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Abstract

Recent developments in the field of artificial neural networks have provided

potential applications in various fields. Artificial neural nets are inspired from the

studies of biological nervous system and composed of many simple nonlinear

computational elements called neurons which are connected by links of variable

weights. These weights are adjusted by a learning process and finally settle down

to a set of weights that realizes the task at hand. The most popular learning

algorithm for feed-forward connectionist networks is Back-propagation algorithm'

This a.lgorithmdefines sumof squared errors measured at the output layer as error

function and updates weights to minimizethis error by steepest descent method.

. Majordrawb~cks of this algorithm are its slow convergence and possibility of

getting stuck1in local minima.These drawbacks hinder its widespread applications
,

in real-world .problems. Several methods have been proposed to improve its

convergence. But these methods require someadditional parameters to be adjusted

and fast increase of somelearning rate parameter might cause unstable behavior in

the learning process and needs mo're complicated training procedure. Having

considered all these problems, a newerror function expressed as exponential of the.

sum of squared errors measured at the output layer is defined in the proposed

research. Weight update using this modificationvaries the learning rate parameter

dynamically during training as opposed to constant learning rate parameter used in

. standard Back-propagation. This adaptation of learning rate during learning is

found to significantly improve the convergence speed of Back-propagation

algorithm.
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1.1 General Introduction

Over the past few decades computer designers, engineers, and

programmers are making great efforts in devising an intelligent machine that

can achieve human like performance in speech and visual pattern

recognition, natural language processing, dealing with fuzzy situations etc.

Obviously, the best and only one natural model is the human brain - the

essence of all knowledge. One reasonable conjecture in this regard is that

thinking about computation in terms brain metaphor rather than the digital

computer metaphor will lead to insights into the nature of intelligent

behavior.

Present day digital computers are capable of doing amazing feats. They

can effortlessly store vast quantities of information. Their circuits operate

in nanoseconds and can perform extensive arithmetic calculations without

error. Human brain cannot approach these capabilities. On the other hand,

humans routinely perform simple tasks such as walking, talking and

commonsense reasoning. Biological neurons. which operate in millisecond

range are extremely slow devices when compared to their counterpart in

digital computers. Yet, humans can perform extremely complex tasks, like

interpreting a visual scene or understanding a sentence, in just one tenth

of a second. In other words, we do in about a hundred steps what current

computers cannot. do in ten million steps. The underlying reason is that,

unlike conventional computers, the brain contains a huge number of neurons

- the information processing elements of biological nervous system, acting

in parallel. This suggests that in search for solutions to intelligent problems,

we need machines built on large number of processing elements computing

in parallel.
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Neurons are also failure prone biological devices. They are constantly

dying, and their firing patterns are irregular. Components of digital

computers, in contrast, must operate perfectly and failure of one component

causes loss of information. Thus, if artificial networks can be built with

essential properties of biological neurons, it would not be sensitive to the

failure of a few components, perhaps by using redundancy and distributing

information across a wide range oCcomponents. This network would be much

more fault tolerant than a digital computer. Another thing humans seem to.

be able to do better than computers is dealing with. fuzzy situations. Wehave

very large memories of visual, auditory and problem solving episodes and one

key operation in solving new problems in finding closest matches to old

situations. Inexact matching is something brain style model seem to be good

at because of the diffuse and fluid way in which knowledge is represented.

Digital computers perform real time processing in an "interrupt-

driven" mode, i.e., events must set an "interrupt flag" to request the

processor's attention. A serial processor will respond to an event according

to prioritization of each request with respect to others which is a complex and

time consuming process involving selection, activation and suspension of

various programs at different times and there is always a time delay between

the occurrence of an event and its response. But, if an artificial network is

modelled after biologiCal neurons, it will be able to act in "real time" by

responding to the events as they occur.

All these features found in brain serve as a strong motivation for the

idea of building an intelligent machine modelled after biological neurons,

known as artificial "neural networks. However, artificial neural network

models are not meant to duplicate but to abstract a few properties from what

are known of brain's functioning based on the present understanding of

biological nervous system. Understanding of brain's functioning is yet far

2



from complete and contains many points of controversy. Much of this

uncertainty concerns the details of biological mechanisms rather than neural

functions.. The organization and information processing characteristics of

several nerve nets are fairly well understood. Using those few properties.

that are known, the artificial networks, much simplified models of biological

neurons are very effective "indoing large amount of computation with a very

little hardware.

1.2 Biological Neurons

Figure 1.1 shows a schematic diagram of two biological neurons in

synaptic contact. Neurons are electrically active cells; they interact with one

another through the flow of local electrical (ionic) currents between them.

These ionic currents are driven by a voltage difference across the neuron's

cell membrane. This voltage is normally maintained at a level called the

membrane resting potential by a set of active biochemical pumps located in

the membrane [1]. The resting potential for many types of neurons is about

60 millivolts (measured at the cell's interior with respect to its exterior).

These pumps create chemical concentration gradients in three primary ionic

species: potassium (k+), sodium (Na +)and chloride ion (Cl-).

A neuron impulse consists of a rapid voltage change which occurs in

a localized section of a neuron's membrane. This voltage change is produced

by a flow of local ionic currents through the membrane. Once initiated, these

flows propagate to the adjacent neurons along the length of nerve fibre.

Once a signal is propagated, another impulse cannot be produced for some

period of time. During. this so called refractory period, the pumps in the

membrane work to reestablish the membrane's resting poten.tial [2]. Because

3



of this activity, neurons cannot produce more than about one thousand

impulses per second. An impulse thus lasts a few milliseconds.

The main elements of the biological neural systems are:

•
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Figure 1.1 Two biological neurons in synaptic contact.
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1. The soma or nerve cell, the large round central body of the

neuron from 5 to 1000 microns in diameter.

2. The output fibre called the axon, attached to the soma,

electrically active, produces the pulses which are emitted by the

neuron.

3. The input fibre leading to the soma called dendrite, receives

inputs from other neurons by means of specialized contacts.

Each such fibre transmits pulses of current (nerve impulses) in one

direction, so that neurons feed currents to one another in definite directions.

The axon of each cell feeds the dendrites of its sink-cells through synapses.

