Also in Proceedings of 11 th International Conference on Industrial and Engineering

Applications of Artificial Intelligence and Expert Systems, eds A. P. del Pobil, J. Mira

& M. Ali, Lecture Notes in Artificial Intelligence 1416, Vol. 2, pp517-523, Springer

Verlag.

CBR: Strengths and Weaknesses

Pádraig Cunningham

Department of Computer Science

T rinityCollege Dublin

Ireland

Padraig.Cunningham@cs.tcd.ie

Abstract. There is considerable enthusiasmabout Case-Based Reasoning as a means of developing knowledge-based systems. There are two broad reasons for this enthusiasm. First, it is evident that much of human expert competence is experience based and it makes sense to adopt a reuse-based methodologyfor developing knowledge based systems. The other reason is the expectation that using Case-Based Reasoning to develop knowledge based systems will involve less knowledge engineering than alternative `first-principles´ based approaches.

In this paper I explore the veracityof this assertion and outline the types of situation in which it will be true. CBR is perceived to have this knowledge engineering advantage because it allows the development of knowledge based systems in weak theorydomains. If CBR can work without formalising a domain theorythen there is a question about the qualityof solutions produced bycase-based systems. This is the other issue discussed in this paper and situations where CBR will and will not produce good qualitysolutions are outlined.

1 Introduction to Case-based reasoning

T he idea of Case-Based Reasoning is intuitivelyappealing because it is evident that much of human problemsolving competence is experience based. People drawon past experience when solving problems and can readilysolve problems that are similar to ones encountered in the past. More than that, if a problemcan be solved by reusing a solution froma solved problemthat is similar then the newproblem maybe processed without much in-depth analysis. T his leads to the expectation that Case-

Based Reasoning (CBR) can be based on shallowknowledge and that developing

CBR systems can require less knowledge engineering (KE) that alternative techniques.

In recent years a standard strategyfor CBR has evolved and this is most commonly expressed as the four R´s first introduced by Althoff (1989) (see also Aamodt and

Plaza, 1994). Once a case-base which capturies previous problemsolving episodes has been established the components of CBR according to this structure are :-

Retrieve the most similar case or cases

Reuse the information and knowledge in that case to solve the problem

Revise the proposed solution

Retain the parts of this experience likelyto be useful for future problemsolving

In practice it is often difficult to distinguish between the Reuse and Revise stages and it might be best to think of this as a single Adaptation stage. Adaptation is somewhat controversial in CBR because, if CBR is to offer anyknowledge engineering advantages these will be lost if substantial case adaptation is to be supported. So there are those that would argue that CBR is sensible when adaptation is minimal or nonexistent (see Barletta, 1994 for instance). It is true that at the moment most successful installed CBR systems involve little adaptation.

T he status of adaptation in CBR can best be explored in the context of the diagram shown in Figure 1. T he motivation in CBR is to avoid the first principles reasoning that is required to find a solution ( SL ) to the problemspecification ( SP ) in the target case. Instead a case with a similar specification ( SP‘ ) is retrieved fromthe case base and the solution to that case is adapted to fit the target problem. T he expectation is that retrieval and adaptation will be simpler than the first principles reasoning. An alternative motivation maybe that it is not possible to automate the first principles reasoning and instead the expectation is that the `good quality´ characteristics of SP‘ will survive the transfer to SP in the adaptation.

SP‘

SL‘

Retri ev al

Adaptati on

Fi rst

Pri nci pl es

Reasoni ng

Base Case

T arget Case

SL

SP

Fig. 1 . T he transformation and mappings involved in CBR: SP is a problem

specification and SL is a solution.

T his diagramalso tells us something about the knowledge engineering requirements

in CBR. CBR avoids having to encode the knowledge that would be required to

automate the first principles reasoning. Instead the problemsolving knowledge is

encoded as follows :-

· In the case representation: the case representation must capture the

predictive features of a problem.

· In the similaritymeasure: it must be possible to retrieve cases that

are genuinelysimilar to the target problem.

· In the adaptation knowledge: the adaptation mechanism must be

able to sensiblymanipulate case solutions. ( based on analysis

presented in (Richter 1995)).

T he last of the 4 Rs is Retain and it is receiving increased attention in recent years.

T he competence of a CBR systemcan increase over time as newcases are processed

and added to the case base. T his is a learning process because it results in an

improvement in the competence of the system. As large scale CBR systems have been

fielded in business and industryit has become evident that mechanisms for extending

and updating the case-base are important. T his is just part of the larger case-base

maintenance issue. Case-base maintenance involves identifying existing cases that are

out of date and identifying newcases that extend the competence of the system.

T hese issues of Maintenance and Adaptation are covered in the paper bySmyth

(1998) and in the paper byWilke and Bergmann (1998) in this volume. In the

remainder of this paper I will cover the knowledge engineering aspects of CBR by

addressing the twin questions; ^Are knowledge based systems that are case-based comparativelyeasyto implement?~ and ^Can CBR produce top qualitysolutions? ~.

T he final paper byWatson (1998) in this set of CBR papers presents some recent

successful applications of CBR.

2 Case Representation & Retrieval

Before beginning our discussion of knowledge engineering and solution qualityit is

necessaryto outline the standard approaches to representation and retrieval in CBR.

In the Introduction it was established that cases have two components, the

specification and the solution. T he specification normallyconsists of a set of

attributes and values. T he attributes for a particular case should uniquelydefine that

case and should be sufficient to predict the solution for that case. T he case solution

maysimplybe a single attribute representing a classification; for instance a fault

categoryin diagnosis. Alternativelythe solution mayhave complex structure as would

be the case in a route planning system.

Retrieval is itself a huge area of research in CBR. However, commercial CBR tools

normallyoffer the two alternatives of k -Nearest Neighbour ( k -NN) and Decision

T rees. k -Nearest Neighbour involves establishing a similaritymetric bywhich the

closeness of two cases can be measured. T hen the target case is compared to all the

cases in the case-base in turn and the k nearest are retrieved. T his is a powerful

technique if a good similaritymetric can be established. It has the disadvantage that

retrieval time increases directlywith the size of the case-base.

T he alternative is to use Decision T rees ( k -D-T rees) where case retrieval is

proportional to the depth of the D-T ree (i.e. k ); the maximumdepth is the number of

attributes used in retrieval. Decision T rees can be built using induction if the case

solution is an atomic categorythat can be used to drive the induction ( Quinlan, 1986

& 1993). For CBR, k -D-T rees do have the disadvantage that theyneed to be rebuilt

fromscratch when newcases are added to the case-base.

T here are CBR systems involving approaches to representation and retrieval that are

radicallydifferent to this, however, the majorityof CBR systems have specifications

represented as feature vectors and use either k -NN or k -D T rees for retrieval.

3 Knowledge Engineering Requirements

In the introduction I have said that the enthusiasmfor CBR is based on the following

intuitive argument. Having access to similar problems in problemsolving reduces the

need for problemanalysis - solution components fromold problems can be reused and

less in-depth analysis of the newproblemis required. T his suggests that developing

CBR systems mayrequire less knowledge engineering than, say, rule-based or model-

based approaches.

T his argument can be elaborated using the model shown in Figure 2. T he keymessage

in this diagramis that there are two stages in problemsolving as formalised in

knowledge based systems. T he first stage involves an analysis of the problemthat

produces a representation of the problemthat can be manipulated bythe reasoning

system- this representation is often a set of attribute values. T he second stage

involves developing the reasoning mechanismthat manipulates the problem

representation to produce a solution.

Representation

Problem

Analysis

Reasoning

System

?

Solution

5HDO

:RUOG