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Abstract—In Case Based Reasoning (CBR), knowledgethe knowledge of the expert or may be only paifmissing
acquisition plays an important role as it allows toprogressively the user information in order to exploit this saut
improve the system’s competencies. The case-baseshsoning completely).

(CBR) is to solve a problem by remembering and addjmg past This new knowledge is used to repair and adapisfailed
cases already resolved. The CBR systems handle \ass kinds of to prevent similar failures in future argumentsefdfore, this

knowledge: the case, the domain knowledge, knowleelgof \york concerns the adaptation stage of CBR in JJ}, [
similarity and adaptation. The cases are collectechia gradual

manner when using the system and the case base iwiehed : . . . .
incrementally, while other types of knowledge are ypically The remainder of this paper is organized as follgiln

acquired when the system design. In particular thedomain SeCt'or? 2, We_ present a br'_ef rev'eW,Of the _Cama
knowledge. reasoning, we introduce and discuss the issue®bjedtives

This paper presents an approach for acquiring domain of our research in Section 3. In Section 4, thdsm(mves

knowledge-based adaptation system failures. This apgach has were implemented in a prototype called FRAKAS. Hina

been implemented in a prototype, called FRAKAS, usg the Section 5 concludes this paper.

description logic.

Keywords—Conservative  adaptation, description  logic, Il. CASE BASED REASONING

reaso_ni_ng from case, based reasoning domain knowige, theory In Case based reasoning, cases are generisented by
of revision. couples problem-solution, if a source will be dexbby srce -
case = (srce; Sol (srce)) is the part where srabl@m and Sol

[.  INTRODUCTION p om

Case-based reasoning (CBR) is a reasoning parad|s|[r(1:e) his party solution. The target case, whaig ihe target

: S . 2 oblem is known if target = (target?), The adaptatonsists
which consists in solving new problems by adapsaltions - .
. ; . in determining a solution Sol (tgt) from targstce-case for
of previously solved problems. This process is suigg by _ ;
) . target-case =completed (target; Sol (tgt)).
various knowledge used to reason on cases. Incpkatj . o .
. ! SO i X This representation is based on the assumpgtiah the
adaptation knowledge is of major importance: itsed during . )
: : representation of a source case in some probleamsame
the retrieval step to retrieve a good source casg @ case : . .
. : solution can be uniquely independent of the tacgse.
easy to adapt) and, of course, during the adaptaiep to .
. . Case-based reasoning systems are knowledgd-base
build the solution to the current problem. Unfoetedy, systems (KBS) which, if we follow Richter's proptisn [3]
knowledge management in CBR is still a difficuloplem. Y ' prop '

In Case Based Reasoning (CBR), knowledge atiquis make use of four distinct knowledge sources: domain
) ng ’ 9 N knowledge, cases, similarity knowledge and adapiati
plays an important role as it allows to progredgivenprove

the system’'s competencies. One of the approaches krcl)?wledge. But one can have an unified view of the
y omp > > app knowledge involved in CBR systems as there exiftsec
knowledge acquisition consists in performing it l@hthe

system is used to solve a problem. An advantagehisf relations between the different knowledge contaner

strategy is that it is not to constraining for teepert: the i ) )
system exploits its interactions to acquire piexfdeowledge ~ Caseé based reasoning (CBR) is a paradigm dilgre

it needs to solve the current problem and takespipertunity SOIVing which uses past experiences to solve neblpms.
to learn this new knowledge for future use. Reuse of experience constitutes the main spegifiaitd

This paper presents an approach to acquire idomsirength of CBR: reasoning bases itself on remeimpeand

knowledge of a CBR system. Specifically, this asijign is €USing past situations rather than on the exaiusise of
done in sessions of case-based reasoning: whenathet formal knowledge of the domain. The exploitation st
problem is solved by adapting the retrieved casejsi situations is often profitable, particularly whenokwledge of

presented to the user who can demonstrate thetHatthe the domain is incomplete: experience still offerasis” for
solution is unsatisfactory and why it is, and itthe failure the solution. Of course CBR does not always give iteal

situations of interest here, the solution may lemsistent
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solution to the problem but, if it has the expecierof this
problem, it always offers a solution.
This solution, although imperfect,
satisfactory in real cases. The basic CBR prisgiib solve
a target problem, retrieve a source case and d@dapan be
summarized as in figure 1.

retrieval
Srce 4 Tgt
| |
Sol(srce) - + Sol(tgt)
adaptation

Fig. 1 CBR classical paradigm.