Each such synapse consists of a pre-synaptic axon-end butted against a

post-synaptic dendrite-end, usually with a small intervening gap called the

synaptic cleft. As a nerve impulse reaches at axon-end, it causes release of

a chemical called neurotransmitter. which diffuses across the fluid filled

synaptic gap. When this chemical reaches the dendrite end in a few msec, it

induces a voltage change across the post-synaptic membrane of the dendrite.

There are many types of neurotransmitter but a given transmitter always has

two basic effects on the postsynaptic membrane. It can cause the membrane

potential to become more positive which is termed as depolarizing the

membrane or more negative which is termed as hyperpolarizing the

membrane.

Neurons can combine impulses that reach them from other neurons in

two integration effects called temporal summation and spatial summation [3].

Temporal summation is a mechanism that depends upon the pulse frequency

of the incoming pulse train. A neuron's cell membrane acts like a leaky

capacitor. Each incoming impulse tends to change the cell's membrane

potential by some amount which gradually decays back toward zero. If an
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impulse arrives so soon after a preceding one that the latter's voltage change

has not completely decayed, then the two voltage changes add up. As a

result, an input train of sufficiently high frequency will cause a continual

increase or decrease. in the recipient cell's membrane voltage and may become

sufficiently depolarized to fire. Lower frequency input pulses may never

manage to exceed the cell firing threshold. Spatial summation is an

interaction that involves multiple. inputs to a neuron. A neuron may receive

thousands of inputs from other neurons. Some of these inputs may be so

powerful that impulses arriving from single inputs may be sufficient to cause

the recipient cell to fire. Spatial summation refers to roughly simultaneous

arrival of pulses from a number of distinct inputs.

These simple mechanisms are surprisingly powerful. First, each neuron

is basically an independent processor. Each neuron receives, combines and

produces impulses as an autonomous information processing unit, operating

in parallel with other neurons. The processing that occurs at each neural

element is comparatively simple; but at any given instant, a tremendous

number of such operations are in progress.

1.3 Artificial Neural Networks

Artificial neural networks are modelled after biological neurons to

have the same kinds of information processing operations. Asimple artificial

neural system, an analogous to biological counterpart, is illustrated in Figure

1.2. Here neuron becomes independent processing element or node, the axons

and dendrites become wires, and the synapses become variable resistors

(linksr carrying the weighted inputs that represent data or the sum of

6



weighted inputs from other processing elements.

Sj
Axon

ej
Threshold

Neuron k

. Dendrite
Synapse

ek
Threshold

Figure 1.2 Twoartificial neurons.

Artificial neural network is thus a parallel, distributed information.

processing structure consisting of processing elements interconnected via

unidirectional signal channels called connection weights. These . simple

neuron-like processing elements receive, combine and produce outputs as

autonomous information processing units and the connection weights between
, .

them encode the knowledge of the network after it is trained by some suitable

learning algorithm designed to solve a specific problem.
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1.4 Potential Applications of Neural Networks

Neural networks have far reaching potential as building blocks in

tomorrow's intelligent computation. Already useful applications have' been

designed, built and commercialized, and much research continues in hopes of

extending this success. Neural network applications emphasize areas where

they appear to offer a more straightforward and easier approach than

traditional computing and better performance as well. Neural networks offer

possibilities for solving problems that require pattern recognition, pattern

mapping, dealing with noisy data, pattern' completion, associative look ups,

and systems that learn or adapt during use. Examples of specific areas where

these types of problems appear include speech synthesis and recognition,

image processing and analysis, handwritten character recognition, sonar and

seismic signal classification, associative memory, adaptive control etc. Some

optimization tasks have also been addressed with neural networks.

The highly developed applications are hand written character

recognition, text-to-speech converter (e.g, NETtalk), noise filtering in ECG,

neural network based medical diagnosis system to assist doctors. A neural

network based diagnosis system 'DESKNET'is able to diagnose 10 different

skin diseases based on a set of 18symptoms and test results. British Telecom,

American Telegraph and Telecom (AT&T)and Nippon Telegraph and Telecom

(NTT) are desigiiing applications using neural network based speech

processing, recognition and synthesis. Efforts are being made in designing

voice-activated control using neural networks.

Identification of targets and industrial inspection provide a large

domain for neural network applications. Machine fault diagnosis and analysis

is an important commercial application of neural networks. Successful

application studies have been done for jet, rocket and automotive engine
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diagnosis. Neural networks are applied to a variety of financial analysis

problems- such as credit assessment, financial forecasting and mortgage loan

evaluations by companies that finance and insure mortgages. They are

trained to forecast weather, clean up noise in video images, play games,

forecast electric loads, identify signature and translate natural languages.

Neural network along with fuzzy theory and genetic algorithm may playa new

role in achieving the goal of building an intelligent machine in future.

1.5 Scope of the Present Work

The neural network approach to solve a problem requires definition of

problem in terms of input-output relationship and a suitable learning

algorithm to realize that relationship. Much of the efforts in neural network

research has been devoted to developing algorithms which perform better

and converges faster than the existing ones, and easier to implement in VLSI

technology.. One of the most popular algorithms is Back-propagation learning

used to train multi-layer feedforward network. This algorithm is an iterative

one that performs a steepest descent technique to reduce a sum-squared

error measured at output layer. One of the limitations of Back-propagation

algorithm is its slow convergence which hinders its widespread use in real

time applications. The present work aims to accelerate the convergence of

Back-propagation learning by defining a new cost function. . This cost

function is defined to be the exponential function of the sum-squared. error

of standard Back-propagation learriing. With this cost function, the. learning

rate parameter is varied during training as opposed to constant learning rate

parameter in standard Back-propagation learning. This adaptation of

learning rate parameter is expected to speed up the learning process.

Simulations using different problems will be .done.. Convergence

9



characteristics with this modification will be investigated and comparisons

with standard Back-propagation will be made.

1.6 Thesis Organization

In chapter 2, formulation of standard Back-propagation algorithm and

limitations of this> algorithm are presented. In chapter 3, some notable

previous works on accelerating the convergence of Back-propagation are

illustrated. In chapter 4, the proposed acceleration techniql.le is formulated.

