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Abstract 

Sirniiarity plays a central role in theories of human problem solving and thus is important for 

artificial intelligence research. Although there are different approaches to similarity assessment, 

the underlying idea is to classify information according to some features. so that we can use it in 

similar situations. Depending on the  application domain, the task a t  hand. and user preferences, the 

relevance of individual features may Vary, and so will the similarity of the concepts they represent. It 

is paramount to know what affects feature relevance and how to represent such information explicitly. 

The  objective of this thesis is t o  improve case-based reasoning by: ( 1) achieving better accuracy 

during classification; ( 2 )  retrieving cases that  are more relevant t o  a given problem: and (3) obtain- 

ing scalability with respect to case base size, case and query comptexity. We achieve this goal by 

introducing a new theory of similarity-based retrieval that  uses variable-context similarity assess- 

ment, and by defining an  efficient iterative retrieval algorithm that employs ideas of incremental view 

maintenance algorithms from database management systems. Context is a parameter of similarity 

that specifies what attributes are involved in similarity assessment between cases. and what set of 

values may be considered for these attributes. it defines which aspects of a case are important in 

a particular situation. We also define a set of operations, namety relaxation and restriction, which 

enable to control the relevance of retrieved cases. 

We evaluate competence, scalability and algorithmic complexity of a prototype system on diverse 

real-world domains. We show how the proposed similarity measure supports flexible computation 

by trading off the accuracy or precision of the computation process for time and space resources. 

In addition, the case representation used supports case base organization so that cases sirnilar in a 

given context can be grouped into clusters. This representation also [ends itself to attribute-oriented 

discovery, a technique that finds relevant attributes and their values. The  discovery process improves 

the representation by grouping toget her relevant, removing unneeded or  adding essential attributes. 

Performance evaluation shows how the discovery process improves system's competence. lterative 

retrieval of cases is efficiently handled by the adoption of incremental view maintenance algorithms 

from database management systems. Performance evaluation shows that this approach improves 

efficiency of case retrieval and thus helps to achieve system scalability with respect to  case base size, 

case representation and query comple'ù ty. 
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Chapter 1 

Introduction 

1.1 Motivation 

In many areas of decision rnaking, much of the reasoning process is based on experience rather than 

on general knowledge. For exarnple, legal reasoning and medical diagnosis use experience in the 

form of past cases more often than generic rules. Medicine used cases in practice and education 

even before a case- based paradigm was proposed in corn pu ter science. Medical st udents are trained 

a t  the t heoretical level and they are also presented with some important. prototypical cases. In the 

medical practice, a doctor's cornpetence increases with experience. that is with the number of solved 

cases. Often, seeing two patients as similar medical cases and applying knowiedge gained from one 

to the other can Save valuable resources (e-g., unnecessary tests) and still provide profeçsional help. 

Experts remernber positive cases for possible reuse of solutions, but negative cases are also useful 

for avoiding potentially unsuccessfui results. Because cases can be used eKectively during problem 

solving they are an efficient and effective way for acquiring and representing experience. 

1.2 Case-Based Reasoning 

Case-based problem solving or case-based reasoning (CBR) is a paradigm founded on solving new 

problems by remembering (representing), retrieving and possibly adapting esperience. represented 

as cases (Kolodner. 1993; Watson. 1997). Inforrnally, a case comprises an input (the problem), an 

output (the solution) and feedback (an evaluation of the solution). However, the representat ion of 

problems, solutions and feedback varies from domain to domain. A case can represent a complete 

solution (e.g., plan, design), which can be retrieved, adapted and reused 

Reasoning with cases involves: ( 1 ) accepting a new problem description ( a  case wit hout a solution 

and feedback) frorn a user or another part of the system; (2)  retrieving relevant cases from a case 



base (past problems wit h simiiar input); (3)  adapting retrieved cases to fit the problem at hand and 

producing the solution for the input problem; and (4)  evaluating the solution. 

CBR is founded on the premise that similar problems have similar solutions. Thus? the goal 

of case-based retrieval is to find the most similar cases for a new problem, expresseci as  a query. 

Similarity among cases is computed as a measure of closeness or relevance. Closeness can be measured 

in terms of numerical or  conceptuai distance. The more relevant a case is to a problem, the 1- 

adaptation is needed and the more precise the solution. Generally, it is better to  retrieve fewer 

high-quality cases than to retrieve additional Less relevant cases that result in a poor solution. A 

major tasic in CBR is t o  rneasure case relevance, used to ret rieve relevant cases. 

1.3 Case-Based Reasoning Systems 

Case-based reasoning systems c0nstitut.e a special class of knowledge-based systems. Since their goal 

is to retrieve from a case base the cases rnost similar to a given problem. sirnilarity-based reasoning 

techniques are applicable. As in analogical reasoning, the solution to retrieved cases is adapted to 

fit the problem a t  hand (Carbonell, 1983; Hennessy and Hinkle, 1992). 

Similady-based reasoning is a machine-learning paradigm where instances are clustered on the 

basis of their similarity (Jagadish, Mendelzon and Milo. 1995: Law. Forbus and Gentner, 1994; 

Tversky, 1977; Vosniadou and Ortony, 1989). CBR systems use similarity assessrnent to find relevant 

solved cases and use them to  solve problems at hand. Thus, cornpetence, efliciency, and scalability of 

case-based reasoning systems critically depends on the quality of the similarity assessrnent algorithm. 

Instance-based learning algorithms store training examples and use them to classify new problems 

(Aha, 1992a; Broos and Branting, 1993; Xha, Kibler and Albert, 1991; Quinlan, 1993: Salzberg, 199 L; 

Scott and Sage, 1992). This approach is sirnilar to CBR in the use of actual instances (cases) during 

reasoning, and the use of the nearest-neighbor algorithms for similarity assessment. However, CBR 

systems may also modify esisting cases to fit the new problem. 

Analogy-based reasoning is founded on a process of finding knowledge similar to a current situ- 

ation and transforming it by adding, deleting, rnodifying or  re-generating specific parts of it (Car- 

bonell, 1981; Barnden and Holyoak, 1994; Veloso and Carbonell, 1993). This process is similar to 

CBR in finding similarities between cases and adapting them to fit a new problem. 

Reinforcement learning (Sutton, 1992; Ram and Sant amaria, 1993 b; Thrun and Schwartz, 1993; 

Kaelbling, 1994) credits a local decision, when a a final solution is successful. Although this approach 

is mainly used in neural networks, it bears a resemblance to  CBR systems. First, CBR systems may 

prefer more frequent cases to less frequent ones. Second, the weight of a feature describing a case 

may be increased if tha t  feature is used as a discriminating factor during reasoning. 



CHAPTER 1. INTRODUÇTION 

1.4 Performance Issues for Case-Based Reasoning Systems 

There are two main issues pertinent to the performance of reasoning systems: competence and 

scalability. The former refers to the quality of the solution the system can generate. The  latter 

refers to the relationship between the speed of a system generating an answer, and the case base 

size and the query complexity. 

The competence and scalability of a CBR system directly depends on the quality and quantity 

of its encoded knowledge. On the one hand, the lack of a sufficient number of cases will make the 

system l a s  competent and wili reduce its problem-solving capabilities. On the other hand, a system's 

efficiency rnay degrade because of an unmanageably large case base. When designing a CBR system. 

one bas to svoid the two extremes of a fast and incompetent, o r  cornpetent but intractable system. 

CBR systems are learning systems that continually acquire new knowledge. Knowledge acquisi- 

tion and ot her types of learning are essential characteristics of intelligent systems. Alt hough learning 

is automatic for humans, it is difficult to build learning machines. Despite the variations among 

existing machine-learning paradigms, they d l  support changes that improve system's performance 

(in terrns of competence, efficiency, or both) over time (Simon. 1983). This requires that the knowl- 

edge be represented in structures that can be modified when new knowledge is acquired (McCarthy, 

1958; Buchanan and Wilkins, 1993). Thus, the power of a learning system is greatly influenced by 

the knowledge organization used. 

Cases capture problem-solving processes by representing episodes of these processes. This makes 

CBR a suitable paradigm not only in domains that can be easily formalized but in hard-tdormalize 

areas as well. Because kaowledge acquisition is supported by learning from experience, CBR sys- 

tems can supplement weak dornain models. This requires representation formalisms wtiich preserve 

relations among cases and also among their parts. 

Machine learning and knowledge acquisition are closely related fields. However. the research com- 

munities of these two fields are largely separate. Traditionally, machine-learning researchers have 

emphasized concept learning from a library of pre-classified training examples. In contrast, knowl- 

edge acquisition researchers emphasize a broad range of expert tasks with semi-automatic approaches 

that have a human expert in the acquisition loop. It is generally acknowiedged that no significant 

progress has been made in the area of knowledge acquisition, mainly because the knowledge acqui- 

sition probIem can be defined only after the issues of knowledge organization, representation and 

inference are settled (Buchanan and Wilkins, 1993). CBR systems may use knowledge acquisition 

for initial case base construction and machine learning for subsequent case base organization. 

Case representation and the case base structure affects both competence and efficiency of a 

retrieval algorithm. There are t hree main requirements for a case retrieval algorit hm: quality, flexi- 

bility and scalability. The  first ensures that only relevant cases are retrieved. If the reasoning engine 

uses both relevant and irrelevant information to produce a solution, then quality suffers. If the mix 



of relevant and irrelevant cases is presented to the user. then the information overload is higher and 

the user's confidence in the system is decreased. We propose to achieve high relevance of retrieved 

cases by supporting similarity assessrnent with explicitly defined context, i.e., variable-context sim- 

ilarity assessment. The  context is defined in terms of constraints on attributes and their values. 

This approach uses flexible criteria to evaluate case relevance. X flexible retrieval algorithm en- 

ables criteria changes during case matching and supports irnprecise queries. The proposed similarity 

assessment approach supports iterative browsing and incremental revisions of imprecise queries by 

consecutively relaving or  restricting constraints on attributes and their values. In addition. matching 

criteria stated explicitly in context may change depending on domain, task and user. The  scalability 

of a retrieval aigorithm is achieved by retrieving cases efficiently, even when the case representation 

and queries are cornplex, and case bases are large. The similarity assessment theory proposed in 

this theses supports efficient implementation of incremental query modifications, which are needed 

for scalable iterative browsing. 

CBR systems are knowledge-based systems, and as  such they must address knowledge engineer- 

ing, as well as psychological and epistemological issues (Buchanan and Wilkins, 1993). A knowledge 

engineering issue states that control knowledge should be separated from factual knowledge, and 

outlines how such knowledge should be manageci. .4 psychological issue asserts that  the program 

should have a mode1 that is well understood. An episternoIogica1 issue expresses that findings, 

evidence, justifications, structure and strategy should be distinguished. 

The issues stated above also apply to CBR systems. However, because of the uniqueness of the 

CBR approach to  reasoning, some specific problerns have b e n  eliminated and others have emerged. 

Previous work in CBR was geared mainly towards specific domains. This has resuited in numerous 

prototypes, and insight into the difficult issues and structure of the CBR paradigm. Nonetheless, 

little work has been done on the development of general principles and domain-independent systems. 

Problems wit h Current Case-Based Reasoning Systems 

The representation and management issues for CBR are challenging problerns because many real- 

world applications require large case bases and efficient procesing. AIthough the representation and 

management of cases can be handled in a sirnihr manner to traditional knowledge-based systems, 

t here are particular differences that need to  be coasidered. 

The majority of e'risting approaches to  the representation and management of large case bases 

have not been sufficiently elaborated. It is important to  define case representations that support 

task-dependent views of a case base and enable flexible and efficient retrieval of relevant cases. 

A flexible retrieval algorithm should recall relevant cases even if the query is imprecisely specifieà, 

the problem-solving task changes, or when there is a need to explore a neighborhood of a retrieved 
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case. Al1 this requires a task-dependent sirnilarity assesrnent during similarity-based retrieval. In 

addition, similarity arnong cases should involve not only nurneric distance measures but also symbolic 

comparisons. Evolution of a case base must be supported by an extensible case representation and 

task-dependent case base organization. 

There is a need to define performance evaluation approaches applicable to CBR. Although there 

is some preIiminary work available (Aha, 1994), it is difficult to compare different CBR systems 

because: ( 1 ) no standard benchmarks for evaluating the performance of CBR systems have been 

developed; (2) underlying algorithms are not usually described in sufficient detail; (3) systems 

operate in different domains; and ( 4 )  usually, only small case bases are used. in addition, rnost of 

the evaluations are subjective and do not include any statistical measures for their significance. 

Goals of the Thesis 

The primary objective of this thesis is to design, impiement, and evaluate a generic CBR system. 

Since retrieval is the core part of a CBR system, we first concentrate on the design of an efficient 

and flexible similarity-based retrieval algorithm. This suggests the kind of knowledge necessary 

to represent, and the classification mechanism required to support an efficient system. Similarity 

assessment also contributes to the design of case-adaptation techniques, since it focuses attention 

on case differences. LVe will consider design and irn plementation of machine-learning algori thms to 

support knowledge mining and geoeralization. The implemented system wilI be evaluated in two 

different domains - medical and industrial - and will be used to predict information, to plan actions, 

and to discover new knowledge. 

The contributions of the thesis include: (1) a new theory of sirnilarity assessment applicable not 

only to CBR systems but also to information retrieval: (2 )  a flexibie and efficient representation 

scherne that accommodates different types of cases; (3) a novel approach to classification of cases 

using a sirnilarity assessment with explicitly-defined context; (4 )  a flexible retrieval mechanism 

supporting both inter- and intra-domain retrieval of similar cases; (.5) the inclusion of discovery 

and generalization algorithms into the CBR architecture (6)  the adoption of view maintenance 

dgorithms frorn database management systems for CBR t hat support efficient retrieval of cases; and 

(7)  a performance evaluation of the proposed system on real-wodd domains, assessing i ts aIgorit hmic 

complexity, the cornpetence of the reasoning system, and the scalability of the prototype with respect 

to the case base size, the complexity of case representation and query complexity. 

We aim to extend existing case representation and case retrieval techniques by adopting efficient 

approaches from related areas. This process will utilize experience frorn building CBR systems for 

specific domains. The main objective is increased flexibility, cornpetence, and improved efficiency. 

A novel approach to similarity-based retrieval, namely similarity assessment using explicitly- 



defined context in terms of matching constraints on attributes and attribute values, may improve the 

fiexibility of case-based reasoning. Defining context for similarity explicitly in terrns of constraints 

achieves two main advantages: (1) it permits the use of CBR when solving multiple tasks; and (2) 

it supports iterative retrieval by successive relaxation or  restriction of constraints on attributes and 

t heir values, 

Scalability of the CBR process can be enhanced by adapting knowledge base management con- 

cepts for case representation and case base management. Furthermore, retrieval efficiency con be 

improved by adapting incremental view maintenance algorithms from database research. 

il performance evaluation of the proposed system shows that the proposed similarity assessment 

approacti improves both competence and efficiency by: ( 1 ) achieving better accuracy during classi- 

fication; (2)  retrieving cases that are more relevant to a given problem; and (3) obtaining scalable 

performance in terms of case base size, case size and query complexity. W e  show how the proposed 

similarity measure supports flexible computation, in terms of trading off the quaIity of the results 

for time and space resources. In addition, the adopted case representation supports efficient case 

base organization, so that  cases can be grouped into clusters, or equivalence classes, that are similar 

in a @ven context. Such representation also lends itself to attribute-oriented discovery, a technique 

that finds relevant attributes and their values, and improves the representation by eit her removing 

unneeded at  tributes/values or  adding necessary attributes. 

Thesis Out line 

The thesis analyses CBR systems with a focus on representation techniques and retrieval algorithms. 

Based on this characterization. (1 )  we present an effective case representation. (2 )  we introduce a 

flexible similarity assessment, and (3) we evaluate the prototype system by assesing its competence, 

algorithmic complexity, and efficiency on several real-world domains. 

Chapter 2 presents a literature review of CBR and simiIarity assessment techniques. Individual 

approaches are described with accentuation of their strengths and weaknesses. Chapter 3 proposes 

a theory for similarity assessment where context is defined explicitly using constraints on attributes 

and their values. We relate the theory to other approaches, prove its features, and identify its r e p  

resentationai requirernents. Chapter 4 presents a n  application of the proposed similarity assessment 

theory to  the medical domain. We show how context affects retrieval of relevant cases and how it 

can be used to  support prediction and knowledge discovery. Chapter 5 introduces Td3, a prototype 

of a CBR system. We describe an efficient and fiexible incrementd retrieval algorithm that uses the 

proposed sirnilarity assessrnent theory. We also discuss case base management issues, such as  case 

representation and case base organization. Chapter 6 discusses methods suitable for performance 

evaluation of CBR systems. We evaluate competence and scatability of the proposed CBR system 
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on several real-world domains. Where possible, we compare these results to performance of other 

systems. Chapter 7 eduates  aigorithmic complexity of Td3. We discuss eficiency of the retrieval 

aigorïthm, narnely its scalability with respect to case base size, context complexity. case represen- 

tation complexity, and number of iterations during iterative browsing. Chapter 8 sumrnarizes the 

study, and characterizes open research issues in the presented areas. 



Chapter 2 

Literature Review 

This chapter introduces CBR systems, describes their principles and problem-solving applications. 

We discuss research pmtotypes and industnal applications selected from diverse problem donains. 

The emphasis of the review is on similarity assessment techniques. which are discussed from 

philosophical, psychological, and computational points of oiew. tndiuidual approaches are descnbed 

with eelabomtion on their strengths and weaknesses. Representotiue apprwches are cornparrd on the 

basis of their foundation and their suitability for specific tasks. This partial history of similarity the- 

ones motivates the theory of similanty assessment with ezplicitly defined context. which is presented 

in Chapter 3. 

Case-Based Reasoning Syst ems 

Case-based reasoning is a process of remembering and reusing experience in the form of cases stored 

in a case base. The decision-making process finds similarities between a probiem at  hand and cases 

in the case base, and reuses stored solutions to solve new problems. Thus, the quality of reasoning 

depends on the quality and quantity of cases in a case base. With an increased number of unique 

cases, the problem-solving capabilities of CBR systems improve while their efficiency may decrease. 

If the cases are not sufficiently different, Le., the cases are highly correlated, the system will be 

limited in the diversity of solutions it can generate (O'Leary, 1993). If the case base is small, the 

nurnber of possible solutions is limiteci as well. This can be compensated by using a more elaborate 

adaptation strategy. However, experience from machine learning (Minton, l988a), and more recently 

from the CBR comrnunity (Francis and Ram, 1993; Ram and Santamaria, 1993b; Smyth and Keane, 

1995)- sugests  that the system must either restrict the number of learned cases or extra effort must 

be put towards the development of storage and retrieval mechanisms in order to cope tvith the utility 



probleml (G reiner and Jurisica, 1992; Mooney, 1989). 

The major processes common to CBR systems include case storage and case retrieval. Case 

storage shouId represent every important feature of the experience in a case base. Representation of 

cases can be Aat or  hierarchical. Case retrieval recalls relevant cases from the case base. In addition, 

the reasoner must evaluate the solution in order to  rnake sure that poor solutions are not repeated 

d o n g  with the good ones; this is d s o  referred to as validated retrieval (Simoudis and Miller, 1990). 

Individuai case- based reasoning systems differ in decision-making met hods. We rnay ident ify 

three types of CBR systems: interpretative, problern-solving and decision-support systerns. Inter- 

pretative systems compare the new situation to recatled experience. The interpretation is used when 

the problem is not well understood and when there is a need to  criticize a solution. Cases are used to 

provide justification for solutions, evatuation of solutions when no clear-cut met hods are available, 

and interpretation of situations when their boundaries are not weH-defined. 

Interpretative systerns can be further distinguished into justification, interpretation and predic- 

tion systems. Justification is the process of making persuasive arguments (Berman and Hafner, 1993; 

Rissland and Ashley, 198ïa). Interpretation is performed by ciassification of a concept, based on a 

fuzzy definition of its borders. If, however, no case is found to be similar enough to  a new problem, 

hypothetical situations can be considered ( Ashley, 1990; Bareiss, l989a). Prediction (or projection) 

is one of the most important parts of the evaluative component of any planning or  decision-making 

system. If everything about the situation is known, projection is just running known inferences 

forward €rom a solution. However, in many cases, not al1 effects can be predicted. Here, cases 

provide a way of projecting effects based on what ha. been true in the past (Goodman! 1989). A 

natural application for interpretative systems is the Arnerican legal system: relevant cases forrn an 

argument for or against a case. There is no need to modify the past case, since the problem is solved 

by finding and presenting the relevant cases. 

Problem-solving systems derive solutions to new problems by adapting an old solution for the 

current situation. Such systems are characterized by the following features: ( 1) they can learn from 

its mistakes and thus it  wiil not repeat thern; (2 )  they will keep searching for a better solution, even 

though one is already available; (3) they will consider available results only after they are modified 

to fit the current needs. It should be noted that a lack of computational resources may prevent 

fulfilling the second requirement (Jurisica, 1996) and that adaptation in cornplex domains may not 

be possible without user intervention (Hennessy and Hinkle, 1992)- 

A problem-solving CBR system is applied to problems where simple presentation of past cases 

does not suffice for finding a solution (e.g., planning, diagnosis, design). In such domains a case 

needs to be modified t o  fit a new problem. Some parts rnay be deleted because they are not needed 

' Utility problem refers to the fact that a machine-lcarning algorithm may reduce the s d a b i l i t y  because of the 
added computational complexity. The tradeoff between added advantagc and higher cost (more complex search) must 
be takcn into consideration. 
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for the new problem, some parts may be added, since they are missing in the old case and some parts 

may be changeci in a specific way. For example, in a software design system, the adaptation process 

may look as follows: put-on(green boz) is changed to putan(blue box), or fm( i  = O; i < 100; i + +) 

is changed to f or(i = O; i < 3; i + +). This process may also rely on generalizations, specializations 

or on analogicd problem-solving (different strategies for modification, usually called adaptation 

strategies, are discussed in more detait by Kolodner ( 1993)). 

Decision-support CBR systems can use multiple past cases to support problem solving (Aha and 

Breslow, 1997). These systems are a combination of interpretative and problem-solving systems. 

The main difference lies in the implementation of retrieval and adaptation techniques. 

A reasoning cycle for interpretative and a problem-solving CBR systems are alike. It starts with 

retrieval and results in solution proposal. The main distinction between interpretative and problem- 

solving CBR systems is that while the former do not use adaptation a t  all, the latter rely heavily 

on it. After this intermediate step, both approaches criticize and evaluate the solution and on the 

basis of the result, either the final solution is proposed, or additional adaptation is performed. If the 

retrieved soiution does not suffice - either because its low relevance, or because additional solutions 

are required - the system may alter the original query and retrieve additional cases. 

Based on different implementation methods, CBR systems can be classified into six categories: 

(1 ) Statistically-oriented systems compute conditional probabilities to express the confidence that 

the problem can be solved using the previous case (StanfilI and Waltz, 1986). (2 )  Model-based sys- 

tems explain the cases in terms of a theoretical model. They determine if a past explanation applies 

to a new situation (Féret and Glasgow. 1993; Koton, 1988b). (3) Planning- and design-oriented 

systems represent cases as instantiated plans that satisfy goals or avoid goal conflicts. Individual 

plans are used as solution templates (Bergrnann and Wilke, 1995; Hammond, 1989a: Hanks and 

Weld, 1992; Navinchandra, Sycara and Narasimhan, 1991; Pankakoski et al., 1991; Tanaka, Hattori 

and Sueda, 1992; Veloso and Stone, 1995). (4) Exemplar-based systems use cases as exemplars of 

concepts. Examples (prototypes) are represented as simple instances of c s e s  (Bareiss, 1989a: Fertig 

and Gelertner, 199 1). (5) Adversarial or precedent-based systems use cases (precedents) to justify 

arguments either for or against the problem (Ashley, 1990; Berrnan and Hafner. 1993; Gonzalez and 

Laureanci-Ortiz, 1992). (6 ) Context-based systems use similarity assessrnent , ret rieval and adapta- 

tion with explicitly represented context information. The case base is structured using context for 

more efficient access (Jurisica, 1994; Mylopoulos and Motschnig-Pitrik, 1995). 

2.1.1 Theoretical Foundation of Case-Based Reasoning 

This section characterizes the main parts of CBR systems and points out strengths and weaknesses 

of available approaches. In addition, Appendix A.5 discusses the relationship of CBR to other 

paradigms in artificial intelligence, and Appendix A.6 deals with application areas of CBR systems. 
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Case Representation 

A case represents a specific experience in a particular situation. Generally, a case consists of a 

problem, a solution and feedback. Depending on the domain and the system. cases can have different 

forms - different representation, size and content. In addition, t hey can be organized in various ways. 

Different CBR systems use different case representations. The research so far has attempted to 

accommodate existing knowledge representation formalisms (e-g., predicate notation, rules, semantic 

networks or frames) in order to transform domain knowledge into an appropriate form. 

Case representations can be as simple as a database record as in Battle Planner (Goodman, 

1989) or a more cornplex, frame-based representation as in MEDIATOR (Simpson, 1985)- However, 

any given domain rnay impose special requirements on the representation formaiism used. 

CHEF is a simple case-based planning system (Hammond, 1989a). It represents cases as a 

collection of: (1) the general goal (e.g.. to prepare a dish); (3) situation (e.g., available/missing 

ingredients, time); (3) solution (e-g., plan how to prepare the Food); and (4)  feedback (e-g., result 

of food preparation) .' 
-4 Bat case representation is wed in (Cardie, 1993a; Cardie, 1993b). A case represents the 

definition of a single open-class word and the context (see Appendix .A. 1, Figure X.3). Cases are 

described by 38 attribute-value pairs. Local context is represented by 20 features (syntactic and 

semantic knowledge), and the global context is described using 13 features (the state of the parser 

at the unknown word). 

PROTOS is a medical case-based systern (Bareiss, 1989a). It represents cases as attribute-value 

pairs (see Appendix A.1, Figure .4.4). In its application domain many of the diagnoses manifest 

themselves in similar ways, and only subtle variations differentiate them. By using feedback frorn 

the user, PROTOS learns t hese subtle differences. 

Generally, a case is defined as an episodic experience. It has to  carry experience, since the basis 

of the CBR paradigm is to reuse past cases during solving new problems. Case-based reasoning is 

a problem-solving paradi,-. Thus, the case representation must include a problem description and 

experience. A problem description must include the context in which the esperience was observed. 

Context may include the goal or task of the episode, the current situation in the problem-solving 

environment and constraints. The actual experience comprises a solution and a feedback. The 

solution may contain an action taken in order to solve the problem, reasoning steps, justifications. 

alternative solutions, and expscted outcome. The feedback rnay incltide an outcome of problern 

solving, exphnation of the expectation failure, repair strategy, and alternative solutions used. 

A case rnay record experiences that are different frorn what is expected (Iiolodner, 1993). How- 

ever, in many real-world domains it is advantageous to represent experience in general, both suc- 

?~ddi t iona l  information is provided in Appendix A . l ,  Figures A.1 and A.2. 



cessful solutions and failures. This way, successful solut ions could be reused, while failures could be 

avoided. 

R e d 1  that a case comprises a problern, a solution and Mback .  Le., a positive or negative 

e-xperience. Thus, a simple record of facts does not constitute a case. Let us consider a n  information 

base consisting of records containing videotapes (Hammond, Burke and Schmitt , 1994; Hammond, 

Burke and Schmitt, 1996). The records are static - no goal/task, action, or outcorne is described ( s e  

Appendix A. 1, Figure A.5). it  is a simple database record containing information about videotapes. 

To change such records into cases, one needs to add an experience, e.g., a customer browsing this 

database, his/her goal (e-g., finding a horror movie), a situation context (e-g., Friday night), a 

strategy (e-g., selected preferences and imposed constraints) , and an outcome or feedback (e-g., 

particular record or customer's dissatisfaction). 

Consistently with our belief, the ESPANDA system (Garben, Furnsinn and Ruschkowski, 1995) 

defines cases as problern descriptions and experiences, where an experience comprises a solution with 

feedback (see Appendix A.1, Figure A.6). 

Effectiveness of solution reuse during case-based reasoning depends on case granularity, i.e., the 

size of knowledge pieces used to represent it. Since not al1 components of the case are needed ail 

the time, it is more efficient to access only relevant components of the case. There are two options: 

representing cases as monolithic structures, and representing them as a collection of smaller pieces 

of knowledge. In some domains, the decision about case granulsrity is easy. For esample. in medical 

diagnosis each case may comprise information about a single patient, since it is a relatively small 

chunk of knowledge, independent of the other cases. However, if the systern operates in a continuous 

domain, such as  robotics. it might be difficult to decide what should constitute a case, because 

feedback on a solution might be considerably delayed. Moreover, one session usually consists of 

many sub-sessions, which are usuaily interconnected. 

Monolit hic representation of Iarge chunks of information has both advantages and disadvantages. 

It  helps keeping information together, which preserves context ties. However, it might not be Feasible 

to create an appropriate problem description. in addition, it may be hard to present cases to 

the user. Reasoning cornpetence of the systern rnay be decreased by keeping both relevant and 

irrelevant information together. Since the structure of the case w0u1d be flat. it might be impossibIe 

for the system to generalize the information. Thus, it is clear that even though large cases are 

useful, t hey should not be represented as monolit hic structures. Some work on non-monolit hic 

case representations has already been done (Ram and Francis, 1996). We believe that object-based 

representation languages, such as Telos (Mylopoulos et al., IWO),  which support partitioning of both 

the case base and individual cases, solve many problems while it preserves good features. Since in 

such a language components of the case are "first-class citizens", the difference between representing 

large cases and storing small, interconnected. cases is diminished. 



Case Retrieval 

Case retrieval can be characterized as Iocating relevant experience. Retrieval consists of recalling 

past cases and selecting the best subset from them. The relevancy of cases is assessed with respect 

to the current problem. The objective is to retrieve the most relevaat cases and to retrieve only a 

useful number of them. There are three possible selection rnethods used to retrieve past experience: 

1. Cases are classified according to a pre-selected set of features (Birnbaum and Collins, 1989; 

Hammond, 1989a; Hunter, 1989; Kolodner, 1983; Owens, 1989). The probIem is that one 

cannot predict in advance every important feature for a11 future problems. 

2. The problem description is filtered prior to retrieval. Thus, only relevant features are used. 

The problem with this approach is that the salient features have to be somehow setected for 

each problem: in (Hammond, 1989a) they are predefined, and in (Lauzon and Rose. 1994) 

they are dynamically specified by the user. Other approaches use information from cases in 

memory to guide elaboration of the problem case (Leake. 1995; Owens, 1994). 

3. Cases are filtered after retrieval (Koton, 1988b; Kolodner, 1989; Rissland and Xshley, 1986; 

Simoudis and Miller, 1990). A11 these methods are domain-dependent . 

In terms of the difference of representation. retrieval algorithrns can be classified as associative, 

hierarchical, or hybrid. Associative retrieval classifies any or a11 features independently of al1 the 

other features (e.g., nearest-neighbor classification (Cardie, 1993a; Gonzalez and Laureano-Ortiz, 

1992; Hennessy and Hinkle, 1992; Pcarce et al., 1992)). During retrieval, the presence or absence 

of features (either al1 or a selected subset of them) is counted - in sorne cases a weighted sum is 

computed - and the result is used to judge the overall relevance of the case to the current problem. 

Hierarchical retrieval uses features that are organized into a general-to-specific concept structure 

(e.g., explanation-based learning or inductive learning used for hierarchy construction). Hybrid 

retrieval is characterized by use of both previous paradigrns (e-g., discrimination net (Bradtke and 

Lehnert, 1988; Cardie. 1993a; Harnmond, 1989a; Kolodner, 1983; Rissland et al., 1993)). A sorne- 

what different approach is used in the FRANK systern (Rissland et al., 1993); if the initial query is 

unsuccessful, the CBR-task mechanism alters the particuIar initial values and resubmits the query. 

This is similar to the task-oriented retrievat (Lauzon and Rose, 1994). However, Lauzon and Rose's 

systern is more flexible than the FRANK system since it uses a conceptual modeling language Telos 

(Mylopoulos et al., 1990). 

Frorn the description of the above mentioned retrieval algorithms it foilows that associative 

retrieval is desirable if flexibility is required. The hierarchical approach is advantageous if the 

retrievd task is well-defined. The mixed approach shares the advantages of individual approaches 

and thus can be applied in both cases. 



The rnost probtematic parts of the retrieval proces are açsessing similarity and retrieving similar 

cases. Psychological experience tells us that  cases can be retrieved strictly on the basis of their surface 

features (superficial, perceivable, intrinsic) , abstract features (denved, deep) , or bot h. In many 

studies (e.g., (Birnbaum and Collins, 1988; Collins and Birnbaum, 1990; Gentner, 1983; Gentner 

and Forbus, 1991; Keane, 1988; KoIodner, 1992; McDougai, Hammond and Seifert, 1991; Owens, 

1993; Simoudis and Miller, 1990; Thagard et al., 1990; Tversky, 1977; Vosniadou and Ortony, 1989)) 

researchers studied the existence of al1 three types of remindings; however, there is disagreement on 

what features are the most useful and important ones for retrieval (these features are referred to as 

salient and are context- and tasic-dependent). Despite different opinions on this issue, the goal is to 

retrieve the most useful cases and an  appropriate number of them. The  usefulness of cases depends 

on the task a t  hand while the number of required cases depends on the reasoning strategy. 

Consequently, it is difficult to  decide which of the infinite number of surface features to represent 

and use during retrieval, and what kind of abstract features should be generated. There is a tradeoff 

between efficiency and quality of retrieval: the system should: ( 1 )  support scalable implementa- 

tion; and (2) represent a sufficient number of features to achieve good cornpetence. The number of 

retrieved cases can be cont rolled by preference heuristics ( Kolodner, 1989). Goal-directed prefer- 

ence favors cases that address the current reasoning goal. Relevant cases are ordered so that cases 

with more constraints are used first. Salient-feature preference favors matching on features which 

are more important in a particular situation compared to others. Specificity preference favors 

more specifically-matched cases over less specifically-matched ones. Frequency preference favors 

more frequently-accessed cases over less frequently-accessed ones. Recency preference favors more 

recent ly-accessed over less recent ly-accessed cases. Ease-of-adap tat ion preference prefers cases 

that match on harder-to-fix features over those that are easy to  adapt. 

In approximatingasolution, relevant portions of the selected case are extracted to form a ballpark 

solution. For interpretative case-based systems, proposing a ballpark solution involves partitioning 

the retrieved cases according to  the interpretations or solutions t hey predict . For problem-solving 

CBR systems, proposing a ballpark solut ion involves presenting the most similar past experience, 

either with respect to syrnptoms (surface features) or to goals (abstract features). 

A set of generai guidelines for proposing a ballpark solution can be constructed on the basis 

of experience from previous research (Ashley, 1990; Bareiss, 1989a; Gonzalez and Laureano-Ortiz, 

1992; Hennessy and Hinkle, 1992; Leng, Buchanan and Nicholas, 1993) .~  The  interna1 structure of 

the old case, especially the dependencies between different parts of the case, determine focus for 

the reasoner. Simple adaptations should be considered before more sophisticated ones. The system 

shouid minimize the need for externd input during adaptation, when existing cases (domain mode[) 

could be used instead. 

3~ddit ional  detait are presented in Appendix A.2. 



The definition of similarity in cognitive science can be found in (Gentner, 1983; Gick and Holyoak, 

1980; Holyoak, 1985; Tvershy, 1971; Vosniadou and Ortony, 1989). However, it is believed that 

similarity has not been well defined yet. There is some agreement between the CBR community 

and cognitive psychology reserrrcbers t hat similarity judgments can be ei ther highly goal-dependent, 

or  highly automatic (based on surface similarity). The importance of features used during retrieval 

varies with the situation a t  band (see Appendix .4.4 for more details). For fast, easy-teuse, intra- 

domain remindings, surface features will be the rnost useful (quick responses to the environrnent). For 

more complex remindings (inter-domain, analogie, or thematic remindings) abstract features may be 

required, even without the use of any surface features. It was observed that the frequency of relational 

rernindings increases with expertise in a domain; however, even experts use surface sirnilarity in 

some situations. A case-based reasoning system should use both types of rernindings (Gentner and 

Forbus, 1991; Lauzon and Rose, 1994; McDougaI, Harnrnond and Seifert, 1991; Thagard et al., 1990). 

Pragrnat ically, use of certain remindings depends on what feat ures are available, what features are 

adaptable (Leake, Kinley and Wilson, 1997; Smyth and Keane, 1996). 

Case-based reasoning systems use specific past experience in problem solving. When a new 

problem is posed, the system tries to find the most similar past problem. Le., a case, and rnodify 

its solution to fit the new problem- Sirnilarity in CBR systerns affects al1 aspects of case-based 

reasoning, narnely: similarities of salient features of a new case to  features predictive of past cases 

(this suggests relevant cases for retrieval); similarities of remaining case features to features pre- 

dicted by a potentially relevant case (this confirms the case's relevance); dissirnilarities involving 

features relevant to the soIution of the  known case guide the adaptation of the solution to the new 

situation; dissimilarities which lead to problern solving failures (or non-optimal solutions) trigger 

learning processes which result in case retention, representation refinernent. and the acquisition 

of additional domain knowledge: varying similarity of two analogs affects complexity of analogieal 

mapping (Bareiss and King, 1989; Keane, Ledgeway and Duff. 1991). More details on similarity 

assessrnent approaches and a literature review are presented in Section 2.2. 

Case Adaptation 

In general, adaptation is the process of fixing up an old solution to meet the demands of a new situa- 

tion. There are only a few examples where the old solution can be reused without any change: eit her 

when the case base is sufficiently large, or when cases are represented with different granularities 

(fine-grain cases comprise a coarse-grain case; thus, the solution can be composed using fine-grain 

cases). More often, one must modify either a solution or strategy to  get a solution for the current 

problern. The process of modifying the old example to fit a new problern is called adaptation. At 

the beginning, the system has to decide what should be adapted in the ballpark solution. Later, the 

adaptation rules are applied to take the  differences between the retrieved case and the input case into 



account. The main tasks in the adaptation process are to decide what needs to be adapted, estimate 

if it is worthwhile to  continue adaptation, specify how to diminish the inconsistencies between old 

solutions and the new needs, and perform adaptation. 

In general, case adaptation can be achieved by: inserting something new into an old solution (put- 

in adaptation), deleting sornething from the solution (cut-off adaptation), and making a substitution 

in the retrieved solution. From this viewpoint, we can identify several basic adaptation methods. 

N d  adaptation is the direct application of the retrieved solution to the new situation. The 

psychological evidence for this adaptation is in tasks where the solution itself is simple, even though 

the reasoning to a solution rnay be complex. 

Pa ramete r i zed  so lu t ions  is the best understood structural adaptation method. It uses the 

cornparison of the retrieved and input problem descriptions according to specified parameters. 

Parameterized adaptation is used in HYPO ( Ashley. lggO), PERSUADER (Sycara, l987), and 

PLEXUS (Alterman, 1986). 

Abs t rac t ion  and re-specialization is a general structural adaptation technique that abstracts 

the piece of the retrieved solution, and re-specializes it later. Thus, it  results in analogical problem 

solving. This technique is used in PLEXUS (Alterman, 1986) as  a second step in the adaptation 

process (first, a nul1 adaptation is used, and only if something fails, the system re-plans it using 

abstraction and re-specialization). A sirnilar approach is used in PERSUADER (Sycara, 1987). 

Crit ic-based a d a p t a t i o n  is a structural adaptation that uses critics to debug almost correct 

solutions (Gonzalez and Laureano-Ortiz, 1992: Hammond, 1989a; Simmons, 1988). X critic checks if 

a particular combination of featureç can cause a problern in a pian. If such a feature exists, a specific 

repair strategy is applied. In CHEF, several domain-specific critic-based adaptation rules are used 

to modify plans, e.g., deletion of unnecessary steps, insertion of missing steps. tt also uses general 

repair-strategies for separation of interfering steps. Sirnilarly, in PERSUADER (Sycara, 1987) a 

critic checks if the goals of the various actors are satisfied by the particular solution, e-g., if there is 

no interference among different goals. 

Re-instantiat ion is a derivational adaptation method. It operates on the plan that was used 

to generate a particular solution. This may impose a limitation on re-instantiation because re- 

instantiation of a plan is planning. In MEDIATOR (Simpson, 1985) re-instantiation generates 

resolutions between two disputants, which allows analogical reasoning. 

Most of the systems use domain- and task-specific adaptation rules. For each type of adaptation 

strategy, one has to designate the knowledge required for its application. However, there are some 

characteristics common arnong these strategies.' 

Individual adaptation strategies can be differentiated using the task differences, knowledge differ- 

ences and domain dependency. Task differences put constraints on the time when the adaptation 

See Appendix A.3 for further discussion. 



must take place. In the planning domain, adaptation usually occurs during rua time since evaluation 

of the plan is done during execution. In design domains, the evaluation has to take place in the de- 

sign phase. Thus, adaptation will also occur in this phase. Adaptation of an explanationldiagnosis 

must be driven by an evaluation of how well the current one fits the existing set of constraints. 

Knowledge differences specify the character and amount of domain knowledge required for 

adaptation. Usually, systems use deep understanding of the dependencies in a domain. .An exarnple 

is a system presented by Goel and Chandraselcaran ( l989), where design modification techniques 

are guided by the interna1 dependency structure of the plan. The  systern uses only surface-level 

techniques to adapt cases. As an example. Kass's system (Kass, 1990) relies on external evaluation 

t o  ensure that no impossibilities are introduced to explanation during modification. 

Domain independence characterizes the dependence of the system on a particular domain. 

The  system uses only domain-dependent rules for adaptation (Alterman, 1988; Carbonell, 1986; 

Goel and Chandraselcaran, 1989; Kass, 1990). The initial set of techniques is dornain independent; 

later, some domain-specific rules are incorporated through the explanation of expectation failures 

(Converse, Hammond and Marks, 1989). Modification techniques are dornain independent (Hanks 

and Weld, 1992; Hinrichs, 1989). The system has a set of meta-goals that span across domains and 

above them specific transformations are constructed to optimize plans (Collins, 1989). 

Taking into account what needs to be adapted, we distinguish two types of adaptation strategies: 

structural and derivational. Structural adap ta t ion  applies the adaptation rules directly to the 

solution stored in a case. -4s an exarnple, CHEF (Hammond, 1989a) modifies particular recipes, 

and JULIA (Kolodner, 1987) modifies prior criminal sentences. CLAVIER (Barletta and Hennessy, 

1989) uses pieces of other cases to adapt the current case. This approach is more suitable than 

the rule-based approoch, since an extremely large nurnber of rules would be required to represent 

contextual information (in the case of CLAVIER, this information includes material, shape, and 

position constraints of individual parts). A similar approach is aIso used as a basis in structure- 

rnapping analogical problem-solving ( Falkenhainer, For bus and Gentner , 1989; Gentner, 1983). 

Der iva t ional  adaptation uses rules that produced the original solution to generate the new 

solution by their re-application (Carbonell, 1983; Veloso and Carbonell, 1993). MEDIATOR (Simp- 

son, 1985) adopts this approach and takes advantage of storing not only a solution with a case, but 

the planning sequence that  contributed to the solution. 

Although both adaptation techniques are useful for CBR systems, derivationa1 adaptation has 

two additional advantages: it needs fewer ad-hoc rules and it can be used across domains. 

There are domains where problems are difficult to solve in one chunk, and at the same time 

difficult to decornpose and solve separately because of the strong interaction between pieces. Here, 

the CBR paradigm provides the possibility to solve the problems at once, and to adapt only those 

parts of the solution which do not fit the new situation (Hennessy and Hinkle, 1992). Solving the 



problem by adapting an old solution enables the problem solver to avoid both dealing with many 

constraints and breaking the problem into pieces (Kolodner, 1992). 

It is beneficial to keep track of near-miss cases and to use hypothetical cases for better adaptation. 

In the HYPO system (Ashley, 1990; Rissland and Ashley, 198Tb), this information helps the reasoner 

to focus on important features, which, if present, would yield a better solution. in the case of SBE 

(Pankakoski et al., 199 1) hypot betical cases are theories formalized to si t uation-meaos-ends forrns 

(the basic structure of a case in XBE) . Hypotheticai cases are incomplete: t hus. they cannot be used 

in rnatching to the same extent as actual cases. However, they are used to introduce new design 

choices to a case-based system and to integrate case- and rule-based reasoning. 

In PERSUADER (Sycara, 1987) and CBA (Gonzalez and Laurean-Ortiz, 1992) the adaptation 

is performed using adaptation critics, which use similarity metrics. This allows for meaningful 

adaptation, but it is a domain-dependent approach. 

Although it is desirable to adapt an old experience to a current problem. sometimes it is ei t her not 

possible to do sol or recalIing cases alone suffices in a particular situation (Jurisica et al., 1998). This 

may occur in complex and ill-formed domains. Then, the system presents relevant cases as advice 

and it is up to the user to adapt them as necessary. Because of t his fact, it is desirable to have a larger 

case base than in other systems (Kitano, Shibata and Shimazu. 1993). Such systems are referred 

to as cooperative case retrieval (Hennessy and Hinkle, 1992; Jurisica et al., 1998) or conversational 

(Aha and Breslow, 1997) systems. since the task of storage and retrieval is done by machine and the 

adaptation and feedback is done by a human expert. -4 system is calleci a cooperative information 

system when it supports collaboration arnong heterogeneous systems (Gaasterland. Godfrey and 

Minker, 1991; Plaza et al., 1996; Wang, 1996). 

2.1.2 Evaluating Case-Based Reasoning Systems 

Only recently, has any attention been paid to evaluation of CBR systems (in some cases even the size 

and the structure of a case base is not reportai). Most of the systems are not sufficiently evaluated 

for two reasons: difficulty of comparing different systems in different domains, and small case bases. 

it is hard to compare different systems, since there is no underlying rnethodology. Moreover, it is 

not always easy to convert a system from one domain to anot her. The usual sohtion is to compare 

the system to the performance of the hurnan expert (Ashley, 1990; Bareiss, 1989a; Gonzalez and 

LaureaneOrtiz, 1992; Leng, Buchanan and Nicholas, 1993; Tanaka, Hattori and Sueda, 1992)- to the 

performance of the underlying system (Féret and Glasgow, 1993; Golding and Roseabloom, 1991; 

Hanks and Weld, 1992; Koton, 1988b), to the performance of other systems (Bareiss, 1989b; Bradtke 

and Lehnert, 1988; Bradtke and Lehnert, 1988; Cardie, 1993b; Hanks and Weid, 1992; Krovvidy 

and Wee, 1993; Skalak, 1993), or to the system's performance before and after learning in novel 

environments (Ram and Santamaria, 1993b). It should be noted that for many of these systems, 



the performance evaluation is only limited, Le., a small case base is used, only few test cases are 

presented to the system, no statistical evidence on the obtained performance results is reported, etc. 