Cycle of reasoning in CBR:

is nearly alway

Froblem

Suggestfed
Solution

Confirmed
Solution

Fig. 2 A CBR cycle (Aamodt-Plaza-94)

An initial description of a problem (top of figurelefines a
new case. This new case is used to RETRIEVE a ftase

The principle of CBR, reusing a past problem-sajvinthe collection of previous cases. The retrievedecés

experience to solve a similar problem, is simplef the
implementation of this principle remains complexl aaises a
certain number of questions. How do we represent
experience? What is a similar problem? How do weseean
experience and adapt it to the present situatiohatWan be
retained from a specific problem-solving experiéhce

At the highest level of generality, a general CBRIle may be
described by the following four processes:

1. Retrieve similar cases to the problem descriptio

2. Reuse a solution suggested by a similar case.

3. Revise or adapt that solution to better fitriegv problem
if necessary.

4. Retain the new solution once it has been coefiror
validated.

A new problem is solved by retrieving
previously experienced cases, reusing the caseemay or
another, revising the solution based on reusingrevigus
case, and retaining the new experience by incotipgré into

the existing knowledge-base (case-base). The foarepses
each involve a number of more specific steps, whidhbe

described in the task model. In figure 2, this eyds

illustrated
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combined with the new case - through REUSE - intolaed
case, i.e. a proposed solution to the initial pgabl Through
the REVISE process this solution is tested for sasce.g. by
being applied to the real world environment or aagdd by a
teacher, and repaired if failed. During RETAIN, fute
experience is retained for future reuse, and tise dmse is
updated by a new learned case, or by modificatifsorne
existing cases[9],[20].

We note SDK (system domain knowledge domai@pK
expresses knowledge believed to be correct butexessarily
complete. In particular, SDK gives necessary camait for a
case to be lawful. [3], [4].

A. Acquiring CBR knowledge
Solutions produced by CBR systems may not be aatisfy

one or morkecause of either a lack of sufficient knowledgémgerfectly

described knowledge, leading to reasoning failiitass,
many research work address the learning compone@GBR
systems along several perspectives.

One of these perspectives characterizes the differe
knowledge containers targeted by the learning E®d8]:
case’s vocabulary, cases, similarity and solution
transformation (i.e. adaptation knowledge). Somgr@gches
consider similarity and adaptation knowledge asirdis and
learn them separately [7]. We defend the idea ftidally,
only domain and adaptation knowledge should bentzhand
similarity knowledge should be deduced from adamtat
knowledge.

Another perspective characterizes the knowledgecsoused
by the learning process [8]. Some approaches @sedhtent
of the knowledge containers, in particular thoseo wly on
machine-learning or "off-line" techniques in orderexplicit
knowledge. Other "on-line" approaches, by contras) at
acquiring new knowledge that is not already in Hystem
through interactions with the environment . Leagnitakes
place during the use of the system and aims atidogu
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domain knowledge. The evaluation of the adaptedtisol
may highlight the fact that it does not meet thgureements
of the target problem. In this situation, a reasgnfailure
occurs and is handled by a learning process. Tlhperexs
involved in the identification of faulty knowledgad a repair
process is triggered to correct it.

I1l. PROBLEMATIC AND OBJECTIVES

Between the domain knowledge (SDK) availablethe
CBR system, and knowledge of the expert, there Isiga
difference from [5], since the domain knowledge available
but arenot sufficient, it is therefore necessaryaoquire new
ones. This problem is impossible to solve compyefied most
applications, but we can still learn new domain Wiealge
thanks to the expert.

The general principle here is to do reasoning l@arning
takes place when using the system and aims tor@cdamain
knowledge. When the solution is evaluated it mayubable
to solve the problem: it is then a failure of re@iag that is the
subject of a process of learning from failure. Téwpert
comes to identify parts of solution inconsistent.

failures occurring in future reasonings and, esgbgi to
perform a new adaptation with a more complete kedge.
As a result, the system progressively learns nescgs of
knowledge and becomes more and more effective(p][1
FRAKAS uses a technique of guided retrievalpsalaility.

When a source case is remembered, it uses conservat

adaptation to infer Sol (tgt) from the target peohl and
source case. The conservative adaptation is to fyndde
source case in a minimal way to be both consisigtit the
knowledge base and the target problem. The reduth®
adaptation is presented to the expert who can dedectan

inconsistency of the proposed solution with persona

knowledge.