In chapter 5, simulation results are given. Conclusions and possible further

investigations on the present work are mentioned in chapter 6.
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2.1 Intioduction

Back-propagation is one of the most widely-used algorithms to train

multilayer feed forward networks. Its weight update procedure is intuitively

appealing because it is based on a relatively simple concept. If the network

gives the wrong answer, then the weights are corrected so that the error is

lessened and as a result future responses of the network are more likely to

be correct.

Back-propagation networks are usually multiple layered, with each

layer fully connected to the layers below and above. When the network is

given an input, the updating of activation values propagates forward from

the input layer of the processing units, through each internal layer, often

called hidden layer, to the output layer of processing units. The output units

then provide the network's response. When the network corrects its internal

parameters, the correction mechanism starts with the output units and back-

propagates backward through each hidden layer to the input layer - hence

the term back-error propagation, or back-propagation.

Back-propagation' is a tremendous step forward compared to its

predecessor, the perceptron. The perceptron was limited to only two layers

of processing units, with only a single layer of adaptable weights. This key

limitation meant that perceptron Could only classify patterns that were

linearly separable. Back-propagation overcomes this limitation because it can

adapt two or more layers of weights, and uses a more sophisticated learning

rule. The power of.back-propagation lies in its ability to train hidden layers

and thereby escape the restricted capabilities of perceptron-like single-

layer networks.

11



2.2 Formulation of Back-propagation

In this section, a detailed derivation of Back-Propagation learning rule

is presented. The back propagation network (BPN)is a layered, feed forward

network that is fully interconnected by layers. There are no feedback

connections. Although only three layers are used in the following

formulation, more than one hidden layer is permissible. A typical BPN

architecture is shown in Figure 2.1.

Let us suppose, we have a set of p vector-pairs, (XHY .),(X2,Y 2)'

... ,(X p,Y p), which are examples of a functional mapping Y=\b(X): XeR H,YeR M. If

p-th input vector, Xp=(XpHXp;>'> ••• ,X PH)" is applied to the input layer of the

XpI

• • •

• •

Xpi

Output layer

• • •
Input layer

Figure 2.1 The three-layer BPNarchitecture.
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network, the input units distribute the values to the hidden layer units and

the net input to the j-th. hidden units is

(2-1)

where W\ is the weight on the connection from the i-th input unit and 9h
j is

the bias term. The "h" superscript refers. to quantities oli the hidden layer.

If it is assumed that the activation of this node is equal to the net input then

the output of this node is

(2 -2)

The equations for the output nodes are similarly as follows.

......

(2-3)

(2-4)

(3 )

where the '0' superscript refers to quantities on the output layer and 'k'

refers to the k-th output unit.

2.2.1 Update of Output-layer weight

The error at a single output unit to be Ypk-O pk' where Ypk is the desired

output value of the k-th output unit. The error that is minimized by the

gradient descent rule is the sum of the squares of the errors for all output

13



units:

1 "= L
2 k-l (2-5)

To determine the direction in which to change the. weights, the negative of

the gradient of Ep' OEp' with respect to the weights Wkjare to be calculated.

Then the values of the weights can be adjusted such that the total error is

reduced. Total error is defined either as the sum of the errors measured for

all the patterns or the mean of all the errors. Thus the total error has any

one of the following forms.

. . . . . . . .( 2 -6 )

or

(2-7 )

The error surface with respect to weights can have various complex

forms. Figure 2.2 shows a simple example where the network has only two

weights. Formulation of Back-propagation assumes that reduction of each E
p

will reduce the total error E. Therefore, the change in weight WOkj for

pattern 'p' is given by

14



From Eg. (2-5),

Figure 2.2 Hypothetical surface in weight space.
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Therefore,

(2-8)

Therefore, the change in output layer weight WOkjfor pattern'p' is given by

the following relationship.

(2-9 )

where the proportionality constant 'I is called the learning rare parameter.

The outputs of hidden units and output units, i.e, Hpjand Opkare determined

by the sigmoid or logistic function which is given bY'

f{x) = (2-10)

_0 •• _"- '-:,-~_-::---

1.0 Y

x

Figure 2.3 Graphical representation of :?igmoidfunction.
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Therefore

Then. the Eq. (2-9) can be written as

••••••••••••••• (2-11)

Where

(2-12)

is called the error signal at the output layer.

2.2.2 Update of Hidden-layer Weight

To extend the above weight update procedure in the hidden layer it is

necessary to determine a measure of the error of the outputs of the hidden

layer units. Intuitively, the total error, E must somehow be related to the

output values (Hp) on the hidden layer and Hpjdepends on the weighs on the

hidden layer. This fact can be exploited to calculate the gradient of Epwith

respect to the hidden layer weights. For pattern 'p', the weights in the

hidden layer can be updated as

17



Now, from Eq. (2-5)

Therefore, change in weight whji for pattern 'p' is governed by the following

relationship.

(2-13)

Every weight update on the hidden layer depends on all the error terms, .oopk> .

on the output layer. The known errors on the output layer are propagated

back to the hidden layer to determine the appropriate weight changes on

that layer. By defining a hidden layer error signal term o\j as

(2-14)

the weight update equation on hidden layer become analogous to tJ10se for

the output layer.

•
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Thus training a set of patterns by Back-propagation involves two

phases. As a pattern is presented to the network, it propagates through the

network and produces outputs at the output layer - this is called

propagation phase. Error is determined by comparing the actual output with

the target value and propagated backward through the network to make

weight modification - this is called back-propagation phase. After the

complete set of patterns is presented to the network and necessary weight

modification is done each time, a training cycle or epoch is said tci be

completed. Training continues until the error reduces to some prefixed value

and this usually takes a number of training cycles.

2.3 Limitations Standard Back-propagation
algorithm

Though back propagation learning algorithm is one of the most popular

learning schemes to date for multi-layer networks, it does have several

inevitable limitations. Someof them are as follows.

(1) The number of training cycles required for the sum-squared error to

be reduced to an acceptable value is usually large. in most cases. The

reasons for this problem has been discussed in detail in the next

section.
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(2) It sometimes gets stuck in local minima. In that case extremely long

training cycles are necessary for convergence.

(3) The architecture of Back-propagation algorithm is fixed. There

is no provision for changing the number of hidden-layer units

during training.