Existing systerns have only a srnaIl case base and thus the problem of scaling up is impossible 

to  evaiuate. Moreover, having only a few cases does not require or justify the use of elaborate 

retrieval techniques. In many instances a simple linear traversal would be efficient (unless real-time 

responses are required). Notable exceptions are the SQUAD system for software quality control 

(Kitano et  al.. 1992; Kitano, Shibata and Shirnam, 1993) ivith 25,000 cases, and the ANAPRON 

system for the task of pronouncing names (Golding and Rosenbloom. 1991) with 5,000 cases and a 

case-based system for knowledge acquisition (Cardie, 1993b) with 3,060 cases. It should be noted 

that in some problem domains, even small case bases suffice. The problem with small case bases is, 

however, how to evaluate them properly when there is only a small selection of cases. 

Because CBR systerns are studied as both psychological and computationai systerns, one should 

evaluate them accordingly. .4 psychological mode1 should prove to be useful for expianation of 

psychological data. A computational systern should prove to be useful in the real-world apphcations. 

System performance shouid be evaluated with respect to an underlying system, human experts. other 

reasoning systems, and different CBR systems. X few researchers proposed general principies for 

the evaluation of CBR systems (Aha, 1994; Cohen, 1989; Koton, 1988a: O'Leary, 19%). Xlthough 

many times it is neglected, performance evaluation should prove the system's scalability in addition 

to system's competence. Since not a11 systerns are efficient in al1 domains, evahation should present. 

and discuss both the circumstances and assumptions under which the method works, or fails to 

provide the solution. It is required, t hat the cornpared systems operate under same conditions, and 

are solving the same problems. However, since different systerns may use diverse evaluation rnetrics, 

such as cognitive validity, the amount of tirne required to solve the problem. or the quality of the 

solution, a direct performance evaluation may not be possib1e. Evaluation should also characterize 

if the system relies on other methods, and discuss the dependency between the CBR system and the 

underlying met hod. 

System evaluation can include not only performance measure (in terms of competence and effi- 

ciency) issues but also verification and validation. Verification is performed to ensure consistency, 

completeness, and correctness of the system. Even though most of the systems rely on ensured 

consistency (Kolodner and Riesbeck, 1986; Bostrom and Idestam-Almquist, 1989; Branting, 1992; 

Gonzalez and Laureano-Ortiz, 1992; Yang, Robertson and Lee, 1993), there are systems which do 

not require consistency checking (Fertig and Gelertner, 199 1; Kitano, Shibata and Shimazu, 1993). 

Validation ensures correctness of the final system with respect to user needs and requirements. Even 

though verification of CBR systems is virtually non-existent, validation of some systems has been 

reported ( Ashley, 1990; Bareiss, l989a). 

In PROTOS (Bareiss, 1989a), accuracy serves as a validation method. I t  is reported tha t  PRO- 



TOS is correct 100% of the time (while COBWEB only 58% of the time and ID3 only 29% of the 

time). The HYPO system(Ashley, 1990) performed vaiidation by comparatively analyzing four (out 

of thirty) legal cases. In Battle Planner (Goodman, 1989), 10% of the cases was put  aside a s  a 

validation set. The system achieved 8 1.3% accuritcy in predicting situations from the validation set. 

In the PSSP (Protein Secondary Structure Prediction) system (Leng, Buchanan and Nicholas, 

1993) the authors used varying reference protein numbers (1 to  .55) and a varying window size (20 

t o  24) to comparatively evaluate the system's performance, The best results were obtained with 55 

reference proteins and a window size of 22. The accuracy on a new data set was 67.3% and predictive 

accuracy 693%. Moreover, if the class type of a protein was known, secondary structure prediction 

reached 90% accuracy. The systern's performance is cornpared to the actual protein structures. In 

addition, several similarity matrices and different methods are compared as well. 

S imilarit y Assessment 

Reviewing the literature dealing with similarity assessment, one can notice that there are three main 

approaches used in studying this problern: philosophical, psychological and artificial intelligence. 

The first approach focuses on defining the notion of similarity and on defining its place in reasoning 

theories. The second approach looks at modeling human problern solving in its full cornplexity, and 

aims a t  building psychologicalIy valid systems. In contrast, the artificial intelligence community 

attempts to build useful systems. even if they iunction differently irom the way humans do. 

Taking a cornputer science approach, one needs t o  implement similarity assessment algorithms in 

CBR, pattern recognition, databases, etc. The fotlowing statements rnotivate our study of similarity: 

a T h e  number of attributes shared by plums and lawn-mowers could be infinite." - both weigh 

less than lOOOkg and less then 1001kg, both cannot hear well, both have a srnell. etc. (Murphy 

and Medin, 1985). 

"Any two objects are as similar to each ot her as any other two objects, insofar as the degree 

of sirnilarity is measured by the number of shared predicates." (Watanabe. 1985). 

0 "Any two entities can thus be arbitrarily similar or  dissimilar. depending on what is to  count 

as a relevant property." (Edelrnan, 1993). 

I t  is not an easy or  straightforward task to represent objects in a way that  supports efficient 

similarity assessment. Following sections discuss philosophical and psychological esplanations of 

similarity assesment, and computational background on simiIarity discusses various appfications 

areas and different approaches to implementing similarity assessment algorithms. 



CHAPTER 2. LITERATURE REVIEW 

2.2.1 P hilosophical Background on Sirnilarity 

Sirnilarity was first studied by philoçophers in the 1 8 ' ~  century (Hume, 1947) .' David Hume saw 

that if objects are similar in appearance, Le., surface similarity, then they will be attended with 

sirnilar e k t s .  Thus, from causes that appear sirnilar we expect similar ef fect~.~ This is also the 

basis of case-based reasoning systems, provided that one considers not only surface similarity of 

objects, but other relevant aspects as well. 

Hume considers surface similarity to be the only sirnilarity (Hume, 1947). Xccording to him (and 

as we shall see in subsequent sections, to others) surface similarity is based on readily accessible 

components of objects. He believed that assessing similarity requires to use only simple sensory 

attributes of objects. In addition, Hume did not consider different perceptions of these attributes 

by different subjects or by the same subjects but in different contexts. This approach equates 

potential (surface) similarity with psychological similarity and thus neglects perceptual capacities of 

the organisms and assumes comrnon environmental properties. Hume's approach to similarity can 

be called the common a t t r i b u t e  view of similarity (Wallach, 1958). since he believed that an 

object "represents" itseIf by the common set of features it possesses. On the contrary, as mentioned 

earlier, not al1 humans describe objects with the same set of features. This set of features depends 

on the representation language used and the goal for providing a description. As an exarnple, if 

one does not have a definition for the concept coior, then it would be hard to describe a rainbow. 

However, describing a rainbow as an optical formation would involve the use of different attributes 

compared to a situation when a rainbow is described for artistic purposes. 

Hume's views on similarity of simple ideas are limited when studied thoroughly. He believed that 

the degree of similarity of two composite ideas depends on the number of simple ideas they have in 

common. However, Hume assumed that the similarity between simple ideas is given to us  directly.' 

Hume aIso observed t hat al1 arguments from experience are founded on the similarity we discover 

among natural objects. -4ccording to Hume and Iiülpe (Hume. 1947; Kulpe, 1895), two objects can 

be treated similarly because they are similar to each others or because both are similar to a third 

object (we shaIl return to these issues in Section 3.1.2). In addition, Kulpe defines another class of 

sirnilarity, part ial  identi ty . Partial identity implies t hat two objects are only part ially recognized as 

two objects (identities) due to their similarity. For example, if the two stripes ofyellow color are very 

close to each other in shades of yellow then they will be only partially recognized as separate stripes. 

In contrast to partial identity, full ident i ty  implies that two ohjects are perceived as two objects 

(Le., they are perceived as two separate identities). Thus, one can distinguish individual objects 

only if they are different in some aspects. It should also be noted that assuming a richer similarity 

'In Hume's studies, the ttrm resemblance was used instead of similarity, but this rnakes no real difference. 
6There are, howcver, probtems whee  this ptinciple does not apply. 
'Wallach critiqueci Hume's work (Waliach, 1958); sec Section 2.2.2 for more detaiis. 
'KÜlpe and Mill define similarity as only a slight difference between objects (Kiilpe. 1895; Mill, 1829). 
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than the cornmon attribute view of similarity mentioned earlier, objects may be partially identifiable 

in one situation or representation, and fully identifiable in another situation or representation. For 

example, two colors may not be distinguishable for a color-blind person as  different shades of grey, 

yet they rnay be clearly separable colors. 

Smee's work was an early recognition of the intimate interrelation between symbolic logic, sim- 

ilarity by set-theoretic measures, and hierarchical ordering (Smee, 185 1). He proposed a machine 

that could operate a rudimentary propositional calculus to convert assertions of similarity into hi- 

erarchical ctassification schemes (further details can be found in (Gregson, l9Xt)). 

Baia considered similarity an important problem in psychology (Bain, 1855). He introduced the 

"Principle of Sirnilarityn which states: 

The tendency to ùe mminded of past occurrences und thoughts of euery rtr'nd. through their 

resemblance to something present, is hem tenned the Law of Pnnciple of S i m i l a d y .  

The "Principle of Similarity" can be viewed as an early case-based approach to reasoning. In order to 

be reminded of a similar solution, a problem at hand must be similar to past experience. Resemblance 

is used as an undefined primitive term to define similarity. Sirnilarity is used as one of two principles 

to explain learning (the other one is contiguity). He proposes to assemble classifications by the 

notion of similarity. Bain tonsiders identity to be the limiting factor of similarity. 

New concepts may be formed upon the operation of similar ideas (Bencke, L8ïl): 

Concepts anse when the simtlarities contained in certazn intuitions are thought of to- 

gether, whether they are excited simultaneously o r  one after the other in immediate suc- 

cession. 

Fullerton's ideas (Fullerton, 1890) are similar to Bain's views on identity and simitarity. His 

work opened the way to  scate sirnilarity over the range from identity to complete dissimilarity. In 

his words, "simiiartty in the ord inaq  sense of the woml is 'identity in diverstty' tchich implies a 

recognition of two things as two." This can be thought of as a variant of partial identity similarity. 

James proposed that two things resemble one another because of their absolute identity in respect 

to some attribute or at tributes, combined with the absolute identity of the rest of their being (James, 

1890)- His views are useful when one considers similarity of only specific views of objects, as defined 

in databases (Ceri and Widom, 1991; Acker and Porter, 1992; Bertino, 1992; Attardi and Simi, 1993; 

Motschnig-Pitrik, L995), Le., similarity in a specific context (see Section 3.1.2). 

Goodman considers similarity to be a four-place predicate, not ing the non- transitivity of similar- 

ity matches (Goodman, 1951). An important aspect of his work is that he understood the importance 

of the question "how similar are the cornpareci objects?" ; he states: 

In keeping with its ordinary use we cannot pmperly ask whether two qualities are similar 



but only how sirnikar they are or whether they are more or less szmilar than some other 

pair. 

Using a numerical weight to express similady of objects partially answers the question posed by 

Goodman (1951). It is often possible to order objects based on their similarity. However, numerical 

sirnilarity still does not answer the "hown completely. Using symbolic similarity assessrnent gives us 

more insight into how the objects are similar, and it helps to order individual objects on the basis 

of t heir similarity. 

Carnap refers to a resemblance relation as a similarity relation if it is symmetric and reflexive, and 

an equivalence relation if it is also transitive (see Section 3.f for other opinions on symmetricity and 

transitivity of the similarity relation) (Carnap, 1967). Carnap also introduces similarity circles, 

which are a primitive topological notion of classes of similar things. Tversky suggests an  analogous 

approach, where similar objects can be put into a class (Tversky' 19'11). 

Summary 

The philosophical approaches to similarity described here formed the basis for subsequent psycho- 

logical and computationai s t  udies of t his topic. Philosophical ideas can be separated into refutable 

ideas and ideas support ing our approach CO similari ty assessment. 

Refutable ideas comprise Hume's common attribute view of similarity (Hume, 1947). He shows 

the limitations of a fixed approach to similarity assessment. Goodman's rendering of similarity as a 

non-transitive relation (Goodman, 1% 1) can be refuted. when context is explicitly stated. 

Ideas contributing to  this thesis include Külpe's partial identity (Kulpe, 1895) and Fullcrton's 

identity in diversity (Fullerton, 1890). Their work show that an insufficient representation schema 

makes objects indistinguishable. Smee's set-theoretic similarity measures and hierarchical orderings 

of similar objects (Smee, 1851) show the necessity t o  implement similarity measures. Bain's speci- 

fication of the principle of sirnilarity (Bain, 1855) supports a CBR paradigm. James's esplanation 

of resemblance of objects by judging their absolute identity with respect to some attributes (James, 

1890) supports partial matching to determine similarity. Goodman's understanding of the need to 

decide how objects are similar instead of mereIy whether they are or  not (Goodman, 195 11, supports 

the sirnilarity assessrnent with variable context. Carnap's definition of similarity as a symmetric, 

transitive and reflexive relation (Carnap, 1967) supports resuits obtained using a pragrnatic approach 

to  similarity similarity assessment. 

2.2.2 Psychological Background on Similarity 

Substantial work on similarity has been carried out by psychologists and cognitive scientists. In this 

section, we briefly review some of the more relevant literature in this area. 



Tversky's work is one of the first approaches to defining a theory of similarity assessment. He 

defines similarity between objects as the proportion ofnumber of attributs that share a value to the 

number of al1 attributes defined for these objects (Tversky, 1977). This forms the contrast model 

approach to similarity açsessrnent. Dissimilarity is defined as a negation of similarity. 

Tversky presents severai examples where he describes features of similarity (Tversky, 1977). The 

dependency of similarity on context and frame of reference is also discussed: however. his formalism 

does not capture this dependency. As a result. not al1 aspects of sirnilarity assessment can be 

captured, and as discussed earlier, insufficient representation leads to distorted results. Tversky 

neither considered nor represented changed or implicitly-asumed context as a phenornenon affecting 

similarity judgrnent. His main conc1usions are based on a "psychological weight" (or assumed coatext 

during the actual cornparison) between compared objects. As a result, Tversky concludes that 

similarity is asymmetric and non-transitive. Tversky's (and other's) psychological experiments on 

human subjects clearly show asymmetry and non-transitivity. However. the reason for this is not due 

to the nature of simiIarity but because of irnplicitly assumed context. A more detailed discussion of 

Tversky's approach and enhancement of the representation of sirnilarity is presented in Section 3.1.2. 

There is a distinction between independent- and interactive-cue rnodels (Nosofsky, 1990a). The 

former is based on prototypes and the latter on exemplars. A prototype is the "centroid" of al1 

category exemplars. Independent-cue models assume that category judgment on the basis of overall 

similarity can be derived frorn an additive combination of the information from component features. 

Interactive-cue models, also known as context models, reject the assumption of additivity. 

It has been shown that the independent-cue model achieves good performance in predicting cat- 

egories for exemplars if and only if the categories are linearly separable. regardless of whether multi- 

plicative or additive similarity rules are used (Nosofsky, 1990a). in contrast to this. an interactive-cue 

mode1 is able to  predict categories of exernplars for both linearly and non-linearly separable cate- 

gories, provided that multiplicative-sirnilarity rules are used. 

Next, we present useful measurernents of similarities that were shown to be of interest to the 

research community. There are diverse situations where similarity is used and thus different kinds 

of similarity might be needed. One of the most cornmon distinctions made is between surface and 

deep similarity. The former one is based on easily perceivable attributes of objects; the latter 

is based on not so readily accessible attributes. It should be noted, however, that the distinction 

between surface and deep similarity is not clear-cut. What is surface similarity in one contest (or in 

one domain) can easily be deep similarity in another context (or in another domain). Moreover, there 

is a causal relation between deep and surface similarities (Medin and Ortony, 1989); the former one 

constrains and sometimes even generates the later one. There is another problernatic issue. Namely, 

objects can be described by different sets of attributes. One of the reasons for this is that not al1 

people perceive objects the same way (Edelman, 1993). For example, a color-blind person perceives 



colors as shades of grey, instead of color hues, and an expert can descnbe a particular object or 

an event with more detail than a naive user. Another reason is that with a changed situation (i.e., 

changed context) needs Vary as well (Peterson, 1979). For example, describing an apple as an edible 

object will require a different set of attributes, compared to describing it as an artistic object. 

People identify, extract and compile a list of features relevant to a given task using their long- 

term memory, which Gregson calls selective emphasis (Gregson, 1975). In addition, one person's 

concept of similarity rnay differ from that of another person (Peterson, 1979). 

An andogical similarity can be viewed as a form of deep similarity, since more reasoning or 

more information is required in order to produce an intra- or inter-domain analogical inferences. 

Wallach defines psychological similarity in terms of common responses (Wallach, 1958). 

Surface Similarity 

Wallach in his effort to revise Hume's worlc (see Section 2-2-11, defines potential similarity as  the 

number of common environmental features that two objects or events display (Wallach, 1958). 

Surface similarity is based on readily accessible components of objects (Medin and Ortony, 

1989). A similar definition is presented in (Davies and Thomson, 1988, p. 292), where euphoric 

similarity is defined as a similarity of the perceptual or conceptual characteristics of an item and 

the characteristics of some memory representation. Gentner treats surface similarity as similarity 

between object attributes as opposed to a similarity between relations (Gentner, 1983: Gentner, 

1989). She describes attributes as one-place predicates that characterize simpIe descriptions of 

objects, and relations as complex, relational properties of objects. 

Rips refers to surface similarity as perceptual similarity and introduces it a s  cognitively prim- 

itive and well defined (Rips, 1989). He argues that perceptual similarity can be used as a construct 

to explain other psychoIogica1 functions (e.g., categorization). Smith and Heise define perceptual 

similarity as one that embodies and reflects implicit knowledge (Smith and Heise, 1990). However, in 

contrast to Hume's fixed approach to similarity, Smith and Heise show that the perceived similarity 

of two objects changes with selective attention to specific perceptual properties. Edelman defines 

perceptual similarity as one t hat is readily perceivable ( Edelman, 19%). He proposes t hat similarity 

relative to a s m d  but diverse set of prototypes is a natural computatior,ally feasible candidate for 

a generic representation scheme. He also notes the importance of monotonicity for such a model. 

Salient sirnilarity may replace surface sirnilarity, when it uses easily retrievable aspects of 

representations (Vosniadou, 1989). These aspects do not need to be descriptive attributes. Rather, 

they can be related to similarity in relational or conceptual at tributes, provided t hat  these attributes 

are easily accessible. Salient similarity enables retrieval of inter-domain analogies. She also suggests 

that the surface vs. deep similaritydistinction is a dynamic one because over time the  representations 

alter and thus may change the salience of attributes. Even though a property can be described as an 



object attribute, it does not necessarily mean that it is also represented in people's representation 

of the particular object or that  it is an easily accessible property. 

Deep Similarity 

Deep simiiarity is based on more central, core properties of objects (bledin and Ortony, 1989) .~  

This is in line with the other experirnental resuits presented (Brewer, 1989). Ross observed that 

alt hough surface sirnilarity is used more often. structural similarities are more successful in enabling 

students to solve a new problem (Ross. 1989). 

Deep similarity may be viewed as structural similarity (Gentner, 1983; Gentner. 1989). 

Holyoak and Thagard propose that what forms structural similarity are the identities that influ- 

ence goal attainment (Hotyoak and Thagard, 1989). Vosniadou notices that reiational properties of 

objects may be particularly salient even for young children (Vosniadou, 1989). This shows not only 

that surface similarity can be salient, but that reiational properties can aiso be easily accessible. 

Moreover, the salience of attributes may change over time. 

It was observed that experts can perceive the underlying similarities in problerns. whereas novices 

are not capable of seeing the same similarities mainly because of the difference in surface a t t r i bu t s  

(Chi, Feltovich and Glaser, 1981). A nice example showing these differences is presented in Vosniadou 

(1989). Subjects were aslied to  interpret statements such as: "Clouds are like a sponge." The 

experimental results show that  children mainly used surface features (a t  tributional interpretation ) 

and explained the sentence as "Both are round and fluffy", whereas aduits mainly produced reiational 

interpretations and explained the sentence as -Bath can hold water and later give it back." 

There is a connection between surface and deep similarity. Surface similarity serves two purposes. 

First, i t  is a heuristic to find deeper attributes (Medin and Ortony. 1989). Second. it constrains the 

predicates that compose the mental representation. 

Psychological Similarity 

Hume thought that there is only surface sirnilarity. In addition, he did not distinguish different 

perceptions of simple sensory attributes of objects frorn different subjects from the sarne subjects 

but in a different situation. As mentioned eariier, these ideas are limited when studied thoroughly. 

The reasons for the failure of his definition of similarity are presented by Wallach (1958). 

Wallach's work is considered to be the first modern study of sirnilarity, namely psychological 

similarity (Wallach, 1958). Wallach defines psychological similarity in terms of common responses 

as opposed to Hume's definition in terms of common environmental properties. Wallach pointed out 

two main reasons Hume's views on similarity are limited. The first one is failure to note the full 

S ~ h i s  should dways be considered in the light of a particular knowledge representation sdieme because, as was 
already stated, abjects do not have attributes; the attributes are assigncd to thern in the representation. 



range of attributes in ternis of which objects aad  events can be gouped. The second one is failure 

to  separate poteotial similarity from psychological similarity. 

Wallach studied the psychological aspects of sirnilanty and noted that the presence of a particular 

attribute is neither a necessary nor sufficient condition for similarity judgments. O n  the one hand, 

a particular attribute may be present and yet the similarity judgment rnay not be made. On the 

other hand, a particular attribute rnay be absent and yet the items may be judged similar. This led 

him to define psychoIogical similarity from four aspects (Wallach, 1958):1° 

( 1 )  Common environmental properties (Hume. 194'7): In this situation, one c m  change the 

similarity by varying the common values of attributes. However, the capacities of the organisrn to 

select and ignore a t  tributes are not considered. 

(2) Common responses: This definition is based on one of the two observations. There are 

situations where an attribute-value pair is present in two items and yet a different response rnay 

exist for them. The  attribute-value pair rnay be absent and yet a common response be made. In 

other words, if a person responded the same way to two different situations. then those situations 

are considered psychologically similar. However, according to several esperiments, tke presence or 

absence of cornmon responses does not guarantee the presence or absence of psychological similarity. 

(3)  Prima- stimulation gradients: This similarity definition is based on measurement of the 

distance between initial stimulus distance and the old stimulus: the farther t hey are the l e s  similar 

items are to each other. One of the best known studies in this area is by Pavlov (1927). . 

(4) Assigning items to a common c a t e g o ~  A particular set of attributes rnay discriminate items 

and assigns them to  the classes. Varying either the nature of the instances or the classification bias 

influences psychological sirnilarity in ways one can predict. 

Analogical S imilarity 

Analogical reasoning involves the transfer of relational information from the source to  the target. 

The  basic classification of analogies uses the distinction between intra-domain analogies and 

inter-domain analogies. It was observed that  different sirnilarity assessments should be deployed 

for these two types of analogical reasoning. For intra-domain analogies, the likelihood of retrieving 

ac analog increases when the surface similarity between the source and the target is increased 

(Vosniadou and Ortony, 1989). For inter-domain analogies, the retrieval of analogs can be based on 

salient sirnilarity. Because some relational knowledge rnay be involved in the retrieval of inter-domain 

analogies, it was observed that experts and adults have better access to intra-domain analogs than 

novices and children (Brown, 1989; Gentner, 1989; Holyoak and Thagard, 1989). 

Intra-domain analogies can be treated as literal similarities rather than as analogies (Gentner, 

'O Howevcr, using context defined in Section 3.1 .Z changes the applicabilityof individual definitions, since the context 
specifies what should be compared when similarity is assesseci. 
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1989; Vosniadou, 1989). Structural and su perficid similarities are viewed as literal similarity, where 

superficial sirnilarity is strictly based on surface similarities (Gentner and Forbus, 1991). The reason 

presented is that intra-domain anaiogies are similar in many simple, descriptive, and non-relational 

properties, in contrast to inter-domain analogies. where relational properties play a central role. 

Both structural and surface similarities have comparable effects on spontaneous analogical tram- 

fer, but only the former impacts analogical transfer once a hint is provided (Holyoak and Thagard, 

1989). Thus, surface similarity has a greatzr impact on the retrieval of a source analog than on 

the application of an analog (Vosniadou, 1989). Hotvever. because inter-domain analogies do not 

share similarity in surface attributes, they can be accessed only through similarity in their relational 

at tr ibuts.  This &O explains the difficulty in using inter-domain analogies, since people are more 

sensitive to similarity in descriptive properties than to similarity in structural aspects (Vosniadou, 

1989). Surface similarity rnay enhance the probability of using analogical reminding by helping 

to notice that probtems are of the sarne type (Vosniadou and Ortony, 1989). Similarity of salient 

attributes between the source and the target can lead to a productive analogy (Vosniadou, 1989). 

Reasoning by similarity and analogy itself can make an information base more Flexible. and facil- 

itate the learning of general rules and the acquisition of new schernata (Ross, 1989; Vosniadou, 1989; 

Spiro et al., 1989). Thus, analogical reasoning supports the restructuring of an information base. 

However, reasoning by analogy rnay fail if the representational structures on which the analogical 

mechanism operates are not appropriate (Vosniadou, 1989). Although the analogical mapping may 

not require the presence of the underlying structure in the target domain (Vosniadou, 1989), it is 

required that enough be known about the target domain to make such a mapping feasible. 

Summary 

From the review of philosophical and psychological background on similarity presented we can con- 

clude that a person's representation of a particular object rnay Vary. There is also a change in 

reasoning if the environment changes. T hus, a flexible simiiarity assessrnent algorit hm should be 

used in similarity-based reasoning systems. The flexible mechanism must support attention focusing 

and changes in the similarity assessrnent process. 

Similarity assessrnent can be provided on two levels: (1) similarity among attributes (surface 

sirnilarity); (2)  similarity between contevts (deep similarity). Analogical similarity suggests that 

similarity-based systems should support the application of constraints on values, and attribute m a p  

ping. Going beyond simple examples, similarity should be cornputable for more than two objects. 

Similarity assessment should be not only a binary decision, but a continuous metric as well. Wierar- 

chical ordering of the objects, their attributes and attribute values can be used for that purpose. 

Moreover, it is possible to diminish the difference between similarity in object attributes and 

similarity in object relations by using a specid representation language, such as Telos (Mylopoulos 



e t  al., 1990). Here. relations and objects are treated equally. 

2.2.3 Computational Background on Similarity 

Similarity is central to theories of hurnan probIem solving and thus is important for artificial intelli- 

gence research. Although there are different approaches to similarity assessment, the underlying idea 

is to  classify information according to some features, so that we can use it in similar situations. As 

defined in (Michalski, Carbone11 and Mitchell, 1986, pp. XI), a similarity metric is: ( 1 ) a context- 

free mathematical rneasure on properties of object descriptions used in clustering - minimized for 

objects within a cluster and maximized for objects spanning clusters: or (2)  a context-sensitive syrn- 

bolic expression capturing relevant similarities between two objects - used to establish mappings 

in analogical inference. Usually, an artificial intelligence system assesses similarity by comparing 

symbolic representations of objects. The goal is to compare those parts of the knowledge structure 

so that the most similar cases will also be the most useful ones. 

To date in computer science, Little attention has been given to the theoretical foundation of 

similarity for computational problem solving. Rather, the focus has been on implernenting psycho- 

logically plausible theories of similarity. A previously defined theory was usually tweaked to rneet 

the system's requirements (Watanabe, 1985; Russell. 1986; Ashley, 1989: Brown, 1992; Leake, 1992b; 

Skalak, 1992; Michatski, 1993; Kashyap and Sheth, 1993; Sun, 1995). 

Definitions 

Most of the existing approaches to similarity assessrnent are founded on the computation of the 

distance between two items. The distance measure is cornputed either directly (i-e.. the attribute 

value is numeric), or indirectly (i.e., the value is symbolic). The indirect distance computation is 

usually based on the distance in the hierarchy of terrns, e-g., is-a hierarchy. However, cornputing 

distances from hierarchies of terms also defines semantic rneasures of similarity. Thus, one not only 

knows the strength of similarity, but has access to the semantics of it - how the objects are similar 

or  how they can be transformed to become similar? 

Since an item is usually represented by several attribute-value pairs, which may have various 

contributions t o  the solution, individual attributes are weighted. Then, an overall distance is com- 

puted either as a weighted sum (in additive models) or a weighted multiplication (in multiplicative 

models) of a distance between individual attributes (Nosofshy, l99Oa). 

Using distance measures, one could Say that the apple and pear have a sirnilarity value of 0.7. On 

the other hand, especiaily in cornplex and rich domains, it makes sense to measure similarity using 

hierarchies of attributes and hierarchies of attributes values, Le, to consider some semantic measures 

of similarity. Then, for example, the apple and pear are sirnilar, because both are edible fruit, both 

grow on trees, etc. Using such a similarity, we can also state the reasons for their difference. which 



can be used during the adaptation process. Although strictly nurneric rneasures of similarity are 

fairly limited, since they do  not provide semantic information, t hey have another limitation, namely, 

systerns based on distance rneasures often use predefined attribute weights. Thus. an  apple and a 

pear would be equally similar in different situations. One possibility for overcoming this drawback 

is to  use multiple (or local) contexts (Kolodner, 1993). 

Similarity in Andogical Reasoning and Machine Learning 

Collins and Michalski define analogical reasoning by means of several transmutations (Collins and 

Michalski, 1989; Michalski, 1993). They use similarity as one of the possible transmutations. They 

define similarity with respect to context (either implicitly or  explicitly) and show how to  use simi- 

larity and dissimilarity relations for inductive and deductive inference. However, they d o  not define 

features of similarity and dissimilarity, such as symmetry, transitivity and monotonicity. 

Russell discusses sirnilarity measures in analogical reasoning (Russell, 1986). After examining 

simple similarity approaches, Russell suggests using representation-independent similarity measures 

in combination with probabilistic reasoning. He uses a theory of natural kinds for features and ob- 

jects. Probabilistic reasoning influences overall similarity by adding weights to individual attributes. 

Veloso and Carbone11 deEne analogical similarity as a substitution function a, such that  the 

similarity between literals I and LI is defined as 1 = ~ ( l ' ) ,  i.e., 1 is sirnilar to 2' if 1' can be transformed 

in a way that makes it  equal to 1 (Veloso and Carbonell, 1993). They provide two versions of 

similarity: direct and foot-print similarity. The former is a general notion of similarity and the 

latter is a specific variant of the former, being tied t o  the goals and preconditions according t o  the 

derivational trace of the solution. Other goal-directed processes in similarity j udgments are described 

elsewhere (Zuenkov, Kulguskin and Poletykin, 1986; Suzuki, Ohnishi and Shigernasu. 1992). 

Constraints in analogical reasoning are used to ensure that one-to-many and many-to-one matches 

among concepts in different dornains are resolved to one-to-one matches (Iieane, Ledgeway and Duff, 

1991). A similarity constraint is used to reduce the number of matches, by filtering out  semantically 

different concepts. Experimental results suggest that  the presence of semantic similarity m a k  

analogical map ping easier. 

Analogical reasoning relates to similarity assessment (Goldstone and Medin, 1994). Specifically, 

the similarity of scenes cannot be determined untiI the their parts are placed into correspondence. 

Similarly, during analogical reasoning, parts will be put into correspondence to the extent tha t  they 

are consistent with other correspondences. Goldstone defines a feature match to be match-out-of- 

place (MOP) if the respective objects are not aligned with one another. In contrast, match-in-place 

(MIP) exists when features between matching objects are aligned. It has been experirnentally shown 

that  MIPs increase similarity more than MOPs. 

Another approach to  structure rnapping is used in ARCS (Thagard et al., 1990) and MAC/FAC 



(Gentner and Forbus, 1991; Forbus. Gentner and Law, 1995). Both systems use two-stage retrieval. 

The main idea is to retrieve a11 relevant cases quickly and then prune thern down to retain only those 

of "high-quality." The second stage is used for filtering out retrieved cases based on both surface and 

abstract features. The biggest criticism of the MACIFAC mode1 is that it is too syntactic and that 

there is a distinction made between attributes and relations (Dierbach and Chester, 1991). Hall 

presents more details on analogical reasoning and compares individual computational approaches 

(Hall, 1989). 

Similarity in Case-Based Reasoning 

CBR systems use specific past experience in problem solving. When a new problem is posed, the 

system tries t o  find the most sirnilar past problem (i-e., a case) and modify its solution so it fits 

the new problem. Similarity in CBR systems affects al1 aspects of such reasoning, narnely: ( 1 )  

similarity of salient features between past cases and a new case; ( 2 )  sirnilarity of remaining features 

in potentially relevant cases; (3) dissimilarity of features between p s t  cases and a new case guide 

the adaptation process, and may trigger knowledge acquisition; 

KibIer and Aha introduced a baseline for evaluating the performance of complex similarity as- 

sesment strategies (Kibler and Aha, 1987). The simplest case-based reasoning systems use the 

assumption that cases can be represented by fixed set of features, and that the exhaustive search is 

tractable. When given a new problem, the program compares features between a new problem and 

al1 stored cases. Based on rnatching features, the overall similarity score is computed. 

More advanced approaches have been introduced in CYRUS (Kolodner, 1983), SHFUNK (Kolod- 

ner and Kolodner, 1987), and JULIA (Kolodner, 1987). Here, the similarity assessrnent is cornbined 

with the classification process. .il1 similar cases are stored in the hierarchy under the same classifi- 

cation. If, however, the retrieved case proves not to be useful, thr! system makes use of a secondary 

classification based on failures. When a case is retrieved via such a link, it is assumed to have greater 

similarity to the new case being processed because of its past involvernent in a similar failure. 

The MEDIATOR system (Simpson, 1985) works similarly. Ail possible classification paths are 

used, retrieved cases are ranked using similarity, and a heuristic is used to prune this set further. 

First, cases for which the most important features are not identical, such as goals, are elirninated- 

Second, the remaining cases are ordered using the fixed preference scheme (background knowledge). 

MEDIATOR also uses a secondary classification scheme based on problem-solving faiiures. 

The HYPO system (Ashley, 1990) is different f rxn systems presented so far. Et ranks retrieved 

cases as being in support of, or against an argument. In the CASEY system (Koton. 1988a) the 

causal mode1 is used to infer feature equivaIence and importance. The system abstracts from the 

actual symptoms (in medical diagnosis) to the underlying pathological states for matching. 

In PROTOS (Bareiss, 1989a; Porter, Bareiss and Holte, 1989; Porter, Bareiss and Holte, 1990) 
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the similarity between new and recalkd cases is assessed by explaining how their features provide 

equivalent evidence for classification. However, this approach requires dornain knowledge t o  explain 

equivdence of features. T h e  overall similarity is based on a heuristic evaluation of explanation 

quaiity and the importance of unmatched features. Because the explanation is highly dependent on 

domain knowledge, the system has a single context similarity assessment. 

In GREBE (Branting, 1991) an  explanation is used to assess similarity of a new case (GREBE 

works in the legal domain). X new case and precedent are believed to be sirnilar t o  the degree to 

which explanations of key legal relationships in the precedent are applicable to the facts of the new 

case. Explanations are represented as cases and CBR is recursively invoked t o  map  facts to legal 

relationships. Similarity assessment is in the fashion of PROTOS, i-e.. single context similarity. 

The FABEL project on case-based reasoning addresses the issue of similarity-based retrieval, 

mainly for the purpose of classification (Jantke, 1994; VoB, 19%). Thus, the cases are represented as 

attribute-value pairs with respect to a given finite numbcr of attributes. Jantke argues for the need 

of more flexible and more expressive similarity measures. In addition, a similarity measure should 

allow for assessing similarity of more than two cases and should not be a local property only, but 

rather a global one. He also argues for the need to "abandon" the symmetry of similarity. Other 

pragmatic approaches to similarity assessment also abandon the syrnmetry of similarity based on 

adaptability (Leake, Kinley and Wilson, 1997; Smyth and Keane, 1996). 

The A.4SM (Asymrnetric Anisotropic Similarity Metric) atgorithm reduces the case base size 

while preserving classification accuracy (Ricci and Avesani, lW5). As a result, the system can speed 

up query processing. The proposed metric uses a modified Euclidean distance t o  compute sirnilarity 

between cases. For this purpose, a metric is attached to each case. In addition, a reinforcement 

learning procedure is used for adapting the local weights to the input space. Similar to  the approach 

described in (Srnyth and Keane, 1995). .4.i\SM was used to retain only highly useful cases in order 

to limit the case base size. However, when the accuracy was rnaintained in a simple domain. only a 

10% case base size reduction was achieved (see Chapter 6 for more discussion). 

A few issues come to attention from this summary of existing systerns. These issues cover the 

representation and retrieval aspects of these systems. The most influential issue is tha t  case retrieval 

and similarity are inter-related. Stored experience and problern-solving situations are represented in 

terrns of surface and abstract features. These features need to be acquired from a domain expert or 

automatically extracted from domain knowledge. X procedure to assess similarity relies on domain 

knowledge in addition to case features. Domain knowledge enables inferences of featural equivalence 

and evaluation of the importance of unmatched features in assessing sirnilarity. Retrieved cases are 

ordered using heuristics o r  numeric similarity functions. Usually, only featural similarities are used; 

systems are generally restricted to a single problem-solving context. 

Although AI researchers, cognitive psychologists, and information retrieval experts take different 



views on similarity assessment, there are efforts to unify them (King et  al., 1988). The study 

shows that although similarity is highly domain dependent, some genera1 principles can be found. 

Similarity is used to both guide case storage and indexing, and as a conflict-resolution method 

to refine or order the retrieved cases. It is arguable whether the bulk of computational effort is 

concentrated on repreenting cases or on problem solving. There are two approaches to similarity 

assessment: using fixed context-sensitive equivalence of features? or resolving featural equivalence 

dunng problem solving. Because t here is no predefined equivalence of features in the latter approach, 

this approach is more flexible and thus l e s  domain-dependent. Domain knowledge is useful for 

sirnilarity assessment; however, it is not cleat how to acquire such knowledge efficiently, what type 

and arnount of knowledge is most appropriate, and how to represent it. The long-term goal of 

research in this area is to build generic technology that would be applicable across diverse domain. 

Similarity Assessment in Databases 

Jaggadish proposes an organization of objects in a spatial database, which permits efficient retrieval 

using shape similarity: two shapes are sirnilar if the area where they do not match is smaller than 

an error rnargin when one shape is placed on top of the other (Jagadisb, 199 1). The error rnargin is 

not constant and is used to control the nurnber of retrieved cases. This approach is similar to the 

contrast mode1 (Tversky, 1977). 

It is possible to resolve schematic differences among semantically related objects in multi-database 

systems (Kashyap and Sbeth, 1993). Authors define semantic prorcimity to characterize the degree 

of semantic similarity between two objects using their real-world semantics. The key part of their 

definition of sernantic similarity is an explicitly represented context . T hus, context in semantic 

similarity helps to ignore or stress certain features, using their perceived importance to the user in 

a given situation (Kashyap and Sheth, 1993; Peterson, 1979). Xnother use of their approach is to 

represent uncertain information and to resolve data-value incompatibility in multi-database systems. 

Similarity-based reasoning is used to retrieve both exact and approxirnate matches for a given 

query (Jagadish, Mendelzon and Milo, 1995). This interest stems from the need to manage a large 

number of federated databases and to support more flexible and powerful retrieval. 

Rafiei and Mendelzon introduced a query processing algorithm that can answer similarity queries 

efficiently by using the R-tree index (Rafiei and Mendelzon, 1997). They applied the system to a 

muitidimensional data set, namely time series data. A set of transformations in a multidimensionai 

space reflects a distance between two objects and thus is used to measure dissimilarity. 

Nakamura, Sage and Iwai present a question-answering system for information bases (Nakamura, 

Sage and Iwai, 1983; Nakamura, Sage and Iwai, 1984). The similarity between information sources 

in this work is determined using a set-theoretic mode1 of psychological similarity. 



Similarity Assessrnent in Pattern Recognition 

A pattern is usually defined as a vector of a certain dimension. Pattern recognition is based on 

discriminant functions or boundaries that partition the whole space into subregions representing 

different pattern classes (Li, Hall and Humphreys, 1993). 

Watanabe introduced sirnilarity assessment in the area of pattern recognition (Watanabe, 1985). 

He defines similarity as a relation between two objects. He used the principie that similar causes 

have similar effects. Although he realized the importance of context in similarity, his formalism was 

iimited only to distance measures of similarity - this approach is used extensively in many other 

systems (Fertig and Gelertner, 1991; Pankakoski et al., 1991; Brown, 1992: Tanaka, Hattori and 

Sueda, 1992; Féret and Glasgow, 1993; Skalak, 1993). Because Watanabe's work is mainly oriented 

to pattern recognition where concepts are represented in n-dimensional space, only two measures 

of degree of similarity are sufficient: (1) the number of shared predicates (features), and (2) the 

distance between two concepts, represented in an n-dimensional space. in more cornplex domains, 

other distances between concepts should also be used, such as conceptual hierarchies (Fernandez- 

Chamizo et al., 1995; Girardi and Ibrahim, 1994; Lauzon and Rose, 1994; Ostertag et al., 1992; 

S panoudakis and Constantopoulos, L994), as discussed in the following section. 

Watanabe also defined T h e  Ugly Duckling" theorern: 

lnsofar as we use a finite set of predicates that are capable of distinguishing any two 

objects considered. the number of predicates shared by any two such objects is  constant, 

independent of the choice of the two objects. 

Thus, this approach to similarity assessment results in "any arbitrary two objects [being considered] 

equally similar". Watanabe believed in "radical nominalism", that is: "... there is no such thing 

as similarity or d i ss imi lady  in the world, as fur as empirical data and their logical treatrnent are 

concerned. " He also believed that some features are more important than others and that similarity 

assessrnent should take this into consideration. In addition, he noted that sirnilarity depends on  the 

purpose of classification, and classification in turn, depends on the sirnilarity rneasure used. Thus, 

if one changes the sirnilarity of concepts based on the purpose, then t his problem is diminished. 

Bar and Ullman discuçs context effects on object recognition (Bar and Ullman, 1993). Psycho- 

logical studies revealed t hat organized scenes wi t h possible inter-object relations are recognized more 

accurately than unorganized scenes with impossible inter-objects relations. This phenomenon was 

explained by the existence of a spatial context, Le,, context that relates objects spatiaHy. Then, 

partially recognizing an object's part may lead to correct recognition of other objects. Though there 

is similarity between recognition and retrieval of objects, the main difference is t hat recognition 

lacks the object model a priori and may require the object's location as well, whereas for retrieval 

the object model is known a priori and the task is to determine the object's location. 
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Li, Hall and Humphreys define a discrete distance space and a similarity measure for any pattern 

farnily (Li, Hall and Humphreys, 1993). The similarity measure is used to simplify the recognition 

process. The recognition is increased by limiting the number of selected prototype patterns. 

Similarity Assessrnent in Software Engineering 

Software engineering uses sirnilarity assessrnent to support reuse. A software repository that stores 

artifacts, such as software code, design choices and requirements, must ret rieve t hese components 

even when an imprecise query is posed. In addition, if the perfect match is not available, similar 

components should be recalled. The main problem, is to choose an appropriate representation of 

software artifacts and deciding on a suitable similarity measure. 

A software repository is a special-purpose information base, intended to store reusable software 

entities. The granularity and form of entities suitable for reuse can Vary: it can be at the require- 

ments, design or code Ievel. A successful repository must support efficient and flexible retrieval of 

repository items. Efficiency rneans that the repository retrieval system will scale up as more entities 

are acquired. Flexibility rneans that the criteria for retrieval should not be predefined, since they 

may change over time or they may differ among individual users. Moreover, the system should re- 

trieve useful entities even if the query is not specified completely and should retrieve similar entities 

if the exact match to the query is not possible. There should also be an option for recall-oriented 

retrieval (al1 relevant entities should be retrieved, even if some irrelevant ones are included) and for 

precision-oriented retrieval (only relevant entities must be retrieved) . 
Software components can be located by library cataloging, database classification (Daudjee and 

Toptsis, 1994), query- based retrieval (Tedjini et al., l99O), keyword- and attribute-bas4 retrieval 

(Diab, l992), formal specification (Rittri, 199 1: Mit  termeir, Mili and Mili, l993), information re- 

trieval schernes (Diaz and Freernan, 1980, hypertext-based ctassification and retrieval (Garg and 

Scacchi, l989), similari ty-tased organization (Schwanke, 199 1; Adams, 1993), analogy- based re- 

trieval (Lee and Harandi, 1993; Jeng and Cheng, 1993), case-based reasoning (Fouqué and Matwin, 

1993; Fernandez-Chamizo et al., 1995) and hybrid organizations (Constantopoulos et al., 1994). 

The most appealing feature of similarity-based retrieval is that it recalls relevant information 

even when the user cannot specify the query cornpletely and precisely, or when exact match does 

not exist. It also supports iterative browsing, which is needed when a repository is large, and created 

and used by many users. In general, it is impossible to predict what needs to be retrieved, when, 

and in which form. Thus, the similarity rneasure should use some form of contextual information to 

define various preferences and should allow for iterative modifications of the query. 

AIRS (AI-base Reuse System) (Ostertag et al., 1992) is an AI-based library systern for software 

reuse. AIRS is a hybrid systern that integrates faceted indexing and a hierarchical frarne system. 

Similarity between two components is baçed on a distance measure of their respective descriptions. 
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The distance measure is based either on the closeness or the subsumptions relation. The closeness 

relation is intended to capture the fact that new components can be constructed by modifying 

existing constructs. The subsumption relation is defined among the components of the system and 

is intended to capture the idea that certain components can be built by combining severd other 

components together. On the basis of this measure, two components are considered similar if the 

total difference between their corresponding terms is small. The main restriction of the system is its 

inflexibility. Because the components must be described in terms of all features, adding new features 

would involve modifying ail components that are already stored in the library. 

The CAReT system (Lee and Harandi, 1993) is an analogy-based retrieval system, applied to 

software design reuse. It supports incomplete query specification as well as similar and exact match- 

ing of components. Its information base consists of background knowledge and a design library. The 

system uses is-a and part-of links to navigate through the library. The retrievai mechanism uses 

a three-phase procedure: locate, evaluate and select. Flexible retrieval is supported by modifying 

the level at which attribute matches occur. The system uses two levels of matching: object- and 

attribute-based. The first level compares object classes, object types, at tribute properties and their 

relationships to other object types. The second level compares attribute data types and properties. 

The SIB system (Software Information Base) uses a distance-based algorithm to measure simi- 

larity between software art ifacts (Constantopoulos et al., 1994; Spanoudakis and Constantopou~os. 

1994). The model is based on the compound distance measure, consisting of the following: the 

identity distance (distinguishes non-identical and identical objects), the classification and the gener- 

alization distances (measures the depth of a class in the is-a hierarchy) and the attribution distance 

(expresses the distance between the attribution of two objects). 

The Reuse Assistant approaches the problem of submitting a query by combining statistical 

methods with case-based reasoning ( Fernandez-Chamizo et a1 .. 199.5). Incremental query construc- 

tion is used and the relevance of retrieved items is determined statistically. The system was designed 

to be used for retrieval of object-oriented programming classes. The user submits a free form query, 

which is processed using information retrieval techniques. In addition, the system supports browsing 

through the repository. After the initial free form is processed, the system returns a frame with slots 

to be filled. This stage of retrieval is more similar to an approach used in case-based reasoning. 

