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Abst ract

Neural Networks (NN are the latest additions to the field of

Artificial Intelligence (Al). They are now being applied to
i nprove the performance of conventional rul e-based expert systens
(CES). In the present work a systemthat can overcome many of the

limtations of CES is presented. This systemenhances the applied
epistenics and is ideal for developing expert systenms for

managenent applications. The system ains at achieving high
reliability through najor innovations that avoid the traditional
bott| enecks. Neural network (NN), especially know edge-based
artificial neural network, is integrated into the CES. Thi s
conmbination results in a high reliability level and a high
throughput that are essential for managenment applications. In

managenent applications such as applications for share narket it is
vital that the expert systemgives outputs that are as close to the
opinion of an expert. That is the certainty factor given by the
expert and the system should be very close. To achieve this kind
of accuracy we have specially devel oped a neural network (N\) based
framework. Due to this framework, non-binary rules fromthe rule
base can be napped onto a network. The NN that works on
back- propagati on net hodol ogy has been substantially nodified and
integrated into an expert systemspecially built to bring about a
fine conbination of NN and conventional expert systemtechnol ogy.
An incisive analysis of equity shares is presented from a neuro-
know edge engi neer's perspective. A rule-base has been fornul at ed
on cerent industry. The NN effectively checks the consistency of
the rules and enhances the reliability to map the rules. A
special user interface has been built to enable even a managenent
professional who is not a conputer scientist to interact
effectively with the system A training methodol ogy is devel oped
for NNto get the required level of certainty factor for the goal
state.
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Chapter 1

Introduction, Motivation,
Problems, Perspective

11 Introduction

Success of any organization depends upon dynamic and apt
deci sions. The decision-making process is a conplex process
involving numerous paranmeters. If the success of any
organi zation is analyzed, it wll be noted that the
organi zation has been able to reach this peak because of
certain tinmely and relevant decisions made by its |eaders.
This crucial |eadership is provided by the managers.

Managers have traditionally performed better than
conputers in activities that involve decision-making which is
an act of intelligence. However, managers have successfully
utilized conputers to enhance their deci si on- maki ng
capabilities. Managers initially wutilized conputers by
automating the task of record keeping. Then cane the database
managenment systens, decision support systenms and finally the
principle of a generalized problem processing system (GPPS)
[ Hol sappl e and Whi nston 1989] energed. Al'l these systens
hel ped the nanager in storing, retrieving, manipulating, and
collating data. The need for intelligent systems that could
further enhance the decision making capabilities of a manager
and help himto achieve the followi ng was still strongly felt:

(a) To respond very flexibly to situations.

(b) To make sense out of anbi guous or contradictory nmessages.

1



(c) To recognize the relative inportance of different

el ements of a situation.

(d) To find dissimlarities between situations despite
simlarities which may link them

The above tasks require in varying degrees, intelligent
conmputers, if they have to be productive tools in the hands of
a manager . Efforts to make conputers intelligent gave birth

to a field called Artificial Intelligence (Al).

The field of Artificial Intelligence provides relevant
techniques and nethodologies to meet the goals nentioned

above.

Barr and Feigenbaum [1982] aptly defined Al in the

foll owi ng manner.

“"Artificial intelligence is the part of conputer
sci ence concerned with desi gni ng intelligent
computer systens, that is, conputer systens that
exhibit the characteristics we associate wth
intelligence in human behavior".

The principal areas of Al research are many, but Expert
System (ES) is discussed in the next section as this is
closest to the goals nentioned above and this thesis focuses
on the applied epistemcs of an expert system for such

manageri al deci si on- maki ng. There is abundant literature
avail able on expert systens. We briefly discuss the concept
of expert system and review its |limtations.



12 Expet Sysems

Currently, the most well known area of AI research is expert
systems. Concepts from Al when applied to solve specialized
problenms came to be known as expert systems. These contain
both decl arative knowl edge and procedural know edge to enul ate
the reasoning process of human experts [Mishkoff 1985].

Buchanan and Shortliffe [1984] suggest that a good expert
system nust be useful, usable, educational when appropriate
and able explain its advice, respond to sinple questions,
| earn new knowl edge and easily modified.

Therefore, we infer that a good expert system should
provide the follow ng:

(a) Expertise when a human expert is not avail able.

(b) Expertise more uniformy and rapidly available than from
human experts.

(c) Assistance to the expert in making decisions that involve
many interacting conplex factors.

(d) Arepository for currently undocumented expert know edge
and procedure, and

(e) A common repository for a dynamically grow ng know edge
base.

A sample of sone representative existing expert systems
and problem areas they address are listed in Table 1.



Table |I. Sone representative expert systens.
Expert system Probl em area

MACSYMA [Martin and Fateman 71] Solves differential and
i nt egral calculus pro-
blems in applied mathe-

mati cs.

| NTERNI ST, CADUCEUS [ Popl e 75] Di agnoses internal nedi-
cal ail ments.

MYCIN [Shortliffe 76] D agnoses and prescribes
treatments for bacterial
bl ood i nfections.

CASNET [Wiss et al. 78] Di agnoses glaucona and
recomends t her api es.

PUFF [Kunz 78] Di agnoses lung disfunc-
tions.

SACON [Bennett and Engl enore 79] Advi ses how to analyze
nmechani cal structures.

PRCSPECTCR [Duda et al . 79] Det er m nes the maj or
types of ore deposits
present in a geol ogical
site.

CRYSALI S [Englenore and Terry 79] Determines the protein
structures of unidenti-
fied nol ecul es from
el ectron density maps.

DENDRAL [ Li ndsay 80] Determ nes the chenical
structures of unidenti-
fied nol ecul es.

Rl , XCON [ McDernott 81] Det erm nes an appropriate
conmputer system confi gu-
ration for custoner's
needs.

Sone of the applications of expert systens as given by
Hayes-Roth et al. [1983] are presented in Table 2.



Tabl e 2. Sore_applications of expert systems.
Cat egory Pr obl em addr essed Types of systens

Interpretation Infers situation descriptions Speech understandi ng, image
anal ysis, surveillance

Prediction Infers likely consequences of given situations Weat her forecasting, crop
estimation

Di agnosi s Infers system mal functions from observations Medi cal, electronic

Desi gn Configures objects under constraints Circuit layout, budgeting

Pl anni ng Desi gns actions Aut omati c programmi ng,

mlitary planning

Debuggi ng Prescribes renedies for malfunctions Conput er sof tware
Repai r Executes a plan to administer a prescribed remedy Autonobile, conputer
Instruction Di agnoses, debugs, and corrects student behavior Tutorial renedial
Control Interprets, predicts, repairs and nmonitors Air traffic control,
behavi ors battl e managenent

It is evident fromTables 1 and 2 that there is a |ack of
expert systems on managenent applications such as equity
shares rel ated deci sions, planning, analysis, etc.

The followi ng are the nost inportant conmponents necessary
for building an expert system

(a) Domain expert: |Is an individual who has significant
expertise in the dommin of the expert system being
devel oped.

(b) Knowl edge engineer: |s usually an Al specialist who works

with the domain expert to encode the know edge.

(c) Know edge base: It is an essential conponent of all
expert systens. |t contains the formal representation of
the knowl edge provided by the domain expert as encoded by
the know edge engineer. Knowl edge is encoded using
various know edge representation methods, such as,



(e)

frames, production rules, semantic nets, scripts,
conceptual dependencies, etc.

A knowl edge base contains both declarative know edge
(facts about objects, events and situations) and
procedural knowl edge (Information about courses of
action). The nost popular know edge representation
technique used in expert systens is the rule-based
production system

Inference engine: It is responsible for interpreting the
contents of the knowl edge base in the context of a user
specified input or hypothesis to reach a goal or
concl usi on. The inference engine can be divided into
three parts

i) Context block: This part contains the current state
of the problem and the solution.

i) Inference reasoning mechanism This part searches
the appropriate set of know edge and data with the
help of the context block to reach a goal or a
concl usi on.

iii) Explanation facility: This facility helps the user
to understand the line of reasoning of the expert
system

Knowl edge acquisition facility: This is to facilitate the
assimlation of new knowl edge with the present know edge
base.

User interface: This conponent of the expert system
permts the user to interact with the expert systemwith
ease.



121 Conventional Rule-based Expert System

In a rul e-based system the procedural know edge is integrated
inthe formof heuristic "if then" rules with the declarative
know edge. However, it is not necessary that all rules would
pertain to the domain of the system some production rules,
call ed meta-rul es hel p gui de the execution of an expert system
by determ ning under what conditions certain rules should be
consi dered instead of other rules.

Most of the expert systems developed so far have
production rul es as their know edge representation schenes and
are termed as rul e-based expert system (Fig. 1). Henceforth
rul e-based expert systemis refered to as conventional expert
system (CES).

S8TRUCTURE OF AN EXPERT SYSTEM

USER INFERENCE ~ KNOWLEDGE
INTERFACE ENGINE BASE

USER FOSES PROBLEM

USER RECEIVES RESULTS

Figure 1. Structure of an expert system



The salient features of CES are:

(a) A CES incorporates practical human know edge expressed in
terms of conditional if-then rules.

(b) A CES solves a wide range of possibly conplex problens by
selecting relevant rules and conbining their result in
appropriate ways.

(c) The CES determ nes dynam cally the best rules to execute.

(d) A CES explains its conclusions by retracting its actual
line of reasoning and explaining the logic of each rule
enpl oyed.

The knowl edge base of CES consists of rules (production
mermory) and facts (working memory). Rules always express a
condition, with an antecedent and a consequent conmponent. The
interpretation of a rule is that if the antecedent condition
can be satisfied, the consequent also can be satisfied. \When
the consequent defines an action, the effect of satisfying the
antecedent is to schedule the action for execution. \Wen the
consequent defines a conclusion, the effect is to infer the
concl usi on.

The inference engine consists of a recognition-act cycle
that has three phases: Match phase, select phase and execute

phase. In match phase, rules that satisfy the left hand side
of the working nmenmory are selected. These rules are then
entered in the conflict set. Select phase selects one rule

anongst those in conflict set depending on sone criteria.
Execute phase fires the selected rule and changes working
mermory el ements accordingly.



Mich of know edge whi ch humans reason with, is inadequate
in sone respect or other. Sonetines a problem will
necessitate probabilistic assessnent of decision. In
addi tion, a know edge engi neer may wi sh to attach confidence
neasurenents (or lack of confidence) for both hypotheses and
conclusions. Problens such as these require that the expert
system be capable of dealing with know edge having varying
grades of certainty. Because the world does not behave in a
strictly Bayesian or Stochastic fashion, several expert
systens exploit decision theory to supplenent the inference
process.

Various theories have been devel oped to accommbdat e such
uncertainty. These will be discussed in detail in Chapter 4.

1.2.2 The Limitations of CES

In CES, know edge 1is expressed as quanta (packets of
know edge) of know edge thrown into the system without any
relation to each other. Inferencing is used to establish
interaction. This leads to several problems, they are:

(a) Rules can interact only through working menmory. This is
a major bottleneck if there are numerous rules to be
processed.

(b) In a situation where multiple hypotheses are to be dealt
with, forward chaining method is applied. In such cases
the CES can rarely explore all the alternatives from
among the available nultiple hypotheses. It is desirable
that search be continued to explore all alternatives so
that these can be ranked and the best possible hypotheses
be sel ected.



(c)

(d)

(e)

The refinement of a rule base is a difficult problem
(Valtorta 1989; W/ kins and Buchanan 1986) . Refinenent
is done by interaction with human experts (Eshel nan and
McDermott 1986; Kahn et al. 1985), nachine learning
(Mchal ski et al. 1983; Quinlan 1987), explanation based
on domain theory (Mtchell et al. 1986; Smth et al.
1985) and enpirical refinenment.

These approaches are expensive and involve a |ot of
time and effort mnimzing the involvement of experts
again and again can substantially reduce the cost of
mai nt ai ning expert system (Fu 1991)

A CES primarily conducts symbolic reasoning but
uncertainty is often handled numerically (Fu 1991).

The CES wusing uncertainty paradigm does not have
systematic methodol ogy for debugging a given factual
information to assert a conclusion with the desired
certainty factor given by an expert.

In  management applications it is of utnost
i mportance that the certainty factors or the level of
confidence of an expert be directly and reliably
reflected in the output of the expert system

13 The Present Work

In the present work a system that can overcone many of the
limtations of CES is presented. This system enhances the
applied epistemics and is ideal for devel opi ng expert systens

for

hi gh

nmanagemrent appl i cations. The system ains at achieving
reliability through major innovations that avoid the

10



traditional bottlenecks. Neural network (NN), specially
know edge- based artificial neural network, is integrated into
the CES. This conbination results ina highreliability |evel
and a high throughput that are essential for nanagenent
appl i cati ons.

Because of the good dermand of the nanagenent applications
and to nmeet performance requirenents, their (CES) rigid
frame-work has made expert system devel opnent for nanagenent
applications a difficult process. |n managenent applications
deci sions have to be very fast and the output fromthe system
needs to be as reliable as the expert's output. A typical
application is an expert system for share market.

I n managenent applications such as applications for share
market it is vital that the expert system gives outputs that
are as close to the opinion of an expert. That is the
certainty factor given by the expert and the system should be
very cl ose.

To achieve this kind of accuracy we have specially
devel oped a neural network (N\) based framework.

Due to this framework, non-binary rules from the rule
base can be napped onto a network. The NN that works on
back- propagati on met hodol ogy [Runel hart et al. 1986] has been
substantially nodified and integrated into an expert system
specially built to bring about a fine conbination of NN and
conventional expert system technol ogy.

Each concl uding prem se is napped into a neural node and
antecedent premise is napped into a connection. Know edge
enbedded in such networks, accounts for their faster
convergence to a desired stage in the learning phase. The

11



know edge of NN lies in its connections and associated
wei ghts.

Belief values are conbined and propagated in NN Here
certainty theory is assuned [Frost 1988]. Wight factors are
propagated across the connections between various prem ses.
In CES, rules can interact only through the working nenory.
This presents a problem when numerous rules are to be
pr ocessed. By mapping the rule base into a NN, a rule is
fired only when its premse node is activated; thus the rule
i nteraction becones distributed over the networks rather than
centralized through the working menmory. This significantly
i nproves the system perfornance.

The NN also effectively checks the consistency of the
rules and enhances the reliability to map the rules. A
special user interface has been built to enable even a
nmanagenent professional who is not a conputer scientist to
interact effectively with the system

A training nethodology is developed for NN to get the
required level of certainty factor for the goal state.

A Bl ock Di agramof the proposed systemis shown in Figure

2. This encapsul ates our conceptualization of the frame-work
for realizing the objectives of the thesis.

14 Organization of the Thesis

Chapter two presents an overview of Neural Networks with
particular enphasis on the concepts of the know edge based
Neural Net works.

12



AN NEURAL
M|
NTERFCE NET DATABASE| - INTERPRETER
N i
TRAINING

SOURCE || LEXICAL k I vesence |
PARSER

Etg ANALYZER ENGINE (WCONSUEMHON

—
EDITOR REFINEMENTS
ST

Figure 2. Block diagramof our proposed nodel .

Chapter three presents conparisons and simlarities of
Expert Systemand Neural Networks, know edge representations
and i nf erence nechani sns.
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Chapt er four di scusses the concept of tuning arul e base
usi ng NNwi t h speci al enphasi s on mappi ng non-bi nary i nputs in
KBNN. 1t al soincorporates a detail ed discussion on training
the NN and a new approach for handling uncertainties is
pr esent ed.

Chapter five presents a detailed analysis of equity
shares fromt he perspective of a Neuro know edge engi neer. An
analysis of cenment industry with sanple rules is also
present ed.

Chapt er si x presents a detail ed di scussion on the system
we have built. Al the inplenmentation aspects are also

presented along with the results.

Chapt er seven presents the sunmary of the contributions
of this work and suggestions for future extensions.
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Chapter 2

Neural Computing—History
and Current Trends

Neural conputing is the study of networks of adaptable nodes
whi ch, through a process of |earning fromtask exanpl es store
experimental know edge and make it available for use
[ Al exander and Morton 1990]

Neural networks, neural conputing, parallel distributed
processi ng, connection science, neuronorphic systens are all
synonyns.

2.1 Historical Review

Theoretical explanations of the brain and thinking process
were first suggested by sonme ancient philosophers such as
Plato (427-347 B.C) and Aristotle (384 - 322 B.C.)- Rather
physical views of nental processes were held by Descartes
(1596- 1650) .

The class of so-called cybernetic machines to which the
neural conputer belongs has a nuch longer history than
general |y believed. Heron the A exandrian built hydraulic
automata around 100 B.C. WIIliam James presented "Enforcing
Principle" in 1890. This principle states "Wen two brain
processes are active together or in imredi ate succession, one
of them on reoccurring tends to propagate its excitenent into
the other. He also proposed "Non-mat henatical description of
today's neuron" which states "The anount of activity at any

15



given point in the brain cortex is the sumof the tendencies
of all other points that discharge into it, such tendencies
being proportionate (I) to the number of times the excitenent
nmay have acconpani ed between such points and that of the point
inquestion (2) tothe intensities of such excitenent; and (3)
to the absence of any rival point functionally disconnected
with the first point, into which the discharge mght be
diverted."

Among the nunerous ani mal nodel s, which have been built
to denonstrate need-driven behavior in variable |living
conditions, one may nention the "protozoan" of Luz from 1920,
The "dogs" of Phillips from 1920 to 1930, the "Henostat" of
Ashby from 1948, the "MachinaSpeculatrix" and "Machina
Docilis" of Walter from 1950, the "ladybird" of Szeged from
1950, the squirrel from 1951, the "tortoise" of Ei chler from
1956, and nany versions of a nouse in the "labyrinth" [Nenes
1969] .

Abstract, conceptual information processing operations
were performed by mechanical devices a couple of centuries
ago, for exanple, the slide rule for the denonstration of
syl logisms by Ch. Stanhope [1753-1816], and many nechani sns
for set-theoretic and logic operations devised in the 19th
century.

Anal ytical neural nodeling has usually, been pursued in
connection w th psychol ogi cal theories and neurophysi ol ogi cal
research. The first theorists to conceive the fundanental s of
neural conputing were WS. MQlloch and WA. Pitts [1943]
from Chi cago, who launched this research in the early, 1940s.
Model s for adaptive stimulus-response relations in random
networks were set up by Farley and dark [1954]. These
theories were further el aborated by Rosenblatt [1958]. Wdrow
and Hoff [1960], Caianiello [1961], and Steinbuch [1961].

16



Many i npl ementa-tions of neural conputers were realized in the
1960s.

2.2 The Biological Neurons

A neuron (Figure 1) can be defined as adaptive node of the
br ai n. There are 10 neurons in an average human brain.
Every neuron has a wel|l defined output fibre called the axon.
El ectrical activity in the shape of short pulses has been
observed at the axon which can be said to be firing or not
firing. A neuron is said to fire when it anmts a buzz of
electrical pulses (100 Hz.). The axon usually divides up,
formng several endings each of which nakes contact with
anot her neuron. The button like termnal where the contact is

——— R\ \ TOOTHER NELBONS | \
—_—, e J[

,u.l -\1 f

~8 ] I/ LJ/ -—;U.Dunt /w
m
/\ i

¥ . wﬁﬁ@kz—

S LA

/_\_/_.// FROM OTHER NEURONS

NEURON | NEURON 2

Figure 1. Biological neurons.

Source: Al eksander and Morton 1990
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made, is called the synapse. A neuron can receive from 5000
to 15000 inputs fromthe axon of other neurons. Mbst neurons
have jagged surfaces with carrot |ike protruburences called
dendrites which are the sites for their synapses. Synapses
are of two types. Wen a neuron is aided in firing then that
synapse is termed as exhibitory synapse. Wwen a neuron is
di scouraged from firing, then that synapse is terned as
i nhibitory synapse.

2.3 The Artificia Neurons

The first formal Artificial neural network nodel was proposed
by MQulloch and Pitts [MQulloch '43] containing sizple tw
state threshold logic units, with a group of excitory inputs
with a group of inhibitory inputs whose action is absolute.
The MeQulloh Pitts' nodel formed basis for later nodels.

In the nodel (Figure 2) of the neuron (MC? neuron)
proposed by w.s. MQulloh and WA Pitts, the adaprability

w1
X1

wz |
x2 | SUMMING THRESAOLD

DEVICE *| Device F

=
w3 |
- M

Figure 2. Model of McCulloch Pitts neuron,
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of the network cones from representing the intercomuni-
cations by a variable weight, which determ nes the degree to
whi ch a neuron should "notice" the net input, it is gettingto
determ ne whether it should fire or not. Firing of a neuron
is represented as "1" and absence of firing is represented as
"o". The effect of an interconnection is represented by
weight "W. The effect of interconnection on neuron is then
the product x*w, where X is the state of a neuron (i.e.,
energy state). The fired value for a neuron determnes its
next state. Negative values of "W represent inhibitory

connections.

In the Mcp nodel, the effects of all neurons connecting

a single neuron "i" are added and are passed to scme
activation in this case a threshold (function) associated with
the neuron "i". If the total sumexceeds sorme threshold T, (a

real nunber), then the neuron fires.

let SUM= xXW, + XW, + + X W

i.e. SUM> T, then neuron "i" fires

i.e.,
EXW, >T,
i
1.e.,
Y = F (T XW, - T)
i
i.e, Y = 11If E XW, > T,

I

<
]

0 If E XW < T
i
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Soe other activation functions are:
e Sinple linear function,

QUT = F(SUM) = K*sUM, where K is some constant
e Squashing function (sigmoid)

QUT = F(SUM)

aJr

17 (1 + esomy

the squashing function is also called logistic function.
Hence QUT never exceeds some low linits regardless of the
val ues of the NET.

2.4 Artificial Neural Networks

Artificial neural networks (ANN) resenble the brain only
superficially. But despite this superficial resenblance, ANN
exhibit a surprising nunber of brain's characteristics. For
exanpl e, to new ones, and abstract essential characteristics
frominputs containing irrel evant data [Wasserman '89]. Hence
some of the essential characteristics of artificial neural
net wor ks are:

Lear ni ng: Learning is a very inportant characteristic of
human brain. It also refers ones ability to respond to novel
situations. Artificial neural networks can nodify their
behavior in response to their environnent. Gven a set of
inputs (perhaps with desired outputs), they self adjust to
produce consistent responses. A wide variety of training

20



al gorithns have been devel oped to make the ANN learn. In ANN,
learning is done by two ways:

(a) by altering the structure of interconnections between the
nodes.

(b) by changing the strengths or signal transnittances i.e.,
wei ghts of these interconnections.

CGeneralization: Artificial neural network generalizes
automatically as a result of its structure and not by using
human intelligence enbedded in the form of adhoc conputer
programs. It is this characteristic which makes the response
of the system insensitive to mnor variations in its input.
Hence it produces a systemthat can deal with the imperfect
world in which we live.