(4) The Back-propagation algorithm is incapable of incremental learning

2.4 Reasons for slow convergence

The reasons are:

(1)' The' value of 'I, which modulates the step size, is sensitive to the

local shape of the hyper-dimensional terrain which is being traversed in the

optimization. If a steep v-shaped valley is being followed (particularly if that

20



valley has twist and turns), too large' a value of TJ will cause steps to

bounce between the two opposite sides of the valley rather than following the

contour of its bottom. On the other hand, too small a value of TJ will prevent

the system from making reasonable progress across a long flat slope.

(2) A step (a change of weight and activations based on the correc-

tions produced by the back-propagation) that reduces the error with respect

to one pattern will not, in general, produce a network with reduced error

with respect to all the other patterns which the system is to learn. Such a

step may misdirect the optimization path which means that the negative

gradient vector may not point directly towards the minimum of the error

surface. This is illustrated in Figure 2.4 for a two dimensional weight space.

The error surface is drawn topographically using contours. to

represent regions of equal error. The minimum of the error surface is

represented by the back dot in. the center of the contours. The current

weight vector is given by w(t). Since at the current point in weight space the

error surface is steeper along the w2 dimension than the WI dimension, the

derivative of W2 is greater than the derivative of WI' In general, for the

direction of the negative gradient vector to equal the direction of the

minimumof the error surface for all points in.weight space, the contours that

represent regions of equal error must be circular.
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Figure 2.4 Error surface over two-dimensional weight space.

3) the weights are adjusted after every trial regardless of the benefit

of such an adjustment. In reality, however, many consecutive data points

contain redundant information. Updating without fresh information not only

is inefficient but also can be detrimental due to potential inconsistency.

Furthermore, the processing time required by updating may also be
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unnecessarily" long, thus handicaps the implementation. Also an inappro-

priately chosen initial weight set could result iri undesirably long training

period.

2.5 Summary

In this chapter, a detail derivation of standard Back-Propagation

algorithm is presented and several limitations of this algorithm, especially,

slow convergence and "its reasons have been discussed. In the next chapter,

somesignificant works on accelerating the convergence speed are presented.
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3.1 Introd~ction

The greatest single obstacle to the widespread use of back-propagation

learning algorithm in real-world applications is its slow speed in convergence

and it scales up poorly as tasks become larger and more complex. Even on

relatively simple problems, standard back-propagation often requires a

lengthy training process in which the complete set of training examples is

processed hundreds or thousands of times. This limits its use to

investigating rather small networks with only a few thousand trainable

weights. Some problems of real-world importance can be tackled using

networks of this size, but most of the tasks for which connectionist

technology might be -appropriate are much too large and complex to be

handled by the current training algorithms. Much of the efforts in neural

networks research is devoted to developing faster convergent algorithms. In

the following sections, some of the earlier works to accelerate Back-

propagation convergence is presented.

3.2 Survey of Previous _Works

After considering the reasons for the possible slow rate of convergence

of the steepest descent procedure as mentioned in chapter 2, several methods

have been proposed by several researchers.

In (5), Vogl et.al. modified the standard Back-propagation algorithm on

the basis of experience gained with other non-linear optimization algorithms.

The following modifications were proposed.

1. After each pattern is presented, all weight changes are calculated

as usual through back-propagation, but these changes are not immediately
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applied. Instead, the changes for each weight are summed over all of the

input. patterns and the sum is applied to modify the weight after each

iteration over all the patterns. Thus updating is modified as follows:

","wjk(m+l) = "L (6pj.0pk) + Cl,,,,"Wjk(m)
p

(3-1)

2. The learning rate II is varied dIl.ring training. II is increased or

decreased by certain factor depending on whether preceding updating

decreased or increased the total error.

This modification requires two additional parameters to choose.

These two additional parameters and initial values of II must be carefully.

chosen. Fast increase of some parameters may cause unstable behavior in the

learning process. Moreover, with this modification, early stage of learning

seems to very slow. However, this modification has not been adequately.

investigated and has not gained wide acceptance.

In [8], Jacob proposed heuristics that provide guidelines for achieving

faster rate of convergence than steepest descent techniques. These

heuristics take four points into consideration.

First, every weight should have its own individual learning rate. The

argument is that the step size appropriate for one weight is not necessarily

appropriate for other weights.

Second, every learning rate should be allowed to vary over time. It is

common for error surfaces to possess different properties along different

regions of a single parameter dimension. In order to take appropriate step

. sizes as the weight varies the learning rate will also need to vary.

Third, when the derivative of error with respect to a weight possesses

the same sign for several consecutive iterations its learning rate should be
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increased. It is frequently the case where. the. error surface at the current

point in weight space along that weight dimension possesses a small

curvature along that weight and therefore, continues to slope in the same

direction for some significant distance. Incrementing learning rate for this

weight can reduce the number of time steps required to traverse this

distance.

Fourth, when the sign of the derivative for a weight alternates for

several consecutive time steps, its learning rate should be decreased. It is

frequently the case where the error surface along fhat weight dimension

possesses a high curvature and therefore, the slope of this area of the error

surface may quickly change sign. In order to prevent this weight from

oscillating, this value should be adjusted by a smaller amount.

Based on the above consideration, Jacobs suggested individual

learning rate for each weight and updating of this learning rate on an

estimate of the curvature of error surface at the current point along that

weight. A learning rate updating rule as suggested by Jacobs in [8] is as

follows

aE( t-l)
aWj1 (t-l)

where 'Iji is the learning rate of weight Wfr

Simulation results provided by Jacobs in [8] show improvement of

convergence. However, this modification. makes learning rate much more

complex and doubles the number of parameters to be adjusted. Improvement

in terms of training cycles required for convergence .does not necessarily

imply less computational cost. A comparison in terms of actual computational.

cost has not been investigated. Moreover, there exist error surfaces where

use of these heuristics may not result in the desired effects [8].

S.C. Huang and Y.F. Huang [12] suggested that weights .should not be
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adjusted after every trail regardless of benefit. There are two criteria

involved in the selection process. One is concerned with. initial condition

while the other one chooses an appropriate sequence of presentation of

training data.

In [11], Samad argues that the effectiveness of weight update in

standard Back-propagation is reduced due to the fact that, as learning

proceeds, the output of a unit ~n response to an input vector deviates from

the value used in weight update. The reason is that, to update a particular

weight Back-propagation takes gradient on an error surface assuming that

all the other weights remains stationary. But this is not the case in real

implementation of the algorithm. Thus the error surface appears to be

changing every time the weights are updated. To compensate this change, .

