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Abstract

Artificia!l intelligence (A} is defined as a branch of Computer Scicnce that 1s
concerned with the aulomation of intellizent behavior. A number of importiant features
emerge that seem to be common to all divisions of this field including Knowledge
Representation and Reasoning.

‘The main aim of this thesis is W explore all features of different reasoning schemes.
with emphasis on benefits, drawbacks. applicability, and eriteria ol choosing methods
for a specific application,

This thesis describes alse a comparative study and evaluation of six different
reasoning methods. These methods are: Rule Based Reasoning (RBR), Logic Based
Reasoning (LBR). Frame Based Reasoning (FBR), Case Bused Reasoning (CBR).
Model Based Reasoning (MBR), and Fuzzy Reasoning (FR). Primary factors cansidered
in the evaluation were Knowledge unit, Knowledge acquisition issues, Explanation
mechanism, and Knowledge transter across problems and Domain requirements.

In addition to the description of evaluation eriteria in this thesis work we implement
two expert systems lor an appropriate methods so called Computer Diagnostic Expert
Syslem {CES) which deal with RBR. and the other is culled Decision Support Expert
System (£SES which uses FR. These Iramewarks were implemented 1o represcat

knowledge reasoning views.
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Chapter 1

Introduction

1.1 Introduction

Artificial intelligence (Al) is a study of computations thal makes perceive reason
and act [44], comprises methods, tools, and systems for solving problems that normally
require (he possible intelligence of humans. The term intelligence is always defined as
the ability to learn effectively, react adaptively, make proper decisions, and
communicate in a language or images in a sophisticated way.

The main objectives of Al are to develop methods and systems for solving
problems, usually solved by the intellectua! activity of humans. for example; image
recognition, Janguage and speech processing. planning, and prediction to Epnhance
computer information systems, to develop models which can simulate living OTganisms
and the human brain.

The main Al directions of development are to develop metheds and systems for
solving Al problems without following the human's way and to provide similar resulis
[33].

One of the aims of the researchers in the Al area is the development of techniques
which allow modeling of information at higher levels of abstraction. These techniques
are embodied in Janguages or tools which allow programmers to build the logic closely

resembles human logic in their implementation and easier 1o develop and maintain.

A number of important features emerge that seems to be common to all divisions of

the field Al which include the following:
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« Using computers to do reasoning, pattern recognition, learning, or some other
form of differencing.

+ A focus on the problems that do not respond to the algorithmic solutions. This
underlies the reliance of heuristic search as an Al problem-solving technique.

= A concern with problem selving, using incxact, missing. or poorly defined
information and the use of representational formalisms that enables the
programmer 1o compensate for these problems.

» Reasoning about the significam qualitative features of the situation [19].

1.2 Reasoning in Artificial Intelligence

Reasoning is a process which we use in the knowledge, and we have to draw
conclusions or infer something new about a2 domain of interest. It is a necessary part of
what we call "Intelligence": without the ability to reason we are doing little more than a
lookup when we use information. In fact this is the differcnce between a standard
databasc system and knowledge base or expert system. Both have information that can
be accessed in various ways but the database unlike the expert system has no reasoning
facilities and therefore, answoers are only limited to specific questions [4].

Experience shows that the performance of tasks that seem to involve intelligence
also seem to require a huge store of knowledge. In order to use knowledge and reason
with the knowledge, you need what we call a representation and reasoning system
(RRS). A representation and reasoning system is composed of a language to
communicate with a computer, & way to assign meaning to the language, and some

procedures to compute answers for & given inpul in the language.
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We want RRS's where the distance from a natural specitication of problems 15 not
very far from the representation of the problem, We alse want RRS's where the
appropriate computation is given some input that can be effectively determined.

An important and fundamental prerequisite for using an RRS 1s to decide how a task
domain was described. This requires us to decide what kinds ol things the domain
consists of, and haw they are related in order to express task domain problems.
Experience in developing and refining representations for particular problems depend
on what we know about the problem domains.

Theories about representation and reasoning are only useful so far as they provide
tools for the automation of problem solving tasks. Diverse applications include medical
diagnosis, scheduling factory processes, robots for hazardous environments, chess
playing, autonomous vehicles, natural language translation systemns, and cooperative
systems. Rather (han treating cach application separately, we abstract essential features
of such applications to allow us to study principles behind intelligent rcasoning and

actions [15].

1.3 Reasoning and Inference in Problem Solving and Learning

The terms problem solving, leaming, reasoning, and inference will be used scveral
times in this thesis, but basically in an intuitive sense. Howevcer, before we describe this
framework we need to defing these terms. The following tigure 1.1, illustrates the terms

implied the process structure.
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Figure 1.1 Structure of Knowledge Base Processes

Problem solving is a process that takes the problem description, the goal, and the
Knowledge Base input, and derives a solution to satisfy the goal. The goal contains a
specification of requirements that must be fulfilled in order to end up with a result
which can be a solution to the problem. A problem may be structured as sub-problems,
in which case the problem solving process may be comrespondingly split into sub-
PIOCEsses.

Learning is a process that takes an existing problem solving systermn and new
information input, and derives a system where the quality and/or efficiency of problem
solving is improved.

Learning may, of course, be regarded as a problem in its own right, and problem
solving could be said 10 subsume learning. But to aveid confusion in problem solving
we will solely refer to solving application problems.

Reasoning is a process that takes some facts and goals, and input. and then derives a
result by applying one or more inference methods to the body of the knowledge.
Reasoning may be regarded as a more general term than problem solving. in the sense

of input and cutput that may be any kind of information, which is not necessarily to be
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in the form of problem description and solution. Reasoning is also a subprocess of
problem solving, since it is used to derive results that contribute o solving the problem.
The term reasoning is most often used in connection with problem solving, and
characterizes as a part of problem solving process, as in rule-based reasoning, model-
based reasuning, case-based reasoning, logic based reasoming fuzzy reasoning, and in
frame based reasoning. Being a general process of deriving result through inference,
reasoning is also involved in some learning processes - and particularly in knowledge-
intensive learning. In this thesis work, it should generaily be assumed that reasoning
refers to the problem solving process.

Reasoning methods are based on the reasoning types described above. We well put
these types together in a morc complex form for deriving particular types of results, Le.
for performing a task.

A reasoning model is a type related to their roles for achieving tasks.

Inference denotes the lowest level of processes in the hicrarchy, i.e. is the building
blocks for reasoming and learning. The inference methods deline the primitive

operaticns on the knowledge (the basis for its semantic interpretation) [1].

1.4 Reasoning as a part of Knowledge Modelling

One of the current trends in knowledge modelling is to extend the traditional notion
of the knowledge to incorporate rcasoning methods and problem solving strategies.
Different subtypes of problems in the problem domain often need different strategics
and reasoning methods to be successfully and efficiently solved. Strategies for how lo
solve different types of problems are characteristic of different reasoning methods,

which will become part of the explicitly represented model.
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Figure 1.2' shows the three main components of the knowledge model: the
knowledge domain, the control level model of problem solving strategies, reasoning
model containing two set of reasoning methods include exact and incxact where (¢xact
set: rule, logic, frame based reasoning and inexact such as case, model, fuzzy based
reasoning), and Reasoning structure {which describes the sequencing of tasks}. The
definitional knowledge model contains object-level as well as contro! level concepts and
how the different types of definitional knowledge are used (o specify in the control
levels of problem solving and learning. The definitional knowledge is associated with

several inference and reasoning methods for interpretation of its semantical content[1].

Knowledge madel

Delinitional Knawledge Froblem solving model .earning model
model

Sirategy middel Reasening madel ask model

Reasoning 5twmning mithads
Exact lmi

Rule bused Logic based
Heasoning Reasaring Casc based odel based
Reasoning Reasoning
L
Frame based Fuzry Heasoning

Reasoning

Figure 1.2 A component model of knowledge.

A reasoning model is a further specification of some parts of the problem solving
process. Within the perspeetive of the problem solving medel just described, a
reasoning process as a successive combination of various inference methods (such as

matching, property inheritance, constraint propagation, and rule deduction),is guided

' This figure is borrowed from [1].
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and supported by explanation methods that focus on the current goal and context of the
Process.

The model of reasoning within our framework is at the higher level. which means il
is i & more general level than the classical models. The putpose of this work is to serve
as a top level framework that describes different approaches to the knowledge-intensive
reasoning by combining general and case-specific knowledge. The model cmphasizes
on the generating and evaluating explanations to support both abstract and concrete

associations, as well as performing elaboralive deep model reasoning.

A reasoning process, given in a gencral level, could be described by dividing the
reasoning process into three sub-processes as mentioned below[1}]:
1. Activating knowledge structures,
2. Explaining candidate facts, and
3. Focusing on a eonclusion.

A reasoning process is viewed as a process of activating a certain part of the existing
knowledge - including triggering of hypotheses and goals, explaining the activated parts
that form a coherent knowledge-structure, focusing within the explained structure and

returning an explicit answer or just the final state of the system, as illustrated in figure

1.3.
Explain

Activated knpwledge | Justified knowledge

structure struciure
Activate .
Focus
1
Problem descriptian Conclusion

Figure 1.3 The explanation based Reasoning Model.



Chapter | Introduction 8

1. Activating knowledpe structures

Activating is an initial sct in the knowledge structure which requires marking
network concepts that match terms of the input description of data that describes
problem, and goal as active. Other activating concepts are via using mechanisms that
trigger activation of associated concepts.

2. Explaining candidate lacts

Explanation starts to work ¢n the activated concepts and its job is to use the
knowledge (and the user, if necessary) 10 justify, and 1o confirm or reject candidate facts
by producing supporting explanations. For example, if two activated facts contradict,
the one with the strongest explanation will be chosen first. The strength of explanatory
support depends on the strength of single explanation chains as well as the number of
alternative explanations that support the fact hold.

The goal of the reasoning process is Lo solve particular subproblems, and to focus on
the pencration of the explanations. 'The outcome of the explanation phase is a coherent
knowledge structure and il is sel (o support hypotheses that are good candidates for
achieving the goal of the reasoning process.

3. Focusing on a conclusion

Fovus is the final step of reasoning; that uses constraints and pragmatic criteria on
the conclusion to check a candidate conclusion, ot to select a conclusion if more than
one candidate came out of the cxplanation phase, While Explanation generaies, support
and evaluates its hypotheses according to whether a conclusion makes sense and may be
useful, Focus refings and adapts the candidate set in order to pick the best (i.e. most
plausible) conclusion.

The three phase model may be applied 1o each reasoning method separately, in order

to specify particular characteristics of cach method. It may also describe an integrated
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reasoning process, by describing the top level process within the same three-phase

model [1].

1.5 Objectives

The primary purpose of the present work is a comparative study of some rcasoning
methads which include (Rule Based Reasoning (RBR), Logic Based Reasontng (LBR),
Frame Based Reasening (FBR), Case Based Reasoning (CBR), Model Based Reasoning
{MBR), and Fuzzy Reasoning (FR)). The sub goals of the work are specified as follow:

1. Providing a framework for describing and explonng all features of different
reasoning schemes. with ecmphasis on benefits, drawbacks, applicability. criteria
of choosing methods for a specific application,

2. Describing some criteria of valuation and companng different rcasoning
schentes used as well to guide designers 1o scleet the appropriate methed for a
particular domain.

3. Providing a case studies that applied to two expert systems for problem solving
that can meet the framework requirement. Both the expert systems should
contain an expressive, extendible representation system for one or more mcthod

of reasoning.

1.6 Related works

The author in [13] presents the comparison between three reasening methods,
RBR, CBR and MBR .In RBR, knowledge was extracted from experis and encoded in
rules. That was often difficulty to achieve. In CBR most (but not all} knowledge was in
the form of cases. CBR needs adaptation rules and similarity metrics and more types of

knowledge, but knowledge was easicr to acquire.



Chapter I Introduction 10

Both MBR and CBR were developed as methods for avoiding reasoning from
scratch. And both compose knowledge into large chunks and reason using the same
chunks. The differences are -mostly the content of the knowledge used and the

conditions of applicability for each knowledge.

Davis &llamscher [37] shows that the advantage of logic as a representation and
reasoning mechanism is the potential for demonsirating the compleleness of the
inferenee procedure . While this can be useful; it does not imply the resulting process in

a complete form.

Negnevitsky [30] discusses the conventional programs the process data using
algorithms, or in other words, a series of well defined step-by-step operations. An
algorithm always performs the same operations in the same order, and 1t always
provides an exact solution. Unlike conventional programs, expert systems do not follow
a preseribed sequence of steps. They permit inexact reasoning and can deal with

incomplete, uncertain and fuzzy data.

Benjamin Kuipers [9] argues that Qualitative reasoning is one of the most
vigorous areas in Al. Qualitative models arc more able than iraditional models 1o
express stales of incomplete knowledge about continuous mechanisms. Qualitative
simulation guarantees to find all possible behaviors consistent with the knowledge in
the model. This expressive power and coverage are important in problem-solving for
diagnosis, design, monitering, and explanation, In [18] qualitative simulation cnables
computers to simulate dynamical systems and to yield useful predictions even in those

cases where only very rough and incomplete descriptions of sysiems exist.

According to Luger [19): "One of the most subtle and critical issue raised by case
based reasoning (CBR) which was the concern of defining similarity. Although the

notion that similarity is a function of the number of features that two cases have in



Chapier 1. Introduction i1

common is quite reasonable, it masks a number of profound subtleties. For example,
most objects and situations have an infinite number of potential descriptive properties,
case based reasoners typically select cases on the basis of a tiny retrieval vocabulary.
Typically. case based rcasoners require that the knowledge engineer define an
approptiate vocabulary of highly relevant features. Although there has been work on
enabling a reasoner 1o determine relevant features from its own experience, determining

relevance remains a dilficult problem”.

Leake [14] identifies five main problems in Al that can be improved by CBR:
knowledge acquisition, knowledge maintenance, increasing problem-solving efficiency,
increasing quality of solutions, and user acceptance. Leake explains how CBR attempts

to avold such knowledge-related problems by assuming that there are few domain rules.

D’Ambrosio [8] extends qualitative perturbation analysis with fuzzy linguistic
variables, applies the fuzzy number concept to dynamical system simulation and
suggests that not only state variable values, parameter values, inputs and outputs, but

also model and algorithmic structure can be made fuzzy.

According to W.Xijun [49], Casc-Based Reasoning is dilferent from other Artificial

Intelligence approaches in the following ways:

» Traditional Al approaches rely on general knowledge of a problem domain and tend
to solve problems on first-principles while CBR systems solve new problems by

utilizing specific knowledge of past experiences.
« CHR supports incremental, sustained learning. Afler CBR solves a problem, it will

make the problem available for future problems.

Karamouzis & Feyoek [6] show that the integration of CBR and MBR enhances
CBR by the addition of a model that aids the processes of matching, adaptation; and

enhances MBR by the CBR capacity to contribute new links into the causality model.
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1.7 Thesis outline

The topic of this thesis work is to define inference, reasoning metheds and the
identification of the role plaved by Artificial [ntelligence technologies. We intend to
explore all features related to reasoning schemes which process the previous features.

Therefore, the main theme of this thesis is to explore all features of different
reasoning schemes with emphasis on benefits, drawbacks, applicability. and criteria of
choosing methods [or a specific application.

The work is divided into six chapters:

Chapter 1: Introduction: ‘This chapter presents a preliminary study related to the
thesis topic.

Chapter 2: Exact Reasoning Methods: This part of the thesis discusses the different
quantitative reasoning methods namely by rule based reasening, logic based reasoning,
and frame bascd reasoning.

Chapter 3: Inexact Reasoning Methods: In this chapler gives other reasoming
methods such 2s mode] based reasening, case based reasoning, and fuzzy reasoning.

Chapter 4; Comparison of Reasoning Methods: This chapter is considered as a main
contribution of my study. In particular, we will deseribe sume eriteria of valuation and
comparison between different reasoning schemes which are used to guide designers to
select the appropriate methed for a particular domain,

Chapter 5: Design and Implementations of the Case Studies; This chapter intends 1o
explore all the mentioned reasoning schemes by showing their applicability in differcnt
domains through a case study applicd on selected methods.

Chapter 6: Conclusion: This chapter presents the resuits of the study, presents the

scope for future research in this area.
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Exact Reasoning Methods

Reasoning methods, problem solving. is a very important feld in artificial
intelligence. The methods are used to give 2 complete representation and to support
much of our knowledge-based reasoning or to provide information about the state of s
problem solving and the explanations of the cheice and decisions that the programs

made.

In this chapter, a number of basic approaches will be used to represent knowledge
and reasoning methods will be also considered such as: rule based reasoning, logic
based reasoning, and frame based reasoning. These methods can be considered
depending on the availability of data. Moreover. we will summarize the strengihs and

weaknesses of each approach to the problem solving domain.

2.1 Rule-Based Reasoning (RBR)

2.1.1 Introduction

A particular type of reasoning uses "if-then-clse" rule stalements, as mentioned
above. Rules are simply patterns. These pattemns could be searched via inference engine
in the rules that match patterns in the data. The "if" means "when the conditien is true”,
and "then" means "take action A" and the "else” means "when the condition is not true

take action B with the rule”.

A rule-based reasomer (or production svstem) typically comains three main
components ordered as follows [34]:

1. A setof rules,
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2. A control structure to guide the reasoning process, and

3. Working memory,

Rules have the general form IF {conditions} THEN {actions}. Warking memory
contains information about the current state of the problem solving process. Inputs may
come from cither the user or the reasomng that the system has already undeniaken and
stored as object-atiribute-value triples. A rule is fired when the conlents of working
memory match cither the condition set for that rule, or the action set [or that rle. The
control structure has the task of determining which rule to fire during 2 machine cyele,
If there is more than one candidate rule, a set is formed and then the task of controi

structure will resolve the conflicung which determine which tule to fire first,

The strength of a rule-based reasoming is in a high abstraction level. Knowledge can
be declared in a very comprehensive manner, making it possible and easily to verify the
knowledge base {rule) with (human} domain experts; it also gives explanations for the

given answers in the form of inference traces [34].

2.1.2 Rules as a reasoning technique

Any rule consists of two main parts: the IF subpart called the antecedent {primes or

condition) and the THEN subpart called the consequent {conclusion or action).

