (see Figure A2). Well-known clustering applications
include data mining, data compression, and exploratory
data analysis.

Function approximation

Suppose a set of n labeled training patterns (input-out-
put pairs), {(x;, y1).(%,, o), . . .. (X, ¥}, have been generated
from an unknown function p(x) (subject to noise). The task
of function approximation is to find an estimate, say L, of
the unknown function u (Figure A3). Various engineering
and scientific modeling problems require function approx-
imation.

Prediction/forecasting

Given a set of n samples {y(t)), ¥(t.), . ... Y(t)} in a time
sequence, t,, t;, ..., t, the task is to predict the sample
y(t,..) at some future time t,,,. Prediction/forecasting has a
significant impact on decision-making in business, science,
and engineering. Stock market prediction and weather
forecasting are typical applications of prediction/forecast-
ing techniques (see Figure A4).

Optimization

A wide variety of problems in mathematics, statistics,
engineering, science, medicine, and economics can be
posed as optimization problems. The goal of an optimiza-
tion algorithm is to find a solution satisfying a set of con-
straints such that an objective function is maximized or
minimized. The Traveling Salesman Problem (TSP}, an NP-
complete problem, is a classic example (see Figure A5).

Content-addressable memory

in the von Neumani model of computation, an entry in
memory is accessed only through-its address, which is inde-
pendent of the content in the memory. Moreover, if a small
error is made in calculating the address, a completely dif-
ferent item can be retrieved. Associative memory or con-
tent-addressable memory, as the name implies, can be
accessed by their content. The content in the memory can
be recalled even by a partial input or distorted content (see
Figure A6). Associative memory.is extremely desirable in
building multimedia information databases.

| Computer

Control

Consider a dynamic system defined by a tuple {u(t) y(t)}
where u(t) is the control input and y(t) is the resulting out-
put of the system at time t. In model-reference adaptive
control, the goal is to generate a control input u(t) such that
the system follows a desired trajectory determined: by the
reference model. An example i is engine idle- speed control
(Figure A7). :
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Figure A. Tasks that neural networks can perform:

(1) pattern classification; (2) clustering/categorization;
(3) function approximation; (4) prediction/forecasting;
(5) optimization (a TSP problem example); (6) retrieval
by content; and (7) control (engine idle speed). (Adapted
from DARPA Neural Network Study)



brain. Modeling a biological nervous system using ANNs
canalso increase our understanding of biological functions.
State-of-the-art computer hardware technology (such as
VLSI and optical) has made this modeling feasible.

A thorough study of ANNs requires knowledge of neu-
rophysiology, cognitive science/psychology, physics (sta-
tistical mechanics), control theory, computer science,
artificial intelligence, statistics/mathematics, pattern
recognition, computer vision, parallel processing, and
hardware (digital/analog/VLSI/optical). New develop-
ments in these disciplines continuously nourish the field.
On the other hand, ANNs also provide an impetus to these
disciplines in the form of new tools and representations.
This symbiosis is necessary for the vitality of neural net-
work research. Communications among these disciplines
ought to be encouraged.

Brief historical review

ANN research has experienced three periods of exten-
sive activity. The first peak in the 1940s was due to
McCulloch and Pitts’ pioneering work.* The second
occurred in the 1960s with Rosenblatt’s perceptron con-
vergence theorem® and Minsky and Papert’s work showing
the limitations of a simple perceptron.® Minsky and
Papert’s results dampened the enthusiasm of most
researchers, especially those in the computer science com-
munity. The resulting lull in neural network rescarch
lasted almost 20 years. Since the early 1980s, ANNs have
received considerable renewed interest. The major devel-
opments behind this resurgence include Hopfield’s energy
approach” in 1982 and the back-propagation learning
algorithm for multilayer perceptrons (multilayer feed-
forward networks) first proposed by Werbos,® reinvented
several times, and then popularized by Rumelhart et al.
in 1986. Anderson and Rosenfeld ' provide a derailed his-
torical account of ANN developments.

Biological neural networks

A neuron (or nerve cell) is a special biological cell that
processes informartion (see Figure 1). It is composed of a
cell body, or soma, and two types of out-reaching tree-like
branches: the axon and the dendrites. The cell body has a
nucleus that contains information about hereditary traits
and a plasma that holds the molecular equipment for pro-
ducing material needed by the neuron. A neuron receives
signals (impulses) from other neurons through its dendrites
(receivers) and transmits signals generated by its cell body
along the axon (transmitter), which eventually branches
into strands and substrands. At the terminals of these
strands are the synapses. A synapse is an elementary struc-
ture and functional unit between two neurons (an axon
strand of one neuron and a dendrite of another). When the
impulse reaches the synapse’s terminal, certain chemicals
called neurotransmitters are released. The neurotransmit-
ters diffuse across the synaptic gap, to enhance or inhibit,
depending on the type of the synapse, the receptor neuron’s
own tendency to emit electrical impulses. The synapse’s
effectiveness can be adjusted by the signals passing through
itso that the synapses can learn from the activities in which
they participate. This dependence on history acts as a mem-
ory, which is possibly responsible for human memory.

The cerebral cortex in humans is a large flat sheet of neu-

Table 1. Von Neumann computer versus biological neural system.