Abstraction: Sonme artificial neural networks are capable of
abstracting the essence of a set of inputs. For exanple, a
network can be trained on a sequence of distorted versions of

the letter A After adequate training , application of
another distorted exanple will cause the network to produce
a perfectly formed letter. In sone sense, it has learned to

produce something that it has never seen before and enunerate.

2.5 Network Paradigms

Al though a single neuron can performcertain pattern detection
functions, the power of neural conputing comes fromconnecting
neurons into networks. The sinplest network is a group of
neurons arranged in a layer as shown in Figure 3. The
circular nodes on the left serve only to distribute the
inputs; they performno conputation and hence are not to be
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considered to constitute a layer. The set of inputs X(input
vector) has each of its elenments connected to each artificial
neuron, shown as squares, through a separate weight. Each
neuron sinply outputs a sumof the inputs to the network.

Mil ti-layer networks may be fornmed sinply cascading a
group of single I|ayers; the output of one layer provides
input to the subsequent layer. Figure 4 shows a Two-Layered
neural networ k.

\ N ~ Vi e
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— g < I
\ \
\ . L
/ - . -
— ke ™3 / ~ o~ —
~ //-
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Figure 3. Single | ayer neural network.

The network described above has no feedback connection
i.e., connection through weights extending from the output
layers of a layer to the inputs of sane or previous |ayers.
Hence they are called concurrent or feed-forward networks.
More general networks that contain feedback connections are
said to be recurrent. Non-recurrent networks have no nenory,
their output is solely determned by the current inputs and
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the values of the weights. In some configurations, recurrent
networks recirculate previous outputs back to inputs, hence
their output is determined both by their current input and
their previous outputs.

Qutputs may be localized or distributed. W exani ne some
of the popular networks, so that we could exploit their
architecture for the thesis.

Fi gure 4. Two-I| ayer ed neural network.

2.5.1 Supervised Net wor ks: Non-recurrent

2.5.1.1 Perceptrons

In general perceptrons are sinply a single-layered network,
where in, the neurons of the layer are connected by weights to
a set of inputs. This can be used for both continuous val ued
and binary inputs. In 1960's perceptrons created a great
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deal of interest and optimsm Rosenbl att [Rosenbl att 89]
proved that a perception could learn anything it could
represent. The initial euphoria was replaced by
di sillusionment as perceptrons are found to fail at certain
sinple learning tasks. Mnsky [Mnsky 69] proved that there
are severe restrictions on what perceptions can |earn.

Connection weights and the threshold in a perceptron can
be fixed or adapted using a number of different algorithns.
The original perceptron convergence procedure for adjusting
wei ghts was devel oped by Rosenblatt [Rosenblatt 59].

Linear separability linits single-layer networks to
classification problems in which the set of points
(corresponding to input values) can be separated geomnetri-
cally. For atwo input case, the separator is a straight line
(e.g., Exclusive or function). For three inputs, the
separation is performed by a flat plane cutting through
creating breakdowns where we nust nentally generalize to a
space of n dinensions divided by a hyperplane. Thi s
limtation of linear separability of single-layer networks can
be overcone by adding nore | ayers.

2.5.1.2 Vadal i ne Net wor ks:

Adaptive Linear Neuron (ADALINE)
Many Adaptive Linear Neuron (MADALI NE)

Inthe early 1960s at Stanford, WC. R dgeway Il initiated an
approach to the inplementati on of non-linearly separable |ogic
functions.

He connected retinal inputs to adaptive neurons in a
single layer, and in turn, connected their outputs to a fixed

| ogi ¢ device providing the system out put.
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A typical two-input Adaline is shown in Figure 5.

The following |ogic device can be simulated as:

AND W1 =W = +1, Xo = +1, W =-1.5

R Wi =W =+1, Xo = +1, W = +1.5

MAJ W =W =W =+1, Xo=+1, W =0
(Myj ority) (Three input Adaline)

X

Iy
w F v w
1 J 0
X1 Z
/ Y ‘ R
(S) | |
N/ I | Binary
//_‘\.'_/ Anzlog Qutput T—— | Qutput
X5 '
w
2

Figure 5. Atypical two-input Adaline.

Non- separabl e functions could thus be solved by neurons
in the formof Madaline.
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Consider:

X1: 0011
X2: 0101
FI: 0111
F2: 1110
F3 : 0110

Fl & F2 are functions sinulated by 1st stage of Madaline and
F3 sinulates "AND' gate in second stage as shown in Figure 6

Figure 6. Non-separable functions solved by neurons in
Madal i ne form

Separ ati ng boundaries for the Madaline is shown in Figure
7. Thus "exclusive OR' could be solved by such a two |ayered
network. So linear separability problemcould be overcone by
addi ng nore |layers to a network.
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Figure 7. Separating boundaries for the Madal i ne.

2.5.1.3 Back-propagation

Miul ti-1ayer perceptrons are feed-forward nets with one or nore
| ayers of nodes between the input and output nodes. These
additional layers contain hidden units or nodes that are not
directly connected to both the input and output nodes. A
three layer perceptron with two layers of hidden units is
shown in Figure 8  Milti-layer perceptrons overcone many of
the limtations of single layer perceptrons, but were
generally not used in the past because effective training
al gorithms were not available. This has recently changed with
the devel opment of new training algorithms [Rurel hart et al.
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1986]. Although it cannot be proven that these algorithmns
converge as with single layer perceptrons, they have been
shown to be successful for many problems of interest
[Rurrel hart et al. 1986].

QuUTPUT

SECOND
HIDDEN
LAYER

FIRST
HIDDEN
LAYER

Figure 8. Athree-layer perception w th two hidden units.

Source: Lippnmann 1987

The capabilities of nulti-layer perceptrons stemfromthe
non-linearities used wthin nodes.

As noted above, a single-layer perceptron forns
hal f - pl ane deci sion regions. A two-layer perceptron can form
any, possibly unbounded, convex region in the space spanned by

the inputs.

A three-layer perceptron can form arbitrarily conplex
deci sion regions and can separate the neshed cl asses as shown
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in the bottomof Figure 9. It can formregions as conpl ex as
those fornmed using nixture distributions and nearest - nei ghbor
classifiers [Duda and Hart 1973]. This can be proven by
construction. The proof depends on partitioning the desired
decision region into small hypercubes (squares when there are
two inputs). Each hypercubes (squares 2N nodes in the first
| ayer (four nodes when there are two inputs) one for each side
of the hypercube, and one node in the second |ayer that takes
the logical AND of the outputs from the first-layer nodes.
The outputs of second layer nodes will be "high" only for
i nputs within each hypercube. Hypercubes are assigned to the
proper decision regions by connecting the output of each
second decision region CR operation in each output node. A
| ogical CR operation will be performed if these connection
wei ghts fromthe second hidden layer to the output |ayer are

EACLUSIVE OR | CLASBES WiTM | MOST GENERAL
ETRUCTURE | DECISION REGIONSE PROBLEM MEEHED REGIONE (REGION pHarenl

AINGLE LAYER| R
7a~

=

‘ MALE PLANE
a BOUNDED
£ (%

/ | HYPERPLANE b

®] coMVEX
b aren
on

Al e

r'ﬂl!l LAYER — |
52» Aot ‘@ ®
| L L
S | Nembe 0t Neaas 2
| 1 ¢

3

Figure 9. Types of decision regions that can be formed by
single-and nul ti -l ayer perceptrons with one and t wo
| ayers of hidden units and two inputs. Shading
denot es decision regions for class A. Snooth and
closed contours bound input-distributions for
cl asses A and B. Nodes 1n all sets use hard
limtingnon-linearities.

Sour ce: Li ppmann 1987
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one and thresholds in the output nodes are O0.5. Thi s
construction procedure can be generalized to use arbitrarily
shaped convex regions instead of small hypercubes and is
capabl e of generating the di sconnected and non-convex regi ons
shown at the bottom of Figure 9.

The above discussion centered prinmarily on nulti-Iayer
perceptrons with one output when hard linmting non-linearities
are used. Simlar behavior is exhibited by multi-Iayer
perceptrons with multiple output nodes when signoidal non-
linearities are used and the decision rule is to select the
class corresponding to the output node with the |argest
output. The behavior of these nets is nore conplex because
decision regions are typically bounded by snmooth curves
instead of by straight line segnents and analysis is thus nore
difficult. These nets, however, can be trained with the
back- propagation training algorithm [Runel hart et al. 1986].

The back-propagation algorithmis a generalization of the
LMB algorithm It wuses a gradient search technique to
mnimze a cost function equal to the mean square difference
between the desired and the actual net outputs. The desired
output of all nodes is typically "low (0 or < 0.1) unless
that node corresponds to the class the current input is from
inwhichcase it is "high" (1.0 or >0.9). The net is trained
by initially selecting snall random weights and internal
thresholds and then presenting all training data repeatedly.
Wi ghts are adjusted after every trial using side infornation
specifying the correct class until weights converge and the
cost function is reduced to an acceptabl e val ue. An essenti al
conponent of the algorithm is the iterative method that
propagates error terns required to adapt weights back from
nodes in the output to nodes in the |ower |ayers.
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Many resear chers have devi sed i nprovenents and ext ensi ons
to the basic back-propagation algorithm They intend to
inprove the capabilities of the multi-layer network in the
aspects like the training time, generalization, etc. Back-
propagation has been applied to a wide variety of research
applications like conversion of text to speech (NetTalKk)
[ Sej nowski and Rosenberg 1986], optical character recognition
system nachine recognition of handwitten characters [Burr
1987], image conpression [Cottrell et. al. 1987] and many
nmore. This is supposed to be the nost successful network of
all existing ones.

2.5.1.4 Gossbherg Network
G ossberg Layer:
For Grossberg layer N, = N, W,

Wher e W, is Gossherg Wight Mtrix

2

N, is Qossberg Layer Qutput Vector

So action of each neuron in the Gossberg layer is to,
for exanple, output the value of the weight that connects it
to the single Kohonen neuron (Wrks |ike an encoder).

Training the Gossherg Layer: is relatively sinple.
(i) Calculate Gossherg Qutputs (N3

(ii) Next, each weight is adjusted for exanple, only if
it connects to the Kohonen neuron having a non-zero
out put .. The armount of the weight adjustnment is
proportional to the difference between the weight
and the desired output of the Gossberg neuron to
which it connects.
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2.5.2 Supervised Net wor ks: Recurrent

2.5.2.1 Hopfield Nets

In 1982, John Hopfield published a nost influential paper
whi ch drew attention to the associative properties of a class
of neural nets. It contained a fundamental Statenent of a
met hod for anal yzing such schene. The analysis is based on
the definition of "energy" in the net and a proof that the net
operates by mnimzing this energy when settling into stable
patterns of operations. He drew attention to two properties
of interconnected cells of simple non-linear device
(aut oassoci ati ve).

(i) that the systemhas stable states which will always be
entered if the net is started in simlar states (could be
noi sy input).

(ii) that such states can be created by changing the strength
of the interconnection between the cells.

This is nothing but associative nenories in Conputer
jargon. But advantage is that we can have noi sy key to index
into the conplete content. This could lead to novel
integrated circuits and novel conputing device.

Assunptions: |In Hopfields's theory a "neuron i" has two states
i ke MCP neuron. Neuron i receives an input from neuron |j
with a strength w,. If w; =0, it neans that i is disconnected

fromj. Strength w; is simlar to weight w; in MCP nodel .

Inportant assunption is W; = W; and W; = 0.
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Hopfield nets are normally used with binary inputs.
These nets are nost appropriate when exact binary
representations are possible as with blank and white inages
where input elements are pixel values, or wth ASCI
representation of each character. These nets are |less
appropriate when input val ues are actual |y conti nuous, because
a fundanental representation problem nmust be addressed to
convert the analog quantities to binary val ues.

Model : This net can be used as an associ ate nenory or to solve
optim zation problens. e version of the net [Hopfield
1982], which can be used as a content addressable nenory is
shown in figure 10. This net has N nodes containing hard

OUTPUTS (Valid After Convergence)

X X'y Xna XN
" s / -’ J/
L
W“" H
xo xq N2 %M1

INPUTS (Applied At Time Zero)

Figure 10. A Hopfield neural net that can be used as a
cont ent - addressabl e nenory. An unknown bi nary
input patternis appliedat time zero and t he net
theniteratesuntil convergence when node out puts
remai n unchanged. The output is that pattern
pr oduced by node out puts after convergence.

Source: Lippmann 1987
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limting non-linearities and binary inputs and outputs taking
on the values +1 and -1. The output of each node is fed back
to all other nodes via weights denoted as W. This net is
operated as follows: First, weights are set using the given
recipe from exenplar patterns for all classes. Then an
unknown pattern is inposed on the net at tine zero by forcing
the output of the net to match the unknown pattern. Follow ng
this initialization, the net iterates in discrete tine steps
using the given fornula. The net is considered to have
converged when outputs no longer change on successive
iterations. The pattern specified by the node outputs after
convergence is the net output.

Hopfield [Hopfield 1982] and others [Cohen and G ossberg
1983] have proven that this net converges when the weights are
symmetric (W; =W;) and node out puts are updated synchronously.
Hopfield [Hopfield 1984] also denonstrated that the net
converges when activation function sinilar to the signoid non-
linearity are used. When the Hopfield net is used as an
associ ative menory, the net output after convergence is used
directly as the conplete restored menmory. Wen the Hopfield
net is used as a classifier, the output after convergence mnust
be conputed to the M exenplars to deternine if it matches an
exenpl ar exactly. |If it does, the output is that class whose
exenpl ar matched the output pattern. |If it does not then a
"no match" result occurs.

The Hopfield net has three najor |limtations when used as
a content addressable menory. First, the nunber of patterns
that can be stored and accurately recalled is severely limted
If too many patterns are stored, the net nay converge to a
novel spurious pattern different fromall exenplar patterns.
Such a spurious pattern will produce a "no natch" output when
the net is used as a classifier. Hopfield [Hopfield 1982]
showed that this occurs infrequently when exenplar patterns

34



are generated randomy and the nunber of classes (M is less
then 15 tinmes the nunber of input elements or nodes in the net
(N). The nunber of classes is thus typically kept well bel ow
15N For exanple, a Hopfield net for only 10 classes m ght
require nmore than 70 nodes and nore than roughly 5,000
connection weights. A second linitation of the Hopfield net
is that an exenplar pattern will be unstable if it shares many
bits in conmon with another exenplar pattern. Here an
exenplar is considered unstable if it is applied at time zero
and the net converges to sone other exenplar. This problem
can be elimnated and perfornance can be inproved by a nunber
of orthogonalization procedures. Third limtation is that of
hard | earning. There are certain patterns for which the
network will not converge, hence cannot be stored.

2.5.2.2 Boltzmann Machi ne

The probl emof false well and hardl earning in Hopfield net can
be overcome by Bol t znann Machi ne.

This net was proposed by Hnton [1984] and his
col | eagues. They had added noise to the Hopfield nodel, to
di sl odge the net from a novel false well. Hardlearning was
sol ved by addi ng a hi dden node.

The key to ensuring that the systemcan escape from | ocal
mnima lies in the use of "noise". The application of a
degree of uncertainty to the energy of the state.

Ludwi g Bol t zmann, Austrian physicist, discovered that the
randomnoti on of the nol ecul es of a gas had an energy directly
related to tenperature. This effect occurs not only in a gas
but in any electronic circuitry which carried a current. High
tenperatures cause random novenents of el ectrons that change
snmoot h waveforns into rough ones as shown in the Figure 11.
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Figure 11. (a) Apure waveform and (b) A noisy waveform

Source: Al eksander and Mrton 1990

H nton therefore used the nane of Boltzmann to convey the
idea that energy of the state of a neural net could be given
an uncertai nty above and bel ow that which may be cal cul ated as
was shown in Hopfield nets. So at Zero tenperature, the net
is neant to behave exactly like the Hopfield nodel, while at
hi gher tenperature , an uncertainty proportional to the
tenperature is introduced into the activation function of the
net. This nay allow it to escape local mnima, but it also
prevents it from settling anywhere.

Starting at an high tenperature and cooling it down while
it is running ensures that the state of the net has the best
chance of ending in the lowest minina related to given input
data. This methodology is called Sinulated Annealing. In
metallurgy a netal tenperature is raised high and cooled
slowy to reduce bond stress, and put it in nore relaxed
state.
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2.5.2.3 Bidirectional Associative Mnories (BAVD

In Hopfield nets associativity is strictly speaking,
aut oassoci ative, that is, a menmory can be conpleted or
corrected, but cannot be associated with different nenories.
This is a result of their single-layer structure, which
requires the output vector to appear on the same neuron on
which the input vector was applied.

BAM (Fig. 12) is hetroassociative, i.e., it accepts an
i nput vector on one set of neurons and produces a rel ated, but
different, output vector or another set.

Layer 1 Layer 2

Fi gure 12. BAMStructure.
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BAMs are capable of producing correct outputs despite
corrupted inputs.

B = F(AW

Wiere B is the vector of outputs from|ayer 2
A is the vector of outputs fromlayer 1
Wis the weight natrix between |ayers 1 and 2
F is the activation function

Sinilarly A = F(BW) W is transpose of W

Retrieving a stored association: Associations are stored in
the weight arrays Wand W. Each nenory consists of two
vectors; "A' which appears at the outputs of layer 1 and 2,
the associative nenory that is the output of |ayer 2.

To retrieve an associated nenory, all or part of vector
A is nonentarily forced onto the outputs of Layer 1. A s
then renmoved and the network is then allowed to stabilize,
produci ng the associated vector B at the output of layer 2,
i.e., the vectors pass back and forth between the |ayers,
al ways reinforcing the current outputs such that vectors come
close to the stored nenory till the point that constitutes
resonance.

2.5.3 Unsupervised Networks

2.5.3.1 The Carpenter/Qossherg dassifier

This net differs from the Haming net in that feedback
connections are provided to turn off that output node with a
maxi num val ue, and to conpare exenplars to the input for the
threshold test required by the leader algorithm The najor
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conmponents of a Carpeneter/ Gosshberg classification net with
three inputs and two output nodes are presented in Figure 13.

OUTPUT

Yo Y1

INPUT

Figure 13. The major conponents of the Carpenter G ossberg
classification net. Abinary input is presented
at the bottomand when cl assificationis conplete
only one output is high. Not shown are
additi onal conponents required to perform the
vigilance test and to disable the output node
with the | argest output.

Source: Lippmann 1987

The al gorithmassunes that "fast learning" is used as in
the simulations presented by Carpenter and G ossberg [1983]
and thus that elenments of both bottomup and top-down
connections take on only the values 0 or 1. The net is
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initialized by effectively setting all exenplars represented
by connection weights. In addition, a matching threshold
called Vigilance which ranges between 0.0 to 1.0 nust be set.
This threshol d determnes how close a new input pattern mnust
be to a stored exenplar to be considered simlar. A value
near one requires a close match and smaller values accept a
proper natch. New inputs are presented sequentially at the
bottomof the net as in the Hanming net. After presentation,
the input is compared to all stored exenplars in parallel as
in the Hanming net to produce matching scores. The exenplar
with the highest matching score is selected using |ateral
inhibition. It is then conpared to the input by conputing the
ratio of the dot product of the input and the best matching
exenpl ar (nunber of | bits in comron) divided by the nunber of
1 bits in the input. If this ratio is greater than the
vigilance threshold, then the input is considered to be
simlar to the best natching exenplar and that exenplar is
updat ed by performng a | ogical AND operation between its bits
and those in the input. If the ratio is less than the
vigilance threshold, then the input is considered to be
different from all exenplars and it is added as a new
exenpl ar. Each additional new exenplar requires one node and
connections to conpute matching scores.

The Carpenter/ G ossberg algorithm can performwell with
perfect input patterns but even a snall anount of noise can
cause problens. However, this level may be too high and the
nunber of stored exenplars can rapidly grow until all
avai |l abl e nodes are used up.

2.5.3.2 Kohonen's Self Oganizing Feature Maps

One inportant organizing principle of sensory path ways in the
brain is that the placenent of neurons is orderly and often
refl ects some physical characteristic of the external stinulus
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bei ng sensed [Kandel and Schwartz 1985]. For exanple, at each
level of the auditory pathway, nerve cells and fibers are
arranged anatomcally in relation to the frequency which
elicits the greatest response in each neuron. Thi s
organi zation in the auditory pathway extends up to the
auditory cortex [Mller 1983, Kandel and Schwartz 1985].
Al though much of the lowlevel organization is genetically
pre-determined, it is likely that some of the organization at
higher levels is created during |earning by al gorithns which
pronote self organization. Kohonen [Kohonen et. al. 1984]
presents one such al gorithmwhi ch produces what he calls self
organizing feature maps sinilar to those that occur in the
brai n.

Kohonen's algorithm creates a vector quantizer by
adj usting weights from common input nodes to M output nodes
arranged in a two dinensional grid as shown in Figure 14.
Qut put nodes are extensively interconnected with nany | ocal

QUTPUT
NODES

e ¥ [
WA

Figure 14. Two dinmensional array of output nodes used to
formfeature maps. Every input is connected to
every output node via. a variable connection
wei ght .

Source: Lippnmann 1987
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connections. Continuous-valued input vectors are presented
sequentially in time without specifying the desired output.
After enough input vectors have been presented, weights wll
specify cluster or vector centers that sanple the input space
such that the point density function of the vector centers
tends to approxinate the probability density function of the
input vectors [Kohonen et. al. 1984]. In addition, the
wei ghts wi || be organi zed such that topol ogically, close nodes
are sensitive to inputs that are physically simlar. Qutput
nodes will thus be ordered in a natural manner. This nmay be
inportant in conplex systens with many |ayers of processing
because it can reduce lengths of inter-layer connections.

The algorithm that fornms feature nmaps requires a
nei ghbor hood to be defined around each node as shown in Figure
15. Thi s nei ghborhood slowy decreases in size with tine as

o o O

e 9 g o ~—NE (0)

o]0 O 0 ©O O (]
- ——NEt,
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(o3 I e] 0 0 O o]l o

oo O 0O O 0O
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Fi gure 15. Topol ogi cal nei ghborhoods at different tines as
feature maps are formed, NE,(t) is the set of
nodes considered to be in t11e nei ghbor hood of
node j at tine t. The nei ghborhood starts | arge
and sl owl y decreases in size over tinme. In this
exanmple, 0<¢t; < t,.

Sour ce: Lippmann 1987
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shown. \Wights between input and output nodes are initially
set to small random values and an input is presented. The
di stance between the input and all nodes is conmputed as shown.
If the weight vectors are nornalized to have constant |ength
(the sumof the square weights fromall inputs to each out put
are identical) then the node with the mninmm Euclidean
di stance can be found to formthe dot product of the input and
the weights. The selection required turns into a probl em of
finding the node with a naxi num val ue. Once this node is
sel ected, weights to it and to other nodes in its nei ghborhood
are nodified to nmake these nodes nore responsive to the
current input. This process is repeated for further inputs,
wei ghts eventually converge and are fixed after the gain term
is reduced to zero.