The basic structure of the rule is:

[F < antecedent>
THEN < consequent >

A rule can have multiple antecedents joined by the keywords AND (conjunction),

OR {disjunction) or a combination of both joins. It is a good habit tc avoid mixing both
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conjunctions and disjunctions in the same rule. The consequent of the rule has multiple

¢clauses:

[F < antecedent 1>
AND < antecedent 2>

OR < antecedent 3>

AND < antecedent n =
THEN < consequent | >

< Consequent 2=

< Consequent >
Rules can represemt relations, recommendations, directives, strategies and heuristics

(30].

Relations
IF the 'fucl tank' 15 empty
THEN the car is dead
Recommendations
[r the season is autumn
ANID  the sky is cloudy
AND  ihe lorecast is drizzle
THEN  the advice 1s 'take an umbrella’
Directives

[F the spill is liquid
AND  the 'spill PH'< 6
AND  the 'spill smell’ is vinegar

THEN the 'spill matenal’ 1s "acetic acid'.
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Strategies
IF the car is dead
THEN the action is 'check the fuel tank’,
Step 1 1s complete
IF Step 1 is complete
AND  the 'fuel tank' is full
THEN the action is 'check the battery';
Step 2 is complete
Heuristics

[F the car is dead
AND  the ‘fuel tank' is empty

THEN the action is 'refuel the car’
2.1.3 Reasoning strategics in Rules

There are two basic reasoning methods where Rules can be forward-chaining, also
known as data-driven reasoning, because they starl with data or facts and look up for
rules which can be applied to the facts until the goal is reached, Rules can also be
backward-chaining. known as goal-driven reasoning; it started with the rules applicd in

a particular goal until a conclusion is reached [34].

2.1.3.1 Forward chaining (Data Driven Reasoning)

The first method starts with the known facts and applics rules in order o eventually
reach the goal of conclusion [34]. The data driven approach, or forward chaining, uses

rules similar to those used for backward chaining, in case of different inference



Chapter 2: Exact Reasoning Methods 17

processes, The system keeps track on the current state of problem solution and looks for

rules which will move that state closer to the final solution [22].

For many problems it is not possible to enumerate all of the possible answers before
the system selects the correct one. For example, configuration prablems fall in this
category. These systems might put components in a compuler design circuit boards, or
lay oul office space. Since the inputs vary and can be combined in an almost infinitc

number of ways, the goal driven approach will not be working [34].

Suppose the database initially includes facts such as A, B, C, D and E, and the

knowledge base contains only three rules:

Rule 1. IF Y 18 true
AND  Distrue
THEN £ istruc
Rule 2 IF X is true
AND Bistrue

AND  Eistrue

THEN Y s true
Rule 3: IF A LS true

THEN Xistrue

Here we will discuss the above example via using forward chaining. Lot us fiest
rewrtite our rules in the following form. Figure 2.1 shows how forward chaining works

for this set of rules.

Rule : Y& D — £

Rue2: X&B&E—Y

Rule 3: A — X

Let us also add two more rules:
Rulg 4: C — L

Rule5: L&M—N
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Figure 2.1' Forward chaining strategy.
The reasoning starts from the known data and proceeds with that data. When fired,

the rule adds a new fact in the database. Any rule can be exccuted only once . The match

fire cycle stops when no further rules can be fired.

* in the first cycle, only two rules. Rule 3: A — X and Rule 4: C — L. matches
the facts in the database. Rule 3: A — X is fired first as the topmost one .The IF
part of this rule matches the fact A in the database, then the THEN part will be
executed and new fzct such as X will be added to the database .Thercfore, Rule
4: C — L is fired and the fact L is also placed in the database.

= In the second cycle , Rule 2: X & B & E — Y is fired because of the facts B,E
and X arc already in the database .also the consequence fact Y is tnferred and
added to the database as well. This in tum causes Rule 1 Y & D — Z 10
execute, which will place the fact Z to the database. Finally the match fire
cycles stop because of the IF part of Rule 5: L & M — N does not match all

facts in the database and that causes Rule 5 not to be fired [ 30].

! This figure is borrowed from [30).
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2.1.3.2 Backward chaining (Goal Driven Reasoning)

Backward chaining, or goal-driven reasoning, is an efficicnt way to solve problems

that can be modelled as "structured selection” problems. Structured selection of the

problems plays a main aim in the system by picking the best choice from many

enumerated possibilities [22).

'This method starts when the goal recursively selects rules that would deduce a {sub)

goal until the set of goals is completely resolved by a given facts. Of course 4 bi-

directional progress may be also possible [34].

Figure 2.2 shows how backward chaining works, using the rutes lor forward chaining

example. Rule 1: Y & D — Z
Rule2: X&B&E—Y
Rule 3: A — X
Rule 3: C — L
Rule:: L& M — N
e i WY i [N | e “_ﬁ)“%@ﬁgl
ek E--7) LxescE -> b -
[ % -7 e { 5 -v %) Deabne.
[ |
—w T
Krawledgn Bade Fass 1 | Knowiedge Base Pass 2
Go: 2 Sub -gonl. ¥
& !
C vio- z]—-ﬁ)\@@@ | 7] F“ [ O] E
Lx &P E-» T} [ 46 B85 E -» %]
| A =3 3 M— [ Owadawe i A =3 ij=tFne Dtacduce: |
l c +» L] ] Tt 1
[ L&N <> % t T T
oo Boan | Pass 3
Sub-goat: X Mﬂlﬂ Prs 4

Sub-godt X
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Figure 2.2" Backward chaining strategy .

In phase 1, it attempts to infer the fact Z, by searching in the knowledpe base lo
find the rule which holds the goal. In cur case of the fact Z. its THEN part, find
and stacks the Rule 1: Y & D — Z.

In phase 2, set up the sub-goal of the fact Y and tries to determine it at the first
glance in the database, but the fact Y won't be there, The knowledge base will be
searched again for the fact Y in its THEN part, then locates and stacks Rule 2: X
& B & T — Y. The IF part of Rule 2 consists of facts X, B and E and these facts
have to be established.

In phase 3, sct up a new sub-goal, the fact X, and check the database for the fact
X whether it fails or not, and if it fails it will search for the rule that infers X,
and stacks Rule 3: A — X It must eventually determine the fact A.

[n phase 4, find the fact A in the database, and Rule 3: A — X is fired and a new
fact of X is inferred.

In phase 5, return to the sub-goal fact Y and once again tries to execute Rule 2:
¥ & B & E— Y. Facts such as X, B and E are in the database and thus Rule 2 is

{ired and a new fact of Y is added to the database.

! This figure is borrowed from: [30).
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« In phasc 6, the system returns to Rule 1: Y & D — Z and tries to establish the
original goal of the fact Z, the IF part of Rule 1 matches all facis in the database,
Rule 1 will also be executed and thus the original goal is finally established as

well [30).

2.1.4 The advantages of Rule Based Reasoning

1. The ability to use RBR, in a very direct fashion, requires experiential
knowledge from human experts. Particularly it is important in the domains
of relying heavily on heuristics to manage complexity and/or missing
information,

2. Rules map the state space search with explanation facilitics and support
debugging.

3. The separation between knowledge and controt simplifies development of
the expent sysicms cnabling an iterative development process where the
engineer acquires, implements, and tests individual rules.

4, Good performance is possible with limited domains in case of applying
intelligent problem solving on large amoums ol knowledge. Moreaver,
expert systems are limited to narrow domains. However, there are many
domains where o design of an appropnate system has proven extremely
useful,

5. Good explanation facilitates. although the basic rule-based frame work
suppons flexibility, problem specific explanations. It must be mentioned
that ultimate quality of these explanations depends upon the structure and
content of the rules, Explanation facilities also differ widely between data-

and goal-driven systems [19].
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6. Natural knowledge representation: Expert systems uvsvally explain the
problem solving procedure with such expressions an this: ‘in such-and-
such situation, I do so-and -so'. These expressions can be represented
quite naturaily as [F-THEN rules.

7. Uniform structure: Rules structured via have a unitorm of [F-THEN
structure. Each rule 15 an independent piece of knowledge .The very
synlax of productien rules enables them to be sell documented.

8. Dealing with incomplete and uncertain knowledge. Rules can be capable
of representing and reasoning with incomplete and uncertain knowledge

[30].

2.1.5 Disadvantages of Rule Based Reasoning

1. Ofien the rules obtained from human experts are highly heuristic in nature,
and do not capture functional or knowledge based model of the domain.

2. Heuristic rules tend 10 be “brittle” and cannot handle missing information
or unexpected data values.

3. Another aspect of brittleness of rules is tendency to degrade rapidly near
the “edges” of the domain knowledge .Unlike humans, rule-based systerns
arc usually unable 1o fall back on the first principles of reasoning,

4. Explanation function at the descriptive level only omitied theoretical
expiations. These expiations follow from the fact that heuristic rules
gaining much of their power by a directly associating problem symploms
with in the solutions without regquinng deeper reasoning,.

5. The knowledge tends to be wvery 1ask based. The lormalized domain

knowledge tends to be very specific in its applicability {19].
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6. Opaque relations between rules: Although the individual rules tend to be
relatively simple and self-documented their logical interactions within the
larpe set of rules may be opaque.

7 neffective search strategy .The inference engine applies an exhaustive
search through all the rules during each cycle.

8 Inabilities to leamn. Rule reasoning cannot automaticully modify its

knowledge hase, or adjust existing rules or adding new rules instead [30].
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2.2 Logic Based Reasoning (LBR)

2.2.1 Introduetion

The approaches to the problem solving in our logic based presentation will be
predominant into logic, These pieces of knowledpe are explicitly used in reasoning to
define a very dificrently depending on the context of the understanding of reasen as a
form of knowledge. The Logical definition is the act of using reason 1o derive a
conclusion from certain premises, using a given methodology. We will use the two
common explicit methods to reach a conclusion, which are deductive and inductive
reasomng (47].

More over. we will discuss some nature representation languages, and some logical
languages used in particular, We will also explain in detail the connection between the
logical language and the reasoning mechanism that goes with it. Representation and
reasoning support the operations of knowledge based system where the knowledge
representation language is defined by two aspects described as follows:

e The symtax of the language describes the possible configurations that can

constitute sentences.

e The scmantics determines the facts in the word to which the sentences refer: each

sentence that makes a claim about the word.

We will call the language as a Logical language if the syntax and semantics of the
language are defined precisely. Also the syniax and semantics can derive reasoning
mechanism for a system that uses the logical language (hat explains hew these syntax
and semantics stand for.

We rceall the semantics (rom the language. The language determines the facis to
which a given sentence refers (sce Figure 2.3} It is important to distinguish between

facts and their representations. Facts are parts of the word .We cannot put them all
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inside a particular computer, where ail reasoning mechanisms must operate on
representing of facts, rather than on the facts themselves. In general definition,
reasoning must be a process of constructing new configurations from old ones. But
proper reasoning should ensure that the new configurations represent facts that are
actually followed from the facts that the old configurations represent.

The connection between sentences and facts is provided by the semantics of the
language. The property of a single fact followed from some other facts is mirrored by
the property of ong sentence being entailed by some other sentences. Logical reasoning

penerates new sentences that are entailed by existing sentences.

Scntences - *  Sentence
Entails
: ¥ A
Representation 3 5
........... I S SRR USRS 5 SR
Ward o o
1] 1]
¥ L 4
Facts Fact
.
Follows

Figure 2.3 'The connection between sentences and (nets.

Logical reasoning is 2 process that implements the entailment relation between
sentences (44],

We began our explomtion of logical reasoning with the statement that reasoning
diagram is used to process for connecting experience, data, axioms and premises on the
one hand side, to conclusions, judgmenis, estimates and inferences on the other hand

side. which schematized reasoning in 1emms of the following diagram:

' This figure is borrowed from [44].
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This is an important lesson that we have leamnt from our examination of reasoning
systems when such premise-conclusion pairings have 10 be sanctioned by a sct of rules

of inference that we consider acceptable. Therefore. one of 1he central ingredients of

reasoning is a set of acceptable rules of inference [28].

A logic based inference procedure begins with a set of axioms and a theorem that
proved {(or refuted). 1f a logical represenlation is completed, then all the logical
consequences that follow (rom the axioms are derivable (as theorems} [401.

The discipline of mathematical logic, in particular symbolic logic, is a subset of
discipline in discrete mathematical form. A systematic study of symbolic logic dates
back to Aristotle. Therefore, subject of symbolic logic is only one component of Aland
has some limitations. [t is presented for several reasons first of all, In the first place,
logic is familiar to most enpineers and computer scientists. The second reason is, more
importantly, symbolic logic facilitates knowledge- manipulation strategies with solid

mathematical underpinnings.

The arguments helieved somewhat true, are not sufficient reason Lo dismiss logic s
useless ot Al system development. {t seems to be a little reason to develop Al systems
that formulate illogical conclusions.

The broad objective is to consider mathematical formalisms of logic that could
develop mechanisms to represent and manipulate entitics known as statements, facts or
stretching things in knowledge. Since statements have deeper meaning than groups of

words or logic values in this stage the representations are considered as "shallow™,
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which do not allow the explicit integration of "common sense,” nor do they invoke

broad concepts or well-known scenanos that is to the statements [40].

In traditional propositional logic we combineg unrclated propositions inte an
jmplication, which do not assumc any cause of effect relation o exist. Logical
reasoning is the process of combining given propositions inte other propositions, which

is doing this over and over again [35].

2.2.2 Reasoning strategies in logic

Typicatly, logic based inference procedure begins with a set of axioms in theorem to
be proved {or refuted). If a logical representation is completed then all logical
conscquences that follow from the axioms are derivable {as theorems) [40].

The fundamental axioms of traditional propositional logic are [35]:

1) Every proposition is either true or false, (luws of contradiction and excluded

middle). 2) Expressions given to delined terms are proposilions. 3) The truth tables

for conjunction, disjunction, implication, equivalence, and negation are used to
derive many interpretations of preceding operations which can prove relationships
between them.

To summarize the reasoning strategies in logic, we can assume that logic consisis of
the following [44):

1. A forma! system for describing state of affaurs, consisting of’
e ‘The syntax of the language, which describes how to make sentences,
s ‘The semantics of the language, which siates the systematic constraints on how

sentences relate to state of affairs.
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2. The proof theory which is a set of rules for deducing the entailments of a set of
SenMences.
2.2.2.1 Inference rules

Inference is a typical step in logical denvation to proof a theorem that is a logical
derivation of a lheorem from a theory that is assumed to be consistent and completed
[1]. Inference is an act or process of deriving conclusions based solely on what one
alrcady knows. Especially in mathematical logic a rule of inference is 1 sub scheme for
constructing valid inferences. These schemes estabiish syntactic relations betweeh a sl

of formulas called premises and an assertion called a conclusion.

In the seiting of formal logic (and many related areas), rules of inference are usuaily

given by a standard form as follows 147]:

Premise # 1

Premise # 2

Premisc # n

Conclusion

Prominent examples of rules via inference in logical reasoning depend on types of
reasoning that can be used. Descriptions of these types of reasoning are discussed in the

next seclion.

2.2.3 Types of Logic Based Reasoning

2.2.3.1 Deductive Reasoning

In deductive reasoning, true premises, must follow it true conclusion and it cannet

be false. This type of reasoning is non-ampliative . it does not incrense anc's knowledge
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vase . since the conclusion is inherent to the premises . Deduction is based en universal
inference rules which are like modus ponens that is a very common form of reasoning,
often abbreviated to MP, and takes the following form [47].

If P, then Q.

P.

Therefore, Q.

The argument form has two premises. The first premise is the "if-then” or

conditional claim, namely that P implies Q. The second premise is that P, the antecedent
of the conditional claim, is true. From these two premises it can be logically concluded

that Q, the consequent of the conditional ¢laim, must be true as well.

flere is an example of an argument that {1ts (he form modus ponens:

If today is Tuesday, then 1 will go to work.
Today is Tuesday.

‘Therefore, [ will go to work.

Therefore, il scems natural to apply logic-based reasoning mechanisms in
knowledge-based systems in forward-chaining mannet, j.e., to starl a given knowledge
buse and/or with an expression it must determine the logical consequences [47].

Deductive reasoning is a strong method and its applicability for reasoning is limited
to assumptions that do not generally hold for rea! world situations: A world - typically
assumed to be closed - where all phenomena hold (for all properties of concepts) are
either true or false, and a consistent domain theory by which any proposed fact (L.e.
proposition) may be proved to be true or false. However, even if knowledge in general

does nol fit into the requirements of deductive reasoning, but some parts or types of
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knowledge may do so, in which case much is gained if deductive methods can be

applied to that subset of knowledge {1).

2.2.3.2 Inductive Reasoning

In inductive reasoning, when the Prenises are 1rue, then the conclusion lollows with
some degree of probability. This method of reasoning is implicative as 1t gives more
information about the contained of the premises themselves. A classical example for
inductive reasoning is [47]:-

If P,
Then Q.

If the sun rose in the east every morning untill now,

Therefore the sun will rise in the easl also tomorrow,

An inductive conciusion should therefore be supported by 2 justification. An
inductive inference step may be expressed as:
Example:
All observed crows arc black.
therefore
All crows are black.
Inductive reasoning particwlarly is related for leaming of general knowledge irom
observing examples {instances) and counter-cxamples. On the other hand, as we know
deductive Reasoning is the opposite of Inductive Reasoning which means that deductive

reasoning starts with a general statement. Morcover in Deductive Reasoning we can go

from the general statement to a particular fact or conclusion [1].
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2.2.3.3 Abductive Reasoning

A third method of reasoning is called abductive reasoning, or inference 10 the best
explanation. This method is more complex in its struciure and can involve both
inductive and deductive arguments. The main characteristic of abduction y5 that # is an
attempt to faver one conclusion above others by either artempting 10 falsify alternative
explanations, or showing the likelihood of the favored conclusion piven a set of more or
less disputable assumptions [47]. A simplified way to express abductive reasoning is n
the follows example:-

i all eats die.
Socrates is dead.

‘Therefore, Sacrates i$ a cat.