Similarity Assessment in Other Areas 

Similarity measures are important in computational systems. Conceptuai clustering uses a similarity 

measure to properly cluster objects. If no similarity measure is used then we get an arbitrary 

clustering (arbitrary domain structure). It is well recognized in this area that defining a similarity 

measure is not an easy task. A straightforward approach is to compare the number of matching 

attributes to the total number of attributes defined for compared objects (Tversky, 1977). It was 



shown that  given al1 observed and derived attributes, this approach renders any object equally 

similar t o  any other (Watanabe, 1985). This principle is known as "Ugly Duckling Effectn. 

A similarity measure is used in conjunction with conceptual graphs t o  define concepts by means 

of a series of examptes (Maher, 1993). The sernantic distance between two concepts is defined as the 

shortest path between these concepts in a type hierarchy. The similarity measure is then represented 

as an interval, defined by the necessary support (lower bound) and the possible support (the upper 

bound), as obtained for each graph and taken as  a percentage of the wtiole range. 

Green uses semantic similarity to construct hypertext links (Green, l99T). Semantic links be- 

tween paragraphs and articles are generated using lexical chains, which are  sequences of semantically 

related words in text. The semantic information rnay be obtained from any lexical resource. 

In various studies a correlation between approximate reasoning, fuzzy reasoning and similarity 

assessment has been established (Binaghi et al., 1993; Ruspini, 1990; Ruspini, 1991). Ruspini defin- 

a similarity relation as  a fuzzy relation that is refle'cive, symmetric and transitive. Thus. the notion of 

a similarity fuzzy relation extends the notion of an equivalence relation. In Binaghi e t  al., similarity 

classes are defined as fuzzy sets in the universe of discourse of fuzzy Labels. The number and the 

kind of sirnilarity classes Vary, depending on the context. Here, fuzzy reasoning is used for image 

analysis and the relevant features for comparison may change based on the task. 

Similarity assessment and uncertainty reasoning are related. The former rneasures the distance 

(either numerical or semantic) between objects. The latter uses a certainty factor to estimate the 

quality of the result of the reasoning, i-e., to  measure the proximity of the answer to the desired 

result. Thus, the statement in uncertainty reasoning about a value of an  attribute being in the 

high certainty range can be expresseci using similarity reasoning terrns as follows: al1 objects with a 

similar values for al1 selected attributes can be treated as equivalent. In CBR a similarity measure 

is used t o  locate and order relevant cases. The  number of retrieved cases depends on the retrieva! 

strategy and in some systerns it can be dynamically controlled by rela'ung or constraining the initial 

query (Gaasterland, 1993; Lauzon and Rose, 1994; Rissland et al., 1993). 

2.3 Discussion 

The chapter presented a literature review of case-based reasoning. Similarity assessrnent was ex- 

amined from a philosophical, psychological and computational points of view. Representative a p  

proaches were compared on the basis of their foundation and their suitability for certain tasks. The  

review shows that psychological approaches are concerned with similarity assessment that is con- 

sistent wit h human cognitive models. In contrast, computational approaches focus on the utility of 

the algorithms proposed, i .e., on t heir cornpetence and scalability. Whether they share a cognitive 

mode1 with human sirnilarity assessment is of secondary importance. 



Simiiarity assessrnent is important for the success of CBR systerns, but current approaches do 

not address flexibility and scalability issues. Thus, in the next chapter we propose an alternative 

representation of cases and a novel similarity assessment theory. In forrnulating the proposal. we have 

followed a "performance approachn. Le., we define similarity assessment algorithm that improves 

both competence (Le., quality of the reasoning process) and scalability of CBR systerns. Our work 

on similarity was motivated by the following requirements: 

0 The need for a knowledge representation language that diminishes differences between at- 

tributes and relations and thus reduces the difference between surface and deep sirnilarities. 

The representation should support properties of similarity such as monotonicity, symmetry, 

transitivity. 

O The need for a hierarchical concept representation (abjects, attributes, values) to support 

semantic quivalences and similarity in addition to numerical distance measures. 

0 The need for an explicit definition of context to support attention focusing. This also dimin- 

ishes the "Ugly Duckling Effect" and enables goal-dependent similarity judgments. 

As will be shown in Chapter 6, this novel similarity assessrnent theory supports efficient imple- 

mentation of an incremental retrieval algorithm, and flexible computation by trading off the precision 

of computation for the resources needed. 



Chapter 3 

Flexible Similarity Assessrnent 

This chapter proposes a similarity assessment theory that uses an explicitly dejïned context. Our 

motivation for this work is the lack of Jiexibility and expressiveness o j  preuzous appmaches to case 

retrieval, and the lack ofpsychological eoidence for measuring similarity numerically. 

Based on the proposed theory o j  variable-contezt similan'ty assessment, we define a case retrieval 

algorithm, used for retrieving relevant cases eficiently, even i j  task or user preferences change. 

- - -  - -- -- - - -- - 

First, we identify what it rneans for a case to be relevant in a given situation. Webster's dictionary 

defines relevance as: (1)  Pertinence to the rnatter a t  hand, and (3) the capability of an information 

retrieval system to select and retrieve da ta  appropriate to a user's needs. 

For case retrieval we adopt the second definition. In database systems, a user specifies a query 

and the system retrieves everything t hat matches the given descript ion. Thus. everything retrieved 

is relevant to the given query. In CBR systems, a query corresponds t.o a partially described case 

ivithout a solution. Another distinctive feature of CBR systerns is that even if the problem is 

described completely, usually there is no exact match in a case base. Hence, the system must 

support approximate retrieval, Le., recall partial matches along with exact ones. To ensure that 

only relevant cases are retrieved, a similarity assessment algorithm returns partially ordered cases 

based on how close they match the query. Informally, a retn'eued case is considerrd relevant if it 

is similar to the query. Particular details on how sirnilarity matching is performed are provided in 

later sections. 

Several simiIarity assessment algorithms have been proposed, yet we believe that they are inflex- 

ible for case-based or analogical reasoning. The reasons for this can be surnmarized as follows: 

Numerical similarity measures based on distance rnetrics are ill-suited for cornplex domains 

where a hierarchy of attributes and their values need t o  be considered. 

0 Pre-defined context (Le., a definition of how case similarity is measured) makes it hard to 
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change the similarity result wben task or user preferences are modified. 

A predefined retrieval approach (either recall- or precision-oriented retrieval) is difficult to  

modify based on changing needs. 

Pre-defined attribute importance provides good results onIy for a specific task and user. 

This chapter proposes a novel theory of similarity baseci on the notion of context, where similar- 

ity is computed using a symbolic rneasure and conceptuai modeling. This theory makes it possible 

to change the definition of similarity for entities depending on the task under consideration and user 

preferences. The proposed sirnilarity assessment theory also supports an efficient and scalable imple- 

mentation of the similarity assessment algorit hm. In addition, similarity assessrnent can be flexibly 

controlled by trading off accuracy, precision and recall for cornputing resources. In other words, 

variable-context similarity assessment produces distant partial matches faster, wit h a possibility to 

iteratively remove less relevant cases. 

One of the advantages of CBR systems over ruk-based systems (RBSs) is that they do  not 

compile knowledge duïing the acquisition process. This may result in a slower execution, it will 

require larger storage space, but it  is a more flexible approach that can be applied even in l e s  

understood domains. While RBSs use knowfedge in an already transformed form - as general rules, 

CBR systerns store experience - the problem, solution and feedback. Thus, CBR systerns delay 

knowledge processing until the reasoning process is started. At this tirne, new relevant facts may be 

available. This also solves the problem of over-generalization of experience, and handling exceptions 

to general knowledge. In addition, the specific situation or the user's needs may change. Thus, CBR 

system are based on a more flexible reasoning paradigm than RBSs. 

Most of the existing CBR systems rely on indexing as a way of recalling relevant cases. This 

can be put into analogy with the problem of rule-based systems, where rules need to be compilecl 

prior to using them - in CBR systems, indexes are created prior to using the knowledge. indexing 

increases the efficiency of cetrieval by hard-coding the relevance measure. The  problem with relying 

on predefined indexes when accessing relevant cases is that it  diminishes the advantage of CBR 

systems over rule-based systems, since part of the knowledge is hard-coded into the system. We 

believe that, even though cases should be structured to allow for efficient retrieval, the criteria 

for retrieval should not be predefined. The  reason for this belief cornes from the above mentioned 

fl exibility problems. 

Later we present a theory of variable-context similarity assessment. This replaces the standard 

indexing approach in order to  retrieve cases fiexibly. The retrieval process is based on biasing the 

search towards relevant cases using an explicitly defined context, which may be modified during this 

process. 
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Motivation for Variable- Cont ext Similarity Assessment 

We rnay use "information basesn as a neutral term which subsumes databases, knowledge bases, 

case bases, software repositories. etc. We assume that items in an information base are represented 

as attribute-value pairs. The  remaining of the chapter deals with similarity-based retrieval, which 

uses explicitly defined context . 
Intuitively. relevant information is the one which is useful. If we know what is relevant, we 

rnay retrieve appropriate information by posing a specific query. .4 query in a CBR system is a 

description of a current problem ( a  partially-developed case without a solution and feedback). Most 

of the time, there is no exact match between the source case (current problem) and cases in a case 

base. The goal is to produce a relevant answer even if the query is not completely specified. This 

can be handled by the use of a similarity-bascd ret rieval algorithm. 

Similarity-based retrieval is used for assessing similarity between a source case in a case base (Le,, 

cases rvith the problem, solution and feedback) and a target case in the query (i-e., a case without a 

solution and feedback). .4 query specifies the input case (possibly not completely) and the criteria 

for matching (Le., minimum and maximum number of cases desired to be recalled, possibility to 

automatically relax or  restrict the query. etc.). The  system retrieves al1 similar cases. 

Psychological experiments and everyday experience show that what is considered similar in one 

situation rnay not be similar in another. Thus, systems that do not take contest into consideration 

rnay return correct answers in some situations, and unreasonable responses in other situations. To 

prevent this, the proposed simitarity assessment theory represents constraints on similarity matching 

(context) explicitly. Using context we can specify which parts of the case representation to compare 

and what kind of matching criteria to use. Context helps to retrieve relevant cases and to exclude 

similar but irrelevant ones. Thus, context can be used as a basis for relevancy measure, Le., cases 

are considered relevant if they are similar with respect to  a given context. 

Recall that similarity between cases rnay change with respect to users' needs, whiie solving 

different tasks. Thus, a flexible similarity-based ret rieval system must not have predefined notions 

of similarity. To accomplish this we define a variable-context similarity assessment, where context 

is a set of attributes with associated constraints on the attribute values. Context specifies how the 

matching should be performed, giving us local matching criteria (Kolodner, 19931, and the reievance 

measure. Context is aiso used for filtering out al1 irretevant pieces of information and can be applied 

in multi-functional information bases (hf ylopoulos and ivfotschnig-Pit rik, 1995). 

3.1.1 Tasks to  be Addressed by Variable-Context Similarity Assessment 

The most basic task in similarity assessment is to determine if particular cases are similar. This rnay 

include comparing two cases or comparing a set of cases. We show that context plays a crucial role 



in this process and we define a satisfiability function. The case retr leval task involves the ret rieval of 

al1 cases that are similar according to  specified criteria. We show how context enables us to specify 

matching criteria flexibly. We also define a retrieval function (see Section 3.5.2). This function 

addresses a thesis goal - to flexibly and efficiently retrieve relevant cases. 

Knowledge mining and case base organization tasks are used t o  help Iocate important case 

descriptors and to organize case base into meaningful clusters of cases that improve both systern 

cornpetence and efficiency. We show mechanisms for finding attributes relevant for a particular task. 

These attributes represent context. and for a given set of cases they represent the most restrictive 

context. The most restrictive context is characterized by mavimizing the number of attributes 

used and minimizing the number of constraints applied to attribute values. dsing multiple possible 

contexts, a given case base can be organized into context-dependent clusters of cases that are relevant 

during solving the same task under similar conditions. The function for finding representative 

contexts is called explain function (see Section 3.5.3), since it explains why a particular descriptor 

is relevant and which cases should be kept related. 

The main goal of Our research is to define a theory for flexible and efficient similarity-based 

retrieval and for context-based knowledge organization. First, we define case base, case, context, 

context transformations, satisfiability, equivalence and similarity functions. In addition. in Sec- 

tion 3.6 we study feat ures of context-based similari ty in retrieval. namely reflexivity, monotonicity. 

symmetry and transitivity. 

Flexible Similarity Assessrnent 

Another way to classify similarity assessment approaches is to compare their implementation as 

algorithms. There are two possible approaches: the first relies on predefined similarity relations 

among cases and the second locates similar cases at query tirne. 

If similarity relations among cases are predefined, the flexibility of the system is limited and the 

system can work properly only in one context. The reason is that the conditions under which the 

cases are compared, are predefined or only a lirnited flexibility is allowed. A similar approach where 

a11 cases are retrieved and ranked based on a global matching strategy appears in (Koiodner, 1993). 

If similar cases are located by defining similarity relations at query time, then the conditions for 

matching can be flexibly changed. We refer to conditions for matching as context, and we define 

similarity between cases with respect to the context. In general. similarity is a relation with three 

parameters: a set of relevant cases, a context (matching conditions), and a case base. Similarity 

during retrievat is used when the context is specified and the task is to  retrieve a11 relevant cases from 

a case base; thus, a case base and a context form an input and a set of retrieved cases is an output. 

This approach is similar to local matching criteria (Kolodner, 1993) since severd possible strategies 

can be used for matching. The difference is that most previous approaches to local rnatching use 
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numerical meôsures of similarity and thus a semantic explanation of similarity may not be available. 

The first approach to similarity-based retrieval is obviously not flexible but can be used to answer 

the question "are the items similar?" and not the question "how are they similar?' (e.g., in which 

context are they similar). Because the sirnilarity relation among cases is ernbedded into the system, 

context is static and thus the systern provides a sound inference only in these "built-in" situations. 

The second approach is more favorable because it supports changing context, and gives us addi- 

tional semantic information about compared items. Thus, the following questions can be answered: 

"how are the items similar" or "in which contest are the items similar." Flexibility and additional 

semantic information are crucial for reasoning, since what is relevant in one situation may not be 

relevant in another. Thus. we need flexible similarity assessment and we need to know on what 

grounds the items are similar. Knowing how the items are sirnilar and exploiting the monotonicity 

of similarity with context enables autornatic control over the nurnber of retrieved cases. 

A central problem in similarity-based retrieval systerns is assessing the relevance of the retrieved 

information to the current goal, specified through the query. This problem becomes more difficult 

to solve when (automatic) iterative retrieval tools are used: When the initial query does not yield 

a satisfactory result, it may be modified (fine-tuned) by either the user or the system. This modi- 

fication rnay involve the strengthening or weakening matching criteria. Such operations change the 

direct relation of the initial query and the relevance of retrieved items. Thus, the relevance of items 

retrieved using the modified query needs to be assessed. Similarity theories developed so far (Tver- 

sky, 1977; Gick and Holyoak, 1980; Gentner, 1983; Holyoak. 1985; Vosniadou and Ortony, 1989; 

Leake, 1992b; Skalak, 1992; Suzuki, Ohnishi and Shigemasu, 1992; Michalski, 1993) cannot be used 

during flexible relevance assessrnent of the system's response. Though they enable partial matches, 

the initial query ( a  case) is not modified and thus there is no support for iterative browsing or for 

explanation of the relevance of retrieved items. 

3.1.2 The Role of Context 

In various research areas, context is defined diflerently and sometimes different terminology is used. 

Context in natural language understanding helps specify a word's semantics (disarnbiguation). It 

represents a situation, a portion of the world that is relevant to the determination of the content of 

the sentence (Barwise, 1989; Cardie, 1993a). According to the Collins Concise English Dictionary, 

context is defined as "the parts of a piece of wrïting, speech, etc. that pwcede and follow a word or 

phrase and contribute to its full meaning". 

In databases, the term "view" is used to present a database object in relation to a particular 

situation, e.g., to present partial and consistent viewpoints of the contents of a database to different 

users (Ceri and Widom, 1991; Bertino, 1992; Motschnig-Pitrik, l995). Thus, a view can be described 

as the context in which database objects are seen. In IinowIedge base management systems, context 



is used to partition information bases (Mylopoulos and Motschnig-Pitrik, 1995). For this purpose, 

contexts are defined as special units (basic building blocks of knowledge bases), cornprising contents 

(units included in a given context), lelùcon (the Iocal names) and authorization rules (rules guiding 

transaction management for individual users). 

In pattern recognition, contextual knowledge is known as an "aspect", i.e., a certain characteristic 

of an object (Watanabe. 1985). Partial recognition of an object's part within a configuration of 

several objects can be used during recognition of other objects (Bar and Ullman, 1993). This is 

referred to as a spatial context . 

Context in human-computer interaction is defined as the envimnment 01 communication. which 

enables the intended meaning to be ascribed b y  the recipient of the data (Wixon, Holtzblatt and 

Knox, 1990; Edmondson and Meech, 1994). In the hypertext-based explanation system VICE 

(Huuskonen and Korteniemi, 1992), context is defined as an arbitrary combination of dimensions 

(object, attributes, values, task, component, abstraction). In neural networks (or in other perceptual 

systems) the context is used implicitly - the system performs specific organizational decisions based 

on knowledge it has acquired about the data. 

In rnodel-based design, three types of context are defined: the structural context of a component 

consists of its physical properties and the components to which it is structurally related, the behau- 

ioraf context of a component consists of its behavior and the behavior of related components and 

the e q c t e d  behaviors are abstract descriptions of device behavior (Nayak, Joskowicz and Addanki. 

1990). In propositional logic a context is modeled as a set of truth assignments that describe possibte 

states of affairs of that context ( McCarthy, 1993; Buvaë, BuvaE and Mason, 1994). In (Attardi and 

Simi, 1993) viewpoints are considered as  a forrnalization of the notion of context. Contexts serve as 

a frame of reference and rules are provided to relate one context to another. 

The  motivation for using context is its ability to bring additional knowledge to the reasoning 

process and thus focus attention on relevant details (Light and Butterworth, 1993). When retrieving 

cases, we might want to consider al1 attributes used to  describe them or only certain subsets of them 

(in different situations different subsets may be relevant). 

As was shown in (Murphy and Medin. 1985), attention is important in categorization. It was 

obsenred that when people categorize objects or reason about them, they often shift attention among 

sets of perceptual or deep features. People's eaplicit causal beliefs about objects guide the selection 

of features used. These changes can be modeled using an explicitly represented context. 

The  notion of context in analogical reasoning m-as presented in (Collins and Burstein, 1989) as 

"an important test of any of these (analogical) computer rnodels": 

[An important test] is whether they can select two diflerent conespondence rnappings 

from a source domain depending on what aspects of the source domain are refeuant to  the 

target dornain. Xone of the rnodels has, as yet, addressed this central problern directly. 
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Everyday experience also suggests that context brings additional information to the reasoning 

process. Although the role of context is accepted by the research community, most of the current 

systerns for determining similarity use only a predefined context (or a closed set of contexts). 

As a simple example consider an information base consisting of personnel records. Let us suppose 

that the information base is used by a jobplacement agency. it is relatively straightforward to specify 

what kind of features should be represented in the information base. However, it is aiso apparent 

that if one wants to find a person for a programming job in a prestigious Company, important features 

for retrieval of relevant information (cases that correspond to perspective job candidates) would be 

skills such as: experience in programming, ability to work in a team, etc. Physical appearance is 

usually not an issue in such a context. If a new mode1 is needed for a local fashion store, however, 

then the most important feature might be physical appearance (more often than not, programming 

skills of the candidate would not count as a plus). Thus, even t hough in bot h cases the general 

task is the same - to find a person right for a job - different criteria are apptied in order to retrieve 

the desired information. In other words, only certain parts of the representation are used during 

individual retrievals. Context is used as a mechanism to filter out al1 irrelevant pieces of information 

and to specify the criteria for matching. 

Similarity judgments are made with respect to the representation of entities, not with respect to 

the entities t hemselves (bledin and Ortony, 1989). Thus. having a changeable representation, Le., 

supporting flexible addition and deletion of attributes from an object representation, irnplies that 

one can make any two cases simiIar according to some criteria. To control this process. a context may 

be used as  a way of focusing the similarity assessrnent only on certain features of the representation. 

Context can also be used to exclude irrelevant information. This feature is particularly important 

in unusual situations where similarity may be affected by a "usual" (or prototypical) context, e.g., 

a context in which the cases appears most of the time. 

Context Dependency 

Tversky (Tversky, 1977) discussed the dependency of similarity on context and frame of reference; 

however, his formalism did not capture this dependency. Tversky did not consider changed or 

implicitly assumed context as a phenomenon affecthg similarity judgment. 

Another illustration of context playing a central role in determining similarity is the example 

presented in (Tversky and Gati, 1982). Here, faces with fewer features are rated as more similar 

than faces with many features. One expianation of this experimentally-proven phenomenon is that 

in the former case subjects considered al1 features to be the context, whereas in the latter case there 

was no specification of the context and one could not use al1 features to determine similarity. 

In (Barsalou, 1989, p. 77), a further exarnple supporting the context dependency of similarity 

assessrnent is presented, where the iristability of similarity judgments is explained. It is found 



that "something heavy" is a better m e  than "something with a nice sound" for retrieving the 

sentence "The man lifted the piano." in contrast, "something with a nice sound" is a better cue 

than "somet hing heavy" for retrieving the sentence "The man tuned the piano." This shows how 

different attributes of the concept piano are important for different tasks. Barsalou believes that 

certain knowledge about a category - context-dependent information - becomes active only if relevant 

in the current context. Moreover, it is believed that category representations Vary across contexts 

and that the properties composing these representations also Vary. We agree that the similarity 

judgrnent should be dynamic, and only a relevant portion of the representation should be considered 

in a particular context. However, the knowledge representation scheme should be rich enough so the 

objects can be represented in different contexts. 

It would be safer to consider the "context-independent" information as information which a u t e  

matically activates a specific context for a certain object each time this object is accessed. regardless 

of the current context. Thus, *contex&-dependent" information would not activate a specific context 

and would be dependent on the current context. 

The necessity to distinguish between context-independent and context-dependent information, 

can be shown by considering the saying: One cnnnot compare apples to omnges. This statement is 

typically used in everyday life with the meaning that two things are incomparable (because they are 

different). However, it is a false statement in general, unles one assumes an irnplicit context. If we 

want to compare tables, apples, oranges and cars with respect to edibility, apples and oranges are 

not only comparable, but also quite similar in this context. Similar ideas are describeci by Saaty, 

who states that "we can compare apples and oranges by decomposing our preferences into the many 

properties that apples and oranges have, ..." (Saaty, 1996). 

Certain information autornaticaIIy activates a specific context for a certain object each time 

this object is accessed, which is the result of stimulus bias (Barsalou, 1989; Nosofsky, 1990b). For 

example, the word "skunk" most often evokes the notion of an unpleasant smell regardless of the 

current context, whatever it might be. This is possible, since the particular attribute has high 

"accessibilityn. Note also that the stimulus bias varies between individuals and can also change over 

time. This is why similarity assessrnent needs to be flexible and why it is not necessarily sufficient 

to have predefined similarity relations. 

Context-dependent information can either be represented with the object or inferred. In the 

latter case, when reading about zebras one may infer that zebras have ears from the knowledge that 

zebras are mammals and ali mammals have ears. 

Besides using context-dependent and context-independent information, Barsalou f Barsalou, 1989) 

dso ernploys recent context-dependent infornation. According to psychological studies, context- 

dependent information con become context-independent once activated, but without subsequent 

reinforcement it will lose this status. It is proposed ihat the similarity of two objects depends 



on the amount of overlap among t heir context-independent , context-dependent and recent context- 

dependent information. The relative weighting of the information rnay vary based on contexts and 

thus esperience can affect information dependenq on context. This is important, since it supports 

our daim that CBR systems have an advantage over RBSs. In addition, it motivates for CBR 

systems not to use predefined indexing schernas. 

Assume the cornparison of a child to its parents. Typically it is odd to Say that the parents are 

similar to the child. The reason is that usually ive know parents earlier than children. However, 

despite the natural generalization hierarchy, if we know children earIier than parents, an odd corn- 

parison would seem to be to relate parents to children. Again, the reason is that one assumes an 

implicit context. If the context is stated explicitly. one can compare the similarity of parents to 

children as well - for exarnple, we can state that a son is similar to his father because both have 

brown eyes and black hair. 

Context and Relevance 

As mentioned earlier, context supports flexibk information retrieval. Retrieval of useful information 

is accomplished by focusing attention on relevant parts of knowledge or by locating both exact 

matches and similar cases. 

There is Little comrnonality between definitions of relevance used in different systems (Greiner, 

1994). The most common ground is reached when relevance is defined as  sornething useful. Our 

definition of relevance can informally be stated as follows: A retrieved case is relevant if it is sirnilar 

to the query with respect to the current context. Thus, context and similarity are used to determine 

a relevance measure. 

Another motivation for defining relevance with respect to the context is the dependency of context 

on situation and required view (Acker and Porter, 1992; Iiashyap and Sheth, 1993). The notion of 

a context is also used in artificial intelligence in order to find information that is relevant in a given 

situation. Using a finite representation of an item (a realistic assumption), a changing context may 

affect the similarity results (see Figure 3.1). A query specifies the context. and the goal of retrieval is 

to find al1 relevant items in a case base, ive., al1 cases which are sirnilar to the query for the specified 

context. On the one hand, if the context is defined as the area, then items a, e, and d are relevant 

(see Figure 3.1, Example 1). On the other hand, if the context is changed to color : dark then 

items c and d are considered relevant (see Figure 3.1, Exarnple 2). Even t hough this is an artificial 

example, similar situations occur in real Iife. The criteria for similarity measure often change with 

differing tasks or reasoning situations. 

Using the example in Figure 3.1, we argue that systems with predefined similarity, i.e., systems 

with implicitly-stated context, work properly only in situations covered by such context. Even 

though this inflexibility is not problematic in domains where the context stays unchanged during 
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Figure 3.1: Two examples of how context aflects similarity. 

the reasoning process, it is a lirniting factor for applications where contest rnay change because a 

user's needs change as the information base evolves ( s e  Sections 6.2.1 and 6.2.6 for examples). 

Harmfitl Context 

Even though we presented several reasons why and when context is helpful in problem solving, there 

are also situations when the use of context may result in a misperception. Davies and Thomson 

observed through several psychological that when a new person was introduced to participating 

subjects in a previously seen context, the amount of false recognition was increased (Davies and 

Thomson, 1988, p. 294-5). Another interesting observation revealed that adults are Iess faul ty 

in such recognition (33% wrong) than youths (50% wrong), which can be explained by the higher 

amount of knowledge possessed by adults (Davies and Thomson. 1988). These experiments may lead 

to  the conclusion that: (1) context is irnplicated in the mechanisrn which generates false recognition; 

(2) the interactive effects of context and retention intervat operate differently for false recognition 

and correct recognition; and (3) the effect of context on false recognition over time seems t o  depend 

on the type of contest, i .e., i t depends on if the context is applied to specific events (episodic memory ) 

or to abstract knowledge (semantic rnemory ) . 

Since context can have a harmful effect on the reasoning process in some situations, it  might 

be necessary to apply a decontextualization process (Davies and Thomson, 1988). The need for 

this is apparent from the existence of episodic memory that  is based upon mernories of a specific 

experience. In contrast to this, semantic memory consists primarily of abstract knowledge. 

Decontextualization derives abstract knowledge from the specific experience. Knowledge is 

changed from contextually- to  semantically-referenced knowledge. This process rnay also be referred 

to as generalization, since it extends learning to situations beyond the original learning context. The  



CHA PTER 3. FLE,YIBLE SIMILARITY ASSESSMENT 49 

major problem here is the fact that episodic niernory depends upon environmental context; thus, 

decontextualization must overcome these obstacles. McCarthy and BuvaC (McCarthy and Buv&, 

1994) consider decontextualization as  a process of transforming several contexts occurring in the 

discussion into one context which is their generalization. However, generalization may create ana- 

logues - a problem's isornorphs. The utilization of such knowledge is not straightforward since a 

context-free object has a lirnited value if the utilization is not context-free (Lockhart, 1988). 

As will be shown in the next chapter, this harmful effect of context is due to the fact that if the 

context is not defined explicitly, one usually assumes an implicit context. Thus, if the actual context 

changes from the usual one, the reasoning process may be invalidated. This is also the reason why, 

for example, an IQ test would not find a genius since it tests only for average people. i.e., people 

who follow the standard irnplicit context in their reasoning and problem solving. 

Global and Local Contexts 

In order to define and represent context, it may be usefu! to distinguish between local and global 

contexts. The former will have smaller scope than the latter. In addition, the global context defines 

local context . 
We propose that a global context consists of the task description and goals. -4 local context 

specifies fine-grained contextual knowledge to be used during the retrieval of actual cases in order 

to satisfy the goals of the global context. In subsequent chapters we descri be how the retrieval task 

specifies goals and how global context specifies both the criteria for retrieval as well as the context. 

As an example of global and local contexts, assume an assembly line robot. The task could 

be described as "assembly of a particular part of a car." This may imply the goals - -move the 

end-point from X, Y, Z to S'Y'Z' pick up part B: move to point ,Y", Y'', 2'' and affix part B into 

part A". Each individual goal needs to be satisfied for the whole task to be completed. X CBR 

system could specify criteria and local contexts in order to retrieve supporting cases to satisfy the 

goals (note t hat one case may not solve al1 goals). Later we show how a user can interactively affect 

the retrieval process. 

3.2 Knowledge Representat ion 

Because representation and retrieval are inter-related, different similarity assessment strategies re- 

quire different representations. More complex reasoning in complex domains can be achieved with a 

hierarchical representation. This may involve hierarchies of cases, at tribu tes, and attribute values. 

Variable-context similarity assessrnent is used for retrieving close as well as exact matches. We define 

context and use it to control the degree of sirnilarity among individual cases by explicitly stating 

criteria for matching. This section introduces definitions on which the novel theory of similarity 
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assessment is founded (Jurisica. 1994; Jurisica and Glasgow, 1996a). 

A representation also affects the similarity function and thus it also affects features of simi- 

larity such as refiexivi ty, symmetry, transitivity and monotonicity. In many studies and systerns 

only asymmetric similarity is supporteci (Tversky, 1977; Smith, 1989; Gentoer and Bowdle, 1994; 

Ohnishi, Suzuki and Shigemasu, 1994; Jantke, 1994; Ricci and Avesani, 19%). However, different 

representations enable symmetric similarity (Carnap, 1967; Ruspini, 1991). As is evident from the 

review presented. because similarity is not an objectively existing measure, we cannot assess features 

of similarity for al1 possible apptications. Instead, each individual application should be designeci on 

the basis of what properties of simiIarity (or simiIarity features) are desireci, and  the designer should 

choose an appropriate representat ion formalism. 

hlany of the systems presented use exphcit similarity assessment because they operate on weak 

domain theories. In tractable and perfect dornains the similarity can be dynamically cornputed if 

an appropriate knowledge representation scheme is used (Porter, 1989: Thagard and Holyoak, 1989; 

Lauzon and Rose, 1994; Rissland et al., 1993). The advantage of dynamically computed sirnilarity, 

compared to a "hard-wirtrd", is that the system can assess similarity during problem solving while 

taking into consideration different contexts (or views) and different tasks or  user preferences. This 

approach supports adapting a similarity measure which is a necessity in a dynamic environment. 

3.2.1 Representation of Cases 

Generally, a case represents a real-world experience as a finite set of descriptors, which define the 

problem, its solution and feedback. Each descriptor comprises pairs of attribute names and their 

values. Individual attributes are grouped into categories. Each case in a case base has a t  least two 

categories: one comprising attributes that describe the problem, and the other that  groups attributes 

describing a solution. Later we wilI show, tha t  grouping individual attributes into categorim may 

increase system competence. We wili also discuss methods that can be used to  properly group 

attributes into categories. 

Definition 3.2.1 (A case) .4 case, C tuill be represented as a finite set of unique attribute-value 

pairs: 

C = ((a0 : h), (al : VI), . . .,(a, : V , ) )  = {(ai : K)): = {. , l i )8, 

uhere Ai = (ai : V;.) is an attribute-value pair. 

Associated with every attribute ak is the attribute dornain Dr,, consisting of the possible vatues 

the attribute can take. Al1 values for a given attribute must belong to its domain: Vk E Dk. Values 

can be complex as well as null or "not available." It  should be noted that  multiple null valites are 

allowed, each for a given domain, which is similar t o  [mielinski and Lipski's (1984) approach. This 

supports a more flexible use of nul1 values during matching a s  will be described later. 
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Using information about the usefulness of individual rit t n b u t e ~  and their properties.' a t t r i bu t s  

are grouped into one or more categories. Categories bring additional structure to a case represen- 

tation. This reduces the impact of irrelevant attributes on system performance by selectively using 

individud categories during matching (Aha, L992a; Ortega. 19%). 

A source case cornes from the case base. Le., it has a solution and feedback. An input case, alsc 

referred to as a problem or target case, describes a given problem, either fully or partially, and it 

does not have a solution or feedback. 

Definition 3.2.2 (Case base) A case base. A = {Ci, C?, ..., Ck), is a finite set of cases - the search 

space of source cases. A case base is an information base for a CBR system. 

During the reasoning process cases are compared on the level of attributes and attribute values. 

Clearly, values can be compared only after respective attributes match directly (Le., they have the 

same attribute nome) or if they match using an analogical mapping (i.e., attribute narnes are put 

into equivalence using mapping). There are four possible outcomes of attribute matching: sets of 

attributes of individual cases are disjoint, they are equal, one is a su  bset of the ot her, or they share 

a common subset of attributes. if compared cases agree on al1 attributes and values, then we cafl 

the match an equality. Two cases partially match if they are neither equal nor disjoint. i.e., they 

agree on a subset of attribute-value pairs. The degree to  which one case partially matches the other 

depends on how many attribute-value pairs do match. 

The rnatching process can be controlled by grouping attributes into categories. Different match- 

ing criteria may be posed on different groups of attributes. Next we show how context can be used 

to control the degree and the form of the partial match. 

3.2.2 Representation of Context 

In short, context is a parameter of similarity that can be used to map a case base onto a set of 

relevant (in terms of context) cases. Context controls what can and what cannot be considcred as a 

partial match. In other words, contest specifies what attributes are involved in similarity assessrnent 

between cases, and what set of values may be considered for these attributes. i t  defines which aspects 

of a case are important in a particular situation. 

Definition 3.2.3 (Context) A context, R,  is defined as a finite set of attributes with assoczated 

constmints on the atttibute values: 

'This information is obtained either from domain knowledge or with help of a knowledge mining algorithm, such 
as expisin function described in Section 3.5.3. 



where ai is an uttribute nome. and CV, 1s a representation of a set of possible values for ai. Le.. if 

Di is the domain for ai then CC5 Ç Di. 

In the proposed theory, a constraint set CK for an attribute ai with dornain Di can be represented 

in a number of ways: 

1. as a finite set of allowable values, i-e., CV, = {VI, V2, ..., Vn); 

2. as a collection of ranges of allowable values. i.e., CK = { L  : c E Di A lower L imit Value 5 x A 

E 5 upperLimitVnlue}; 

3. by performing union, Le-, CK = Di U S. performing intersection, i-e., CV, = Di n S, spec- 

ifying prohibited values, i-e., CK = Di - S. where S is some set of values specified using 

representations of type 1. 2 or 3. 

A context can be used to view (Acker and Porter, 1992: Kashyap and Sheth, 1993) cases in 

terrns of a given problem description. In other words, a case is interpreted with respect to a given 

context. In the proposed theory, the relevance of a particular case to a given context is based on 

attempting to match the value of the case attribute with the corresponding constraint set in the 

context. Depending on the importance of the attribute, this can be carried out in three possible 

ways: 

Totalty ignore the attribute. Such an attribute would not be included in the context, thus 

it would not matter whether or not the attribute is contained in the case. 4 s  an example, 

category solution is usuatly ignored during case matching. 

Consider only the existence of the attribute, but not its value. For such an attribute ai ,  we 

would specify a constraint CF = Di, thus if the attribute is present in the case it would 

automatically satisfy the constraint. 

Use both the attribute a n d  its value. Thus, if ( a i ,  CF) is an element of the context, then to 

satisfy this constraint the case must contain a pair (a; ,  F) such that t: E CV,. 

In general, a nu11 value for an attribute in a source case matches any value in an input case but 

is considered as a weaker match than a regular value. This is similar to the approach of intensional 

query interpretation (Lipski, 1979). We Say that cases match definitely if no null values are present. 

The  presence of null values changes it to  a possible match. This extends the notions of equality and 

partial equaiity discussed earlier. If a null value is specifically included in a context, then there is 

no difference in matching a value or a nul1 value. 

Using various scenarios to specify constraints for a context is similar to, but more general than, 

a nearest-neighbor approach. Traditionally, nearest-neighbor algorit hms can find cases close to a 
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given one, Le., cases that would be indistinguishable if one would use a more coarse representation. 

One can imagine that the neighborhood of a case is a sphere around a point in the multidimensional 

space of attributes that are used to describe it. Our approach supports shaping such a neighborhood 

along certain dimensions. 

There are several possible scenarios for creating the initial context and their advantages/disadvant ages 

depend on the actual application. In the simplest approach, wfiich is similar to query-by-example. 

a context R is constructed from an input case Cinput-  This process maps al1 attribute names from 

the Cinpui into attribute names in the R, and al1 attribute values from the CinpYt into the set of 

a t  tribute-value constraints in the Q: 

(ai K) E Cinput t) (ai : {El) E R. 

The initial context may be changed subsequently (either automatically by the system or by the user) 

as a reaction to a returned answer.? This approach can also be considered a starting point for other, 

more sophisticated, approaches. 

If the CBR system cooperates with an underlying system (diagnostic system, planner, etc.) t hen 

available diagnosis and the state of a device rnay specify the context for a given task (referred to as 

task-based retrievat). in other words, the system may infer important attributes (salient features) 

as a subset of al1 the available attributes. Moreover. attribute values may be constrained. 

A machine-learning or knowledge-mining algorithm could also be used to select important at- 

tributes for a given task and to specify characteristic values for them. This information can then be 

used to derive an init.ia1 context and specify context modification strategies. 

If the CBR systern is used as an intelligent decision support system, then the user is an expert 

who can improve the system's performance (in terms of both system cornpetence and efficiency) 

by selecting important features and posing constraints on attribute values. Since the context can 

be changed dynamically, the user rnay start the request using al1 the available attributes and later 

remove certain irrelevant features ( t his approach is referred to as retrieval-by-reformulation ) . In 

summary, an initial context rnay be specified by the user, defined from an input case, or with 

created with help of a machine tearning algorithm. Next we show how a given context can be used 

to ret rieve relevant cases. 

Traditional CBR systems locate similar cases on the basis of the problem a t  hand. In Figure 3.2 

we show a context that was generated on the basis of a problem description. Attribute-value pairs 

are unchanged from the problem description escept for the following: 

o The AGE attribute extends matches to a neighborhood around the original value. 

21n general, an answer consists of the set of relevant cases retrieved. 
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The DIAGNOSISSND attribute is ignoreci. 

O For the N O C Y C L  E attribute any value larger than the given value is allowed. 

The ABORT attribute is alloweci any value (it would be possible to specify that any of the 

three possible values in the domain = { Yes, No. . lot-hnown) counts for a match). 

Problem Description Context 

Case # 117: 

1 AG*: 35 
2 DLAGNOSIS: tobd 
3 DIAGNOSLSI? 1 
4 DIAGNOS2ND: O 
5 N O - C Y W  2 
6 PROT: LF ... 

50 P m *  Y 
54 ABORT. Y 

1 AGE: 32 - 38 
2 DIAGNOSIS: tubaï 
3 DIAGNOSlST: 1 
4 
5 NO-CYCLE: >=2 
6 PROT: LF ... 

50 PICEG: Y 
54 ABORT: 

Figure 3.2: Defining context on the basis of a problem case. 

We say that a case satisfies (or matches) a particular context if for each attribute specified 

in the coatext the value of that attribute in the case satisfies the constraint (Le., the value is 

contained in the constraint set). The matching occurs on the attribute-value level, but the matching 

process can be affected by the way how individual attributes are cornbined into categories. Namely, 

cantext relaxation and iteracive retrieval are affected by categories. This will be further described 

in Section 3.3. 

Definition 3.2.4 (Satisfiability) A case C satisfies a context Q, denoted satlC, R ) ,  if and only if 

for al1 pairs (a i  : CG:) E R, there ezists a pair (ai : 1/;) E C such that I.; is in CC:: 

W e  say that the context Sl is satisfiable if and only if there eztsts at least one case in a case base 

that satisfies it: 

i2 is satisf iable iff 3C E A : sat (C, R). 

Later we will show that this definition can be relaxed using an rn-of-n matching (Ortega, 1995). 

This would make a case satisfy a context if it matches m of its attr ibuts,  where rn < n, rather than 

requiring al1 of the n attribute constraints in the context be satisfied. 
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The representation of a specific problern and a solution depends on the available case represen- 

tation scheme and on the task the case is going to be used for. Context defines which aspects of a 

case are important in a particular situation. Thus, individual contexts define views of source cases. 

Figure 3 -3 depicts a satisfiable context and shows a given case view in t hat conteut. Figure 3.4 shows 

an un-satisfiable context. Not surprisingly, in different situations, one view might bs suited more to 

support a problem-solving process than alternatives. Our theory supports a flexible view changing 

(see Sections 3 -3 and 5 -4) - 

Definition 3.2.5 (Case view) A view of a case C in contezt S2. denoted Cn, is the subset of a 

case C which satisfies the context: 

Problem Description Context 

Case # f 17: 
I AGE: 35 
2 DLAGNOSIS: tubal 
3 DIAGNOSIST: 1 
4 DrAGNOS2Nrk O 
5 NO-CYCLE: 2 
6 PROR LF .- 

50 PREG: Y 
54 ABORT: Y 

Case # 117: 

1 AGE: 32 - 38 
2 DIAGN- tubal 
3 DIAGNOSlST: 1 
4 
5 
6 PROT: LE' ... 

50 PREG: Y 
54 ABORT: 

Case # 117 in Context: 
1 AGE: 35 
2 DIAGNOSIS: tubai 
3 DIAGNOSIST: 1 
6 PROT: LF ... 

50 PREG: Y 
54 ABORR Y 

Figure 3.3: Viewing a case in a satisfiable context. 
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Case # 117: 

1 AGE: 35 
2 DïAGNOSï& tubal 
3 DIAGNOS1ST= 1 
4 DIAGNO-: O 
5 NO-CYCILE= 2 
6 PROT: LF 

..O 

50 PREG: Y 
54 ABORT: Y 

Context 

Case# 11% 
1 AGE: 
2 DIAGNOSIS: 
3 DIAGNCSISF= 
4 DIAGNOS2ND: 
5 NO-CYCLE= 
6 PROT: ... 

50 PREG: 
54 ABORT: 

Cannot match because of attributes 1,2,3,5 

Figure 3.4: ..ln un-satzsfiable context lhaf cannot be used to view a given case. 

3.3 Context Transformations 

Closenes of retrieved cases is controtled by explicitly defined context. If too m.my or  too few 

relevant cases are retrieved using the initial context, then the system autornatically transforms the 

context or lets the user modify it manually. There are two possible transformations: refazation - 

to  retrieve more cases and restriction - to retrieve fewer cases. These context transformations are a 

foundation for supporting iterative retrieval and browsing. On the b a i s  of the theory introduced. 

here we discuss specific examples of relaxation and restriction transformations. 

The relaxation technique can be used to return an answer to a specific query as weIl as related 

answers (Gaasterland, 1993). Without such automatic reIaxation, users woutd need to submit alter- 

native queries. The restriction technique works anatogously.Since the search for relaxed or  restricted 

contexts can be infinite, there must be a mechanism to control it, either by the user or  by other 

means. We discuss these issues in Chapter 5. 

The more transformations needed on one or more features in a query, the Iess sirnilar t h e  retrieved 

cases are to the original query (Suzuki, Ohnishi and Shigemasu, 1992). There are sevetal specific 

transformations that can lead to the relaxation and/or the restriction of a context. First we define 

relaxation and restriction of context and then we discuss their possible implementations. 

Definition 3.3.1 (Relaxation) A context R I  as a relaxation o f a  context R2, denoted Ql + Z22. if 

and only ifthe set of attributes for Ql is a subset of the set of attributes for R3 and for all uttebutes 

in R1, the set of constmints in RZ is a subset of the constmints in Ri. As well, contexts fil and Rl 

are not equal. 
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Thus, relaxation is performed by either reducing the number of attributes required during match- 

ing, or by extending the constraint set of a given context (Le., increasing the interval or number of  

possible values, or decreasing the number of prohibited values). 

Definition 3.3.2 (Restriction) -4 context Q I  is a restriction of a context RZ, denoted SIl 4 Q2, 

if and only if a:, ts a relaxation of Ri:  

In other words, restriction is performed by either increasing the nurnber of attributes required 

during matching, or by reducing the constraint set of a given context. 

An obvious application for context restriction and relaxation is during iterative case retrieval. 

We need to  define how context transformations affect satisfiability, i.e., how the set of cases tha t  

satisfy context, changes with relaxation and restriction respectively. 

Theorem 3.3.1 l / Q l  is a relaxation of Q2 then al1 cases that satisfy RI also satisfy : 

Proof: 

Assume for a given case C, sat (C, Q2) and f i l  + R3. 
From Definition 3.2.4 and satfC, Ch): 

V a j ( a j  : CQ) E Q z  + 3Vj(aj : Vj) E C A C'j € Cb. 

Assume for sorne a;:  (a i  : C Q )  E Q I .  

From (1): 3 5 ( a i :  C/;-) E C  : 4 E C ~ .  

From (2) and (3): Vj E CK. 

From (3) and (4): 

3Vj(ui : V j ) E C  A VjECVj .  

Thus by Definition 3.2.4: sat(C, R i ) .  

u 
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Corollary 3.3-1 If R l  is a restriction of R2 then the set of cases that satisfy Rl  is a subset of the 

set of cases that satisfy R2: 

Proof: 

Trivial from Definition 3.3.2 and Theorem 3.3.1. 

O 

3.3.1 Transformations for Context Relaxation 

Definition 3.3.1 implies two transformations for context relaxstion. reduction and genem1i:ation. 

The former rernoves constraints by reducing the number of attributes required to match from m to 

p, where O < p < m 5 n. Generalization relaxes the context by enlarging the set of allowable values 

for an attribute. One of the following approaches can be us&: adding values, extending intervals. 

or generalizing values to classes using a generalization hierarchy. 

Definition 3.3.3 (Reduction) Context R i  is a reduction of context $22 if and only tf R I  is a 

subset of attribute-value pairs for a?. 

reduct ion(Rl, 0 2 )  qf QI c R3. 

Because attributes can be grouped into categories, each category can be reduced separately. 

Thus, some categories may require a11 attributes to match, while attributes in other categories may 

be ignored cornpletely, or attributes in some categories may use m-of-n matching. In Section 5.3 

we define a function reduce (Q, Category), which returns a context Q' by rnodifying specified 

category in R, i-e., reducing the number of attributes required to match. 