The FRAKAS approach aims to facilitate the acqigisitof
domain knowledge. This knowledge, although useddapt
cases, is not supposed to be linked to the casdsRAKAS,
the identification of knowledge to be acquired @, not by
analysing the reasoning, but by analysing the soluin the
case of failure, the solution is analysed by thpeetx who
must identify inconsistencies in the solution using own
knowledge. The system is able to infer, from thalgsis of

Two types of failures were identified in thiager and lead these inconsistencies, new knowledge which wilbwaliit to

to acquisition of knowledge:

-Failed due to an inconsistency of the solutionhwihe
knowledge of the expert. The expert said that, giwat he
knows of domain knowledge, the affirmation of trausion

of the target problem is inconsistent. This may mt#wat the
solution itself is incoherent.

-Failure to have a solution that is only partidlthe solution
proposed by the adaptation target is partial, &edefore not
fully satisfactory, the interaction with the expearan help
clarify it.[21]

In this paper we used system FRAKAS, so enimgnttie
use of this system in a real situation and to redramplexity
and facilitate the work of the expert, it will beaessary to
install a new version of FRAKAS, using the destoip logic.
Thus, we proposed an algorithm for knowledge basesion
in description logics. We chose the formalism ofsErgtion
logic because of its ability to dual representatiand
reasoning about knowledge.

IV. FRAKAS (FAILURE ANALYSIS FOR DOMAIN KNOWLEDGE
ACQUISITION)

FRAKAS is an illustration of the FIKA principdeFailure-
driven Interactive Knowledge Acquisition, FIKA deéis a
general approach for interactive and opportunistiguisition
of knowledge in case-based reasoning.). It defitiedegies to
interactively learn domain knowledge on-line, bypleiting
reasoning failures and their correction. The lgagnprocess
occurs during a CBR session. The target problem
automatically solved by adaptation of a retrievesec and

avoid repeating the mistake in future.

Algorithm of FRAKAS.
Input: tgt, SDK, CB
(srce; Sol(srce)) Retr ieval(SDK; tgt; CB)
Sol(tgt) Adaptation(SDK; (srce; Sol(srce)); tgt)
{Taking into account type 1 failures}
while Sol(tgt) is inconsistentio
The expert points out Inc {Inc: the inconsigtg}
The expert gives a textual explanation offtikere (stored
for later use)
'Inc is false’ is integrated to SDK
Sol(tgt) Adaptation(SDK; (srce; Sol(srcej)
end while
{Taking into account type 2 failures}
if Sol(tgt) is fully specified then
Exit
end if
while There is an inconsistent interpretation ol{t§t) do
{Justification of this loop:}
{The madification of the knowledge base canayate new
inconsistent adaptations}
for all inconsistent interpretation do
The expert points out Inc
The expert gives a textual explanatibthe failure
(stored for later use)
‘Inc is false’ is integrated to SDK
is end for
Sol(tgt) Adaptation(SDK; (srce; Sol(srcejx)

then, the proposition is presented to the “user’owhend while

depending on his expertise level, is supposeddblight the
part, in the proposition, that is not satisfactory.

Reasoning in FRAKAS.

FRAKAS offers an interactive mechanism that sit An assumption is made that the CBR system is capabl
incorporating new pieces of domain knowledge. Tiesv n Performing consistent reasoning in the cases usimg
knowledge is then added to the system to preventlasi available domain knowledge. The proposed built hg t
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system is presented to the oracle who is able ¢caldef it is

valid or not (i.e., if the proposition works or hoThe role of
the expert is then to highlight faulty knowledge tife

proposition is not satisfactory, which amounts ighhghting

the parts of the proposition that are not corrégt[1

The knowledge acquisition in FRAKAS is:

- Opportunistic, as it exploits failures to triggarlearning
process;

- Interactive, as it involves the user during thBRCsession,
through interactions;

of knowledge coming from experience. These piecés o
knowledge cannot always be explained by the domain
knowledge but are nonetheless often very usefal, iliwhy
they are valuable.
A. The used Formalism : ALC Description Logic

Description Logics (DL) were first developedpmvide a
formal meaning, declarative semantic networks aaanés,
and to show how such structured representations bean
provided with effective tools of reasoning. Theym a
 Incremental, as pieces of knowledge are addegressively family of knowledge representation formalisms teanh be
to the domain knowledge. used to represent and reason about the knowledgan of
The knowledge learned by a system implementing thgplication domain in a structured and formally Iwel
FRAKAS principles is used to repair failed adagtas and to understood. They are increasingly important in kieolge
improve the quality of the solution proposed foe tturrent representation. [12]
problem. This knowledge is also stored and reusqutd@vent Syntax:

similar failures from occurring again in furtheas®nings. The elements of the representation language AteCthe

concepts, roles, bodies and forms. Intuitively, @naept
represents a subset of the domain of interpretafiotoncept
is either an atomic concept (ie,d. A concept nanee)a
conceptual expression of one of the following form:

FRAKAS principles
The FRAKAS principles are illustrated in figure 3

FRA®AS principles
¢ Add casa to
\ e hase S/

T.0,CnD, -C,CyD,or.C,Or.Cwhere Cand D are

concepts (atomic or not) and r is a role. In a ephcan be
associated with a first-order formula with one fuagiable x.