An abductive reasoning does not guarantee the truth of the outcome based on the
truth of the inputs. There may be a lot of reasons for abdominal pain, appendicitis is
only cne possibility. An abductive conclusion therefore has to be supported by an
explanation that leaves the particular conclusion as a best choice. Abduction is also
called plausible infercnce that is closely tied to generation and evaluation of
explanations [1].

Abduction is considered to be the kind of inference typically made in diagnosis (at a
top level, at least) where a set of symptoms infer a faull by being exptained by the fault,
j.e. by generating a plausible argument that supports a particular fault and weakens of
competitive fault hypotheses.

Abduction and induction are fundamentally different [rom deduction, since they do
not guarantee that the inferred results when it is true. Induction is similar to abduction in

the form of the truth of premisses where does not guarantee the truth of the conclusion,



Chapter 2: Exact Reasoning Methods 32

The advantage of inductive and abductive reasoning methods is that they are not
necessarily subject to the limitations of first order logic where the word may be viewed
as a more realistically as an open, dynamically changing environment. Concepts may be
described in terms of typical features or default values which may be inherited to more
specific concepts, and replaced by local values if these later become available. A
disadvantage is that the particular inference methods necded have to be defined by (he
system developer, leading to a complex and often unclear definition of knowledge
semantics.

Based upon the three inference types described, a range of reasoning methods that
has been developed in AL An inference methed specifies a way to derive new
information from existing knowledge in an actual representation system. Inference
methods may be put logether to formalize inference structures in a goal-vricnted,

complex inference structure [1].

2.2.4 Advantages of Logic Based Reasoning

1. High representationat adequacy. The formalism is very general. It is independent of
the type of knowledge represented as a modular knowledge. The Knowledpe is
represented in distinet units, where each fa¢l being truc and independem of other
represented facts.

2. High inferential adequacy. Many general inferential procedures exist in knowledge.

3. Very low inferential efficiency. It ignores the problem of relevance of certain facts
in certain given situations. it tries to use all the applicable facts. 1t uses only general
heuristics as, for instance. preferred usage of simpler facts. Another cause of
inferential inefficiency is the generality of the inference procedures that do not take

into account that specific knowledge to the represented domain.
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4. The acquisitional efficiency is high. New knowledge could be casily added to the
syslem because of the modularity of the representation which simplifies very much
the problem of integration of the new knowledge into the existing knowledge [43].

5. Logic-based reasoning formalism is that it provides backward deductive reasoning
procedures; us a logic-based user modeling system that naturally offer the option of
employing backward inferences for query answering |47].

6. Logic allows us to get across all the important points about what logic and how it
can be used to perform inference that eventually results from action. The main
problem is that there are just too many propositions te handle.

7. Different logics make different commitments about what the world is made of and
what kinds of beliefs we can have regarding facts.

8. Logics are useful for the commitments, They make the lack of commitment that
gives (he knowledge base writer more freedom.

9. Defining logic that fits for the use of logic which derives false or contingent
conclusions from premises that are not logically necessary. A definition in terms of
logical truth may seem to exclude that possibility. However, when we ask what was
the proof conclusively demonstrates that are nol simply able 1o tic the conclusion.
Assured conclusion follows from the premises and hence would be true if they were
be true The deductive content is expressible as a single proposition (usually an

entailment) of that we can expect to be logically true [17].

2.2.5 Disadvantages of Logic Based Reasoning

1. §lumans do not always reason by making logical infercnces.

2. Logic is too rigorous, and inflexible, to be use in all Al problem domains.
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3. In logic-based representations, facts are stored as axioms .An axiom is a
statement that is always truc.

4. A disadvantage of identifving logic with metheds is a pessible difficulty in
encompassing areas where there are no methods. If a definition of "logical
ruth” is desired (possibly in connecnon with establishing the correciness of (he
methods) some difficully may be expected if starting from this point [17].

5. Indivisible propositions; Propositional logic assipns truth values to entire
propositions. Propositional ogic is not capable of analyzing the components of
that proposition.

6. Incapable of dealing with quantifiers: Another major limitation of propositional
logic is that it is incapable of dealing with quantificrs such as "all" or "some.”

7 The combinatorial explosion is one of the critical problems in logic based
reasoning, however, if there are many antecedent conditions tequired, for
example, to classify a phenomenon into its appropriatc sociological category.
This may lead to a combinatorial explosion of possible combinations of

conditions [43].



Chapter 2. Exact Reasoning Methods 33

2.3 Frame Based Reasoning

2.3.1 Introduction

In which we introduce frames as one of the common methods used for representing
knowledge and reasoning. Frames arc a4 Common way of representing information, first
proposed by Marvin Minsky in the 1970s.

A frame-based representation facility contributes to a knowledge basc system’s
ability to reason and can assist the system designer in determining strategies for
controlling the system’s reasoning [39). A frame is a data structure with typical
knowledge about a particular abject or concept [30).

A frame is an abstract data type represented in a schema, or structure thot governs
where they exist in hicrarchy to one another. Boarding passes shown in figure 2.4
represent frames with knowledge about airline passengers. Where both frames and
knowledge have the same struciure.

Frames can contain properties and methods that describe the frame. A frame that has
information filled in it is called an instance of that frame. The development of ohject-
oriented programming practices has helped to foster new functionality in frame-based
expert systems. Frames arc a natural way of representing real-life objects, while object-
oriented programming was developed for the same purpose. Tt does this by having a
number of attributes or slots, cach of which can be given as a particular value.

Obviously, it is not necessary to use frame-based reasoning or any other tool.
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Figure 2.4 Boarding-pass frames.

Fach slot in a frame contains a value, either directly or indircetly. Specifically, the
contents of a slot can be one of the following:
i} A pure value, normally either a string, Boolean. or number. Numbers can
include real numbers, integers. or enumerated values.
2) A pointer to another frame that contains a value to be used. This might be a
method for providing inheritance within the frame structure.
3} A facet, which is a mcans of providing extended knowledge about an
attribute of frame. There arc three 1ypes of facets:
o Value facets, prompt facets, and inference facets.
o Value facets can be used to compute values that should be placed in the
slots.
o In graphic applications. the value facet might be a procedure for drawing
a figure associated with the slot,

o Prompt facets can be used to allow the user (o input values.
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o Inference facets apparently provide a break mechamism for debugging
rule-based systems.

i addition, slots can contain some additional informatien.

o A default value, which is taken to be true when no evidence is present Lo
indicate another specific value.

¢ A range for the slot value, which is used 1o constrain the values that can be
placed in the slot.

e One of several types of procedures, including procedures to be activated
when the value of the slot is changed and procedures to be activated when
the value is peeded, called WHEN CHANGED and WHEN NEEDED
procedures respectively,. A WHEN NEEDED procedure allows for
evaluation — the value is nol computed when the frame is created, bul only
when the value is used by a rule, These procedures are often cilled
demons [30].

There are different kinds of slots:

«  Atribute-value pair: can have different Kinds of filler, like a pomitive of the
language or a pointer to another frame in the knowledge base.

s Restrictions on the values of a slot, such as logical cennectives, functions or
predicates, an instance of another class-frame.

= A procedure, which can be a servant (if it is possible to compute the value when
needed) or a demon (which is called whenever the slot value changes). This lype
of representation is called procedural atiachment.

= A superclass slot {for class frames) or a member-of slot {for instance frames)

(211,
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Facet is a means of providing extended knowledge about an attribute of the frame.
Some situations can be seen from more than one perspectives. This can be represented
by allowing super links to connecl to mere than one other frame. In Minsky's original
coneeption, some slots cannot be overridden by other values when inheriting. This
property is mostly lost in other frame systems (211

Frame-based representation is a development of semantic nets and allows us to
express the idea of inheritance.

As with semantic nets, a frame system consists of a set of frames (or nodes), which
are connected together by relations. Each frame describes either an instance (an nstance
frame) or a class (a class frame).

Thus far, we have said that instances are “objects” without really saying what an
object is. Ln this context, an object canbe a physical object. such as a color, a shape, and
a place, a situation, and a feeling. Frames are thus an object-oriented representation that
can be used to build expert systems.

Fach frame has one or more slots, which are assigned slot values. This is the way in
which the frame system network is built up. Rather than simply having links between

frames, each relationship is expressed by a value being placed in a slot [7].

2.3.2 Reasoning with frames

In order to retrieve information, the type of reasoning in frame systems is often
recognition.{ the comparison of new objects by known ones). There are three comman
forms of reasoning used by frames: matching, inheritance, and the use of procedural

rules embedded 1n frames.
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2.3.2.1 Matching

Matching is the first sicp in the reasoning process to discover which frames can be
applied to the current situation. Matching in frame systems is more difficult than that in
production rule systems, because of the following reasons:-

(1) Frames are complicated structures,

(2) Slots can have default properties, and

{3) Perfect matches are rare (whereas in the other systems, it is clear-cut when
one has a match or not}.

Once a frame is proposed to represent a situation, the matching process iries to
assign values to each frame's lerminals, consistent with the markers at each place. The
matching process is partly controlled by information associated with the frame (which
includes information about how to deal with surprises) and partly by knowledge about
the system's current goals, There arc importance uses for the information, obtained
when & matching process fails; it can be used to select an aiternative frame that better
suits the situation.

The reason matching is so powerful because it permits frames to represent a great
deal of information very efficiently. For example, a frame representing specific piece of
equipment in warehouse knowledge cloud by deflault if we assume that the equipment is
assembled in a proper working order.  Default knowledge cotresponds to the most

common slate in the population of items represented, in a most eflective manner [21].

2.3.2.2 Inheritance

One of the most powerful forms of reasoning in frames is the inheritance.
Specialized frames can "inherit” properties of more general frames. This permits great
cconomics of representation since many specialized frames can inherit the propertics of

a few more general frames by default without requiring those properties to be defined in
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each instance. Only when the default properties are not inherited there is a need for an
explicit statement in the knowledge base.

For instance: compuler system will iry 10 return a value for a slol even when il is
not provided. The super classes of the frame will searched. This can happen with
breadih-first search or depth-first search or with other searching methods. Depth-first
scarch is more efficient than breadth lirst search; breadth-first search always return the
most specific value. Another advaqtage of using depth-first search strategy is that depth-
first end up to join {211

Inheritance is the process of a sub frame taking on the characteristics of the parent
frame in the tree. Inheritance does not always work in the proposed manner, In the child
frames, there is a possibility of a drastic difference from the parent in the tree. In the
canine in the tree frame, there may be a property of number of legs. This should be a set
to four legs. However, there is the possibility of having an instance node of dog that

only has three legs. Child frames can overwite inherited properties explicitly [46].

2.3.2.3 Using Procedural Rules in Frames

Frames can be used to represent both declarative knowledge (e.&., facts such as who.,
what, where, when, etc.) and procedural knowledge. Procedural knowledge is oflen
represented by production rules where procedures are altached to specific slots or entire
frames. A common method is to use demons--procedural rules executed only if certain
conditions are found 1o be true. Demons include rules for determining the value of a
frame is unknown and needed rules 10 be fired if the value in a common slot changes
[21].

[n general, a demon has an IF-THEN structure it is executed whenever an attribute

i the demon's IF statement changes its value, Rules often use pattern matching clauses
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\hat containing variables that arc used for finding matching conditions among all
instance-frames.

Most frame based reasoning uses two types of methods: WHEN CHANGED and
WIIEN NEEDED .A WHEN CHANGED is executed when the value of s antribute
change. Where as the WHEN NEEDED is exeeuted when information associated with a
particular attribute is needed for solving the problem, but the attnbute value is
undetermined.

Demons and methods are very similar, and the two terms are often used as
synonyms. However, methods are more appropriate if we need to write complex

procedures. Demons on the other hand are usually limited to IF-THEN statements [30].

2.3.3 Advantages of Frame-Based Reasoning

1. A frame based representation is a conceptual object related to a frame that can
be easily accessed by looking in a slot of frames {where there is no need, for
example, to search the entire knowledge-base) [24].

9. Frames are arranged in a hierarchical manner such that they can inherit
relationships from other {rames, and allow the representation of diffcrent
knowledge types.

1. Frames facilitate faster searches of the knowledge base through the concise
and compact representation of information.

4. Frames permit the representation of inheritance relationships among objects.
Inference can be efficiently supported in the frame based reasoning, where
inheritance is quite natural [3].

5 Frame-based reasoning captures (he way in which experts think shout their

domain, Frames are simple and casy for humans to understand.
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6. Domain experts use comparison with known things for describing new ones.

7. The taxonomic structure of the inference mechanism (inheritance) for many
applications in frame systems strike the right balance between cxpressive
power and efficiency.

8. Default reasoning, information. if'it cxists. and stored with the object and thus
retrieved first. 1t can be decided that this information is present, S0
undecidability does not arise here, although we will sometimes have 1o
conclude that we do not know the answer [21].

9 Frames offer us a powerful tool for combining declarative and procedural
knowledge. although they leave the knowledge engineer with difficult
decisions 1o make about the hierarchical siructure of the sysicm and s
inheritance paths | 3}.

10, Easier structuring, abstracting which means that the knowledge can be
structured and organized hierarchically to inherit procedural or declarative
knowledge in less number of cases. Faster retrieval reduces complexity.

11. Appropriate  classification in a single class and easy classification of
knowledge can be used to contain defaull values that can constrain allowed

values clearly ducumented [30].

2.3.4 Disadvantages of Frame-Based Reasoning
1. Procedural attachment: It provided a translation for the procedures into logics or by
giving up the enterprise to handle the procedural aspects in another way.
2 It is not clear how one could distinguish between a member and an owner of the

siots. Owner's slots in the class frames cannot be dealt with in the frame work.
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3. Disjunctions between values of different slots cannot be expressed in frame-based
reasoning.

4. Existential knowledge is not in the scope of the universal quantifier that a problem
such as a murderer in the detective story. who is unknown. In a {frame based
reasoning, an instance frame for the murderer would be distinct from all suspects’
frames),

5. Nuot al.l frame-based in Knowledge Representation languages will be used only as a
default inheritance [21].

6. Negation cannot be represented, and disjunction cannot easily be represented as
well. That means qualification is not a part of the language and the difficulty
modcling of n-ary relations will appear as well.

7 Problems encountered when we building 2 frame systems if the following cases
hold:

e Classes arc not defined at useful Tevels of abstraction.

»  Qverloading of concept definitions has been done [21 ).

I

. Difficult to define appropriate frames — requites a lot of domain knowledge, to deal
with multiple faults if they are not independent.
\0. §t could be inefficient at runtime which lead to “procedural fever” and Highly
iterative csign process.
11. The design must be created carefully to suitable taxonomies [21].
12. Frame based systems hardly distinguish between essential properties (those that an
instance must have in order o be considered as a member of a class} and
accidental propertics (those that all the instances of a class just happen to have)

{30].
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Inexact Reasoning Methods

The process of reasoning with uncertain, vague, and incomplete information is
known by several different names depending on the emphasis of the authors and the
types of uncertain information under consideration. These names include evidential
reasening, approximate reasoning, uncertain reasoning. and probabilistic reasoning.
There have recently been a number of heated debates in the literature which argue
strongly for one method over one or more other methods. The implication of these
articles is generally that one of these methods is inherently superior [or representing all
lypes of uncertainly in experl systems,

Although it might be most convenient to identify one technique that could be used
consistently for the cxpert system. We do not have a priority limited to ourselves for
using a single method of representation for all uncertain information in the demain, We
will consider a limitation using multiple methods if that approach has clear advantages
and also if techniques can be developed for integrating the different representations,

[n this chapter we consider methods for reasoning when our knowledge is unreliable
or incomplete. Also we are looking at how we can use previous experience to reason up

current problems.
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3.1 Case-Based Reasoning (CBR)

3.1.1 Introduction

Case-Based Reasoning (CBR} is a problem of solving paradigm that solves a new
problem by remembering a previous similar siluation and by reusing information and
knowledpe of that situation [2]. More specifically, CBR uses a database of problem-
solving to resolve new problems. The database can be built through the Knowledge
Engineering (KE) process or it can be collected from previous cases [49).

In 2 problem-solving system, each case would describe a problem and a solution to
that problem. The problem solving methods solve new problems by adapting relevan
cases from the library [2]. CBR can mean different things depending on the intended
use of the reasoning: adapt and combine old solutions to solve a new problem, explain
new situations according to previously experienced similar situations, critique of new
solutions hased on old cases, reason from precedents 1o understand a new situation, or

build a consensued solution based on previous cases [42].

CBR is both, a model of human reasoning. and also a method used to create
“inelligent” systems. As a model of CBR which is based on a number of key
observations stated based on the following:

¢ ‘The first cbservation is the fact that most of the problems decision maker that has

1o handle it isn't unique. When we are encountered with a new problem the

novices and the experts often reason by analogy that comparies the current

situation with carlier problems encountered.

+ The second observation is that when solving new problems, people typically reuse

solutions from similar problems, adapting the solution te swit the current
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circumstances. [n short term, the CBR model of human reasoning suggests that

the people reason by analogy, remembering past experiences [32].

3.1.2 Characteristics of the CBR-Based Reasoning

We introduce some of the most important aspects mainly the benefits that CBR can

provide as a reasoning technique which include the following:

1.

8.

9.

It provides many benefits over other Al-based approaches for easing knowledge
acquisition, easing knowledge maintenance, and increasing user acceptance.
CBR is an approach for developing knowledge-based systems.

CHR is an approach for learning from experience {examples, cases).

CBR is an cxplanation mode! for human problem solving, learning and
increasing problem solving efficicncy.

CBR is a very natural approach for the development of knowledge especially in
the context of teaching and lutoring.

CBR is a knowledpe based extension of the nearest neighbor classilier paradigm
known from pattern.

CBR is a holistic system approach where it is different form many approaches
relawed to machine leaming community that are more oriented towards
developing eptimized algorithms for specific problems and, therefore. do not
consider requirements (for building software systems) in knowledge/software
cngineering very much.

CBR is an open environment for integrating different kinds of techniques.

Knowledge based information retrieval,

10. A case basc becomes useful in the first case to increase quality of solutions.
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11. A case base captures knowledge easily (there is no need to discover complex
interrelationships between cases).

12. Case bases are understandable. [t is logical and easy 1o follow.

13. CBR augments human capabilities (comprehensive case storage and tracking).

14, The case format is flexible and may be modified over 1ime without impacting
the methodoelogy,

15. CHR is amenable to being incorporated into a knowledge management process.

16, The CBR cycle is similar to experience reuse in project management.