Unl i ke the Carpenter/ Gossberg classifier, this algorithm
can performrelatively well in noise because the nunber of
classes is fixed, weights adapt slowy and adaptati on stops
after training. This algorithmis thus a viable sequential
vector quantizer when the nunber of clusters desired can be
specified before use and the anount of training data is large
relative to the nunber of clusters desired. It is sinmlar to
the K-means clustering on the presentation order of input data
for small anounts of training data.

2.5.4 Hybrid Networks

2.5.4.1 Counter Propagation

Counter propogation network (CPN is inferior to back-
propagati on for nost nappi ng network applications. However,
the network trains rapidly; appropriately applied it can save
| arge amount of conputer tine.
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CPN is conbined of two well-known algorithms: the
sel f-organi zi ng map of Kohonen [1988] and Grossberg's outstar
[1982, 86].

Network structure: This |ooks nuch |ike other Networks we have
examned so far; however, the difference lies in the
processi ng done by the Kohonen and G ossberg neurons.

Normal operation: Kohonen Layer: Function in a "Wnner-rake-
all" fashion. That is for a given input vector, one and only
one Kohonen neuron output a logical one; all others output a
zero.

In vector notation is expressed as:
N, = XW, W, Kohonen Wi ght Matrix
N, Kohonen Layer CQutput Vector
X Input Vector

Q ossherg Layer:

Sinlarly N, = N, W,
Wiere w, Gossbherg Wight Matrix
N, Gossberg Layer Qutput Vector

So action of each neuron in the Gossberg layer is to output
the val ue of the weight that connects it to the single Kchonen
neuron (Wrks |ike an encoder).

2.S.4.2 The Hammi ng Net

The Hopfield net is often tested on probl ens where inputs are
generated by selecting an exenplar and reversing bit val ues
randomy and independently with a given probability [Hopfield
1982, Cold 1986, Willace 1986]. This is a classic problemin
conmuni cations theory that occurs when binary fixed-length
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signals are sent through a memoryless binary synmmetric
channel. The optinmum mninum error classifier in this case
cal cul ates the Hamm ng di stance to the exenplar for each cl ass
and selects that class with the minimum Hamm ng distance
[Gall ager 1968]. The hamm ng distance is the nunber of bhits
in the input which do not match the correspondi ng exenpl ar
bits. A net which will be called a Hanm ng net inplenents
this al gorithmusing neural net conponents as shown in Figure
16.

OUTPUT (Valid After MAXNET Converges)
Yo Y1 Ym-z Ymaa

il A i

MAXNET
PICKS

] CALCULATE
MATCHING
j SCORES

Xg X4 XNz %N
INPUT (Applied At Time Zaro)

Figure 16. A feed-forward Hamming net maximum |ikelihood
classifier for binary i nputs corrupted by noi se.
The | ower subnet cal cul ates N ninus the Hanmi ng
di stance to u exenplar patterns. The upper net
sel ects that node with the maxi mumoutput. All
nodes use t hreshol d-1o0gic non-linearities where
it is assuned that the outputs of these non-
linearities never saturate.

Source: Lippmann 1987
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Weights and thresholds are first set in the | ower subnet
such that the natching scores generated by the outputs of the
mddle nodes of Figure 16 are equal to N ninus the Hamming
distances to the exenplar patterns. These matching scores
will range fromO to the nunber of elements in the input ()
and are highest for those nodes corresponding to classes with
exenplars that best match the input. Thresholds and wei ghts
in the MAXNET subnet are fixed. Al thresholds are set to
zero and weights from each node to itself are 1. Wi ght s
bet ween nodes are inhibitory with a value of -e where e < 1/,
where M are the nunber of nodes in MAXNET.

After weights and thresholds have been set, a binary
pattern with N elements is presented at the bottom of the
Hanm ng net. It must be presented |ong enough to allow the
mat ching sccre outputs of the lower subnet to settle and
initialize the output values of the MAXNET. The input is then
renoved and the MAXNET iterates until the output of only one
node is pos:tive. <Classification is then conplete and the
selected class is that corresponding to the node with a
posi tive out put.

The Har.ming net has a nunber of advantages over the
Hopfield nez. It inplenents the optimm mninum error
classifier when bit errors are randomand i ndependent and t hus
the perforzance of the Hopfield net nust either be worse than
or equivalent to that of the Hamm ng net in such situations.
Conpari sons between the two nets on probl ens such as character
recogni tion, recognition of randompatterns and bi bl i ographic
retrieval have denonstrated this difference in performance
[Lippmann €t. al. in press]. The Haming net al so requires
many fewer connections than the Hopfield net. For exanple,
with 100 inputs and 10 cl asses the Hammi ng net requires only
1,100 connections while the Hopfield net requires alnost
10,000. Furthernore, the difference in nunber of connections
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required increases as the nunber of inputs increases, because
the nunber of connections in the Hopfield net grows as the
square of the nunber of inputs while the nunber of connections
in the Hanming net grows linearly. The Hamming net can al so
be nodified to be a nininumerror classifier when errors are
generated by reversing input elements from+1l to -1 and from
-1to +1 asynmetrically with different probabilities [Lippmann
et. al. in press ] and when the values of specific inputs
el ements are unknown [Baum et. al. 1986]. Finally, the
Hanming net does not suffer from spurious output patterns
whi ch can produce a "no-match" result.

2.5.5 KBANN: Know edge- based Atificia Neural  Network

KBANN is a network fornmed by mapping rules into the network.
Hence the know edge (rules in case of know edge based systemns)
deternines the structures of the artificial neural networks
and the wei ght s on its links, nake the |earning
accessible for nodification by neural learning [Shavlik 1989].

KBANN uses a know edge base of hierarchically structured
rules v/ihich nay be both inconplete and incorrect to form an
artificial neural network. Hence the correspondence between
the know edge base and the artificial neural networks can be
described as foll ows.

Know edge Base ANN

Fi nal concl usi ons Qutput units
Supporting facts Input units

I nformation concl usi ons H dden units
Dependenci es Wi ghted connections

Hence the given rules of a know edge base can be napped
into an artificial neural network (Figure 17) . Rul es are
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assumed to be conjunctive, non-recursive and variable free.

Disjuncts are coded as multiple rul es. Translating rules
into artificial neural network. Wights are set on |inks and
bi ases of units in such a way that units have a significant
activation only when correspondi ng deduction could be made
usi ng the know edge base. Assuming there exists arule inthe
know edge base with n nandatory antecedent(ie, antecedents
which nust be true) and prohibitory antecedents (i.e
ant ecedent s whi ch nust not be true), the systemsets Wights
W and - W on links in the artificial neural network
correspondi ng to the mandatory and prohi bitory dependenci es of

B:notF, G,
B :-not H.

Ci- L.

(et)

F G i | J K
(h

Figure 17. Translation of KB to ANN.

the rule respectively. The bias on the unit corresponding to
the rule's consequent is set to n*W- ¢. ¢ is a paraneter
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chosen so that units have activations 0.9 (approx) when their
antecedents are satisfied, and activation 0.1 (approx)
ot herwi se.

Di sjunctive rules cannot be transformed directly because
there is no way the bias of unit can be set allowing it to
get activated in multiple ways such that no unintended
combinations are all owed. Hence disjuncts are handl ed by
creating units Y' and y?, which correspond to rules R' and R
(R' and R being conjunctive rules). These units will be
active when their corresponding rule is true. Then R' and R
are connected to Y by a link of weight Wand sets the bias of
Y to W- & Hence Y will be active when either r' or R
active.

2.5.5.1 Learning in KBANN

KBANN comnbines enpirical and explanation based learning to
overccne the problem of each approach by using training
exanples to inductively refine pre-existing know edge. Once
the initial translation from know edge base to artificial
neural networks is conpleted, input from know edge base to
artificial neur al network is conpleted, input units
corresponding to features of the environnent that do not
appear as an antecedent are added to the network. These input
units night be necessary to express sone concept accurately.
Links are added to network to give existing rules access to

itenms not nentioned in the know edge base. These |inks
initially have weight equal to zero. The network is
perpetuated by adding random nunbers to all l|ink weights and

bias to avoid symetry breaking problens [Rumelhart et al.
1986] . The network is now refined by providing training
exanpl es whi ch are processed usi ng back- propagati on al gorithm
[Rurrel hart et al. 1986]
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2.6 Applications of Neural
Computers

2.6.1 Pattern Recognition

The nost irportant application areas for "neural pattern
recognition" <could be the sane as those for which
conventional, heuristic nethods have been devel oped during the
past thirty years (a) renote sensing, (b) nmedical inage
analysis, (c¢) industrial conmputer vision (especially for
robotics), and (d) input devices for computers.

Most concrete tasks for which special conputer equiprent
has already been developed are: (a) segmentation and
classificaticn of regions from inages, (b) recognition of
handwitten characters and text, (c) recognition of speech,
and (d) processing, especially restoration of noisy pictures.

ne nore anbitious level, one may wish to achieve the
capabilities of is: (a) image analysis (referring to different
thematic | evel s of abstraction, such as nonitoring of |and use
on the basis of satellite pictures), (b) inage understanding
(interpretation of scenes) and (c) speech understanding
(parsing and interpretation of spoken sentences).

To inplenment these tasks, certain basic problens still
call for better understanding, for instance, those concerning
the intrinsic properties (features) of input information, such
as: (a the nost natural pattern primitives(lines, their
curvatures and end poi nts, edges, statistics of point groups),
(b) visual information which describes the surface curvature
and cusps, (c) texture, and (d) phonol ogical invariants in
speech.
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2.6.2 Knowledge Database for Stochastic Information

To find a solution to a searching task which is defined in
ternms of several sinultaneous inconplete queries, as the case
in fornmal problem solving tasks usually is, it is thus not
sufficient to inplenent a content addr essabl e (or
autoassoci ative) nmenory, but the partial searching results
nmust sonehow be buffered and studied sequentially. This, of
course, is conpletely expedient for a digital conputer, which
can store the candidates as lists and study them by a program
code, in a neural network, however, task like holding a
number of candidates in tenporary storage, and investigation
of their "markings" would be very cunbersone.

In artificial neural network, the searching argunents
are usually inposed as initial conditions to the network, and
solution for the "answers" results when the activity state of
the networks relaxes to some kind of energetic nminimum One
has to note the following facts that are characteristics of
these devices: (a) Their network el ements are anal og devi ces,
whereby representations of nunerical variables, and their
matching can only be defined with relatively |ow accuracy.
This, however nay be sufficient for prescreening purpose
which is nost time consuming: (b) a vast nunber of relations
in nenmory which only approxinmately match with the search
argunent can be activated. Oh the other hand, since the
conflicts then cannot be totally resolved but only minimized,
the state of neural network to which it converges in the
process represents sone kind of optiml answer(usually,
however, only in the sense of Euclidean netric): and (c) The
"answer" or the asynptotic state which represents the
searching result has no alternatives. Accordingly, it is not
possi bl e except in sone rather weird constructs, to find the
conplete set of solutions, or even a nunber of the best
candi dates for them It is not sure that the system will
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converge to the global optimum: it is nore usual that the
answer corresponds to one of the local optina which, may be an
acceptabl e solution in practice.

2.6.3 Optimization Computations

In general, the objective is to allocate a |imted anount of
resources to a set of certain partial -asks such as objective
or cost function is mninmzed (or naxi m zed) . A great nunber
of variables usually enter the protlex, and to evaluate and to
m nimze the objective function, a conbinatorial problemhas
to be solved. In large-scale problens such as optim zation of
econori ¢ or business operations, the systens of equations are
usual ly static, although non-linear, and if conventional
conputers are used, the solutions must be found in a great «
nmany iterative steps.

Anot her category of conplex optimization tasks is met in
syster.s and control problenms which deal with physical
vari ables and space and time-continuous processes. Thei r
interrelations(the restricting conditions) are usually
expressed as systens of partial differential equations,
whereas the objective function is usually an integral-type
functional . Mat hematically these problens often call for
met hods of variational calculus. Al though the nunber of
vari abl es then may be orders of magnitude smaller than in the
first category of problens, exact mathenatical treatnent of
the functionals again creates the need of rather large
conputi ng power.

It may come as a surprise that "massively parallel”
conputers for both of the above categories of problens existed

in 1950s. The differential anal yzer based on either anal og or
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digital conputing principles and conponents, were set up as
direct anal ogi es of the systens to be studied, whereby plenty
of interconnections(feedbacks) were involved. For details of
these systens and many of the probl ens already sol ved by them
see Korn and Korn [1964], Aoki [1967] and Tsypkin [1968].

It may then also be obvious that if the "massively
paral | el computers" such as "neural networks" are intended to
solve optimzation problens, they nmust at least in principle
operate as analog devices;the dynamcs of their processing
elenents nust be definable with sufficient accuracy and
individually for each element, and the interconnectiveness
nmust be specifically configurable.

2.6.4 Robotic Control

There are two mai n categories of robots; trajectory programed
ones, and so-called intelligent robots. To program the
former, a human programmer first controls their novenments and
actions in the desired way, whereby the sequence of
coordinates and commands are stored in nenory. Duri ng
subsequent use, identical trajectories and conmands are
defined by the nenorized information. The intelligent robots
are supposed to plan their own actions; typical applications
for themare assenbly tasks whereby the conponents have to be
located and fetched fromrandom pl aces; or the robots may be
freely moving in the natural environnent, at the same tine
perform ng non-programed tasks.

The "intelligence" exhibited by the robots has so far
been inplenented by AI prograns, which means that the
strategi es have to be invented and progranmmed heuristically by

a human being. It is often desirable to have a hi gher degree
of learning in such robots, which then calls for "neural
conput ers". For instance, learning of loconotion in an
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unknown environment is a task which hardly can be formalized
by logic programmng, and coordination of conplex sensory
functions with the notor ones cannot be solved in analytical
form Some conputer simlations have al ready been perfornmed
whi ch have denonstrated such autononous | earning capabilities
[e.g. Barto et.al. 1983].

2.6.5 Decison Making

A nore abstract and conplex version of behavior which non-
et hel ess belongs to the same category as the robot operations
is the non-rul e-based decision making, eventually connected
with playing games. In the conventional AI :zplementations,
the conditions and actions entering the probl emare described
as decision tree, the evaluation of which is a conbinatori al
problem and for the solution of which the branches have to be
studied up to a certain depth. This, however, is exactly not
a way in which a natural object thinks. He =ay make fornal
anal yses in order to avoid bad decision, but Then it cones to
the final strategy, then other reasons, basez on hunches and
intuitive insight into the situation become =ore inportant.
These capabilities, however nmay result in sufficiently large
artificial | earni ng systens which operate according to "neural
computing principles". The performance criterion thereby
applied is more conplex, although inplicit, and it will be
| earned automatically from exanples as some kind of higher
order statistical description. It may then be Iearned
automatically from exanples as sone kind of high-order
statistical description. It may then be said that such
strategies are also stored in the form of rules, where as
these rules are established automatically, and they only exist
in inplicit form as the collective states of the adaptive

interconnections.
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Chapter 3

Expert Sysem and Knowledge-
based Artificial Neural
Network

Expert Systens such as Mycin, Dendral, Prospector, Caduceus,
etc., proved to be successful in early eighties. In late
eighties success of the Neural Network (NN approach to
problems such as learning to speak (Sejnowski and Rosenberg
1986], nmedical reasoning [Gllant 1988], recogni zi ng
handwitten characters, (Muiand Agarwal 1993; Baxt 1992; Wang
1991; Bottan and Vapni k 1992; Hoffman et.al 1993; Nagendra
Prasad et.al 1993] etc., gave a new inpetus to research in
Neural Conputing. The neural network approach has been an
increasingly inportant approach to artificial intelligence
[Feldman and 3allard 1982; Rumelhart et al. 1986; Smolensky
1987; Feldman et al. 1988]. The Neural Network approach is
being applied to difficult, A I. problens. Fu and Fu [1990]
suggested a novel approach wherein a rul e-based conventi onal
expert system was mapped into a neural architecture in both
the structural and behavioral aspects. It was suggested that
the NN approach can enhance the performance of Conventional
Expert Systens (CES).

The Neural Network approach contrasts wth the
know edge- based approach in several aspects. The know edge of
a neural network lies in its connections and associated
wei ghts, whereas the know edge of a rul e-based systemlies in
rules. A neural network processes information by propaga-ting
and conbining activations through the network, but a
know edge- based system (Fig. 1) reasons through synbol
generation and pattern matching. The know edge- based
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appr oach

enphasi zes
strategies and the ability to explain,
net wor k approach does not.

know edge

representation,

two approaches are summarized in Table 1.

Experts, koowledge vngincers

Knowledge

base

Iinference
engine

I

User Interface

The user

whereas the
The key differences between these

reasoni ng
neur al

Figure 1. The basic conponents of a know edge- based system
Source: Fu and Fu 1990
Table 1. Conparison between the neural network and the
know edge- based approaches.
Neural network Knowled%e-based
appr oach appr oac
Know edge Connect i ons Rul es
Conput ati on Numbers Nurmbers, synbol s,
Summat i on and pattern matching
t hreshol di ng Conpl i cated, various
Sinple, uniform
Reasoni ng Non- st rat egi ¢ Strategic
meta-level
Tasks Signal |evel Know edge | evel
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3.1 Mapping Rule-based Systems into
Neural Architecture

A rul e-based system (know edge represented in rules) can be
transforned into an inference network where each connection
corresponds to a rul e and each node corresponds to the prem se
or the conclusion of a rule, as seen in Figure 2. Reasoning

Figure 2. An inference network.

Source: Fu and Fu 1990

in such systens is a process of propagating and conbining
mul tiple pieces of evidence through the inference network
until final conclusions are reached. Uncertainty is often
handled by adopting the certainty factor (CGF) or the
probabi i stic schenes which associate each fact with a nunber
called the belief value. An inportant part of reasoning
tasks is to deternine the belief values of the pre-defined
final hypothesis given the belief values of observed
evidence. The network of an inference system through which
belief values of evidences or hypotheses are propagated and
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conbined is <called the belief network. Correspondence in
structural and behavi oral aspects exists between neural
networ ks and belief networks, as shown in Table 2. For
i nst ance, the sunmation function in neural net wor ks
corresponds to the function for the Bayesian fornula for
deriving posterior probabilities in PROSPECTOR-like Systens.
The thresholding function in neural networks corresponds to
predi cates such as SAME (in Mycin-like systems), which cuts
off any certainty val ue bel ow 0. 2.

Table 2. Correspondence between neural networks and beli ef
net wor ks.

Neur al networks Bel i ef networks

Connecti ons Rul es

Nodes Prem ses, concl usions

Wi ght s Rul e strengths

Thr eshol ds Pr edi cat es

Summation Combination of belief
val ues

Propagati on of activations Propagati on of belief
val ues

Since belief network corresponds to neural network by
mappi ng the know edge base and the inference engine into a
kind of neural network called conceptualization, which stores
know edge and perforns inference and | earning. Furthernore,
to construct a conceptualization, the foll owi ng mappi ngs need
to be done.

 Final hypotheses are napped into output neurons (neurons
wi t hout connections pointing outwards),

o Data attributes are mapped into input neurons (nheurons
wi t hout connections pointing outwards),
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 Concepts that summarize or categorize subsets of data or
internediate hypotheses that infer final hypot heses are
mapped into mddle (also known as hi dden) neurons, and

e The strength of a rule is mapped into the weight of the
correspondi ng connecti on.

If there are no data errors, input neurons can represent

both the observed and the actual data. In case of possible
data errors, the observed data and the actual data are
represented by two different levels of neurons, with a

connecti on established between each observed and actual input
neurons referring to the sane data attribute. One exanple is
shown in Figure 3, where for instance, observed input neuron
E, corresponds to actual input neuron E,.

ANPZRN
N

L] Iy

L] E.l [ ] \.

. E ®

Figure 3. Organi zation of the know edge-base and

I 3
2 ® £
L]
i nput data as a neural network.

i i '
E‘ .‘.72 .r?3
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3.2 Knowledge Representation

Inthis section the know edge representation | anguage i n MYCIN
[Buchanan and Shortliffe 1934] or simlar systens is revi ened.
The issue of howto map such |anguage into conceptualization
is then exanined, and know edge representation of the neural
network is described.

In MCIN, facts are represented by context-attribution
(or object-attribute-value) triples. Each tripleis aterm
For instance, the term ‘throat which is the site of the
culture' is represented by the triple <cULTURE SI TE THROAT>.
Each triple is associated with certainty factor, which is
described later.

A sentence is represented by predicate-context-
attribute-value quadruple. For instance, the sentence 'the
site of the culture is throat' is represented by quadruple
<saME QULTURE SI TE THROAT>. The truth value of a sentence is
determned by whether the triple satisZies the predicated in
terms of its CF.

Judgrental and inferential know edge is represented in
production rules; i.e., if-then rules. If arule s IF-part
is evaluated to be true, its THEN part will be concl uded.
Each part is constituted by a small nur.ber of sentences. For
instance, a MYCIN rul e.

*RULE 12 4

I F

1. The site of the culture is throat.

2. The identity of the organismis Streptococcus.
THEN. There is strongly suggestive evidence (.8
that the subtype of the organismis not group-D.
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can be encoded in MYCIN | anguage as

*(RULE 124 (($AND(SAME CULTURE SI TE THRQAT)
(SAME CRGAN SM | DENTI TY STREPTOCOCCUS) )
((CONCLUDE ORGANI SM SUBTYPE GROUP-D -.8))))

Certainty factors are integers ranging from-1.0 to 1.0.
A minus nunber indicates disbelief whereas a positive number
i ndi cat es bel i ef . The degree of belief or disbelief
parallels the absolute value of the nunber. The extrene
values -1.0 & 1.0 represent ‘*No' and ‘Yes'respectively. A
triple is associated with a CF indicating the current belief
in the triple. A rule is assigned a CF representing the
degree of disbelief in the conclusion given the prenise is
true. For instance, the CF of RULE in the exanple above is
-0.8. The CF of a conclusion based upon rul e can be conputed
by multiplying the GF of the prem se and the G- of the rule.
Each sentence or condition in the prenise on evaluation will
return a nunber ranging fromO to 1.0 representing the CF of
the sentence. The CFs of all conditions in the premse are
conbined to result inthe CF of the premse. As in the fuzzy
set theory, $AND returns the mnimum of the CFs of its
argunments. CFs of a fact due to different pieces:of evidence
are conbined according to certain formul ae.