For BC ¥' in LAC is a finite set of formulas ALC. The
terminological part (TBox or terminology box) #fis the set
of its formulas terminology. The assertionnelletpgor for
ABox assertional box) of¥ is the set of its formulas
assertionnelles.

i Cracle

# con process )
decison N

S0l tge) |

Add -Inc
Wsok

Fig. 3 FRAKAS principles F. Baader, W. Nutt

This figure describes the main FRAKAS principlesd ahe
links with the knowledge base (on the right of figure).
Circles represent cases, rounded rectangles acegses (the
expert analysis involves interactions between thged and
the system). Inc is a piece of knowledge that it lolwring
the reasoning cycle and that is going to be adaedhé
knowledge base.

The CBR process exploits a knowledge base to pea@uc
candidate solution. When the candidate solutigndged not
valid (i.e. it does not work) by the oracle, thepent has to
identify a subset of inconsistent knowledge (detidtec on
the figure). From this subset of knowledge, theeysis able
to learn a new piece of knowledge. This new pie€e o
knowledge is added to the knowledge base. The imagiro

TBox

4
7

. '-.,r/—\,
| Reasoning |

N S

Description ‘l'
Language//
ABox

KB

1 I Ruies

Application
Programs

knowledge base allows the system to produce a aedidate
solution for the current problem. The processasaited until
the expert validates a solution proposed by théesys i.e.
until the system finds a working solution[10].

Fig. 4 Architecture of a knowledge representasigstem based on
Description Logics.

An interpretation is a pair | =A( , ') where A, is a

The CBR process implemented in FRAKAS exploits aecanonempty set (the domain of interpretatioafjd where!
base together with the system domain knowledge bassociated with a concept C a subsebih, , a role r in a
(denoted by SDK). The cases contained in the case hre relationship binary'ron A, (for x, y€ A, , x is related to y is
assumed to be consistent with SDK, they often é¢omgeces
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denoted by'r, (x, y) € r') and, to an instance has an element ABox reasoning about a focus on testing theeutness of

a of r'. [12]

a domain model. Must perform two tasks:

Given an interpretatio, we say thatl satisfies a concept - Checking instance: whether an individual has &0XAA is

axiom C E D (respectively, a role inclusioaxiomR E §) if

C'cD' (respectivelyR <8S). An interpretation | is called a
model of a TBox T , writtem |[= T , iff it satisfies each axiom

in T . We use Mod(T ) to denote all the models dBox T .
Two TBoxes T and T, are equivalent, written ;T= T, iff
Mod(T;) = Mod(T,). A named concept C in a terminology T
unsatisfiable iff, for each model | of T ,'!G ®. A
terminology T is inconsistent iff it does not haavenodel, and
it is incoherent iff there exists an unsatisfiabéaned concept
in T . Incoherence is a kind of logical contradictiwvhich has
been widely discussed. When there is a conceptTiBa, if
the TBox is inconsistent, then it must be incoheren
Inferences:

DL system doesn'’t store only terminologies asdertions,
but also offers the services of inference. Mairdpehdent on
the reasoning in a DL is to discover implicit knedje from

explicit knowledge by inference. The services aleoa

inference made on all the TBox and as well as tiB0xA
Basic inferences about the TBox:

Given a TBox T, C and D two concepts, then thedgiliasks
of reasoning on T consist of:

- Checking satisfiability of a concept: A concept i€
satisfiable (or consistent) with respect to a TBoxf there
exists a model | of the TBox T such thdtz3; (I is a model
C),wewritel|=C

- Checking subsumption relation between two corxeft
subsumes D (D is considered the concept more detiena

C), written CcD, with respect to TBox T ifc'c D' for all

models | of the TBox T In this case, we writaegD or T | =

C c D. For example, PARENEPERSON. The subsumption

relation presents the service more complex clasgifin:
given a concept C and a TBox T, for all conceptofDT

an instance of a given concept description € (@), written
A|=C (a).

- The consistency check: An ABox A is consistenthwi
respect to a TBox T, if there is an interpretatibat is a
model of both A and T.