Definition 3.3.4 (Generalization) Context Q is a generalization of R2 if and only if for al1 

attributes in QI and &, the set of constmints for attributes in 112 is a subset of the constmints for 

attributes in R : 



Generalization is performed on attribute Ievel. If no specific attribute is defined for relaxation. 

then the first attribute in the category with a lowest pri0nt.y is used. in Section .5.3 we define a 

function generaïize ( C l ,  Attr ibate )  , which returns a context R' by generalizing the specified 

attribute in ZT. 

Theorem 3.3.2 Reduction is a f o m  of relazation: 

Proof: 

Assume (ai : Ct;-) E ni. 
From Definition 3.3.3 and definition of C: (ai : CV,) E !&. 

Thus, 3(ai : CQ) E R2 A Cy C CL$. 

From Definition 3.3.3: Ql  # R3. 

Therefore: V(ai : CF) € ni, 3 (ai : CI/;) E Q3 : CVi 2 C4 A Q1 $ Q7. 

From Definition 3.3-1 it follows that Ql + QI. 
O 

It should be noted that despite the possible range of values for p, only p "close to" m rnakes 

sense. If p is significantly smaller than m then a loose matching criterion is defined. It was shown 

that setting p = rn - 2 helps to achieve the highest ratio of correct to incorrect answers (Ortega, 

1995). In Chapter 5 we present techniques that  can be used and controlled to enhance the power of 

the retrieval component. 

Assume the following attributes in a category of a case: 

source-code C++ 

projectsize 20K 

programmer Martin 

if no reduction is in eKect, al1 attributes have to match for the category t o  match. Reduction 

specifies that only p of rn attributes in a category need to match a case to satisfy a context. 

Theorem 3.3.3 Generalizcition is a form of relaxation: 

Proof: 

Assume (ai : CV;.) E Q i. 
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From Definition 3.3.4: (ai : CI.;) E R2 A CV, > CV,. 

Thus, Q I  # Ra. 

Therefore: V(ai : CE) E R I ,  3 (ai : Cb) E RI : C h  2 CC.; A Ri  # R?. 
From Definition 3.3.1 it fotlows that QL + Cl3.  

O 

In order to  explain how context can be relaxci using generalization. assume the following at- 

tribute constraints: 

sourcexode {C. C++) 

projectsize {20K) 

Generalization specifies more allowed values, such as adding Pascal for the source-code attribute: 

source-code {C. C++, Pascal) 

projectsize {SOK) 

3.3.2 Transformations for Context Restriction 

Definition 3.3.2 implies two transformations for context restriction. expansion and specialization. 

The former strengthens constraints by enlarging the number of attributes required t o  match: given 

rn-of-n rnatching, the required nurnber of attributes is increased from m to  p. where O 5 m < p 5 n. 

Thus, expansion is the inverse transformation to reduction. Specialization strengthens constraints 

by removing values from a constraint set for an attribute. This may lead to a decreased number of 

cases that satisfy the resulting context. 

Definition 3.3.5 (Specialization) Context Q l  is a specialization of IZ1 if and only if S Z 1  1s a 

genemlitation of R : 

Specialization is perforrned on attribute level. If no specific attribute is defined for restriction, 

then the first attribute in the category with a iowest priority is used. In Section 5.3 we define 

a function specialize (51, Attribute), which returns a context $2' by specializing the specified 

attribute in R. 

Definition 3.3.6 (Expansion) Context Qr is an expansion of Q2 i f  and only if Rl is a reduction 

o f n , . -  

expansion(Qi, Q2) iff reduct ion(&, QI). 
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Because at t ri bu tes can be groupai into categories, each category can be rest ricted separately. 

Thus, some categories rnay require al1 attribütes to match. while attributes in other categories may 

be ignored cornpletely, or  attributes in some categories may use m-of-n matching. In Section 5.3 

we define a function expand (Q, Category), which returns a context ZZ' by rnodifying specified 

category in R, Le., expanding the nurnber of attributes required to match. 

Theorem 3.3.4 Expunsion is a fonn of restriction: 

Proofi 

s i v i a 1  from Definition 3.3.6, Theorem 3.3.2 and Definition 3.3.2. 

In order to explain context restriction through expansion. assume the following attributes in a 

category of a case: 

source-code Ci++ 

projectsize 20K 

programmer Martin 

Initially, the context is satisfied if only one out of the three attributes matches. This constraint can be 

strengthened by requiring that either two out of the three attributes match. or al1 three attributes 

match. Strengthening the ronstraint lowers the nurnber of cases that satisfy the context. Thus. 

context satisfiability depends on m in rn-of-n matching. To illustrate this, consider the following 

context, which is sat idable with m = 2 but not with m = 3: 

source-code { Pascal} 

projectsize (20K) 

programmer {Martin) 

Theorem 3.3.5 Specialization as a form of restriction: 

Proof: 

Trivial frorn Definition 3.3.5, Theorem 3.3.2 and Definition 3.3.2. 

O 



Specialization strengthens the context by removing values from a constraint set for an attribute. 

Thus, it reduces the number of cases that can satisfy the context. Consider the foIlowing case and 

context: 

Case Context 

source,code C++ source-code Language 

projectsize 20K projectsize (20E;) 

programmer Martin programmer {Martin) 

Specializing the source,code attribute constraint from Language to {C. Pascal} eliminates the case 

from the set of relevant cases if m = 3 is used. The case woufd only qualify for rnatching if rn < 3. 

3.4 Context Operations 

In order for a formalism to deal with context changes, we define the notions of context addition and 

di f feren~e .~  These operations define set-t heoretic union and difference of constraints on attribute 

values of contexts. This supports interpreting context transformations and espressing incremental 

context modifications as described in Section 5.4. 

Definition 3.4.1 (Context addition) Given contexts R1 and 0 2 ,  IIl + Q2 is a ne.w context that 

is dejïned as the set-theo.retic union: 

Definition 3.4.2 (Context difference) .-lssumlng contexts IIi and Cl3, R1 - Ql is a ne w context 

that is defined as the set-theoretic diflerence: 

Using the above definitions, we can express context transformations in terrns of context oper- 

ations. Reduction removes an attribute ak with constraints on its value CVk either permanently - 

an attribute a k  is removed from the context: $2' = $2 - ( (ak  : Ch)) - or dynamically - an rn-of-n 

matching is used: R' = Ro + cll + . . . + Qt . j  Qi represents combinations of attribute value pairs. 

3Similarly, we can define a context product, to generate a context that specifies (or groups) more than one cluster 
of objects (Mylopoulos and Motschnig-Pitrik, 1995). 

n 1 is computed as 1 = ( n - k ) .  



Thus, for a', the set of retrieved cases SI' = SIo LJ SIl U - - . U SI[, where Sii are sets of returned 

cases for combinations of attribute value pairs i l i .  Expansion adds an attribute ai, with constraints 

on its value CVk: 52' = $2 + {(ai, : CVi)} .  

Genemliration weakens the constraint for a given a t  tri bute by enlarging the set of allowable 

values: R' = $2 + {(ak : C r ) ) ,  where V' can be single value or a set of values. Specialization restricts 

a constraint by removing values from a constraint set for an attribute: R' = Q - {(ak : V)), where 

V can be single value or a set of values. 

3.5 S imilarity Relation 

In the theory proposed, similarity is considered a relation between two cases."t is defined as a 

supplement to equivalence to enable partial matches. in order to controI the level of the partial 

match, we define similarity with respect to a given context. Variable-context similarity assesment 

is an integral part of retrieval in the proposed case-based reasoning system. 

Definition 3.5.1 (Siniilarity) il case Cl is similar t o  a case C2 with respect t o  a giuen context 

Q ,  denoted CL -n C2,  if and only if 60th CL and C2 satzsfy contezt R: 

CI -n Cz ++ sat (Ci. Q) sat (C2, Q). 

a u m e  The similarity relation can be extended to  a relation on a set of cases (Jantke, 1994). A- -  

a set of cases. S I ,  a context Q, and a case base A. The relation relevant (SI ,  9. J) states that  the 

cases containeci in set SI C A are relevant with respect to a context R, ive say that this relation 

holds when SI is defined as the set of cases that satisfy the given context: 

relevant ( S I ,  R ,  A) iff QC E A, C E SI t, sat(C, R ) .  

From the definition of similarity, al1 cases that satisfy the context are similar to  each other and 

al1 are relevant to  the input problem. Figure 3.5 exemplifies case relevance with respect to the 

context. Thus, Caseil Cases and Case4 are relevant to the context. This principle is used during 

case retrieval: Specifying a context and a case base, the task is to retrieve al1 reIevant cases, Le, al1 

cases that are similar with respect to a given context. 

5Similarity is a retation not a function - it does not require that evety element in the domain be rnapptd into 
exactly one element in the range. 
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Figure 3.5: Relevant set of cases. 

3.5.1 Temporal Aspects of the Similarity Relation 

Because knowledge is dynarnic, similarity assessment must be dynamic as well. Over a period of 

time the represeotation we rnay see changes in the content of a case base or the context. Time need 

not be an integral part of the similarity definition, since it is naturally captured in the context and 

in the representation of cases. 

If a case representation. a context or a case base is changed between time rj and rj for cases Cc 

and C2 then the simitarity of Ci and C2 rnay change. If a case representation, a contest and a case 

base are unchanged between time ri and rj for cases Ci and &, then the similarity of Ci and C2 is 

unchanged as well: 

Because the problem, the case base, and the user's preferences may change over time, similarity 

of cases cannot be predefined. On the basis of these changes, different cases would satisfy the current 

context, different attributes would need to match, etc. Thus, the following are prone to changes 

as well: ( 1)  relevance of cases in a case base, (2)  relevance of attributes that represent cases. 

and relevance of attributes used during the cetrieval, (3) relevance of values, and (4 )  relevance of 

retrieved cases to a given problem. 

Motivated by examples such as those presented in Section 3.1.2, we define three kinds of depen- 

dency of sirnilarity assessment on context: context-dependent, permanently and temporally context- 

independent similarity. 

Definition 3.5.2 (Permanently context-independent similarity) S i m i l a d y  assessment becomes 

permanently context-independent if regardless of changes in the explicit conte& similarity depends 
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only on the implicitly assumed context." 

If a CBR system uses indexing to find similar cases and the indices are context-independent, 

then it can assess similarity regardles of any changes. Thus, the system measures only context- 

independent similarity. This approach works if the context for measuring similarity does not change 

over tirne, which happens when the task remains the same. 

Definition 3.5.3 ( Temporally context-independent similarie) Similaritg assessmen t becornes 

tempomlly context-independent if similarity is assessed for the same abjects during a short time in- 

terval r. Then, the= 1s a psychologicaliy explainabte tendency to  use the old context in a new 

situation (Barsalou, 1989). The length of r depends on the strength of such dependency, frequency 

of the repetition and other factors. After enough occurrences of tempoml independence ive could 

have pennanently context-rndependent similarity. 

Systems that support ternporatly context-independent similarity are usually based on the notion 

of recency, i.e., more recent cases are valued more chan older cases, even if they share l e s  attributes 

with the problem case. 

Definition 3.5.4 (Context-dependent similarity) S i m i l a d y  assessrnent is context-dependent 

if it is modified with changed (explicztly stated) contert. 

Systems that support context-dependent sirnilarity subsume both previous approaches. On the 

one hand, if the same context is specified a11 the time, the system rnodels the permanently context- 

independent similarity. On the other hand, more recent cases can still maintain an advantage over 

more similar but oIder cases. Moreover, explicitly defined context supports ( 1) iterative browsing 

with the ability to explain the relevance of retrieved items, and ( 2 )  reasoning process in multi- 

context environments. Thus, context irnproves retrieva1 flescibility and increases relevance of cases 

retrieved by the system. 

3.5.2 Retrieve Function 

The retrieue function is a basis for recalling relevant cases - given a context Q and a case base A 

the function returns the set of cases SI Ç A that are relevant to the given context. 

Definition 3.5.5 (Retrieve F'unction) Giuen a case base A and a context $2, the retnevefunction 

returns a set o j  relevant cases SI C J such that al1 cases in SI  satisfy the gzuen context. (If the 

contexf is not satisfiable then the retrïeve function returns an empty set.) 

retrieve(R, A) = SI iff relevant (SI ,  $2, A).  

'An explicit context referç to the context defined in Section 3.2.2. An irnplicit context refers to the context that 
is assurned by the user. 



The basic retrieval algorithm t hat implements the ret rieve function is presented in Figure 3.6. The 

complexity of this naive retrieval function is characterized by the number of comparisons required, 

Le., the total number of cases multi plied by the number of cornparisons required for a given context :' 
Q I I A I l. 

retrieveNaive ( Context . CaseBase) 
i n i t i a l i z e  Answer to 0 
for al1 cases in the CaseBase 

r e t r i e v e  (Ca~ei  ) 
if Casei satisfies the Context then 

add (Casei, Answer) 
end 
retnrn (Answer) 

end 

Figure 3.6: Naiue r e t ~ e u a l  algonthm. Context is initialized urith the attributes and constmints from 
the input case. 

This aigorithm can be extended in two ways. First, by implementing an iterative contest relax- 

ation and restriction. Second. by using an incremental contest transformation. The former extension 

is presented in Figure 3.7. The latter extension is described in Section 5.4. 

The algorithm presented in Figure 3.7 uses two bounds on the number of returned cases - lower 

and upper limit. The former is used as a condition to apply context relaxation. The latter is 

used as a condition to apply context restriction. Functions relax (0, Category) and restrict (Q, 

Category) return a relaxed or restricted initial context. (In Chapter .5 we describe how the user can 

affect automatic context transformations.) 

Explain Function 

Given a case base A and a set of cases SI, the explain function returns a context $2 that specifies 

constraints on attributes such that al1 cases in SI satisfy thern. The explain function is a basis 

for explanation-based learning (Greiner and Jurisica, 1992; Slinton et al.. 1989; Segre and EIkan, 

1994), a technique that creates a generalized explanation for some given knowledge. The explain 

function can be used to find useful features (the context) in order to explain a given set of cases. 

This problem is also referred as feature selection (Cardie, 1996). 

There is a sizeable number of possible contexts that explain a given set of cases. This is caused 

by the existence of a large number of attribute-value pairs that could be used to cluster cases. A 

solution to this problem is to  limit the number of possible contexts the algorithm considers. Since 

the user is interested in finding out only strong patterns in the case base, an obvious approach is 

1n Section 5.4 we show how efficiency of the retrievai algorithm can be irnproved by using an incremental context 
transformation algorithm adapted fmm database management systems. 
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iterativeRetrieveNaive (Context, CaseBase, Lower Limit, UpperLimit) 
i n i t  ialize Answer to 0 
add (retrieveNaive (Context , CaseBase), Answer j 
if 1 Answer 1 5 LowerLimit then 

s e t  Context' to relax (Context, Category) 
i t erat  iveRetrieveNaive (Context ', CaseBase, Lower tirnit. Upper Limit ) 

e l s e  if 1 Answer I> UpperLimit then 
if the Context was not previousiy relaxeci then 

s e t  Context' to r e s t r i c t  (Context, Category) 
i terat  iveRetrieveHaive (Context '. CaseBase, LowerLimit, UpperLimit) 

else return (Answer) 
end 

Figure 3.7: Naiue itemtive retrieval algorithm. Context is initialized with the attributes and con- 
stmints /mm the input case. Special counters are used t o  prevent repeating context restrictions and 
relaxations forever. 

to rnaxjmize the number of attributes and minimize the number of values in the selected contexts. 

In other words, the explain function searches for the most restricted context the cases satisfy. The 

most restricted context is characterized by inclusion of the highest number of possible attributes 

with the minimal nurnber of different values defined for individual attributes. 

To make the task of searching for the context manageable and more user-centered we extend 

the explanation function with two variations. The first variation is based on the idea that trying to 

find a context that is satisfied by al1 cases may be unreasonable and/or not needed. Thus, a user 

can specify a simpler task instead, i.e., find a context that is satisfied by S% of al1 cases. where S 

is the user-specified threshold for context satisfiability. Second, a user poses a query that includes 

only a subset of al1 possible cases. Thus, instead of considering al1 patients, onIy those with certain 

characteristics are used as input to the explain function. The explain function then explores only 

a relevant subset of al1 possible attributes. Since a user explores possible contexts by specifying 

different sets of cases and various threshoids, the esplain function can be viewed a s  a visualization 

tool. It was observed t hat visualization- based knowled ;e mining is a more successful approach t han 

automatic knowledge mining (Kohavi, 1997). We now formally define the expiain function. 

Definition 3.5.6 (Explain Function) Giuen a case base A and a set of cases SI C A, the explain 

function retu,ms the most restrictive context R such that all (and only) cases in SI satisfy the returned 

context. 
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explain (SetOfCases, CaseBase) 
in i t ia l ize  the Context to include al1 attribute-values 

for al1 cases included in the SetOfCases 
return (Context) 

end 

Figure 3.8: Explain Iunction algorithm. -4s defined above. the SetOfCases is s subset of the CaseBase. 

Theorem 3.5.1 The expiain function aigorithm presented in Figure 3.8 implernents the explain 

function described in Definition 3.5.6. 

Proof: 

Assume that ail attribute-values for al1 cases C E SI are u d  to generate the context R. 

From Definition 3.2.4: VC € SI, sat ( C ,  R) . (1) 

From (1) and Definition 3.0.6: ex(SI ,  A, R). (2) 

From (2) and Definition 3.3.1: VQi ( e r (SI ,  A, R) + Q >- Ri.  (3) 

From (2) and (3) : erplain(S1. A)  = fi. (4) 

Therefore from (4), the algorithm from Figure 3.8 implements the explain function of Definition 3.5.6. 

O 

The complexity of the explain function (see Figure 3.8) depends on the number of cases considered 

and the number of features used to describe them: O(1 C 1 x ( SI I), where [ C 1 represents the 

maximum number of attributes of a case and 1 SI 1 represents the number of cases in set SI. 

Often it is better to  have a more restricteà context than to achieve 100% satisfiability. In 

Figure 3.9 we present a modified explain function algorithm, that explores the space of possible 

contexts. The algorithm finds a context that uses the maximum number of attributes with the 

minimum number of constraints on them. The main idea is to use a user-defined threshold UT. as 

a stopping criterion for satisfiability of a context. En other words, instead of requiring that al1 cases 

in SI satisfy the context, i t  is suscient  if UT% of cases in SI satisfy the context. 

3.6 Features of Similarity 

This section presents features of the proposed similarity assessrnent theory. These features are es- 

sential when applying the retrieval and explmation sirnilarity functions. Even though similarity is 
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explain (SetofCases, CaseBase, UserThreshold) 
in i t ia l i ze  the Context to include al1 attribute-values 

for ail cases included in the SetOfCases 
i n i t  i d i z e  SatisfiabilityValue of a given context to 100% 
for atl attributes in the Context 

while Satisfiability Value > UserThreshold 
specialize (Context) 
set SatisfiabilityValue based on how many cases in SetOfCases 

satisfy the restricted Context 
end 

end 
return (Context) 

end 

Figure 3.9: A maii jed explain function algorithm. Satisfiability Value of a guen context m e a s w ~ s  
how many cases in a SetOfCases satisfy a gwen context. Context specialitation is ainzed at removing 
the least frequent altribute-values for a puen attribute in the context. 1 . 1 means set cardinality. 

neither syrnmetric nor transitive in general. context helps to determine when similarity is transi- 

tive, symmetric, rnonotonic and distri butive. These properties can advantageously be used during 

relevance assessrnent .' 

3.6.1 Distributivity 

In order to design an efficient incrernental algorithm that deals with context transformations (which 

is introduced in Section 5.4), we need the retrieve function to satisfy distributivity. This feature is 

needed to guarantee that incrernental changes can be combined in order to provide a correct answer 

for the complete query. The following theorem proves distributivity of the retrieve function. 

Theorem 3.6.1 (Distributivity) .Lissuming arbitmry contexts Qi and Clj ,  the retrieoe functiun is 

distributive: 

retrieve(S2i + Rj, A)  = retrieve(Qi, A) n retrieve(Qj, A).  

Proofi 

Assume for some C E A, C E retrieve(Qi + Ri, A) .  

From Definition 3.5.5: sut (C, ni + Q j  ). 

'The çamc properties can be stated for dissimilarity. Although dissimilarity (as a rneasurc of irrelevance) is not 
syrnmetric in generai (Subramanian and Genesereth, 1987). our approach helps to determine the circumstances where 
dissimilarity is symmetric, using the same theory and reasoning as in Section 3.6.3. Similady as in Section 3.6.2, it 
can be shown that variable-context dissimilarity is rnonotonic. However, it can be shown that dissimildty is not 
reflexive and transitive. 
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From (1) and (2), and Definition 3.2.4: 

sd(C ,Q i )  A sat(C,Qj) .  

From (3) and Definition 3.5.5: 

C E retrieve(Qi, A)  A C E retrieve(Rj, A).  

Using set theory and (4): 

C E (retrieve(lti, A) fl retrieve(Q, , A)) .  

The converse is proved by reversing the above argument. Le.. frorn (Fi) to ( 1 ) .  

Thus, C E retrieve(S2, A) iff C E re t r ieve(Q; ,  A) n retrieve(Qj, A) .  

Therefore from (5): retr ieve(Q,  A) = retrieve(Qi, A) n re t r ieve(Qj .  A).  

O 

3.6.2 Monotonicity 

Monotonicity is an important property for flexible case retrieva1- as more constraints are put in the 

query, fewer (or at most the sarne number of) cases satisfy it. We wiIl show that the retrieve function 

defined using variable-context similari ty assessrnent is rnonotonic wit h an inverse monotonicity - 

more constraints imply fewer retrieved cases and vice versa. 

Theorem 3.6.2 (Monotonicity) The retrieve function based on vartable-context similarity assess- 

ment is rnonotonic. More precasely, gtven a case base A and contexks Q I ,  R7: 

Proof: 

Assume Q I  + Clz. 

For any given C ,  if C E retrieve(Q2, A),  then sat(C, Q 2 )  by Definition 3.5.5. 

From Theorem 3.3.1, Q I  + Q2 and ( 1 ) :  sat(C,Rl).  

From Definition 3.5.5 and (2) : C E refrieue(O1 , A).  

Therefore from (3) : ( C l  1 + Qz ) + retrieve(i2, , A) _> retrieve(Q2, A) .  

Directly frorn above: Ri + ai -+ Q2 4 R I .  

Therefore (RI i Q 3 )  3 ret rieve(Q1, A) ret rieve(Q2, A) .  

n 

Monotonicity feature is usefui during the retrieval process (Rissland et al., 1993; Lauzon and 

Rose, 1994; Jurisica, 1994). On the one hand, if not enough cases have been retrieved from the case 
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base, the initial context may be relaxeci to  retrieve additional 'less" similar cases. On the other 

hand, if too many cases are retrieved, the initial context may be restricted to lower the number of 

retrieved cases. Restricting the context increases the similarity among retrieved cases. since more 

attributes are required to match. 

3.6.3 Symmetry 

Several researchers (Tversky, 197'7; Smith, 1989; Gentner and Bowdle, 1994; Ohnishi, Suzuki and 

Shigemasu, 1994; Jantke, 1994; Ricci and Avesani, 1995) have argued that not al1 similarities are 

symmetric. Our daim is that relevance judgments (based on context and similarity) are symrnetric 

if the context is preservedmg An unchanged context is, however. an  important part of our claim. 

This requirement is needed because of Definitions 3.2.4. 3.3.1 and 3-3.2. Partial m-of-n matches are 

allowed only if m is not changed and if we treat the group of attributes on which the m-of-n match 

applies as a group of attributes and not as individual ones. 

Consider a comparison of North Korea to China (Tversky, 1977; Gentner and Bowdle, 1994). 

On the basis of psychological experirnents Tversky argues that North Eiorea is more sirnilar to 

China than China to North Korea. Based on what attributes and constraints are contained in the 

context (political system and/or geography), it is easy to see that stating the contest explicitly 

makes similarity symmetric: The political system of China is sirnilar to that of North Korea and 

vice versa. It is only when the context is assumed irnplicitly or we use additional information (e-g., 

which country had a particular political systern in place earlier) that similarity becornes asyrnmetric. 

As another example, compare children to parents. On the basis of psychological esperirnents 

(Smith and Heise, 1990), parents are not cornpared to children and thus the similarity is not syrn- 

rnetric. However, stating the context explicitiy, for example the eye color, makes the cornparison 

of children to parents equivalent to the comparison of parents to children. Tbis leads to rnaking 

a distinction between perceptual and conceptual sirnilarity (Smith and Heise, 1990). Perceptual 

sirnilarity is dynamic and changes based on Our beliefs about objects. Smith and Keise consider con- 

ceptual similarity to be knowledge that is explicit. Thus, explicitly defined contest changes dynamic 

perceptual similarity (which is asyrnmetric) to conceptual sirnilarity (which is symrnetric). 

Theorern 3.6.3 (Symmetry) Gioen the context and simtlarity &finitions, releuance judgments 

are syrnmetrtc if the context is not changed: 

- - -  

9Carnap and Ruspini share simiIar views (Carnap, 196'7; Ruspini, 1991). 
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Proof: 

From Definition 3.2.4 Ci -n C2 H sat (Ci, Q) A sut (Cz , fi). 

From ( 1) : t, sut (Cz , R) A sut (CI, R )  

From (2): t+ C2 -n Cr. 

Therefore Cl -n C2 = C3 -n Cl. 

O 

A context can be relaved or  restricted using the Definitions 3.3.1 and 3-32 .  Although the 

resulting set of cases that satisfy the context may be enlarged or  reduced by respective context 

transformations. the symmetry relation is preserved if al1 cases are considered in a current context. 

3.6.4 Transitivity 

Transitivity seems to be the most controversial feature of similarity. Goodman, Tversky and Smith 

are only a few of the many who argue that  similarity is not transitive (Goodman, 1951: Tversky, 

1977; Smith, 1989). However, we have already shown that context plays a central role in  similarity 

judgrnents and thus affects transitivity (see Section 3.1.2). Here we show that relevance (based on 

context and similarity) is transitive if the context is preserved. We show horv an altered context 

rnay result in non-transitivity of relevance assessment. 

XI1 examples presented in (Tversky, 1977) have an implicit contest which is changed if the subject 

and referent are exchanged; thus, making these examples non-transitive on the first look. 

Example 3.6.1 Jamaica is similar to Cuba (because of geogmphical pmxirnity); Cuba is similar to 

Russia (because of their political aflnity); but Jamaica and Russia are not similar ut all. Suppose 

one wants to retrieve all countrïes similar to Cuba, If a geographical context is specified. Jamaica 

would be one of the retrietred countries; i f  political af ini ty  is the context, Russia would be one of the 

retrteved countries. It is apparent that applyng different contexts to the same infonnation base may 

result in retrieving different cases. 

Theorem 3.6.4 (Transitivity) Variable-context strnilarity assessment is t ~ n s t t i v e :  

Ci -a Cz A CI. -n C3 + C1 -n C3. 

Proof: 

Assume Cl -n C2 and C2 -n C3- 

From Definition 3.5.1: sut (Ci, R )  A sat (C?, 52) A sat (Cs, Q ) .  

From (1) and Definition 3.2.4 it follows that: Ci -n C3. 

Therefore Cl -n C3 A CZ -n C3 + Cl -n C3. 

a 
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A context can be relaxed or restricted using the Definitions 3.3.1 and 3.3.2. Although the 

resulting set of cases that satisfy the context rnay be enlarged or reduced by respective context 

transformations, the transitivity relation is preserved if al1 cases are alw-ays considered in a current 

context. Al1 cases t hat satisfy a given context are relevant in that context. as illustrated in Figure 3.5. 

3.6.5 Reflexivity 

Reflexivity of similarity is a trivial relation: since a case is identical to itself, it is also similar to itself. 

Hence, the similarity is a reflexive relation. Variable-context similarity assessment is also reflexive. 

Recail that thc context must be satisfiable: otherwise. there is no point of discussing reflexivity of 

variable-context similarity s e s s m e n t .  

Theorem 3.6.5 (Reflexivity) Variable-context simifanty assessment is rej7exive wtth respect to a 

satisfiable context Cl: C -0 C. 

Proof: 

Assume: sa2 (C, S2). 

From Definition 3.5.1: C -n C iff sut ( C ,  Q). 

From ( l) ,  Definition 3.2.4, and the assumption 

that the context is satisfiable it follows that C -a C. 

Therefore: C -n C. 

O 

3.7 Discussion 

There are usually three types of similarity defined: semantic similarity, structural similarity and 

pragmatic similarity. They differ mainly on feature selection for similarity assessment. 

Semantic similarity is defined as a correspondence to the meaning of compared cases. Struc- 

tural similarity involves comparing the representation structure between cases, i.e., the relationships 

between individual attributes are compared. 

Pragmatic similarity uses only a particular set of features during matching. This set of features 

defines what is relevant and what is irrelevant. Our notion of context fits this description by 

explicitly biasing the retrieval toward selecting relevant cases. Case relevance is determined using a 

satisfiability definition. 

Generally, CBR systems do not represent context explicitly. Instead, the context is encoded 

into the case base by defining attribute weights that are used during the similarity computation. 

There are several problems with this approach. First, if the relevance açsessment is based on the 

equivalence of cases in a predefined context, the system is single-context oriented. Thus, the system 



cannot provide a correct or  satisfactory answer for diverse users or  in different situations. Second, if 

the relevance assessrnent is expresseci only numerically then the system cannot semantically specify 

the relevance of the returned answer to the current task. This makes explanation and automatic 

query relaxation and restriction more difficult. Third, if the relevance assessment is based on the 

partial matches of cases, i t  becornes non-transitive. Fourth, predefined relevance links (indices) make 

the system single-task. Thus, schernas from various case bases cannot be easily integrated, in order 

to  build cooperat ive CB R systerns. Predefined relevance links also prohibit analogical rnappings. 

These problems motivated us to use a non-standard approach to retrieval and similarity assess- 

ment in case- based reasoning . This chapter proposed a novel approach to similarity (and reievance) 

assessrnent that helps to solve the problems mentioned above. Relevant cases are retrieved using 

variable-context similarity assessment, which supports: ( L ) flexibility by automatic query restric- 

tion or relaxation. (2)  schema mappings, analogical reasoning and knowledge interchange by defining 

explicit context, and (3) multi-user and multi-task reasoning by considering user preferences and 

task specifications when defining a context. These features can be used to build multi-functiond 

information bases. Moreover, the proposed theory helps to determine the circumstances where the 

similarity is distributive, reflexive. symmetric, transitive and m o n o t ~ n i c . ~ ~  

A wide range of applications can take an advantage of variable-context similarity assessment and 

its features (see Section 6 for respective examples). In addition, the proposed simple. yet powerful. 

approach to matching can be implemented efficiently, as will be shown in Chapter 7. 

Our definition of similarity relates to definitions of relevance and irrelevance (Subramanian and 

Genesereth, 1987; Greiner, 1994; Shimony, 1993; Levy, 1993; Levy and Sagiv, 1993; Levy. 1994). 

Retrieved cases are considered relevant if they are similar to the query with respect to a given 

context. .4ll cases that are relevant to a given request can be treated as  equivalent. The remaining 

cases are considered irrelevant witli respect to a given context. Variable-context relevance assessment 

is a relation, since it does not require that every element in a domain is mapped into exactly one 

element in the range. In other words, it does not require that every case from a case base be similar 

to only one case with respect to a given contest. 

Context is the main part in the definitions of similarity, relevance, equality and equivalence. 

Cases Cr and C2 are similar or releuarrt if and only if Ci -n î.2. Cases C i ,  C3 are equivalent if and 

only if they are either sirnilar or  equal. Cases Ci and C2 are logically equivalent if and only if for al1 

contexts, if î2 is an interpretation of both CL and C2, Ci, = C?,. z is an equivalence relation and 

Ci -. C2 iff Cl t- C2 A C2 k Cr. Epioalence classes group indistinguishable elements. Thus, cases 

that  satisfy the same context form an equivalence class for a given context. i t  should be noted that 

for different contexts, different equivalence classes may be formed and cases may belong to  multiple 

equivaience classes. 

'OIt is possible to state the sarnc features for irrelevance, but this is beyond the scope of this thesis. 



Chapter 4 

Using Variable- Context Similarity 

The purpose of this chapter is to introduce a system, TA3, which uses the theory presented in 

Chapter 3 to describe an application of the variable-context s imi lady  assessment to the medical 

domain. We show how context affects retrieual o f  relevant cases. For this purpose we have selected 

an in vitro fertilization dornain, whem the task is to  suggest hormonal thempy for a patient on the 

basis of ezperïence from preoious patients, and t o  predict the outcome of IVF treatment, Performance 

eualuation of the system is presented in Section 6.2.1. 

4.1 Introduction to  In Vitro Fertilization 

Almost one out of ten couples in North America is infertile. One of the rnost widely used treatments 

for human infertility is the in vitro fertilization (IVF) procedure. IVF is a fairly complex assisted 

reproductive technology, which has been evolving since the first pregnancy achieved by this method 

in 1978. Although certain parts of the procedure have been improved over the years. the pregnancy 

rates have not changed and are at best 30%. 

The IVF procedure consists of patient selection by diagnosis of infertility, controlled ovarian stim- 

ulation for multiple oocyte recruitrnent and maturation, close monitoring of follicular development 

by ultrasound and hormonal assessment, oocyte retrieval, insemination of oocytes in  vitro, deter- 

mination of fertilization, sessrnent of embryo development and quality, assessment of endometrial 

quality, and intrauterine transfer of one or more cleaved embryos. At each step of the procedure, 

there are rnany variables, both dependent and independent, which may impact the chance of a 

successful outcome, i-e., pregnancy (see (Davis and Rosenwaks, 1995) for a review of in uitm fer- 

tilization). For example, a patient's response to controlled ovarian stimulation may depend on  her 

age, diagnosis of infertility, size of ovaries, baseline serum follicle stimulating hormone concentra- 

tion, type and dose of fertility drug used and whether endogenous gonadotrophin secretion has been 



suppressed by gonadotrophin releasing hormone (GnRH) agonist. Pregnancy rates may depend on 

age, number of oocytes retrieved, presence of oocyte dysmorphisms, sperm quality, fertilization rate, 

percent cleavage, rate of cleavage and embryo quality, number of embryos transferred, endometrial 

thickness and uterine blood fiow on ultrasound and nurnber of previous cycles of treatment. With 

so many variables, it is difficuit for the clinician to discern trends and rnake informeci decisions to 

optimize success rates for each individual infertile couple. 

There are many factors that influence the outcome of IVF. Intelligent decision support systems 

rnay enable IVF practitioners to cope with the complexity of the dornain during treatment planning 

and help them discover relationships between individual knowledge sources, which can then be 

used to potentiaily improve the pregnancy rate. Since the IVF treatment is a relatively expensive 

procedure, such a decision system helps the patient in deciding whether to go ahead with the 

procedure or not, by finding sirnilar past patients. The system finds both successful and unsuccesful 

past patients, &are sufficient amount of descriptors. 

The  two most common tasks performed by physicians are as fotlows: 

1. Treatment sugges t ion  and o u t c o m e  predict ion - The physician perforrns this task in 

two stages: 

a Having initial information about the patient (first 8 attributes), the first stage involves 

finding similar patients from the information base and suggesting how t o  treat the current 

patient to increase the probability of successful pregnancy. This includes finding al1 similar 

cases, and using ret rieved cases wit h pregnancy as successfui examples and retrieved cases 

without pregnancy as negative cases. An adaptation process uses this information to 

predict attribute-values for the current case, including pregnancy outcorne. 

After the initial treatment is completed, additional attributes are available (first 39 at- 

tributes). The second stage involves predicting the ou tcome of the whole treatrnent, 

i.e., predicting the va!ues for the remaining attributes, including pregnancy outcome. It 

should be noted that since more attribute-values are used during similar case retrieval. 

the pregnancy outcome could be changed, because different set of cases may be sirnilar 

to the current patient. 

2. Patient data analysis  - Knowledge-mining techniques are used to  find regularities in the 

case base. The physician has no particuiar case in mind, however, (s) he rnay consider the whole 

case base or only a certain case. The knowledge mining in TA3 involves finding a contest, in 

which particular group of cases is considered similar. The  user can specify a threshold, which 

controls the quality (degree of relevance) and quantity of discovered information. 



4.2 Similarity-Based Retrieval for IVF 

Decision rnaking in IVF is usually based on a combination of the patient's particular characteristics, 

and on the physician's knowledge and clinical experience. For most ch ic ians ,  the synthesis of 

previous experience wi t h the current situation becomes almost intuitive wit h time. This phenornenon 

is commonly referred to as "clinical judgment." However, as the number of variables increzse, the 

ease and accuracy of this approach decreases. A reasoning system based on past experiences, a CBR 

system, may be used as a computational aid in this decision making. 

Our objective is to apply and evaluate the variable-context similarity-based retrieval algorithm 

in the IVF domain' The main goals are as follows: 

1. Create a case base of patients who have been assessed for infertility and treated by rneans of 

IVF procedure using the Td3rv~ system. 

2. Use the case base for suggesting an optimal (or close to optimal) approach t'or hormonal 

stimulation for new patients and predict pregnancy outcome (suggestion/prediction) . 

3. Use the case base to derive interesting relationships among da ta  (knowledge mining). 

4.3 Case Representation in IVE' 

Case acquisition is carried out by storing IVF patient medical records in the case base (see Fig- 

ure 4.1 for an IVF case example). The  case base, considered for this paper, consists of 758 cases 

with 55 attributes per case.' Out of 788 cases. there are 149 clinically successful pregnancies, 10 

are pregnancies with ovarian hyper-stimulation syndrome (OHSS) complication, 12 are pregnancies 

ended by abortion, 4 are ectopic pregnancies (implantation occurred outside 9f uterus) and 632 are 

unsuccessful pregnancies. There is no information about iVF outcome in 7 cases. Based on the 

nurnber of patients treated in the past, the expected growth of the case base is 1000 cases per year. 

In addition, as our experience shows, the number and selection of attributes used during problern 

solving is bound to increase as a result of accommodating new knowledge about factors influencing 

pregnancy outcome (Jurisica and Shapiro, 1995; Jurisica et al., 1998). 

Cases in TA3rvF are represented as frarnes. Attributes are grouped into Telos-style categories 

(Mylopoutos et al., 1990), as is necessary for perfurming individual tasks. Using the domain knowl- 

edge and the most frequently used contexts (e.g., for prediction in stage one, prediction in stage two 

and for evaluation) the system classifies coses into clusters to allow for efficient access. 

' WC refcr to this systern as TA3rvF, an irnplernented system that is desc5bed in Chapter 5. PerformanceevaIuation 
of the systern is presented in Section 6.2.1. 

2For some experiments we have used a more cornplex case representation, namely a series of estrogen levels was 
instead of a single value. This changed the count for nurnber of attnbutes to CO. 
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Figure 4.1: Case base bmwser. I W  case is  a set of attribute-value pairs, organized into categories. 

There are two types of classification - user-based and system-based. The  former type is used when 

there is heuristic knowledge available. Such classification covers, for example, clustering patients 

into three age categories or clustering patients according to pregnancy outcome. System-based 

classification extracts information from the knowledge base automatically. Here, the system finds 

features and corresponding values that  are good predictors for pregnancy and thus can be used as  

discrimination factors. We d l  show then how evaluation function can be used for such a task. 

This approach can be viewed as a context-based cla~sification.~ The main advantage of this 

approach is its flexibility. In addition, the system supports explanation facility, becnuse the expla- 

nation and relevance measure are based on the current context, not on the static and possibly old 

indexes. This does not mean t hat systems wit h implicitly represented context (via indexes) cannot 

work properly or that they cannot explain the reasoning process. I t  just means that TA3 supports 

easier task switching, the needs of different users, and asseses similarity dynarnically. 

The domain vocabulary in TA3 system uses a hierarchy of attribute values during the automatic 

context transformation (relaxation and restriction), and during the adaptation proces. This does 

not mean that our techniques are not general. The information about  the values is stored as an 

- -- -- - 

3 ~ n  CBR literature, this is similar to indexing. The main difference is that we use context explicitty, whereas rnost 
of the other systems assume context implicitly. Thus, context-based classification is more flexible, since it defines 
clusters dynamically. 



extemal library of terms used in a particular domain. For a more efficient use, al1 terrns are stored 

into hierarchies so the system can automat icalIy select w hat can be used when and where. 

The Adaptation Process for IVF 

Adaptation process in CBR manipulates the solution of the source case to better fit the target case. 

This c m  be done automatically, semi-automatically or by the user. A domain knowledge or generally 

applicable adaptation rules can be used. The cornplexity of the domain and availability of domain 

knowledge dictates which approach con be used. It should be noted that adaptation is not possible 

in some domains due to lack of domain knowledge and cornplexity of the problem. Furthermore. 

there are domain where adaptation is not desirable at al1 because of liability reasons. 

In Td31VFl a weighted average of attribute values from retrieved cases is computed automati- 

cally. Ret rieved cases are ordered, first according to the class ( pregnancy outcorne), t hen according 

to a relevance rneasure, giving the most relevant cases the highest weight. If not enough cases are 

retrieved, automatic context relaxation is triggered. For example, if only two cases are retrieved and 

their values for DAYHCG attribute are distant, the system relaxes currcnt context to retrieve more 

cases. Then, a cluster of cases with an average value for a predicted attribute is formed to have the 

highest weight. Remaining retrieved cases have a marginal weight assigneci. A weighted average is 

then computed for the predicted values. Although the system computes the suggested treatment, it 

is up to the physician to decide if the current patient does not have specific needs. 

In the experiments conducted we used a requirement for the system to find five to fifteen cases 

and we aIlowed up to four context relaxations, if less than five cases are Found. Attribute values 

(2-6, 50, 54) of case 1 LI were used as a context. The value for attribute 1 in contest was set to 

be in the interval 27 to 40. Selected attributes have been grouped into two categories. Category O 

consisted of attributes 1, 50 and 54; the rest of the attributes comprised category 1. Initially, value 

constraint was set to Some(3) and Some(5) for categories O and 1 respectively. 

The first returned answer is presented in Figure 4.2. Here, recall, = recallp = 100% and 

precision, = precisionp = 100%. Unless automatic relaxation is enabled by the user this is the final 

result. However, in the seatch for similar answers, context can be relamd either using generalization 

or reduction. As a result , precision, would decrease while recall, would remain constant. 

After applying reduction to category 1, additional cases are retrieved. Category O remained 

unchanged. Considering returned cases (see Figure 4.3) and the query, we have recall, = recallq = 

100%, precisionp = LOO%, and precision, = 25%. 

Leaving category O unchanged and applying additional reduction to category 1 (see Figure 4.4) 

results in recall, = recallq = NO%, prehsionp = 100%, and precision, = 16.7%. 

In practice, however, the situation is more compfex. There are usually two stages in a patient's 



Case # 117: 

1 AGE: 35 
2 DïACiNQSIS: tubal 
3 DIAGNOSIST: 1 
4 DIAGNOS2ND: O 
5 NO-CYCLE: 2 
6 PROT: LF 

5 O PREG: Y 
5 4 MORT: Y 

Figure 4.2: Retrieual function. Retrieued cases for unmodified context. 

Case # 92 : 
1 AGE : 

2 DIAGNOSIS: 
3 DIAGNOSIST: 
4 DïAGNOS2ND: 

* S  NO-CYCLE: 
6 PROT : 

S O PREG : 
5 4 ABORT : 

Case # 117 : 
1 AGE : 

2 DIAGNOSIS: 
3 DIAGNOSIST: 
4 DIAGNOSSND: 
5 NO-CYCLE: 
6 PROT: 

5 O PREG: 
54 ABORT: 

Case # 5 7 5 :  
1 AGE : 

2 DIACNOSIS: 
3 DIAGNOSlST: 
4 DIAGNOS2ND: 

"5 NO-CYCLE: 
6 PROT : 

50 PREG : 
5 4 ABORT : 

Case # 58 3 : 
1 AGE : 

2 DIAGNOSIS: 
3 DIAGNOSlST: 
4 DIAGNOS2ND: 
'5 NO-CYCLE: 

6 PROT : 
5 0 !?REG : 
5 4 ABORT : 

3 2 
tribal 
1 
O 
1 
LE 
Y 
Y 

Figure 4.3: Retn'eual function. Retn'eved case after the Jirst iterution of contezt reluxution. 

Case 11 92: 
1 AGE : 

2 DIAGNOSIS: 
3 DIAGNOSlST: 
4 DIAGNOS2ND: 

' 5  NO-CYCLE: 
6 PROT : 

5 0 PREG : 
5 4 ABORT : 

Case # 575: 

1 AGE: 28 
2 DIAGNOSIS: tubal 
3 DIAGNOSlST: 1 
4 DIAGNOSSND: O 

* S  NO-CYCLE: 1 
6 PROT: LE' 

5 0  PREG: Y 
5 4 ABORT: Y 

Case # 104 : 
1 AGE : 

'2 DIAGNOSIS: 
'3 DIAGNOSlST: 
4 DIAGNOS2ND: 
5 NO-CYCLE: 
6 PROT : 
5 O PREG : 
54 ABORT : 

Case # 583: 

1 AGE: 32 
2 DIAGNOSIS: tubal 
3 DIAGNOSIST: 1 
4 DIAGNOS2ND: 0 

'5 NO-CYCLE: 1 
6 PROT: LF 

5 0 PREG: Y 
5 4 ABORT: Y 

Case # 117: 
1 AGE: 35 
2 DIAGNOSIS: cuba1 
3 DfAGNOSlsT: 1 
4 DIAGNOS2ND: O 
5 NO-CYCLE: 2 
6 PROT: LF 
5 0 PREG: Y 
5 4 ABORT: Y 

Case 1 611: 
1 AGE: 38 

'2 DIAGNOSIS: endo 
3 DIAGNOSIST: '2 
4 DIAGNOS2ND: 0 
5 NO-CYCLE: 2 
6 PROT: LF 
50 PREG: Y 
5 4 ABORT: Y 

Figure 4.4: Retrieual function. Retrieued cases ufter second rekuxation 01 conte&. 



treatment. During the first stage, first eight attributes out of 55 are  known. The  task to  the system is 

to predict what kind of treatment is required in order to have a success€ul pregnancy, eg . ,  pregnancy 

(attribute 50), no OHSS (attribute 531, no abortion (attribute 54) and no ectopic (attribute 55). T h e  

second stage begins when the patient has finished the treatment and embryos are ready to transfer. 

Again, the question is to predict the success rate frorn cases similar in first 39 attributes. Next we 

describe cornpetence evaluation of retrieval function, i .e., we evduate the quality of solutions. 

4.5 Retrieving Cases in IVF' 

Generally, information retrieval systems are optimized to achieve either high recall and moderate 

precision or vice versa. Precision can be explained as a measure of avoidance of irrelevant cases, 

while recall is a rneasure of comp1eteness of retrieval. The flesibility of TJ13[vF helps t o  achieve 

precision- and recall-oriented retrieval, and retrieval where both recall and precision are high. 

Given input information for a new patient the goal of TA3?vF is to retrieve only cases highly 

relevant to the input case (the query). The retrieval component of the system is based on a modifieci 

nearest-neighbor matching (Wettschereck and Dietterich, 1995). Its modification includes: 

grouping attributes into categories of different priorities so that different preferences and con- 

straints can be used for individual categories during query relaxation; 

0 using an explicit context during similarity assessrnent; 

using efficient query relaxation aigorithm based on incrernental context modifications. 