A sentence in the rule language is napped into a concept
node (a node in the conceptualization) . Mapping at this |evel
of abstraction can capture the anal ogi es between a belief and
a neural network shown in Table 2. Mappings at |lower |evels,
such as nmapping a word in a sentence into a concept node | ack
a good djustification.
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Suppose the premise of a rule involves conjunction, then
each sentence in the premise is mapped into a concept node.
These concept nodes then lead into another concept node
representing the conjunction.

The CF of a sentence is mapped into the activation |evel
of the concept node designated by the sentence. The CF of a
rule is mapped onto the wei ght of the connection between the
two concept nodes, one designated by the prenise and the
other by the conclusion of the rule.

A neural network is a directed graph where each arc is
labeled with a weight. Therefore, it is defined by a
two-tuple (V,A) , where Vis a set of vertices and Ais a set
of arcs. The know edge of a neural network is stored in its
connections and weights. The data structure to represent a
neural network should take into account how to use its
know edge. Here the scheme used to represent a neural
network will be described.

Assume that the network is arranged as multiple |ayers.
Each layer contains a certain nunmber of nodes (processing
el ements). A node receives input fromsome other nodes which
feed into the node. If node A leads into node B, we say that
node A is adjacent to node B and node B is adjacent to node
A There is one list from each node in the network. The
menbers in list i represent the nodes that are adjacent to
node i. To make the access to these |lists fast, all the
nodes are stored in an array where each node points to the
list associated with it, as shown in Figure 4. This scheme
is Kknown as ‘inverse adjacency lists' in graph theory.
Connection weights are stored in properly defined data fields

in the adjacency lists. Since the activation level at a
given node is conputed based on the activations at the
nodes adjacent to the node, inverse adjacency lists offer
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Array List

Fi gure 4. Representation of aneural network (a) as
i nverse adj acency lists (b) .

Source: Fu and Fu 1990

conput ati onal advant ages. By contrast, the scheme of adjacency
lists which contain nodes adjacent from a given node is
useful for back-propagation.

3.3 Inference

Inference in nost rule-based systens is to deduce the CFs of
pre-defined hypotheses from given data. Such systens have
been applied successfully to several types of problenms such
as diagnosis, analysis, interpretation and prediction. MYCIN
uses a goal-oriented strategy to nake inference. This means
it invokes rules whose consequents deal with the given goal
and recursively turns a goal into subgoals suggested by the
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ant ecedents of rules. By contrast, a systemwhich adopts a
data-driven strategy will select rul es whose antecedents are
mat ched by the dat abase. Despira the difference between the
rule selection between these two strategies, inference in
rul e-based systemis a process cz propagating and combining
CFs through the belief network. Since inference in the
neural network involves a sinilar process, with CFs repl aced
by activation levels, the formulae for conputing CFs can be
applied to conpute the activaticr. |evel at each concept node
in the conceptualization.

If a rule-based system :imvolves circularity (cyclic
reasoning), then inference in z=e neural networks nmapped by
such a system is characterized by not only propagation and
conbi nation of activations but also iterative search for a
stable state, if it converges, in an extrenely short period
of time measured at the unit si the time constant of the
neural circuit.

The i nference capability of zhe neural network is derived
from the collective behavicr of sinple conputational
nechani sms at individual nodes. The output of a node is a

function of the weighted sumof -ts inputs. In a biological
neuron, if and only if its input exceeds a certain threshold,
the neuron will fire. For an arzificial neuron, continuous

non-linear transfer functions such as the sigmoid function
and non-continuous ones such as threshold |ogic have been
defi ned. A neural network is often arranged as
single-layered or milti-layers::, and is organized as
feedforward or with collateral or recurrent circuits.
Di fferent architectures are taken in accordance with the
probl em characteristics.

In a feedforward neural network as discussed in the
previous chapter the inference :shavior is characterized by
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propagating and conbining activations successively in the
forward direction from input to output |ayers. Col | ateral
inhibition and feedback nmnechanisns are inplenented using
collateral and recurrent circuits, respectively. They are
enployed for various purposes. For instance, the
wi nner-take-all strategy can be inplemented with collateral
inhibition circuits. Feedback nechani sns are inmportant in
adaptation to the environnment. As to the |ayered arrangenent,
multi-layered neural networks are nore advantageous than

si ngl e-l ayered net wor ks in perform ng non- | i near
classification. This advantage ster.s from the non-linear
operation at the hidden nodes. For instance, exclusive-OR

can be simulated by a bi-layered neural network but not by
any single-layered one. The principle of naxi ruminfornation
preservation (informax principle) has been proposed for
information transformation from one layer to another in a
neural network [Linsker 1988]. This principle can shed |ight
on the design of a neural network for information processing.

The inference tasks performed by the neural network
generally fall into four categories: pattern recognition,
associ ati on, optimzation and self-organization. A
single-layered network can act as a linear discrimnant,
whereas a multi-layered network can be an arbitrary non-
l'inear discrimnant. Associ ation performed by the neural
network is content-directed allowi ng inconplete matching.
Optimzation problems can be solved by inplementing cost

function as neur al circuits and optimzing them
Self-organization is the way the neural network evolves
unsuper vi sedl y in response to environnental changes.

Clustering algorithms can be inplenented by neural networks
with self-organization abilities. (See previous chapter for
details) .
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MYCIN |ike expert systens will be nmapped into neural
networks which are in general feedforward and multi- | ayered,

and perform tasks close to pattern recognition. By
capitalizing on all inference capabilities of neural
networks, it is possible to develop expert systens nore

versatile than the existing ones.

3.4 Learning

Learning in the conceptualization is the process of nodifying
connecti on wei ghts to achieve correct inference behavior. The
following will show how to apply the back-propagation rule to
learn and how to revise rules and/or data on the basis of the
results through |earning.

In a know edge-based system the issue of |earning deals
with acquiring new know edge and naintaining integrity of
the know edge base. The know edge base is constructed
through a process called know edge engi neering (encoding of
expert knowl edge) or through nachi ne | earning.

Wien errors are observed in the conclusions nade by a
rul e-based system an issue is raised of howto identify and
correct the rules or data responsible for these errors. The
problemof identifying the sources of errors is known as the
bl ane assi gnment probl em

Previ ous approaches [Poitakis 1982; Suwa et al. 1984,
Wilkins and Buchanan 1986] only focus on how to revise a
rul e-based system Anong these TEIRESIAS [Davis 1976] is a
typical work. It nmintains the integrity of know edge base
by interacting with experts. However, as the size of the
know edge base grows, it is no longer feasible for hunman
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experts to consider all possible interactions among know edge
in a coherent and consistent way. TMs [Doyle 1979] resol ves
i nconsistency by altering a mininal set of beliefs, but it
lacks the notion of wuncertainty in the nethod itself.
Synbol i ¢ machi ne |earning techniques such as the RL program
[Fu 1985] can learn and debug know edge but in general do not
address the case when the know edge involves intermediate
concepts which are not used to describe the training sanpl es.

TEI RESI AS may be confronted with the fol |l owi ng probl ens.
First, incorrect conclusions nay be due to data errors.
Second experts know the strengths of inference for each
individual rule, but it my be difficult for them to
determine the rule strengths in such a way that dependencies
anong rules are carefully considered to meet the systen
assunptions. For instance, in MYCIN, Since certainty factors
are conbined under the assunption of i ndependence, the
certainty factors assigned to two dependent rules should be
properly adjusted so as to neet this assunption.

3.4.1 Back Propagation of Error

An error refers to the disagreenent between the belief val ues
generated by the system and that indicated by a know edge
source assuned to be correct (eg., an expert) wth respect to
sone fact. The back propagation rul e devel oped in the neural
network approach {Rumelhart et.al 1986] is a recursive
heuristic which propagates backwards errors at a rule to all
nodes pointing to that node, and nodifies the weights of
connections heading into nodes with errors. First we wll
restrict our attention to single-layered networks involving
only input and output neurons.

In each inference task, the systemarrives at the belief
values of final hypotheses given those of input data. The

67



belief values of input data form an input pattern (or an
input vector) and those of final hypotheses form an out put
pattern (or an output vector) system error refers to the case
when incorrect output patterns are generated by the system.
When the systemerror arises, we use the instance consisting
of the input pattern given for inference and the correct
output pattern to train the network. The instance is
repeatedly used to train the network until a satisfactory
performance is reached. Since the network nay be incorrectly
trained by that instance, we also maintain a set of reference
instances to nonitor the learning process. This reference set
is consistent with the know edge base. |f, during |earning,
sone instances in the reference instances set becone
inconsistent, they wll be added to the |earning process.

Oh a given trial, the network generates an output vector
given the vector of the training instance. The discrepancy
obtained by. subtracting the network's vector from the
desired output vector serves as the basis for adjusting the
strengths of the connections involved. The back-propagation
rule adapted from [Rumelhart et.al (1986) is formulated as
foll ows.

AW, = rD;(d0; /dwWy) (1)
where o, = T; - 0, is the weight (strength) adjustment of
the connection frominput node i to the output node j, r is a
trial independent learning rate, D;, is the discrepancy between
the desired belief value (T) and the network's belief value
(o) at node j, and the termdo; /dw; is the derivative of o
with respect to w,. According to this rule the magnitude of
wei ght adjustrment is proportional to the product of the
di screpancy and the derivative above.

AW,

i
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The back-propagation rule is applicable to belief
net wor ks where the propagation and the conbi nation of belief
values are deternmined by differentiable nathematical
functi ons. As shown in equation (1), the mathematical
requirenment for applying the back-propagation rule is that
the rel ation between the output activation (o) and the input
weight (W;) is deternmined by a differentiable function. In
belief networks, this relation is differentiable if the
propagati on and t he conbi nation functions are differentiabla:.
Since conbining belief values in nost rule-based systens
i nvol ves such | ogi c operations as conjunction or disjunction,
the back-propa-gation rule is applied after turning the
conjunction operator into nmultiplication and the disjunction
operator into summation.

Anmulti-layered network [Jones and Hoskins 1987] invol ves
at least three levels; one level of input nodes one |evel of
out put nodes and one or nore levels of mddl e nodes.
Learning in a nulti-layered network is nore difficult because
the behavior of the mddl e nodes is not directly observable.
Mdifying the strengths of the connections pointing to a
m ddl e node entails the know edge of the di screpancy between
the network's value and the desired belief value at the

m ddl e node. The discrepancy at a nmddle node can be
derived fromthe discrepancies at output nodes which receive
activations fromthe mddle node. It can be shown that the

di screpancy at niddle node | is defined by

D, = £ (do,/do)D,

AL

where p, is the discrepancy at node Kk, In the summati on,
each discrepancy D, is weighted by the strength of the
connection pointing frommddle node j to node k. This is a
recursive definition in which the discrepancy at a middle
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node is always derived from discrepancies at nodes at the
next higher |evel.

3.4.2 Distinguishing Knowledge-base from Input
Data Errors

A et hod has been devi sed that can distingui sh know edge base
errors fron input data errors. This nethod includes three
tests. In the first test, we clamp all connections
corresponding to the know edge base so that only the
strengths of the connection between the observed and the
actual input data nodes remain adjustable during |earning.
In the second test, we clanp the connections between the
observed and the actual inputs and allow only the strengths
of the connections corresponding to the know edge base to be
nodi fi ed. In the third test, we allow the strengths of all
connections to be adjusted. In each test, success is
reported if the error concerned can be resolved after
learning; failure is reported otherwi se. Consequently there
are eight possible outcomes as shown in Table 3. CQutcone 01
suggests the revision of either the know edge base or output

Tabl e 3.
Testl Test 2 Test 3 Qut cone
S S S 01
S S F 02
S F S 03
S F F 04
F S S 05
F S F 06
F F S 07
F F F 08

S = success, F = failure
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data. Inthis case, an expert's opinion is needed to decide,
whi ch should be revised. Qutcone 02 is ignored. Qutcone 03
suggests the revision of output data. Qutcone 04 is unlikely
and is ignored. Qutcone 05 suggests the revision of the
know edge base. Qutcone 06 is also unlikely and is ignored.
Qutcome 07 suggests the revision of both the know edge base
and data. Qutconme 08 is a deadl ock which denmands an expert
to resol ve.

3.4.3 Revision Qperations

The revision of the above tests wll indicate whether the
know edge base or input data(or both) should be revised. The
strengths of the connections in the network (representing the
know edge base and input data) have been revised after
learning. The next question is how to revise the know edge
base and/or input data according to the revisions nade in the
network. The revision of the know edge base will be dealt
with first.

Basically, there are five operators for rule revision

* nodification of strengths
e deletion

e generalization,

» specialization, and

e creation

However not all the five operators are suitable in the
neural network approach to editing rules. Each operator is
exanmi ned bel ow.

The nodification of operator strengths is straight-
forward since the strength of a rule is just a copy of the
weight of the corresponding connection and the weights of
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connections have been nodified after learning with the
back- propagation rule. |If the weight change is trivial, we
just keep the rule strength before |earning.

The deletion operator is justified by Theorem 1.

Theorem1: 1In a rule-based systemif the followi ng conditions
are nmet:
1. the belief value of the conclusion is deternined by
the product of the belief value of the premse a.d
the rule strength.

2. the absolute value of any belief value and the rule
strength is not greater than 1, and

3. any belief value is rounded off to zero if its
absolute value is below threshold k (k is a real
nunber between 0 and 1).

then the deletion of rules with strengths below k will not
affect the belief values of the conclusions arrived at by the
system

Proof: Fecer. condition 1 and 2 if the strength of rule Ris
bel ow k, the belief value of its conclusions is always bel ow
k. From condition 3, the belief value of the conclusion
made by rule R will always be rounded off to zero. Si nce
rule Ris not effective in naking any conclusion, it can be
deleted. Thus the deletion of such rules as rule Rwill not
affect the system concl usions.

Accordingly deletion of rule is indicated when its

absolute strength is below the predetermned threshold. In
MYCIN-like system the threshold is 0.2
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The del etion operator is also justified by the follow ng
argurment. Suppose we add some connections to a neural network
that has already reached an equilibriumand assign weights to
t hese added connections in such a way that incorrect output
vectors are (generated. Thus, these conditions are
semantically inconsistent. Then, if we train the network
with correct samples, the weights of the added connections
will be nodified inthe direction of mnimzing their effect.
What happens is that the weights will go towards zero and
even cross zero during training. In practice, we set a
threshold so that when the shift towards zero for a
connection weight is greater than this threshold, we delete
the connecti on.

CGeneralization of a rule can be done by renoving scne
conditions fromits prenise, whereas specialization can be
done by adding rmnore conditions to the prenise. If the
desired belief value of a conclusion is always higher than
that generated by the network and the discrepancy resists

decline during learning, it is suggested that rules
supporting these conclusions be generalized. O on the other
hand, if the discrepancy is negative and resistant,

specialization of a rule may involve qualitative changes of
nodes. The back propagation rule has not yet been powerful
enough to make this kind of change except deletion of
conditions for generalization.

Oeation of new rule involves establishment of new
connecti ons. Wiereas we delete a rule if its absolute
strength is below a threshold, we nay establish a new
connection when its absolute strength is above the threshol d.
To create new rules we need to create sone additional
connections which have the potential to becone rules.
Wthout any bias, one may need an inference network where all
data are fully connected to all internediate hypotheses,
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which in turn are fully connected to all final hypotheses.
This is not a feasible approach unless the systemis small.

From the above anal yses, we allow only the nodification
of strengths and del etion operators in the neural network
approach to rule revision.

Revi sion of input data is much sinpler. If the weight of
the connection between an observed and an actual input node
after learning is below a predeternined threshold, or the
shift towards zero is above a certain value, t he
corresponding input data attribute is treated as false and
del eted accordingly.

It has been known that noise associated with training
instances will affect the quality of learning. In the neural
network approach, since noise will be distributed over the
network, its effect on individual connections is relatively
mnor. In practice, perfect training instances are neither
feasi bl e nor necessary. As long as nobst instances are
correct, a satisfactory perfornmance can be achieved.

The conparison between the TEIRESIAS approach and the
neural network approach to error handling is shown in table
4. The neural network approach may be nore useful than
TEIRESIAS in handling multiple errors or errors involving
sone unobservable concepts which human experts nay have
difficulties in dealing wit h. In addition, the back
propagation rule can be uniformly applied to the whole rule
base, whereas human experts nay focus on certain parts of the
rul e base consciously or subconsciously. Al so Wilkins and
Buchanan [1986], suggested that the only proper way to cope
with deleterious interactions anmong rules is to delete
offending rules. In light of this viewthe del etion operator
is very useful. Wile the neural network approach is still
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too smple to deal with errors involving qualitative changes
of rules, reasoning strategies or meta-level known edge.
techniques developed under this approach can supplement the
current rule base technology.

Table 4. Conparison between TEIREsIAs and the neural netwock
appr oach.

Neur al network

TEl RESI AS approach
Appr oach Hunan experts Back-propagation
Qperators Modi fying strengths Modi fyi ng strengths
Del et on Del et i on
Addi ti on

Ceneral i zati on
Speci al i zation

Errors Rule errors Rule and data errors

3.5 Tuning a Rule-base Using
Neural Nets

Shavl ik & Towel | [1989] have given their correspondence for =z
know edge base and artificial neural network as shown in tr.a
Tabl e 5.

Table 5. Shavlik's correspondence between KB & ANN

Know edge base Neur al network

Fi nal concl usi ons Qut put units
Supporting facts ) Input units
Intermediate concl usions H dden units )
Dependenci es i ght ed connecti ons
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Know edge based artificial neural network (KBANN) uses a
knowl edge base (KB) of donmin specific inference rules in the
formof PROLOG-like clauses to define what is initially known
about a topic. The KB need be neither complete nor correct,
but needs to only support approxinately correct explanations.
KBANN translates the KB into an artificial neural network
(ANN) in which units and links in the ANN correspond to parts
of the KB as shown in the Table 5.

3.5.1 Trandation of Rules

Rules are assumed to be conjuctive, non-recursive and
vari abl e-free; disjuncts are encoded as multiple rules. The
KBANN rnet hod sets weights on links and biases of units so

that, units have significant activation only when the
correspondi ng deduction could be nade using the KB. For
exanpl e, assune there exists a rule in the KB with n

mandat ory antecedents (which nust be true) and m prohibitory
antecedents (which are not true). The systemsets weights on

links in the ANN corresponding to the mandatory and
prohibitory dependencies of the rule to w and -wW
respectively. The bias on the unit corresponding to the
rule's consequent is set to n*wf, f is chosen such that
units have activation approximately 0.9 when <cheir

antecedents are satisfied and activation of approximately 0.1
ot herw se.

KBANN handl es di sjuncts by creating units L, and L, which
correspond to R, and R,, using the approach for conjunctive
rul es described above. These units will only be active when
their corresponding rule is true. KBANN then connects L. and
L, to L by alink of these weight wand sets the bias of L to
w-f, Hence, L will be active when either L, or L, is active.
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This

concept is explained by means of an example by Towell

et.al [1990].

3.5.2

Overview of the KBANN Algorithm is as

Follows

Translate rules to set initial network structure.
Add units not specified by translation.
Add links not specified by translation.

Perturb the network by addi ng near zero random nunbers to
all link weights and bi ases.

3.5.3 Limtations in Shavlik's Approach

a)

b)

c)

Not e:

They have assumed certainty factors of all prem ses
(including condition & action part) and rule strengths to
be 1. i.e., they have proposed |ogical reasoning using
NN.

They assumed an output of a neuron to be a binary feature
(either 0 or 1) . But in the real case, when we are
considering uncertainty factors which are not equal to
1, it will not be so. Wi le they just nentioned about
non-binary features but did not elaborate any further.

To handl e disjunctive rule, a new node has to be inserted
in a NN

Obvi ousl y, non-binary features can be used to
i mpl ement pl ausi bl e reasoni ng.

7



3.6 Inducing Rules for a
Connectionist ES

Gal | ant has implemented a two-programpackage for constructing
connectioni st expert systems from training exanples. The
first programis a network know edge base generator that uses
several connectionist |earning techniques, and the second
(MACIE) is a stand alone expert systeminference engine that
interprets such know edge bases. [Gallant 1988]

3.6.1 Network Properties

A connectioni st nodel consists of a network of (nore or |ess)
aut ononous processing units called cells that are joined by
directed arcs. Each arc ("connection") has a numerical
wei ght w; that roughly corresponds to the influence of cell
y on cell wu. Positive weights indicate reinforcement;
negative weights represent inhibition. The weights determne
the behavior of the network, playing sone what the sane role
as a conventional program They classified networks as
either feed forward networks if they do not contain directed

cycles or feed-back networks if they do contain such cycles.

Every cell u;, (except for input cells) conmputes its new
activation u, as a function for the wei ghted sumof the inputs
to cell u, fromdirectly connected cells.

n
S = Zwy forj =0toj =n
u = £(s)

If u is not connected to v, then w; =0. By convention there
is a cell u, whose output is always +1 that is connected to
every cell u, (except for input cells). The corresponding

wei ghts (w,,) are called biases.
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They have given a sanple problem for diagnosis and
treatment of acute Sachrophagal disease [Buchanan and

Shortliffe 1985] .

To generate the connectioni st know edge base, they have
used follow ng specifications:

e Nane of each cell <corresponding to variable of
i nterest (synptons, diseases, treatments). Each
variable will correspond to a cell u,.

e A question for each input variable, to elicit the
value of that variable fromthe user.

e Dependency infornmation for internediate variables
(diseases) and output variables (treatnents). Each
of these variables has a list of other variables
whose val ues suffice for conputing it.

e« The final information supplied to the |earning problem
is the set of training exanples.

They have devel oped a procedure called pocket algorithm
t hat generates weights for discrete networks. Trai ni ng
al gorithm specifies the desired activations for intermediate
and output cells in the network(easy | earning).
k
wx: for cell u let {E} be the set of training exanple
activations.

k
{c,} be the corresponding correct activations for u.

Pocket algorithmis a nmodified perceptron algorithm It
conputes perceptron weight vectors, P, which occasionally
repl ace pocket weight vectors w.
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They have defined rule as an example E, wWith the

r
corresponding classification ¢, that nust be satisfied by
the resulting w Gallant has naned his inference engine as
MACIE - Matrix Controlled inference engine. It is
represented internally by weight natrix.

3.6.2 ES Algorithns

Initial information —the program starts by listing for the
user all variables and allowing any input variable to

be initialized to true or fal se.

Inference/forward chaining: It is usually possible to deduce
the activation for cell u, wthout knowi ng the values of all
of its inputs.

Addition of a newrule: Directly contradiction values E = E*
but ¢ <> ¢ are not allowed.

3.6.3 Limtationsin Gllant"s Approach

a) MACI E is an irpossible nodel for reasoning.
b) Gal l ant worked with discrete connectionist nmodels.

There are many inconplete areas left in this work.