17. Organizational learning is similar to the CHR cycle and so can be supported by

CBR technology [411.

3.1.3 The Basic CBR Cycle

The CBBR process can be represented by a schematic cycle, as shown in Figure 3.1.
We described CBR typically as cvclical process comprising in the following steps [2]):
1. RETRIEVE
The CB Reasoner searches the knowledge base to find the most approximate case to
the current sitvation.
2. REUSE
This process includes use the retreved case and adapting it 10 a new situation. At

the ¢nd of this process, the reasoner might propose a solution,
3. REVISE

The proposed solution could be inadequate this process can correct the first

proposed solution.
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4. RETAIN

The new solution as a part of a new case, this process enables CBR to leam and

create a new selution sheuld be added to the case based.

[t should be noted that the RETRIEVE process in CBR is different from the process
in a knowledpe base. If we want to query data. the dalabase only retrieves some data

using an exact matching while 2 CBR may retrieve data using an approximate matching,

As shown in Figure 3.1, the CBR cycle starts with the deseription of & new problem
which can be solved by retrieving previous cases and reusing solved cases. If possible,
giving a suggested solution or revising solution, retaining the repaired case and
incorporating it into the new case based. This cycle will rarely occur without human
intervention which is usually involved in the RETAIN sicp. Many application systems
and 1ocls act as a case retrieval system, such as some help desk sysiems and customer

support systems [49].

Confirmed Proposed
Seluton Solunon

Figure 3.1 The Case-Based Reasoning cycle developed by Aamodt
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The quality of the new case(s) extracted by the CBR depends upon some of the
foltowing criteria [10]:
a) The usefulness of the case(s) extracted and selected,
b) The ease of use this or (these) case(s);
¢) The validity of the reasoning process,
d} The improvement of knowledge through experience.
When setting a CBR one has to take into account some design decisions or static
problems such as follow:
a} How to describe the domain problems?
b) Which will be the case structure?
¢) Which will be the Case Library structure?
d} How to deal with the missing information problem?
¢) CBR will be the crilerion for indexing the Case Library?

f) How to assess similarity between cases?

3.1.4 Main types of CBR methods

According to the methodologies mentioned in [2] there are four different types of
CBR methods, although they share similar features, each of them is more appropnate
[or a particular type of problem. The different four types arc case of exemplar based
reasoning; instance based reasoning, memory-based reasoping, and analogy-based
reasoning.

The term CBR is often used in both first as a generic one for several 1ypes of more

specific approaches, and the second as a single approach. [n its specific meaning,
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typical case usually has a certain degree of richness of information contained in it. and
certain complexity with respect 1o ils intermal organization. General background
knowledge is used during reasoning process in order 10 modify or adapt a retricved
solution when applied in a differem problem-solving context [23].

3.1.4.1 Exemplar-based reasoning

This category of CBR employs nothing more that classification of a new case
based on how previous cases were classified [L1]. In the exemplar view, the concept is
defined extensionally, as the set of its cxemplars. CBR methods that address the
learning of concept definitions.

In this approach, solving a problem is a clussificarion rask, finding the nght ¢lass
for the unclassified exemplar. The class of the most similar past case becomes the
solution to (he classification problem. The sct of ¢lasses constitutes the set of possible
solutions. Medification of a solution found is therefore outside the scope of the CBR
methods [2].

Using the case base, the learner could look for similar moves with similar atiributes
and see how they were classified. Based upon how these were classified, the leaner
could then classify the new more sinilarly [$1].

3.1.4.2 Instance-based reasoning

Instance-based reasoning (IBR) can be considered to be a type of exemplar-based
reasoning in highly syntax-dependent problem areas [23]. This is a specialization of
exemplar-based reasoning into a highly synteetic CBR-approach.

To compensate for lack of guidance from general background knowledge, a
relatively large number of instances are needed in order to close in cn a concept
definition. The representations of the instances are usually simple, since a major focus

to study awomated fearning with no user in the loop. [nstance based reasoning serves
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to distinguish their methods from more knowledge-intensive exemplar-based
approaches [2].

This type of CBR system focuses on problems in which there are a large number
of instances which are needed to represent the whole range of the domain and where
there is a lack of general background knowledge. The case representation can be made
with feature vectors and the phases of the CBR cycle are normally automaled as much

as possible, eliminating human intervention [23].
3.1.4.3 Memory-based reasoning

This approach emphasizes a collection of cases as a large memory. and reasoning
as a process of accessing and searching in this memory. Memory organization and
access 15 a concemn of the case-based methods. The utilization of parallel processing
techniques is a characteristic of these methods which distinguishes this approach from
the others [2].

In memory-based reasoning, decisions are based upon memories of specific events
versus that of using relationships or rules built up from experience. The remindings are
syntaclic in nature versus the rich semantic nature of alternative CBR. methods. Thus,
computational processes that get the leamer of the most relevant cascs based upon a
matching of the index auributes are the ones employed in this method [11]. The
memory-based reasoning hypothesis is (hat reasoning may be accomplished by
searching a database of worked problems for the “best match™ to the problem at hand.
Memory-based reasoning degrades gracefully when it cannot come up with a definitive
answer to a problem: [t may respond that no answer is possible when giving one or
more plausible answers, or asking for more information.

The aim of memory-based reasoning is to {ill in the goal fields of a targel record

by relrieving records from a databuse. The basis of the methed is finding the
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dissimilarity between the target record and each of the data records. The dissimitarity
measure is calculated by assigning 2 weight to each field and the value difference
measure to each value cccupying those fields [12).

3.1.4.4 Analogy-based reasoning

Analogy -based Reasoning (ABR) is similar to CBR except that the leamer solves
the new situations with past experiences from a different domain. Transter of
knowledge is a major issue in the education of a learner. For example, we often use
cross-domain analogics in education. In solving new computing applications we often
look to the biology and the human cognition 10 help creating new solutions. Providing
the lcarner with these cross-domain analogies is a quite complex task, but 1t offers a

tremendous area of growth in the field 1]

Analogy-based reasoning reflccts natural human reasoning that is based on the
ability to associate concepts and facts by analogy [5]. Rescarch on analogy reasoning is
therefore a subfield concerned with mechanisms for identification and utilization of
cross-domain analogies. The major focus of study has been on the reuse of a past case.
which is called the mapping problem: Finding a way to transfer, or map, the sclution of
an identificd analogue where we used 1o called source or base to the present problem

which is called rarpet [2).
3.1.5 Advantages of Case-Based Reasoning

i. The ability to encode historical knowledge directly. In many domains cases it
can be oblained from existing case histories, repair logs or other sources to

eliminate the necd for intensive knowledge acquisition with human expert.
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2. Allows shortcuts in teasoning. [f an appropriate case can be found then new
problems can often be solved in much less time than 1t would take 1o generate
a solution from rules or medels.

1. Extensive analysis of domain knowledge is not required. Unlike a rule-based
system, where the knowledge enginecr must anticipale rule interactions which
CBR allows a simple additive model for knowledge acquisition. This requires
an appropriate representation for cases in such a useful retrieval index, and a
case adaptation strategy.

4. Appropriate indexing strategies add insight and problem-solving power 10 the
ability to distinguish differences in target problems and select an appropriate
case, important source ol a case-based reasomers powcr; often, indexing

algorithms can provide this functionality automatically [19].

5, CBR doesn't require extensive analysis of domain knowledge. CBR permits
problem solving even if domain knowledge is incomplete. The most important

thing is to know how to compare two cases [49].

6. CBR allows a reasoner to propose solutions in domains that are not completely
understood. This is a particular imporiance to the advanced planning that is

necessary to design and build complex facilities such as hospitals.

7. The knowledge acquisition for a CBR system 15 natural. Concrete examples
rather than piecemeal rules can be used. Experts (experienced practitioners)
find it difficult to report the knowledge they use to solve problems. They are
quite at home reporting their experiences and discussing the ways in which

cases arc different rom cach other [13, 27).
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2 CBR should be considered when it is difficult 10 formulate domain rules but
cases are available. Formulating rules is difficult in weak-theory domains such
as architectural briefing and design. In this domain knowledge is incomplete,
uncertain or inconsistent, It is impessible o formulate rules when there is a

arcat amount of variability in design situations that have the same otlcome.

9 CBR can be considered when rules thal can be formulated require more input
information that is mormally available. This may be duc to incomplete
specified problems or the fact that the knowledge required is not available at
problem-solving time. This is often the case in the conslruction industry and

fast track projects where all project information is not available up-front.

10, CBR should be used when gencrally applicable knowledge is not sulficient Lo
solve the problem. This could be due to the fact that knowledge changes with
context or hecause some of the knowledge required solving the problem is

used only under special circumstances [11].

11. When there is no fast computational method for evaluating a solution or when
there are so many unknowns that evaluation methods are unusable or difficult

1o use, CBR provides an alternative [13].

3.1.6 The disadvantages of Case-Bascd Reasoning
CBR has several disadvantages and caveats in architectural design that should also
be considered. The list below has been collated and adapted from [13.19, 42):
1. CBR requires cases. Traditionally the effort in building a CBR system went into
case collection. It is apparent from a study and interview with the designers of

ARCHIE that it was an cnormous effort. To be successtul in the architectural
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profession and the construction industry it should not require such extracrdinary
efforts. The case librarv should be auwtomatically assembled during the normal
professional design activitics.

2. For CBR 1o be useful and reliable, cases with similar problem statements should
have similar solutions. UBR is based on (he premise that situations recur in a
predictable way,

3. Adaptation modifies old solutions 10 {it new sitations. If a domain is
discontinuous where similar situations require wildly different kinds of
solutions, then CBR cannot be used and would be misleading. This is
unfortunately only partially true in architecture. Creative designers do not
always solve related design problems in a similar way.

4, Aninexpericnced case-based reasoner might be tempted 10 use old cases blindly,
relying on previous experience without validating it in the new situation.

5. A case-based reasoner might allew cases to bias him or her too much in solving
a new problem,

6. Case libraries require considerable storage space. [n the design of CBR systems
special consideration must be given 1o ensure a long life of the case with
changing technelogy. A large sum of money in terms of intellectual capital time
and effort is encapsulated in the case library. Persistence of data is therefore
paramount importance.,

7. Inexperienced people are often not reminded of the most appropnate sets of
cases when they are reasoning,

8. Cases do not often include deeper knowledge of the domain .This handicaps
explanation facilities, and in many situations it allows the possibility that cases

may be misapplied, leading to wrong or poor quality advice.
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9, A large case base can suffer problems from store/compute trade-offs.
10. It is difficult to determine good criteria for indexing and matching cases
currently, to retrieval vocabularies and similarity for matching algorithms that

must be carefully hand crafled; this can offset many of the advantages CBR

offers for knowledge acquisition.
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3.2 Model Based Reasoning (MBR)

3.2.1 Introduction

Model-Based Reasoning (MBR) concentrates on reasoning about a system's
behaviour from an explicit model of a mechanism by modelling that behaviour. Because
they employ models that are compact axiomatic systems from which large amounts of
information can be deduced. MBR techniques can very succinctly represent knowledge
more completely and a1 a greater level of detail than techniques that encode experience.

Model-based reasoning does not restrict to Al fields as it is, in fact, a technique
widely used by engineer and scientist of all fields, as well as in economist and politics.
For example, it can be based on simulation techniques, but it can as well not even
involve computers, Analytical modelling [or example is quite broadly used for simple
systems. In the aeronautical field, material objeets reduced copies of the original which
are often used to reason and perform experiments that help analyse the original system
[10). Model-based reasoning takes knowledge about the entities structures and
interactions in a particular domain and uses that knowledge as a foundation for
generating a description of the behaviour of some systems. The key feature is a model

that it maintained which mirrors an importani feature of the domatn.
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Figure 3.2 Simple model for latch lock (adaptive from [10])
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For example, consider the very simple latch Jock illustrated in the previous figure
3.2, If the structure of this device and the behaviour of its constituent parts are
represented in an appropriate form, then o should be possible 10 synthesise the
behaviour of the whoele system.

The lock consists of six components, connected together in a particular manner.
From a structure/behaviour model of this device it should be possible to determing that
if the button is pressed then the latch will become free to move.

MBR is an inferring process using models abstracted frem the reality ol a physical
system, MBR {5 the symbolic processing of an explicit representation of the internal
working on the system in order to predict, simulate and explain the resultant behavior of
the system from the structure, causality, functional and behavior of its components.
Qualitative models aim to capture the fundamental aspects of a system or mechanism,
while suppressing much of the detail. Methods such as abstraction and approximation
are often used to build models based on symbolic rather than numeric quantity spaces.
Such models are based on a sound domain theory that provides a sysiematic. consistent

and complete knowledge base for the aspects of the system being modcled [10].

The main differences in emphasis between these models and the conventional
models used in science and engineering are the incorporation of explanution structures
and the requirement for the system struciure to be explicitly modelled, Such models
often tuen out to exhibit much better structural similarities with the conceptual basis of
the real system.

Model-based reasoning developed in response 1o pressing problems in automaied
reasoning. Earlier methods encoded knowledge about how mechanisms faited, but did

not encode knowledge of how correctly functioning mechanisms worked [16].

]
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3.2.2 Reasoning technigues

The basic paradigm of Model-Based Reasoning lics in the interaction of observation
and prediction. 1t consists in comparing the mode! results with some observations of the
corresponding system. It involves making a series of experiments with the model until
you finally identify what is your system made-up with, or what is going wrong in your
system, or what is the best design of your systom...cle. Figure 3.3 describes how this

process can be carried on [10].

AMODEL | STRUCTURAL ARTEFACT
| DISCREPANCY
PREDICTED BEHAVIOUR { oBSERVED
|  BEHAVIOUR | DISCREPANCY 1 REHAVIOUR

Figure 3.3' Mode!-Based Reasoning paradigm.

To predict behaviour, different reasoning techniques can be used depending on the

values that the vanables of the model can take.

3.2.3 Types of Model-Based Reasoning

The way in which a medel represents some system will vary, depending on the type
of system. Used o which the model is to be put and the information available below
show several modelling methods are considered. For wore detailed discussions on this
subject and comparisons of the structural, process and constraint model approaches are

mentioned in [25).

! This figure is borrowed from [10).
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3.2.3.1 Causal models

Causal models have been used in the last few vears in the design of some diagnostic
expert systems. In this approach, knowledge is represented by means of causal
relationships between obscrvations (finding) and diagnostic hypotheses. Causal model
consists of the representation of the possible states of a system (mechanical. physical or
physiological) and of the relationships, between these states Kinds of relationships may
differently depend on a particular domain of application.

Different forms of reasoning can be performed on causal models A simple
possibility is when analyzing the consequences of an external perturbation on a system
under specific conditions that could search for a possible cause of some particular state
[36]).

In a causal model, the behavicur of the whole device is explicitly embedded in the
representation, which essentially describes links between causes and cfiects.

The model builder must thercfore correctly specify all possible causes and their
effects. Very little structure is imposed on these models and this cun lead to problems
with maintainability and reusability. In order to analysc a causal model, it is merely
necessary 10 find the appropriate cause and follow the associated links to find what
effects it might have.

This is often the simplest {and easiest} way to build a model of a system in a new
domain. However, having built such a model it can be difficult to reuse much of that
model in the construction of the next one. It can also be difficult to extend the model at
a later date. Finally, it is necessary to be able 1o model separate interacting systems;

causal models provide no way to represent such modularity [26],



Chapter 3. Inexact Reasoning Methods 61

3.2.1.2 Physical structural models

Such models attempt to capture the importani physical structural features of &
system and what components are present within the sysiem also and how they are
conneeted together. The behaviour of the individual component is described
independently of any particular system (this means that the components ¢an often be
reused in different systems within the same domain). The way in which component
behaviout is described varies depending upon the domain and the specific technique
being used. For example, in [26] he described the behaviour of mechanical components
using force propagation and resolution rules which differed depending upon the type of
component being defined (e.g. the behaviour of a solid slab and the behaviour of a
spring were defined by different sets of rules). Altemnatively, specity component
behaviour using qualitative versions of differential equations taken from systems
dynamics {called confluences). These equations describe relations between parameiers
that represent the characteristics of the materials affected by the component. A
component can have more than onc set of confluences, which represents the fact that
physical systems can behave in significantly different ways under  different
circumstances.

Using the component behaviour descriplions, the operation of the whole system is
then generated by analysing how the components interact within the specified structure,
This type of model is often applicable when devices can be described in terms of their
components and the relations that exist between components. Such descriptions are
oflen available for man-made systems, and in particular for engincered systems. Thus,
mechanical and electrical systems, which are strongly component oriented, arc good
candidate problem domains. The sirong mapping between these models and the real

device makes it possible to alter the structure and/or component behaviour to match
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most alterations to the teal device. The resulting new device simulation will then
autormnatically reflect those changes.

This type of model is not suitable for domains where behaviour of the whole cannot
¢asily be synthesised from the behaviour of the component parts. This cceurs where
processes are embedded in the domain. for example, in biological and medical domains.
Another restriction is that it is only applicable for devices with fairly small numbers of
discrete components reasoning about the behaviour of gases, liquids or polystyrene
heads in this way is often not sensible. This means, for instance, that reasoming about
chemical or continuous process engineering using purely structural medels is unlikely w

be fruitful [26.37].

3.2.3.3 Logical models

These models are very similar to the physical structural models, except that
instead of representing the actual structure of the systens, the underlying logic of the
system is modelled. For example, in digital clectronics a hali” adder circwit might be
represented in terms of the logic of the vperations, rather than, as an implementation in
terms of aclual electrical components [25]. However the physical world can not be
completely ignored, for example, when bridging faults occur between particular spatial
locations. [26] Atiempts can be made to overcome these problems by using information
about the physical structure it parallel with logical medels.