The relevance of cases to a given request can be measured using various approaches. Since the 

usefulness of individual a t t r i bu t s  varies, we define context as the set of attributes relevant for a 

given retrieval (based on a given task and user preferences) , such as .AG E. CYCLE, D I,4GiVOSIS, 

etc. Thus, the context can be seen as  a view or an interpretation of a case, where only a subset of 

the a t t r ibuts  are considered relevant. 

By selecting only certain attributes for niatching and imposing constraints on attribute values, 

a context allows for controlling what can and what cannot be considered as a partial match: Al1 

(and only) cases that satisfy the specified constraints for the context are considered similar and are 

relevant with respect to the context. This allows for a controlled retrieval process, as well as for 

easy context transformations, such as context restriction and reiaxation. 

Similarity is determined as a closeness of values for attributes defined in the context (note 

that closeness depends on attribute value distribution as well as on the task being solved). These 

attributes can be specified directly by the user or a query-by-exarnple may be use& Here, the context 

is defineci through query-by-example and is used for an initial prediction (see Figure 4.5) .' Since only 

41f the patient's initial information is aiready in the case base, a qucry i s  constructed by simple case çelection. 



Figure 4.5: Context for the first stage of pmdiction. Query-by-example editor. The query is fonned 
either b y  browsing the case base and selecting a particufar case or by entenng a new case description. 
in both cases, TdSrvF returns cases simdar to a qiuen exampfe. 

a subset of al1 attributes is required during rnatching (Le., onIy a subset of al1 attributes is reIevant 

for a given t s k ) ,  this context contains only attributes AGE, CYCLE, DIAGNOSIS, FIRSTDI.4G, 

SECONDDIAG, PROTOCOL and BCP (birth controf pill). If the interpretation of the target case 

is similar to a source case, we Say that they match and thus retrieved source cases are relevant in 

a given context. In addition, it is possible to impose constraints on the attribute values and on the 

nurnber of attributes required to match (see Figure 4.6). 

.4n explicit ly defined context increases the flexibility of matching it supports. However, the 

problem is to specify the contest. In the simplest approach, which is similar to query-by-example, 

a context Sl is constructed by mapping an input case into it in its entirety. The initial context may 

be subsequently changed (either by the system or by the user) as a reaction to a returned answere5 

This approach can also be considered a starting point for other, more sophisticated, approaches. X 

machine-learning or knowledge-mining aigorit hm could also be used to select important a t  tri butes 

for a given task, and to specify characteristic values for them. This information can then be used 

to derive an initial context specification, and specify context transformation strategies. If the CBR 

system is used as a decision-support systern, then the user is an expert who can irnprove the system's 

general, an answer consists of a set of retrieved relevant cases. 
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Figure 4.6: Context for the first stage ofprediction, In addition to specifying the case description. 
constmints on attnbutes can be defined. 

performance by select ing important features and posing specific const raints on a t  tribute values .6 

Since the context can be changed dynamically, the user may start the request using al1 the avaiIable 

attributes and later remove certain irrelevant features (this approach is referred to  as retrieval-by- 

teformulation). In addition, context rnay also contain important information about the problem. 

such as configuration of a specific device, input values from certain sensors, etc. 

Since the nurnber of tasks to  be solved is limiteci and the number of users is bounded, it is feasible 

to use a caching mechanism for context, to support reuse of frequent contexts. This includes user 

preferences, attribute and attribute value constraint selections for individual tasks and relaxation 

criteria. Thus, without losing flexibility, 7A3[vF can be customized for a particular IVF clinic and 

for particular type of a user. 

Monotonicity in context-based relevance (Jurisica and Glasgow, i996a) enables us to control the 

nurnber of retrieved cases by relaxing and restricting the context. If too many or  too few relevant 

cases are retrieved using the initial context, then the system transforms the context or a user may 

modify it manually. 

TA3rvF supports two implementations of context relaxation - reducfion and genemlitation. 

Recall that reduction removes constraints by reducing the number of attributes required to match: 

6This irnprovor not only cornpetence of the systern, but its efficiency as well. 
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given m-of _n matching, the required number of attributes is reduced from m to p. where O 5 p < 
rn 5 n.  Generalization is a context transformation that relaxes the context by enlarging the set of 

ailowable values for an attribute. 

As an exarnple, consider the relaxation of a context specified in Figure 4.7. in order to increase 

versatility, we grouped attributes into three categories. Assume that al1 categories have the same 

priority and value constraints but they require a different number of attributes to match. It is not 

possible to apply reduction on category 1, since there is only one attcïbute. Category 2 and 3 can 

be relaved using reduction. Some('L), in the cardinality criteria for category 3, implies that at least 

two of the attribute-value pairs need to match for the whole category to match. This constraint 

could be further relaved to Some(1).  Additionally, category 2 could be relaved from Some(2) to 

Some( l ) ,  as illustrated in Figure 4.7. 
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Figure 4.7: Context relaxation by reducing the number of attributes requied to match and by enlaqing 
the set of allowable values for an attribute. 

In the second scenario, value constraints are relaued. Since al1 categories required instance 
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matches, context values could be  updated by using the conceptuai hierarchy, presented in Figure 4.8. 

Thus, the constraint for the AGE attribute could be changed to  24 - 29 (as shown in Figure 4-71. 

as an immediate generalization of 28. In addition, a user-guided relaxation may be a better option, 

since the user might have domain knowledge not represented in the system. Thus. the attribute 

value could alternatively be relaxed from 28 to for example, 26 

in category 3 is also relaxed from constraint tubal to constraint 

- 30. The constraint of attribute 1 

set ( t  ubal, endo). 

Figure 4.8: Conceptual hiemrchyfor the AGE attn'bute. 

Contexts can a h  be iteratively restricted to retrieve successively fewer cases. There are two pos- 

sible implementations of context restriction: ezpansion - strengthening constraints by enlarging the 

number of attributes required to match and speciakation - strengthening constraints by removing 

values from a constraint set for an attribute (see Figure 4.9). 

In the experiments conducted, we required the system to find five to fifteen cases and alIowed 

up to four context relamtions (if less than five cases were found). 

As mentioned earlier, the prediction task bas two stages. During the first stage, the first eight 

(out of 55) attributes are known. The system's task is to predict the preferred treatment (attributes 

NOMMG, DA YHCG) in order tu have a successful pregnancy, e-g., pregnancy, no OHSS, no abor- 

tion and no ectopic pregnancy- The second stage begins after a patient has finished the treatment 

and embryos are ready to transfer, when the task is to predict the success rate from cases similar in 

the first 39 attributes. To evaluate the retrieval process. we selected case 593 randomly as a target 

case and used the system to predict attribute values during the two stages. Figure 4.5 shows the 

context we selected in order to find relevant cases. Attributes NOHMG, DA YHCG, PR EG, OHSS, 

ABORT, ECTOPfC illustrate the results of retrieval. 

Table 4.1 lists al1 relevant cases after the first stage of prediction. Considering the retrieved 

cases, the adaptation algorithm predicts values for the remaining attr ibuts,  including the treatment 

outcorne. Since the main goal is to have a pregnancy, the system favors the values suggested by cases 

646,662 and 666. Thus, the suggested amount of hormonal stimulation to be received ( N O H M G )  is 

18 (average value from cases 646,662,666). Similarly, the suggested day for triggering the ovulation 

(DA YHCG) is 13 (average value from cases 646, 662, 666). If we look at the values of target 

case 593, the prediction error is small. Considering al1 cases, there is a predicted chance of 43% 

for pregnancy and 29% for pregnancy without complications. The next stage will give us a better 

comparison among cases selected during the first stage. 
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Figure 4.9: Context restriction by enla+ng the nurnber of attributes required to match and by re- 
ducing the set 01 allowable values !or an uttribute. 
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Table 4.1: Accumcy of predicting hormonal thempy. We present suggested (SV)  and actual ( A  V 7  
values for the treatment, narnely day of human chorionic gonadotrophin administmtion (0.4 YHCG) 
and the number of ampoules of human menopausal gonadotmphin (NOHMG). 

For the second stage of the prediction experiment, we extended a context to cover the first 39 

attributes. After restricting the context, only 3 relevant cases were located (see Table 4.2). Using 

these cases, the system predicted a 100% chance of pregnancy and 33% chance of abortion. 

Knowledge Mining in N F  

Knowledge mining in TdSrv~ is user-directed. i,e., user specifies the context and recafl, , which 

constrain the search space. The search space can a1so be constrained by specifying only a subset of 

the whole information base, as opposed to using the whole information base. Deploying a user-guided 

kaowledge discovery process in 7 . 3  was motivated by: (1) the need to identify salient attributes 

for use in case-based classification; (2)  the need to structure the case base into clusters of relevant 

cases for irnproving cornpetence; and (3) the need to find representative values for salient at tr ibuts.  

Pattern discovery in TA3[vF involves collecting together cases that share something in cornmon. 

For example, collecting al1 women that have pregnancy with complications and are in their third 

or fourth cycle. However, pattern identification alone is not sufficient - patterns also need to be 

described, i.e., given a set of cases, Iabeled by class (such as pregnant women), derive a description 

of the classes. Although the user can guide the search for patterns, frorn a statistical point of view, 

the process is an exploratory analysis, since no hypothesis about what the patterns may be is posed. 

Such a process of discovery is inherently dynamic and mut.  often be performed iteratively. 

TA31VF uses context reduction to help organize cases to support fle.xib1e retrieval, which rnay 

improve prediction accuracy and scalability. Moreover, new relationships among attributes rnay be 
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Table 4.2: Retneval finction. Similar cases in the second stage of prediction. 
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discovered, and the case base can be structured into clusters of relevant cases. 

In TA3rvF, the user poses a focused query, such as "What have the pregnant wornen in corn- 

mon?", and the system finds a context which makes a given class of cases sirnilar. Thus, Td3rvF 

finds salient attributes and values for these attributes, Le., a generalized interpretation of a given 

set of cases. This process is user-directed, interactive and possibly iterative. The user specifies 

the query, which constrains the search space, and the threshold T, which represents the certainty 

factor. The initial query is evaluated to produce a subset of the case base (e.g., find cases where 

PREG : Y and -4BORTION : N ) .  Then, cases within the selected group are analyzed to pro- 

duce a case interpretation that guarantees the coverage T (e-g., at least T% of cases have protocol 

PROTl : 1,2) .  The result is confirmed by an alternative query (e-g.. for cases where PREG : Y 

and A B 0  RTiO N : Y determine P ROT 1 : 1,2). 

The coverage gives us the Ievel of uncertainty for a particular attribute. It should be noted t ha t  

the algorithm also confirms the result by evaluating alternative queries, such as pregnant patients 

with abortion. Only then could the result be selected as a good predictor. 

In Chapter 6 we show how user-guided knowledge mining can be used to discover domain knowl- 

edge. In turn, this knowledge is used to: ( 1 )  organize attributes into categories, (2 )  to kelp in 

specifying the context, and (3) to help in generalizing or specializing attribute value constraints. 

4.6 Discussion 

This section showed how variable-context similarity assessrnent can be applied to support flexible 

case retrieval and user-guided knowledge rnining . The next chapter descri bes implementat ion of the 

TA3 system, and algorithmic evaluation of the underlying algorithrns. Chapter 6 includes compe- 

tence and efficiency evaluation of the prototype on diverse domains and various tasks. In (Jurisica 

and Nixon, 1998) we present a goal-oriented, knowledge-based approach for aiding developrnent and 

usage of TA3 decision support system for a medical domain. We propose an approach for deal- 

ing with non-functional requirements for CBR systems. We show how quality can be built into 

a CBR systern, using the "QualityCBR" approach, which integrates existing work on CBR and 

non-functional requirements (Chung et al., 1998). We illustrate the use of the approach on an in 

vitro fertilization domain. The QuaIityCBR approach is used to address important non-functional 

requirements, such as performance, accuracy and confidentiality. 



Chapter 5 

The TA3 System 

This chapter describes T d 3 ' s  main components, functional specification, and discusses case base 

management issues. After introducing the ovemll architecture of the system, we pmsent modules l'or 

simzlanty-based retrieual, knouledge mining, case base organization. learning, and adaptation. When 

designing the system, our goal was a competent. scalabfe and flexible CBR system. To achieve this 

goal, we adopted an incrernental uiew maintenance algorithm fmm database management systerns, 

and used i f  for eficient context transformations d u h g  itemtive browsing. CVe show that this yields 

a significant eficiency zmprouement for an interesting class of applications. 

5.1 General Architecture 

Given the theory proposeci in Chapter 3, we have implemented a prototype CBR system TA3. 

7A3 stands for 7heAdv i sor  3.' Nurnber 3 stands for the three major parts of 7heAdv i sor  - 

representation, reasoning and presentation. 

T A 3  comprises al1 modules of a case-based reasoning system: case representation, case retrieval, 

evaluatioa, adaptation and presentation. in addition, the expIain function can be used for case base 

organization and knowledge mining. It is assumed tha t  the case base is generated using external 

sources (we have used diverse rnethods for generating case bases in the performance evaluation 

studies presented in Chapter 6). Figure 5.1 depicts the overall architecture, data and control fiow. 

A case base is a persistent storage for cases. We extend a generic case representation described 

in Chapter 3 by organizing attributes that describe cases into one or more categories. Category 

membership is determined using information about the usefulnes of individual attributes and their 

'People who speak Slovak cari appreciate a hidden meaning of TA3 which phoneticaliy stands for the highest 
mountain range in Slovakia - Tatry. 
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Figure .51: TA3 architecture 

properties,'. Categories bring additional structure to a case representation. This reduces the im- 

pact of irreIevant attributes on system cornpetence by selectively using individual categories during 

matching (Aha, 1992a; Ortega, 1995). A context explicitly defines attributes that are used during 

sirnilarity assessrnent and any constraints that rnay be applicable to attribute values. 

A set of cases represents returned cases that satisfy a given context during retrieval. or it may 

specify a subset of the whole case base during knowledge mining and case base organization. Criteria 

speciiy how the context should be handled during the retrieval and/or explanation process.. i.e., what 

context transformation should be applied. Local u;orkspace serves as a temporary storage for cases, 

context and criteria. 

The system supports the similarity-based case retrieval and similari ty-based explanation (see 

Sections 3.5.2 and 3.5.31, context transformation functions, adaptation and knowledge management. 

User interface commands are for both iunctions presented in Section 5.3. 

Depending on the application domain, the task a t  hand and avaiIability of domain knowledge for 

adaptation TA3 may operate in one of the three modes:3 

1. Case retrieval: Case retrieval function is used to locate al1 cases relevant to a given context. 

=This information is obtained either from domain knowledge or with help of a knowkdge-mining algorithm. 
3Chapter 6 describes application of TA3 to problem solving in diverse domains. 



CHAPTER 5. THE TA3 SYSTEM 

All retrieved cases are presented to the user. i t  should be noted that the query could be 

subsequently modified using relaxation or restriction function. This proces is described in 

Section 6.2.6, an application for supporting retrieval from a software repository. 

2. Casebased reasoning: First , the case retrieval function ret urns cases relevant wit h respect 

to a given context. Second, case adaptation is used to construct a solution for the current 

problem, using at tribute values from relevant cases. This process is described in, for example, 

Section 6.2.2. 

3. Knowledge rnining: Based on a given context, the system locates relevant cases and analyses 

their attributes and values, to help in finding regularities and patterns in data.  This proces 

is described in Section 6.2.1. 

As described in Chapter 3, the context (query) can be modified in order to control quality 

(e.g., precision during case-based classification) and quantity (e-g., number of retrieved cases during 

retrieval from a software repository) by relaxing or restricting constraints on attribute values. Such 

transformation can be performed automatically, using background knowledge: context can be rela..ed 

if fewer than specified number of cases is returned, or it can be restricted if more than a specified 

number of cases is returned. Because individual attributes in a case description may be placed into 

separate categories, the system modifies only one category at  a tirne, namely, the l e s t  important 

category is relaxed/restricted first.' 

TA3 is a decisiori support system, and thus it works best when used interactively, as a conversa- 

tional case-based reasoning system (Aha and Breslow, 199'7). Although a context can be  transformed 

autornatically, the user has the possibility to affect the change by manually restricting/relasing in- 

dividual attributes, or by seIecting which attributes should be modified next. Thus, the user may 

control whether a context is transformed, and if it is, then how. 

Case Representation 

The purpose of this section is to discuss case representation used in TA3. As presented in Chap 

ter 2.1, a case represents a specific knowledge (experience or episode) in a particular situation 

(context). Depending on the application domain and the CBR system, cases rnay have different 

form. Narnely, they may differ in representation usai, they may have various sizes, and they can be 

organized in diverse ways. Some applications require that al1 cases use the same attributes; however, 

in some applications different cases may use only subset of ail possible attributes in a particular do- 

main. Naturally, this requires using different representation formalisrns. Usually, there is a tradeoff 

between expressibility and efficiency. It depends on a particulat application domain and the task 

An arbitrary category is chosen if no ordering of catcgories is available- 
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under consideration, which tradeoff should be preferred. In Chapter 3 we have provided a theoretical 

basis for a flexible CBR system. The theory enables addressing the tradeoff, as will be exemplifieci 

in Chapter 6 on diverse application domains and various problem solving tasks. 

Cases represent experience, usually in the form of problem-solution pairs. CBR systems are 

based on a process of remembering and recalling experience stored in a case base. namely cases 

that share similarity with a prob1em at  hand. Because experience occurs in a particular situation 

that rnay differ from the current one, it is necessary to construct a mapping between past and 

present contextual information, as well as between the content of the case. Thus. cases represent the 

following inforrnat ion: ( 1 ) Context in which the experience was observed (problem description): the 

goal or task of the experieace, situation description and constraints. ( 2 )  Content of the case (i-e., the 

actuai experience): an action taken in order to solve the problem (solution and possibly reasoning 

steps, justifications, alternative solutions, expected outcome), an outcome of problem solving (a 

feedback and possibly explanation of the expectation failure, repair strategy, alternative solutions 

used). It  should be noted that it is likely t hat not al1 cases wiH store knowledge with the same detail 

- some information may be missing, or it may not be useful in a particular situation. 

A case may record experiences that are different from what is expected (Kolodner, 1993). How- 

ever, we believe that even though this might be true for many CBR systerns, there are domains 

where cases shoutd represent experience in general. This way, the CBR technology could be used 

as a repository for corporate (or domain) knowledge. .k will be shown in Section 6.2.1, we can use 

both positive and negative experience to generate a solution for a given problem. In addition, we 

can use deviation from expectation during knowledge discovery. For example, we show that after 

finding two patients with similar description, yet different outcome of treatment, it is possible to 

extend the schema to use additional descriptors that differentiate these patients. 

Because individual application domains pose diverse requirements, case representation formalisrns 

Vary among CBR systems. The research so far tried to accommodate existing knowledge represen- 

tation forrnalisms (e-g., predicate notation, rules, semantic networks or frames). As described in 

Chapter 3, TA3 uses an object-based representation. Cases are stored as attribute-value pairs and 

are organized into categories. Category membership is determined using information about the use- 

fulness of individual attributes and their properties. There are various approaches to determine, 

which attributes should be used. In the current prototype, we use two approaches - information 

is obtained either from domain knowledge or with help of a knowledge-mining algorithm (explain 

function) . Categories bring additional structure to a case representation. This reduces the im- 

pact of irrelevant attributes on system cornpetence by selectively using individual categories during 

matching (Aha, 1992a; Ortega, 1995). 



W T E R  5. THE TA3 SYSTEM 

category 1 

attributel value 

attribute, value 

category, 

attributel value 

attributek value 

An example of a partial case in a medical domain is presented beliow. It shows that a case may 

have several categories and each category may comprise severa'. attributes. 

Patient information 

Patientaumber 

b e  

D iagnosis 

P revious-diagnosis 

First-diagnosis 

Second-diagnosis 

IVF results 

Pregnancy 

Abortion 

OHSS 

Ectopic-pregnancy 

During problem solving, either a complete case representation rnay be needed or only portion 

of it may be relevant. In the latter situation, it rnay be inefficient to use al1 information stored in 

a case, but i t  can also be harmful, since it rnay lead to recalling irrelevant cases. Thus, it is more 

effective to access only relevant parts of the case. We use context to define d e v a n t  a t t r ibu t s  and 

constraints on their values. Given the case defined above, one can specify the context as follows: 

Patientinformation 

Patientaumber DParientAumber 

Age {( 28, 32 )) 

Diagnosis 

Previous-diagnosis {tubal, MF, endo) 

First -diagnosis ( 1 )  
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In some domains, the system might reuse different parts of cases t o  produce a solution. A11 

this can be characterized as a probiem of case granularity. e-g., the size of knowledge pieces to be 

represented as a case and the organization of individuai cases. There are two basic options: 

1. Represent the whole experience as  one case. The system should allow to accesslreuse both the 

whole case and its portions (Jurisica et al., t998). 

2. Divide the whole experience into smaller chunks of knowledge and represent them separately. 

The system should. however, keep information about these pieces to atlow for efficient access 

to the nrhole experience by connecting relevant pieces (Jurisica and Gupta. 1997). 

In some dornains, the decision about the case granularity is easy, e-g., for medical diagnosis, 

each patient could represent a case (see Section 6.2.1). It is a relatively small chunk of knowledge, 

independent of the ot ber cases. However. particular tasks require more corn plex representat ion. 

where each case is composed of several knowledge parts (Jurisica and Gupta, 1997). Thus, the 

representation caanot be uniform for al1 cases. 

5.3 Functional Specification 

This section introduces functions that are supported in the TA3 system. Al1 basic functions can be 

classified as one of the three types: These include: 

Reasoning-oriented functions, which inciude r e t r i e v e ,  explain, and adapt. Individual func- 

tions are selected on the basis of domain characteristics and a given ta&. Retrieve and explain 

functions are implemented using algorithms presented in Sections 3.5.2 and 3.5.3. 

Context manipulation functions comprise functions defined in Section 3.3. narnely reduct îon ,  

expansion, g e n e r a ï i z a t  ion, and specializat ion. 

a Input/output functions, which are used to  import cases, set criteria and present information 

to the user. 

Additional functions, such as case base management, are defined using these basic functions. 

5.3.1 Context Manipulation 

Context manipulation functions include context transformations defined in Section 3.3. Context 

relaxation is implemented as reduction and generalization, and context restriction is implemented as 

expansion and specialization. Their application is either automatic or initiated by the user. The  user 

controls automatic adaptation by specifying lower and upper limit on the number of retrieved cases, 

by defining which transformations can be applied, and which categories can be used (as defined 
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in Criteria). If the user does not specify the category that should be used. the systern applies 

preferences specified in criteria. 

reduce(Contezt , Category) + Context'; genera l i ze (Contez t  . -4ttribute) + Con tezt' 

expand(Context , Cat  egory) + Contezt';  s p e c i a ï i z e ( C o n t e x t  , .4tt ribufe) -+ Contexf' 

Reduction removes constraints by reducing the number of attributes required to match. Gener- 

alization relayes the context by enlarging the set of allowable values for an attribute. .As mentioned 

earlier. reduct ion can be performed automatically, taking advantage of a t  t ri butes grou ped into cat- 

egories. A priority is assigned to each category (O is the highest priority) to allow for more reliable 

relaxation algorithm. The priority is used during a selection process, to help decide which attributes 

are the most important ones and should be treated first. If no priority is assigned to a t t r ibuts .  they 

are treated in sequential order starting from the first one. 

Genemlization can also be performed automatically, assuming that domain knowledge is provided 

(generalization also uses category priorities, if no attribute is specified for generalization). In both 

situations, user can modify the context r n a n ~ a l l ~ . ~  As proven in Theorem 3.6.2, the process of case 

retrieval is rnonotonic. 

Progmmming Languages 

/"\- 
Spokea Languages 

Generic ~r&grammin~ Task-Specific Latin-Based ... 
Languages Programming Languages 

... ... slovaic 7 ... 

Figure 5.2: Genemliration and specialkation along the is-a hiemrchy. 

5.3.2 Similarity-Based Retrieval 

The retrieval component of the TA3 system aids the process of recalling cases from a case base by 

handling user queries Aexibly. r e t r i e v e  is a case retrieval function (defined in Section 3.5.2), which 

- 

'If avaiiable, is-a hierarchies (e.g., as in Figure 5.2) may be used to provide domain knowledge for application of 
generalization. 
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returns a set of cases from a case base that are relevant to a query with respect to a given context. 

retrieve1terat ive(Context , Case Base, lou.erLirnit, upperLimit) + -4nswer 

Criteria specifies how the context should be handled, Le., how the context should be transformed for 

controlling the cioseness of retrieved cases and the amount of cases that is returned (see Section 3.3 

for description of context transformations). 

If too many or too few relevant cases are retrieved using the initial query, then the system 

automatically transforms the context or a user may rnodify it manually. There are two possible 

transformations: relmation (introduced in Definition 3.3.1) - to allow for retrieving more cases 

and restriction (introduced in Definition 3-32)  - to allow for retrieving fewer cases. These context 

transformations are a foundation for supporting iterative retrieval and browsing."igure 3.7 defines 

an iterative retrieval algorithm. The r e t r i e v e  (Context, CaseBase) function is based on the algo- 

rithm defined in Figure 3.6. Context specifies which categories and attributes are considered during 

matching, and what constraints are defined on attribute values. 

En sumrnary, three classes of functions are used duririg retrieval: ( 1 ) retrieval-oriented - used 

to retrieve relevant cases; (2) context-related - used to rnodify a give context: and (3 ) criteria- 

related functions - used to select an appropriate context transformation strategy. As was described 

above, retrieval is initiated by invocation of retrieve function. Initial context is defined by directly 

transforming a problem case into a context, as specified in Section 3.2.2. The user may, however, 

subsequently modify the initial context. 

5.3.3 Similarity-Based Explanation 

The similarity-based esplanation component of the TA3 systern aids a user in a knowledge-mining 

process by using alternative contexts that explain the selected set of cases. Given a case base and a 

set of cases the function returns a context that specifies constraints on attributes such that ail cases 

in Set of cases satisfy thern. Esplain function can be used to find useful features for explaining a given 

set of cases (see Section 6.2.1) and thus it may help to create an efficient knowtedge organization 

(Jurisica and Glasgow, l99T). It can also suggest a useful schema evolution (Jurisica et al., 1998). 

Explan function finds a context that uses the maximum number of attributes with the minimum 

number of constraints on them. The algorithm is presented in Figure 3.9. 

*lain is the function that returns a context in which al1 cases specified in a set of cases can 

be considered similar. Criteria specifies how the context should be handled, Le., how the context 

should be transformed for controlling the closeness of retrieved cases (see Section 3.3 for description 

of context transformations). 

'In Section 5.4 w e  present an incrementd algorithm that supports efficient iterative browsing. 
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The expiain function (see Section 3.5.3) is similar to knowledge mining in databases. narnely 

mining for ciassification rules (Ramakrishnan, 1998). The general principle is to find appropriate 

values for attributes a l ,  ..., ak that could be used to predict (or classify) the value of attribute a,: 

(llL 5 VI 5 ull) A ... A (Ilk 5 V;, 5 ulk) + (a, : V p ) ,  

where II is the lower limit for attribute value and ul is the upper limit. The algorithm uses principles 

similar t o  the CVP algorithm (Agrawal, [mielinski and Swami, 1993). 

In TA3 , the user poses a focused query, such as  "What have the pregnant women in common?" 

and the system fin& a context, which rnakes a given class of cases similar (see Section 6.2.1 for more 

detail). In other words, TA3 finds salient attributes and values for these attributes, i.e.. a generalized 

interpretation of a given set of cases. This process is user-directeci, interactive and possibly iterative. 

The user specifies the query that constrains the search space and the threshold T. which represents 

the certainty factor. 

The  main idea of the knowledge-mining algorithm is to identify attributes with similar charac- 

teristics We use variability of attribute values to determine which a t t r i b u t s  are likely to be good 

predictors, Le., it is a characteristic feature. If there is a high variability of values for a particular 

attribute, then the attribute is not a good characteristic feature. Low variability of attribute values 

suggests a characteristic feature. When al1 attributes are processed, the system groups similar at- 

tributes into categories, i.e., characteristic features are separated from other attributes. Once cases 

are described by t heir characteristic features, the case base is dynamically organized into part icular 

clusters, defined by contexts. 

This approach to attribute-oriented knowiedge rnining is similar to factor analysis (Harman, 

1976). Factor analysis is a statistical technique used to analyze interrelationships arnong a variables, 

and to explain these variables in terms of their comrnon factors. Factors group correlated variables 

that are largely independent of other subsets of variables. Thus, it is similar to grouping related 

attributes into categories. 

In a sumrnary, explain function Ends typical case for a given group of cases, i.e., it is the rnost 

typical (or frequent) set of attribute-values. If this typical case is used as a context, then al1 cases 

similar to  it form an equivalence class. A prototype may be different from typical case; it is a 

representative case, which rnay or  may not be a typical case. The function also supports schema 

evolution. After two cases are found (logically) equivalent, but with different outcornes, ( 1) new 

attributes rnay be added to distinguish these cases, (2) the two cases may be grouped into a cluster 

(an equivalence class), or (3) only one of the cases is stored, but the strengt h of the experience is 

increased. 

Expiain function can be used to  discover attributes t hat are important during case retrieval. This 
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may improve both cornpetence and scalability of a case-based classification system. due to reducing 

the effect of irrelevant attributes on classification accuracy (Jurisica and Glasgow, 199'7). h o t f i e r  

important benefit of using explain function is discovering proper domain representation. Namely, by 

locating cases that appear to be similar, yet their ciassification outcome is different, one can extend 

the representation of cases to include new attributes that help differentiating these cases (Jurisica 

et al., 1998). We have evaluated the effect of explain function on the 7A3 performance on several 

domains, which is reported in Chapter 6. 

In summary, similarity-based explanat ion uses explain funct ion, context-related and criteria- 

based functions. The user modifies system's behavior by specifying threshoid for explain function 

and by selecting set of cases for consideration. 

5.3.4 Case Adaptation 

Adapt function can be applied in some domains to compute attribute values for a returned case on 

the basis of the attribute values in the set of retrieved cases (as explained in Chapters 4 and 6).' In 

the current implementation, only simple adaptations are supported, namely, numeric attributes can 

be adapted by selective averaging of attribute values. 

adapt(Set0 f C a s e s ,  Context ) -, Case 

Averaging of attribute values is selective because retrieved cases are ordered according to the class 

and then according to the relevance measure, as described in Chapter 4. Thus, during adaptation 

the preference is given to positive examples that closely match a given case. If a domain knowledge is 

available in the form of is-a hierarchies and/or specific adaptation rules. additional case adaptation 

can be provided. 

5-3.5 Case Presentation 

Input/output functions are used to import cases from esternal files and  display context, criteria, 

case base, individual cases, and set of retrieved cases. Examples of the user interface are presented 

in Chapter 4. 

Incremental Context Modzcations 

The relaxation technique can advantageously be used for returning answers to a specific query as 

well as returning related answers (Gaasterland, 1993). Without an automatic query relaxation, 

users would need to su bmi t alternative queries. The restriction technique works analogously, but is 

71t should be noted that domain knowledge and user intervention is used during the adaptation procesç. 
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used rnainly for controiiing the amount of retumed information. preventing information overioad. 

Since the search for relaxeci or restricted contexts could be infinite, there must be a mechanism for 

controlling it, either by user intervention (via user preferences) or by other mems. 

A context-transformation process ( iterative restrictions or relaxations of a context ) produces a 

chah  of successive contexts (Contexta, Cont ext - - - , Context, ) and corresponding sets of retrieved 

cases (Answero, AnswerI, - - - , Answer,). This process is monotonie in the sense that if the succes- 

sive contexts are partially ordered then the retrieve function produces a corresponding effect on the 

sets of cases retrieved. More formally, if .4nsuteri is the set of cases retrieved for context Contexti, 

then a partial order (by relaxation) of contexts results in a partial order (by subset) of case sets: If 

Contexte 4 Conteztl 4 - - -  4 Contert,, then ilnszvero -4nswerl E - - - c -4nswer,. 

.4 context can be sirnilarly iteratively restricted by making it progressively more specific. Le., 

allowing fewer cases to satisfy it. As in the relaxation algorithm, expansion and specialization 

algorithms produce a partial order of contexts. In general, only one category is restricted at a tirne. 

using categories with the lower priority first. 

The process of restricting and relaxing contexts can be repeated and interwoven until the agent 

is satisfied with the quantity and the relevancy of the retrieved cases. It is apparent that after 

the context is modifiecl by relauation/retriction, the system must re-evaluate the query. A naive 

approach takes the new query and submits it to the system. .4 more sophisticated approach could 

take advantage of an already processeci query by incrementalIy rnodifying its result (Bancilhon, 

1986). In the next section, we introduce such an atgorithm. 

There are many applications where iterative browsing is an effective way of obtaining information 

(Constantopoulos and Pataki, 1992; Martin, Hung and Walmsley, 1992). It is particularly useful 

in complex domains for exploratory search, and for exploratory problem solving (i-e., esamining 

"what-if" scenarios). Such apphcations include data rnining problerns (Brachman et al.. 1933), on- 

line analytical processiog, CBR (Leake, 1996), etc. In order to support iterative browsing, a system 

must be abIe to respond to a series of queries, where the system or the user may alter a current 

query and re-submit it for further evaluation. This process may be repeated until the desired quality 

and quantity of information is obtained. The iterative process is aimed at  maintaining high recall 

while improving precision. 

A naive approach to iterative browsing involves evaluating each query independently. A more 

sophisticated approach involves incremental computation (Ceri and Widom. 199 1; Griffin and Li  bkin, 

1995; Gupta, Mumick and Ross, 1995), where the result of a query is reused to evaluate a subsequent 

query more efficiently. The amount of necessary modification to a query in an incremental approach 

can be, to some degree, controlled by c o k t i n g  and using extra information produced during query 

evaluation. .4lthough this may require additional storage, an overall efficiency is usudly improved. 

We propose an incremental retrieval algorithm for CBR systems, which is based on a nearest- 
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neighbor matching algorithm (Wettschereck and Dietterich, 1995). We modified it to include: 

1. grouping a t  tributes into categories of different importance to gain a fine-grain control over the 

rnatching process, and dirninish the negative effect of irrelevant a t t r ibuts  on cornpetence; 

2. using an explicit context during similarity assessrnent to  recafl only relevant cases: and 

3. accelerating query processing via incremental context transformation during que- relaxation. 

5-4.1 Relevant Research 

Browsing requires t hot the query (and the context ) be iteratively changed, by rest ricting or relaving 

it. The process of restricting and relaving contexts can be repeated and interwoven until the agent is 

satisfied with the number and the relevancy of the retrieved cases. It is apparent t hat after the con- 

text is changed by reia.~ation/restriction, the system must re-evaluate the query. -4 naive approach 

would take the nenr query and would submit it to  the system. -4 more sophisticated approach can 

take advantage of already processed query by incrernentally modifying its result (Bancilhon, 1986). 

incremental view maintenance algorithms have been successfully applied to database systems 

(Bækgaard and Mark, 1995; Ceri and Widorn, 1991; Griffin and Libkin, 1995; Gupta,  Mumick 

and Ross, 1995). Various approaches have been proposed to handte view deletions, negations. 

updates, aggregation and recursion. One well-known incremental view maintenance algorithm is a 

counting algorit hm (Gupta, Mumick and Su brahmanian, 1993). which supports delete and re-derive 

operations. It assumes universal materialization of predicates and stores counts of the number of 

derivations to be associated with each tuple. Ceri and Widom propose an algorithm for deriving 

production rules to maintain selected SQL views. namely views without duplicates, aggregation and 

negation is proposed (Ceri and Widom, 1991). 

Incremental view maintenance algorithms avoid a complete query re-cornputation by changing 

only relevant parts of the answer or view. Usually, an incremental approach is substantially more 

efficient than a naive one. Eficiency improvement is higher when several consecutive changes to  the 

query are required (Le., during iterative browsing), or  when a large information base is used. Small 

updates to the query generally produce only small changes to the query result. Then an incremental 

approach performs only [ocal changes to the query (Gupta, Mumick and Ross, 1995). 

Gupta, Murr.mick and Ross (1995) present an incremental algorithm for adapting the view in re- 

sponse to changes in the view definition. The authors consider an  SQL Select-Fmm- Where- GroupBy, 

Union and Except views, and present local adaptation strategies using the old view materialization. 

Their methods for adapting the Where part of an SQL view are similar to our context modifications. 

However, they do not support cardinality relaxation and restriction. Blakeley, Larson and Tompa 

introduced an incremental view maintenance algorithm that  supports only base relations updates 

(Blakeley, Larson and Tornpa, 1986). In contrast, TA3 dso supports updates to context (Le., views). 
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FRANK is a case retrievai system, applied in a medical domain for back-injury diagnosis (Rissland 

et al., 1993). The user provides a description of a patient's symptoms and selects from a hierarchy of 

report types. The user's toplevel considerat ions are fil tered t hrough the system Ç processing using a 

flexible control mechanism. The plan is then selected based on the report type. The task mechanism 

controls queries to the case base - if a query is not successful, then the system resubmits the query 

with altered initial values. Thus. it is sirnilar to Our notion of iterative query modification. 

5.4.2 Incrementd Context Modification in 7A3 

The basic idea of incremental query processing is to  store query results and reuse t hem to compute 

related queries (Bækgaard and Mark, 1995). If the number of attributes per case is significantty 

srnalier than the total number of cases in the case base then incremental context modification 

outpedorms computation of the answer from scratch. Our system supports incremental context 

modification when partial results are kept at the attribute or category level. The first approach 

requires extra storage space, but is more versatile and is thus suitable when context is changed 

frequently and when cases have fewer attributes. The second approach is a compromise between 

efficiency gain from an incremental approach and modest storage requirement. It is useful for Iess 

frequent context changes and for case bases containing cases with a large nurnber of at tributes. Next, 

we explain the rationale behind the first approach. (The second approach works analogously.) 

Consider context relaxation with the naive and incremental retrieval algorithms (see Figures 

3.7 and 5.3). During k iterative context modifications the naive case retrieval algorithm requires 

k iterations, while the incremental algorithm handles it with only a single iteration. Xlthough 

the initial evaluation is the same as for retrieveiüaive. the incremental approach stores partial 

rnatching results on the attribute level in the set of cases -4nsweri. If a case is a member of -4nsuteri 

it means that it satisfies the constraint on attributei. 

During iterative ret rieval of cases, the system modifies const raints on attri bu tes. .A nar ve retrieual 

algorithm (see Figure 3.7) produces .4nswer' by determining which cases in a case base satisfy con- 

straints on al1 attributes defined in the context, Le., for d l  -4nswer.attributei. Incrementcl! retrieval 

algorithm reuses Answer.attribute; to produce the set of relevant cases Answer' (see Figure 5.3) .  

Relaxing attribute attributei changes a set of matching cases included in rlnswer.attributei. 

However, al1 rernaining partial answers remain unchanged. Thus, -4nswer' can be constructed by 

adding cases that satisfy both the initial context and the relaxed constraint on attribute attributei 

to the Answer. Restricting attribute attributei results creating Answer' by removing cases that do 

not satisfy additional constraint from Answer. Determining satisfiability only requires testing if the 

case in the set of retrieved cases must be removed either because it needs excluded value to match 

or because it cannot match an added attribute. 

The idea of incrementd context relaxation and restriction has evolved from the notion of differ- 
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entiai queries (Blakeley, Larson and Tompa, 1986). First, it is determineci what parts of the context 

are affecteci by the proposed change. Second, only those parts are recomputed. We express this 

process using context addition and difference. Thus, the incremental context transformation is as 

follows: Context' = Contezt + df - 6-, where 6+ and 6' denote a context that needs to  be added 

o r  removed. 

Without l o s  of generality, i t  is assumed that df and 6- are contexts with single attribute/constraint 

pair. This is sufficient, since the context transformation process is iterative and thus more complex 

constraints can be created iteratively. Next we formalize context transformations for Our incremental 

retrieval algorithm and show how the final set of retrieved cases (-4nswer') can be constriicted using 

partial results (on attribute level) from previous query evaluation (-4nsweri). 

Reduction. Reduction involves removing an attribute-value pair from a context. This can be done 

either permanently - an attribute uttributek is removed from the context: Contezt' = Contezt - 

attributek, or  dynamically - an m-of-n matching is used. Thus, for the reduced context, the resulting 

set of cases is generated as a union of the partial results of the set of cases that satisfy individual 

attribute constraints of the original context (rtnswer.attribute,), without considering the constraints 

on the removed attribute: -4nswer' = nAnswer.attributei/.rlnswer.attributek. 

Expansion. Analogically, expansion involves adding an attribute-value pair to a contest: Context' = 

Context + 6+, where 6+ = {altributek. {Valuek)). Thus. removing cases t hat do not satisfy the con- 

strained context from the set of cases generates the set of retrieved cases: .4nswer1 = Answer fi 

Answer.attribute~, where Case; E -4nswer.attribute: iJf sat (Casei,  df ). 

Generalization. Generalization involves enlarging the set of altowable values for a given attribute 

in the context: Contezt' = Context + di, where 6+ = {attributek.(Vatuek)). Thus, the set of 

retrieved cases is generated as an intersection of the set of cases that satisfy the original context and 

the set of cases that  satisfy the context change 6+:  Answer' = Answer f l  Answer.attribute:, where 

Casei E Answer-att ribute: $f sat (Casei, d+). 

Specialization. Specialization involves removing values from a constraint set for an a t  tribute 

defined in a context: Contcxt' = Context - 6-, where d- = {attribuiek.{t'aluek 1 ) .  Thus, the 

set of retrieved cases (Answer') is generated by removing cases that do  not satisfy the restricted 

context from Answer: Answer' = Answer n Answer.att ribute:, where Casei € -4nswer.attribute: 

if" sut (Casei, 6-) . such t hat: sa2 (Casei, 6- ) . 
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retrieveIncremental ( h s w e r ,  Context, CaseBase, LowerLimit, UpperLimit) 
f o r  al1 cases in the CaseBase 

if a case Casej satisfies constraints on attributei then 
add (Casej, Answeri ) 

f o r  d l  attributes in the Context 
Answer = n Answeri 

if  consecutive relaxation-rest rict ion or rest riction-relaxation then 
return (Answer) 

else if ( Answer ( 5 LowerLirnit then 
relax (Context, Category) 
set i \ n swer . a t t~bu te '~  to cases that satisfy the relaxed category 

if reduction then 
Answer' = n Answer.attributei/Answer.attributek 

else i f  generôIization then 
Answer' = h s w e r  n Xnswer-attributeYk 

else if 1 Answer I> UpperLimit then 
if the Context was not previously relaved then 

restrict (Context, Category) 
set Answer-a t t r ib~te '~  to cases that satisfy the relaxed category 
Answer' = Answer n Answer.attribute'k 

retrieveincremental (Answer', Context, CaseBase, LowerLirnit, UpperLimit) 
end 

Figure 5.3: Incremental case retrieual algorithm. Context is initialited with the attributes and con- 
stmints from the input case. Special counters are used to preuent repeating context restrictions and 
relaxations forever. Context tmnsformations modify attnbutes of the ieast important category Jirst. 

Knowledge Management in the TA3 System 

The purpose of this section is to discuss the adaptive and learning components of the TA3 system. 

According to (Simon, 1983) Iearning denotes changes in the systern that are adaptive in the sense 

that they enable the systern to  do the same task or tasks drawn from the sarne population more 

efficiently and more effectively the next time. This rnight require not only new knowledge, but also 

increasing the effectiveness with which the system uses the knowledge it already possesses. Two 

distinct research areas have been developed: (1) acceleration of problem solvers, and ( 2 )  inducing 

concepts from examples. Machine learning rnay be used to improve system performance: either by 

extending the space of possible solutions (irnproving system's cornpetence) or by shortening the time 

required to produce an answer (scalability). However, nothing comes free, and a machine-learning 

algorithm rnay reduce system scalability because of the added computationd complexity, i.e., it will 

suffer from a utility problem (Greiner and Jurisica, 1992; blooney, 1989). In ot her words, there is 

a tradeoff between advantage of storing more cases in a case base, and facing a a more cornplex 

retrieval of relevant cases (further detail on a utility problem are provided in Section 5.5.1). Next 

we discuss bow machine-learning approaches can effectively be used to  improve CBR systerns, to 

improve case acquisition, case base organization and case-based reasoning. We show how TA3's 
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approach to case representation and explanation function support case base management. 

5.5.1 Knowledge Acquisition 

Knowledge acquisition can be considered a simple form of learning - accumulating experience over 

time. Knowledge acquisition in case-based reasoning is iisually an incremental process, new cases 

are added into an existing case base. There are several issues that need to be considered, narnely a 

case base construction and an  optimal size of a case base. 

In the CBR paradigm the distribution of cases in the problem space and their form affects a 

system's performance (both competence and efficiency). T h e  system requires more specific cases to 

cover the same problem space than it would require generic cases. Obviously, there is a tradeoff 

between competence and scalability. The larger the case base, the more problems can be solved. 

However, the Iarger case base results in an increased computational complexity of the case retrieval 

and adaptation algorit hrns. 

Form of a Case Base 

An important issue, related to  representation, is case base construction. As was already mentioned, 

it is not a trivial task t o  decide how to represent a case in a particular domain and what cases are 

worth storing because there is a tradeoff between added competence from new cases and higher cost 

of case retrieval (Minton, 1988a; Hunter, 1989; Francis and Ram, 1993). 

Moreover, the required case representation can be complex, which m&es it difficult to acquire 

a sufficient number of cases for a particular application. These problerns are the main reasons why 

many CBR systerns have relatively smdl  case bases. 

The process of a case base construction can be simplified using the following approaches. A 

case base is created automatically from an existing database. An example of this approach is the 

FGP Machine (Fetch, Generalize, and Project) (Fertig and Gelertner, 1991). The FGP Machine is a 

software architecture that  processes large databases8 and makes the knowledge from them explicit. 

We have used a similar approach in our IVF application (see Section 6.2.1). 

Another approach is t o  use a special intelligent system as an assistant to case acquisition. A 

representative of this approach is the Case-Based Formulation system (Branting, 1992). The system 

is based on the use of previous cases as a mode1 and guide for expressing new cases. .A copy-and- 

edit approach is used, where a frame is added to a case base by finding a similar frame, copying 

it, and modifying the copy. This process can use either single case or multiple cases. The system 

allows a goal specification in order to constrain the matching proces; it is an interactive method, 

automatically insuring consistency with existing collection of related facts with a growing case base. 

* Havever, the current implementation is inadequate to handle case databases of more than 1,000 cases assuming 
10-20 features pet case. The largest test-case-basc consists of 643 cases, each having 3.6 icatures on average. 
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As wi11 be described in Section 6.2.2, it is also possible to populate the case base automatically, 

for exarnple, by using an underlying systern (e-g., forward kinematics task solver, planning system). 

This approach is used to control the coverage of the problem space by cases in a case base, 

TA3 also supports an artificial generation of a case base by adding hypothetical cases, as wiIl 

be described in Section 6.2.4. This approach is used to extend the exîsting small case base. As 

will be shown, system competence can be improved, but the system rnust ensure that no incorrect 

problem-solution pairs are added to the case base. 