Samad proposed to use an expected value of the unit whose associated weight

is to update by the following rule:

........ (3-3)

Where 13is a constant and /)'s are the error signal. of units.

This modification showed faster convergence in some cases. However,

performance of this modification is highly dependent on 'I, and for some

range of 'I, this modification does not show any speed up. However, proper

choice of the value of 13is also problem-specific.

In [10], Holt et. al. proposed a log-likelihood cost function as an

alternate. to sum-squared error used in standard Back-propagation. This cost

function is defined as

(3-4)

Updating of weights is done using .the gradient of this error surface. This
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gives the following form of error signal at the output layer.

(3-5)

Comparison with equation (2-10) shows the absence of the term Opk(l-Optl

in equation (3-5). In fact the term 0pk(l-Opk) is a bell-shaped function having

a maximum value of 0.25. This actually scales down the effective step size in

standard Back-propagation. Thus use of Loglikelihood cost function

[equation (3-5)] makes early stage of learning considerably faster. However,

convergence speed does not show significant improvement at the final stage

of learning. One limitation of this new cost function is that it cannot be used

in applications where linear units are needed at the output layer.

3.3 Summary

In this chapter, some of the previous works on accelerated

convergence is presented. From these works, it is obvious that acceleration

can be achieved either by some techniques and/or by defining new cost

function. Whatever modification is done it should not increase the

.computational complexity or computational cost per iteration. In the next

chapter, a !1ew cost function is proposed which adapts the learning rate

parameter during training in a simple manner.
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4.1 Proposed Cost Function

Based on the analysis of the reasons of slow convergence in Back-

propagation algorithm presented in the previous chapter, a new cost

function is proposed with the intention of achieving accelerated

convergence. With this cost function, the effective learning rate parameter

is made to vary as a function of error measure. This function is defined as

Et = 'EE: = 'Ee~B~
p p

............. (4-1)

where Et is the total error and Etpis the measure of error at the output layer

,for pattern 'p'. Epas defined in the previous chapter has the following form.

(4-2)

where Ypkand Opkare the target and actual output of unit 'k' for pattern 'p'.

4.2 Weight Updating Using Proposed
Cost Function

Change in an output layer weight WOkjfor pattern 'p' is governed by

Nowfrom Equation (4-1)
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= pePB~' aEp
aWlj

= pePB~[- (Yplc-Oplc) f:' (net;'..:) Hpj]

=~peP~(Y~-Oplc)f:'(net;'..:)H~ •••• (4-3)

Aclose observation of equation (4-3) shows that the term l3eBEPhas to

be calculated each time a pattern is presented. Since calculation of this term

involves calculation of Ep for every weight updating, sev~ral multiplications

and exponential computations. The computational overload using the

proposed cost function can be reduced if the term J3eBEp is replaced or

approximated by l3eBEwhere E is defined in equation (2-7). Then this term

needs to be calculated only once for each training cycle and can be used for

.presentation of each pattern. Only then a direct comparison of convergence

speed of this modification with standard Back-propagation in terms of

training cycles is possible.

For sigmoid activation function. the change. in weight for each pattern

'p' becomes

where,

and

IipWlj = 11PePB( Y~ - 0pJc) O~ (1 - Oplc)Hpj
= 1IpePB 6~~pj

= 1Ieff 6~pj (4-4)

(4 -5)

. (4-6)

where BOp..,Hpj are the error signal at output unit 'k' and output of hidden

unit 'j' respectively. 'Ierr is the effective learning rate parameter.
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It is worth noting here that now the effective learning rate parameter

IIeffis the learning rate parameter in standard Back-propagation II multiplied

by a factor which is an exponential function of the error measure at output

layer. Thus it will vary the learning rate as the learning proceeds. This will

keep the learning rate high at the beginning and low at the final stage of

learning, and adapt according to the error measure as necessary.

Similarly change in hidden layer weight Wl for each pattern is given

by

and

........ (4-7 )

(4-8)

where ahpj and Xpiare the error signal of hidden unit and input respectively.

4.2.1 Further "Modification

As stated in the previous chapter, the modifiCation proposed" by Halt.

[10] using Log-likelihood cost function eliminates the term 0pk(l-Opk) in the

output-layer weight update equation. It would be interesting to see how the

elimination of the above term in the weight update equation [equation (4-4)]

using proposed cost function affect the convergence speed. Thus further

modification of update weight which has also been studied has the form

31
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4.3 Summary

In this chapter, a new cost function is proposed and formulation of the

weight update equations with this new cost function is presented. Since

there is no analytical method of evaluating the convergence speed of BP

algorithm, the effectiveness of the proposed modification must be verified by

extensive simulation results on a variety of problems. In the next chapter,

simulation results for a number of problems investigating the convergence

behavior and speed is presented.
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5.1 Introduction

In order to investigate the convergence behavior and speed of the

modification proposed -in the preceding chapter, simulations are carried out

with different types of problems. Since no analytical techniques are available

to study the convergence of Back-propagation algorithm, simulation. with

different problems. and comparison with standard Back-propagation is the

usually adopted means to evaluate the effectiveness of a modification. In the

present work, investigation has been done with three different problems.

First one is the XORproblem which is treated' as a benchmark problem in the

neural network literature and has been used to test the modifications

proposed in [5]-[ 12]. Second one is a character recognition problem. T.his

problem is chosen because neural network is well suited for applications in

recognition system. Third one is a function approximation .problem. In this

case, both the -inputs and targets are analog values instead of binary values

used in the former ones.

In the following sections, results of the simulation with the proposed

modification and performance comparison with the standard Back-

.propagation are presented.

5.2 XOR Problem

Exclusive-OR problem is particularly important because of its nonlinear

separability and has been studied extensively in neural network literature.

Rumelhart [4] and others have taken this problem as a benchmark one and

investigated in details using not only Back-propagation and its derivatives

but also other algorithms and architectures. Although the problem is of very
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small size having only two inputs and single output as shown in Table 5.1, it

takes comparatively large number of training cycles compared to other

problems of similar size.

Table 5.1 Input-Output patterns for XORproblem.