- VonNeumann  Biological ;
. ‘computer | neuralsystem
Processor  Complex ~  Simple
» . Highspeed =~ .~ ‘lowspeed
Oneorafew - = . Alarge number
Mgmdry . 'Séparat'e_froh aprocessor Integrated into
‘localized: processor .
Noncontent addressable  Distributed -
; A Content addressable
;Com.putving - Centralized * e B .Distribu{ed
i S Sequential: Parallel.
- Stored brog‘rams ; - Self-learning
Reliability - Veryvulnerable ~ Robust
Expertise . Nu'rﬁerical énd.symbolic : Pércéptual
manipulations: ... problems
Operating ~ Well-defined, Poorly defined,

environment  well-constrained * unconstrained
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‘Ako
i

Figure 1. A sketch of a biological neuron.

rons about 2 to 3 millimeters thick with a surface area of
about 2,200 cm?, about twice the area of a standard com-
puter keyboard. The cerebral cortex contains about 10"
neurons, which is approximately the number of stars in the
Milky Way." Neurons are massively connected, much more
complex and dense than telephone networks. Each neuron
is connected to 10° to 10* other neurons. In total, the human |
brain contains approximately 10* to 10* interconnections. |

Neurons communicate through a very short train of
pulses, typically milliseconds in duration. The message is
modulated on the pulse-transmission frequency. This fre-
quency can vary from a few to several hundred hertz, which
is a million times slower than the fastest switching speed in
electronic circuits. However, complex perceptual decisions
such as face recognition are typically made by humans |
within a few hundred milliseconds. These decisions are
made by a network of neurons whose operational speed is
only a few milliseconds. This implies that the computations
cannot take more than about 100 serial stages. In other
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and has the desired asymptotic properties.
The standard sigmoid function is the logis-
tic function, defined by

y | 8§60 =1/(1+exp{-Bx}),
where [} is the slope parameter.
Network architectures

ANNs can be viewed as weighted directed
graphs in which artificial neurons are

Figure 2. McCulloch-Pitts model of a neuron.

-words; the brain runs parallel programs that are about 100

steps long for such perceptual tasks. This is known as the
hundred step rule.’? The same timing considerations show
that the amount of information sent from one neuron to
another must be very small (a few bits). This implies that
critical informartion is not transmitted directly, but captured

| and distributed in the interconnections—hence the naine,

connectionist model, used to describe ANN.

Interested readers can find more introductory and eas-
ily comprehensible material on biological neurons and
neural networks in Brunak and Lautrup.®!

ANN OVERVIEW

Computational models of neurons
MecCulloch and Pitts* proposed a binary threshold unit

as a computational model for an artificial neuron (see .

Figure 2).
This mathematical neuron computes a weighted sum of
itsninputsignals,x,j = 1,2, ...,n, and generates an out-

put of 1 if this sum is above a certain threshold u.
Otherwise, an ouzput of 0 results. Mathematically,

£ i

y=0 szixl;—u X

i=1

where 0(-) is a unit step function at 0, and w is the synapse
weight associated with the jth input. For simplicity of nota-
tion, we often consider the threshold u as another weight
w, = —u attached to the neuron with a constant input x,
= 1. Positive weights correspond to excitatory synapses,
while negative weights model inhibitory ones. McCulloch
and Pitts proved that, in principle, suitably chosen weights
let a synchronous arrangement of such neurons perform
universal computations. There is a crude analogy here to
a biological neuron: wires and interconncections model
axons and dendrites, connection weights represent
synapses, and the threshold function approximates the
activity in a soma. The McCulloch and Pitts model, how-
ever, contains a number of simplifying assumptions that
do not reflect the true behavior of biological neurons.
The McCulloch-Pitts'neuron has been generalized in
many ways. An obvious one is to use activation functions
other than the threshold function, such as piecewise lin-
ear, sigmoid, or Gaussian, as shown in Figure 3. The sig-
moid function is by far the most frequently used in ANNs.
Itisa strictly increasing function that exhibits smoothness

Computer

nodes and directed edges (with weights)
are connections between neuron outputs
and neuron inputs.
Based on the connection pattern (architecture), ANNs'
can be grouped into two categories (see Figure 4): '

* feed-forward networks, in which graphs have no
loops, and

« recurrent (or feedback) networks, in which loops
occur because of feedback connections.

In the most common family of feed-forward networks,
called multilayer perceptron, neurons are organized into
layers that have unidirectional connections between them.
Figure 4 also shows typical networks for each category.

Different connectivities yield different network behav-
iors. Generally speaking, feed-forward networks are sta-
tic, that is, they produce only one set of output values
rather than a sequence of values from a given input. Feed-
forward networks are memory-less in the sense that their
response to an input is independent of the previous net-
work state. Recurrent, or feedback, networks, on the other
hand, arc dynamic systems. When a new input pattern is
presented, the neuron outputs are computed. Because of
the feedback paths, the inputs 10 each neuron are then
modified, which leads the network to enter a new state.

Different network architectures require appropriate
learning algorithms. The next section provides an
overview of learning processes.

Learning

The ability to learn is a fundamental trait of intelligence.
Although a precise definition of learning is difficult to for-
mulate, a learning process in the ANN context can be
viewed as the problem of updating network architecture
and connection weights so that a network can efficiently
perform a specific task. The network usually must learn
the connection weights from available training patterns.
Performance is improved over time by iteratively updat-
ing the weights in the network. ANNs’ ability to auto-
matically learn from examples makes them attractive and
exciting. Instead of following a set of rules specified by
human experts, ANNs appear to learn underlying rules
(like input-output relationships) from the given collec-
tion of representative examples. This is one of the major
advantages of neural networks over traditional expertsys-
tems.

To understand or design a learning process, you must

~ first have a model of the environment in which a neural

network operates, that is, you must know what informa-
tion is available to the network. We refer o this model as