3.7 Present Work

If is by now quite apparent from the conbination of
limtations of the earlier three approaches that they have
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maj or drawbacks as discussed earlier and the follow ng
enhancements would be very effective and useful:

a) Conbi nation and propagation of non-binary belief values
in neural networks (rule wise).

b) Evi dential reasoning in a network (rule wise).

c) Learni ng/ Training: Process of training the belief val ues
such that net reaches final conclusion with desired
result.

d) Consi stency: Defining the consistency of the rule base in
the connectionist expert system

e) Learning a new rule: The process of learning new rules
wi t hout any major changes to the previous neural net

states, etc.

In the next Chapter we will discuss about how we have
made sonme of the enhancements nmentioned above.
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Chapter 4

Handling Uncertainty Using ANN for
Non-binary Inputs

4.1 Reasoning under Uncertainty

Much of know edge whi ch hunmans reason with, is inadequate in
sone respect or other. Sone times a problemwi |l necessitate
probabilistic assessnent of decision. In addition, a
know edge engi neer nay w sh to attach confiderce measurenents
(or lack of confidence) for both hypotheses and concl usi ons.
Probl ems such as these require that the expert system be
capabl e of dealing with know edge having varying grades of
certainty. Because the world does not behave in a strictly

Bayesi an or Stochastic fashion, a nunber of expert systens
exploit decision theory to suppl enent the inference process.

Various theories have been devel oped to acconmodat e such
uncertainty. To adopt an uncertainty paradigmfor Ny it is
inportant that we di scuss and assess sone inportant theories.
W will now discuss four inportant theories and assess then.

4.1.1 Probability Theory

The nathenmatical theory of probability provides neans of
dealing with know edge about truly random events. This
theory includes the following |aw, anong others.

Law. If the probability of Ais P(A) and the probability of B
is P(B) and A and B are independent events then the
probability of Aand Bis P(A * P(B).
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Bayes' rules: Bayes' rule provides a way of conputing the
probability of a hypothesis being true given some evidence
related to that hypotheses. The subjective Bayes' approach
was used in PROSPECTOR.

(a) If P (E|H) is the probability that evidence E will be
observed given that hypothesis H; is true. For exanple,
E m ght be synptom and H, a disease.

(b) P (H) is a prior probability that # is true. If H, were
a disease then p(H) is the probability of any person
having that disease.

(c) K is the number of possible hypotheses which display
evidence for E For example, K night be the number of
di seases which display some synptom E. G ven these
definitions, Bayes' rule states that the probability that
hypothesis H, is true given evidence E denoted by P(H|E)
may be calcul ated as

P(HIE) = (P(EH) * P(H)) [ ZI(P(E[H) * P(H))
n

Di sadvantages of probability theory: There are several
di sadvantages of wusing probability theory to deal with
uncertainty some of which are mentioned bel ow:

() It is often difficult to obtain exact values for
appropriate probabilities.

(b) It is difficult to nodify a Bayesian based set of val ues
because of the dependencies between them

(c) The single probability value assigned to a hypotheses
tells us about its precision.
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(d) The single value conbines evidence for and against a
hypot hesi s wi thout indicating hownuch there is of each.

4.1.2 Dempster/Schafer Theory of Evidence

In this approach a distinction i s nade between uncertainty and
i gnor ance. Instead of probabilities, one specifies belief
function, by which one can put bounds on the assignnent of
probabilities to events instead of having to specify the
probabilities exactly. The theory al so provides methods for
conputing belief functions for conbinati ons of evidence. Wen
bounds determine the probabilities exactl:, this theory
reduces to probability theory.

D sadvantages As the Dempster/Schafer theory includes
probability theory as a special case, it inherits nany of the
probl ens associated with probability theory. It is inportant
since it illustrates the effect of ignorance on reasoning
wi th uncertai n know edge.

4.1.3 Fuzzy Logic

The wuse of fuzzy logic is gaining popularity due to the

foll owi ng reasons.

(1) It is a fornalismthat allows for and encourages the use
of English |anguage phrases as the neans of interaction
with the user and is able to deal with a.d process these
English quantifiers in a structured and consistent way;

and

(2) That there is no broad assunption of conpl ete
i ndependence of the evidence or ideas ro be conbined,
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such as the one required for the Bayesian and
Dempster/Schafer approaches.

The above traits allow a nore natural and |ess contrived
tool for encoding know edge about engineering tasks, while
still making a mathematical formalism for conbining and
reasoning with the inherent uncertainty.

Di sadvant ages: Since evidence values range from0O to 1.0, we
cannot  di stingui sh between lack of belief and total
di sbel i ef .

4.1.4 Certainty Approach

Certainty theory [Shortliffe and Buchanan, 1975] is a theory
devel oped for use in expert systems. It was developed in an
attenpt to overconme some of the problens associated

with probability theory.

In certainty theory, a ‘'certainty measure' C(S) 1is
associated with every 'factual' statement S such that [Frost

1988]

a) C(S) =1.0if Sis known to be true.

b) C(S) =-1.0 if Sis known to be false.
c) C(S) = 0.0 if nothing is known about S.
d) Intermedi ate val ues indicate a measure of certainty

or uncertainty in S

Know edge which shows how factual statenments are rel ated
is represented as a set of rules such as:
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* if S1 then S2 with certainty factor 0.8
* if S2 and S3 then S4 with certainty factor 0.5

The certainty factors associated with rules are measures
of reliability of those rules. In general, rules are written
with the following format:

if Athen Xwith certainty factor CF

where A is called the condition part and X the conclusion. If
the condition part is true, i.e., if it has a certainty value
of 1.0, then that rule can be used to conpute a new certainty
value for its conclusion as follows:

a) If CX) and CF both are positive, then new
certainty of X, denoted by C(X| A) is conmputed by
CIX|A) =CX) +C* [10- C(X)]

This equation can be explained as follows:

If the certainty value C(X) of a statement is
positive, then the most that a rule with positive
CF can increase the certainty of X is 1.0 - C(X).
This amount is nultiplied by CF and added to C(X).

b) If C(X) and CF both are negative, then
C(X|A) =CX) +CF* [10+ C(X)]

c) If C(X) and CF are of opposite sign, then
CXIA) = [qX) +CFl [ [1.0- MIN{| c(X)|,|[cF| }]

Advant ages: This theory provides a means of nmanipulating the
subjective estimates of certainty such that the calcul ated
certainty values are intuitively appealing even if exact
val ues of probabilities cannot be obtained.
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a) The resulting certainty values |lie between -1.0 and +1.0,
so in this case the values -1.0 , 0.0 and +1.0 are well
defined without any confusion and thus this overcones
the problem posed in the probability theory.

b) If two contradictory rules are applied in such a way that
the certainty of one is equal to the certainty of the
other, then their effects cancel out.

4.2 Building Blocks to Implement
Non-binary Values

As seen above uncertainties cannot be absol ute binary val ues.
The grading is always relative and hence it is essential to
deal wth non-binary val ues.

As discussed in Chapter 3 so far no one has attenpted to
resolve this problem of wutilizing non-binary values as
i nput s. This is essential for the present work. A
met hodol ogy developed by us is presented in the follow ng
pages to utilize non-binary inputs.

To enabl e a neural network to handl e uncertainties in the
form of non-binary inputs, sone entirely new building bl ocks
were formulated so as to produce a special node that will
accept non-binary inputs.

These buil ding bl ocks are:

. Neural net that adds its tw inputs x1 and x2, and
outputs that sum as shown bel ow
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Neural net that subtracts one input from another and
outputs that result as shown bel ow.

l X1- X2 l X1 - X2
()
SN
N ( j
Rl _ |

x| I xe al | x ‘

Neural net that rmultiplies its two inputs and outputs
that result as shown bel ow
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X1+ X2

X1+~ X2

= MULT

Neural net that divides one input by another and outputs
that result, as shown bel ow.

I X1/ %2
\/_j ‘ X1/ X2
17X2 0
) — DIV
xll l Xz
X1 x2

Neural net that outputs the mninmm of two inputs as
shown bel ow.

89



2 = miolai, x#

Neural net that outputs the maxi mum of two inputs as
shown bel ow.

2+ Max(Xy X7}

—_— | MAX

xn ar

Neural net that outputs 1 if input is positive as shown
bel ow.
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1: X1 0 1: X120
O : ELBE 0: ELSE

x1 X1

Neural net that outputs 1 if inpuz is 1 as shown bel ow

T:%1+1 1: X1=1
O : ELSE 0 : ELSE
N
—l
Qo ) EQU1
B
X1 x

. Neural net that outputs 1 if input is greater than 1.0 as
shown bel ow.
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1: X121 1: X121
0 : ELSE 0 : ELSE
—
1.0 GRE1
X1 x1

Neural net that outputs 1 if input is negative as shown
bel ow.

1: %10 1: X1+ 0
0 : ELSE 0: ELSE
SUB
1
_F
POS
X1
1
X1
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Neur al net
shown bel ow.

1

that outputs 1 if input is
1 X1¢10 1: X110
O ELBE 0. ELBE
SuB
|, ,  ——i| LR
GRE1 |

X1

Neur al
as shown bel ow

XA AERID
O ELBE
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Neural net that outputs 1 if both the inputs are
negative as shown bel ow.

TiXI B XS0

&

BNEG

Neural net that outputs 1 if the two inputs are of
opposite signs as shown bel ow.

T X1sX21:0Q

O ELSE
1:X1=X240

9+ ELBE

—— | oFP

MULT

x1 xe

x1 xa
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Neural net that outputs the absol ute value of the input
as shown bel ow

(R 30

ABS

Neural net that outputs nodified values of X by taking
initial value of conclusion C(X) and.rule strength (CF)
as positive valued inputs by using the formula: C (XA
=X TCF* [ L0 - X ] as shown below

ClX 1 A) = ©(X) « OF [10 - G(x}

| ey A)
| app

w—— | CXCFPOS
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Neural net that outputs nodified values of X by taking
initial value of conclusion C(X) and rule strength (CF)
as negative valued inputs by using the formula: CX A
=X +CF* [1.0+ CX)] as shown bel ow

EUX 1 A) = [C0X) = CF U110 - min |olXJCFTI

o er ]

Neural net that outputs nodified value of X by taking
initial value of conclusion (X) and rule strength (CF)
as opposite sign valued inputs by using the formila:

AXA =[AX) +C [/ [LO-mn{ | X |, | G| } ]

as given bel ow.

] COX 1 A) = (E00 = CF U110 - mim fotXICFH

cix) er
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Special neural net developed to find out the modified
premise strength of conclusion x and modified rule
strength CF, by taking initial conditional strength A
initial rule strength GG and initial conclusion strength
X, This handles certainty paradigm, as shown bel ow.

4 = T C{XIA)
B Laon_| - ||
L ¢
L |
| CXCFPOS \
T Tow| o
MULT |
‘ oS

T_FC{X}

l [MULT |
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4.3 Representation of Rule Format,
Parsing and Rule-base

4.3.1 Rule For mat

Rule is represented in a from of if-then-else Statenents.
'If' consists of condition part and an action part. |If the
condition part is satisfied, premises in action part are
instantiated. Condition part and action part is separated by
"-",  Arule can consist of any number of premi ses. (perators

allowed in condition part are (NOI) , (R and & (A\D .
They inherit the properties of corresponding Boolean
operation. ly one operation & (AND) is allowed in

concl usi on part.

Each rule should follow the followi ng abstract format:

* Rule strength (any float value within -1.0 & + 1.0)
followed by a bl ank.

e Condition part should consist of:

e Any character string (Premse) followed by a bl ank.

e Each premse should be followed by an operator and a
bl ank.

e Action part follows the sane format as condition
part, following the operator restriction nentioned
above.

Each rule is taken as a string; and is parsed by a rule
parser (RP) to give the follow ng:
« Rule strength
« No. of premises in condition part
e For each prenise
e Prenise
e Premse strength
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« No. of operators
e List of operators
* No. of premses in action part
e For each prenise
* Premse
» Premse strength

4.3.2 Rule Base Format

Al the rule strengths and Prenise strengths should be within
the range of -1.0 to + 1.0.

User will be giving the Rule Ease in the followng
abstract format:
* No. of rules in the rule base.
e« Each rule should consists of the follow ng
information
. Rul e strength
. Condi ti onal part
+ Each premse should be followed by a blank,
operator and bl ank.
Fol l owed by a string "-"
. Concl usi on part
+ Each premise is separated by a blank and an
operator (only AND is all owed).
« No. of facts provided.
e« Each prenmse (fact), its evidential strength
separated by a bl ank.

Example:

98 B&C | D~F
83 F | H=K & |
88 B &L~ G
67 F | G =X

o O o o
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0.67
0.78
0.67
0.7
0.6

r I OO0 W "

4.4 Evidential Reasoning: NN
Approach

In the process of reasoning, each conclusion premse is taken
as a neural node. Certainty factor of a rule is taken as a
rule strength. The premses which are nct involved in the
conclusion part of any rule, in rule base, are considered as
input node of a neural network. Premises that are in
conclusion part of arule are not specified in condition part
of an other rule are taken as output nodes of a neural
net wor k. Rest of the premises are taken as intermediate/
hi dden nodes. Premi ses whose certainty strengths (bias
val ues) are not known, are taken as zero.

> . . i Output Layer
LEVEL 11l /‘ T\
intermediate
[ i ' . L
ayer n
LEVEL I /\
| J Intermediate
! 2 e ' Laysr 1
LEVELI /]” l\
Input
P4t eseeev ooy (v

Figure 20. Structure of a neural net.
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Structure of a neural network to be devel oped is shown

in Figure 20. It consists of three different |ayers.
Initially connections at level | will be established, by
consi dering input node and hi dden nodes of interr.ediate |ayer
1. Later, connections between intermediate |ayers are
established according to the |evels. Finally connection at
| evel Il between final intermediate |ayer and output |ayer

is established.

Process:

a) Transform the rule base into a neural network by
considering the procedure nentioned above.

b) Rule consists of any number of condi ti onal or
concl usi onal prem ses. Ei ther AND *&(or OR (]) or NOT
(") operators are allowed in conditional parz. Only AND
operator is allowed in action part.

c) If there is an AND operator in condition parc, MINNET is
invoked to calculate the nodified certainty factor of the
condition part.

d) If there is an OR operator, MAXNET is invoked.

e) after processing the condition part, special node is
invoked to handl e certainty paradi gmas specified above.

f) After developing the neural net, belief values are
propagated through the NN

9) During propagation, rule strength and prem se strengths
wi |l be nodified.
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h)

After
with the
process of

propagation,

it
be

desired result,
training will

if the neural

net does not
shoul d be trained.
di scussed

land up

The

in the next

section.

e Exanmple of z<he
rul e base

B&C | D->?
F|] H->K&:
B&L -> G

F| G->X

as shown bel ow

neural net

devel oped,

for the given

[ CiX | [t Gy

SPECIAL |
NODE — X

-
IMAX|
| |

TL

Ic\'lliFlHI)

SPECIAL
NODE |

I f ICF2

C{K | [F :H} )

1 | SPECIAL
NCDE

[
> 3 CF2

[MAX |
I

e
SPECIAL
NQODE
WIN ‘ CF3

a' lc

SPECIAL
NODE
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4.5 Training/Learning Factual
Information

After propagating belief values through neural net, net wll
be reaching the final conclusion with sone confidence val ues
for final concl usions. If these confidence values are not
the desired ones, then the net has to be trained accordingly
to reach the desired values. Training will be done only for
the final conclusion i.e., for the nodes at output layer. W
are assuning the desired values are used to represent the
know edge which we want to enbed in the network. (Before we
train a network we nust check whether there is a problem at
the initial stage where a particular CF has been atzached to
arule, can it be nodified to get the desired resulr. After
exploring these possibilities, if still required, we rmnust
proceed to train the NN) . The process of training is
nenti oned bel ow

Pr ocedur e:
Step 1 : Get the desired values for the final concl usions.
Step 2 : For each conclusion, calculate the error obtained

(difference between desired & obtained val ues).

Step 3 : If the error is not zero, find the rule whose
action part consists  of this particul ar
concl usi on.

a) Modi fy the corresponding Rul e strength.

CFuew = (Coesmen = Cowp) /(1.0 - ABS(Cgpp))
CFyoprizp = CFnow/C(Condition part)

If CPyoown 1S NOt With in -1.0 & +1.0, then obtained CF
is not valid one, else go to step 4
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b) If CFyopwmn 1S not valid, then modify the prenise
strengths of the condition part.
C(Condition part) CFuysw/CFoip

If the condition prem ses are the conclusions for any
other rule, then those should be nodified recursively, until
the condition satisfies. If the nmodified conditional
strengths are not valid then go to step 3c else go to step
4.

c) Modi fy the initial conclusional strength
Curria. (Conclusion) = CFyw - CF) [ (1.0 - cF)

If Cwnma S not valid, then rule base is considered to
have inconsistent factual information.

Step 4 : Repeat fromstep 2 for another conclusion.
Step 5 : Train the net until it reaches the stable state.

Step 6 : After reaching the stable state, if the desired
values are obtained, then the net is said to be
trained. Otherwise sone conclusion should be
drawn regarding this case.

4.6 Rule-base Consistency

Maki ng a rul e base consistent is a difficult problem [Wilkins
and Buchanan 1986]. Existing approaches to this problemfall
into several categories: Interaction with human experts [Davis
1976; Eshelman and McDermott 1986; Kahn et al. 1985], machile
learning [Mchal aski et al. 1983; Quinlan 1987], justification
or explanation based on donain theory [Mtchell et al. 1986;
Snith et al. 1985], enpirical refinenent [Gnsberg et al.
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1988; Lee and Ray 1986; Politakis 1982; Rada 1985]. Attempts
have been nade by Hnton and Sejnowski [1983]; GCeffner and
Pear| [1987] and Fu [1991], to address this probl emusing NN
approach. W think if the NN is not able to be trained to
achieve the desired result by nodi fying the factual
information provided, then the rul e base given, is saidto be
i nconsi stent.

Inconsistency can arise either wth the factual
information provided or with the rule base itself. Now, the
question arises how the inconsistency in rule base is
defined? Is it in the same way as defined in the conventional
expert systens? or Is it different?

Definition of inconsistency in conventional ES: Rule base is
said to be inconsistent if it consists of conflicting rules.
Conflict rules are those which succeed in the sane situation
but with conflicting concl usion.

Qur definition of inconsistency: Rule base is said to be
inconsistent if the NN (which corresponds to the rule base)
is not able to train to give the desired values of sone
conclusions in the rule base.

Note: The desired values are representative of the tentative
state of the know edge about the domain. Training is
nerely an attenpt to enbed this know edge into the
network. Thus granted this set of desired values are
true.

As this is beyond the scope of this thesis we will stop
t he di scussion here.
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Chapter 5
Equity Shares—An Analysis:
A Neuro Knowledge Engineers
Perspective

In this chapter we do an incisive analysis of equity shares.
The objective of <his analysis is to incorporate this
know edge in our framework. This would help us in devel opi ng
our rul e-base and wculd give us a deep insight into the realm
of equity shares and rel ated deci si on naki ng.

5.1 Equity Shares

Equity investnent is a variable-incone investnent option,
whereas snall saving schenes, bank deposits, conpany deposits
and debentures, etc. are fixed-income investnments. Wether a
conpany does well or not, it has to pay interest on deposits.
There is no such obligation to pay dividend on equity shares;
it my be declared in certain years, be skipped in certain
others. It could go up, cone down, or remain steady. Since
equity capital is risk capital. |If a conpany does well, the
investors are benefited, otherw se not.

To make noney from deposits and debentures one need not

be as well-infornmed, knowledgeable—as an investor in equity
shares.

106



5.2 Analysis of Equity Investment

Basically there are two methods oOf equity investment anal ysis
for taking decisions like buying, selling and holding:
fundanental analysis and technical analysis, Fundanental
analysis is a val ue-based approach. Technical analysis is a
narket-based approach. [ Yasaswy 1990]

Fundanental analysis is a val ue-based approach. This is
a conservative and non-specul ati ve approach to eval uate equity

shares. Fundanental analysis consists of a three phase
anal ysis: Econom c analysis, industry analysis and conpany
anal ysi s. The perspective of a fundamental analysis is

| ong-term Various financial ratios are used as aids to
deci si on maki ng.

Techni cal analysis is a market based approach. It gives
nore inportance to the technical aspects of the market, such
as prices, price changes and trading vol unes. The tine

perspective of it is short-term
5.2.1 Fundamental Andyss

Fundarmental anal ysis is tine-honored and val ue- based approach,
based on a careful assessnent of the "fundanmentals" of an
econony, an industry and a conpany. A fundarmental analyst is
not unduly influenced by what is currently happening on a
particular day in the stock exchange. He | ooks at the general
econon c situation, makes an evaluation of the particular
industry and finally does an in-depth analysis - financial and
non-financial of the specific conpany. Thus it is a 3-phase
analysis - of econony, industry, and conpany as shown in
Tabl e 1.
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5.2.1.1 Econonic analysis

The stock nmarket does not operate in a vacuum It is an
integral part of the total economy of a country.

To get an insight into the conplexities of the stock
market, an investor should devel op a good sense of econonic
under standing and interpreting inportant econom c indicators,
with reference to their inpact on stock markets.

Exanpl es:

a) A favorabl e nonsoon will have a positive inpact on stock
market. During years when the nonsoon is good, |ndian
econony perforns well with good growh rates in Goss
National Product. As the purchasing power of the people
goes up the aggregate demand goes up, and conpani es do
well. Hence their profits go up and the investors are
benefited.

Table 1. The Three Phase Fundanental Analysis.

Nature of Tools &
Phase analysis Pur pose Techniques
Econoni ¢ To assess the general Economic indicators~lead, lag and
First anal ysi s econonmic situation in the coincidental.
country, its mmjor trading

partners, neighbors, etc.

Second I ndustry To review the prospects and Per f or mance i ndicators, aggregat e
anal ysi s probl ens of a specific demand and supply position, internal

industry and its segnents. and external conpetition, government

policies.

Third Conpany To analyse the financial and Non-financial aspects like pronoter,
anal ysi s the non-financial aspects of managenent, product quality, corporate

a conpany and deternine i mage, |l ocation, etc. Fi nanci al

whet her to buy/setl/hold aspects like earnings per share,

shares of that conpany. sales, profitability, dividend record,

asset growth, etc.
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b) Productivity of public sector enterprises |ike railways,
coal, power, etc. play a crucial role in deciding the
fate of our econony.

There are certain economc indicators which can be
studied to assess the national econony as a whole. Some are
known as leading indicators which foretell, in their own
| anguage, what is going to happen. Good exanpl es of |eading
indicators are enploynent position, rainfall and agricultural
production, fixed capital investnent, corporate profits, noney
supply, credit position and index of equity share prices.

There are some coi ncidental indicators. Some exanples of
coincidental indicators are G\ (QGoss National Product),
Index of Industrial Production, noney rarket, interest rates
and reserve funds with the commercial banks.

