Strong, Fuzzy and SmoothHierar chical Classification
for Case-BasedProblem Solving

JeanLieber!

Abstract. Thispaperexplainshow case-basegroblemsolvingcan
have benefitfrom a hierarchicalorganisationof problemsbasedon
ageneralityrelation. Threeadaptation-guidetetrieval processeare
describedThe strongclassificatiorin a problemhierarchyis a clas-
sicaldeductve processilt is basednthegeneralityrelationbetween
problemswhich organiseghe hierarchy The fuzzy classificationis
a fuzzification of the strong classification.lt is basedon a fuzzy
generalityrelation betweenproblems,which canbe seenasa non-
symmetricalsimilarity measureThe smoothclassificationextends
thefuzzy classificationit is alsobasedon a similarity or dissimilar
ity measurebut takesinto accountproblemandsolutionadaptation
knowledge.Theseprocessebare beensuccessfullymplementedn
two case-baserkasoningystemsRESY N/CBR in thedomainof or-
ganic synthesisand KASIMIR/CBR in the domainof cancertreat-
ment.

1 INTRODUCTION

Case-baserkasonindCBR) is atypeof reasonindasednthereuse
of pastexperiencescalledcased11]. A caseis usually given by a

problemandits solution.This paperexplainshov onecanhave ben-
efit of a hierarchicalorganisatiorof problemsbasedon a generality
relationto performcase-basegroblemsolving. Threeprocessesf

retrieval basedn classificatiorarepresented.

Thefirst processthe stronghierarchicaklassificationjs a classi-
cal deductve processlt is basedon the generalityrelationbetween
problemswhich organiseshe hierarchy The secondprocesss the
fuzzy hierarchicalclassificationwhich is a fuzzification of the pre-
viousone.lt is basedon afuzzy relationobtainedby a fuzzification
of the generalityrelationbetweerproblems.This fuzzy relationcan
be seenas a non-symmetricakimilarity measureFinally, the third
processs an extensionof the secondprocessandis called smooth
hierarchicalclassificationlts main algorithmis closeto the one of
fuzzy hierarchicaklassificationput usesa similarity or dissimilarity
measurebasedon knowledge about problem and solution adapta-
tions.

Theseretrieval processesare adaptation-guidedthe retrieved
sourcecaseis ensuredo be adaptabldo the target problem.They
have been successfullyimplementedin two CBR systems.RE-
SYN/CBRis acase-baseplannerdedicatedo organicchemistrysyn-
thesisanduseshe strongandsmoothhierarchicaklassificatiorpro-
cesse$6]. KASIMIR/CBR is a breasicancertreatmenidecisionsup-
port systembasedn CBR principles;it usesstrongandfuzzy classi-
fication processeandis intendedo usesmoothclassification5].
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Section2 presentssome notions about CBR and describesthe
applicationdomainsof RESYN/cBR and KASIMIR/CBR. Section3
shavs how problemscan be hierarchicallyorganised.The strong,
fuzzy andsmoothhierarchicaklassificatiorprocessearedescribed
in sections4, 5 and6. A discussioranda conclusionendthe paper
(sections7 and8).

2 CASE-BASED PROBLEM SOLVING

This sectionpresentsomenotionsaboutCsRr in thecontext of prob-
lem solving. Thesenotionsareexemplifiedin two applicationsRE-
SYN/CBR, a case-baseglannerdedicatedo organicchemistrysyn-
thesig 6] andK AsIMIR/CBR, abreastancetreatmentlecisionsup-
portsystembasedon cBR principles[5].

Problemsand Solutions. The natureof problemsand solutions
depend®ntheapplicationdomain.A problemis oftencomposedf
two (explicit or not) parts:a context and a question(similar to the
initial stateandthe goal statementn planning,seee.g.[4]). Then,
a solutionis ananswerto the questionin the given contet. For ex-
ample,in RESYN/CBR, a problemcontext is a moleculargraphm
andtheproblemquestion(the samefor eachproblemin thisapplica-
tion) is “How could m be chemicallysynthesised?A RESYN/CBR
solutionis a synthesigplan.In KASIMIR/CBR, a problemcontet is
the descriptionof the patientstate(age,sizeandlocalisationof the
tumour etc.). This descriptioncanbeincomplete(impreciseor even
missingvaluesfor someattributes).A problemquestionis given by
a setof treatmentcatayories,for instances“What is the proposed
chemotheapy for this patient?”,“What are the proposedsurgery
and radiothempy for this patient?”,“What are the proposedtreat-
mentsfor this patient?” (the last one correspondgo the setof all
the treatmentcategyories). A KASIMIR/CBR solutionis a treatment
proposition.Although the problemrepresentationsf the two sys-
temsarevery different—non-directedyraphsfor the formerandsets
of attribute-\alue pairsfor the latter- they sharea sameapproacho
case-baseproblemsolving.