The advantages and drawbacks of logical models are similar to those for physical
models. They are however more remote from the actual system, and depend on careful
mapping of logical assertions to significant system features. This is much meore
appropriate for electronic devices than it is for mechanical devices. In mechanical

devices, the physical structure is usually of paramount importance.
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3.2.3.4 Constraint models

The constraint mode! approach considered in [9. 26] does not dircctly represent
information about the structure of a system or the behaviour of its companents, Instead,
variables are identified whose values indicate the state of the system, and relationships
between those variables ofien synthesised from the systems structure are determined.
These variables and relationships can then be represented as qualitative comstraints,
which are, in ciTect, qualitative versions of differcntial cquations that are used in
traditional physics. Analysis is then performed by considering the clfects of a given
initial state on these equations. ‘This can lead to further states being generated, which are
again analysed. This cycle continues until no new states are generated and all transitions
hetween states have been determined.

This approach assumes that everything that occurs can be appropriately described in
terms of constraints. As these models are based solely upon the concept of qualitative
versions of differential equations, it can be difficult 10 produce a model for a system
which cannot easily be so described using differential equations. This is often the case
in physiclogical and medical systems, for example 1n the heart, and biological systems.
This means that o constraint model approach is inappropriate method for representing
rclationships between system variables in such cases. The approach tuken by [26] is also
based on qualitative differential equations and so would appear to suffer from the same

limitations as the consiraint approach.

3.2.3.5 Process models

Many natural phenomena cannot easily be characterised using the structural models
described above. Examples include physical effects and processes such as boiling,

freczing and evaporation, In contrast to device centred methods, lunguages have been
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developed for describing physical processes [26]). These languages allow processes 1o
be defined in 2 modular manner. each module specifies exactly the conditions under
which it is applicable. The concept of a process becomes the overriding cause of all
changes in the system, with the behaviour of the components becoming irrclevant. It is
therefore processes which create, remove and manipulate the substances present in a
system,

For mechanical and electrical devices, mappings from a real device to a process
model ofien prove unsuitable or difficult. Process is more a system level concept. rather
than a component-level one. It is difficult to predict from a process model. when a

change of a component may make a difference 1o behaviour of the whole device [16].

3.2.3.6 Functional models

Knowledge of the function of a device, or whal the device is intended to do, is
important for very many tasks (for example, diagnosis, failure mode effects analysis and
intelligent tutoring systems etc.). Yel many model-based systems fail to capture such
knewledge or only capture it implicitly, For example, they rely solely on the knowledge
of the structure of the system and the way in which the components operate. This type
of model anly represents Knowledge on how the system works, not what it iy for.
However, engineers also tely on knowledge of the function of a device in ordet to
successfully complele many of their tasks. This has led to a number of researchers 1o
develop madels which allow the known functionality of a device to be represented [371.

Functional models have been extensively investigaled in the context of several
problem-solving tasks such as device diagnosis. The model representing the functioning
of a problem solver explicitly specifics how the knowledge and reasoning of the

problem solver resuit in the achicvermnent of its goals. One of the major advantages of
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exploiting functional models comes from their ability 10 focus on a particular subsystem
of a system. This subsystem can then be analysed in deiail. This can reduce the
complexity of the model to be analvsed and poicntially reduce any ambiguity present in

the resulting analysis [26].

3.2.4 Advantages of Model Based Reasoning

1. The ability to use functional/structural knowledge of the domain in problem
solving. ‘This inercases the reasoners ability to handle a variety ol problems,
including those that may not have been anticipated by the systems designers.

2. Model-based reaseners tend to be very robust .For the same reasons that humans
often retreat to first principles when confronted with a novel problem, model-
based reasoners tend 1o be robust and flexible problem solvers.

3. Some knowledge is transferable between tasks. Model-based reasoners are often
built using sciemific, theoretical knowledge. Because science strives for
generally applicable theories; this generality oflen extends 0 model-based
rCasoners.

4. Modcl-based teasoners often can provide causal explanations, These cun convey
a decper understanding of the fault 10 human users, and can also play an
important tutorial role [19].

5. Dynamic generation of problems. limited problem set has been recently
recognized as a potential drawback of encoding a finite number of problems into
a tutor [6). Using Model-Based Reasoning for domain modeling can eastly
address this drawback. Since domain models based on MBR are capable of
solving problems en their own without being told the correct solution, a tutor

using such models need not to be restricted to administering only the problems
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10,

that have been encoded inte it. When coupled with a scheme for generating
problems, such a tutor can potentially administer an unlimited number of
preblems to the learner [6].

Consistency; Using one model for two tasks assures that both lasks are
reasoning about the same object. Changes made 1o the moxiel in the course of
doing one task are accessible to the other; don't need 10 worry about the change
failed to propagaic.

Task integration: [f the diagnostic system is available to the design sysiem, a
designer may inquire about what failures are possible. He may propusc
undesirnble behaviors of the mechanism and then allow the diagnostic unil Lo
discover Faults which could cavse such behavior [16]).

The models are closer 1o the domain. One of the advantages of qualitative
models is that they do not require special expertise in ficlds such as statistics
and! numerical analysis. [n mathematical models we have both statistics and
numerical analysis model for such skills are needed both 10 construct the modet
and also to interpret the resulis. Indeed. a great deal of practice and experience
are nceded to use mathcmatical models as effective tools. However, with
qualitative methods, the terms used by the models and the resulis gencrated are
more directly linked 1o the domain,

Explanations can be generated at the user's level. With model-based
representations and qualitative reasoning, the results produced, arc more likely
to be comprehensible by the domain user {(and/or expert) [26].

Even with inexact models, results can be produced. Similarly, in situations
where the information available about some process is incomplete, qualitative

models and functional models can still be exploited. For example. the fact that
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1.

12.

plants produce phytoalexins in response to pathogen attack is well known, but
the exact details of the process are unknown. This process cannot be modelled
numerically; however it could be modelled causally or by a qualitative structure
and behaviour model.

Easy of modeling: Even when detailed numerical models of a particular process
are available and exact data can be obtained. qualitative models can still be
preferable. This is because the svmbolic representation ol a gualitative model
closcly matches the structure of the device being modeled to make it easier for
qualitative systems to produce explanations and justifications at an appropriate
level for human comprehension than is the case with numerical models of a
domain,

$peed of analysis. A qualitative simulation can often be performed much more
rapidly than a comparable numerical one. and usually nceds much less
computing power. This is partly caused of the comparative simplicity of the
model, and partly because modifications are rapid and do not require exiensive

reformulation and set-up time [23].

3.2.5 Disadvantages of Model Bascd Reasoning

I. A lack of cxperiential (descriptive) knowledge of the domain. The
heuristic methods used by rule based approaches reflects a valuable ¢lass
of expertise,

2. It requires an explicit domain model. Many domains, such as the diagnosis
of failures in elecironic circuits that have a strong scientific basis which
supports modc!-based approaches. However. many domains, such as some

medical specialtiesin in most design problems, or in many financial
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applications a lack of well-defined scientific theory. Model-based
approaches cannot be used in such cases.

3. High complexity. Model-based reasoning generally operates at a level of
detail that leads to significant complexity: this is. after all, one of the main
reasons that human experts develop heuristics in the first place.

4. Exceptional situations. Unusual circumslances, for cxample, bridging
[uults or the interaction of multiple failures in electronic components, can
alter the functionality of a system in ways difticult to predict a priori [19].

5. Generates all possibilities. This means that a qualitalive simulation
iraverses 1he complete space of possible system states. This is
computaticnally very expensive and is the main cause of the inefficiency
inherent in qualitative systems.

6. Creates unreal ambiguity. As a qualitative diagnostic system generates all
states which are qualilatively possible, it also generates some states which
could not, actually occur in the physical device. This is a sub state of
qualitative representation which is ambiguous in some situations {where
the actual system is not). and partly due to the local viewpoint of each
decision made by the simulator.

7. Cannot handle quantitative problems. Qualitative representations are
absteactions of information which is esscntially quantitative in nature. It is
not reasonable to attempt problems that are beyond the precision of the
qualitative represcntation. For cxample, a qualitative diagnostic system
that is attempting to diagnose the failure of a hot, paint stnpper would

most likely be unable to distinguish between the values of ambient
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temperature and a lemperature which is just below that required to bum
the paint.

8 Demands considerable modelling effort. When a qualitative model is
initially built in a new domain, it may require greater effort than that
needed to build a heuristic knowledge base in the same domain. This 15
because of the building process is information intensive and requires all
the knowledge that underlies the domain to be made explicil. However
once a qualitative model has been built it is casier to maintain and reuse
than a heuristic knowledge base.

9. In some domains there are no recognised models of the real system, in
which case it may be easier 1o build a se1 of heuristics to represent sysiem

behaviour rather than (o attempt to model it [25].
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3.3 Fuzzy Reasoning

3.3.1 Introduction

In (his section we introduce the basic notations and definitions needed for fuzzy
rensoning. That attempts to answer the question (How can we represent expert
knowledge that uses vaguc and ambiguous terms in the computer?).

In 1965 Lotfi Zadeh, published his famous paper “Fuzzy sets”. Zadeh extended the
work on possibility theory into a formal system of mathematical logic. and inroduced a
new concept for applying natural language terms. This new logic for representing and
manipulating fuzzy terms has been called fuzzy logic [30].

In 1979 Zadeh introduced the theory of fuzzy reasoning. This theory provides a
powerful framework for reasening in the face of imprecise and uncerlain information.
The use of fuzzy logic and fuzzy reasoning methods are becoming more and more
popular in intelligent information sysiems [43].

Knowledge representation and uncertainty reasoning are the essential techniques in
an experl system or a decision support system. The most commaonly used method of
uncertainty reasoning is based on [uzzy set theory. By using fuzzy rules in the form of *
IF A THEN B", where “A” and “I3" arc linguistic terms, fuzzy reasoning is
accomplished by fuzzy operations, such as “Min™ and “Max” operations on membership
functions [29].

The essential goal of approximate or fuzzy reasoning is how suitably reat pieces of
fuzzy information given via fuzey data, via fuzzy values of fuzzy variables and via
fuzzy relationships between their values [20].

Fuzziness rests on fuzzy sct theory, and fuzzy logic is just a small part of that
theory. Fuzzy logic is not logic that is fuzzy, but logic that is used to deseribe fuzziness.

Fuzzy logic is the theory of fuzzy sets. scts that calibrale vagueness. Fuzzy logic is
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based on the idea that all things admit of degrees. Temperature, height, speed, distance,
beauty all come on a sliding scale. Tom is a very . Fuzzy logic i3 a set of
mathematical principles for knowledge representation based on degrees of membership.
Unlike two valued Bootean logic, fuzzy logic is multi-valued. [t deals with degrees of
membership and degrees of truth. Fuzzy logic uscs the continuum of logical values
between 0 (completely false) and 1 (completely true). Instead of just black and white, il
employs the spectrum of colours, accepting that things can he partly true and partly

false a1 the same time [30, 38].

- _
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{) Boolean Logic. () Multi-valued Logic.

Figure 3.4' Boolean logic and fuzzy logic.

3.3.2 Fuzzy Sets and Logic
A fuzzy set is a set with fuzzy boundaries.
Let X be the universe of discourse and its elements be denoted as x. In the classical

set theory, crisp set A of X is defined as function fA4(x} called the characteristic

function ol A

o) X o] N 7.(x)= l,LilxeA
ALy X > {0, 1), where A it xe A

This set maps universe X to a set of two elements. For any element x of universe X,
characteristic function f4(x) is equal 10 1 ifx is an element of set A, and is equal to 0 if x

is not an element of A.

! This figure is borrowed from [30].
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[n the fuzzy theory, furzy set 4 of universe X'is defined by function pA{x) called the
membership fuinction of set 4

wA(x): X — [0, 1]. where pd(x) =1 ifxistomally in A;
pA(x)y=01f x is not in A4,
¢ < wAfx) < 1if xis partly in 4.

This sct allows a continuum of possible choices. For any element x of universe X,
membership function j1A(x) equals the degree to which x is an element of set 4. This
degree, a value berween O and 1. represents the degree of membership, also called

membership value, of element x in set A described in [30].

Fuzzy set theory generalizes classical set theory in that the membership degree of an
object to a set is not restricted to the integers 0 and |, but may take on any value in [(1!]
[351.

<+ Linguistic variables and hedges

- Atthe root of fuzzy set theory lies the idea of linguistic variables.

- A linguistic variable is a fuzzy variable. For example, the statement “John is
1all™ implies that the linguistic variable John takes the linguistic valuc fal/.

— The range of possible values of a linguistic variable represents the universe of
discourse of that variable. For example, a man who is 185 cm tall .He is
member of the tall men set with a degree of membership of ¢.5.However , he is
alsp a member of the sct of very tall men with a degree of 0.15 which is fairly
rcasonable see figure 3.5.

— A linguistic variable carrics with it the concept of fuzzy set qualificrs, called

hedges.
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—  Hedges are terms that modify the shape of fuzzy sets. They include adverbs

such as very, somewhat, quite. more or less und stightly 130, 38].

Degree of
Membership
1.0 -
/\
: #
06
04 - ) )
0.0 ~. ] 1 | ?&\| : ﬂl 1 ] [
150 160 170 180 190 200 210

Figure 3.5' Fuzzy sets with the hedge very

3.4.3 Fuzzy rules

In 1973, Lotfi Zadeh published his second most influential paper. This paper
outlined a new approach to analysis of complex systems, in which Zadeh suggested
capturing human knowledge in fuzzy rules. A fuzzy rule can be defined as a conditional
staternent in the form of a very classical rule denotation as follow:

IF xisA
THEN yisB

Where 1 and v are linguistic variables: and 4 and # are linguisiic values determined
by fuzzy sets on the universe of discourses X and ¥, respectively [30].

Fuzzy rules arc the cornerstone ol fuzzy logic syslems. Rules arc a form of
proposition. A proposition is an erdinary statement involving terms that have been
defined, ¢.g., “The damping ratio is low.” Consequently, we could have the following
rule; “IF the damping ratio is low, THEN the system's impulse response oscillates &

long time before it dies cut.” In traditional propositional logic, the proposition must be

! This figure is presented in [38].
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meaningful to call it “true™ or “false,” whether or not we know which of these terms
properly applics. Logical reasoning is the process of combining given propositions into
other propositions, and then doing this over and over again [35].

< How to reasvn with fuzzy rules?

Fuzzy reasoning includes two distinet parts: evaluating the rule antecedent the IF
part of the rule and implication or applying the result 1o the consequent and the THEN
part of the rule which include the action when ever the condition of the IF part stands a
true value,

In luzzy systems where the antecedent is a fuzzy statement, all rules fire to some
extent, or in other words they fire partially. [f the antecedent is true to some degree of
membership, then the consequent is also true to that some degree.

Fuzzy reasoning can be defined also as a process of mapping from a given input 1o
an output, using the theory of sets {30].
3.4.4 Fuzzy Logic

Fuzzy logic begins by borrowing notions from erisp logic, just as fuzzy set theory;

however, doing this is inadequate for engineering applications of fuzzy logic. In
engincering, cause and effect is the comerstone of modeling. whereas in traditional
propositional logic it is not. Ultimately. this will cause to define “engineering”
implication operators. Before doing this, let us develop an understanding of why the
traditional approach [ails us in engincering. As in our exlension of crigp sct theoty to
fuzzy set theory, replacing the bivalent membership functions of crisp logic with fuzzy
membership functions makes our extension of crisp logic 10 fuzzy logic [33].

Fuzzy reasoning in fuzzy logic is basically generalized from traditional logic with

the exception of its computational process [48].
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3.4.4.1 Advantages of Fuzzy Logic

Fuzzy logic converts complex problems into simpler problems using
approximate rcasoning. The system is described by fuzzy rules and
membership funclions using human type language and linguistic variables.
Thus, one can effectively use hisher knowledge to describe the system’s
behavior.

A furzy logic description can effectively model the uncertainty and
nonlinearity of a system. [ is extremely difficult, if not impossible. to develop
a mathematical model of a complex system to refleel nonlinearity, uncertainty,
and variation over lime. Fuzzy logic aveids the complex mathematical
modeling.

Fuzzy logic is easy to implement using both software on existing
microprocessors or dedicated hardware [29].

Fuzzy logic based solutions are cost effective for a wide range of applications

(such as home appliances) when compared to traditional methods [30].

3.4.4.2 Disadvantages of Fuzzy Logic

Fuzzy logic has been proven successful in solving problems in which conventional

mathematical model based approaches are either difficult to develop or nefficient and

costly. Although easy to design, fuzzy logic brings with it some critical problems.

1. The use of fixed geomettic-shaped membership lunctions in fuzzy logic limits

systern knowledge more in the rule base than in the membership {unction base.

This results in requiring more system memary and processing time,

2. Fuzzy logic uscs heuristic algorithms for defuzzification, rule evalvation, and

antecedent processing. Heuristic algorithms can cause problems mainly because
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heuristics do not guarantee satisfactory selutions that operate under all possible
conditions. Moreover, the generalization capability of fuzzy logic is poor
compared to neural nets, The generalization capability is important in order to
handle unforeseen ¢ircumstances.
3. Conventional fuzzy logic cannot generate rules (uscrs cannot write rules) that
will meet a pre-specified accuracy. Accuracy is improved only by trial and eror.
4. Conventicnal fuzzy logic does not incorporate previous slate information {very

important for pattern recognition, like speech) in the rule base [29].

3.4.5 Fuzzy Reasoning techniques

There are several fuzzy inference techniques used based on fuzzy logic. We are

willing to describe some of these techniques as follow:

3.4.5.1 Mamdani-Style technique

The most commonly used fuzzy inference technique is the so-called Mamdani
methed. In 1975, Professor Ebrahim Mamdani of London University built one of the
first fuzzy systems to control a steam engine and boiler combination. He applied a sct
of fuzzy rules supplicd by experienced human operators.

The Mamdani style fuzzy infcrence process is performed in four steps as iollow [30]:

s Fuzzilication of the input variables,

+ Rule evaluation;

» Aggregation of the rule outputs, and finally
o Defuzzification.

We examine a simple two-input ong-output problem that includes three rules:

Rule: 1 Rule: 1

IF xis 43 TF project fimding is adequate
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OR yis Bl OR projecs staffing is smaif
THEN zisCl THEN risk is low

Rule: 2 Rule: 2

¥ xis A2 IF project funding is marginal
AND yis B2 AND  project staffing is large
THEN zis C2 TIHEN risk is normal

Rule: 3 Rule: 3

¥ xis Al IF project_funding is inadequate
THEN zis (3 THEN rivk is high

Step 1: Fuzzification

The first step is to take the erisp inpwis, x1 and y? (project funding and project
staffing), and determine the degree 1o which these inputs belong to each of the

appropriate fuzzy sets.