In ut
o 0
o 1
1 0
11

Ou ut
o
1
1
o

A 2-2-1 (two input, two hidden and one output units) network and a

2-3-1 (two input, three hidden and one output units) network were trained

using both standard back-propagation and the proposed modification

described in the previous chapter. Investigation was done with different

values of t), 13(in case of proposed modification only), and training was

continued for different values of error limit. Simulation results for three

different values oft) with different 13and error limit are summarized in

Tables 5.2 and 5.3. In each case 13was varied from 1.0 upto 3.0 or 4.0. It

should be mentioned that total training cycles required to reduce the error

to a certain limit is also dependent on the initial weights chosen. For this

reason, 5 trails with different initial weights were carried out and the

average training cycles required is presented in Tables 5.2 and 5.3. A

graphical representation of the results are shown in Figures 5.1 and 5.2.

Simulation . results with XORshow that the use of the proposed cost

function greatly accelerates the convergence speed within certain range of

13.In case of XOR, this range is found to be within 13=1.0to 3.0 or 4.0. A

typical convergence behavior within this range is shown in Figures 5.3 and

5.4 for 2 and 3 hidden units respectively. These Figures show that error

34



Table 5.2 Comparison of training cycles required to realize XOR problem with
a 2-2-1 network using standard Back-propagation and proposed
modification. (a) ForT) =0.20 (b) For T)=0.40 (c) For T)=0.60

(a)

Error n=0.20
Limit Standard Modified B.P

BP 6=1.0 (3=1.50 (3=2.0 6=2.5 (3=3.0 (3=3.5 (3=4.0
0.01 3700 2992 1813 1252 936 755 622 533
0.001 16010 15271 9990 7377 .5830 4846 4120 3586
0.0005 28668 27922 18427 13702 10892 9080 7750 6758

(b)

Error n=0.40 .

Limit Standard Modified B.P
BP (3=1.0 (3=1.50 (3=2.0 13=2.5 (3=3.0 (3=3.5 (3=4.0

0.01 1826 1481 900 630. 480 452 379 421
0.001 7980 7607 4990 3691 2924 2456 2119 1922
0,0005 14312 . 13948 9210 6858 5458 4555 3934 3503

(c)

Error n=0.60
Limit Standard Modified B.P

BP (3=1.0 (3=1.25 (3=1.50 (3~1.75 [3=2.0 6",,2.25 6=3.0
0.01 1207 982 751 602 500 427 375 323
0.001, 5310 5076 4025 3327 2832 2467 2186 1677
0.0005 9535 9297 7402 6144 5249 4581 4063 3091
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Table 5.3 Comparison of training cycles required to realize XOR problem with
a 2-3-1 network using standard Back-propagation and proposed
modillcation. (a) For TJ = 0.20 (b) For TJ = 0.40 (c) For TJ =0.60

(a)

Error n=0.20
Limit Standard Modified B.PBP B =1.0 B=1.50 B=2.0 B=2.5 B=3.0 B=3.5 B=4.o0.01 5186 3735 2112 1420 1063 860 715 . 6480.001 16770 15211 9731 7132 5675 4726 3970 34970.0005 28479 26804 17460 12937 10360 8656 7287 6407

(b)

Error . n=0.40
Limit Standard Modified B.P..BP .6=1.0 . B=1.50 ~ B=2.0 B=2.5 B:3.0 A=3.5 6=4.00.01 2424 1900 1110 772 595 498 393 3570.001 8374 8071 5076 3841 3060 2570 2062 17810.0005 14426 14381 9102 6969 5564 4665 3802 3251

(b)

Error n=0.60
Limit Standard Modified B.P

BP 6=1.0 B=1.25 6=1.50 6=2.0 A=2.5 6=3.0 6=3.50.01 1445 1073 802 638 482 405 329 3240.001 5572 5143 4026 3325 2548 2050 1632 14920.0005 9796 9330 7345 6097 4670 3745 2955 2693
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Table 5.4 Comparison of training cycles required to realize XOR problem
with a 2-2-1 network using standard Back-propagation with
Log-likelihood (lL) cost ftmction and modification as per
Eq. (4-9). (a) For T)=O.20 (b) FOTTJ=0.40 (c) For T)=O.60

,;

(a)

Error n=Q.20 -:-
Limit BP BP modified asDer Eq. (4-9)

(LL) B~.75 B=1.0 B=1.25 B=1.5 8=1.75 8=2.0 8=2.500.01 630 669 475 356 282 232 196 1480.001 1039 1224 . 882 682 551 462 396 3060.0005 1272 1532 1115 868 708 595 513 400

(b)

Error -'
Limit BP

(LL)
0.01 311
0.001' 515
0.0005 631

(c)

T)=O.60Error
Limit BP BP modified asner Eq. (4-9)

(LL) B~.25 B~.50 B=1.0 B=1.25 8=1.3 B=1.4 A::L50.01 220 786 363 165 130 126 116 1070.001 345 1330 632 298 235 226 209 1940.0005 422 1640 787 377 298 285 264 246
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starts to reduce drastically after it has reached nearly 0.5 both in standard

Back-propagation and modification. But in case of modification, it starts after

200 cycles whereas in standard Back-propagation after 1500 cycles. similar

trend is observed for other values of 'I and 13also. Figure 5.5 shows how the

effective learning rate 'l.ffvaries for the learning shown in Figure 5,4. This

shows that the adaptability of 'l.rr with changing error results in faster

learning. Starting with high effective learning rate it finally reduces to

smaller values. This is quite justified because at the latter stage of learning

when error is of small. value, a large step size can retard the learning

process, even cause oscillation. By varying the learning rate as required, the

learning was significantly reduced.

XOR problem was also studied with Log-likelihood cost function

proposed by Halt (10) and the modification suggested in Eq. (4-9). It should

be mentioned here that the modification suggested in Eq. (4-9) follows similar

argument presented by Halt. Although the algorithm in (10) minimizes Log-

likelihood error defined by Eq. (3-4), a Comparison of convergence speed was

made on the basis of reduced sum-squared error. Simulation results are

presented in Table 5,4 for different values of 'I and 13Range of 13that yields

accelerated convergence is found roughly within 1.0 r"J 2.0. This shows a

reduced range of 13compared to the results presented before. The reason is

that, in this case absence of the term 0pk(I-Opk) in Eq. (4-9) further

increases the effective step size. However, in this case also modification

shows significant acceleration in convergence speed.