- Satisfiability of an ABox is to test whether, givanTBox T,

Box A has a model. Important inferences can beced to
this inference, p. ex. T | = €D iff A = {(ClM - D)(a)} is not

satisfiable modulo T, where a is a new instancen’{cae
found in(CM-D), orinT). [11]

A. Conservative Adaptation

Adaptation is a step of some case-based reasd@BR)
systems that consists in modifying a source caserder to
suit a new situation, the target case. An appréacitaptation
consists in using a belief revision operator, ia, operator
that modifies minimally a set of beliefs in ordes be
consistent with some actual knowledge[19] .

The idea is to consider the belief “The sourase solves
the target case” and then to revise it with thest@nts given
by the target case and the domain knowledge.

The adaptation performed by FRAKAS is conséveat
adaptation (CA) (see [14] for more details). Irsthdaptation,
the approach is to make changes "minimum" of thercso
case to be consistent with both the target probdewh the
domain knowledge. It is formalized through the ootiof
revision operator [11],[17],[18],[15], [13]: a resibn operator
'o' combines two knowledge bas&sandu knowledge bas#
o p which, intuitively , is obtained by minimal change ¥ to
be consistent with.[16]

In this paper, We consider only revision ofrigrologies in
DLs and we haveadapted the Dalal revision operator for
revising terminologies

determine whether D subsumes C or D is subsume&.byTo adapt Dalal’s revision operator to DLs, we néedlefine

Intuitively, this determination research relatioipshimplicit
in the terminology. In particular, the classificatj a basic
task in building up a new terminology that expressiee
concept in the appropriate place in the taxonorgcanchy of
concepts, can be accomplished by checking the suyfisan
relation between each concept defined in the hibyaand
expression of the new concept.

-Verification of equivalence between two concepiavo
concepts C and D are equivalent, writters ©, with respect

the "difference set” between two models. By tregitieach
concept name as a propositional variable, we céined¢he
difference between two models in DLs in a similayvas the
difference set between two models in propositiologjic.
Suppose we want to revise a TBoxusing another oné,.
Following the idea of Dalal’s revision operator,aar revision
operator, we revise some models Bf to make them as
models ofT,.( see [22,23] for more details)

We consider postulates for revision operators irs lven in

to T iff C'=D' for all models | of TBox T. In this case, we[22], which are reformulated from Katsuno and Mdrde's

writeC=y DorT|=C=D

- Verification of disjunction between two concepfBwo
concepts C and D are disjoint, written#D, compared to a
TBox T iff C'ND' =@, for all models | of TBox T.
In fact, checking the satisfiability of concept & main
inference. other inferences for concepts can becetito (in)
satisfiability and vice versa.

Basic inferences about the ABox:

postulates (KM postulates) in [24].
(G1)Mod(T1°T2) £Mod(p) for all p ET2.

(G2) If Mod(T1)NMod(T2) # &, thenMod(T1°T2) =
Mod(T1)NMod(T2).

(G3) If T2 is consistent, theMod(T1-T2) # &.

(G4) If Mod(T) =Mod(T,) andMod(T’") = Mod(T>),
thenMod(T °T") = Mod(T;°T>).

(GS) MOd(TlOTz) ﬂMOd(T3) QV'Od(TlO(TZ Urg))
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(G6) If Mod(T,°T,)NMod(T5) is not empty, then

MOd(Tlo(Tz UI'3)) QV'Od(TlOTz)nMOd(Tg).

(G1) guarantees that every axiom in the new TBaxlza
inferred from the result of revision. (G2) saysttive do

not change the original knowledge base if themoigonflict.
(G3) is a condition preventing a revision from aaucing
unwarranted inconsistency. (G4) says the revisiparator
should be independent of the syntactical formsrafwkedge
bases. (G5) and (G6) together are used to ensumamaii [13]
change.

[10]

[11]

[14]

V. CONCLUSIONS

A system of case-based reasoning (CBR) is based (5
domain knowledge, in addition to the base case. The
acquisition of new domain knowledge should imprdfie [16]
accuracy of such a system.

This paper presents an approach to acquire idoma
knowledge based on failures of a CBR system. Thsaach [17]
has been implemented in FRAKAS.

FRAKAS proposed a new way to perform knowledg@s]
acquisition in CBR systems producing solutions that [19]
consistent with the domain knowledge. This protetyis
based on a description logic representation, ceatige
adaptation is based on the principle of minimalngeato a
knowledge base that makes this change by revisiadases [20]
case in our work we propose an algorithm to useduision

on ABox (modulo a TBox) for revising a knowledgesba

In future work we plan to work on our Implemation [21]
choosing a scope and make it generic
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