Crisp Inpul Crisp fapiid
x] rl

i NS YE u_: 1811 R
0.5 “ :
0.2 - 0.1
a x1 X 0 ¥l y
I-"{x-..{l}=ﬂ-5 ub.-3”=ﬁ,l
Hir=a42)= 0.2 by = g2y~ 0.7

Figure 3.6' Fuzzification

Step 2: Rule Evaluation

The second step is to take (he fuzzified inputs, u{x=41) = 0.5, p(x=42) = .2,
u{y=B1) = 0.1 and p(3=82) = 0.7, and apply them 10 the antecedenis of the fuzzy rules.
If a given fuzzy rule has multiple aniecedents, the fuzzy operator (AND or OR) is used
10 obtain a single number that represents the result of the anlecedent evaluation. This

number {the truth value) is then applied to the consequent membership function.

' All figures in this section were borrowed from [30].
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To evaluate the disjunction of the rule antecedents, we wiil use the OR fuzzy operation.

Typically, fuzzy expen sysiems make the use of the classical fuzzy operation umon:

HAUB(x} = max [pA(x), pBE)]

Similarty, in order to evaluate the conjunction of the rule antecedents, we will
apply the AND fuzzy operation intersection:

WANB(x) = min [pd(x), pA)]

(47

0.1
: = (n?:r} ]
¥l ¥

7

1
4] :.}I__
0 ¥ 0

Rale 1- IF xis 43 (0.0) OR ypisBi(0.1)  THEN

1

|
L\ 2
(A2 02 | AND | 0.
i " | (mrim}

¢ xl x 0 ¥l Y

Rule 2: IFxis A2 (0.2) AND yisB2(C.7)  THEN

1| —— =
fﬂ\ 0.5 o5 IE\ AC2\ /163,
|

Rule 3. IF x 15 A1 {0.5) THEN zis C3{0.5)

Figure 3.7 Rule Evaluation

Now the result of the antecedent evaluation can be applied to the membership function

of the consequent.

The most commen method of correlating the rule consequent with the truth value of the
rule antecedent is to cut the consequent membership function at the level of the
antecedent truth. This method is called clipping, since the top of the membership
function is sliced. then the clipped fuzzy set loses some information. However, clipping
is still often preferred because it involves less complex and faster mathematics, and

generates an aggregated output surface that is easier to defuzzily.
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While clipping is a frequently used method, scaling offers a better approach for
preserving the original shape of the fuzzy set. The original membership function of the
rule consequent is adjusted by multiplying all its membership degrees by the truth value
of the rule antecedent. This method, which generally loses less information, can be very

useful in fuzzy expert systers.

Degree of Degree of
Membership Membership
1.0 1.0

0.2

—h—-

0.0

A
clipped scaled

Figure 3.8 Clipped and scaled membership functions

Step 3: Apgregation of the rule outputs

Aggregation is the process of unification of the outputs of all rules, We take the
membership functions of all rule consequents previously clipped or s¢aled and combine
them into a single fuzzy set.

The input of the aggregation process is the list of clipped or scaled consequent

membership functions, and the output is one fuzzy set for each output variable,
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Figure 3.9 Aggregation of the rules

Step 4: Defuzzification

‘I'he last step in the fuzzy inference process is defuzzitication. Fuzziness helps us o
evaluate the rules, but the final output of & luzzy system has 10 be a crisp number, The
input for the defuzzification process is the aggregate output fuzzy set and the output is a
single number.

Defuzzification: conversion of fuzzy st produced by composition stage into a ¢risp
value.

Several defuzzification methods exist, but probably the most popular onc is the

centroid technique. Which finds the Centre Of Gravity (COG) of the aggregate set:

(b2 GO as
QL

i

COCr

Centre Of Gravity (COG): In practice, a reasonable estimate is obtained by

calculating it over a sample of points:

{ﬂ+|ﬂ+10}xﬂ L+ (30 + 40 + 50 + 60)= 0.2 + (70 + BD + 50 + 100 )= 0.3

T .4
01+0.1+01+0.2+02+82+02+05+0.5+0.5+0.5 =6

N
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Figure 3.10 Defuzzifying the solution variable’s fuzzy set

3.3.5.2 Sugeno-Style technique

Mamdani-style inference, as we have just seen, requires us to find the centroid of a
two-dimensional shape by integrating across a continuously varying function. In
general, this process is not computationally efficient,

Sugeno-style fuzzy inference is very similar to the Mamdani method. Sugeno
changed only a rule conscquent. It's using a single spike, a singleton, as the membership
function of the Tule consequent, A singleton, or more precisely a luzzy singleton, 15 a
fuzzy set with a membership function that is unity at a single particular point on the
universe of discourse and zero everywhere elsc. Instead of a fuzzy set, he used a
mathematical function of the input variable. The format of the Sugeno-style fuzzy rule
was denoted as follow:

IF x is A
AND yishH
THEN zis f{x, y)

where x, v and z are linguistic variables; A and B are fuzzy sets on universe of
discourses X and Y, respectively; and £ (X, ¥} is a mathematical function.
The most commonly used zero-order Sugeno fuzzy model applies fuzzy rules in the

illowing form:
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IF xis A
AND visB
THEN zisk

whete k 15 a conslant.

In this case, the cutput of cach fuzzy rule is constant and all consequent metmbership

functions are represented by singleton spikes.
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Chapter 4

Comparison of Reasoning Methods

In order to evaluate the applicability of different reasoning methods, a set of
criteria for evaluating the methods are used to analyze the types of certain or uncertain
information that need 10 be represented, to determine how expents combine the

different types of information when solving a problem.

4,1 Evaluation Criteria

A number of different evaluation criteria have been used for determining which
method of reasoning is most appropriate. Some groups attempt 10 apply these criteria
without regard to the application, but in general, the requirements of the application
determine the applicability of a technique. The criteria that we are using to evaluate
the methods for reasoning are mentioned below [10, 23, 43]. Note that our goals n
this study were not only to determine how well each method for reasoning meets each
of these crtera, but 1o determine which of the criteria are most important for this
particular task.

1. Knowledge unit. In this unit we are concerned with how we may represent the
knowledge in each reasoning methods and how easily we can map from the
information that was provided by experts to the representation?, Does the method
provide 2 means of representing the type(s) of uncertainty found in the domain? And

what is power of the representation for different types of evidence?
2. Knowledge acquisition, 1t expresses how many “numbers™ must one acquire

from the expert and/or data?, 1low easy is it for the expert to provide these numbers?
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And how sensitive is the system to small changes in the numbers provided by the
experts?

3. Explanation mcchanism. Is the theoretical basis for the representation and
reasoning methods? Which can answer question such as: What is the mathematical
foundation for the representation and reascring system?. What are the assumptions
made by the method (e.g. independence of evidence, mutually exclusive hypotheses,
etc.)?, Are these assumptions valid or important in this domain?, Explain Why the
Answer is a Good Answer (Justification), How the Systern Reached the Answer
(Transparency), and Explain Why a Question Asked is Relevant (Relevance).

4, Knowledge transfer across problems. It may explain several questions related

10; How can we get a packet of knowledge from one part of the organization 10
another (or all other) parts of the organization? It is considered 1o be more than just a
communication problem. [f it were merely that, then a memorandum, an e-mail or 2
mecting would accomplish the knowledge transfer. When the Knowledge was

transferred it will be in a more complex form.
5. Domain requirement. 1s the applicability of the reasoning methods 1o this

domain? Does the method provide operators for combining information from multiple
sources that yield results consistent with those provided by experts? Are expert
system “shells™ readily available that support this type of reasoning? Alternatively, is

the approach relatively easy to implement in a standard programming language?
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4.1.1 Evaluation of the Rule Based Approach

LA knowledge unit issue was represented in rule where rules are patterns.
Patlerns in as rules naturally represent heuristic knowledge.

2. Knowledge Acquisition, rutes are applied in an iterative cycle of micro cvents.

f ;
Rules ar¢ also retrieved (hat match the Enpu't exactly some rule-based systems
employ pattern matching algorithms to handle more complex forms of
reasoning that can be expressed by other methods [34].

J.Explanation mechanism is the backirack of rule firings when rules are smal!
and ideally independent but consistent pieces of domain knowledpe.
Individual unit, independent of the other rules consistent picce of field of
interest. Gooed explanation facilities are the basic rule-based in the framework
which support flexible problen specific explanations, It must be mentioned
that ultimate quality of these explanations depends upon the siructure and
content of the rules .Explanation facilities differ widelv between data- and
goal-driven systems. Rules map inlo state space search. Explanation facilities
also support debugging [19].

4Knowledge transfer across problems is high, in backiracking. Linear,
deterministic rules are applied in an iterative cycle of micro events.

3.Domain requirement, rules are not applicable when a domain is well and not
so well undersicod. Although individual rules are genemlly easy to

understand, it is often difficult to understand how a set of rules works 10gether

and to anticipate how changes in a single rule will influence system behavior

[21].
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4.1.2 Evaluation of the Logic Based Approach
}. Knowledge unit issues a logic based inference procedure which begins with
a set of axioms and a theorem to be proved {or refuted). If a logical
representation is complete then all the logical consequences that follow from the
axioms are derivable {as lhcn:'{:ms) [40].
2. Knowledge Acquisition. If the acquisitional cfficiency is high then new
knowledge could be easily added to the system [45). This was caused by the
modularity of the representation which simplifies very much the problem of
integration of the new knowledge into the existing knowledge.
3. Explanation mechanism, logic allows us to get across all the important
points about what logic and how it can be used to perform inference that
eventually results in action. The main problem is that there are just oo many
propositions to handle [17].
4, Knowledge transfer across problems, logic-based systems typically support
some kinds of logical reasoning, but not others, For example, most Jogic-based
syslems can reason using propositional logic, but do not permit the more
powerful predicate logic.

5. Domain requirement, logic is too rigorous, and inflexible, to be use in all Al

problem domains [43].

4.1.3 Evaluation of the Frame Based Approach
1. Knowledpe unit issucs: Frames naturally represent structured knowledge, In

a frame-based system, we can express that this fact is the default value and

that it may be overridden |30].
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2. Knowledge Acquisition: Frame-based reasoning requires an extensive
knowledge of the domain and has a difficult maintenance. The main
advantage of using frame-based systems for expert sysiems over the rule-
based approach is that all (he information about a particular object is stored
in one place,

3. Explanation mechanism, Match the problem against ¢lassified frames that
describe typical explanations and have slots describing their solutions. Fine
explanation frame (schema) has the best match. The explanation can be
produced by inheritance from the relevamt explanation schema.

4. Knowledge transfer across problems, in frame based reasoning differs from
a case hased reasoning only in the way of storing. The easiest way to explain
the difference is to give an cxample. A judicial information system would
contain every judicial case as a precedent case without any exceptions.
Opposite medical information system would only contain diseases only as
prolotypes (frames) and net every occurrence of the disease [39]. This
difference becomes particularly clear when we consider frames that have a
very large number of slots and where a large number of relationships exist
between frames (i.e.. a situation in which objects have a lot of properties,
and a lot of objects are related to each other). Clearly, many rezl-world
situations have these properties [30].

5. Demain requirement. The Frame-Based Reasoning is generally used as a
support for defining terms or sloring concepts within more complex systems
that uses other mechanisms lor reasoning about assertional knowledpe also
excellent for representing cases in case-based reasoning sysiems. Frames

have been used to represent knowledge in programs for natural language
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understanding where they have proven to have great economy of
representation.  Frames have been employed in sociology te represent the
qualitative reasoning by theorists such as Goff man. The complexity of
reasoning with frames, involving muliiple levels of abstraction and complex
semantic relationships  offers a sophisticated form of computational
reasoning and appears 10 address many of the concerns.  Frame-based
reasoning requires an extensive knowledge of the domain and more difficult

maintenance than for CBR [21].

4.1.4 Evaluation of the Case Based Approach

1. Knowledge unit issues .In knowledge unit will focus on a libraries cases to
describe how we can evaluate the work in real problems these cases could
be as in the following casel: Librarics are constants that describe the way
things work. Case2: Collection of data and constants. Cases are retrieved
which match the input partially, in the CBR system. Many cases can not
be matched exactly in all dewils, But some pattems may be used 1o
recognize and store generalizations about the case, but they also are not
themselves considered to be casc. Furthermore, partial matching will lcad
Lo case adaptation [11].

2.Knowledge Acquisition. Cases are easier to remember because experts
usually prefer explaining specific examples of the problems they have
encountered and their selutions te those problems, In fact, several peaple
building expert svstems that know how to reason using cases have found it
gasier 10 build Case-based expert systems than traditional ones. The

knowledge acquisition for a CBR system is natural. Concrete examples
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rather than piecemeal rules can be used. Experts (experienced
practitioners) find it difficult to report the knowledge they use 1o solve
problems. They are quite at home reporting their experiences and
discussing the ways in which cases are different from: one another [13].

3.Explanation mechanism, Cases do not often include decper knowledge of
the domain. This handicaps explanation facilities in many situations which
allow the possibility that cases may be misapplied. leading to wrong or
poor guality advice. [27] [n simple CBR, displaving the retrieved case as a
form of explanation provides complete transparency into the reasoning
process. When more advanced methods like feature weighting and
complex similarity measures are introduced, however, it will be necessary
te provide additional information in order to fulfill the transparency goal.

4. Knowledge transfer across problems is low when it is provided for
cfficient solution generation and evaleation is based on the best case
available. It needs a means of evaluating its solutions. guiding its
adaptation and knowing when two cases are similar [43].

3.Domain requirement. CBR can be used when a domain is well and not so
well understood. In the lalter case it assumes the role of a generalized
model. CBR does not require an explicit domain model and so elicitation
becomes a task of gathering case histories, to some extent .Implementation
will reduce the identifying of significant features that descnibe a case in an
easter task than creating an explicit model. Cases are large chunks of
demain knowledge and it's quite likely redundant, in the part with other
cases., Based on idiosyncratic knowledge, specific to episodes but mostly

not normative, provides methods for constructing solutions [19, 49).
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4.1.5 Evaluation of the Modcl Based Approach

1.Knowledge unit 1ssues. Store ¢ausal models of devices or domains. Causal
Model Base stores the process models representing the causal relationship
hetween process variables |6].

2.Knowledge Acquisition issues. MUIR knows everything {rom scratch and that
is why the model used should be complete. All possible situations can be
diagnosed or generated at which it can actually be an altemative to a case base
that is by nature incomplete [19]. it dogs not have to acquire knowledge,
however, it can make use of first puess prebabilities that may be adjusted
when confrented with results. MBBR may learn from other systems like CBR.

J.Explanation mechanism. Explanations can be generated at the user's level,
with model-based representations and reasoning. The results produced are
more likely to be comprehensible by the domain user {(andfor expert) [19, 26].

4 Knowledge wansfer across problems .Some knowledge 15 transferable
between tasks. Model-based reasoners are coften built using sciemific
thecretical knowledge. Because of science strives for penerally applicable
theories; this generality often cxtends to model-based reasoners.

5.Domain requirement. Ts used when o domain is well encugh understood to

cnumerate a causal model [6, 43].

4.1.6 Evaluation of the Fuzzy Approach

1.Knowledge unit issues, The expert seemed 1o be very comfortable providing
ranges for membership in different categorics (fuzzy sets). Unlike the other
approaches, however, fuzzy reasuning allows a particular value 10 be a

member of more than one of the categories (fuzzy sets) [43.48]. Simple picce-
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wise linear functions with a prescribed degree of overlap appeared to be good
representations of these imprecise concepts.

2. Knowledge acquisition issues. In a fuzzy reasoning, one must acquire
membership functions rather than single numbers [38]. Research has shown
that simple functions are usually adequate representations and can be readily
supplied by Domain Experts Sensitivity Analysis which will need to be
conducted to determine the effect of small changes in membership functions
on decisions.

3.Explanation mechanism. FFuzzy has been widely criticized for the lack of a
theoretical foundation for its reasoning methods. The wide variety of
inference procedures, combining rules, and defuzzification techmiques that
have been developed is often used as an illustration of the vanery of ad hoe
methods that must be adopled in order 1o make fuzzy work in different
situations [29].

4. Knowledge transfer across problems. The fuzzy system is rule based and, like
the rule based approach that has the same strength and weakness of any rule-
based system. In addition, the interaction of membership functions of seis
used in premises and conclusions of different rules 15 sometimes difficunlt 1o
anticipate [30].

5.Domain requirement, the major drawback of fuzzy for reasoning appears to be
the lack of a convenient method for representing the level of importance of
evidence. In particular, there is no convenient method for weighting different

pieces of evidence [20].
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Design and Implementations of Case Studies

5.1 Implementation of a Computer Diagnostic Expert System (CDES)

The problem type influcnces our choice of the method and toel for implementing an
intelligent system. We are willing 10 develop a prototype sysiem that can help in
diagnostic process. Computer manuals include troubleshooting sections which consider
possible problems with the system start-up for detecting computer and their peripherals
such as hard disk, keyboard, monitor, sound card, disk drivers such (floppy disk, CD-
ROM,), and networks tools. Peripherals such as pnnter, scanner....etc.

This implementation clearly belongs 10 a diagnosis inferring malfunctions of an
object from its behaviour and recommending solutions. Domain knowledge for solving
such problems can often be represented by production rules, where a rule based expert

system might be the right candidate for the job.

5.1,1 Designing process of an Expert System

5.1.1.1 Objective Data and Knowledge Aequisition Structure

To develep such a computer diagnostic system, we need to acquire knowledge
about troubleshooting based on the known problems that occurs in computers, We use a
troubleshooting manual to provide step-by-step procedures for detecting and fixing a

variety of faults. We will consider troubleshooting sections in a following order:-

1. Motherboard/CPU/RAM
2. Power Supply

3. 1DE Drives

4. Cilland DVD
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5. Seund Card
6. Video Card
7. Modems and Networks

+ Knowledge Base Structure

In our CDES implementation an efficient rules in rule based expert system arc
required in our protetype in order to accommedate all the generated candidate
diagnostic faults via troubleshocting to be used in later stage. According to flowcharts
in [31] we develop 2 general rules and objects structure which can handle the
diagnosing processes. These rules will be listed in Appendix C:
~ Objective Data

CDES uses numbers of linguistic objects deseribed in terms such as: fault,
live_screen, power_diagnostic, video_diagnostic. RAM, CPU, CMOS, freezes boot..
..}. Each object can tale one of the allowed values (for example .object fault can take the
value of Motherboard, Power Supply, Sound Card, [DE Drives, CO_ DVD Video Card,
Modems, object screen has two value YES or NO ).An object and its value constilute a

fact.