5.3 Character Recognition Problem

The second problem investigated was a character recognition one. A

Back-propagation network was trained to learn ten alphanumeric digits
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(0 9) shown in figure 5.6. Each digit is a 8X8 pixel. Each black pixel is

represented by' l' and white pixel by '0'. Target signal at the output layer

is a locally represented one, i.e., only one output unit representing a signal

pattern is active and the. rest are zero. Thus the network has 64 inputs, and

ten output units are needed to represent ten categories. A network with 64

input units, 10 output units and 5 hidden units (64-5-10) and a (64-6-10)

network were trained using standard Back-propagation and proposed

modification. The networks were trained with different values of 'I and 13.For

each set of 'I and 13,5 trails were made. Simulation results showing the

average training cycles required to reduce error to certain limit are

summarized in Tables 5.5 and 5.6. 13 was varied upto 3.0. A graphical

representation of the results are shown in Figures 5.7 and 5.8. Results show

that convergence is considerably faster when the modified Back-propagation

is used with the value of 13 within certain limit. Range of 13 for which

accelerated convergence can be achieved is also largely dependent on 'I.
With larger value of 'I, 13should be kept lower. Larger values for both 'I and

13could result in oscillation in learning process and ultimately slow down the

convergence rate. For example, Figure 5.8 shows that for '1=0.6 and 13=2.5

convergence become slower when error limit was set to 0.001.

A typical convergence behavior for character recognition problem. is

shown in Figures 5.9 and 5.10. Figure 5.9 shows that even though certain

value of 13 (here 13=2.0 and '1=0.8) can cause slight oscillation in the early

stage of learning but adaptation of learning rate will eventually lead to stable

convergence. On the other hand, as the Figure 5.10 shows, a suitable

combination of 'I and 13yields a smooth learning resulting faster convergence.

Fig. 5.11 illustrates how the effective learning rate TJeffadapts itself during

oscillation in learning process. Eventually the learning rate and error

decrement follow a smooth variation as the latter stage of learning.
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Table 5.5 Comparison of training cycles required to realize character rccognition
problem witth a 64-5-10 network using standard Back-propagation and
proposed modification. (a) For ,,=0.20 (b) FOf11=OAO(c) For ,,=0.80

(a)

Error 11=0.20
Limit Standard Modified B.P

BP (3=10 (3=150 (3=175 (3=2.0 (3=2.25 13=2.75 . [3=3.00.01 1726 1592 1057 899 750 849 1237 13020.005 2866 2752 1832 1589 1317 1499 1709 .21800.001 11297 11203 7517 6709 5504 6484 5756 8653

(b)

Error 11=0.40
Limit Standard Modified B.PBP (3=10 B=1.25 (3=1.50 6=175 B=2.0 (3=2.25 (3=2.500.01 832 792 642 512 441 457 1145 95940.005 1384 1367 1124 902 771 799 1502 98760.001 5471 5672 4675 3786 3184 3259 4154 12192

(c)

Error . 11=0.80
Limit Standard Modified B.P

BP . 13=0.5 13=0.8 13=10 13=125 (3=135 13=150 (3=175
0.01 412 817 490 399 316 287 325 426
(}.OOS) 688 1391 836 688 545 487 566 6020.001 2741 5696 3392 2849 2210 2000 2394 2040
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•
Table 5.6 Comparison of training cycles required to realize character recognition

problem with a 64-6-10 network using standard Back-propagation and
proposed modification. (a) For 11=0.20 (b) For 11=0.40 (c) For 11=0.60

(a)

Error TJ=O.20
Limit Standard Modified B.P

BP 6=«).75 6=1.0 6=1.25 6=1.5 6=2.0 6=2.5 6=3.00.01 1572 1953 1474 1144 827 585 592 8830.005 2384 3047 2323 1842 1342 1030 964 12190.001 8546 11301 8011 6968 5006 4320 3670 3786

(b)

Error TJ=O.40
Limit Standard Modified B.P

BP 6=«).75 6=1.0 B=i.25 B=1.5 a=,1.75 6=2.0 6=2.50.01 732 913 622 468 372 343 296 7720.005 1168 1491 1018 798 629 592 502 10150.001 4285 5538 3916 3250 2520 2431 1965 2915

(c)

Error TJ=O.60
Limit Standard Modified B.P

BP. 6=«).75 6=1.0 6=1.25 6=1.5 1):,175 6=20 .Q=2.50.01 474 569 424 364 292 255 372 10850.005 742 923 686 605 477 409 527 11820.001 2788 3580 2676 2365 1815 1582 1683 2133
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Figure 5.7 Comparison of convergence speed between standard Back-

propagation and the proposed modification to learn character

recognition problem with a 64-5-10 network for different values
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Table 5.7 Comparison of trainingcycles required to realize character recognition prob-
lem with a 64-5-10 network using standard Back-propagation with Log-
likelihood (LL) cost function and modification as per Eq. (4-9). (a)
For 11=0.05 (b) For 11=0.10 (c) For 11=0.20

(c)

Error
Limit

0.01
0.001

BP
(LL)

226
584

11=0.20

=1.50
400
673
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As done in XOR,character recognition problem WiiS also investigated

using Log-likelihood cost function and the modification suggested in Eq.(4-9)

simulation results for different values of,! and 13are summarized in the Table

5.7. Here also, for 13roughly within the range of 1.0N 1.5, the modification

accelerate the convergence speed considerably.

5.4 Function Approximation

The first two problems studied earlier had binary input-outputs. Next

the modification is intended to test with an analog input-outputs. The

problem chosen is to approximate the sine function sin(x), for -5.0<x<5.0

radian. To do this the network needs single input and output. A 1-6-1

network and a 1-7-1 network were trained with values of sin(x) taken at the

interval of 0.1 radian. Input and target values are the same. A total of 101

input-output values were trained by the network. An input sin (x) function

and the output produced by the network in response to input is shown in

Figure 5.12. With the sum-squared error of 0.0005, the network has

approximated the sine function. With lesser error limit, the approximation will

be better. In this case the activation function of output unit is linear instead

of sigmoidal.