Then there are some | agging i ndi cators, which reveal what
has al ready happened. Sone exanpl es of |agging indicators are
| arge-scal e unenpl oynent, piled-up inventories, outstanding
debt, interest rates of commercial loans, etc. While these
indicators are useful, they are by no r.eans infallible. Gne
nust use themw th caution. These indicators can be hel pful
in understanding the econonmic trends and nay enable you to
adj ust your investnent strategy suitably.

Tabl e 2 sunmari ses the inpact of sor.e economic indicators
on the stock narket.

5.2.1.2 1Industry analysis

The second phase of fundanental analysis consists of a
detai |l ed anal ysis of a specific industry; its characteristics,
its past record, its present state and future prospects. The
purpose of industry analysis is to identify those industries
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which are likely to grow in future, and to invest in the
equity shares of comnpanies selected from such industries.

Every industry (and every company in a given industry)
usual |y goes through a life-cycle with four distinct phases:
(a) pioneering stage, (b) expansion stage, (c) stagnation
stage, and (d) declining stage. An investor would be
benefited by investing in an industry only in its pioneering
expansi on stages. ne should quickly get out of industries

Table 2. Econonic indicators and their impact on the stock market.

Favor abl e Unfavorable
Indicators ‘mpact Impact
Gross National Product digh growth rate Slow growth rate
General enpl oyment position Full or nearfull Underemployment and
employment unenpl oynent
Donestic savings rate Low
Low High
Tax rates LoW High
Foreign exchange rates Hgh Low
Bal ance of trade Positive Negative
Deficit financing LoV High
Inflation LQJ Hi gh
Agricul tural production Hi gh Low
Industrial production Hi gh Low
Power supply High Low
Freight novement of railways Hi gh Lou
New house construction Hi gh Low

whi ch have reached the stagnation stage, and before they | apse
into decline. The particular phase of an industry can be
understood in terns of its sales (volume and value) and
profitability. [Aggarwal 1985]
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Industries which my be doing well today may in future,
face stagnation and decline as a result of changes in social
habits (e.g., the cigarette industry is bound to suffer with
i ncreasing enphasis on the health hazards of smoking), or from
changes in statutory controls (e.g., the prohibition), or from
the emergence of excess capacity and consequent cut-throat
competition (e.g.,polyester), Or as a result of rising prices
(e.g., the Indian refrigerator and air-conditioning industries
are outpriced for vast segments of the domestic market largely
fromheavy excise inports). For an investor, these analytical
insights into the various industries are necessary.

The met hod of evaluation of the Industry should enconpass
four critical areas:

(i) What are the strength of the industry ?
(ii) What are its vulnerabilities ?
(iii) What are the opportunities available to it?
(iv) What are the threats faced by it ?

Such a conprehensive analysis is not going to be a sinple
exercise. The investor should evaluate the industry with the
help of financial and non-financial data he may have access
to.

5.2.1.3 Conpany analysis

Many investors find that though a particular industry may be
doing very well, certain conpanies in that industry may not be
in good shape. Hence selecting the individual conpanies for

investment in a given industry is equally inportant.

There are two nmgjor conponents of conpany analysis
Financial and non-financial. A good analyst tries to give
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bal anced weightage to both these aspects. Overenphasis on
either nay lead to a distorted anal ysis.

Non-financial aspects: Many non-financial aspects of the
conpany shoul d be evaluated by an investor. The
non-financial factors are listed in Table 3.

Table 3. a framework for General (Non-financial) Anal ysis of
Companies.

Aspect Revi ew Questi ons
H story, pronoters How ol d is the conpany?
and management Wio are the pronoters?
I's it famly managed or

prof essional | y managed?

What is the public image and
reputation of the conpany, its
pronoters and its products?

Technol ogy, facilities Does the company use rel evant

and production t echnol ogy?
Is there any foreign collaboration?
Were is the Unit [ocated?
Are the production facilities well
bal anced?
Is the size the right economc size?
What are the production trends?
Wiat is the raw material position?
I's the process power-intensive?
Are there adequate arrangenents?

Product range, Wiat is the company's product

mar ket i ng range?

sel Img and Are there any cash cows anong the
di stribution pr oduct s?

How ef fective is the nmarket network?
What is the brand image of the

product s?
Wiat is the narket share enj o?led by
the products in evant
segnent s?

What are the effects and costs of
sales pronotion and distribution?
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Industrial relations, How important is the |abor

productivity and conponent ? o

per sonnel What is the worker productivity?
Hw is the [labor situation in
general ?

Envi r onnent Are there any statutory controls cn

production, price, distribution, raw
materials etc.?

Are there any maj or | egal
constraints?

Hstory of the conpany, Pronoters and Managenents,
Technol ogy, Production, Mrketing, Environment (statutory
controls), Industrial Relations and Sal es, Personnel etc.

Equity anal yst attaches great inportance to the follow ng
ratios in financial analysis:

Earning per share (EPS): This indicates the post-tax profizs
earned per share. The higher the better.

EPS = profit after tax / No. of equity shares.

Price-earning ratio (P/E ratio): This ratio indicates the
rel ati onship between the market price of the share and the
earni ngs per share. Wether a particular conpany's PPE ratio
is high or low nmay be understood with reference to the
Al-Industry average, and also with reference to the specific
aver age.

Price-Earning Ratio = Market Price of the share /
Ear ni ngs per share

Book val ue per share: This ratio indicates the asset-backing
avai | abl e of each share. The higher, the better.
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Book val ue per share = shareholders' funds + reserves /
No. of Equity Shares

Return on net worth = this indicates the post-tax return
on the sharehol der's funds. The higher the better.

Return on net worth = Profit after tax / shareholders'
funds X 100

D vidend cover: This indicates the extent to which the equity
dividends are protected by the earnings. Zze higher the
better.

Earni ngs per share / Dividend per share

Profitability of sales: This indicates the przfitability or
otherw se of the sales. The higher this ratio, the better the

profitability.

Profitability of sales = Profit before tax /
sales X 100

Debt-equity ratio: Debt (i.e.,loans) S =measured as a
percentage of equity (i.e., the sharehol ders' funds). The
lower the ratio, the better.

Debt-Equity ratio = Loans / Sharehol ders' funds X 100

5.3 Technical Analysis

Technical analysis deals with the factors of supply of, and
demand for shares. Technical analysis is market oriented. A
true technical analyst is not worried about the conpany's
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assets, turnover, dividends, reserves, product, or even its
name. He looks only at the market situation for the conpany
to decide about investing in it.

According to the technical analyst all such relevant
factors, which affect the market, get reflected in the vol ume
of stock exchange transaction, and the level of share prices.

The basic assunptions underlying technical analysis are:

a) Mar ket value is determned solely by the interaction of
supply of, and demand for shares.

b) Supply and demand are governed by many rational and
irrational factors.

A technical analyst game plans are sir.ple:
e |f the market price is raising, BUY.
« If the market price is going dswn, SELL.

o |f the market price is steady, WAIT.

Some technical indicators:

There are many tools and indicators used to understand and
interpret the market position as a whole, and also individual
scripts. Sone of them are:

Mar ket averages: The patterns of the market averages |ike
BSE (Bonmbay Stock Exchange) sensitive index, BSE National

index, etc, are studied to obtain clues for future action.

Trading volume: The figure relating <o trading volumes are
studied to assess the price pressure created by high trading
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volume or |ow trading volume. |If price rise is acconpanied by
a trading volume, it is sure sign of upsurge in denmand.

c) Short interest: This indicates the total number of shares
sold short. Short selling takes place when prices are
expected tc decline in a later period. \Wen the market
kcorms, short selling di mnishes.

d) Irregular prediction tools: There are sor.e other methods
wnich are used for predicting the market. They are
understood as irregular prediction tools. These include
the follow ng:

e Fricas gc up on Friday because all |eading open-ended
~uzual funds calculate Net Asset Value as on Friday.

e Prices usually go down in February every year from
budget fears.

e Prices are pulled down on March 31 every year as that
reing the valuation date for Wealth tax purpose.

o cr:ces ara depressed before general elections.

Q.a has tc zc through a great deal of trial and error
before he -zn develop reasonable interpretative skills.

To arrive at accurate results one has to do the
fundarentz. as well the technical analysis.

5.4 Advantages of Equity Investment

There are =any advantages of investing in equity shares of
wel | =znazsd and successful conpanies. The nost important of

these are:
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5.4.1 Capital Appreciation

Equity shares of good companies appreciate in val ue and act as
a partial hedge against inflation. Consequently the
purchasing power of your investment in such shares is
generally protected to a great extent.

Bonus shares: Successful conpanies frequently issue bonus
shares, subject to guidelines issued by the Controller of
Capital |Issues from time to time. After bonus shares are
i ssued, sharehol ders are entitled to dividends not only on the
original shares but on the bonus shares as well.

Annual dividends: Al reasonably profitable conpanies try to
maintain a steady rate of dividends. |In fact, many of them
declare interimdividends as well.

Ri ghts shares: Wien a conpany wants to issue new equity
shares, these nust be first offered to the existing
shareholders on a pro-rata basis, unless the existing

sharehol ders agree to give up this right. Such shares are
known as "Rights Shares". This right to further shares can be
sold in the market. So sharehol ders who do not wish to

subscribe for further shares can sell their rights at a
profit, if there is a good denand for them.

Voting rights: As an owler of the conpany, an equity
shar ehol der, enjoys voting rights in the general meeting of
the conpany.

As a pledge: Equity shares of the sel ected conpani es can be
pl edged as security to raise loans from banks and other
financial institutions.
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Tax benefits: Under section SOL of the Incone Tax Act,
di vi dends on shares of Indian conpanies are exenpt from incone
tax up to Rs. 10,000 per year. Also tax relief is available
for investnments in certain new conpany shares under Section
80CC/83A of the Income Tax Act.

Mar ket ability: Listed equity shares which are actively traded
and quoted on stock exchanges can be sold without difficulty.
Wienever you want noney, you can ring up your broker and
di spose of the shares at or around the prevailing nmarket
prices. There are now 19 stock exchanges in India:
Ahrmedabad, Bangal ore, Baroda, Bhubarashwar, Bonbay, Cal cutta,
Cochin, Delhi, CGauhati, Hyderabad, |ndore, Jaipur, Kanpur,
Ludhi ana, Madras, Mangalore, Patna, ?une and Raj kot. However
not all the shares which are listed are actively traded.

Wiile all these advantages are tenpting, there are sone
attendant problens as well.

5.4.2 Problems of Investing in Equity Shares

Changi ng mar ket val ues: The market val ues of actively traded
equity shares seldomremain constant. They keep fluctuating;
sone noderately, but other violently. These fluctuations in
the market prices are likely to cause anxiety and disconfort
for the amateur investor.

Need for constant watch: Eguity investnent is not a one-shot
affair, it demands your continuing involvement. You have to
keep constant: watch on the environnental factors sUch as the
i ndustry's prospects, the conpany's performance, etc. Sone
times it can be nore preoccupying than a fulltime job.

Criticability of timing: Sincetimng is critical both while
buyi ng or selling shares you have always to be alert. If you
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m ss a good right opportunity once, you nay have to wait for
a long tine for the next one.

Uncertainty of governnent policies: Consistency has rever been
a strong point with our governrment, Uncertain changing
policies of the policies of conpanies, which in turn, affects
the share hol ders. A change in the governnent cf course |eads
to considerabl e changes in policies

5.5 A Framework for Analysis and

INVESTMENT DBJECTIVES
INVESTMENT DECISIONS
| |
MAGAD MICAG | | BINNVERTMENT PORATFOLID
DECISIONS DECISIONS | 2EcigioNe CECISIONS
} L I
| L | 1
GENERAL | FINANCIAL & |
ANALYSIS | AIE-FINANCIAL | PRICING 1 size
| |
| NUMBER CF
ANALYSIS | TIMING | SCHIBTS
| |
o —
INDUSTRY | TECHNICAL
AHALYSIS REVIEW 3
ANALYSIS | (@G, Chartal
S | CONTRCL
| S——
‘ PERFORMANCE COMPARED TO OBJECTIVES
FIGURE 1. INVESTMENT ANALYSIS AND DECISIONS - A FRAMEWCAK
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DISINVEST DISINVEST

HERE e HERE
/ ™
b

RECOVERY RECESSION
INVEST HERE T INVEST HERE

SLUMP
FIGURE 2. BUSINESS CYCLE

Let us understand the type of decisions you have to make

in equity investments.

5.5.1 Macro Decisons

a)

b)

Wiether it is an opportune time for equity investnent.
There are boons and slur.ps in the nmarket. ldeally o.e
should invest at the end of a slunp and quit before the
end of a boom as shown in the Figure 2.

To understand these stock market cycles, which are
interlinked with the business cycl es, an appreciation of
i nportant nacro-econom ¢ factors whi ch have a bearing on
<he stock market is necessary.

whether @ particular industry (or industries) is right
for investment or not at a given point of tine. There
are certain sunrise industries (e.g., electronics) and
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sone sunset industries (e.g., Jute) . There are high-tech
i ndustries (e.g., i nstrunent ati on) and | owtech
industries (e.g., solvent extraction) . There are capital
intensive industries (e.g., petrochenicals) and |abour
intensive industries (e.g. textiles). Thus industries
can be classified into several types. Each industry goes
through a certain life cycle froma snall beginning to
r.assive growth to stagnation to eventual decline.

A good insight into these broad i ndustry aspects, will
hel p choose the right type of industry for investnent at
an opportune tine.

5.5.2 M cro Decisions

The micro decisions relating to equity investments deal with
three issues whether one is talking about existing conpanies
Or new ones.

a) Selection of a specific conpany: All companies—in any
particular industry you <choose for investment—are
obvi ously not equally good. You have to choose the right
conpany or companies based both on financial criteria
(based on bal ance sheet analysis and al SO non-financial
reasons, such as managerment reputation, past track
record, future plans, etc.

b) Deciding on the right price: Having chosen a conpany,
vou then need to decide whether its share is attractive
at the prevailing price. Is it overpriced, Is it
underpriced, or |s the price just right? Whether a price
is right or not essentially depends not so nmuch on a
conpany's asset base but upon its earning power. |f the
earnings are good, and growing, a high price my be
justified; otherw se not.
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c) Deciding on the right tinme: The next aspect is the timng

of your investment; i.e., Is it the right tine to buy a
particular share: In away, the time and price issues are
interlinked and nay be examned together. A good

under st andi ng of charts of share price movement may hel p
in timng your purchase. Cbviously, one should not buy
if the price is likely to go down in the near future;
simlarly, one should not sell if the price is likely to

go up.

5.5.3 Disinvestnent Decisions

Stock market profits are illusory until you sell your shares
and book the gains. You nust disinvest periodically. The
di sinvestment process is the mrror-inage of an investnent
decision. Al you have to do is to apply all the investnent
principles in reverse.

5.5.4 Portfolio Decisions

Prudent investors never put all their mcney in just one or two
shares, because the risk of such a concentration is too high.
O the other hand, if you diversify too nuch, the average
performance of your portfolio will be nediocre. Hence you
have to strike a proper bal ance between non-diversification
and excessive diversification. Also, the portfolio should be
reviewed periodically, shuffled whenever necessary, and
ot herwi se properly managed.

V¢ will now apply the investnent analysis and deci sion
paradigm (Figure 1) on equity analysis of cenent industry.
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56 An Exanple

It is anply clear from the discussion presented above that
decision meking in this activity is a very complicatsd
process. To aid the decision maker help of conputers is
necessary. Over present system that draws from the |atest
advances in AI such as NN is expected to nmake the decision
maki ng process nore effective.

To illustrate the performance of our system cerment
industry has been chosen. W have anal yzed different aspec:s
of cenment industry based on various nethods enumerazad
earlier. V& have derived rules. Informati on about six
| eadi ng cenment comnpani es, ACC Cenent, Ramco Cerent, Rayalsesna
Cenment, Panyam Cenent, Kakatiya Cenent and Coramandal Cerment
has been fed into the system Figures 3 and 4 illustrate in
a capsulated form different types of analysis used in
formul ating the rules.

v

— ] R
DEMAND AND - INDUSTRY ™

SEGMENT
SUPPLY QAP | SELECTED .
/ car'r:CAL FACTOHS_-‘
# f ™~
[ Taxes | EXPORTS )
N 7 h TATUTORY
[ pemano ) | suppLy QAL CONTROL

{ BEPERDENGY { pRICE ) (RAW MATERIA
d S ———

/ : PARAMETERS

Figure 3. Selecting the industry segnent.
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COMPANY'S
MARKET 8HAR

PROFIT

BALANCE SHEET

| (umeiLiTies

1
I STOCK MARKET PARAMETERS

I

( NEW N:QULSITION;) EXPENDITURE

FOR PRODUCTION

RAN MATERIAL
CO8T

Figure 4. Sel ecting the conpany.

The fol | owi ng parameters were considered for the analysis
of the above cement conpanies.

Stock market paraneters:

a) P.E ratio

b) Market price

c) Earning per share
d) Profit after taxes
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Balance sheet:

a) Reserves

b) Assets

c) Net asset value (NAV)

d) Liabilities

e) Promoter's contribution

Expenditure for production:
a) Raw material cost
b) Labour cost

c) Power cost

Production probl ems:

a) Technology related problems
b) Labour problenms

c) Power problens

d) Raw material problens

Demand for the product:
a) Brand inmge

b) Price
c) Transport Cost

Company's image:

a) Management
b) Brand |mage

Based on the analysis a Know edge Base was built.

sanple rules are given bel ow
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Rules to G ade Production

rul epl

i f conpany has |abor problens

t hen

and raw_material problens are intense or they exist or do
not exi st

and power problem are intense or exist or do not exist
and conpany's technol ogy advances are high

conpany's production is high

rulep2:

i f conpany has |abor problens

t hen

and raw naterial problens are intense or they exist or do
nct exist

and power problemare intense or exist or do not exist
and conpany's technol ogy advances are nor nal

conpany's production is |ow

rulep3:

if conpany has no |abor problens

t hen

and has no raw naterial problens
and has no power problens
and conpany's technol ogy advances are nornal

conpany's production is high
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rulep4:
if conpany has no |abor problems

and has no raw material problens

and has no power probl ens

and conpany's technol ogy advances are high
then

conpany's production is very high

rul ep5:
if conpany has no |abor problems

and has no raw_material problens

and power problens are intense

and conpany's technol ogy advances are high
t hen

company's production is high

rulepé6:

i f conpany has no |abor problens
and has ok raw material problens
and power problen are intense or exist or do not exist
and conpany's technol ogy advances are either high or
normal

t hen
conpany's production is ok

rulep7:
if conpany has intense or nornal |abor problens or does not

have | abor probl ens
and intense raw nmaterial problens
and power problem are intense or exist or do not exist

and conpany's technol ogy advances are high or norna

t hen
conpany's production is |ow
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ruleps8:
if conpany has |abor problens
and has normal raw_material problens
and power problemare intense or exist or do not exist
and conpany's technol ogy advances are high
t hen
conpany's production is ok

rulep9:
i f conpany has | abor problens
and has normal raw naterial problens
and power problem are intense or exist or do not exist
and conpany's technol ogy advances are normal
then
conpany's production is |ow

rul epl O
i f conpany has no |abor problens

and has nornmal raw material problens

and has intense or normal power probler.s

and conpany's technol ogy advances are high or nornal
t hen

conpany's production is |ow
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Chapter 6

Inside Neuro Expert:
Implementation and Results

This chapter discusses the design and impiexzentaticn details
of Neuro-Expert (Figure 1).

N | NEORAL DATABASE |
INTERFACE| | NET | [ [PReERERETEy
NN
TRAINING

SOURCE | | LEXICAL

kNe | | ANALYZER

. INFERENCE __
PAHSER; . ENGINE CONSULTATION|

N

1 |
REFINEMENTS

S

| EDITOR |
|

Figure 1. Neruo-Expert block diagram.
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In this chapter, we set the stage with an insight into
the system architecture and higher |evel nodules. In the
first section we |ook at the system from the designer's
perspective. W shall dissect the systemand take an in-depth
| ook at each conponent of the system This section also
presents the main block-diagram and data flow di agram e
will briefly discuss the major nodules of our system and
explain how mapping facility has been devel oped to map rul es
from know edge base to an Artificial Neural Network.

In the second section we look at the system from
programmer's  perspective. W touch upon the syntactical
interfaces and the functions provided by Know edge Definition
Language (KDOL) . The section ends with scr.e sample rules from
the Shares Know edge base. This know edge base has nore than
200 rules. W are presenting here scr.e sample rules to
i ndi cate our know edge engi neering methodol ogy.

In the third section, we take a look az the system from
a user's perspective. |Issues included here are, how easy it
is to use and learn the system This section describes the
user interface in detail.

6.1 System Design

The system (Figure 2) can be deconposed into the followng
najor nodules (Figure 3):

» Lexical Analyzer

e Inference Engine

e Interpreter

» Database Interface
* Know edge Base

130



e UWser Interface
« NN Interface
« NN Traini ng
NEURO NEW CFa
Sovice ANN
KNOWLEDGE fHESEY ’
BASE NN G
INTERFACE
RULES \_/
PREMISE
—— . BTRENGHTS
! USE=® LEXICAL
KNOWLEDGE ! INTERFACE ANALYZER DESIRED
: EVIDENCES
o
AULES
UBER e TOKENS
INPUTS
N 'cxzus SYMEOL -'//N:\
TABLE 4 \d
REQUEST NFERENCE! REGUIREDAT RAINING |
FOR ENGINE e1s 4 /
ADVICE _ 7 Yz zd
DATA
DATABASE
L |
Figure 2. Level-0 data flow diagram for Neuro-Expert.
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Fi gure 3. Functional deconposition di agramfor Neuro-Expert.
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6.1.1 Lexica Anayzer

The | exical analyzer (Figure 4) is an important nodul e of the
system that |oads the know edge base into nmenory and anal yses
it for both syntactic and semantic errors. This nodul e
refines the know edge base by re=zcving cor.r.ent lines and
unused bl ank lines. The lexical analyzer has been devel oped
after a careful design of the |anguage structure.

~— ___ RULES
SOURCE S
KNB 7 LEXICAL | TOKENS
|ANALYZER —  symeoL
\ TABLE
\_/’
1 TOKENS L
COMPRESSED
SOURCE / SYNTAX
( | = -
.-“*-—_._/I ~
INTERMEDIATE o
CODE / %,
[SEMANTIC
| ANALYZER DATABASE

Figure 4. Data flow diagram for Lexical-Analyzer.
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6.1.2 Inference Engine

The Inference Engine (Figure 5) consists of 3 algorithns for
match-rules, select-rules and execute-rules and directing
supports forward chaining with natch rules matching the
condition elements against i nvoking memory, select rules
choosi ng one dom nant rule and execute-rules firing the rules
by executing the actions of R ght Hand Side (RHS sequence
while the inference engine is a forward chaining engine,

backward chai ni ng problemsolving strategies can be
implerented.
»
(WORKING “PRODUCTION \
\MEMORY i i MEMORY /
vy L

(CDNFLICT‘
CONFLICT N SET

| RESOLUTION \!/
L —

-

|
R

 ——  EXECUTION

CHANGES i
RECOGNIZE - ACT CYCLE IN PRODUCTION SYSTEM

Figure 5. Bl ock diagramfor |nference Engine,
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6.1.3 Interpreter

The interpreter is invoked only by the Inference engine. It
anal yzes statenents in sequence and passes the result back to
the Inference Engine, which in turn makes use of this result
to take decisions and appropriate actions.