5.1.1.2 Programming Language Used in the implementation
We have used Visual Rule Studio shell, in the development of our systemn. The
reasons behind the usage of such language are the following:
» [t is classified as a declarative programming language that is very easy to
learn and use.
« [t is compatible with windows operating system and platform rule

development environment for Windows co-cperations.
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[1 can interact with the user via Graphical User [nterface, which gave the

language the ability to support procedure languages as well.

s It is the uliimate object-oriented programming language.

o It is the mest productive way o create component reusable rule-based
objects.

e It represents a generational leap in the application of expert sysiem
technology to the problem of component-oriented rules represcntation,

+ Visual Rule Smudio is based on the Production Rule Language {PRL)

and Inference Engines of LEVELS Object. The PRL classes of our

RuleSet become objects in Visual Basic as shown in appendix A figure

Al

4 Visual Rule Studio Inferencing Strategies

The Visual Rule Studio inference engines conwrol the strategies that determine
how, from where, and whal order a knowledge base draws its conclusions. These
inference strategies model the reasoring processes an expert uses when solving the
prohlem.

By using Visual Rule Studio we indicate three types of inferencing strategies
pointed as follow:

=  Backward-Chaining.

«  Forward-Chaining.

= Hybrid-Chaining.

Fach of these inferencing strategics acts on specific knowledpe base components.
Backward-chaining inferencing starts with a specific hypothesis, or set of hypotheses,

called the agenda. In backward chaining, also the inference engine works backward
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from the agenda, pursuing a hypothesis via its search order strategies, which can be
composed of the session coniext. the knowledge base rules . WHEN NEEDED methods,
Query Objects. or the default value. Forward chaining inferencing starts with known
data or conditions and determines what can be concluded from that data. Forward
chaining uses also a knowledge base’s demons and WHEN CHANGED methods as
well, Hybrid inferencing is a mixed strategy that combines backward chaining and
forward chaining.

Visual Rule Studic uses rule-based reasoning techniques on an application’s object
maodel o create, delete, manipulate variables and objects, and to determine their values.
A set of rules {(RuleSct Editor) for the expert system are shown in appendix A figure

Al

< RuleSet Tree View

The RuleSet Tree View provides a diagrammatic rcpresentation of the
relationships among the classes, attributes, rules, and demons of a RuleSet.
To display the RuleSet Trec View, click on the Tree View button in the RuleSet

Designer. Figure A3 in appendix A showns the Tree View for our expert system.

= Tree View Node Types

Each node in the RuleSet TreeView has an tcon indicating its type, as shown below,
The RuleSct TreeView has five hasic node types: RuleSet Node, Class Node, Attribute
Node, Rule Atiribute Conclusion Nede, and Rule Node as shown in appendix A figure

Ad,
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5.1.1.3 Create the User Interface

As in any kind of expert systems having a good user interface in critical to
determined classes, alinbutes and rules in principal. To make a success reasoning
system we necd better user interface to carry out all the information, and queries reports
in unsophisticated manner. The reply of the submitted queries will be represented in a
visualization mode. The role of the knowledge, structures trends and outliers may be
identificd, statistical tests tend incorporate isolated instances inte a2 broader model as
they attempt to formulate global featurcs and then there is no requirement for a
hypothesis, but the techniques can also support the formulation of hypotheses if wanted.
The user will be attemnpled to select answers presented by the expert system interface

shown in appendix A figure A.5.

The user has the advantage 10 interact the appropriate answer(reply) to the submitted
query (questions) recently asked via the CDES system .the result of the retrieval queries

will be issued in the following script in appendix A figure A6

5.1.1.4 Evaluate the expert system

In the dialegue shown below, the expert system will demand the user to select the
answers 10 seck for a convincer solution to the problem tased on hisher demand. The
answers which are supplied by the user answers which were indicated by armows. Our
expert system will apply the matched rules from its knowledge base to infer the result of
diagnostic, the process will be shown in appendix A figure A7,

Requested problem {Query)
Please enter the exact fault type?
==2> Motherboard

is live screen?

==> YES
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[s freezes on boot screen?
= YES
1s freezes bare bones?
=> YIS
Is freezes on swapped ram?
= Y[5
[s cmos settings default?
== YES
Is heatsink active?
=> YES
Is runs on bench?
== NO
Is CPU awap work?

= YES
Replied solution {Result)
Diagnosis:

Bad CPU, watch voltage heat sink on replacement.

The most important recommendations about building expert system using rule based
reasoning are listed below:-

1. Natural knowledge representation, An expert usually explains the
problem solving procedure with such expressions such as: in such-and-
such situation, 1 do so-and —so'. These expressions can be represented
quite naturally as [F-THEN rules.

2, Uniform structure. Rules have the uniform {F-THEN structure. Each rule
is an independent piece of knowledge .The very syntax of production
rules enables them (o be sclf documented.

3. Opaque relations between rules . Although the individual rules tend to be
relatively simple and self-documenied their logical interactions within

the large se1 of rules may be opaque.
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4. Ineffective search strategy. Starts when the inference engine applies an
exhaustive search through all the rules during each cyele.
5. Inabilities o leamn. Learning eannol automaltically modify its knowledge

base, or adjust cxisting rules or add new ones.

5.2 Implementation of a Decision-Support Expert System (DSES)

A service centre Keeps spare parts and repairs failed ones. A customer brings a
failed item and receives a spare of the same type. Failed parts arc repaired and placed
on the shelf, and thus become spares.

The objective here is to advise a manager of the service centre on certain decision
policies 10 keep the customers satisfied. We need 1o decide which problem is a
candidate for any reasoning methods. In this problem we cannot define a sct of exact
rules for each possible situation; inherently imprecise properties of the problem make 1t
a good candidate for fuzzy technology. Fuzzy systems are particularly well suited for
modelling hurnan decision making.

To build our fuzzy expert system, we will use one of most popular tools used for such
a purpose, the MATLAD. It provides a systematic framework for computing with fuzzy

rules and graphical user interfaces as well,

5.2.1 Designing Process of a Fuzzy Expert System

To design a fuzzy expert system we have to go through several steps in a designing
process to identily all system hasie requirements which will be order as follow:

I. Objective of define linguistic variables.

2. Determine fuzzy sets.

3. Ehent and construct fuzzy rules.
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4. Encode the furzy sets, fuzzy rules and procedures 10 perform fuzzy
inference into the expert system,

3, Ewvaluate and tune the system.

5.2.1.1 Objective of Define Linguistic Variables

There are four main linguistic variables: average wailing time {mean delay) m,
repair utilisation facior of the service centre p, number of servers s, and initial number
of spare parts .

The customer's average waiting time, m, is the most important criterion of the
service centre's performance. The actual mean delay in service should not exceed the
limits acceptable to customers.

The repair utilization factor of the service centre, 2, is the ratio of the customer
arrival tare , 4 ,1o the customer departure rate, 4. Magnitudes of A and g indicate the
rates of an item's failure and repair, respectively. Apparently, the repair rate is
proporional to the number of servers, s. To increase the productivity of the service
centre its manager will keep the repair utilization factor as high as possible.

The number of servers, s, and the initiai number of spares, #, directly affect the
customet's average waiting time, and thus have a major impact on the centre's
performance. By increasing s and #, we achieve lower values of the mean delay, but, at
the same time we increase the costs of employing new scrvers, building up the number
of spares and expanding the inventory capacities of the service centre for additional
spare.

Let us determine the initial number of spares », given the customer's mean delay

m, number of servers s, and repair utilization factor, o |
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Thus, in the decision model considered here, we have three inputs m. s, and p, and
one as an cutpul #.

In other words, a manager of the service centre wants to determinge the number of
spares required to maintain the actual mean delay in customer service within an
acceplable range.

Now we need to specify the ranpes of our linguistic variables. by supposing we
obtain the results shown in appendix B Table B.]1 where the tntervals for s, 5 and #r are
normalized to be within the range of [0.1] by dividing base numerical values by the
corresponding maximum magnitudes.

Note that, for the customer mean deloy m, we consider only three linguistic values
such ns: Very Shori, Short and Medium hecause other values such as Long and Fery
Long are simply not practical mentioned. A manager of the service centre cannot alford

to keep customers waiting longer than a medium time.

5.2.1.2 Determine Fuzzy Sets
Fuzzy sets can have a variely of shapes. However, a tnangle or a trapezoid can
often provide an adequate representation of the expert knowledge, and at the same time,

signilicantly simplifics the process of computation as showing in appendix B figures

B.1.B2LB3 B4

5.2.1.3 Elicit and construct fuzzy rules

To accomplish this task, we might ask the expen to describe how the problem can
be solved using the fuzzy linguistic variables motivated in section 5.2.1.1,
There are three inputs and one outpul variables in our expert system. It is often to

represent fuzzy rules in a matnx form. A two-by-one system is depicted as a M x N
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matrix of the input variables .The linguistic values of one input variable form the
horizontal axis and the linguistic values of the other input variable form the vertical
axis. In the intersection of a row and a column lies the linguistic value of the output
variable, But for the three-by-one system the representabion takes the cube shapes of an
M x N x K cube This form of representation is called a fuzzy associative memory
(FAM).

Let us make use of a very basic relation between the repair utilisation factor p,
and the number of spares n. assuming that ather input variables are fixed .This relation

can be expressed in the following form: if p increases, then # will not decrease . Thus

we could write the following three rules:

I IF (wilisation_factor is L) THEN (number_of spares is S),
2. IF (urilisation_factor is M) THEN (number _of spares is M},
1 IF (utilisation_factor is 1} THEN (number_of spares is L),

Now we can develop the 3 x 3 FAM that will represent the rest of the rules in a
matrix form. The results of this effort are shown in appendix 1B figure 3.3,

A detailed analysis of the service centre operation may enable us to derve 27 rules
that represent complex relationships between all vanables used in the expert system
.Table B.2 in appendix B contains these rules and figure which shows the cube (3 x 3 x
3} FAM representation.

First we developed 12 rules calculated as (3 + (3 x 3)} rules, but then we obtained
the rest of 27 rules via the multiplication of (3 x 3 x 3) rules. 1 we implement both
schemes, then we will compare both results. Figure B.6 in appendix B shows how this

process stars for.
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5.2.1.4 Encode the Fuzzy Scts, fuzzy rules and procedures to perform

fuzzy inference into the expert system

To build our system by using fuzzy rules and procedures to perform fuzzy
inference into the expert systiem we will use the MATLAR ToolRox. Such a tool
usually provides complete environments for building and testing fuzzy systems .For
example, the MATLAB has five integrated graphical editors: the fuzzy inference system
editor, the rule editar, the membership function editor, the fuzzy inference viewer, and
the output surface viewer. All these features make designing fuzzy systems much easier

to he visualized in an acceptable manner for user real application.

5.2.1.5 Evaluate and tune the system

The last, task is 1o evaluate and tune the system. We want to see whether our
fuzzy system meets the requirements mentioned in this thesis work.

Several test situations depend on the mean delay, number of servers and repair
utilisation factor.

The Tool can gencrate surface to help us analyse the system’s performance.
Figure B.7 in appendix B represents three-dimensional plots graph for the two-input and
ene-oulpul system in rule base system that we used.

But our system has three inputs and one output which we may move beyond three
dimensions. When we move beyond three dimensions, we encounter difficulties with
displaying the results. The too!l has a special capability that it can generate a three
dimensional, output, surface by varving any 1wo of inputs and keeping other inputs
constant. Thus we can observe the performance of our three-input, one-cutput system

on two for three-dimensional plots.
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Although the fuzzy system works weli, we may attempt to improve it by applying
Rule Base 2.The results are shown in appendix B figure B.8,B.9,B.10. The expert might
nol be satisfied with system performance. To improve i, may suggest additional sels -
Rather Small and Rather Large - and to extend the rule base according to the FAM
presented in figure B 11 in appendix B, the rule base 3 shown in figure B.12. The ease

with which a fuzzy system can be modified and obtain results in figure B.13,

If we suppose, a service cenlre 15 required lo supply its customers with spare parts
within 24 hours, the service centre employs 8 servers and the repatr utilisation lactor is
60%. The inventory capacities of the centre are limited by 100 spares. The values for
the mean delay, number of servers and repair wiilisation factor are 0.7, 0.8 and 0.6,
respectively.
n=round {(cvalfis{[(1.7 0.8 0.6],a))*100) n=20

Suppose, now the manager of the service cenlre wants to reduce the customer's
average waiting time to 12 hours it can be calculated in the following aspects.
n=round ({evalfis{[0.35 0.8 0.0].a))*100} n=35

To Tuning fuzzy expert sysiem may involve a number of actions as review model
input and output variables, and if required redefine iheir ranges, review the fuzzy sets,
and if required define additional sets, review the existing rules, and if required add new

rules to the nile base,
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Conclusion and Recommendation

This chapter summarizes the main work in this thesis, the development and results

of this thesis would contribute to the reasoning methods fields in several ways. The

formulation of a set of heuristics rules selections will help to clanfy the matching

between specific problem and the set of best suiled atgorithms or techniques for solving

it. These guidelines are expected to be useful and applicable to real problem solving

projects.

The conclusion of thesis work can be summarized in four components to locate a

common comparative task for some different types of reasoning which it can be

mentioned as follow:-

l.

Providing a {ramework for describing and exploring all features of different
reasening schemes with emphasis on benefits. drawbacks, applicability, criteria
of choosing methods for a specific application.

Identifving categories, structures, or properties of knowledge or tasks for which
different reasoning lechniques are appropriate or advantageous.

Providing a comparison between different reasoning schemes are used as well 1o
guide designers 1o sclect the appropriate method for a particular domain.
Implementing case swdies that applied two types of expert systems the {irst one
is called Compuler Diagnostic Expert System (CDES) which deal with rule
based reasoning. The sccond expert system was named as Decision-Support
Expert System (DSES) using fuzzy reasoning. Both systems were developed to

formulate the requirements of this thesis work and for problem solving
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respectively. Also both expert systemns should contain an expressive, extendible

representation system for one or more methed of reasoning.

6.1 Summary of the thesis work

W A process reasoning 1S a reasoning paradigm that infers information about a
domain using process or multistage methods that exists a traditional
reasoning paradigm which plays a vital role in every main stage of the
process.

B The RBR breaks a preblem down inte a set of individual rules thal each
solves a pan of the problem. We have combined rules together 1o solve the
whole problem. However, to create these nules by hand, we have 10 know
how to solve the problem and the task that can be extremely complex at the
tfime consuming. Our CBR. development differs basically in the use of the
rules that does not need to know how to solve 2 problem but only know how
to recognize it if a similar problem was solved in the past. [ so, the CBR
used instead of the RBR 10 easily solve the current problem. There are real
differences between our CBR development systems and the RBESs in partial
matching where the CBR system many cases can not be matched exactly in
all details. [nstead we used Patterns 1o recognize and store gencralizations
aboul cases, but they are not themselves considered to be cases some times.
Furthermore, partial matching leads us to case adaptation.

B Frame-based reasoning required us an extensive knowledge of the domain
that had more difficult maintenance than the CBR. The main advantages of
using frame-based system in expert systems over the rule-based approach in

all the information about a particular objecl were stored in one place,
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B Frame based reasoning alse differs frem a case based reascning only in the
way of storing it. The casiest way 10 explain the difference is to give an
example which judicial information system would ¢contain and every judicial
case has a precedent case without any cxceplions.

& In Knowledge Acquisition Cases are easier to remember than rules because
experts usually prefer explaining specific examples of the problems they have
encountered their solutions to those problems, than it is for them to describe
their problem selving technique in term of potentially large numbers of rules.
[n fact, several people building expert systems know how to reason those
using cases that have found it easier to build the Case-based expert systems
then: the traditional ones.

W Cases may guide interpretation of rules; cases may be used 1o focus RBR; or
the CBR system that may be one of the components in the RBES,

B The CBR syslem may provide an alternative to RBESs, and is especially
appropriate when the number of rules needed to capture an cxpert's
knowledge is unmanageable or when the domain theory is too weak or
incomplete, Furthermore, traditional RBESs and CBR systems share the
common theoretical foundation based on mathematical logic; that is, derived
from propositional logic and predicate logic, hecause RBESs and CBR
systems basically perform deductive reasoning, More specifically, RBESs
perform reasoning based on moedus ponens, while CBR sysiems perform
reasoning based on generalized modus ponens. Because generalized modus
penens is an extended [orm of modus ponens were CBR systems can be

considered as a genera] form of RBES.
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@ MBR is often considered in our thesis as a subtype of CBR which can be
viewed as fundamentally analogical. MBR systems also sclve problems by
retrieving stored cases (precedents) as a starting peint for new problem-
solving.

M The essential difference between RBR and LBR lies in which the former
possesses much more knowledge than the latter, mean while the latter is
ticher in inference rules and can perform a multistep process of reasoning.

W Fuzzy reasoning in fuzzy logic is basically generalized from traditional logic
expressions with the exception of its computational process. Fuzzy reasoning
is basically one-step reasoning in order to avold such fuzzy degencration.
Successful applications of fuzzy rcasoning do not come from its multistep
process of reasoning based on its quasi-transitivity, but from its linguistic
computation and more precise understanding of the fuzzy characteristics of
certain domain knowledge.

M Reasoning in CBR docs not beleng to the form that mentioned reasoning
paradigms above. It can be considered as a new kind of reasoning; which is
classified as a process reasoning.

B The fuzzy reasoning system is rule based system just, like the certainty factor
approach but it has (he same strengths and weakness of any rule-based
system. In addition, the interaction of membership functions of the sets used
in premises and conclusions of different rules is sometimes difficult to
anticipate.