Simulation results showing the average of 5 trials are shown in Tables

5.8 and 5.9. Accelerated convergence is achieved in modified Back-

propagation for values of 13roughly within the range of 0.25"",1.15. Typical

convergence characteristics in this function approximation problem is shown

in Figures 5.13 and 5.14. Figure 5.13 shows that with '1=0.20,standard Back-

propagation shows severe oscillation in learning whereas proposed



--':'-Input
--Output

-1.5.

0.5

-.0.5

'.5

Figure 5.12 Input sin(x) function and output produced by the 1-6-1 network

in response to input.
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Table 5.8 Comparison of training cycles required to realize sine fimction
approximation problem with a 1-6-1 network using standard
Back-propagation and proposed modification. (a) For T]=Q.05
(b) For T]=0.1O (c)For T]=0.20

(a)

Error "I =0.05
Limit Standard Modified B.P

BP 8=0.5 13=0.75 13=1.0 13=1.05 13=1.10 )3=1.15
0.001 2739 2863 2794 1810 1998 2768 2434
0.0005 8601 11361 9262 8261 7853 7390 7461

(b)

Error
Limit Standard

BP
0.001 1051
0.0005 6375

.5
lIi4
4806

(c)

.7
865
5750

=1
951
7320

Error
Limit Standard

BP
0.001 2776
0.0005 10940
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Table 5.9 Comparison of training cycles required to realize sine function
approximation problem with a 1.7-1 network using standard
.Backpropagation and proposed modification. (a) For 11=0.075
(b) For 11= 0.10 (c) For 11= 0.15

(a)

Error 11=0.075

Limit Standard Modified B.P
BP 6=0.9 13=1.0 6=1.01 6=1.02 6=1.03 ..6=1.05

0.001 3033 2783 765 642 623 625 977
0.0005 7726 5916 4133 3960 3893 . 3470 3383

(b)

Error

Limit Standard
BP,

0.001 3610
0.0005 8320

(c)

=0.90
1295
5556

Error

Limit Standard
BP

0.001 2613
0.0005 8823
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. modification.
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Figure 5.14 Typical learning characteristic for learning sine function with

7 hidden units using standard Back-propagation and Proposed

modification.
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modification yields smooth gradual decrement of error. Modification takes

only half of the number of training cycles required by standard Back-

propagation. Since suitable value of 'I for good convergence is problem

specific the value of '1=0.20 appears to be large for .standard Back-

propagation and therefore causes oscillation. But with the same value of 'I,
the effective learning rate is adaptively reduced to suitable value eliminating

oscillation and making learning faster. This is well illustrated in Figure 5.15.

5.5 Summary

In this chapter, simulation results comparing the convergence speed

of standard Back-propagation algorithm and the modification proposed in the

previous chapter are presented. Simulation has been carried out with three

different problems. Two problem have binary input-outputs and the other

has analog input-output. Results show that, for certain value of 'I, choice of

suitable value of 13will greatly accelerate the convergence speed. However,

like 'I, suitable value of 13for accelerated convergence is problem specific. It

has also been observed that for larger value of 'I, the range of 13for which

accelerated convergence can be achieved becomes reduced. For larger values

. of 'I, 13should be kept lower. From the simulation results, the value of 13for

binary input-output can be roughly recommended within 1.0",2.0 and that for

analog input-output within 0.25N 1.15.

In designing a neural network based system, the usual practice is to

train many networks an:! select the one which yields the best performance.

in terms of generalization ability and/or desired response. This needs

training networks with different initial weights and' other parameters. In

such cases, once a suitable value of 13can be found, training of different

candidate networks with 13around that value will save considerable amount

of computational time.
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CONCLUSION
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6.1 Conclusion

The present work was aimed to accelerate the convergence speed of

Back-propagation learning which is the most widely used learning algorithm

in neural network. Standard Back-propagation uses sum of squared error

measured at output layer as the cost function and updates weights to

minimize this error in steepest descent method. During training the network,

one parameter 'I called learning rate which determines the step size in weight

change is kept constant. In the present work, a new cost function expressed

as an exponential function of the sum of squared error measured at the

output layer is defined. Use of this cost function makes the effective learning

rate parameter vary with error during training. However, this requires one

additional parameter 13to be selected. Simulation results with two problems

which have binary input-output relationship and one problem which has

analog input-output relationship show significant improvement in

convergence speed within certain suitable range of 13.Like 'I in standard

Back-propagation, selection of suitable range of 13which yields accelerated

convergence is also problem specific. Higher values for both 1) and 13, will

cause oscillation in the learning process. If a higher value of 1) is selected,

13should be kept lower. It has been observed in the simulation that, in cases

where certain value of 1) which cause severe oscillation in learning by

standard Back-propagation, yields smooth learning in the proposed

modification with a suitable value of 13.This is because the' modification

adapts effective learning rate during training. Thus suitable choice of 13in

this modification is as much crucial as choice of 1) in the standard Back-

propagation.

Through the observation of the simulation results a range of 13is

recommended in the present study. This recommended range is 1.0'" 2.0 for

binary input-output relationship and 0.25,,-, 1.15 for analog input-output

relationship. This recommended value does not guarantee accelerated
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convergence by the proposed modification for all problems but gives an

initial starting point to search for a suitable. value of B. In designing a neural

network based system usually a set of candidate networks are trained. Each.

network ultimately settles down to a different weight set. The performance.

of each network in terms of generalization ability or desired response is

tested, and the best one is selected. Thus, in situations where one has to

train many candidate networks, once a suitable value of B is found, training

networks with Baround that value can save considerable computational time.

6.2 Future Work

In the present work,-convergence speed of the proposed modification

is compared with that of standard Back-propagation and the modification

proposed by Halt J. [10]. There are other modifications proposed by several

researchers [5]-[8], [11]-[12] and the present modification has not been

compared with those. It is necessary to compare with other modifications in

order to have a complete comparison. One of the most important features of

neural network is its generalization ability. If a learning algorithm converges

very fast but does not possess good generalization ability, that algorithm is

less attractive in almost all applications. The present study dealt only with

convergence speed of the proposed modification.' In order to evaluate the

modification completely, its generalization ability needs to be investigated

and compared with-that of standard Back-propagation.
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