Case-BasedProblem Solving. A caseis a pair (pb, Sol(pb))
wherepb is a problemand Sol(pb) is a solution of pb. Solving
a problem meansassociatinga licit solution with it. A CBR sys-
tem aims at solving a target problem denotedby tgt with the
help of a casebasewhich is a finite setof casesA casefrom the
casebaseis called a souce caseandis denotedby srce-case =
(srce, Sol(srce)). A soucce problemsrce is a problemsuchthat
(srce, Sol(srce)) belongsto the casebasej.e. it is a problemfor
which a solutionSol(srce) is known. In generala CBR sessiofis
composedof three main phasesretrieval, adaptationand storage.



The goal of retrieval is to find a casesrce-case in the casebase
thatis consideredo besimilarto tgt. Adaptationuseshis retrieved
casesrce-case in orderto give a solutionSol(tgt) to tgt. The
new case(tgt, Sol(tgt)) is storedin the casebaseif this storages

appropriate Only the retrieval and adaptatiorphasesare studiedin

this paper

Adaptation-Guided Retrieval. Theaim of retrieval is to provide
a sourcecaseto be adaptedo solve the target problemtgt. A re-
trieval procedureis saidto be adaptation-guidedvhen ary source
casdt returnsis necessarilpdaptabléo solve tgt [13]. Suchaprop-
ertyrequiresatight link betweeradaptatiorknovledgeandretrieval
knowledge.

3 PROBLEM HIERARCHY

In descriptionlogics, the notion of conceptis central[9]. It is simi-
lar to the notionof classin object-basedepresentatiosystemgsee,
e.g.[8]). A concept(or a class)denotesa (possiblyinfinite) setof
individuals. The conceptsare organisedhanksto a subsumptiome-
lation C suchthatC; C Cs iff ary individual denotedby C; is de-
notedby C2. Two conceptsC; andC, areequivalent—C; = Co— if
C1 E Cy andC, C C;. If theconceptsaareconsiderednodulo= (i.e.,
two conceptsienotingthe samesetof individualsareequal) thenC
is anorderrelation.Let w¢ bethe maximumfor C (ary individual of
the domainis denotedby wc). A finite set{wc, C1,...,Cr} canbe
organisedn a hierarchy? for C. This involvesthatwg is theroot
of #¢ andthat,for eachC; andC;, C; C C; iff thereis apathfrom C;
to C; in Hc. Thehierarchy?. facilitatestheaccesdo theconcepts.
This sectiondescribehow problemscanbe organisedn asimilar
way, takinginto accountthe main differencebetweerproblemsand
conceptsa concepts relatedto theindividualsit denotesvhereasa
problemcanbeapprehendetly the solutionsthatsolwe it.

Generality Relation BetweenProblems. In the applicationdo-
main consideredit is assumedhatan orderrelationbetweernprob-
lemsx is givenwith thefollowing property:

if pb, = pb,

then every solutionof pb, isa solutionof pb, 1)

For example,let usconsiderthe two following problemsin anev-
erydaylife domain:

b, — | contet =My cardoesnotwork.
P21 = | question=Whatcanl do?

b — context =My cardoesnotwork. Its petroltankis empty
PP2 = | question=Whatcanl do?

It is consistenwith (1) to asserthatpb, = pb,. For instancethe
solutionSol(pb,) = “Buy anew car” of pb, is alsoa solutionof
pb, (notagoodone,but asolutionyet).

For the problems describedby a contet and a question,
pb; > pb, if the context of pb, is more generalthanthe context
of pb, andif the questionof pb, “contains”the questionof pb,. In
RESYN/CBR, pb; = pb, if themoleculargraphm; is asubstructure
of the moleculargraphm (i.e., thereis a partial subgraphisomor
phismfrom m; to m2), m1 andms beingthe respectie contets

2 (1) canberelaxed by replacing‘is” by “can be specialisedn” if asolution
specialisatiorprocedures available.This holdsfor RESYN/CBR.

of pb, andpb,. Indeed,asolutionof pb, explainshow thestructure
'my canbebuilt andthereforehow the partof mo isomorphicto m,
canbebuilt, providing a (partial) solutionto pb,. In KASIMIR/CBR,
pb; *> pb, if the patientdescriptionof pb, is moreprecisethanthe
oneof pb, andthe setof treatmentcategoriesrequiredin pb, con-
tainstheonein pb,.