B Furzy reasoning is attractive because much of the knowledge in domain
appears to be imprecise. However, more work must be done to determine if

adequate metheds for weighting different pieces of evidence can be
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developed. Another alienative that must be considered is that of using more
than one of these methods, The modular design of the knowledge base for

different decisions appears 10 make this a reasonable aliernative.

6.2 Recommendation

Some inscrting future research problems will be presented respectively in this
section. The main focus of my future work will be to improve all the related
components of rcasoning aspects in a comparative way, We are willing to develop
prototypes using diflerent methods for reasoning to determine which method(s) 15 moest
appropriate.

Hybrid methods descrve the attention of researchers and application developers to
build expert system thal require a resolution problems regarding deterministic of
reasoning methods to apply in a given situation. Resolving diflerences between
reasoning methods and designing representation allow knowledge to be shared based on
reasoning methods decision.

Methods with hybrid architecture for a single or more than one paradigms were
integrated 10 get comparative effects which well play an alternative challenge to us,
when the sirengths of one of the mentioned metheds wilt be compensate for the
weakness of anther . More over, my future tasks will be listed as (oflow:

+  We will try to improve the combining reasoning methods in a single application.

+ Supporting or guiding anther method will be needed in case of combining

reasoning in a single application as well.

»  We are also interested 1o improve reasoning expericnce by compiling one form

into another via reasoning knowledge.
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»

Transferring successful methods from one form of reasoning to another form is a
very important 1ask to be private.

Intcroperability of applications based on different reasoning technology can be
implernented in lulure as well.

Switching among alternative forms of reasoning can be a good challenge in
future.

We suggest improving the comparison and evaluation of reasoning altemnatives
for specific problem domains.

Demonstrating practical advantages of a multimodal appreach for real problems.
These problems lead us to think of it as a major future task.

[dentifying and exploiting commonalities will finally be consideted as a future

work.
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Appendix B

Implementation of Decision-Support Expert System

{DSES)
Linguistic Variable: Mean Delay. m

Linguistic Value Netation Numerical Range (normalised)
Very Short VS [0. 0.3]
Short S [0.1.0.5]
Medium M [0.4. 0.7]

Linguistic Variable: Nunher of Servers. s

Lingustic Value Notation Numerical Range (normalised)
Small S [0, 0.35]
Medium vl [0.30, 0.70]
Laree L [€.60. 1]

Linguistic Variable: Repair Utilisation Factor. p

Linguistic Value Notation Numerical Range
Low L [C. 0.6]
Medium M [0.4, 0.8]
ligh I [(1.6. 1]

Linguistic Variable: Numher of Spares, n

Linguistic Value Notation Numerical Range (normalised)
Very Small VS [0.0.30]
Small S [0. 0.40]
Rather Small RS [0.25,0.45]
Medium M [0.30, 0.70]
Rather Large RL [0.53, 0.73]
Large L [0.60, 1]
Very Large V. [0.70. 1]

Tahle B.1  Linguistic vanables and their ranges



120

Appendix B
vs 1 5 ' ' M
1 ) o
' P
. Jf \\
1". ."I. 1.'1"
I:I E- [ N a A
', / Y
; \

r.f ",
o ] 2 . -_— -
¥ o 0.2 c.3 04 0.5 286 0.7
mean elay

Figure B.1 T'uzzy sets of Mean Delay m

s

0.8} ;I

o0&} ¢

Degraa of membarship
-

02} [/

0 g1 02 0.3 0.4 05 06 0.7 0.8 g 1
numbarni“mﬂrs

Fipure B.2 Fuzzy sets of Number of Servers s



Appendix B
L ’ A H
£ - .- .
!
f
03 i
= !
z )
E o6}
5 0.4 Ly |
! -
y
0.2+ .,
; .
Q. . 4 — _..J
4] (L] 0.2 0.3 0.4 0.5 06 Q.7 0a 0% 1
utilisatinnracmr
Figure B.3 Fuzzy sets of Repair Ltilisation Factor p
VS s RS M RL L VL
1' " L] 4 I i‘ ;]
b , f L
g ! i
Y A J
08F i N
o ;r"s 'r 1 )! \H'. /
& [ | !
& | \ o / Vo
£ ooy t bty Vo
E \l " i
E i Y H
E‘ 0.4 i .‘lk i.. 1_ Iy
- \; \ 3
0 L 1 L
0.2k 1I.|:. _J.'F 1"._ 1
/ R , Y
A P II'.. !I ' N L
D ] § )
a a1 02 0.3 0.4 0.5 L) v 0.8 039 1
numberof’pares

Figure B.4 Fuzzy sets of Number of Spares n



Appendix B

132

M|RL|RS | S

S|VL| L M

WS 5 W i

Figure B.5 The square FAM representation

Rulel m | s | o | #n JRule| m | 5 | p| » JRule| m | s plo#
[ VS| 8§ L |Vs5]1D VS| S hY! 5119 V5| S H | VL
2 5 5 L JVS)II 5 5 M | V5120 ! 5 H L
3 M S L | vs |12 M 5 M| VS| 21 M 5 H | M
4 Ve | M | Ve |13 Vs M| M| R5| 22 Vi | M I M
5 5 M L |vshld o] M| M S [ 23 5 M H |
O MM L | VS| 15 MM | M| Vs |24 M M| H 5
¥ VS| L L S )16 ¥5 | L M| M 25 VS| L H | RL
8 StLle]|shiz Isf{L]m Ril % | s lL|nlM
9 M L L | VS I 13 M LI M S |27 M l. H | RS

Tahle 13.2 The rule table

t Frpomimn b S [3

2 11 [utdiz st lactor 12 M] than {numbed_af _spaces 3 M 1]
3 IF [utdeaton_tactor iz H] e [ossbe_of | g@anes o L] [1]
4 It irverann_chelay s W51 ad [amber_ol_korvors i3 5| 1hen [rambesof_spares m VL] [1)
= If [rean_detay iz 51 and [raambot_of_jarvers i S| then [ramber ol spaves iz L1 11
£ M [srwrn_debay iz M| sred [reamibem_of_tewvere a5 than [romibes_of_spaces i M] 1]
| [prevary_ delag iy VS ) s lrnamibom_ ol ievdr g i M ) ey [raamibesr_of_tperes o AL 1)
| (ropraen_geelayy i 51 ared [rwambeer_of_setvedk i M| than [numben_of_soorns e AS)
| [irascn_delow 3 1) s [Foamite_of _sorvrs g of M| then [rusmbss_ol_gracezr o 511
I [mrar delow 1 WS ) ard [rsmber_ol_teovors in L) then [tornber of spoems m M (1)
| i dedaw iz S0 awwd Iraalomd of tewwes o LI thewn Iraamdew of goremet o5 50071

Al g T huzwry

- il J -
w5 M H
M L M
o nores Horm

I ] ot it

= Connestion wieight
o
() o T [ oomere |~ s | e i

v deloy rurnbel ol sorvcrs iz asci_lacton is ke _ ol $pares

el

f FIS Hame Ceriia 1 ‘ _ l Lr__l"_’, _,, i l ,__.ﬂ — | I

Figure B.6 Rule Base 1







Appernddix B 123

F 3
sa LT 7 ¥
| L|RL| M | RS
S [ S5 |vs
L d M| M| mMm|s
VS | VS | Vs
M d Sop S{vL | L | m|]|."p
S|VvsS | vs | vs )MH . vS § ™. H
","" L
vs s m o ' m
—_—
e L|M]|RS| s
MRS | 5 |vs
S| s | vs|vs
. v§ § Mo ™
J o -
i)
L| 5| s {vs
M|vs | vs | vs
S{vs |vs |vs
v§ § m -
]
t

Figure B.7 Cube FAM of Rule Base 2

'ElHull.‘.'_Edi'tﬁ."r!i;Cr:.ntr'ﬁ_Z Lt g s e e B T

———

.1 fmaar_chelay e V5] and Irumber_of e weiy ix L] and [ullaadion_fecior i M) ihen [rosmibem_ol_sparers it
- imaan, delay e 51 ard [roambee_cl_ssivet ie L] and [uidizaton_lactor it M) then (numbes_cf_sparst ie F—
- ¥ bmea_ deday ix M| and [reanter_ol_servers i L] and [otilizancr_lactos it M) Bhen (numbes_ o yparss is
- FImaars_delay is WS ard [rumber_ol_seivery iz St and iledion_lacton is H] Then [nwnbes_of_spaney is
- FImaary delag s 5 snd (numbes_of _zarseis is 5] and [ublieation_facter iz H] ten umbsr_of_scaies o L
-t [mematy_cletlay 19 M) ancd Iramber_of _ssrvers 13 5] ard [urkeatese_facton is H) thern foumiber_ol_spadss is b
- [rean_drelay 95 ) and [nomben of_esrverz 3 M1 and [Hiheaten_lacted is F Than [number_of_tpass s
I} [rremats_chealoy vz 5] ared [rwarnber_of_saivens g M| and (unlaancn_ faetar s ) Hen [rumber_ot_gpares i b
M {reracy delay ix M and Inorber_of_setvery ip M| and [uikeation factes o H) e [rwrrdeer _ob_spaies ia Ly
H [rrerany_cleday 13 W5 ] s loumber_of, servers is L] arad [utbaanon_factor ix bI| teen [rombed_of_spaces o |
W [rreerany_clelay v S| and (resmieee_of _ senvees i L) and [utdashion_faciar it H) Then [rumber_ol_ioaes i b
- N i any_chtday is M) and [rember_of_setvrrs o L) and Juilisation_tacior s H] hon (nember ol gpare: is F

A —m e p— — o

e = T 1 i1

el 2t
resnies | ol genvens Ll alion_ It i

~ Conmmeclon Whagh:

o

B [T | [ oseernie | Raawie |1 Chome wie | il

FIS Marne: Cenlra_2 {: HEI.;:__._,”I_...._.L_.iu:;_ﬁ__'
il il

Figure B.8 Rule Base 2



124

Appendix B

il
=
n-._-.n.—._n

= 2
RGNy

‘igure B.9 Three-dimensional plots for Rule Base 1

b
mmalaan

b

"
LI

2

gure B.10 Three-dimensional plots for Rule Base

1



Appendix B 125

,4/1’ /f ff
" y Ll L | m | rs
vs
o I "/ Rl e | wm | Rs
s | s | vs
RL f‘f M| m M -
Ml vs | vs | vs { LA
p " rs| vi | A | ms |
v v
rsl vs | vs | vs //_.,p ™ Sy
Ve | ws v H H
s {M ALl m | Rs
NS & M
—r mirs | s
g rs] s | vs
L]
Ll s | s {vs s| s | vs
Rl s | s | vs ve_ 8
™
m| vs | vs | va
ra| va | vs | vs
s| vs | vs | vs
L

WS

E R TN

Figure B.11 Cube FAM of Rule Base 3

Edt Yeew QOpbons

uf Sedvers iz 5

2. M mman_dslay i 5] and [numbse_ ot _sarvais iz 5] and [utiization_Factod i L] then [number_of_spares 13 ¥S E
3l [mean_delay is M) and |rumbed_ol_sareers i 5] and [utiligalicon_factos i L] thew [number_of_spares ig VC

4 |l Imean_delay & ¥5] and {number_of_sarvers is RS] and [utiBsabon_fagioe is L] then [number_of_spares i

5. 1 nvemasr_delay i 5] ard [rumbed_oef_sarvars i B3] and [ublisation_facion i L] then [numbes_of_spares sy

B | Imear_delay is M) and [rumber_ol_servers ie AS] and [utilisatir_facto is L] then [rumbes of spareg s

7. |} bmean_delay iz WS] and Inumber_of_secvers is M| ard [utizSton_Facion i L] then [rumben_of_spaies %

B. |} ear_celay is 51 and [rarmnbed_of_sarvars i M) and ks aton_factor L] then [frmber_of_spaes is YT

9 1 Imean_delay iz M] and |rumber_ol_senvers i ] and [utlizaton_Facton is L] then [rumber of_spaces is W -
hl

ol T el 2 WD e P bt b | e e e VD) e B I L B e R A el

<. . . - 1 1

ardd ol T hery
ruambe_of_tervers Lt sty factor i mumbier_of _snanes

- ~ 5
H A3 i
& RL !
[alalgl] L .
o v ‘P .
[T et

r__iru:it‘

[ | [ Dewonse |[7 Adamic|[{ Chamonis | (]

FIS Hame: Conira_3 o |

Figure B.12 Rule Basc 3



Appemdic 8 126

r
- -

»
- e -
]

06

¥
numbse gfuﬂ"'-'i"l

04

utuhsatm,rac.tor

Figure B3.13 Three-dimensional plots for Ruole DBase 3



Appendix C

127

Appendix C

Preliminary CDES Rules

RULE !
IF tvpe of [3ult is Motherboard
AND  live of screen is YES
AND  freezes on boot sereen is NGO
THEN the diagnostic is "proceed to motherboard performance chart®

RULE 2
IF type of fault is Motherboard
AND  live of screen is NO
AND  power diagnostic done is NO
THEN the diagnostic is "proceed to power supply Failure”

RULE 3
IF type of fault is Motherbourd
AMD  live of screen is NO
AND  powet diagnostic done is YES
AMD  video diagnostic done is YES
AND  RAM matched seated is NO
THEN the diagnestic is "Reseat RAM positive lever lock, Install pairs if required”

RULE 4
IF type of fault is Motherboard

AND  live of screen is NO
AND  power diagnostic done is YES

AND  video diagnostic dene is NO
THEN the diagnoslic is "proceed to video failure diagnostic ¢han”

RLILE 5
IF type of fault is Motherboard
AMD  live of screen is YES
AND  freezes on boot screen is YES
AND  freezes bare bones is NC
THEN the diagnestic is "proceed 1o conflict resclution chan®

RULE &
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¥ type of fault is Motherboard
AND  live of screen is YES

AND  freezes on boot screen is YES
AMD  freczes bare bones is YES

AND  freezes on swapped RAM is NO
THEN the diagnostic is "Replace RAM with type listed in motherboard documentation”

RULE?
IF type of fauh is Motherbeard

AND  live of screen is YLS

AND  freeres on hoot screen is YES

AND  freezes bare bones is YES

AND  freezes on swapped RAM is YES

AND  CMO5 setting defauli NO

THEN the diagnostic is "load default from BIOS*

RULE §
IF type of fault is Motherboard

AND  live of sereen is YES

AND freezes on boot sereen is YES
AND  freezes bare bones is YES

AND  freezes on swapped RAM is YES
AND CMOS setting default YES

AND  heat sink active is NO
THEN the diagnostic is "install new heat sink, connect fan. May be too late CUP"

RULE®
IF type of fault is Motherboard

AND live of screen is YES

AND  freezes on boot sereen is YES

AND  freczes bare bones is YES

AND  freezes on swupped RAM is YES

AND CMOS serting default YES

AND  heat sink active is YES

AND runs on bench is YES

THEN the diagnostic is locate short binding, or swap casc™

RULE 10
IF rype of fault is Matherboard
AND  live of sereen is YES
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AND  freezes on boot sereen is YES

AND  freezes bare bones is YES

AND  freezes on swapped RAM is YES
AND  CMOS setling delaull YES

AND  heat sink active is YES

AND  runs oo bench is NO

AND  CPU swap work is NO

THEN the diagnostic is "Motherboard Bad”

RULE I
IF type of fault is Motherbaard
AN hive of sereen is YIS
AND  freezes on howt sereen is YES
AND freezes bare bones is YES
AND  freezes on swapped RAM is YES
AND  CMOS setting default YES
AND  heat sink active is VES
AND  nums on bench is NO
AND CPU swap work is YES
THEM the diagnostic is "[}ad CPU, watch voltage heat sink on replacement”

RULE 12
IF type of fault is Motherboard
AND  live of screen is NG
AND power diagnostic done is YES
AND video diagnoslic done is YES
AND RAM matched seated is YES
AND  CPU seated flat is NO
THEN the diagnostic i5 "Reseat CPU and heat sink”

RULE 13
IF type of faull is Motherboard
AND  live of screen is NO
AND  power diagnostic done is YES
AND  video diagnostic done is YES
AND  RAM maiched seated is YES
ANIY  CPL seated flat is YES
AND  Fan on heat sink active is NO

THEN the diagnostic is "check fan power point replace”
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RULE 14
IF tvpe of fault is Motherboard
AND live of screen is NO
AND  power diagnostic done is YES
AN video diagnostic dune is YES
AND  RAM matched seated is YES
AND  CPU seated flat is YES
AND  fan on heat sink active is YES
AND  hear beeps is YES
THEN the dizgnostic is “Replace RAM with type listed in motherboard documentztion™

RULE 15
IF type of fault is Metherboard
AND  live of screen is NO
AND power diagnostic done is YES
AND  video diagnostic done is YES
AND  RAM matehed seated is YES
AND CPU sealed Dat is YES
AND fan on heat sink active is YES
AND  hear beeps is NO
AND  default motherboard seltings is NO
THEN the diagnostic is "Restore default motherboard settings with jumpers or switches™

RULE L&
IF type of fault is Motherboard
AND  live of screen is NO
AND power diagnostic dene is YES
AND  video diagnostic done is YES
AND RAM matched seated is YES
AND CPU seated flat ig Y it%
AND fan on heat sink active is YES
AND  hear beeps is NO
AND  default metherboard settings is YES
AND nms on bench is NO
AND  CPU swap work is YES
THEN the diagnostic is "Bad CPL, watch voltage heat sink on replacement

i

RULE 17
IF type af fault is Motherboard
AND  live of screen is NO
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AND power diagnostic done is YES
AND  video diagnostic done is YES
AND  RAM matched seated is YES
AND CPU seaied flal is YES
AND  fan on heat sink active is YES
ANDY  hear beeps is MO

AND
AND
AND
TIHEM

RULE 18
IF
AND
AND
ANL
AND
AMD
AND
AND
AND

default motherboard settings is YLES
runs on bench is NO

CPU swap work is NO

the diagnostic is "Motherboard Baxd”

type of fanlt is Motherboard

live of screen is WO

power diagoostic done is YIS

video diagnostic done is YES

RAM matched seated 15 YES

CPU seated flat is YES

fan on heat sink active is YES

hear beeps is WO

default motherboard settings is YES

And  nns on bench is NO

THEN the diagnostic 15 locate shon binding, or swap case™
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