The Utility Problem 

It would appear that the more cases are stored in a case base, the better the system's competence. 

However, because of the utility problem (Minton, 1988b; Holder, 1992: Francis and Rarn, 1993; 

Ram and Santamaria, 1993b), the system's efficiency may degrade with increased case base size. 

The reason is that after the case base becomes unmanageably large, it might be easier to solve the 

problem from scratch than io find a best match in a case base and adapt it for current needs. 

One can solve this problern by: (1) limiting the number of remernbered cases and (2) improving 

case storage and retrieval algorithms. Rarely al1 observed cases are worth remembering. The systern 

should determine the effort needed to adapt the case and use it during judging if the case should be 

stored for later reuse or not. A more sophisticated method, based on the same principle, is referred 

to as exemplar-based reasoning, Le., the system remernbers only significant, representative cases - 

exemplars (Kibler and Aha, 1987; Bareiss, 1988; Branting, 1989; Porter, Bareiss and Holte. 1990; 

Aha, 1995). This has an advantage of not decreasing (or decreasing insignificantly) the competence, 

yet irnproving the scalabitity. Even higher level of "pruning' the number of observed cases is used 

when cases are stored only after generalized (Branting, 1989; Jones, 199 1 : Portinale, 199 1) 

Case base management systems cope wit h the u tility probiern by irnproving the algorit hms for 

efficient storage and fast retrieval. This approach is inevitable in the areas where even storing the 

exemplars would cause efficiency degradation. Moreover, even for the exemplar-based systems, case 

base management can help improve system's scalability. This may be required in some applications, 

where resources are iimited or where real-tirne performance is needed (Jurisica, 1996). 

TA3 copes with the utility problem by (1) using variable-context simitarity assessment. (2) using 

an efficient incremental retrieval algorithrn, and (3) by producing approxirnate solutions quickly, and 

improving them if more computationai resources are available. From the last viewpoint, TA3 works 

as an anytime algorithm (Dean and Boddy, 1988). 

5.5.2 Knowledge Evolution 

The purpose of this section is to introduce a notion of knowledge evolution and discuss how is it 

supported in Td3. First, we motivate the need to support a knowledge evolution. Second, we 
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present mechanisms for CBR systems that support gradually-changing knowledge. 

Knowledge evolves regsrdless of Our wishes due to envirorment changes, emergence of new prob  

lems or modification of out goals, user mode1 changes, and evolution of Our understanding of the 

surrounding world by discovering new relationships and principles. Recalling that cases represent 

experience, we need to determine the difference between a priori and a posteriori knowledge. Ac- 

cording to Kant, a prion knowledge is knowledge which esists independent of experience; it is not 

derived from experience, but from a general rule, which was created based on experience (Kant. 

1947). A posteriori knowledge is defined as the knowledge in experience. Using Kant's view. cases 

represent a posteriori knowledge, while generalized cases represent a prion knowledge. 

Kant also divides a priori knowledge into pure and impure, based on their independence of 

empirical knowledge. Pure a pnori  knowledge bas no empirical element, e-g., the statement "Every 

change has a cause" is a proposition a pnori. but impure, because change is a conception which can 

only be derived from experience. 

Furthermore, knowledge is dynamic not static, which should be reflected by the representation 

formalism chosen. On the one hand, instances (or cases) tend to be an efficient representation 

formalism to capture ill-structured domains or knowledge in the early stages of acquisition (Brewer, 

1989). On the other hand. other forms of knowledge tend to be represented in terrns of abstract 

structures, such as rules or case generalizations (Brewer, 1989). It is also observed that the apparent 

changes with age in analogy use. problem solving, and transfer are due not to the development of 

ability in the child but to the acquisition of knowledge. 

Analyzing existing CBR systems, it was observed t hat real- world cases are incomplete, large and 

complex. and that a successful system must support multiple types of knowledge (Pearce et al.. 

1992). It is likely that the case base is created over a period of time and that the case representation 

evolves, as  the problem domain is better understood. Thus, the process of acquiring espertise using 

a CBR paradigrn can be divided into two phases: 

1. During the initial phase, experience is acquired and the first case representation schema is 

defined. Cases are stored in a case base, which is organized to support efficient access. 

2. During the case base maturing phase, additional cases can be acquired, and the schema for case 

representation rnay change. Thus, the case base organization must evolve to accommodate new 

cases and changed schema. In addition, existing cases may be updated using reinforcement 

learning (based on how they are accessed and used). 

rd3 supports knowledge evolution by using explain function. Interactive exploration of the 

domain may reveal that the case representation used is aot sufficient to distinguish some cases, Le., 

cases t hat have similar problem description but different solutions (or outcornes). This results in 

using additional attributes to describe cases, as was the case in IVF study (Jurisica et al., 1998). 



CHAPTER 5. THE TA3 SYSTEM 

Explain function can also be used to find structure in the case representation, i-e., find attributes that 

are relevant during problem solving, and their representative values. This can also Iead to clustering 

a case base into equivalence classes, Le., grouping together cases that are similar in a given context. 

Knowledge evolution is dm supported by the mechanism of forgetting, which is describeci next. 

5.5.3 Forgetting 

Forgetting is a technique that is used to rernove cases that neither improve solution accuracy nor 

extend the problem space. Obviously, candidates for forgetting must be selected according to certain 

measures, so the reasoning potential of the system is not decreased. There are two approaches to 

forgetting: (1)  a particular case may be removed completely from the case base, or (2 )  a particular 

case rnay be stored into a secondary storage. Obviously, the first approach is more radical. The 

second approach improves the competence in most frequent situations. while rare situations are 

solved wit h extra processing required. 

Several heuristics exist that can be used to decide which case is a candidate for removal from a 

case base. An obvious approach is that if a solution for a particular problem is easily adapted from 

already stored case, then the current case is only a supporting case and thus need not be stored. 

Another useful heuristic is based on the idea that if a case base is being developed over period of 

time and the task or context changed in the meantime, older cases rnay be removed, since they are 

not relevant under current situation (Widmer and Kubat. 1993). 

Selective forgetting (Cox and Ram, 1992; Srnyth and Keane, 1995; Watanabe, Okuda and Fuji- 

wara, 1995; Widmer and Kubat, 1993) is one of the techniques used in CBR to cope with improving 

eficiency of the case retrieval algorit hm wi thout decreasing its corn petence. 

Forgetting was not used in the current implementation of TA3 . It is feasible, though, to use a 

"soft forgetting in the robotic domain (see Section 6.2.2) to store infrequently accessed cases in the 

secondary storage to speed up retrieval of frequent robot paths. 

5.5.4 Learning 

The obvious learning method in case-based reasoning is acquisition of new cases, which in machine- 

learning community is referred to as rote learning (or learning by being told). There are, however, 

other Iearning mechanisms that may be sometimes useful. 

Knowledge discovery and inductive learning are used in CBR for supporting case base evolution 

and for finding relevant contexts. Such techniques can be used for uttribute optimization, Le., 

reducing or increasing number of attributes used for representing cases. This process results in 

schema change that may lead to better discrimination among similar cases and improved competence 

due to removal of irrelevant attributes. A related task is to find out which attributes are the most 

relevant when solving a particular task and to find representative values for these attributes. TA3 
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uses the explain function for attribute optimization. 

Another fruitful application of knowledge discovery and inductive learning is case base organi- 

=ation: Efficiency of case retrieval and accuracy of case-based problem solving can be increased if 

reievant cases are grouped (clustered) together. TA3 uses the e-uplain function to  find cases similar 

in a given context. 

After the case base is mature, Le., the rate of new cases being acquired is stabilized, knowledge 

discovery and inductive learning algorithms can be used to generalize the knowledge contained in the 

case base. The generalization of cases can be used for better understanding of underlying principIes in 

a particular dornain and for more efficient organization of a case base into generalization hierarchies. 

Because not aiways enough knowledge is available to form a case base with ideal distribution 

of cases (as can be seen in Figure 5.4), it is beneficial if the system can automatically create and 

evaluate such knowledge pieces. This process is called automatic generat ion of hypot hetical cases. 

One of the possible ways to extend case base autornatically is to  deploy evolutionary learning, namely 

genetic algorithms. It should be noted that such a technique has a limited applicability, since rnany 

domains would not allow for such a possibility due to  their complexity and variability. However, 

as will be shown in Section 6.2.4, in simpler and well-defined domains, applicability of evolutionary 

algorithms for case base enhancement is a viable possibility. In this domain, we showed how the 

accuracy of a case-based classification system may be improved using a crossover f u n ~ t i o n . ~  

Good Diversity of a Case B- 

Figure 5.4: An effect of case diversity in a case base. 

5.6 Chapter Summary 

This chapter described how the theory presented in Chapter 3 has been implemented, and what 

functionality is avaiIable in the TA3 case-based reasoning system. In addition, we have shown how 

the flexible variable-context similarity and similarity-based retrieval algorithm can be extended using 

context transformations to support efficient iterative browsing and knowledge mining. 

A similar approach to  our variable-context similarity-based iterative retrieval algorithm is used in 

sotfier possible operators include dtlet'on, insertion, inversion, translocation, mutation, selection, division and 
connection. 
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the FindMe system (Harnrnond, Burke and Schmitt, 1996). Here, the system supports and  interactive 

tefinement of a set  of retrieved cases by adjusting feature importance. A work by Kolodner (1993) 

on situation assessrnent prob1ern in CBR is relevant to our similarity-based explanation - it concerns 

selectioo of appropriate features that can be used in the query. The feature-selection problem is aiso 

tackled by Cardie for case-bas4 learning of linguistic knowledge (Cardie, 1996)- Lede ' s  work on 

indexing explanations by expectation failures relates to  our relaxation process a n  is applied when 

the initial query does not retum a satisfying result (Leake, 1992a). 

Efficiency of the incremental context-transformation algorithm is achieved by adapting an in- 

cremental view maintenance algorithm from database management systems. Performance of the 

algorithm is evaluated in Chapter 6 and Chapter 7. The former evaluates cornpetence of the system, 

the latter evaiuates its scalability. 

Case base management issues have been discussed t o  relate the needs of CBR systems to knowl- 

edge base management efforts. We considered issues, such as case acquisition, case representation, 

case base organization and case representation (and knowledge) evolu t ion. W e  showed how case 

representation used in TA3 and sirnilarity-based explanation can be used to satisfy case base man- 

agement issues. 

TA3 is irnplemented in C++ and has a text-based interface in the UNIX environment and a 

graphicaI user interface in the MS Windows environment (only for IVF  dornain). Although TA3 

is a generic system in the sense that it can be applied to  different domains and it supports solving 

diverse tasks, some manual steps are required to prepare it for a particular domain. Namely, schema 

for representing cases must be encoded into the main beader file and the system must be recompiled. 

In the next chapter we provide further description of TA3 and its performance evaluation (its 

cornpetence and efficiency) on diverse problem domains. Further system description and outline 

of TA3 deployment as a decision support system is discussed mainly in Sections 6 2 . 1  and 6.2.6. 

Appendix A.6 discusses suitable application areas for TA3 and describes how it can be deployed. 



Chapter 6 

Performance Evaluat ion 

This chapter discusses performance evaluation methods for CBR systems and assesses cornpetence 

o f T d 3  on seveml mai-world domains. (Next chapter eualuates TA3 S eficiency.1 There are many 

accepted benchmarks used in diflerent fields. It is important to  deczde what to measure and how to 

interpret the resdts.  tVe evaluate TA3 ' s  performance and compare it to that of other systems. CVe 

consider both system competence (i.e., solution quality), and system eficiency and scalabilit~l 

6.1 Evaluat ion Framework 

In this section we present relevant benchmarks, discuss issues pertinent to evaluating system per- 

formance, and introduce task scenarios for assessing TA3's competence and scalability. 

6.1.1 Evaluation Measures 

Precision and recall are used to evahate information retrieval systems, while accuracy and coverage 

evaluate machine-learning algorithms. The former benchmarks are used to asses  how good the 

retrievol is, i.e., how much reIevant information is retrieved and how much irrelevant information is 

included. The latter benchmarks are used to measure accuracy of the learned rule and the portion of 

an information base it covers. Next, we discuss bow these measures apply to CBR system evaluation. 

Precision and Recall 

The rnost accepted benchmarks for in format ion retrieval systems are recall and precision . Precision 

can be explained as a measure of avoidance of irrelevant items. Thus, the higher the precision, 

the greater the percentage of relevant items in the set of retrieved items. Recall is a measure of 

completeness of retrieval. Thus, the higher the recall, the smaller the set of relevant items that 
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are not retrieved. Formally, precision and recall are given by: PreMsion = 100 * RelRe t lRe t  and 

Recoll = 100 * RelRet j Rel,  where Ret is the number of retrieved items. Rel is the nurnber of relevant 

items, and Re1 Ret is the number of relevant retrieved items, 

Given the nature of information retrieval systerns, when recall rises, generally precision decreases 

and vice versa. In contrast, variable-context sirnilarity assessment helps to  achieve both high preci- 

sion and high recall. Next, we describe how this can be achieved. 

Two iterat ive ret rieval approaches yield high precision and recall simultaneously : 

1. Conservative approach: The objective is to prevent retrieving irrelevant items, even if some 

relevant items are missed. After the initial set of relevant items is available. we could iterativeiy 

consider neighbors and include only relevant ones (so chat precision is not decreased). This 

approach is appropriate if the user is knowiedgeable in the problem domain, since the retrieval 

proces must be constrained - to eliminate irrelevant matches. and similarity-based - to  retrieve 

relevant neighbors of initial matches. The  conservative approach can be esplained as precision- 

onented retrieval with iterative query tuning to  increase recall, while preserving high precision. 

2. Novice approach: The emphasis is on retrieving al1 relevant items, even a t  the price of 

including some irrelevant ones. Xfter the initial pooI of items is retrieved, irrelevant items are 

iteratively removed. This approach is suitable for novices, Le.. users who do not have initial 

knowledge about the structure of the repository. Thus, they may not specify a query that 

ensures high precision, but using the result and feedback information they rnay iteratively 

prune the set of retrieved items. T h e  novice approach can be explained as a rrcall-oriented 

retrieval with iterative query tuning to increase precision. while preserving perfect recall. 

From the above description it follows that  flexible criteria are required to  guide and control 

retrieval. Usually, information retrieval systems are tuned for specific applications; thus, support- 

ing eit her precision- or recall-oriented ret rieval. Nest, we descri be how variable-context sirnilarity 

assessrnent can be used to support flexible retrieval while ensuring high precision and high recall. 

Variable-context similarity assessment assures that al1 cases that satisfy the current context are 

aimilar with respect to the context. Thus, precision and recall is 100% with respect to the given 

context. However, we have to take into account that the original query may be relaxed or restricted. 

Thus, we make a distinction between precision according to the query (precz'sionq ) and precision 

according to  the user (precision, ). Similady, ive distinguish recall with respect to a query (recallq ) 

from recall according to a user's original request (recall ,  ). 

After making this terminological distinction, we return to the high precision and recall clairn. 

We can prove tha t  preeisionq and recall, is 100%. Horvever, precision, and recall, rnay or may 

not be equal t o  100%, depending on the context. 

Theorem 6.1.1 Context reluxation causes precision, to decrease (or remain the sarne), while con- 
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text restriction causes precision, to tncrease (or rematn the same). 

Proof: 

The proof follows directly from the monotonicity theorern Theorem 3.6.2. 

O 

This has an obvious advantage for the retrieval function, particularly during iterative browsing. 

The explain function uses a similar principle for controlled knowledge mining. 

Accuracy and Coverage 

Because precision and recall assess relevance of retrieved items subjectively they cannot be used for 

a direct comparison between different systems. However, we may evaluate the quality of a retrieval 

system by using accuracy, which is a common measure in machine learning. 

Accuracy rneasures the quality of a classification system, i.e., the probability that a system 

correctly classifies a random item. Given a problem description the system classifies an item into a 

proper category, or predicts a value for its attributes. Some systems use training examples to create 

decision rules to be used during classification. Case-based classification uses past examples directly 

a t  the time of classification. This requires retrieving similar past cases and adapting them to fit the 

current problem's description. 

Case-based ciassification assumes that similar cases have similar ciassification. So if the system 

retrieves strictly relevant cases then classification based on this knowledge would be more accurate. 

Thus, accilracy also rneasures the quality of the retrieval function and the capability of the adapta- 

tion algorithm. The retrieval function ensures high precision and high recall while the  adaptation 

algorithm ensures the proper answer frorn the given set of relevant cases. If a system classifies with 

100% accuracy, it is able to retrieve only relevant cases (assuming that the problem is not trivial). 

The competence of a case-based classification system can be tested by removing test examples 

from a case base and trying to determine their attribute values (for example, classification for a 

case). Thus, we have an objective relevancy measure - a deviation between the actual suggested 

value can be expressed. This method is called leave-one-ouf, meaning that the system does not use 

the particular case during the reasoning process. 

Although accuracy addresses the issues of recall and precision - dependency on subjective rel- 

evance rneasures - there are still obstacles which prevent us from direct cornparison of accuracy 

results from one system and one domain to other systems, working in different domains, This is 

caused by the fact that accuracy is system and dornain dependent: 

1. System dependency: A better system achieves better accuracy. A system achieves a higher 

competence when onty and al1 relevant knowledge is retrieved, compared to a system with low 

precision and/or recall. 



2. Domain dependency: Some domains are inherently complex and this affects system com- 

petence and scaiability. If the domain is not complete or there are missing attribute values in 

the case description, then even a well-designed system may have poor competence. 

Due to domain dependency, there is a need to compare individual systems on the same problem 

domain or to devise measures that determine the complexity of the particular domain. Kononenko 

and Bratko suggested a fair evaluation criterion to measure classification accuracy (Kononenko and 

Bratko, 1991). The study was motivated by the fact that a simple cornparison of classification 

accuracy might be misleading. Assume a domain with two classes. where 95% of al1 cases belong to  

one class. Then. a simple majority rule would have 95% accuracy with 5% misclassifications. 

Several domain characteristics affect classification accuracy (Kononenko and Bratko, 199 1): num- 

ber of instances and target classes, number and types of attributes per instance, correlation of at- 

tributes to target concept disjuncts, distribution of instances among concepts. amount and type of 

noise present, and informativeness of the domain. 

.4 perfect classifier achieves 100% accuracy. According to measures presented by Kononenko and 

Bratko, a perfect classifier in a 2-class domain is taken as a reference point (Kononenko and Bratko, 

1991). With an increased number of classes in a domain, the percentage of correct classifications 

might drop. Using these measures, a classifier is perfect if in a dornain with more t han twenty classes 

it achieves at  least 25% accuracy. 

In such domains it is necessary that the systern "knows" its boundaries and will not produce an 

incorrect answer. This issue strongly depends on the application domain and on system architecture. 

If the application is mission critical, then producing a wrong answer is usually much worse than not 

producing an answer at all. If the system is a stand-alone application, then not producing an answer 

means giving no help t o  the user. However, if the system works as a component of an underlying 

reasoner, (e-g., robot pat h planner) t hen not producing an answer might just delay the final solution. 

High accuracy is easier to achieve when the system covers depth rather than breadth of a par- 

ticular problem domain. We can select most appropriate problem by an "80-20 rule-.' Coverage 

measures the portion of the problem domain where the highest accuracy is maintained. 

6.1.2 Issues to be Addressed 

In order to evaluate system performance one must decide what da ta  sets to use and what measures 

to consider (Aha, 1992b; Buchanan, 1995). In the previous section we discussed precision, recall and 

accuracy performance measures. Here we describe some key issues: 

'8(1-20 mle refers to the fact that usually, 20% of problems occur 80% of the time (or cause 80% delay/cost). Thus, 
when designing a decision support system, it is best to address a smdl set of problems that have the biggest impact. 
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Relevance. There are many defini t ions of relevance. W hat is reIevant for one user (or in one 

situation) might not be considered relevant for ariother user (or in another situation). 

Goal of retrieval. Users might prefer precision- or recaI1-orientai retrieval. 

Domain dependency. Both system cornpetence and scalability depends on the characteris- 

tics of the dornain (nurnber of instances and types of attributes per instance, distribution of 

instances, etc.) 

Relevance 

in different domains and for different systems there are distinct definitions of relevance (Greiner, 

1994). Moreover, what is relevant in one situation, or for one user, may or may not be relevant in 

another situation, or for another user, (Jurisica, L99'T). To handle both issues, the retrieval system 

should support dynamic definition of relevance. Assuming that a relevant item is a useful item, 

variable-context similarity-based retrieval helps achieve the needed flexibility. However, assessing 

the relevance may not be straightforward because one could rneasure it with respect to: 

user's be1ief - a domain expert (or a panel of experts) will decide which items are relevant, 

given a particular information base, task, and a query; 

initial query - regardless of the user's beliefs, the query is assurneci to define relevance; 

automatically relaved or restricted query - if the initial query did not retrieve the required 

quality and/or quantity of items, then it is transforrned, which changes the relevance. 

Measuring relevance with respect to a user's belief is difficult, since the user's intentions might 

not be expressible by the available query language or in a scherna used. Thus, two repository items 

might be believed to  be distinct, yet their representation couid be the same. This rnakes retrieval 

diEcult because both items would be tecalleci a t  the same time but one of them could be irrelevant. 

Relevance can be measured directly with respect to the query. If the query is not relaxed or 

restricted, the system retrieves only (and all) relevant items. Note that if retrieval is iterative 

(query-by-reformulation) and the representation schema is sufficiently rich, the initial query should 

converge to the user's belief. 

Measuring relevance with respect to a transformed query is needed during iterative browsing. 

Generally, automatic relaxation decreases precision, while user-guided relaxation rnay not. 

One way to overcome the subjectivity of relevance measures is to use simple cross-validation (the 

leave-one-out method) .' Although double cross-validation3 is a bet ter estimate of act ual system 

' ~ h i s  methods specifies that we test the procedure on data different frorn those used to choose its numerical 
coefficients (Mostetler and Tukey, 1977). Thus, in a CBR system, a case is selected at random to be a query, and its 
attributc values are predicted based on cases frorn a case base. 

' ~ c c o r d i n ~  to this method the procedure on data different both from those used to guide the choice of its form 
and those useci to choose its numerical coefficients (Mosteiter and Tukey, 1977). 
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performance on real problems, simple cross-validation is appealing, since relevance is defineci. More- 

over, if the retrieval component is a pre-procesing module of a reasoning system (e-g., classifier, 

diagnostic system) then prediction accuracy can be used to measure retrieval process quality. 

Goal of Retrieval 

The goal of retrieval might change for different tasks (Gravano, Garcia-Molina and Tomasic, 1994). 

Retrieval can be either precision- or recall-onented. In precision-oriented retrievai, the emphasis is 

put on retrieving only but not necessarily al1 relevant items, provided that no irrelevant items are 

retrieved. Recail-oriented retrieval emphasizes recalling al1 relevant items, Le.. irrelevant items are 

accepted as Iong as no relevant items are rnissed. 

Traditional information retrieval systems support either recall- or precision-orienteci retrieval. 

Thus, we ttade off high recall for low precision and vice versa. Flexible retrieval systems should 

support both precision- and recall-oriented retrieval. since different users have different preferences, 

and these preferences may change over time while solving diverse tasks. The TA3 system achieves 

flexibility by supporting two relavation strategies - reduction and generalization (see Section 5.32).  

Consecutive context relaxations Iead to iterative browsing, which increases precision while preserve 

high recall (Chu e t  al., 1996; Gaasterland, Godfrey and Minker, 1991; Jurisica and Glasgow, 1997). 

Domain Dependency 

From Our esperience with several problem domains (Jurisica and Glasgow, 1997) we have deterrnined 

that system performance depends on the size and structure of the domain (both competence and 

efficiency is affected). On the one hand, if the schema for the domain is rich (i.e, it has sufficient 

inforrnativeness), then individual items are separable and the performance results show the system's 

actual capabilities. On the other hand, for low informativenes, retrieval is negatively affected. 

This raises an  issue of how to compare individual systems. Unless they are evaluated on the 

same domain and using the same queries, the comparison is not an exact measure of their respective 

competence. Usuatly, sharing a real repository by various parties is not possible. This problern rnay 

be diminished by studying the structure of a real-world repository and then generating an  artiticial 

repository with equivalent characteristics (Aha, 1992b). This makes performance evaluation more 

controllable and enables the evaluation of several systems under the same conditions. An alternative 

is to use a domain independent measure of classification accuracy (Kononenko and Bratko, 199 1). 
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6.1.3 Hypothesis and Scenarios 

Our hypothesis is that the proposed system can be used as a flexible decision support system for 

the following t a ~ k s : ~  

1. Classification: using variable-context similaritÿ assessment and an  attribute-value pairs r e p  

resentation of cases diminishes the effect of irrelevant attributes on system performance - 

corn petence and efüciency. Thus, higher accuracy can be achieved. 

2. Prediction: similari ty- based retrieval can be used to access relevant past experiences, which 

in turn can be used to suggest attribute values for a case. 

3. Knowledge discovery: variable-context similarity assessment helps to organize domain 

knowledge by gouping relevant a t  tributes toget her and identifying representative values for 

these attributes. 

4. Case base organization: variable-context similarity assessment can hel p identify equivalence 

classes of cases; depending on a given context, different sets of cases would be considered 

relevant . 

5. Information retrieval: variable-contest similari ty assessrnent can im prove ret rieval from a 

(software) repository by recalling relevant information even if the user cannot specify the query 

completely and precisely. In addition, incremental context transformation supports iterative 

browsing and helps the exploration of the neighborhood of a given repository item. 

FolIowing sections evaluate the cornpetence of TA3. In the next chapter we evaluate TA3's 

efficiency. CVe show how it can be applied to different domains and support decision malcing in diverse 

tasks: ( 1 ) prediction in medicine - suggesting a cost-effective treatment for in uttro fertilization (IVF) 

patients mithout compromising the treatment outcorne (Jurisica and Shapiro, 1995; Jurisica e t  al., 

1998); (2) learning control - solving the inverse kinernatics task for a three-link spherical, angular 

robot (Jurisica and Glasgow, 1996b; Jurisica and Glasgow, 1997); (3) classification into a continuous 

class - predicting the rise time of a servo-mechanism in terms of two (continuous) gain settings and 

two (discrete) choices of mechanicd Linkages (Jurisica and Glasgow, 1996b; Quinlan, 1993); (4 )  iris 

flower classification; (5) letter recognition ( Frey and Slate, 199 1; Jurisica and Glasgow, 1997) ; and 

(6) software reuse (Daudjee and Toptsis, 1994; Jurisica, 1997) - similarity-based retrieval of software 

artifacts. 

We compare quality of solutions of the TA3 system to other learning algorithms that have 

been applied to the sarne domains for the same ta&. In addition, we evaluate TA3's competence 

Additional details on applications arcas for the TA3 systern are presented in Appendix A.6. 



characteristics by using various adaptation techniques and by varying the relaxation process. For 

such an evaluation we pose the following hypotheses: 

1. Generalization yields more accurate classification t han reduction. 

2. Reduction using attributes grouped only to one category yields l e s  accurate ciassification 

compared to  reduction when attributes are sensibly grouped into several categories. 

3. Genetic algorithrns can improve the system's cornpetence by enlarging small case bases. 

Case Studies 

Here we discuss performance evaluation of TA3 on diverse dornains - medicine. robotics, botany, 

pattern recognition and software engineering. We also evaluate 743's applicability to various tasks - 

predict ion, learning control, classification, recognition, knowledge rnining and information retrieval. 

6.2.1 Prediction and Knowledge Mining in IVF 

Here, we evaluate performance of the retrieval and esplain functions on the IVF domain (described 

in Chapter 4) in terrns of the quality of results the system can achieve. 

Evaluation of the Retrieval Funct ion 

To evaluate prediction accuracy statistically, we conducted a series of tests, similar to  the examples 

presented above. In order to get objective results, we used "leave-one-out" testing and conducted 

a series of randorn evaluations with 95% confidence intervals. The  performance evaluation process 

was carried out by repeating the following steps: ( 1 ) select a random case and use it as a query- 

by-example; (2)  retrieve relevant cases and order them according to similarity and the pregnancy 

outcome using pregnant patients as positive examples and other patients as negative examples; (3) 

compute an average value for the hormonal therapy frorn positive examples. 

The results presented in Table 6.1 cover the first stage of prediction, Le.. predicting the hormonal 

therapy. Prediction accuracy was averaged over 20 random trials with a 95% confidence level. 

Predicted Attribute -4vemge ilbs. E m r  Relative E m r  
NOMMG 3.2 f 1.98 0.15 f 0.09 
DAYHCG 0.9 f 0.558 0.07 f 0.04 

Table 6.1: Accumcy of predicting hormonal thempy. Average and absolute e m r s  between suggested 
and actual values for the tmatment, namely da y of human chorionic gonadotmphin adnzinistmtion 
(DA YHCG) and the nurnber 01 ampoules of human menopusal gonadotmphin (NOHMG). Statis- 
tical results with 95% confidence leuel. 
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During the process of predicting the pregnancy outcome, the system achieved an accuracy of 

60.6%, averaged over 20 random trials. The accuracy of predicting pregnancy outcome was increased 

to 71.2% when 15 additiond a t t r ibuts  were used, narnely a series of estrogen (E2) values. This 

result is important to note. First, it suggests that the knowledge about IVF (and other complex 

domains) evolves over time. Second. it shows that as more information becomes available (i.e., as 

the informativeness of the dornain increases), system cornpetence also increases. 

Evaluation of the Explain E'unction 

Knowledge mining in TA3rvF is user-directed, Le.. the user specifies the context and recail, , which 

constrain the search space. TA3[vF uses context reduction to organize cases for flexible retrieval, 

which in turn improves prediction accuracy and scalability. Moreover, new relationships among 

attributes rnay be discovered, and the case base cari be structured into clusters of reIevant cases. 

In Td3rvF, the user poses a focused query, for exarnple "What do most pregnant women have 

in common?", and the system finds a context which makes a given class of cases similar. Thus, 

TA3rVF finds salient at tributes and values for these at tr ibuts,  Le., a generalized interpretation 

of a given set of cases. This process is user-directed, interactive and possibly iterative. The user 

specifies the query, which constrains the search space, and the threshold T, which represents the 

certainty factor. The initial query is evaluated to produce a subset of the case base (e.g., find cases 

where P REG : Y and ABORTION : X ) .  Then, cases within the selected group are analyzed to 

produce a case interpretation that guarantees coverage T (e.g., a t  least T% of cases have protocoi 

PROTl : 1,2). The result is confirmed by an alternative query (e-g., for cases where PREG : Y 

and -4BORTION : kc determine P ROT1 : 1,2). 

Table 6.2 shows partial results of knowledge mining on the set of patients that become pregnant 

and did not abort. The first column displays the initial context, selected from the first case in the set. 

The second column shows a modified context that satisfies the threshold T 2 50%. Attribute values 

that achieve high coverage with minimum constraints are likely to be good predictors for pregnancy. 

Attributes with lower coverage, i-e., high variance in their constraints, are not good predictors of 

pregnancy. As illustrated, some value constraints were relaved to define a stronger pattern5 (i.e., 

DIAGIVUSISI), some remained unchanged (Le., PROT), and some were changed, since the initial 

value did not satisfy any of the selected cases (Le., PROTI). 

The coverage gives u s  the level of uncertainty for a particular attribute. It should be noted that 

the algorithm also confirms the result by evaluating alternative queries, such as pregnant patients 

with abortion. For the result to be a good predictor, this is necessary - specifying PROTI: O for 

ail pregnant women without abortion could also mean that in the cases matched al1 patients had 

PROTf:  O, even those without abortion. Using an alternative query showed that pregnont women 

5A stronger pattern is an attribute constraint that satisfies the coverage threshold and has rnitiimal variance. 
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Table 6.2: The context discovery function. initial and final contexts for the class of pregnant patients. 
Initial context rnay renzain unchanged if oalues for a gzven attribute satisfy the couemge constmint. 
New constmint rnay be cmated ifold values are completely OB. A constraint may be shifted to increase 
the couemge, or the constmint rnay be shrank to  make it stronger. 

with abortion had PROTl: 1 in 66% of the cases. Similar results have been obtained during a 

physician's interaction with the system. 

The knowledge discovered was used to: (1) organize attributes into categories. (2)  specify the 

context, and (3) generalize or specialize attribute value constraints. Thus,the classification accuracy 

obtained by TA3rvF serves as a measure of the knowtedge discovery ability. 

Change 
stronger pattern 
stronger pattern 
no change 
coverage increase 
no change 
new const raint 
no change 
no change 
new constraint 
shifted constraint 
new constraint 

6.2.2 Inverse Kinematics Task 

Contezt Discouered 
51%: tubal 
62%: 1 
72%: O 
79%: 1-2 
89%: LF 
100%: O 
65%: 20-30 
62%: 1418,2437 
-55%: 12-13 
65%: 9-1 1 
5.5%: 1415 

Attribute Nome 1 lnitial Context 
r DIAGNOSIS ( 82%: vendo, tubal 

Here, the task is to compute the angles of the joints on a robotic arm so that the end-effector 

coordinates will reach a desired position. This task is computationally intractable for complex 

systems. The complexity increases with the number of robot arms: with just two arms and no 

additional constraints, there are a t  least two solutions for the inverse kinematics task. Hencc. other 

methods are used to approximate the solution or to  constrain the task. Approximation methods 

include fuzzy and neural net controt (Tzafestas, 1995; BaIakrishnan and Weil, 1996). T h e  search 

space can also be constrained by limiting the energy consumption, masimizing the speed or the 

accuracy. Due to the practical nature of t hese problems, data availability and objective relevance 

measure, similar tasks have been used t o  test machine-learning algorithms (Aha and Salzberg, 1994). 

We used an existing robot as an example. The inverse kinematics task covers a non-linear 

phenornenon - predicting the joint angles for the three-link spherical, angular robot when given 

desired end-effector coordinates. A spherical, angular robot is a universal robot with a large working 

area (see Figure 6.1). The  robot's parameters are presented in Table 6.3, where Li, L2, LJ are the 

lengths of the links, pl, <pl, p~ are the angles between these links, which may have different ranges. 

The equations that compute the end-effector coordinates P (forward kinematics task) are: 

DiAGNOSISl 
DIAGNOSISZ 

79%: 1-4 
72%: O 

NO-CYCLE 1 37%: 1 
P R O T  
PROTl 
BCP 
NOHMG 
DAYHCG 
ENDOHCG 
CYC-OPU 

89%: LF 
0%: 1 
65%: 20-30 
62%: 1418,2437 
13%: 14-15 
20%: 8-10 
12%: 16-17 
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Figure 6.1: Spheric angular robot. L 1 ,  L 2 ,  LJ are the lengths of the links. p l ,  p , p 3  are the angles 
between lhese links, which may have dafferent ranges, 

Table 6.3: Robot chamcteristics. 

The inverse kinematics computation may not yield only one solution. Moreover, cornplex kine- 

rnatics structures may not have an analytical solution. This would require some optimality criteria 

to be defined. The other possibility is to use previous knowledge and cornpute only increments from 

the current position. NevertheIess, the equations for inverse kinematics of a piven robot are: 

$93 

(-150". 0") 

PY pi = arctan - 
Pr 

Pz - L1 45; - LJ + P; + P;'+(Pz2-  L I ) ?  
= arctan d= =t: arccos 

+ P; i- (PI? - L ~ ) ?  

L1 
0.203 m 

The obvious need for the inverse kinernatics task is during planning - the robot's end-effector is 

L3 
1.178 rn 

L 2  

0.178 m 
'PI 

( - g o 0 ,  g o 0 )  
$3 

(-35O, 1-15') 



at point .Y and ne& to be moved to point Y. For example in welding, the usual task is to foliow 

a particuiar curve during the process. Thus, the inverse kinematics equations must be computed 

reasonably fast. We propose that by storing solutions to the inverse kinematics task and using CBR, 

a reasonable cornpetence can be achieved. Furthermore, we can accommodate acquisition of new 

experience and t hus improve system cornpetence over t ime. 

Case Base 

Since we have the robot parameters and the necessary equations, we create several databases using 

different criteria (varying database size, distribution of instances, etc.). The case base for solving 

the inverse kinematics task can be characterized as follows: 

2,000 cases; 

9 attributes per case: 

.Utribute Name 

- 

length of the first link 

Description 1 TYP 
- - - - - - - - 

Pr 

pv 

PZ 

length of the second link 
' 

length of the third link 

base angle 

shoulder angle 

elbow angle 

coordinate frame 

float 

float 

- . - - - - 

x coordinate of the end-effector 

y coordinate of the end-effector 

z coordinate of the end-effector 

float 

float 

ff oat 

float 

float 

In the first experiment the whoie case base was created uniformly, i.e., al1 2,000 cases were 

uniforrnly distributed over the working space of the robot. This is useful for off-line learning to 

guarantee a reasonable answer in any possible situation. 

The other possibility is to  generate cases randomly. This is not usefuf in general because in a 

real-wcrId environment there are no random moves of the robotic arm. 

The last possibility is to  use learning-by-observation, Le., to produce cases during normal oper- 

ation of the robot (Kuniyoshi, Inaba and houe, 1994). The problem is that this approach requires 

on-line operation. Furtherrnore, the working space may not be represented evenly. Thus, the sys- 

tem can operate only in situations similar to the ones observed during learning. The cornpetence 

degrades when the task is changed. On-line learning may expand the case base generated ofMine. 



Evaluation of the Retrievai Function 

During performance evaluation we varied several parameters, such as size of the case base, density 

and distribution of individual cases. In addition, we used various adaptation techniques and applied 

different relaxation processes. 

E.uperiments were conducted using different criteria to select relevant cases. In general. case 

representation was organized into three Tetos-style categories, one of which contained the class. An 

example of a context is shown in Table 6.4. During evaluation we used simple cross-validation (leave- 

one-out method) and we computed significance intervais and variances from the average values over 

10 random trials (see Table 6.5). 

Table 6.4: The inverse kinematics task - ..ln example of a specijïc context. 

Relaxation 
reduction 
reduction 
reduction 

reduction 
reduction 
reduction 

Category 
1 
1 
1 

2 
2 
2 
3 
3 
3 

Table 6.5: The inverse Iinematics task - absolute and relatiue e m r s  on mbotic data using simple 
cross-validation; auemge over 20 mndom trials (93% confidence intervals). 

Only reduction was used during context relaxation in TA3Robot 1 (i.e., for the first two categories, 

only m-of-3, 1 5 r n  5 3, attributes were required to match). Td3Roboc 2 used generalization of 

attribute value constraints first, and if this failed, then reduction was performed. Thus, attribute 

values were relaxed using numerical proximity, where increments for generalization were chosen 

based on other attribute values for the same attribute. It is interesting t o  note that ~ ~ i 3 ~ ~ ~ ~ ~  1 

outperformed Td3Robot 7, although the former uses a domain-independent rela.xation method. 

Attnbute Name 
P .  
Py 
pz 

LI 
L2 

L3 

Pl 
Y2 
9'3 

Relative Error 
~ 3 1  1 $3 1 9 3  Met h od 

Attribute Value Constmint 
-0.1 18510 
0.031099 
0.217709 

0.203000 
O. 178000 
0.178000 

4, 
D V 2  

4, 

floemge Absofute E m r  
0 1 I ~ 3 2  1 493 
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We used a freely available learning control data set,6 which has been used as a test set for various 

machine-learning algorithms (Quinlan, 1992). Servo data addresses a non-linear problem: predicting 

the rise time of a servomechanism in t e m s  of two (continuous) gain settings and two (discrete) choices 

of mechanicar linkages. Thus, the rise tirne is the class with infinite number of values. 

Case Base 

The servo data set can be characterized as follows: 

0 167 cases; 

0 5 attributes per case: 

-- - 

1 screw 1 A,B,C.D,E 1 

-4ttribute iVame 

motor 

Altribute Values 

A,B,C,D,E 

1 vgain 1 1,2.3,4,5 

pgain 

1 class 1 real number from 0.13 to 7.10 1 

3,4,5,6 

Al1 attr ibuts in the case are placed into three categories: (1) - motor and screw; ( 2 )  - pgain 

and vgain; and (3) - n'se tirne. Table 6.6 shows a context example used during case retrieval. 

Table 6.6: Servo rnechanism dornain - Context example. 

Category 
1 
1 

2 

Evaluation of the Retrieval Function 

&thbute Name 
motor 
screw 

pgain 

Attribute Vulue Constmint ' 
{A? BI 
{C, D I  

2 
3 

Although this is not a cornplex or large domain, it is of interest to us, since various machine-learning 

Relaxation 
reduction 
reduction 

-- 

2 

Drisc rime 

- 

vgain 
rke tirne 

algorithms have been evaluated and compared with respect to it. Table 6.7 summarizes results 

4 1 rduction 
reduct ion  

for the Td3s,,,, and other machine-learning techniques, obtained by using simple cross-validation 

(leaveone-out method) and averaged over 10, 40 and 60 random trials respectively, 

'A descriptionof the datasct, and refercnces to resultsobtained with other macfiine-learningalgorithms is available 
at ftp:ics.uci.edu:pub/macfiine-leôniing-programs/servo/. 



Relative E m r  1 
1 .O0 
0 .26 
O -49 

Method 

Guessing mean 
Instance- based 
Renression - 
Mode1 trees 
Neural nets 

Average Abs. E m r  
1.15 
0.52 
0.86 

Regresion+instances 
Mode1 trees+ins t ances 

0.45 
0.30 

I J 

Table 6.7: Servo-mechanism domain - Absolute and relatiue e m r s  on servo-data using simple cmss- 
validation; average ouer EU mndom trtals. 

0 -29 
0.11 

0.48 
0.30 

--- - -  - . 
TA~s,,, ,  1 (60 trials) 
'TJ€~~, , , ,  (40 best triais) 

Td3servo 1 uses generalization where only the motor attribute is relaxed and only to the left side 

(e.g., B is relaxed to .A or B). TA3servo 2 applies generalization only on the motor attribute. but 

in both directions (e-y., B is relaxed to rl or B or C ) .  It should be noted that relaxing -4 and E in 

both scenarios is equivalent - relaving upwards. In situations where the initial relaxation does not 

yield a result, we can apply reduction on an atrribute category that includes motor and screw. We 

can then apply reduction on attribute category with pgain and vgain. 

0.20 t 

O. 17 

0.073 
0.085 

TA~S,,,, 1 (60 trials) 
Td3c,,,,, 1 (40 best trials) 

0.118 
0.111 
0.09 
O .O09 

Table 6.8: Impmvement O/ TX3s,r,o 2 ,  6 IO- WCV m e r  neural nets + instance-based and plain 
instance-based approaches. 

0.056 
0.006 

It is not sufficient in general to determine performance of different systems by direct error com- 

parison. Table 6.7 lacks statistical evidence - there is no information on either the confidence in the 

results, the significance of the errors, or the confidence intervals. Thus, we conducted a statistical 

evaluation of Our system, which is presented in Table 6.9. 

Tables 6.8 and 6.9 show that it is advantageous to be able to change the relaxation strategy, and 

dso  that the servo domain has better informativeness than the IVF domain. Moreover, we can see 

that not even 40 trials is enough for 99% confidence with a reasonably srnaIl confidence interval. 

Relative Error 

4.6 tirnes 
1.96 tirnes 

t Method 

Instance- Based 
Auemge Abs. Error 

9.29 times 
NN + Instance-Based 1 3.2 times 
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Table 6.9: Simple cmss-validation - results auemged ouer 40 and 60 mndom trials O ~ T A ~ ~ , , , ,  , 

Methai 

7 d 3 s e r t t o  1 (60) 
7;43se,,, 1 (40) 

6.2.4 Iris Flower Classification 

The iris flower data set is publicly available on a machine-learning database serveraï The data set 

Auemge Abs. E m r  
99% Confidence 1 95% Confidence 
0-1 18 f 0.042 1 0.118 f 0.032 
0.1 11 f 0.051 I 0.11 1 f 0.038 

was used to test various machine-learning algorithms, mainly for classification and feature selection 

(Cheeseman et al., 1988: Wettschereck, Aha and Mohri, 1995; Ricci and Avesani, 19%). 

Case Base 

Relative E m r  

The iris data set contains three classes of 50 instances each. where each class refers to ~r type of iris 

99% Confidence 

0.073 f 0.032 
0.085 f 0.043 

plant. Only one class is linearly separable from the other two. Given fmr  numeric attributes, the 

95% Confidence 

0.073 f 0.024 
0.085 f 0.033 

task is to predict the class of iris ptant. The data set can be characterized as follows: 

150 instances; 

.5 attributes per instance; 

class distribution is 33.3% for each of the three classes. 

1 Attnbute :Varne 1 -4ttribute Values 1 
1 sepal length 1 4.3-7.9cm 1 

Evaluation of the Retrieval Funct ion 

sepal widt h 

petal length 

petal width 

iris plant 

We tested the retrieval function by measuring classification accuracy. Given the four attributes, the 

system predicted the class of the iris plant. We focused on testing the cornpetence of the system, and 

how it is influenced by the the following factors: ( 1 ) attribute category membership; (2 )  relaxation 

strategy; (3) case base size; and (4) genetic aigorithms. 

2.0-4.4 cm 

1 .O-6.9 cm 

0.1-2.5 cm 

Iris Setosa, Iris Versicolour, Iris Virginica 

?A description of the data set and references to results obtained with other machine-learning algorithms are 
available at ftp:ics.uci.edu:pub/machine-learning-programs/iris/. 



In order to demonstrate the capability of the systern, we grouped attributes into three categories: 

ctass, sepal and petal measures. We also used a representation, where al1 attributes but class were 

put into the same category. In addition, we tested severd relaxation scenarios: 

0 First use generalization; if no classification is possible, apply reduction as well. 

0 Use reduction only - we tested two modifications: ( 1) with three categories per instance; and 

(2) with two categories per instance. 

We performed tests with various case base sizes: first using a complete case base, t hen a case base 

with randomly removed cases. We also tested how a genetic algorithm affects cornpetence. when a 

cross-over function enlarges a case base. In t his experiment (referred to  as the  cross-over 

point was chosen by separating the first two attributes from the rest of the case description. 

Table 6.10 summarizes performance on the basis of ten plant descriptions selected a t  random. It 

should be noted that al1 incorrect or undecided classifications occurred for the Iris Virginica pIant. 

Some of the classifications required several iterative relaxations; first, category O was relaxed, then 

category 1, and finally bot h categories were relaued. During generalization, additional reduction 

was required only once. The system used only simple generalization - immediate neighbors of an 

attribute value were used as interval borders, Le., 1.2 would be relaxeci to  a range from 1.1 to 1.3. 

Iris 150 

I 

1 00% 
0% 
0% 

Classification Generalizat ion 

- - 

I 
. 

90% 1 50% 1 90% 1 Correct 1 

Reduct ion 
3 Cateaories 1 2 Cateoories - - I I .. 1 

- - 

80% 
0% 

20% 

Correct 
Incorrect 

Undecided 

Table 6.10: Iris dornain for various case base sizes - classification accumcy on pmdzcting the class of 
iris plant, using simple cross-validation; avemge ouer 10 mndorn trials (95% conwence intervals). 