6.1.4 Know edge Base

The Know edge Base is an ASCI| text file. The first step in
creating acknow edge base is the acquisition of the expertise
of experts from various sources such as text books, journals,
heuristics etc. The know edge thus obtained is to be coded
in a form specified by the gramar rules of the Know edge
Definition Language (KDL). The Know edge Definiticn Language
is discussed in detail in Section 6.2.

6.1.5 Database Interface

Prime importance is given for the response time of rhe system
As a first step maximum care is taken to avoid asking
unnecessary questions to the user. The data required by the
system can be kept in a database file.

A database interface (Foxpro) is integrated with the
system The database filenane and key field (to be used in
locating a record) should be known. After reading a record
the field names and their corresponding values wll be
available in the synbol table, so that later the field nanes
can be considered to be user defined vari abl es.

The design of the system has been kept open. Dat abase
interface for other popul ar RDBMS's |like Oracl e, Ingresetc.,
al so could be devel oped and connected to Neuro Expert.
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6.1.6 The User Interface

The Shell has an extremely user friendly interface. The
various features of user interface include:

(a) Menus: Wth the user friendly interface provided with
shell, it is easy to develop and use expert systems.
The pul | down and popup menus enable the user to operate
the system without having to refer to any other user
gui des of the software.

(b) Context-sensitive hel p: The system  provides a
context-sensitive help facility. |If the help is invoked
from the main menu, an index for help will be displayed,
from which items can be selected using the cursor
control keys. Pressing F5 from any help screen will

take you back to the help index. The Up and Down arrow
keys can be used to view through the help displayed.

The indicators at the top and bottom corners of the
right side of the help window show the availability of
rmore pages. The help can be activated at any point of
time (at any menu).

(c) Integrated editor: To invoke the editor, choose Edit from
the main menu. The user can edit either a know edge
base file or non-know edge base file. The types can be
selected using the Edit Sub menu.

When editing is over, the main menu will be restored. |If
the last edited file is a know edge base file, then it will
be automatically loaded into the system work area. At the
present form of the system "Norton editor"” is used for
editing.
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6.1.7 NN Interface

Thi s module perforns the function of mapping the rules in the
know edge base into the corresponding neural net. In the
process of reasoning, each premse is taken as a neural node.
Certainty factor of a rule is take as a rule strength. The
prem ses which are not involved in the conclusion part of any
rule, inrule base, are considered as input node of a neural
network. Premses that are in conclusion part of a rule are
not specified in condition part of another rule are taken as
output nodes of a neural network. Rest of the prem ses are
taken as internediate/ hidden nodes. Preni ses whose
certainty strengths (bias values) are not known, are taken as
zero.

6.1.7.1 Sanple file formats

Al the Rule strengths and Prem se strengths should be within
the range of -1.0 & +1.0

6.1.7.1.1 Wer file format (Rules)

User will be giving the filename which consists of rules.
This file would have an extension ".knb". Format of that
file should be:

Ex:

(#rule 1:
(BC (0.87)) & (CE (0.78))
- (G & FG (0.98))

(#rule 2:
(G | (BC (0.67)) & (FG (0.87))

- (X (0.83))
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6.1.7.1.2 UWser file format (Desired Evidences)

This file includes the information about the desired
evi dences. This file would have an extension ".evi". It
shoul d i ncl ude

. No. of evidences
. Each premise and its desired evidence (separated ky
a bl ank)
Ex:
3
G 0.9
LI 0.99
YG 1.0

6.1.7.1.3 Internal file format |
This is an internal file used by the program to store the
modified rule forms of the given rule base in the user file

nane. This file would have an extension ".dat".

It consists of eight attributes.

(i) Rul e Strength : float value
(ii) No. of Conclusions $ int value

(iii) Each conclusion (prenise) $ char string
(iv) Each prem se strength : float value
(v) No. of conditions : int value

(vi) List of operators $ char array
(vii) Each condition (prem se) : char string
(viii) Condition strength 2 float value
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"Shares.dat" for the exanple given above is
0.98 2 GO FG 0.67 & BC 0.67 DE 0.78

0.83 1 X03 | & G 0 BCcO0.67 FG 0.67

0.88 2 YG O E O3 &| X O0DEO0.73 GO
0.67 1 LI 02| XO0DFO7

6.1.7.1.4 Internal file format 11

It consists of the neural net developed for the given rule
base which consists of operation (function) followed by
paraneters. This file will have an extension ".net".

Ex: Neural net developed for the given rule base

MIN BC DE
SNO G
SN P FG
MAX G BC
MN + FG
SN1X
M N X DE
MAX + G
SN 2 YG
SN2 E
MAX X DF
SN 3 LI
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6.1.7.2 Neural net format

Example is given in the format of "shares.net". Information
in the net will indicate the following features: (p1 & p2
indi cates premisel and premise2).

1. For each condition part (which consists of more than one
prem se)
a) If the operation between first two premses is
'"§' . MINpl p2 is witten in the file

"' ¢ MAX p1 p2 is witten in the file

=) For the rest of the premises (if they are more then
t wo)

« |If the operation is

‘%' 0 MN + p1 is witten in the file

v MAX + p2 is witten in the file
2) If condition part consists of one prem se
CNE Rule no. p1 is witten in the file

3) After condition part is over, special node is invoked to
calculate modified prem se strength for each concl usion.
For each conclusional premse, the follow ng statenment
iswitten in a file.
sy Ruleno. p1lis witten in the file
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.1.7.3 Special nodes devel oped

ADD( x| ,x2) — Neural net that adds its two inputs x1 and
x2, and outputs that sum.

SUB(xl,x2) — Neural net that subtracts one input from
another and outputs that result.

MULT(x1,x2) — Neural net that nmultiplies its two inputs
and outputs that result.

Dl V(xI,x2) —Neural net that divides one input by another
and outputs that result.

MIN(x1,x2) — Neural net that outputs the minimum of x2 &
X2
MAX(x1,x2) — Neural net that outputs the maxi num of xl &
X2 .

POS(xlI) — Neural net that outputs 1 if xI >= 0 else it
out puts 0.

EQU1(x1) — Neural net that outputs 1 if xI = 1.0 else 0.
GREl (xI') — Neural net that outputs 1 if xI > 1.0 else O.
NEQ (xI') — Neural net that outputs if xI < 0 else 0.
LESI (xI) — Neural net that outputs if xI < 0 else 0.

BPOS(x1,x2) — Neural net that outputs 1 if xI > 0 and x2
> 0 else it outputs O.
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BNEG(x1,%2) —Neural net that outputs 1 if x2 < 0 and x2
< 0Oelseit outputs O.

OPP(xl,x2) —Neural net that outputs 1 if xI * x2 are of
opposite sign else it outputs O.

ABS(xl) — Neural net that outputs the absolute value of
x1.

CXCFPCS (CS,CF) —Neural net that outputs rmodified val ues
of X by taking initial value of conclusion (C and rule
strength () as positive valued inputs by using the bel ow
fornula.

AXA =dX + G * [1.0+ AX]

CXCFNEQ CX, CF) —Neural net that ouputs nodified val ues of
X by taking initial value of conclusion (CX) and rule
strength (GF) as negative valued inputs by using the bel ow

fornula.

AXA =qX + & [1L0+ X]

CXCFOPP(CX,CF) —Neural net that outputs nodified val ue of
X by taking initial value of X and rule strength (CF) as
opposite sign valued inputs.

AXA =[AX + ] /[ [L0-nin {|AX)], [CF[}]

NODEA(A,CF,X) — Special neural net developed to find out
the nodified prem se strength of conclusion X and nodified
Rule strength CF, by taking initial conditional strength
X, This handl es certainty paradi gm
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6.1.8 NNTraining

After propagating belief values through neural net, net will
be reaching the final conclusion with sone confidence val ues
for final conclusions. |If those confidence values are not
the desired one, then the net has to be trained accordingly
to reach the desired values. Training will be done only for
the final conclusion, i.e., for the nodes at output |ayer.
W are assuming the desired values are used to represent the
know edge whi ch we want to enbed in the network. The process
of training was discussed in Chapter 4. Exanples on training
are di scussed now.

Sorme Exanpl es:
Exanpl e 1: Trained

Gve the file nanme which consists the Rul e base
two.dat

I NPUT TO THE PROGRAM
No. of rules in the given file = 4

rule[ 0 is09B&C->F&G
rule [ 1] is 0.67 C->D
rule [ 2] is 0.8 D->F

rule [ 3] is 0.78 B->C

evi dences b = 0.400000

RULE STRENGHTS

CFRS 0] = 0.900000
COFRS 1] = 0.670000
COFRS 2] = 0.870000
COFRS[ 3] = 0.780000
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PREM SE STRENGTHS

VARI = F EVIDI = 0.000000
VARI = G EVID1I = 0.000000
VAR = B EVM D = 0.400000
VAR = C EVM D = 0.000000
VAR = D EM D = 0.000000
VAR = "F EVID = 0.000000
NEURAL NET DEVELCPED

ONE 3 B

SN 3C

MINBC

SN O F

SN 0G

ONE 1 C

SN 1D

ONE 2 D

SN 2 "F

After PROPAGATI ON val ues are

RULE strengt hs

CFRS1 = 0. 900000
CFrRS1 = 0. 670000
CcFrRS1 = 0. 870000
cFrRs1 = 0. 780000
PREM SE strengt hs
VAR = F EVID =
VAR = G EMD =
VAR = B EVID =
VAR = C EVID =
VAR = D EVD =
VAR = “F EMD =

EvVi D2
EVI D2
Evi D2
EvVI D2
EVI D2
EVl D2

CFRS2 = 0.280800
CFRs2 = 0.209040
CFRS2 - 0.181865
CFRS2 = 0. 312000

0. 000000 EVI D2
0. 000000 EVI D2
0. 400000 EVI D2
0. 000000 EVI D2
0. 000000 EVI D2
0. 000000 EVI D2
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G VE THE FI LENAME WH CH OONSI STS OF DESI RED EVI DENCES
file name = two.evid
Readi ng desired evidences NS = 1

CARl 0] = GNEW 0] = 0.900000

SYSTEM I S ABLE TO TRAIN THE NET TO GET THE DESI RED VALUES
VALUES WLL BE SHOM

FI NAL MODI FI ED VALUES ARE

VAR[ 0 = FBMDL = 0. 000000 EM D2 = 0.153131
VAR[ 1] = G EVIDL = 0.860957 EM D2 = 0.900000
VAR[ 2] = B EVID1L = 1.000000 EVID2 = 1. 000000
VAR[ 3] = C EVIDL = 0.000000 EVID2 = 0. 780000
vari[f 4] = DEVDL = 0. 000000 EM D2 = 0.522600
varir 5] = 'FEVDL = 0. 000000 EMI D2 = 0.846869

RULES STRENGTHS

I = 0CFRS1 = 0.360000 CFRS2 = 0.280800
I = 1CFRS1 = 0.670000 CFRS2 = 0.522600
I = 2CFRSL = 0.870000 CFRS2 = 0.454662
I = 3CFRSL = 0.780000 CFRS2 = 0. 780000
GOOD BYE

Exanpl e 2: untrained
Gve the file nane which consists of Rule base one. dat

I NPUT TO THE PROGRAM

No. of rules in the given file
rule [ 0 is 0.9 E->A
rule [ 1] is 0.8 E -> A'
rule [ 2] is 0.78 X->Y
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No. of evidences: 2

evi dences E = 0.900000
evi dences X = 0.560000

RULE STRENGHTS
CRFY 0] = 0.900000
CRFY 1] = 0.890000
CRES] 2] = 0.780000

PREM SE STRENGTHS
VARI = A EVIDI
VARI = E EM DI
VAR ="A EMI D
VAR =Y EVI D
VAR = X EVI DI

0. 000000 EVI D2
0.670000 EVID2 =
0. 000000 EM D2 =
0.000000 EM D2 =
0.560000 EMID2 =

I n
1
o O o o o

NEURAL NET DEVELCPED
ONE o0 E
SN o A
ONE 1 E
SN 1 "A
ONE 2 X
SN 2Y

After PROPAGATI ON val ues are

RULE strengths

crFs1 = 0.900000 crrs2 = 0.603000
0.890000 crrsz2 = 0.596300
0. 780000 crrs2 = 0.436800

CFRS1
CFRS1

PREM SE strengths
VAR = A EMID = 0.000000 EM D2 =
VAR = E EMD -+ 0.670000 EM D2 =
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.00C000

0.242431
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0. 756569
0. 436800
0. 560000

VAR = A" EVIDI = 0.000000 EVI D2
VAR =Y BEVMD 0. 000000 EVI D2
VAR - X EMD 0. 560000 EVI D2

G VE THE FI LENAME WHI CH CONSI STS OF DESI RED EVI DENCES
file nanme = one.evid

Readi ng desired evidences Nns = 2
CAR 0] = YNeW 0] = 0.390000
CAR 1] = ANEW 1] = 0.900000

SYSTEM | S NOT ABLE TO TRAIN THE NEURAL NET TO G VE THE DESI RED
RESULT

| NCONSI STENCY I'!!

I nconsi stency in Rul e Base

Conflicting rules nay be existing in the given rule base
Pl ease check it

Q00D LUK FCR THE NEXT TIME I'!!

FI NAL MCDI FI ED VALUES ARE

VAR[ 0] = A BVID = 0.748111 EVID2 = 0. 099000
VAR[ 1] = E EVID = 1.000000 EVID2 = 1.000000
VAR[ 2] = "ABEVD = 0.000000 EVID2 = 0.901000
VAR[ 3] =Y EVID = 0.8046388 EVID2 = 0.890000
VAR[ 4] =X EVID = 0.560000 EM D2 = 0.560000

RULE STRENGTHS

I = 0CFRSL = 0.603000 CFRS2 = 0.603000
I = 1CFRS1L = 0.890000 CFRS2 = 0.890000
I = 2CFRS1 = 0.780000 CFRS2 = 0.436800
GOCD BYE
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6.2 Knowledge Representation

Thi s section describes the process of Know edge Representation
in Neuro-Expert.

Representing know edge in a computer consists of setting up
a correspondence between a synbolic reasoning system and the
outside world. This know edge can be studied and under st ood
inwhat we may call human terns, because the synbols used for
its representation are seldom nunerical. For exanple a
Shares Advisor may use the followi ng rule.

If the demand is good the conpany's share is good.

Such a rule would be given in the program s know edge base
inthe following form

(#rulel:

(demand = good (O0.67)) -
(conpany = good (0.87))

The know edge representation is done through a procedural
| anguage which is called as a Know edge Definition Language
and it is constructed according to a set of rules. This set
of rules constitute the Gammar of the |anguage.

6.2.1 Knowledge Definition Language (KDL)

The Know edge Definition Language is the know edge
representation language used in Shell. This is a user
friendly Logic programm ng |anguage. The structure of the
I anguage is nodular in nature. There can be any nunber of
nodul es as long as there is enough nemory with the systen.
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A limted nunber of built-in-functions are provided as a part
of the | anguage.

The following part of this chapter describes the KDL in
detail.

(1)

(2

Character set: KDL uses the letters Ato Z (both upper
and | ower case), the digits 0 to 9, and certain special
symbols as building blocks to form basic pr ogr am
el enents (nunbers, identifiers, expressions etc.)

The special synbols are listed bel ow

" <= ]
- ; > {
* , >=  }
;" 1= #

= ( @
= 2 ) !
< [ & ;

Identifiers: An identifier is a nane that is given to
sone programel ement, such as variables, nbdul es or main

nodul e. Identifiers are conprised of letters and
digits, in any order, except that the first character
nust be a letter. Both upper and |ower case are

permtted and are considered to be indistinguishable.
Under score can be used between any two characters as
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(4)

(5)

connector. The maximum length of an identifier is 12
characters including connectors if any.

Numbers: Nunmbers can be written in several different ways
in KDL. In particular, a number can include a sign, a
decimal point. Scientific notation is also allowed.

The following rules apply to all numbers.

(1) Commms and blank spaces cannot be included within
the nunber.

(2) The nunber can be preceded by a plus sign (+) or a
mnus (-) sign if desired. If a sign does not
appear, the nunber will be assumed to be positive.

(3) Numbers cannot exceed a specified maximum and
m ni mum val ues. The range is 1.7E-308 to
1. 7E+308.

Strings: A String is a sequence of characters (i.e.,
letters, digits and special characters) enclosed by
doubl e quotes (") . Both upper and |ower case can be
used. The maxi mum number of characters that can be
included in a string is 255 which is adequate for nost
purposes. Wthin a string only single quotes (') are
al | owed.

Data types: One of the nmost inmportant and interesting
characters of KDL is its ability to support two data
types. They are sinple data type and conmpound data

type.
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(6)

(7

Sinple data type are single itenms that are associated
with single identifiers on a one-to-one basis. There
are three single data types. They are numeric, data, and
bool ean. An identifier with a data type numeric can
hold a real nunmber of any form An identifier wth a
data type can hold a valid date of ten character |ength.

The identifier with a boolean data type can hold a
TRUE of FALSE val ue. Bool ean type data are truth val ues
that are either true or false.

Conmpound data type consist of nultiple items that are
related to one another in some specific manner. Each
group of items is associated with one identifier. The
KDL supports string data type. The identifier with a
string data type can hold a string of 255 character
| engt h.

Constants: The KDL has two built in constants, viz. TRUE
and FALSE. These hold a True/false value or Yes/M
val ue. These constants can be used in the statements to
initialize a boolean type identifier. The user will not
be allowed to redefine these constants.

Vari abl es: An identifier whose value is allowed to change
during the execution of the know edge is called a
vari abl e. The data type of the variable will be
automatically determ ned by interpreter depending on the
first usage of the variable. Later it will not be
all owed to use as another data type.

For exanple, if a variable say DATE is used in a date
function, then variable DATE will be considered as a
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(8)

(9)

date type data. It cannot be referred to as numeric,
bool ean or string data type later in the know edge base.

The data type of database fields will be kept as such
through a consultation. Data type conflicts between
user defined variable and dat abase fields are not
al | owed.

Rul e number: The rule nunmber is |abel which identifies
each rule. The rule nunber, conprises of letter, digits
and hyphen. Both wupper and |ower case letters are
al | owed. The rule nunmber should start with character
hash (#). The ending character cannot be a hyphen and
two or more consecutive hyphens are not allowed. The
maxi mum length of a rule nunmber is 12 character
including the hyphens. A rule number should be unique
t hroughout a know edge base.

eg: #23-03-A, #ABCDE-001

Statements and assignments: The KDL statement can be a
function, arithnetic statement or a group of rul es.
There are two basic types of statements in KDL, viz.,
sinmple and compound statenents. The sinmple statements
are essentially single, wunconditional instructions that
perform one of the follow ng tasks.

(1) Assign a data item to a variable or assign an
expression to a vari abl e. This is called an
assi gnment statenent.

(2) Access to a system functi on.

(3) Access to a nodul e.
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Sone typi cal examples for assignment statenents
ASCST: - TRUE
GPAY:- BASIC + DA + HRA

(10) Functions/commands: KDL contains a number of standard
functions that are used with various data types. These
functions can also be called as built-in functions. Al
the functions return TRUE c¢n success and FALSE cn
failure. Some of these functions accept paraneters.

Vari able must be assigned, sone value using these
functions, before using themw thin the RULES statenent.

Example: 1 REFERDB "mydata.dkZ", EMP_NO; This function
refers to the database file MYDATA. DBF and |oads the
record using the value of key field EMP_NO obtained from
the user.

Exanple: 2 ASK "Are you a permanent enployee" to
PERMANENT;

The ASK function pronpts the user and accepts the TRUE or
FALSE value and stores in the vari abl e PERVANENT.

(11) Rules: Basically the know edge base is constituted of
different nodules. Al the nodul es have the same status
except nmin nodul e. Wien the know edge base is
executed, the main nodule guides the inference engine
through the other nodul es.

Anodule is constituted of different statenents which can

be arithnetic expressions, function calls (no user defined
functions are allowed) and rules.
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To every |egal statenent, called a premse of
proposition, one of the two possible values TRUE and FALSE is
assigned; these are often called Boolean Values, after the
mathematician and | ogi ci an George Boole (1815-1864). complex
propositions can be expressed by using |ogical connectives
witten as follows.

AND &
R
NOT !

The | nference Engi ne expects either TRUE or a FALSE val ue
froma statement and if the returned value is TRUE execution
continues to the next statement else execution of the
know edge base is stopped.

Rul es of nodes in the know edge base are represented as
fol | ows:

#<rul e number>:

i) Rul e nunber is an al phanuneric string foll owed by a col on
(:). The allowed separator is hyphen (-). Rule nunber
should not start or end wth the separator.

Rul e nunmber length should not exceed 11 characters
including the separator. Spaces are also not allowed
inside a rule nunber. Rule nunbers should be unique in
any Knowl edge Base.

ii) Conditions are expressions which evaluate to a bool ean

val ue. Each condition should be enclosed wthin
brackets and nust specify the premse strength in
roundbrackets.

e.g. (demand = K (0.5))
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Qi)

iv)

The conparators conprise of the follow ng:

< l ess than

> greater than

= equal to

<= less than or equal to
>= greater than or equal to

= not equal to

Variables can be numeric, string or boolean types
dependi ng on the function used to obtain the value. The
vari abl es shoul d have a value before it is being used in
a c.f. explanation range (0 to 1.0) etc.

The know edge representation |anguage is designed in
such a way to avoid the conplexities of the conventi onal
| anguages in devel oping expert systemapplications. The
structure of the Know edge definition |anguage is nore
like that of a Fourth Generation Language (4Q.). This
gives the wusers nore flexibility and easy neans to
represent their |ogic.

Concl usions: The conclusions are specified after the
reserved "-" synbol and are specified in round brackets.

e.g. (advice = "Buy the share)
Rule Strength: The rule strength nust be specified at the
end of rule specification enclosed in round brackets.