90% 1 Correct 
10% Incorrect 
0% 1 Undecided 

Iris30 

80% 
20% 
0% 

100% 
0% 
0% 

Correct 
incorrect 

Undecided 

100% 
0% 
0% 

0% 
10% 

As hypothesized earlier, generalization achieves 100% accuracy on al1 case base sizes, except 

60% 
0% 
40% 

- 

when the genetic algorithm was used to  enlarge the case base. Even then, however, the system 

40% 1 80% 
0% 20% 

0% 
30% 

60% 0% 

L 0% 
0% 

Incorrect 
U ndecided 
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did not produce an  incorrect classification, instead it returned an "Undecided" answer. Reduction 

fields l e s  accurate classification when attributes are grouped only to one category. compared to 

reduction when attributes are sensibly grouped into several categories. Although accuracy is lower 

when al1 attributes are grouped into three categories, the important distinction is that the system 

does not produce incorrect classification as i t  does when ooly two categories are used. This feature 

is especially useful for critical - e-g., medical - applications. There is a slight improvement in 

competence when the case base size is increased by a genetic algorithm (see the cornparison of Irisso 

and 

A hybrid reasoning system that combines CBR and genetic algorithms was tested on this domain 

(Skalak, 1993). The  author reports above 95% accuracy with less than 5% of al1 cases, by using 

only prototypical cases. Fertig and Gelertner (1991) report 76.6% accuracy on the same da ta  . Ricci 

and Avesani (1995) report accuracy of 92.8%. They also report that the initial case base size can 

be reduced using an asyrnmetric anisotropic sirnilarity metric algorithrn, while preserving the same 

accuracy. It should be noted that using TA3's similarity-based retrievaI reduces the nurnber of cases 

in the case base five times. while preserving 100% accuracy with generalization. 

Evaluation of the Explain Function 

We evahated the explain function on the feature selection problern, using the same da ta  set. The 

task is to  reduce the number of features that  describe data, while not decreasing the competence 

significantly ( Aha and Bankert, 1995; Wet tschereck, Aha and Mohri, 1995). 

The explain function selected petal measures as important features for classification. Sepal 

measures were not linearly separable and thus could not be used aione for classification. It should 

be noted that the system did not create class characteristics for LOO% coverage, since the second 

and third iris plant class cannot be separated. Instead, the border was found to be in between. If 

only one petal measure attribute is used for classification, then some Versicolour plants would be 

classified as Virginica and vice versa. This problern can be diminished in one of the two ways: 

1. If the border values are separated completely, the accuracy would be increased. However, the 

system would not be able to recognize the border cases. 

2. If both petal measure attributes are used during classification, accuracy is increased and the 

coverage is not decreased. 

By choosing either method, the system can be fine-tuned to be recall- or  precision-oriented. The 

final decision on system configuration depends on the task for which classification is perforrned. If 

on the one hand, the system is supposed to  give an informative classification, then the recall-oriented 

approach would be more suitable. Thus, classes can be overlapped, provided that  coverage improves. 



On the other hand, if the task is critical, then a precision-oriented approach is preferred. In such 

situations, classes shoutd be separateci completely, even a t  the price of decreased coverage. 

6.2.5 Character Recognition 

The character recognition domain is publicly available data set.8 The  da ta  set was used to test 

various machine-leaming aigorithms (Frey and Slate, 1991; Aha, 1992b). The task is to identify 

each of a large number of black-and-white rectangular pixel displays as one of the 26 capital letters 

of the English alphabet. The character images are based on 20 different fonts. Each Letter within 

these 20 fonts was randomly distorted to produce a file of 20,000 unique stimuli (Frey and Slate, 

1991). Each stimulus was converted to 16 primitive numerical attributes which were then scaled to 

fit into a range of integer values from O through 15. Most of the systerns that used this data set 

were trained on the first 16,000 items. Accuracy is measured by applying the learned mode1 to the 

remaining 4,000 letters for letter category prediction (Frey and Slate, 1991; Xha, 1992b). 

Case Base 

The character recognition data set can be characterized as follows: 

O 20,000 instances; 

O 16 attributes per instance (type of attributes: integer 1..16): 

description of the data set and references to  results obtained with other machine-learning algorithrns are 
available at ftp:ies.uci.edu:pub/machine-learning-programs/letter. 
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Class: letter 1 26 letters 1 A ~ O Z (  

horizontal position of a box 

vertical position of a box 

width of a box 

1 total number of pixels 1 integer 1 1 - 1 5  1 

- - -. - - 

integer 

height of a bos 

-- 

1 - 15 
t 

integer 

integer 

mean y of on pixels in a box ( integer 1 - 1.5 
I I 

1 - 15 

1 - 15 

I 

integer 

mean x of on pixels in a box 

1 - 15 

- -- 

integer 1 - 15 

rnean s variance 

1 correlation of x-edge with y 1 integer 1 1 - 1 5  1 

mean y variance 

mean x y correlation 

mean of x * x * y 

r n e a n o f x * y * y  

mean edge count left to right 

integer 

0 nurnber of target classes: 26; 

1 - 15 

integer 

integer 

integer 

integer 

integer 

mean edge count bottom to top 

correlation of y-edge with x 

0 number of prototypes per class: 20; 

1 - 15 

1 - 15 

1 - 15 

1 - 15 

1 - 15 

0 distribution of instances arnong concepts: uniform; 

integer 

integer 

distribution of instances among prototypes: normal. 

1 - 15 

1 - 15 

Evaluation of the Retr i ed  Function 

For the classification task the system is presented with 16 attributes that  describe a letter. Given 

a case base of previously seen cases the task is to identify the ietter. The results presented in 

Table 6.11 were O btained using a simple cross-valida t ion ( leave-one-ou t ) met hod and averaged over 

twenty random trials. 

In Table 6.11 al1 algorithms but TA3t,tte, were trained on the first 16,000 and 1,600 cases 

respectively and then tested on the last 4,000 cases. Reported results are average values over ten 

trials. Since Td3Lette, does not require a iearning stage, we used leave-one-out testing on the first 

2,000 and on all 20,000 cases. Results are averaged over twenty random trials. 

In Td3Lette, 1 we used a modified nearest-neighbor approach - attributes were grouped into 

categories for selective reduction. TA3Lcrrer2 was obtained by using generalization first (Le., relaxing 
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Method ) Accumcy(20,OOO cases) ilccumcy (2.000coses) 1 
Back-propagat ion 1 81.9 f 0.6% 1 

- 
I 7A3~cti.r 1 over 20 trials 1 90% * 0.1461 I 80% f 0.201 1 I 

CN2 
C4 
Genetic Algorit hm 

Table 6.11: The chamcter  cognition domain - absolute and relative e m r s  on seruo-data using 
simple cross-validation; average over 20 mndom tnals (95% confidence tnteroals). 

87.9 f 0.8% 
86.4 f 0.7% 

82.7 

L 
- - . - - . - 

TA3tcrter 2 over 20 trials 
7A3Lerrer 3 over 20 trials 
TA3t,tt,r 4 over 20 trials 

the attribute values to incfude values of immediate neighbors). If more cases were needed, we applied 

reduction. 7-A3Letter3 was obtained by using a combination of previous approaches wit h equal voting 

for each of thern, Le., the final answer was composed of the two results obtained by the respective 

context relaxation approaches (reduction and generalization), with equal voting for each of them. 

TA3t,tt,r4 was obtained by using different category groupings for attributes. In the previous test, 

categories were created sequentially, each group having four attributes (the letter at  tribute was an 

extra category). In the latter test we used an explain function to find the most relevant attributes 

to recognize individual letters and ive grouped attributes accordingly. 

- - . - - . . - 

68.7 & 1 .O% 
67.4 f 0.8% 

- 

6.2.6 Retrieval from a Software Repository 

100% 
100% 
100% 

Software repositories are used to store and retrieve information about software artifacts. Designing a 

software repository requires that three issues be considered: ( 1) information content of a repository; 

(2)  information representation; and (3) strategies for accessing repository artifacts efficiently. Here 

we concentrate on the last issue. The repository must support different tasks and diverse users 

efficiently. Thus, retrieval strategies cannot be pre-defined in the system and the system should 

support imprecise queries and esploratory browsing of the repository content. 

This case study is different from previous ones, because it  addresses the user issue more explicitly. 

For this purpose, we include some background information on problems considered, and some user 

studies that define requirements for the retrieval system. Next, ive show how variable-context sirni- 

larity assessment can be efficiently used to support various users in solving diverse tasks. In addition, 

to Further enhance handling of imprecision during the retrieval process we extend variable-context 

similarity assessment by defining lexical similarity. 

We have identified tasks pertinent to novice and expert software engineers within a specific 

project. A novice user's main task is familiarization. The  software repository should assist novices 

in fast and in-depth learning. A hierarchical acces to repository artifacts and imprecise queries 

85% f 0.1742 
95% f 0.1001 

100% 
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must be supported. 

Expert users have domain knowledge, and their retrieval strategies are ta&-dependent. Experts 

are involved in one of the folionring tasks: 

1 .  Re-documentation and design recovery - the user wants to understand a system, design deci- 

sions taken and the logic behind the implementation. 

2. System rnigmtion - the user wants to translate a system from one language to another, change 

software architecture. or port a system to another platform. 

3. Maintenance and euolution - the user needs to improve system functionality and fix existing 

problems. 

4. System testing - the user wants to analyze system correctness (i.e.. competence) and efficiency. 

5.  Requirements rr-engzneen'ng - the user needs to extract. analyze, understand and modify 

system requirements. 

Generally, software artifacts can be accessed by selecting them in diagrams, by specifying a query 

(a search-based approachj, by specifying a sample artifact (a query-by-example approach), and by 

modifying the earlier query (a query-by-reformulation approach). These approaches are further 

extended to include similarity-based retrieval. 

Tradi tionally, information ret rieval has been concerned wit h representation of texts and compar- 

ison of these representations. Software engineering research contemplated abstracting source code 

to make the retrieval process easier by providing extra information (Canfora, Cimitile and Munro, 

1996; Faustle, Fugini and Darniani, 1996: Termsinsuwan, Cheng and Shiratori, 1996). In addition, 

users rarety specify queries precisely and/or completely. As a result, uncertain and imprecise infor- 

mation must be taken into account when designing retrieval systems. Numerous approaches support 

irnprecise queries, most of which are based on fuzzy logic (Ruspini, 1991; Vila et al., 1996). 

It is expected that a software repository supports diverse information retrieval problems. Thus, 

different interaction methods and diverse information-seeking strategies must be available. Retrieval 

strategies may change not only between individual sessions but even within a particular one. Users 

rarely specify their information needs, mainly because conception of information problerns rnay 

change in the process. More recently it was observed that information retrieval is an inherently 

interactive process (Belkin et al., 1995; Jurisica, 1994). Thus, the retrieval system should deploy an 

efficient iterative browsing (Carpineto and Romano, 1996; Maarek, Berry and Kaiser, 1991), which 

provides the means for exploring the "neighborhood" of a repository artifact. Such neighborhood 

depends on the task, current state of the search, and the repository state. This means that the 

neighborhood of an artifact is context-dependent. 
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Next , we show how variablecontext sirnilarity assesment can be used t O handle irnprecise queries, 

and to find information relevant to a result set of a given query. In addition, query-by-reformulation 

is supported by automatic relaxation and restriction algorithms. 

For example, d s i n i t  is a function - a repository artifact with the following attributes: 

name : d s i n i t  , 

formal a r p e n t s :  ( i n t ,  f l o a t ) ,  

return type: f loat, 

source locat ion:  d s i n i .  

These attributes specify a function signature. Since not al1 attributes are equally important for 

retrieval, they should be placed into different categories. The semantics of these attributes suggest 

three categories: {name), {formai arguments, return type) and {source l oca t ion) .  Hence, the 

semantic information of attribute value types is defined through the use of context. 

A context specifies important (or relevant) attributes and how "close" an attribute value must 

be in order to satisfy the context. Given the d s i n i t  function, one can specify a context as  fo1Iows: 

name : {ds init ) , 

f ormal arguments : ( i n t  , f loa t  ) , 

return type: {f loat , int ) , 

source locat ion:  (dsini). 

Using the same set of attributes, one can specify a context. which is satisfiable by any function 

that returns f l o a t  and is part of the ds in i :  

return type: { f loat ) , 

source locat ion:  {dsini) .  

Since name, forma1 arguments and return type are not part of the context, they are ignored 

during matching. Technically, we assume that those attributes have a set of ailowed values as their 

domains: 

name : {Dnarne ) t 

f o r n a  a r p e n t s  : {Dargumentr ) r 

return type: {f loat) ,  

source locat ion:  {dsini) .  

Recdl that we say that an object satisfies (or matches) a particular context (a query) if for each 

attribute specified in the context the value of that attribute in the object satisfies the constraint 

(Le., the value is contained in the constraint set). In the proposed theory, similarity is considered 

as a relation between objets with respect to a specific context. 

A component retrieval scenario can be defined as a query specification, followed by linear retrieval 

and browsing (Maarek, Berry and Kaiser, 1991) . The usefulness of different information-seeking 
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strategies depends on the user's background and her task. Xvailable strategies can be characterized 

on rnany dimensions, each with varied combination of characteristics (Belkin et al.. t995): 

Met hod of interaction: Scanning - Searching 

Goal of interaction: Learning - Selecting 

Mode of retrieval: Recognition - Specification 

Resuurce considered: Information - Meta-Information 

Assurning different user models and active tasks, it is possible to estimate a user's goal, and then 

suggest an appropriate information-seeking strategy (Jurisica, 1997). Individual strategies may be 

interchanged even wi thin one session. For example, a novice user is more likely to get better resu1t.s 

using a scanning method of interaction. However, after retrieving the relevant information, then 

she may use searching method or query-by-example to further refine the information or re-focus 

the search. In contrast, a maintenance software engineer needs an efficient searching method in 

order to retrieve a specific repository artifact. This in turn can lead to using recognition mode of 

retrieval instead of specification. Also, the goal of interaction for a novice user is learning, while 

for an expert user it is selecting. Sixteen information-seeking strategies can be defined using the 

dimensions presented. Each of these strategies fits a particular user model. For example, a user 

searching a repository directory with a goaI of selecting artifacts relevant to a particular task is 

characterized by the scanning method of interaction, using the recognition mode of retrieval, and 

searching through meta-information. .A system-knowledgeable user can use meta-information to 

retrieve specific artifacts. This is achieved when method of interaction is searching, the mode of 

retrieval is specification, and the goal of interaction is selecting. 

When designing the retrieval facility, we airned a t  supporting various information-seeking strate- 

g i s ,  so users with different tasks would be able to use the system effectively. The context for 

similarity-based retrieval can be defined by the user, inferred from the user's current actions, or 

transformed (relanxl or restricted) by the system. When context is defined by the system, a partic- 

ular user mode1 can be used to provide information about the user's primary ta&, her preferences, 

search patterns, previous tasks, etc. Recently accessed repository artifacts provide contextual infor- 

mation such as location (spatial similarity), data structures used, and data-flow dependencies. 

Variable-context similarity assessrnent supports iterative browsing by incremental query relax- 

ations and restrictions (Jurisica and Glasgow, 1998). Browsing is crucial in software library systems 

(Maarek, Berry and Kaiser, 1991), and is useful in training usage or when a repository is large and 

created by many users over a longer period of time. This allows for designing a cooperative retrieval 

system, sirnilar to one described in (Chu et al., 1996). 

Similarity-based retrieval deploys concept hierarchies of artifacts, and uses virtual Iinks to tra- 

verse the repository and to relax or restrict the query. For example, when accessing a variable 

declaration, the systern retrieves al1 modules and files that include such a declaration. In addition, 
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sirnilarity-based retrieval locates files and modules where this variable is ietched or stored. [t also 

accesses variables that use the same data type. .4lthough the system can perform query t rans  

formations automaticdly, the process is interactive and cooperative; the user controls the query 

transformation via changes to the context. 

To achieve both high recall and high precision the proposeci variable-context similarity assessment 

uses iterative browsing and features provided by Telos. ore specifically, categories group equdly 

important attributes together. Thus, each attribute has its own constraint and can be treated in a 

distinct way during relaxation and restriction. This results in a more flexible version of the m-of-n 

matching (Ortega, 1995), which enables higher precision (Jurisica arid Glasgow, 1997). lncremental 

query revisions are computed efficient Iy (Jurisica and G Iasgow. 19%). 

Heuristics can also be used to irnprove precision and recall. User studies revealed specific patterns 

that are followed by experts during searching for information (Jurisica, 1997). For esample. experts 

usuaUy search for store operations first and then for fetches. 

There are several levels of query imprecision. In addition, different representation schemes can be 

used to store repository artifacts. To cover the spectrum of these problems, we define the following 

measures used in the similarity-based retrieval module: lexical, semantic, functional, and spatial. 

Lexical Similarity. Lexical sirnilarity indudes textual similarity, in particular name matching. 

There are two possible approaches: a contrast model (Tversky, 1977) and N-gram indexing. For the 

contrast model, assume 1 Pe 1 represents the length of the query pattern and [ Pi 1 represents the 

length of the repository artifact pattern. We define 1 P e ~  Pi 1 as the iengt h of the pattern that is 

present in both Pe and Pi. Then the lexical similarity is defined as iollows: 

Lexical similarity handles only lexical problems. The contrast mode1 or n-gram inde-uing does 

not find xxstring and xx-text to be similar. Given a query xxinit and files: xxintg, LX-dsini, 

~ y s t r i n g  and  point from one package, the contrast model selects xxintg and LY-point as the 

closet matches. A simple 3-gram selects xxintg as the closest match, followed by ~ x d s i n i  and 

.ux-point. When assuming naming conventions, a simple heuristic can be used to select x~,dsinit a s  

the closet match to ~ u i n i t .  This selection is coherent with the semantic similarity of respective files. 

Semantic Similarity. The problem of lexical similarity that arises with the example of ~ x s t r i n g  

and ?cu,text can be diminished by using background knowledge and part-of relat ionship. S ince string 

is part of text, xxstring and xx-text are similar with respect to part-of relationship. This, however, 

requires semantically rich iexicon. Currently, this kind of matching is implemented by having the 

user state such relations in context. 



Semantic similarity also enables us to  find variables that use sirnilar da t a  structures as returned 

value or  a function parameter. Distance between artifacts is determined using is-a and part-of 

hierarchies of data types. This approach is similar to (Termsinsuwan, Cheng and Shiratori. 1996) 

but variable-context similarity assessrnent controls, which features of the da t a  type description are 

more important for aspecific search. This distinction is crucial for both high recall and high precision. 

Next we describe how semantic and functional similarities are related. 

Functional Similarity. Functional sirnilarity assesses relevance of artifacts on the basis of their 

functional descriptions (Faustle, Fugini and Darniani, l996). Our system can use functional similarity 

once the abst racted descript ion is provided. The similarity is determined between a functional 

description in the query and functional descriptions found in the repository, taking into account 

relevance of individual features. The  comparison is achieved using pattern matching on function 

signatures (Jurisica, 1997). For example, the following signature specifies functions of any name, 

integer return type, parameters of type integer, float and bit value, and that can be in any module: 

( name : L,,, 

formai arguments : ( in t  , f loat , b i t  value), 

return type: int , 

source location : ~ ~ o c a r i c n ) -  

The matching process can be tuned up by using information about relevance of features. Lexical 

similarity is used as a flexible approach to wildcards matching (Faustle. Fugini and Damiani, 1996). 

It controIs the matching process semant ically, and supports incremental query transformations. 

Spatial Similarity. Spatial similarity is deterrnined based on the spatial relevance, Le., placement 

in the sarne module, file or function, and is determined using a knowledge base (Finnigan et al.. 1997). 

Part-ofrelationship can be used to  assess semantic similarity. For example f low. ss (flow subsystern) 

is semantically sirnilar to suppor t  . ss , because both su bsystems are part-O f t he deadstore module. 

Similady, the memmap, memdsc, plshadow and refoccs  da ta  structures are semantically similar, 

because al1 are used in the d e a d s t o r e  module (i-e., they are part-of ds . pl9) .  

Case Studies 

Here we describe how the variable-context similarity assessment extends traditional retrieval tech- 

niques. Text-based search is enhanced by supporting lexical similarity, and by the ability to search 

in a neighborhood of a repository artifact. Faceted search is improved by supporting query trans- 

formations, and iterative browsing. Relevance of the retrieved artifact is determined with respect to  

the user task, preferences, and the current state of the search. Next we discuss several tasks in wbich 

a software engineer may be involved. We show how variable-context sirnilarity assessment supports 
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the process. The studies presented are based on interviews of novice and expert users working on a 

specific project . 

System Farniliarization. Novice users do not have enough domain knowledge to support problem- 

oriented search through the repository. Thus, the method of interaction is scanning and the mode 

of retrieval is recognition. They need to acquire knowledge about basic data structures used in the 

project, and form an overall system design representation. .;\s the users become more familiar with 

the studied system they acquire meta-information in the repository. The main objective for the 

retrieval system is to decrease the overall time needed for familiarization. 

Since the novice user's goal is to understand a cornplex system they need to traverse the repository 

hierarchically. For these reasons, query-by-example, query-by-reforrnulation, and iterative browsing 

are suitable retrieval strategies for novices. 

Finnigan et al. describe scenarios, where a novice navigates through the repository by following 

links from a system architecture diagram, obtains a subsystem overview, and retrieves subsystem 

details by selecting one of its possible views (Finnigan et al., 199'7). Similarity-based retrieval 

enhances the current tools by supporting approximate queries, and browsing through conceptually 

neighboring software artifacts. 

The variable-context similari ty-based retrieval system can further w i s t  the user by suggesting 

query seleetion, by performing query transformations (relaxation or restriction), and by providing 

additional relevant information. This helps to both control the amount of information presented to 

the user, and explore the neighborhood of a particular software artifact (using sernantic or spatial 

similarity). Both issues are crucial in helping a novice create a mental mode1 of the systern faster. 

Assume the following query: 

name : { d s i n i t  ), 

f ormal arguments : { i n t  , f l o a t  ), 

return type: {f loat), 

source location: {dsini) .  

If the user wants to explore other relevant artifacts, then the query must be relaxed. The following 

relaxation strategies are available: 

Lexical similan'ty may be used to find lexically similar artifacts. 

Reduction can be used to explicitly remove attributes from the context, e.g., eliminate source 

location from the matching process. Another possibiiity is to dynamically reduce the nurnber 

of required attributes, Le., to apply rn-of-n matching. 

Genemlization may be applied by using is-a and part-of hierarchies. Another possibility is to 

use expansion of the set of allowed values. 



For example, relaxing the constraint on the source location attribute can be generalized 

from {ds ini)  to  {deadstore), using the following piece of domain information: ds ini part-O f 

deadstore. -4nother possibility is to expand the set of allowed values. e.g., we can change return 

type: {float) to return type: {int , float). 

Program Development. Developing a software system requires farniliacity with its code. Since 

the source code for a large system is usualIy stored in a hierarcbical tree structure, navigation 

through it may be difficult. It is not uncornmon to "spend one to thme days looking for a certain 

definition, only to write one new line of code"(Jurisica, 1997). It was estimated that in about "three 

quarters of a year, one month is spend on searching for information" (Jurisica. Iggi'), 

Another problem with developing a large system is that many developers are involved. This 

means, that code changes are frequent, On a specific project it was observed that "in about 2.5 

hours, some 50 files were rnodijiecf" (Jurisica, 1997). Thus, a desirable retrieval rnechanism should 

support imprecise query specification and sirnilarity-based retrieval. This can help Iocate relevant 

artifacts without overloading a user with irrelevant information. Due to the frequency of code-change, 

running a cross-reference utility once a day might not provide sufficient information. However, 

similarity-based retrievai finds relevant matches using lexical sirnilarity or generalization. 

Generally, queries are direct, e-g., find a specific variable definition. However, there is also a 

need for imprecise queries to deal with the problem of change and lack of domain knowledge, and 

similarity-bmd retrieval to consider conceptually neighboring software artifacts. 

Assume a developer looking for a function that is probably called dsmrgs, since it  is part of the 

deadstore module. Using lexical similarity the user finds that there is a function calied dsmrgs. 

Functional similarity is an alternative way to locate dsmrgs using its signature: 

( ilailie: Dname , 

f ormal arguments : (int , f loat , bit value), 
return type: integer, 

SOUTCB location: Dlocation)- 

Let us assume that the user found the specified function and thus name:dsmrgs and source 

1ocation:dsini (the remaining parts of the signature remain unchanged). This forrns an ini- 

tia1 query-by-example. If the user needs to locate other similar functions, there are  several o p  

tions for query relaxation. First, reduction can be used: it is sufficient if either name or source 

location is matched, provided that both formai. arguments and retuni type match. In addi- 

tion, reduction can be applied to formal arguments - it would be sufficient if onIy two-out-of- 

three arguments match. If the user reduces the signature to source location:dsini, then in 

effect spatial similarity is used. Second, generaiization can be used: return type : integer can be 

changed to return type : number. Alternatively, f ormal arpents : (int , f loat , b i t  value) 
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can be changed to f ormal arguments : (nuber, number , b i t  value). Finally, return type can 

be changed to  return type : (integer , Boolean) , meaning that eit her integer or Boolean type 

is considered a match. 

Domain knowledge rnay be used to improve the query processing, by improving query t r a n s  

formations. For example, the tree structure of the source code is built with certain preferences. 

A h ,  another development team rnay use .ch fiies for in-line definitions. There is an interesting 

performance issue: if the .ch file is included in the header file (class definitions) then it results in 

a fast executable but a slower compilation; if it is included in a source file, then the compilation is 

faster but it results in slower executable. Other types of preferences corne naturally from the task 

under consideration. For example, when a developer needs to find a variable, (s)he usually looks for 

a store operation first, then for a fetch. Thus. the system rnay predict this and pre-load information 

about the fetch operation right after retrieving a store operation. 

Similarity matching can also be used in situations when a query is specified imprecisely. This 

rnay include situations, where the type of a variable is known but not its naine. The retrieval tool 

needs to find the definition of al1 variables with a particuiar type, but can possibly order them based 

on their location in the tree. This rnay affect how relevant the variable from a particular module is 

in a given situation. This can be implemented via signature matching, as exemplified next. 

Since many functions, class and variable definitions are defined using inheritance, an obvious 

question is how many levels should be traversed in order to answer the query. Because different 

tasks require different depth. the number of levels to be traversed should be selectable. 

Migration/Reverse Engineering. Migration of the software system includes its porting to an- 

other computer architecture or to another language. During this process, an exact copy of the 

system in another Ianguage rnay be produced (transliteration process). Alternatively, a higher lever 

migration, such as design migration and architecture migration can be done. 

Transliteration is the process of directIy translating a code written in one Ianguage to another. 

The  process rnay be completely automated or it may be semi-automatic. This may result in inefficient 

code since different languages support various constructs with variable efficiency. .4 more difficult 

approach is to  take data structures into consideration and to optimize them during system migration. 

More complicated issues arise when change of the system architecture system is required. 

Migration and reverse engineering programmers face the problem of finding variable declarations 

efficiently and reliably. A recall-oriented retrievai process is needed, since the failure to retrieve al1 

relevant artifacts rnay lead t o  incorrect decisions. Precision must also be high, to reduce information 

load on the user. Retrieval rnay be cornpIicated by the fact that a iunction cal1 might look identical 

to  a variable (e.g., PL/I dialect), and the two rnay be distinguishable only from their declaration. 

Relevant queries include "Find a variable declaration" , "Find a variable usage", and "Find a function 
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with a parameter of a specific data type". 

Migration software engineers are supported using a tw-phase approach. (1)  Al1 relevant in- 

formation from the repository is retrieved. (2) The query is iteratively transformed, so irrelevant 

artifacts are removed. Another strategy is to find a relevant artifact via query-by-example and 

consider other related artifacts in the repository. Consider a signature of the following function: 

( name: ds k i t ,  

forma1 arguments: (int, f l o a t ) ,  

return type: f l o a t  , 

source location: d s i n i  ). 

Reduction with generalization can be applied to find other functions with both their arguments 

and return types being equal. Query reduction results in the following: 

forma1 arguments: { i n t ,  f l o a t ) ,  

r e tu rn  type: {f l o a t  ) . 

Generalization can change the first argument of the formai argumentsfrom int to number: 

f ormal arguments : {number , f l o a t  ), 

xeturn type: {f l o a t  ). 

Performance Evaluat ion 

This section describes preliminary performance evaluation of the proposed similarity-based retrieval 

system. Our claim is t hat similarity-based retrieval irnproves precision, and supports iterative brows- 

ing. Our previous studies suggest that the claim holds (Jurisica and Glasgow, 1997; Jurisica et al., 

1998). Here we consider a functional description repository of basic data structures (Daudjee and 

Toptsis, 1994; Faustle, Fugini and Damiani, 1996). 

A functional description is a repository artifact, described by a set of features and organized into 

categories. Each feature is a triplet: ( verb, noun, a e i g h t  ), where verb is the operation, noua 

is the object and weight indicates importance of the feature in the given functional description. A 

sarnple functional description with two features can be defined as follows: 

( ( verb: insert, noun: node, a e i g h t  : low ), 

( verb: delete, noun: node, ueight  : high ) ). 

During retrieval, if no relevant artifacts are returned for the specified functional description, 

the query might be transformed, as described in Section 3. First, reduction is applied, followed by 

generalization. GeneraIization uses part-of and is-a hierarchies of terms, e-g., node part-ofb-tree, 

element part-of list, b-tree is-a t r e e ,  etc. Such hierarchies make it possibIe to both specify 

imprecise queries and to explore a neighborhood of the currently retrieved artifacts. For example, 
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after retrieving a functiond description, such as ( verb: insert.  noun:node. weight: los ). one 

could explore its neighborhood, i-e., define a context that would retrieve other similar artifacts from 

the repository with respect to certain features. First, consider an operation to find other functional 

descriptions wit h the same operation: 

verb: ( inse r t ) ,  

noun : (element ) , 

aeight : {high). 

Second, find functional descriptions with a different operation on the object that is in addition 

similar to a given description: 

verb : {delete), 

nom: {node), 

aeight : {medium). 

During evaluation, a functional description was selected at randorn and submitted as in query- 

by-example (leave-one-method). We have evaluated recall and precision after averaging results over 

twenty random tests. Using explicit ly stated contest and query transformations we controlled the 

relevance (quality ) and quantity of retrieved artifacts. By selecting reduct ion, generalization or bot h. 

we sirnulated recall- and precision-oriented retrieval, reca11-orien ted retrieval with i terative precision 

improvement. Using the last approach yielded 100% recall rate wi t h perfect precision. These resul ts 

are consistent with our previous evaluations (Jurisica and Glasgow, 199'7; Jurisica et al.. 1998), 

but since the repository of functional descriptions is rather small (only 150 data structures) and 

simplistic, we intend to run full-scale studies on a larger and more comptex software repository. 

Performance improvement over results presented earlier (Daudjee and Toptsis, 1994: Faustle, 

Fugini and Damiani, 1996) was achieved for two reasons. First, variable-context similarity assess- 

ment keeps semantic information about distance among artifacts, which enables better control over 

relevant and irrelevant artifacts. Second, a combination of t he retrieval system with a high recall, and 

iterative browsing that removes irrelevant artifacts increases precision. Our approach differs from 

previous systerns (Faustle, Fugini and Damiani, 1996; Maarek. Berry and Kaiser. 1991) because the 

semantic information is part of the similarity assessment process. 

Discussion 

Similarity-based retrieval tools can advantageously be used in building flexible retrieval and clas- 

sification systems. Variable-context similarity assessment supports flexibility by : ( I ) letting the 

user to define different relevancy measures and retrieval strategies; (2) restricting or relaxing con- 

text automatically; and (3) supporting similarity-based queries, query-by-example and query-by- 

reformulation (Jurisica, 1996). Case-based classification uses previous instances to classify unknown 
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problems. Classification accuracy is afFkcted by the retrieval process - the more relevant the in- 

stances used for classification, the higher the accuracy. Using different context and criteria affects 

the time spent on searching for the solution as welI as  the quaiity of the solution. TA3 allows for 

tuning up the reasoning to meet different requirements, sirnilarly as in (Cunningham. Bonzano and 

Srnyth, 1995). 

Using the terminology of normative rationality introduced in (Good, 1952), the medical applica- 

tion of the TA3 system (Jurisica and Shapiro, 1995; Jurisica et al., 1998) foliows type i rationality, 

Le., inference that is consistent with the avioms of decision theory regardless of the cost of inference. 

X more accurate suggestion for the hormonal therapy has a positive impact on pregnancy and is also 

cost effective, since it minimizes the quantity of hormones given to the patient. Thus, even though 

the treatment should be suggested reasonabIy quickly, clearly accuracy is more important. 

Robotic application of TA3 (Jurisica and Glasgow, 1996b) implements type 11 rationality: Since 

time resources are limited the cost of reasoning is considereci. Thus. even an  approximate solution 

provided in real time has a higher value than an  accurate solution delivered late. In the inverse kine- 

matics task, there are fast techniques available to  produce an accurate solution from an approxirnate 

one. Wowever, for some robotic architectures, computing inverse kinernatics is intract able. Thus. 

the main objective is to produce a solution within time constraints. 

A flexible systern requires strategies that  refine partial results continuously. TA3 supports this by 

context relaxation or restriction. Given partial results, the system changes m in r n ~  f n rnatching 

to increase or reduce the number of retrieved cases. By controlIing this process, TA3 improves 

precision of retrieval, while preserves perfect recall. 

Flexibility of the TA3 system is further enhanced by incorporation of the knowledge discovery 

algorithm that allows for finding optimal knowledge representation from two points of view: precision 

of results and efficiency of cornputation. Thus, importance weight of attributes rnay dynamically 

change, which in turn changes retrieval strategies. 

TA3 is different from other CBR approaches, since it does not use predefined retrieval strategies. 

Instead, similarity assessment can be changed dynamically for a particular domain and specific ap- 

plication. Hence, 7 . 3  can be configured to  suit individual tasks. This enables flexible computation 

by trading off the accuracy or precision of the retrieval process for time resources. Advantages of 

TA3 can be surnmarized as follows: 

1. Semantic similarity assessment during tetrieval and explanation of inference process. 

2. Case base organization that improves access time and makes visualization easier to  understand. 

3. User-oriented knowledge mining t hat  rnay improve precisioa, recall and coverage. 

Although the presented approach to similarity-based retrieval is part of the CBR system TA3, 

the same principte is applicable to other systems that require information retrieval, and where items 
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are represented as  attribute-vaiue pairs. Thus, TA3 can be used to build flexible retrieva1 systems. 

The results presented support the daim that incremental context transformations result in higher 

cornpetence of the reasoning system (Jurisica and Glasgow, 1998; Jurisica et al., 1998). In the next 

chapter we show that incremental context transformation is also efficient. 



Chapter 7 

Evaluating the Efficiency of TA3 

This chapter experimentally evaluates ?ficiency of TA3 on application domains presented in Chap- 

ter  6, and scalability on the performance model of TA3. We discuss eficiency of the retl-reval 

algorithm, presented in Section 3. We compare scalability 01 standad and incremental zmplementa- 

tion o j  the retrieual algorithm with respect to case base stte, context complezit y, case representation 

conzplexity, and number of iterations during iteratiue browsing. 

7.1 Introduction 

Various approaches can be used to evaluate system performance. .;\vailable methods evaiuate either 

cornpetence of the system' or its scalability. The former measures the capabilities of the system 

and can be assessed by precision/recall or accuracy/coverage measures. The latter one assesses 

scalability of the system based on the cost requireâ for computing the result. System efficiency can 

be measured by directly comparing required tirne. However, such a measure is system dependent 

(Segre, Elkan and Russell, 1991). .4 better approach is to measure the cost required to perform 

individuai operations, e-g., cornputer time required. 

There are several factors affecting performance of a CBR system: the size of a case base, size of 

a case and context, query complexity, number of iterations during iterative browsing, and the query 

relauation/rest rict ion strategy used. In t his chapter we present two efficiency evaluations of Td3: 

1. Experimental efficiency evaluation using application domains described in Chapter 6; and 

2. Scalability evaluation using the performance model of 7513. 

' Cornpetence evaluation of TA3 is pnsented in Chapter 6. 
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Experimental Efficiency Evaluation of TA3. During experimental evaluation of Td3's effi- 

ciency we considered average queries from application dornains presented in Chapter 6. We varied 

the case base size, the context- transformation s t  rategy and number of iterations during browsing. A 

computer time required for performing three consecutive context modifications was measured, using 

the same query for different case base sizes. 

We tested cornpetence of the implernented prototype system on several domains, details of which 

are presented in Chapter 6. Here we report on its efficiency and scalability, namely on the gains 

from incrernental query modification, compared to naive handling of queries. The  servo case base 

covers a non-linear phenornenon - predicting the rise time of a servomechanism in terms of two 

(continuous) gain settings and two (discrete) choices of mechanical Iinkages (see Section 62.3  for 

more details). T h e  da ta  set consists of 167 instances described by 5 attributes. We used TA3 for the 

classification task. The accuracy we obtained was comparable to other machine-learning techniques. 

During relaxation only the rnotor attribute was reh-xed but in both directions (e-g., B would be 

relaxed to A or B or C )  . In situations where the initial relaxation did not yield a result, additional 

methods can be used. First, the cardinality relaxation for motor and screw is tried. Second, the 

cardinality relaxation for pgain and ugain is tried. 

The  letter classification data set consists of 20,000 instances described by 17 attributes (see 

Section 6.2.5 for more details). Based on simple crossvalidation (leave-one-out met hod), the Td3 

system achieved comparable classification accuracy to other systems. Attributes were grouped into 

categories for selective cardinality relaxation/restriction. We tested several relaxation strategies that 

yielded various accuracy results, wi t h comparable cost. 

Predicting the joint angles (pi, pl and p3) for the three-link spherical angular robot when given 

desired end-effector coordinates (inverse kinematics task), is covered in the robotic d .~main  (see 

Section 6.2.2 for more details) . The presented results are for a uniformly generated case base, which 

consists of 2,000 instances. 

The studied medical domain (in vitro fertilization) consists of medical records about patients 

(see Section 6.2.1 for more details}. The case base, which is available to us, consists of 788 cases 

and 55 attributes per case (after confidential information has been removed). 

ScalabiLity Evaluation of TA3, For scalability evaluation, we considered results of T d 3 ' s  exper- 

imental efficiency evaluation on various real-world domains and complexity properties of retrieval 

algorithms (both naive and incremental) to create a performance model of Td3, which is presented 

in the next section. 

This mode1 simulates 7d3's scalability as a function of case base size, case representation com- 

plexity, query complexity, and context-modification strategy used. As a validation of this model, 

we compared experimental efficiency evaluation and scalability evaluation of TA3 on respective case 
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base sizes, case representation complexity, and context cornplexity (see Figures T. 1 and 7.2). 

7.2 The Performance Mode1 of TA3 

From the algorithms presented in Figures 3.7 and 5.3 it follows that k consecutive context modifica- 

tions require 151 applications of the naive algorithm. Thus, a naive approach requires k x 1 A 1 x 1 R 1 
evaluations. In contrast to this, an incremental dgorithm is evaluated only once to  produce SIparC 

and subsequent context modifications are handled by incremental changes to the result . 

Assurning that the initial retrieval result 1 SIpart [ is substantially smalter than the case base 

size 1 A 1, producing SI' incrementally is significantly more efficient. For al1 categories that are 

not affected by a context modification, no recomputation is necessary. For categories affected by a 

change, local changes handle the recomputation as presented in Section 5.4. Tt should be noted that 

both algorithms could be improved by indexing, which avoids accessing al1 cases in a case base. 

Iterative retrievd is based on the algorithm defined in Figure 3.7- The complexity of iterative 

retrieval depends not only on the number of cases in a case base, context cornplexity, but on the 

user criteria, the number of retrieved cases, and the number of consecutive iterations. Next we 

present a performance mode1 of individual context transformations, both for naive and incremental 

implernentations. 

Iterative retrieval with standard reduction depends on the case base size, context, and number 

of iterative context reductions: 
k 

where 1 R 1 is the context complexity, 1 A 1 is the case base size, and k is the number of iterations. 

Iterative retrieval with incremental reduction depends on the case base size, context, set of 

returned cases, and number of iterative context reductions: 

where 1 R 1 is the context complexity, 1 h 1 is the case base size. 1 SI 1 is the number of returned 

cases, and k is the number of iterations. 

Iterative retrievaf with standard expansion depends on the case base size, context, and number 

of iterative context expansions: 
k 

where 1 S2 1 is the context complexity, 1 A 1 is the case base size, and k is the number of iterations. 

Iterative retrievd with incremental expansion depends on the case base size, context, set of 
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returned cases, and number of iterative context expansions. 

where 1 S2 1 is the context compleluty, ( A ( is the case base size, 1 SI f is the number of returned 

cases, and k is number of iterations. 

lterative retrieval wit h standard generaiization depends on the case base size. context, and num- 

ber of iterative context generalizations: 

where 1 R 1 is the context complexity, 1 h 1 is the case base size, and k is number of iterations. 

Iterative retrieval using incremental generalization depends on the case base size, context , and 

nurnber of iterat ive context generalizations: 

where 1 R 1 is the context comple.uity, 1 A 1 is the case base size. and k is nurnber of iterations. 

Iterative retrieval wit h standard specialization depends on the case base size. context , and number 

of iterative context specializations: 

I A II Q I (A. -f- 11, 

where 1 Q 1 is the context cornplexity, 1 h 1 is the case base size, and k is number of iterations. 

Iterative retrieval with incremental specialization depends on the case base size, context, set of 

returned cases, and number of iterative context specializations: 

where 1 $2 1 is the context complexity, 1 h 1 is the case base size, 1 SI ] is the number of returned 

cases, and k is number of iterations. 

Next we show efficiency and scalability evaluation using experimental results on presented a p  

plication domains and the performance mode1 of Td3. On the basis of experiments frorn real-rvorld 

domains, we açsumed that ten cases are returned in average, and that ten consecutive context trans- 

formations are performed. It should be noted that if fewer than ten cases are returned, or more 

than ten consecutive context transformations are performed, then the incremental approach is even 

more efficient than a standard one. 



CHAPTER 7. EVALUATING THE EFFICIENCY OF TA3 

Efficiency and Scalability Evaluation of TA3 

Figure 7.1 shows how vdue/cardinaIity relaxation and restriction depeads on the case base size. We 

compare both standard (S) and incrementai (1) approaches. 1 CB 1 represents case base size, G is a 

generalization and R represents reduction. Individual data points a re  created using the performance 

mode! of Td3. These results are compareci to the experimental efficiency evaluation of TA3 on 

robotic, servo, medical and character recognition domains. (Figure 7.2 presents results only for the 

incrementai approach.) 

We have used the comp1e.xity of incremental implementation of context transformations (pre- 

sented in Section 5.4.2) to  create a model that fits Td3's performance on real-world domains, 

presented above. We parameterized this model to determine the scalability of TA3 mith respect 

to (1) case base size, (2)  query complexity (context), and (3) nurnber of consecutive iterations for 

individual context transformations. In the model we assumed t hat  partial evatuations are kept on 

attribute level. Thus, more storage space is required, but the system is more efficient when frequent 

changes to the context are made. 

Presented results support the claim that the incrernental context manipulation is more efficient 

then the naive approach. Performance improvement is increased when the case base size is sub- 

stantial, cases have many attributes and several subsequent context modifications are required. The 

results presented in Figures 7.3-7.6 show that the incremental approach improves performance by 

70% on average. However, for simple retrievals - small case base and/or no consecutive context 

modifications - the naive approach would be more efficient. 

Discussion 

The results presented support the claim that incremental context transformations are more efficient 

than the naive approach (Jurisica and Glasgow, 1998). Performance improvement is increased 

when the case base size is substantial. cases have many attributes and several subsequent context 

transformations are required. However, for simple retrievals (case base and/or no consecutive context 

transformations) the naive approach would be more efficient, due to  smaller memory requirements. 
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Cost 

Figure 7.1: Cost of retrieval for three context modifications. S/I - standard/incremental stmtegy; 
G/R - genemlitation and reduction. 
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Figure 7.2: Cost of retrievol /or three context modifications. I - incremental stmtegy; G / R  - gener- 
alization and reduction. 
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Figure 7.3: Cost of retrieval for standarà and tncremental reduction as a junction of case base size 
CB 1) and siie of the context f l  Context 1). Ten consecutive relaxations are considered. 



CHAPTER 7. EVAL UATlNG THE EFFfCfENCY OF TA3 

*sM<nnl-E%(nnu<m' + 

imn - 

Figure 7.4: Cost o j  retrieval for standard and incremental expansion as a function of case base si:e 
f l  CB 1) and sire of the contexf (1 Context 1). Ten consecutive restrictions are considered. 
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cou 

Figure 7.5: Cost 01 retrievai for standard and incremental genemlization as a function of case base 
st te  f l  C B  1) and sire of the context (1 Contezt 1). Ten consecutive reluxations are considemci. 
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Figure 7.6: Cost of retrieual jor standard and incremental specialisation as a Junction 01 case base 
size f l  CB 1) and size of the context fl Context 1). Ten consecutiue restrictions are considered. 



Chapter 8 

Conclusions 

Contributions of the Thesis 

The contribution of the thesis is in taking a performance approach to CBR. We aimed a t  improving 

both quality of the  results (system competence) and scalability of the system. 

We show how variable-context simiIarity assessment (a) irnproves the quality of solutions in terrns 

of higher classification accuracy; (b) extends system flexibility with respect to different tasks and 

various user models; and (c) supports scaIable implementation of retrieval algorithrns. 

These contributions involve: ( 1 ) developing a new theory for similarity assessment using explic- 

itly defined context; (2)  studying properties of the proposed variable-context sirnilarity assessment 

approach; (3) designing an efficient case retrieval algorithm using variable-context sirnilarity assess- 

ment, and adopting view maintenance algorithms from database management systems for supporting 

iterative browsing; (4 )  evaluating the algorithmic complexity of proposed algorit hms and their scal- 

ability with respect to case base size, complexity of rase representation and query complexity; and 

(5) evaluating the performance of the proposed case-based reasoning prototype on diverse real-worid 

domains, namely evaluating the competence of the reasoning system, its applicability to different 

problern solving tasks, and system efficiency with respect to application domain, ta&, case base size, 

case and query cornplexity. 

The categorization of similarity assessment theories helped to identify strengths and wealcnesses 

of individual approaches. On the basis of these results, we have proposed a sirnilarity assessment 

t heory, w hich subsumes and unifies previous approaches. In addition, variable-context similarity 

assessment improves system competence by using a modified nearest-neighbor retrieval and instance- 

based learning. This  approach requires the use of a flexible case representation language. In turn, 

such a representation enables an efficient iterative browsing using incremental query modifications. 

These techniques are applicable beyond the CBR paradigm, as long as information is represented as  
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attribute-value pairs. Namely, query-by-example, query-by-reformulat ion. and iterative information 

retrieval with high recall and precision can al1 be supported. 

Due to the flexible case representation used, the efficient case base organization and the efficient 

retrievd algorithm deployed, the proposed CBR system supports reasoning in multiple contexts- The 

underlying architecture enables an efficient irnplernentation that permits scalabie CBR, in terrns of 

case base size, complexity of case representation and query complexity. These are some of the desired 

features of future AI systems (Hayes-Roth, 1997). 