The rule strength would be a float value in the range
-1.0 and +1.0.
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e.g.
(#rulel:
(denmand

ok (0.78))

(advice = "Buy the share ") (0.9))

6.2.2 Built-in Functions

The following are the built-in-functions provided in the
Know edge Definition Language. Each of the function returns
a TRUE or FALSE value to the Inference Engi ne depending on
success or failure. A failure wll force the Inference
Engine to stop execution. No user defined functions are
allowed except that external executable programs can be
executed wth the built-in-functions CALL.

*ASK *CALL *DATEDIFF *GETDATE
*GETNUM *GETSTRING *GETSYSDATE *WRITE
*MODULE *RUN *REFERDB *LOAD

A brief discussion on the above functions foll ows:

(1) ASK

USACE : ASK <"prompt"> t0o <var name>

PARAMETERS

"pronpt " : The literal text (enclosed in quotes) can
be displayed by the ASK cl ause.

Vari abl e : Any valid variable nane. |f the variable

is a newone, then it will be considered
as a BOCOLEAN type.
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DESCRI PTI ON

(2) CALL

USAGE

PARAVETERS

filenane

DESCRI PTI ON

(3) DATED FF

USAGE

PARAMETERS

Datel

Dat e2

Vari abl e

The ASK statement displays its pronpt
nmessage to the user, then waits for a
response which is in the form of YES CR
NO The value entered by the user is
assigned to the variable.

CALL <"filename">

The execut abl e program name w thin doubl e
quot es.

The CALL cl ause executes a DCS execut abl e
file (viz. files with .com, .exe, .bat
ext ensi ons).

DATED FF <DATEDI FF <Datel >, <Date2> to
<Vari abl e>

The variable should be of type Date and
it should contain a valid Date.

The variable should be of type Date and
it should contain a valid Date.

The difference between the dates is
assigned to the variable and it shoul d be
a nureric type.
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DESCRI PTI CN

(4) GETDATE

USACE

PARAMETERS

" pronpt "

Vari abl e

DESCRI PTI ON

(5) GETSYSDATE

USAGE
PARAMETERS

date

Finds the differerce between the two
gi ven dates and stores the nunber of days
in the given nureric vari abl e.

CGETDATE <"prompt"> <o <vari abl e>

The pronpt string (enclosed in quotes) to
be di spl ayed.

If the variable is new one, then it will
be considered as a Date type. Qherw se
it should be DATE t.pe.

The CETDATE statement displays its
nessage to the user, then accepts the
date and assigns to zhe variable. |If the
user enters an invalid date then an error
i ndi cating beep sour.d is produced and the
system pronpt to erzer a valid date.

CETSYSDATE to <date>

The system date is assigned to the
vari abl e <date>
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DESCRI PTI CN

(6) GETNUM

USAGE

PARAMETERS

"pronpt"

vari abl e

DESCR PTI ON

(7) GETSTR NG

USAGE

PARAMETERS

" pr onpt "

The systemdate is to be set before using
this function, if you do not have real
tine clock in the system This function
gets the date from the system and is
stored in date.

GETNUM <"pronpt"> to <vari abl e>

The pronpt string (enclosed in double
quotes) to be displ ayed.

Any valid variable nane. |f the variable
is a newone, then it will be considered
as a nuneric type. Qherwise it should
be a nuneric type.

The GETNUM statenent displays its pronpt
to the user, then waits for a response to
accept the nunber to be supplied by the
user. The actual nunber entered by the
user is assigned to the variable.

CETSTRI NG <"prompt'"> to <vari abl e>

The prompt string (enclosed in double
quotes) to be displayed.
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vari abl e

DESCR PTI ON

(8) WRITE

USACGE

PARMETERS

User prompt

Vari abl e

Endln

DESCRI PTI CN

(9) MODULE

USACE

Any valid string type. Wen defined for
the first time, the variable wll be
considered to be string type.

The GETSTRING statement display the
message to the user, then waits for a
response to accept the string to be
supplied by the user. The actual string
entered by the user is assigned to the
vari abl e.

WRI TE <" user pronpt" >
[ <vari abl e>, <endl n>]

Any valid message string.

Any valid variable

Newline

This inbuilt function allows the display
of user messages and the pronpts on the
screen. This is the output statenent in

KDL and also has provisions for new
lines if specified.

MODULE <nodul e nanme>
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PARMETERS
Modul e name

DESCRI PTI ON

(10) RN

USACE

PARVETERS

DESCR PTI ON

(11) LOD

USACE
PARMETERS

DESCRI PTI ON

(12) REFERDB

USAGE

The name of the nodule to be |oaded or
called

Thi s i n-built function allows the
know edge engineer to split up the rules
into nodules in order to support nodul ar
and structured programm ng. Each nodul e
could be called using this function.

RUN

None

This in-built function allows the user to
run the currently | oaded know edge base.

LOAD <know edge base>
Knowl edge Base : The nane of the
know edge base to be | oaded.

Thi s conmand | oads the speci fied
know edge base. The systemassumes that

each know edge base woul d have ".knb'" as
the extension.

REFERDB <"filename">, <key field>
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PARAMETERS

Fi | enane : The Database file nane within double
guot es

Key field : key field of the database record.

DESCRI PTI ON : The REFERDB clause stores the first

record matching the key field after
getting the key field value from the
user.

6.2.3 Sample Knowledge Base

This sub-section presents a wi ndow into the shares know edge
base. The actual know edge base conprises of more than 200
rul es, however, we present here only some sar.ple rul es.

Rul es to grade price

(#rul eprl:

(max_p-a (0.67)) &
(price = a (0.78))

(p_grade = a) (0.9))
(#rul epr 2:

(max_p=1b (0.8)) &
(avg_p = c (0.78)) &
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(price < b (1.00)) &
(price >= ¢ (1.00))

(p_grade = b) (0.9))

(#rul epr3
(avg_p = a (0.89) &
(min_ p=b (0.78)) &

(price < a (0.89)) & (price >= b (0.89))

(p_grade = c) (0.93))

Rul es to grade transport cost

(#ruletcl:
(max_t = a (0.89))
(t_cost = a (0.9))

(t_grade
(#ruletc2:

(max_t = a (0.89))

(avgt = b (0.89))

(t_cost < a (0.9)) (t_cost >=b (0.9))

a) (0.94))

(t_grade b) (0.94))
(#ruletc3:

(avg_t = a (0.89))
(min_t = b (0.89))
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(t_cost < a (0.9))
(t_cost >=b (0.94))

(t_grade c) (0.94))

Rul es to grade demand

(#rul edl :

(p_grade = c (0.89))
(t_grade = ¢ (0.89))
(brand = good (0.9))

(wite "demand is very high"]
(demand = vhigh) (0.9))

(#rul ed2:
(p_grade = b (0.89))
(t_grade = c (0.89))
(brand = good (0.9))

(wite "demand is high")
(demand = high) (0.94))

(#rul ed3:
(p_grade = a (0.89))

(t_grade = ¢ (0.89))
(brand = good (.90))

(wite "demand is ok")
(demand ok) (0.98))
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6.3 User Interface and Consult Facility

The User Interface in Neuro Expert is built-up of using the
basi c screen handling routines. It provides basic
navigations with the help of pull-down menu structure,
Context-sensitive help, Integrated Editor and basic DOS
utilities.

The main nenu of neuro expert: The Main Menu of Neuro Expert
consists of six options. The options can also be selected

Edit Induce Consult Help Quit

Heuro Expert

Helcone to Meuro Expert !

Helcore to Neuro Expert!

FL File ! F2 Edit | F3 Induce ! F4 Consult ! FS5 Help ! F6 Quit

either by selecting the required option fromthe ring menu or
by pressing the appropriate hot keys as displayed at the
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status bar at the bottomof the screen. The selected option
will be highlighted and on selection the corresponding hel p
message woul d be displayed in the message box.

The avail able options are

F1 File
F2 Edit
F3 I nduce
F4 Consul t
F6 Help
F10 Quit

Let us now have a detailed look at all the options.

6.3.1 File

The files menu allows to access DOS file commands without
quitting Neuro Expert. This option displays a pop-up nenu
whi ch consists of the followi ng choices:

(a) Load

(b) Rename
(c) Directory
(d) Erase

These can be selected by pressing FI key from the main

menu. The choices can be selected using arrow keys and
pressing return. The menu options can also be selected
pressing the upper case letter which is displayed in each
menu option. If an undefined key is pressed, the system

produces a beep sound.
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' Edit  Induce  Consult  Help  Quit

Load

Henane

Directory

Erasa

Heura Ewxpert
Load Knowledge Base

Enter the filename:! shares

Enter the knouledge base to be loaded 11!

FlL File ! F2 Edit | F3 Induce ! F4 Consult ! FS5 Help ! F6 Quit

Each option of the nenu is described bel ow
6.3.1.1 Load

Know edge base shoul d be | oaded into the menory before consult
or edit is invoked. Using the load option, the contents of
the know edge base file can be transferred to the system
menory.

Extension for the know edge base file name should be
.KNB. CQher file name extensions are not valid for the
know edge base file.

167



Al cursor keys can be used to edit the path nanme. Left
and right arrow keys can be used to nove through the path
nanme. The Hone key takes the cursor to the begi nning and the
End key to the end of the path nane. Del key erases the
character in the cursor position and Backspace key erases the
character in the left side cursor. Editing can be aborted by
pressing Esc key and the systemretains the old file | oaded.
After editing the filename Enter key should be pressed to
load the file.

If the systemfinds errors in the path of file nane or if
the file is not found, it displays error nessages. |If the
file is successfully |oaded, the file name and the nunber of
lines | oaded are displayed in the title window at the top of
the screen.

6.3.1.2 Renane
This option lets the user to rename a file. If it is only

required to rename the file, enter a new name. The Renane
option when used to renane a file.
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Edit  Induce  Consult  Help  Quit I

Load

Hename

Directory

Erase

Neuro Expert
Renane Knouwledge Base

Enter the knowledae base
to be renamned:! shares

Enter the knouledge base nane to be renamed 111

F1 File ! F2 Edit ! F3 Induce ! F4 Consult ! FS Help ! F6 Quat

6.3.1.3 Directory

The directory option displays the list of know edge bases in
current working directory as with the DOS conmand "dir *. knb"
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Edit  Induce  Consult  Help  Quit

Load
Renane SHARES
Directory LERVE
HKT
Erase
Neuro Expert FERSON

Neuro Expert Directory Service

Select the knowledpe base |

"

F1 File | F2 Edit | F3 Induce ! F4 Consult ! F5 Help ! F6 Quit

6.3.1.4 FErase

Choosing this option lets the user delete a file from the
disk. Wien this option is selected Neuro Expert prompts for
the nane of the file to erase. After selecting the file to
delete, Neuro Expert erases the file fromthe disk. This
command is equivalent to DOS command del et e.
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Edit Induce Consult Help Quit

Load

Aenane

Directory

Erase

Neuro Ewxpert
Erase Knowledoe Dase

Enter the knouledoe hase
to be erased: shares

Enter the knowledge hase namne to he erased !!!

F1 File ! F2 Edit ! F3 Induce ! F4 Consult ! FS Help ! F6 Quit

6.3.2 Edit
The edit option allows the user to edit the current know edge
base and the desired evidences. The edit option further

di spl ays a sub-nenu with two sub-options:

¢ Know edge Base
e Desired Evidences
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File Induce Consult Helo Quit

<KNB

Evidences

Heuro Expert

Edit the Knowledpe Base

Edit the knowledge base SHARES !!!

Fl File ! F2 Edit ! F3 Induce ! F4 Consult ! F3 Help ! F6 Quit

6.3.2.1 KNB

This sub-option allows the user to edit the current know edge
base. The option autonatically opens the correspondi ng
" _knb" file using the integrated systemeditor, "NE'. The
user can nodify the rules using the normal editing keys and
save the changes and come back to the main menu.

6.3.2.2 Desired evidences

This sub-option allows the user to edit the desired evidence
file for the current know edge base. The option
automatically opens the corresponding ".evi® file using the
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integrated system editor, "NE'. The user can nodify the
rul es using the normal editing keys and save the changes and
cone back to the main menu.

6.3.3 Induce

This option would all owthe user to derive appropriate CFs for
the rules in the know edge base and al so indi cate whet her the
know edge base is consistent or not. Internally this option
conprises of two phases:

e Mapping Rules to ANN (Phase I)

e Training the ANN (Phase 11)

6.3.3.1 Phase |

During the first phase the rules of the currently | oaded
know dege base are mapped to Nodes of ANN

File Edit Consult He lo Ouit

hase 1

Phase 11

Heuro Expert

Please wait Inducing |

Convarting into Neural Network!ll

FS Help | F6 Quit
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6.3.3.2 Phase |1

During the second phase, the ANN is trained to achieve the
desired evidences as specified in ".evi" file by the user.
If the training succeeds then the current know edge base is
updated with the new prem se strengths and evi dences.

File Edit Consult  Help  Quit

Phase I

hase 11

Neuro Expert

Please wait Traiming !

Training the Network !11

F5 Help ! F6 Quit

6.3.4 Consult

The Consult option should be selected after loading the
know edge base. The know edge base can be | oaded through the
files menu. Consult option initiates the interactive session
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with the users, wherein the user gives his specifications and
based on the user inputs and the trained know edge base the
i nference engi ne fires the corresponding rules and arrives at
a concl usi on.

File  Edit  Induce Help  Quit

Neuro Expert Consultation Mode
HAIN HMEHU

ACC CEMENT

« RAMCO CEMENT

. RAYALSEEMA CEMENT
. PANYRH CEHENT

. KAKATIVA CEHENT

. COROHMANDEL CEHENT

UL

Please enter your choice! 1

Consultation Made '!!

FS Help ! Fé& Quit

Dependi ng on the user input i.e. the conpany selected in this
case Neuro Expert woul d provide advice and also the line of
reasoning behind it. For instance if the user selects ACC
cenent as the conpany name then the follow ng advice woul d be
flashed on the screen.
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File Edit  Induce Help  Quit

Heuro Expert Consultation Hode

Denand is high !

Sales are hagh !

Expenditure is nornal !

Production 1s hagh !

Profit is high !

Conpany’'s financial status is very
acod |

Harket share is ok |

PE Ratio is very good !

BUY THE SHARE 11!

Consultation Owver ! Press anu key to go back to main menu !

FS Help ! F& Quit

6.3.5 Help

The Neuro Expert help is a context sensitive hel p which gives
advice pertaining to the topic from where help is requested.
The help is also provided with a table of help indices.
Using arrow keys and ptessing return, a topic can be
sel ected. HOME key and END key to be incorporated in barmenu
function. PGP key brings the selection bar to the top of
the current colum in the index wi ndow and PGDN key to the
bottom of the current column in the index w ndow.
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The help can be invoked at any instant by pressing F5

key. If F5 key is pressed while in the help session the
index for the help will be nade available for selecting
anot her topi c. The arrows at the top and bottom right

corners of the help screen indicate whether nore information
is available in the preceding or proceedi ng page. PCDN PGP
or up arrow, down arrow keys can be used to scan through the
topi c sel ected.

File Edit Induce I:nnsult Quit

Consult *
Neuro Expert Help Mode Edit
File
Help would guide wou throuah
this session of Neuro Expert. Induce
Neuro Expert help is context _‘
sensitive and would give you v

relevant information about each
option and suh-option in Neuro
Expert !

Help Hode ! Press ESC to leave the Help Hode !

ESC to Exit Help ! F& QOuit
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6.3.6 Quit

The user can quit Neuro Expert by either selecting quit option
fromthe main menu or by pressing F6. The systemdi splays a
confirmation box and confirnms the selection. At any instant
the user can quit fromany pop up menu without selecting an
option by pressing Esc key.

File  Edit Induce Consult  Hele

Heuro Expert

Do you want to exit Heuro Expert?

{YES) {ND>»

Select Yes 1f you wanl fto quil else Ho to continue !

F5 Help ! F&6 Quat

6.3.7 Neuro Expert Menu Command Tree

A graphical representation of the menus provided with Neuro
Expert is shown in the follow ng figure.
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MENU TREE

FILE EDIT INDUCE CONSULT
A —_— ——— PHASE |
KNB
——RENAME
| ERASE PHASE I
DESIRED EVIDENCES
L — DIRECTORY

HELP

QuIT

179




Chapter 7
Summary and Future Directions

The modern world wth its conplexities and super-
speci alizations, has reached a stage where expertise is
scarce. In nost fields there are nore probl ens than experts.
More often there are tines when access to know edge,
experience and judgement of an expert in the field becore
i nval uable assets and are essential for timely decision
maki ng. Know edge itself is about to become the new weal th of
nations.

Significant efforts have been directed towards AI, to
emul at e the reasoni ng process of human experts. Expert System
(sub-domain of Al) attenpts to reduce the scarcity of human
experts when the modern world finds itself in the mdst of
complexities, super - speci al i zati ons and cut -t hr oat
conpetition. Expert systens act as intelligent assistants to
human experts and contribute a great deal to business
organi zation and productivity. An expert system should be
able to explain the reasoning process that lead to its
concl usi ons. Mst of the expert systens devel oped so far have
production rul es as their know edge representation schenes and
are termed as rule based expert systens. Rule-based expert
systens are referred to as conventional expert systens (CES).
The CES can solve a wde range of conplex problens by
selecting relevant rules and conbining their results in
appropri ate ways.

W have examined the requirenments of intelligent systens
to neet the demands of Managerment Applications and their
necessary performance requirenents. These are:
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(a) To respond to situations very flexibly.

(b) To make sense out of anmbi guous or contradictory messages.

(c) To recognize the relative inportance of different
el ements of a situation.

(d) To find dissimlarities between situations despite
simlarities which my link them

The rigid framework of conventional expert systems has
made expert systems devel opment for management applications a
gruel ling process. Though CES can solve a variety of problens
certain problens are encountered specially in management
applications where decisions have to be made very fast and the
output fromthe system needs to be as reliable as the experts
output. A typical application is expert systems for the share

mar ket .
The specific problens of CES are:

1. Rul es can interact only through working menory. This is
a mjor bottleneck if there are nunerous rules to be

processed.

2. In a situation where nultiple hypotheses are to be dealt
with, forward chaining method is applied. I'n such cases
the CES can rarely explore all the alternatives from
anmong the available nmultiple hypotheses. It is desirable
that search be continued to explore all alternatives so
that these can be ranked and the best possible hypothesis
be sel ected.

3. The refinement of a rule base is a difficult problem
Refinenent is done by: interaction with human experts,
machi ne |earning, Jjustification or explanation based on
domain theory, or enpirical refinement.
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These approaches are expensive and involve a ot of
time and effort. Mnimzing the involvement of experts
again and again can substantially reduce the cost of
mai nt ai ni ng expert systens.

4, A Conventional Expert Systemprinmarily conducts synbolic
reasoni ng but uncertainty is often handl ed nunerically.
The CES wusing uncertainty paradigm does not have
systenati c methodol ogy for debugging a given factual
information to assert a conclusion with desired certainty
factor given by an expert.

In the present work a system that can overcome many of
the drawbacks mentioned above is presented. This systen
enhances the applied epistemics and is ideal for devel oping
expert systenms on managenent applications. The systemains at
achieving high reliability through major architectural
i nnovations that avoid the traditional bot t | enecks.
Know edge- based neural network (KBNN) is integrated into CES.
This conbination results in a high reliability level and high
throughput that are essential for managenent applications.

It is vital that the expert systemgives outputs that are

close to the opinion of an expert. That is the certainty
factor given by the Expert and the system should be as close
as possi bl e. To achieve this kind of accuracy a special

Neur al Network (NN has been developed on nodified
back- propagati on net hodol ogy.

A franmework has been devel oped whereby the rules fromthe
rul e base can be mapped onto this specially devel oped net wor k.
A very significant feature of our systemis that a nethodol ogy
has been devel oped that can utilize non-binary inputs. So far
this has never been achieved.
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Each domain attribute or concept is mapped into a neural
node and each prenise is mapped into a connection. Know edge
enbedded in such networks accounts for their faster
convergence to a desired stage in the learning phase. The
knowl edge of a NN lies in its connections and associated
wei ght s.

In conventional expert system rules can interact only
through the working nenory, this presents a problem when
nunerous rules are to be processed. By mapping the rul e base
into a neural net several rules are fired when their prem ses
are activated. Thus the rule interaction becones distributed
over the network rather than centralized through the working
menory. This significantly inproves the system performance.

To concl ude, the nost inportant advantage of using NN, is
that the NN can be trained to reach a level closest to the
expert's opinion. This system is capable of asserting a
conclusion with the desired Certainty factor (CF). This adds
dynami smto expert system (acconmodate changes).

As an exanpl e the share narket is taken. An analysis of
equity investment is presented. Both fundarmental anal ysis and
techni cal analysis are discussed. Fundanental analysis is a
val ue based approach. Technical analysis is a market based
appr oach.

Fundanment al anal ysis conprises of three phases
1. Economc Analysis

2. Industry Analysis
3.  Conpany Anal ysis
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Techni cal anal ysis emphasizes on prices, price changes
and tradi ng vol unes.

As a sanple, the cement industry has been taken and rul es
formul at ed.

A rule base has been constructed and these rules have
been mapped into Neural Network, for which we have devel oped
a Neuro- Expert system

Apart fromthe usual features such as |lexical analyzer,
interpreter, know edge base, user interface, inference engine,
etc. , this systemhas an inproved and nore powerful know edge
definition language (KDL), for know edge representation.

This is a user-friendly |ogic progranm ng language. the
structure of this language is nodular in nature. There is a
possi bility of having any nunber of nodul es dependi ng upon the
nenory of the system Its structure is nore like that of a
fourth generation |anguage (4G.). This gives the know edge
engi neer nore flexibility and he can represent his logic with
ease.

For the convenience of the user a database interface is
integrated with the systemusing Foxpro. This facilitates the
job of the user and he can interact with the system without
havi ng any technical know edge. He can even formrules and
enter rules through this utility into the system The rules
can be directly entered into the know edge base through this
utility.

This systemis capabl e of mappi ng the rules to NN through

the built-in utility and the NN is trained according to the
required CFs.
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Thus our system enhances the applied epistemics of an
Expert System and can be used by any managenent prof essional
who is not a conputer expert.

Separate trials were conducted with satisfactory results.
However, we felt that there were certain areas where there was
scope for further work.

Future Extensons

1. W have not presented a detailed rmethodology for
pi npoi nting inconsistencies of rules. W have just
provi ded a detecti on mechani smthat detects inconsistency
while training the NN. A detailed nethodol ogy for pin-
poi nting inconsistencies can be devel oped.

2. To study adaption of dynamc neural networks, whereby
nodes can be del eted and added dynam cal |y dependi ng on

the network capabilities in dealing with the task.

3. To nodify the network, to carry out predictions related
with equity shares, based on past statistics.

4, Anore friendly G is desirable.
5. The system viability is to be assessed for other
nmanagenent deci si on-making areas such as personality

assessnent, performance assessnent etc.

6. Expl ore alternative network paradignms for nanagenent
appl i cati ons.
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