Efficient iterative browsing is supported via an incremental context transformation algorithm that 

draws on database techniques for incremental view maintenance. The results presented support the 

claim that incremental context manipulation is generally more efficient than the naive approach. It 

is effective to use an incremental context manipulation approach when a large case base is used, 

when cases have many attr ibuts,  or when several subsequent context modifications are required. In 

other words, this approach is most suitable for iterative browsing in complex domains. For simple 

retrievah involving a small case base and/or no consecutive context modifications, a naive approach 

may be preferable, since scalability is not an issue and no estra storage space is required. 

The proposed incremental algorithm is general in the sense that it is applicable to retrieval in any 

decision support system, where information is represented as  attribute-value pairs. and problems are 

solved by iteratively accessing and using previously derived information. -4dopting machine-learning 

algorithrns (namely attribute-based knowledge mining, reinforcement learning and forgetting) for 

improving the quality of results and speed of reasoning extends the core prototype systern. 

The quality of the proposed CBR system was evaluated on the basis of its competence, efficiency, 

and algorithmic complexity on real-world domains. We discussed suitable evaluation criteria for 

CBR systems, and compared quality of results obtained by using different versions of the proposed 

prototype to those obtained by other algorithms on the same domains. During evaluation we varied 

domain parameters (e.g., case base size, case and query complexity) and system parameters (e-g., 

relaxation strategy, type of matching). Systern performance was evaluated on domains with different 

characteristics (e-g., solution quality, efficiency, scalability), and the system was used to support 

diverse tasks. 

The evaluation of the proposed system shows a potential to apply variable-context similarity 

assessrnent as a basis for diverse applications: query-les and query-by-example retrieval, iterative 

browsing, query-by-image-content, knowledge base organization, knowledge discovery, diagnosis, 

design, classification and prediction. 

Using different contexts and criteria affects the time spent on searching for a solution as weli 

as the quality of the solution. 7513 can be tuned to meet different requirements, as suggested by 

Cunningham et al. (Cunningham, Bonzano and Smyth, 1995). On the one hand, in the medical 

domain (Jurisica and Shapiro, 1995; Jurisica et al., 1998), a more accurate suggestion for hormonal 
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therapy positively influences rates of IVF outcorne. and reduces the risk of complications associated 

with the treatment. In addition, an accurate suggestion for hormonal therapy is also cost effective, 

since it minimizes the quantity of hormones given to the patient. Thus, even though the treatment 

should be suggested reasonably fast, accuracy is more important. Using the terminology of normative 

rationdity introduced in (Good, 1952), the medical application of the TA3 system follows type I 

rationality, i.e., inference that  is consistent with the aviorns of decision theory regardless of the cost 

of inference. On the other hand, the robotic appiication of TA3 irnplements type II rationality, since 

the cost of reasoning is considered and the time resources are limited, Thus, even an approximate 

solution provided in real time is more valuable than an accurate solution delivered late. In the 

inverse kinematics task, there are available fast techniques that  produce an accurate solution from 

an approximate one. However, for some robotic architectures, there might not be a computational 

solution to the problem. Thus, the main objective is to have a solution available within given real 

time constraints. 

Cornplex information systems for diverse domains need a nurnber of advanced facilities. These 

include decision support systems (DSSs), repositories, reasoning systems, and facilities for rnodeling 

and processing inter-related information. CBR systems are an important class of DSSs. They 

require a design process that  systematicaIly produces systems of high quality. Beyond satisfying 

functional requirements for CBR, it is important to  meet globat quality factors, such as performance 

and confidentiality, calleci non-functional requirements (NF&). In (Jurisica and Nixon. 1998) we 

present a goal-oriented, knowfedge-based approach for aiding DSS development and usage, narnely, 

it proposes an approach for deaiing with NFRs for CBR systems. We show how quality can be built 

into a CBR system, using the -QualityCBRn approach, which integrates existing work on CBR and 

NFRs. We illustrate the use of the approach on an in vitro fertilization domain. The QualityCBR 

approach is used to address important NFRs. such as performance, accuracy and confidentiality. 

TA3 differs from other case-based approaches because it does ro t  use predefined retrieval strate- 

gies. Instead, case retrieval is custom-tailored, and dynamically changed for a particular domain and 

specific application. TA3 can be easily configureci for individual tasks and it allows for flexibility 

in certain aspects of computation, such as trading off the accuracy or precision of the computation 

process for time resources. The advantages of the TA3 system include: ( 1) added semantic meaning 

(in the form of context) to  similarity and thus to retrieval and explanation of the inference process; 

(2) meaningful classification, which irnproves access time and makes visualization easier to under- 

stand; and (3) knowledge rnining is user-oriented and enables one to control precision, recall and 

coverage. 

Although the similarity-based retrieval rnechanisrn is part of the TA3 CBR systern, the applica- 

tion of the underlying algorithm to  retrieval from a software repository shows that variable-context 

similarity assessrnent is useful in domains where information can be represented as  attribute-value 



pairs. Thus, similarity-based retrieval tools can be used in building flexible retrieval and classifi- 

cation systems. Variable-context similarity assessrnent supports flexibility by allowing for different 

relevancy measures, different retrieval strategies, automatic context rela,~ation/restriction, and by 

supporting similarity-based queries, query-by-example and query-by-reformulation (Jurisica, 1996). 

Future Work 

There are several possibilities for future work. First of all, the prototype needs a more robust 

irnplementation. The system should be implemented as a "pluggable" tool, so it can easily interface 

with other tools and systems. In addition, it should be allowed to change case representation flexibly 

and dynarnically, insteaà of using a fixed representation schema, which can only be changed via re- 

compilation. This is inline with the proposed future AI paradigm (Hayes-Roth, 1997) 

Additional flexibility and efficiency gains are possible if an off-t he-shelf database management 

system for storing cases and domain knowledge is used. This would allow for employing a more 

complex case organization and utilizing multimedia information, which is necessary in complex 

domains (Jurisica et al., 1998; Jurisica and Gupta, 1997). 

More robust knowledge-rnining and machine-learning algorithms would potentially help in creat- 

ing an initial case base by selecting onIy relevant case descriptors, and by evolving the case represen- 

tation schema to accommodate knowledge evolution and environmental changes. It is not a trivial 

task to create an effective case base. Some approaches use a simplistic data representation to make 

the acquisition process easier (Kitano, Shibata and Shimazu, 1993). OC hem modify the retrieval 

algorithm to suit information acquisition needs (Mookerjee and Mannino, 1997). Alternatively, case 

base engineering tools can help to create case bases from existing information bases of diverse types 

(Gupta, 1997). 

From the user point of view, a sirnpler query-language with visual query transformation would 

be desirable. Introducing user modeling capabilities would allow for selecting preferences suited to 

a specific user. By having a hierarchy of such user models, the system could change from passive to 

prwactive in suggesting the best ways to obtain information. In addition, combining user modeling 

and natural language processing (as in FAQ Finder (Burke et al., 1997)), a system may present the 

same information to diverse users in a difierent format (Hirst et al., 1997). 

System efficiency can be further improved by using a caching mechanism that takes advantage 

of incrernental context transformations during iterative browsing. This enables an incremental eval- 

uation of new queries, based on previous evaiuations. However, such an approach would require 

a change-propagation algorithm, since we can no longer assume that the content of the case base 

remains unchangeci in between queries. 
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Appendix A 

Appendix 

A. 1 Case Representation Examples 

This section shows several case representat ion formaiisrns. S pecific approaches are presented in 

Figures A.1-A.6. Namely, we show how cases are represented in CHEF (Hammond, 1989a). the 

Cardie system (Cardie, l993a). PROTOS (Bareiss, L988). FindMe (Hammond, Burke and Schmitt. 

l996), and ESPANDA (Garben, Furnsinn and Ruschkowski, 1995). 

Ingredients 

A balf pound of beef 
Two tablespoon of soy sauce 
One teaspoon of rice whe 
A half tablespoon of corn starch 
One teaspoon of sugar 
A haiï pound of green beans 
One teaspoon of salt 
One clove of gariic 

Steps 

Chop the garlic into pieces the size of matchheads 
Shred the b e d  

Mariaate the beef in the garlic, sugar, corn, starch, 
rice whe and soy sauce 

Stir-fry the spices, rice wine and beef for one minute 
Add the green beans to the spices, rice wine and beef 
Sîir-fry the spices, rice wine, green bcans and 
beef for three minutes 

Add the salt to the spices, rice wine, green beans and beef 

d 

Figure A.1: CHEF'S recipe: BeeJ with green beans. 

A.2 Case Retrieval Examples 

This section discuss a few well-known approaches to case retrieval. 

JULIA (Kolodner, 1987) presents a piece of an old plan as a ballpark solution if it is attempting 

to derive some piece of a med plan; it proposes a similar meal plan as  a bailpark solution, if the 

task is to derive a meal plan. 

PROTOS (Bareis. 1988) uses a coarse evaluation function to distinguish which of the many 



(DEF'HOP Il-RECIPE (H-CASE) 
(HEAT H-HEAT) (VEGE H-VEGETABLE) 
(STEPS H-PATTERN (CALC-FN ADAPT-STEPS) ) ) 

(DEFHoP 1-M-BEEF-AND-GREEN-BEANS (H-RECIPE) 
(HEAT 1-H-BEEF) (VEGE 1-M-GREEN-BEANS) 
(STYLE 1-M-STIR-FRIED ) 
[STEPS M-RECIPE-STEPS 

(BONE-STEPS 1-H-EHPTY-GROUP) 
(CHOP-STEPS W-STEP-GROUP 

(1 H-CHOP-STEP (OBJECT 1-H-BEEF))) 
(LET-STAND-STEPS H-STEP-CROUP 

(1 H-LET-STAND-STEP 
(OB JECT M-INGRED-GROUP 

(1 1-U-BEEF) 
(2 1-H-SPICES) ) ) ) 

(STIR-FRY-STEPS H-STEP-GROUP 
(1 M-STIR-FRY-STEP 

(OB JECT M-INGRED-CROUP 
(1 1-U-BEEF) 
(2 1-H-SPICES) ) ) 

(2 H-STIR-FRY-STEP 
(OBJECT H-INGRED-CROUP 

(1 1-M-BEEF) 
( 2  1-H-GREEN-BEANS) 
(3 1-M-SPICES)))) 

(SERVE-STEPS H-STEP-GROUP 
(1 H-SERVE-STEP 

(OBJECT H-INCRED-CROUP 
(1 1-M-BEEF) 
( 2  1-EI-G~EN-BEANS) 
(3 1-H-SPICES)))))) 

Figure A.2: CHEF: case representation. 



Word definition feattlres 

Local context features 

gen-att: 
spec-att: ni1 
morphol: ni1 
concept: ni1 

word: venture 
po-s: noun modifier 
gen-att: entity 
spec-an: nil 
morphol: ni1 

1 

1 

word: joint 
noun modif. 

gen-art: entity 

morphol: 
concept: ni! 1 

I 

gen-att: jvcntity gen-att: 
spec-att: spec-att: ni1 
morphol: ni1 morphol: ni1 
concept: 

0 
# 

0 _- - -  
# .e-- 

Toyota Moror Corp.. has sel up ; a joint venture jirm with Yokogawa Electric Corp. ... 
~,,,,,-,,-,,**L 

# ----.--------- 
# . - - -  - - -  * C - - - - 

spec-att: company-name 
generic-cn 

concept: ni1 

. 
1 verb 1 

gen-att: main 
spec-ait: past 1 concept: ni] 1 

last constit 
synt. type: verb / gen-att: ;ntn 1 
spec-att: 
concept: 

Global context features l 

Figure -4.3: Case representation in Canlie system. 



terni :name otitis media 
:importances air abnormal 0.25 

pther AR absent 0.25 
air rnild 0.25 
bone normal 0.5 

:exemplars case 1 7-1 -R 
:relations otitis media has typical gen conductive HL 

otitis media requires tympgr negative 
otitis-media requires ipsi-AR absent 

-- 

predicate :name air 
terni :name abnormal 

:remindings 
:relations air abnormal has typical spec air mild 

air abnormal has typical spec air moderate 

Figure A.4: PROTOS: case representation. 

A Case 

The Video Navigator 
Record 

Title: 
Y ear: 
Director: 
Genre: 
Actor: 
Awards: 

Experience 

GoaUTask: 
Situation: 
Preferences: 
Constraintî: 
Outcome: 

Tiîie: 
Year: 
Director: 
Genre: 
Actor: 
Awards: 

GoayTask: 
Situation: 
Preferences: 
Constraints: 
Outcome: 

Figure A.5: Genemting a case from a database record in FindMe. 



Drilling 
Ccometry 
Diameter 
Depth 
EntryIWithdpawal 

Dmng type 

Toeirance 
Surface 

Workphce 

Material 
Prelminary operation 

Solution 

Machine tool 

Feed 
Power oatput 

Rotational speed 
CIamping 
Toolholder 

Driil 

Type 
Materid 
Geometry 

Coolaat 
Machine dues  

Fecd 
Rotatiouai speed 

Surface 

Figure A.6: ESP.4 !VDA : case representation. 

possible interpretations proposed by the recalled cases is closest to its new c e .  

PARADYME (Kolodner, 1989) uses preference heuristics after retrieval to choose the most useful 

cases from the set of cases returned by memory access functions. Previous cases are used to provide 

context to the case selection process. 

HYPO (Ashley, 1990) does not start to work in this step since it has necessary information 

already given in the forrn of dimensions. CLAVIER (Barletta and Hennessy, 1989; Hennessy and 

Hinkle, 1992) proposes several relevant cases: one case is presented as an overall layout and the  other 

cases are used to complete the layout where required. 

CBA (Case-Based Xppraisal) (Gonzalez and Laurean-Ortiz, 1992) retrieves ten rnost simitar 

cases which are used to cornpute the similarity match score. The most similar case is used as a basis 

for a new appraisal, while the others serve as a guideline for an adaptation of it. 

The protein secondary structure prediction system (Leng, Buchanan and Nicholas, 1993) retrieves 

first k similar cases (protein structures) frorn the case base (the number of selected cases is variable 

and depends on the precision of the similarity metric). The most similar protein is used as a reference 

case. In the second step, the sequence is decomposed into pieces and the structures are analyzed. 

Case Adaptation 

This section discuss a few well-known examples of case adaptation. Individual applications use a 

set of domain-dependent adaptation rules (Hammond, 1989a; Kass, 1991). In addition to domain 

dependency, the rules in CHEF (Hammond, 1989a) are usable only for local changes; they cannot 

be used to malie global changes to the whole recipe. Difficulty in obtaining reliable adaptation rules, 



together with an irnpossibility of using these specific rutes in other domains, is an obvious problem 

of domain-dependent adaptation. 

The adaptation in ABE (Kass, 1990) is based on tweaking strategies which are used to rnake 

small changes to explanation patterns. There are three strategies available: replace slot fiIIers with 

causal equivafent, generalize over-specific explanations. and elaborate incomplete esplanations. Used 

strategies encode general knowledge about planning, not the knowledge about the specific planning 

domaia. Thus, ABE is l e s  domain-dependent t han CHEF. 

Some systems use a domain mode1 (Koton, 1988b; Jones. 1992). The mode! is used to adapt the 

retrieved diagnosis, taking into account differences in symptoms between retrieved and input cases 

(Koton, 1988b, CASEY). 

In the case of BEWINSTORMER (Jones, 1992), the adaptation converts generic knowledge 

into specific knowledge. The model-based adaptation suffers from the sarne probIems as a set of 

adaptation rules in CHEF. 

Another approach is to use pieces of existing cases during adaptation (Hennessy and Hinkle. 

1992; Gonzalez and Laurean-Ortiz, 1992; Tanaka, Hattori and Sueda, 1992). This is the most 

promising approach since it is the most general one and requires no additional domain knowledge 

other than cases. However, the problem of solution validation is more severe here, when compared 

to previous methods. 

A.4 Case Base Organization 

The purpose of this section is to describe knowledge classification techniques used to improve man- 

aging of large and cornplex case bases by partitioning a case base into a meaningful and manageable 

parts. Our motivation is the need for scalable systems. 

Different systems use different classification methods. Porter categorizes the rnethods on the 

basis of the source of knowledge for classification (Porter, 1989). He identifies two possibilities: an 

explicit representation using a fixed vocabulary, and a dynamic representation which stores cases in 

hierarchies (becauçe there is no predefined structure, this approach is more flexible and adaptable). 

An obvious advantage of the latter approach is the adaptability and fiexibility which rnakes it suitable 

for large case bases and especially for inter-domain reasoning. The other categorization is on the 

basis of the algorithm used, namely: 

Nearest-neighbor retrieves cases based on a weighted sum of features in the input case 

that match cases in memory (Hennessy and Hinkle, 1992; Pearce et al., 1992; Gonzalez and 

LaureansOrtiz, 1992; Cardie, 1993a). The method is effective if the retrieval goal is not weil 

defined or if few cases are available. The problem with the method is that the feature weights 

are context dependent and thus they must be either predefined (and consequently fixed) or a 
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special method must be used (e.g., inductive Iearning) to specify them in more dynamic way 

(not necessarily after each case acquisition). 

0 The  inductive approach (e-g., ID3 (Quinian, 1986b), UNIMEM (Lebowitz. l987), COBWEB 

(Fisher, 1987)) automatically extracts relevant features for retrieval or creates hierarchies of 

cases by comparing the  classification and discrimination abilities (the ability to  characterize 

and distinguish a particular case frorn the others) of individual features (Goodman, 1989; 

Simoudis, 1992). This method is applicable only if sufficient nurnber of cases is available and 

the goal of retrieval is well-defined. However, the learning process is quite time consuming. 

This is the reason why in some applications the classification is done only as a batch process. In 

some implementations, only surface features (easy to observe) are classified using the  inductive 

rnethod while deep features (difficult to observe) are classified by a human expert. 

A discrimination net uses both previous approaches (Kolodner, 1983; Bradtke and Lehnert . 
1988; Hammond, 1989a; Cardie, 1993a; Rissland et al., 1993). 

An explanation-based approach uses past experience to alter the classification ( DeJong and 

Mooney, 1986; Barletta and Mark, 1988; Ram. l993b). The main advantage of the met hod is 

its applicability to  support the case classification. This process helps to incrementally refine the 

systern 's understanding of the case. The EBI system ( Explanat ion-Based Indexing) (Barlet t a  

and Mark, 1988) can use any automatically selected feature for a classification; however, the 

system rnay select features which are hard to observe (or compute) or which does not provide 

suficient discrimination (e.g., many cases would be retrieved using this feature). T h e  AQUA 

system (Asking Questions and Understanding Xnswers) (Ram, 1993b; Ram, 1993a) overcomes 

t his drawback by selecting only easy-to-observe or easy-to-cornpute features. But even this 

approach has some drawbacks: only predefined types of classifications rnay be learned and in 

some cases, a classification rnay be created for a onetime-only event. 

0 A knowledge-based approach uses existing knowledge of each case in the case library to 

determine the importance of individual features for retrieving each case (Lauzon and Rose, 

1994; Kitano, Shibata and Shimazu, 1993). Even though al1 approaches up to the present 

rely on domain expertise, this approach is the most interesting due to its adoptability and 

flexibility, which makes it suitable for inter-domain problem-solving. 

The  problem of organizing cases so that the retrieval of relevant experience is efficient is one of 

the most important issues in case-based reasoning. An attempt has been made to unify different 

approaches to the indexing probiem (Schank et al., 1990). The authors present ideas about the 

representational issues required to support efficient retrieval. Domeshek presented addi t ional the* 

retical work on this problem (Domeshek, 1992). However, in both cases only certain dornains (story 



understanding) were considered and no attempts were made to support other domains. 

On the basis of presented differences in approaches to knowledge retrieval we define the following 

categorization: 

the algorithm for knowledge classification either uses a certain ( predefined) class of features 

which are used in accessing cases (Kolodner, 1983; Birnbaum and Collins, 1989; Hunter, 1989; 

Owens, 1989; Hammond, 1989a) o r  is based on the representation hierarchy (Porter et al., 

1988; Lauzon and Rose, 1994); 

knowledge can be stored as is or a generalization hierarchy rnay be created (Shinn, 1988; Brant- 

ing, 1989: Thompson and Langley, 1989; Collins and Birnbaum, 1990; Fertig and Gelertner, 

1991; Jones, 1991; Yang, Robertson and Lee, 1993; Ram. 1993b); 

the algorithrn c m  depend heavily on  a specid computer architecture (Stanfill and Waltz. 1986; 

Kolodner, 1989; Waltz, 1989; Rubin. 1992), or it can be implemented on a standard cornputer; 

the classification algorithm assumes large, real-world case bases (Kitano, Shibata and Shimazu, 

1993) or it can assume only smaH ones; 

in addition to functionality, the algorithm may or may not be psychologically plausible. 

The  process of classification is crucial for the system's performance. If the system uses a prede- 

fined set of features for a classification, then its probIem-solving abilities are constrained since the 

system becornes a single context system (Porter, 1989). Several strategies for solving the problem 

of predefined indexing vocabularies were identifid. namely: 

1. -411 features are used for classification. This naive approach suggests an extension that probably 

not al1 features are equally useful, Thus, next approaches try to (somehow) select appropriate 

features for indexing. 

2. Only l e s  computationaIly expensive features are considered For classification. The problem 

here is that using these features during retrieval is efficient, but it may result in l es  than 

perfect retrieval. 

3. Use only features given in the initial description of the problem situation ("low-level" features). 

This approach is simple, but may not be useful in complex domains. 

4. More abstract properties of the problem description are generated and only these are used for 

classification. The main problem of this approach is with derivation of more abstract features, 

because deep knowledge rnay be required but unavailable in a particular application. 

5. A combination of 3 and 4. This approach can overcome the drawbacks of both approaches. 
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Given the presented approaches we can make either the initia1 process (case acquisition and case 

base construction) more difficult or the reaçoning process slower. If the  initial knowledge is shallow, 

then the knowkdge acquisition is going to be sirnpler than in the case when the initial knowledge 

has also deep structures. 

Another important issue is that regardles of where the most work is done, the indexing va- 

cabulary construction is a difficult problern; thus, there is a necessity to employ machine learning 

approaches to help in this process. Another reason for this is that static classification is in many 

domains useless since it does not take into account the task and context that may change over time 

(Suzuki, Ohnishi and Shigemasu, 1992; Berrnan and Hafner, 1993; Kit ano. Shibata and Shimazu, 

1993; Lauzon and Rose, 1994). 

Indexing 

The basic assumption of the CBR systern is that al1 relevant cases will be retrieved efficiently. In 

order to guarantee efficient retrieval, case storage requires special techniques to be applied. Several 

general approaches have been proposed for this problem, namely: 

1. CIassification of al1 cases into a hierarchy, grouping relevant cases together (this process is 

usually referred to as the i n d e h g  pmblem. 

2. Implementation of a CBR system on a paraIlel computer without using case classification 

(Stanfill and Waltz, 1986: Waltz, 1989; Rubin, 1992). 

3. Classification is supported by parallel implementation (Kolodner. 1989). 

4. Neither classification nor the parallel implementation is used (Thagard et al., 1990: Hennessy 

and Hinkle, 1992; Gentaer and Forbus, 199 1). However, this approach is only usable for small 

case bases. 

A.5 Relation of CBR to Other Areas in AI 

A.5.1 Learning 

A CBR systern is a problem-solving system with inherently incorporated learning. Several techniques 

are used a t  various stages. Accumulation of new cases constitutes learning by remembering, 

knowledge acquisition or rote learning. New cases give the reasoner more context for solving problerns 

or evaluating situations. Learning can also help to estimate which cases are worth storing and which 

should not be included in the case base. Leaming algorithms can also help in converting existing 

databases into case bases. Automatic case generation can be supported by analogka1 reasoning, 

explanation-based learning and by using genetic algorithms (construction of hypothetical cases). 



(Re)structuring the knowledge in a case base involves classification and changes of hierarchy 

of knowledge base concepts. New classification enables fine-tuning a system's recall s t r a t e s ,  so it 

rernembers cases a t  more appropriate tirnes. Hierarchicai changes affect system's deep knowledge. 

Updating the existing knowledge is a form of reinforcement learning. 

Generalization of already posçessed knowledge involves creating more general concepts and 

case modification (construction of generic cases, ruIe generation, domain theories revision and de- 

velopment). When several cases are represented as similar t o  each other, and al1 predict the same 

solution, the reasoner can form a useful generalization. On the one hand, there are systerns which 

use only instances of cases; on the other hand, there are systems which use both instances of cases 

and their generalizations. There are aiso systems which use the  generalization process as a way of 

evolving useful rules from cases (Bostrom and Idestam-Almquist. 1989). Rules could be used when 

they match cases exactly, while cases would be used when rules were not immediately applicable. 

Aa alternative approach is when a system uses only abstract cases (Jones, 1992). 

Usually, the learning in CBR systems is opportunistic, which means that it is invoked only when 

some opportu~it ies  are recognized and it is not planned in advance. An example of such learning is 

failure-driven learning where goals and situations that are likely to  cause problems in the future are 

identified (Harnmond, 1989a; Hunter, 1989; Hammond et al., 1993). 

A.5.2 Analogy 

-4natogical problem solving has been used in CBR systems in various ways. CYRUS (Kolodner, 1983) 

is the first computer implementation of many of the thernes express& in SchankTs work (Schank, 

1982). It is a story understanding program that uses analogicd probIem solving if it cannot find a 

direct answer to a query. Another example of analogical problem solving using a case-based approach 

is SWALE ( K a s  and Leake, l988), a case-based creôtive explainer. When SWALE cannot explain an 

anomalous event, it starts to look for other explanations in other contexts. The analogical reasoner 

in the planning system BRAINSTORMER (Jones, 1989) is similar to TWEAKER ( a  descendant 

of the SWALE systern, which focuses on the tasks of explanation application and adaptation (Kass 

and Leake, 1988)); it is a failure-driven process and is invoked to  answer requests from the planner. 

AnaIogical problem soIving has been studied as a psychological rnodel. In SME (Structure 

Mapping Engine) structural and semantic constraints are used to generate al1 possible matches 

between two domains (Falkenhainer, Forbus and Gentner, 1989; Gentner, 1983). Later, the resulting 

set is processed using structural criteria and the best match set is identified. In ARCS (AnaLog 

Retrieval by Constraint Satisfaction) analogs are retrieved using multiple constraints (Thagard e t  al., 

1990). In MAC/FAC (Gentner and Forbus, 1991), a twestage retrieval is used as in ARCS. First, 

analogs are retrieved on the basis of superficial sirnilarities. Second, a retrieved set of analogs is 

refined on the basis of structural similarities (a second stage is similar to the SME approach). 



Even though there is some overtap between andogical and case-based reasoning, each has some 

distinctive features. Case-based systems aim to end useful situations while analogical systems tend 

to find similar situations. Systems using analogy are usually inter-domain, whereas CBR systems are 

intra-domain. Most CBR systems retrieve specific cases from a case base as opposed to generalized 

concepts or dornain principles. An exact match is considered to be a perfect case in CBR; however, 

is not considered as an anaiogicai relationship. Case-based systems usually pay less attention to the 

overall structural consistency of the retrieved case and the new problem as  long as the new case is 

"sufficiently" similar in a way that it makes it useful to the process ofsolving a given problem. Models 

of analogy have typicalty been more concerned with overall systematicity. Case-based systems are 

pragmat ic, pro blem solving, and task oriented. whereas analogical systems have broader scope of 

reasoning in learning and generalization. 

According to psychological studies on analogy, both goal-based features and surface features are 

important for retrieval of related cases frorn a case base. The decision which of the two extreme 

approaches is more important is domain dependent. It was pointed out, however that what is a 

surface feature in one domain can easily be a structurai feature in another (Keane, 1988; Vosniadou 

and Ortony, 1989). .4n interesting issue is to examine which features are more important in a 

particular domain and to adapt the system accordingly. It  is because the vahe of case features 

affect not only the retrieval stage of analogy, but also the transfer stage. 

When a sirnilar case is identified in memory it could be unnecessarily comptex for a given task, or 

it could be incomplete. Sol it is suggested that a more sophisticated process of reconstruction should 

be used before retrieved information can be used in a transfer. Reminding occurs only when cases 

are "instructedn to be remembered. Thus, analogical reminding is not a deterministic procedure 

that can be evoked without strategic effort. It is also recognized that cognitive goals form a context 

within which retrieval operates, and the nature of this context determines what remindings occur. 

Experimental tests show that deeper understanding and encoding aids analogical transfer (Iieane. 

1988; Vosniadou and Ortony, 1989). It is also believed that a great deal of inference is required to 

fully understand an example containing abstract relations as well a s  content features. BuiIding an 

initiai representation that contains both the abstract and content features is critical for any later 

analogical use based upon them. There is a problem that many times the system will not scale 

up properly for larger case bases. It is necessary that the system stores representative cases, since 

the similarity and thus reminding is context sensitive. It should also be guaranteed that the search 

space of exemplars includes many kinds of overlapping knowledge and features. The next question is 

when to use cases to reason. Most of the systems (unless with hybrid representation) use case-based 

reasoning for al1 new problems. But psychological tests seem to support an idea that cases are not 

used so often and that problem solving relies on generalized principles most of the time. 

It is believed that CBR systems have the strong pragmatic, problem-solving task orientation, 



as opposed t o  the b r o d e r  role of reasoning by analogy in learning and generalization (KoIodaer 

and Simpson, 1989). Many CBR systems to date rely on pre-existing generalizations, domain and 

system-specific procedures to  determine what might be useful in a new case. However, it is also 

believed that CBR should be useful in other kinds of cornplex tasks that are not exclusively problem 

solving. This brings in an interesting issue: systems usually use AI models which allow them t o  

work only in a particular dornain because the role of the  process is implicitly encoded in the rnodel. 

the rnemory base and representational format. The  issues to be addresed by CBR systems are 

analogical transfer between domains and abstract reminding. 

A.6 Application Areas of Case-Based Systems 

A.6.1 Case-Based Design 

In case-based design, problems are defined as a set of constraints; the problem solver is required 

to provide a concrete artifact that solves the constraint problem (Kolodner, 1992). The constraints 

can either under-specify the problem, Le., there are many possible solutions or ouer-constrain the 

problem, Le., there is no solution if al1 constraints are fulfilled. In solving either of these cases. the 

design specifications must be re-specified while solving the problem. 

CBR systems are especially useful for the problems that are hard to solve both in one chunk 

and in a decomposed form because of the strong interaction between individual pieces. Solving the 

problem by adapting an  old sotution helps the problem solver to  avoid dealing with many constraints, 

and keeps it from having to break the problem into pieces needing recomposition. These features 

are especially suited for a design task. 

Another interesting contribution of a CBR paradigm for design is pointing out problerns with 

a proposed solution. In almost al1 design problems, more than one case is necessary to solve the 

problem. The reason for that is the cornplexity of problems and the fact that design problems tend 

to be large. Within the CBR approach, decomposition and recornposition are avoided, as are large 

const raint satisfaction and rela~ation problems. 

Next we describe some of the design-oriented CBR systems. JULIA (Kolodner. 198'1; Hinrichs, 

1988; Hinrichs, 1989) plans meals. The emphasis is put  on the final product, which has to  meet 

certain constraints rather than on individual steps towards the main goal, as it is in planning. 

Cases are organized according to their feôtures in a discrimination net. CYCLOPS (Navinchandra, 

1988) is applied for Landscape design. WUTIK (Goel, 1989; Goel and Chandrasekaran, 1989) is 

a combination of case-based and model-bas4 reasoning for design of srnall mechanical assemblies. 

Cases are used to propose solutions; the model is used to  verify these solutions, to  point ou t  where 

adaptation is needed, and to suggest specific adaptation. 

CLAVIER (Barletta and Hennessy, 1989) is being used to lay out pieces made of composite 



materials in an oven to bake. There is no complete causal mode1 of what works and why; however, 

the system's goal is to avoid placing pieces in the wrong places. Almost always, several cases are 

used to  do  the design. One case provides an overall fayout, which is adapted appropriately, the 

others are used t o  fil1 in holes in the layout. This system is distinct from others because it  is used 

on a daily basis in Lockheed Inc. since September 1990. 

PERSUADER (Sycara, 1987) designs a contract for labor management disputes by adapting 

similar contracts. If no possible contract can be retrieved, the system generates a new contract from 

scratch. The  ernphasize is on meeting different constraints simultaneously. XBE (Pankakoski e t  al., 

1991) is applied t o  manufacturing systems design. The  system allows the user to represent and use 

different types of knowledge: it also uses hypothetical cases (similarly to the HYPO system (Ashiey, 

1990)). ARCHIE (Pearce e t  al., 1992) is used to help architects in the high-levei task of conceptual 

design. The cases are used both for proposing and critiquing. A case consists of design goals, design 

plans, outcornes, and lessons to be leamed. DéjàVu (Smyth and Cunningham, 1992) is a hiecarchicai 

CBR system for the development of plant control software for controlling autonomous vehicles in 

loading and unloading metal coils in a steel milling process. 

A.6.2 Case-Based Planning 

Planning is the process of coming up with a sequence of steps or a schedule for achieving a particutar 

state of the world. There are several problems that must be dealt with in planning, namely a problern 

of protections and preconditions. The first one relates to  ensuring that plans are correctly sequenced 

and that individual steps are properly projected into the future. The second one relates to assuring 

that a11 preconditions of individual steps are fulfilled before their scheduling. 

In addition t o  the problems mentioned above, even more cornplex probtems can arise if the 

number of goals competing for achievement a t  any time is quite high. In general, there are two 

possible ways to  tackle this problem. If each goal is achieved independently of the others, then 

planning and execution time are at least the sum of achieving each goal (because of interactions, 

planning and execution can be even more cornplex). This requires decomposition and recomposition 

of plans. The other possibility is to achieve several goals simultaneously, which solves the goals in 

conjunction but i t makes the problem significantly hardet. 

Case-based planning and case-based design systems are quite similar to each ot  her. Both types 

of systems are usefut for the problerns that are hard to solve in one chunk, but cannot be easily 

decomposed, and soived separately, because of the strong interaction between individual pieces. 

Here, individual steps imply different constraints, which have to be satisfied. 

Case-based planning uses previously successful plans, classified according to the conjunction of 

goals they achieve. Case-based planning inherently diminishes the problem of combining planning 

and execution. Some of the  well-known planning systems include CHEF (Harnrnond, 1989a), which 



works in the domain of Chinese recipes. CHEF addresses the problem of anticipating problems 

before execution time by learning from its problematic experiences. PLEXUS (Alterman, 1988) is 

a prograrn to demonstrate the skills required to ride a subway. PLEXUS is able to do  execution 

time repairs by adapting and substituting semantically simiiar steps for those that have failed. 

TRUCKER (Hammond, 1989b; Hammond et al., 1993) keeps track of pending goals and takes 

advantage of opportunities that arise and allow it to achieve these goals earlier than expected. 

MEDIC (Turner. 1989) is a diagnosis prograrn which is able to reuse previous plans for diagnosis; 

it is flexible enough in its reuse to  be able to follow up on unexpected turns of events. MEDIC 

dso compares the importance of goals and decides which plan to use to achieve the most important 

goal. Because of its emphasis on planning, the system is considered to be a case-based planning 

system, rather than case-based diagnostic system. ClSI BATTLE PLANNER (Goodman, 1989) is 

an example where cases are used to criticize and repair plans before they are executed. SPA (Hanks 

and Weld, 1992) is a domain-independent case-based planning system. .A plan is represented as a 

set of steps, various links, and constraints describing interrdationships among the steps. 

A.6.3 Case-Based Diagnosis 

In case-based diagnosis, a solver is given a set of syrnptoms and is asked to explain them. When 

only a srna11 number of possible esplanations exist, diagnosis is sirnilar to the classification problern. 

If the space of possible explanations is significant, one can view diagnosis as the problern of creating 

an explanation. Sirnilarly to the cornparison of design and planning CBR systems, case-based 

diagnosis system can rely on planning and thus can be classified as a planning system (Turner, 

1989). However, there are also diagnosis systems, which are model-based (Koton, 1988b: Goel, 

1989; Goel and Chandrasekaran, 1989; Birnbaum et al., 1990; Féret and Glasgow, 1993). In these 

cases, categorization is easier since the distinctive features are easity perceivable. 

SHRINK (Kolodner and Kolodner, 1987) is an early CBR system, designed to be a psychiatric 

diagnostician. Here, the diagnosis from a previous case is used to generate a hypothesis about 

the diagnosis in the new case. CASEY (Koton, 1988b) is a system applied for diagnosis of heart 

problems; it adapts the diagnosis of previous heart patients to new patients. CASEY is built on top 

of an existing model-based diagnostic program. Because adaptation is based on a valid causal model, 

its diagnoses are as accurate as those made from scratch based on the same causal model and tliey 

also tend to be more time efficient. PROTOS (Bareiss, l989a), a hearing disorders diagnostic system, 

is designed to ensure that cases are used in pointing the nray out of previously experienced reasoning 

predicaments. In its application domain, many of the diagnoses manifest themselves in similar ways, 

and only subtle differences differentiate them. By using feedback from the user, PROTOS learns 

these subtle differences. EAD (Explanation-Aided Diagnosis) (Féret and Glasgow, 1993) is a model- 

bas& diagnostic system with a CBR module, applied for diagnosis of complex devices. The system 



uses hierarchical knowledge representation and the model-based reasoner is used to identify relevant 

experience. The case-based module critiques the results obtained by the modei-based reasoner. and 

also helps to consider unexploreci alternative hypotheses. 

A.6.4 Case-Based Explanation 

Explanation is introduced to the CBR terminology in the connection with the plan or solution 

failure. The system may try to construct an explanation of the reason for the failure in order that 

the plan or solution may be repaired and the case base modified to avoid such a failure in the future. 

Explaining anomalies is prevalent in al1 of our problem solving and understanding activities. 

Explanation has been called the credit assignment problem and the blarne assignment problem, 

depending whether it explains a success or a failure. 

-4 case-based explanation (Rarn, 1993b; Rarn, 1993a; Schank, 1986; Schank and Leake, 1989) 

expiains a phenomenon by remembering a similar phenomenon, borrowing its explanation, and 

adapting it to fit. In this context, CBR fits very naturally and will irnprove the explanation process. 

A case-based exp1anation requires mechanisms for retrieving similar cases, adapting them to fit 

current needs and validating the solution that can decide if a proposed explanation has any merit. 

In a different sense, cases can be used to explain other reasoning. For example a case-based 

explanation can be used to explain solutions generated by a genetic aigorithm (Louis, McGraw 

and Wyckoff, 1992). This task is quite difficult because the solutions cannot be easily explained. 

An explanation is later used to tune the genetic algorithrn. Thus, case-based explanation helps in 

developing an adaptive genetic algorit hm. 

A.6.5 Case-Based Classification 

The classification task involves associating instances with particular classes: on the basis of the 

object description, the system determines whether a given object belongs to a specified class. For 

the purpose of this paper, it is assumed that the categories are known from the domain theory (Stepp 

and Michalski, 1986). In general, this process involves generating a set of categories and classifying 

given cases into the created categories. 

Various techniques have been used for the classification task, including neural networks (Shavlik, 

Mooney and Towelt, 19911, genetic algorithrns (Frey and Slate, 1991), inductive and instance-based 

learning (Aha, Kibler and Albert, 1991; Kononenko and Bratko, 1991; Shavlik, Mooney and Towell. 

1991; Turney, 1995; Schuurrnans and Greiner, 1995) and CBR (Porter, Bareiss and Holte, 1990; 

Aha and Bankert, 1995; Griffith and Bridge, 1995). Individual approaches are compared to each 

other on the basis of the rnethod they deploy, accuracy they can achieve and on the cornplexity of 

the algorithm used. Most of the systems extract classification rules from training examples during 

a learning process. Then, they use these rules for classification of unseen instances. Case-based 



systems, however, store whole cases during the leaming process and use the similarity between a 

given problem and a case in a case base to determine a proper class for a problem. 

Evaluating classifiers' performance is not a straightforward process. Individual systems are usu- 

ally tested on dif€erent problem domains and because of differences in domain complexities obtained 

performance mesures cannot be cornpareci directly. While the performance is highly domain de- 

pendent, it is possible to derive evaluation techniques which allow for a rneaningful performance 

comparison of different algorithms (Aha, L992b; Kononenko and Brat ko, 199 1). 

In a classification systern, there is usually a fixed set of classes (or categories) into which given 

objects are to be classified. Classification systerns are trained first , Le., already-classified objects 

are presented to thern. The systern induces knowledge frorn these examples - e g . ,  neural networks 

change connection weights, decision-tree algorithrns generate rules and CBR systems remernber 

individual instances. The goal is to learn to correctly classify al1 the examples. Obviously, the 

system must be able to generalize from these examples, so even unseen exarnples would be classified 

correctly with satisfactory accuracy. 

Generatly, objects are represented as a collection of properties - attributes or features. In real- 

world dornains, objects may or may not be represented properly and/or error-free. Some attribute 

values might be missing or there may be irrelevant attributes present and relevant attributes rnissing. 

Such dornains are called irnperfect . 
In a conventional data analysis, objects are clustered into classes based on a distance (sirnilarity) 

measure (Stepp and Michalski, 1986). The sirnilarity of two objects is represented as a nurnber - 

the value of a sirnilarity function applied to symbolic descriptions of objects. Thus, the similarity 

measure is context free. Note that such methods faiI to capture the properties of a cluster as a whole 

and are not derivable from properties of individual entities (Stepp and Michalski. 1986). 

Supervised learning algorithms for classification con be describecl as follows: 

Given a sequence of training examples ( Z r ,  cl), . . . . (En, cn)? where 

( Z i ,  ci) is a pair consisting of a object description Ii and a proper classification ci ,  the 

classification system must learn the mapping c l a s s i j y  : S -+ C, where 9 is the space of 

objects descriptions and C is the space of possible classes. 

Case-based classification classifies instances based on their sirnilarity to stored cases: 

A new problem (a case Cp) is classified on the basis of k close matches (Ci, . . . , Ck) 

ret rieved from a case base (A = {Ci, . . . , Cm)). 

Traditional approaches to classification involve generating a set of rules based on induction from 

training examples. The requirement for such algorit hms is t hat created rules correctly classify known 

(Le., training) examples and perform well on unseen (Le., test) examples (Quinlan, 1986a). 

ID3 (Quinlan, 1Ç86b) is a classification system based on a decision-tree algorithm. B s e d  on the 



induction from training examples, ID3 generates a decision tree - a classification rule that examines 

the values of some attributes of an object in order to assign it into a proper class. 

K3 (Stepp and Michalski, 1986) is a classification algorithm based on attribute-based conjunc- 

tive conceptual clustering - a way of grouping objects into conceptually simple classes. Using this 

method, a set of objects forms a class only if it can be described by a conjunctive concept involving 

relations on object attributes. 

AUTOCLASS 11 (Cheeseman et al., 1988) is an induction algorithm used to discover classes 

from databases on the b a i s  of Bayesian statistical techniques. The system determines the number 

of classes, their probabilistic descriptions and the probability that each object is a member of a given 

ciass. This allows for making each and every attribute potentially significant as well as assigning 

objects to different classes. The system also allows for identifying hierarchies of at t ributes, selecting 

common attributes and distinguishing at tributes between classes. 

The STABB system (Utgoff, 1986) uses induction and shifting bias for concept learning. The 

author of the system also identifies several factors as contributors to bias. 

IB1 (Aha, 1992b; Aha and Salzberg, 1994) is a nearest-neighbor, instance-based learning system 

used for classification and control taslis. Given a problem description, IBl provides a solution 

to it using the k-nearest neighbors. Since al1 attributes are used during retrieval, the system's 

performance decreases with the number of irrelevant attributes. Performance degradation of IB1 

with the number of irrelevant attributes can be solved either by data pre-processing (removing al1 

irrelevant attributes) or by the use of an intelligent, selective partial matching algorithm. The latter 

approach is sirnitar to m-of-n concepts in machine learning (Ortega, 19951, Le., the system considers 

only m < n a t t r ibuts  during retrieval. There are various methods used to decide m and Ortega 

presents an evaluation of system performance for various m (Ortega, 1993) . In addition to deciding 

the size of m, the approach described in this paper allows for specifying which a t t r ibuts  to exclude 

and for posing additional constraints on at tribute values, if desired. 

CBl (Griffiths and Bridge, 1995) is a PAC (Probably Appro'rirnately Correct) learning, case- 

based classification algorithm designed for general purpose learning. Even though it is relatively 

inefficient, it is an interesting step towards a computational learning theory for CBR systems. 

PROTOS (Porter, Bareiss and Holte, 1990) is a case-based classification system applied to the 

clinical audiology domain. The system uses on exemplar-based learning (Kibler and Aha, 1987; 

Bareiss, Porter and Wier, 1988; Branting, 1989; Aha, 1995), a method especially useful for domains 

lacking a strong domain theory. In the system, classification is combined with explanation. Expla- 

nation is used for justifying case classification and for determining similarity between two cases. 

Cunningham et al. bave presented an incremental retrieval system, 1-CBR (Cunningham, Bon- 

zano and Smyth, 1995). For this case-based reasoning paradigm, the user specifieç a case skeleton 

and attempts to retrieve al1 cases similar to it. 1-CBR partitions attributes for a case into two groups 



- the ones which are known immediately and the ones tbat need some extra effort for specifying 

them. During the retrieval process, the user specifies known attributes and the system returns a 

pool of case candidates. From the set of unknown attributes the most discriminating one is selected 

and the user is queried for its value. Thus, the initial pool of retrieved cases is processed to decrease 

its size to eiirninate less-sirnilar cases, which increases classification accuracy. 

A.6.6 Case-Based Control, 

A control system capable of rernembering a repeated operation is called a learning control system 

(Arimoto, Kawamura and Miyazaki, 1984; Bondi, Casalino and Gambardella, 1988; Wang, Soh 

and Cheah, 1995). A leaming process can increase the number of solvable tasks (i-e.. acquire new 

knowledge) or it c m  improve the efficiency of solving repeated tasks. Most current applications 

of machine learning in robotics are oriented to the perfection of the control process. Naniwa and 

Arimoto proposed a learning control system for manipulators whose endpoint is moving under ge* 

metrical constraints on a surface (Naniwa and Arimoto, 1995). (Jang, Choi and Ahn, 1995) describes 

an iterative learning system for precise tracking control with guaranteed convergence. 

The Theo-Agent is a reactive system (Mitchell, 1990). The system is used in robot control and 

combines a stimulus-response su bsystem for rapid react ion wit h a search- based ptanner for han- 

dling unanticipated situations and an explanation-based learning mechanism to construct stimulus- 

response rules to cover new situations. Thus, the system becomes increasingly reactive. since over 

tirne, less planning is required as the machine learning component acquires more control rules. 

The Candide system (Luzeaux and Zavidovique, 1994) has been used for the acquisition of control 

knowledge. The system learns a qualitative mode1 of the system first; then, on the basis of the mode, 

it creates a rule-based incremental controller that controls a given system. 

The SINS system (Ram and Santamaria. 1993a) is a self-improving reactive control system for 

autonomous robotic navigation. The system is based on using case-based techniques and rein- 

forcement learning . The learning module monitors the system and incrementally modifies the case 

representations to accommodate the changes. Because of the utility problem (Minton, 1988bj, the 

SINS system uses only 10 caçes to allow for real-time performance. 
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