< is calledthe geneality relation betweerproblems Let wy, be
themaximumfor <. It is the genericproblemof the applicationdo-
main.In RESYN/CBR, themeaningof wys is “How canamoleculebe
synthesised?n KASIMIR/CBR, it is “What treatmentcanbe given
to a patientsuffering from breastcancer?’Usually, no explicit solu-
tion is known for wpp.

Hierar chical Organisation of Problems.

Let {wgs, pby, ..., pb, } beasetof problemsThis setcanbeor-
ganisedin a hierarchyH, for <, with root wy,. This meansthat
(pb;, Pb;) is anedgeof Hy iff pb, < pb;, pb, # pb; andthere
is no pathfrom pb, to pb; of length? > 2. The algorithmof con-
structionof Hys is identicalto the one of a hierarchyof concepts
‘Hc which is describedn [1]. The sourceproblemsare assumedo
belongto Hy,. Theseproblemssrce areassociateavith their solu-
tions Sol(srce) thanksto pointers.The otherproblemsof Hy. are
abstiact problemsno solutionis associateavith themandtheirrole
is to betterstructurethe hierarchy Thefigure 1 illustratesthat.

ffffff Sol(srcei)

*************** Sol(srces)

Sol(srces)

Sol(srcey)

srcej, srcey, srceg, srceq: sourceproblems
Sol(srce;): solutionassociateavith srce;
wpb, a1, az: abstracproblems

Figurel. A problemhierarchyHp.

OssifiedCasesand Indexing issue. Thebook[11] distinguishes
the stories—descriptionof actual events—and the ossifiedcases—
generakasessimilartorules.In KASIMIR/CBR, thesourcecasesre
ossified:ithey arerulesof a medicalguidelinein cancerologybut are
usedin a CBR manneri.e. they areadaptedo solve the target prob-
lem. Corversely RESYN/CBR sourcecasesrestoriesof actualsyn-
thesisthussrce arespecificproblemswhich arenot very helpful to
structure?,, andthusto male theretrieval easierThisis why, RE-
SYN/CBR sourcecaseqsrce, Sol(srce)) areindexed This means
that,for retrieval purposethe problemsrce is substitutedn H, by
a problemidx(srce) which is a generalisatiorof srce —srce <
idx(srce)—suchthatthesolutionSol(srce) of srce is alsoasolu-
tion of idx(srce). Onecould saythatthe case(srce, Sol(srce))
hasbeenossifiedin thecase(idx(srce), Sol(srce)). In thefollow-
ing of the paper sourcecasesareassumedo be ossified.



4 STRONG CLASSIFICATION

The strong classificationprocessin the hierarchy . consistsin

searchinghe sourceproblemssrce thataremoregenerathantgt:

srce > tgt. If therearesuchsourceproblemssrce, the retrieval

choosesone with some preferencecriterion (e.g., the lowest ones
in Hp» areoften preferred)andreturnsthe case(srce, Sol(srce))

to the adaptatiormodule. The adaptationconsistssimply in copy-

ing Sol(srce) in asolutionSol(tgt) of tgt, having benefitof the
property (1) definedin section3. This deductve reasoningcan be
writtenin aninferencerule similarto themodusponens

tgt srce = tgt Sol(srce)isasolutionof srce

Sol(tgt) = Sol(srce) is asolutionof tgt

From an algorithmicviewpoint, stronghierarchicalclassification
is similar to classificationin a hierarchyof conceptgsee[1] for ef-
ficient algorithms).It can be performedby a depth-firstsearchin
Hpe taking into accountthe following property:if pb % tgt, then
no problemof H morespecificthanpb canbe moregeneralthan
tgt (since< is transitive). Therefore,if a nodepb of H,, fails to
thetest“pb = tgt”, thenthesub-hierarchyf rootpb canbepruned
away from thesearchThis pruningcanleadfrom alinearcompleity
for aflat organisatiorof casedo alogarithmiccompleity for some
structuresof the hierarchy(e.qg.,if Hps is awell-balancediecisional
tree’).

Unfortunatelyit mayoccurthatnosourceproblemis moregeneral
thanthecurrenttargetproblem.Theideais thento relaxthecondition
srce = tgt. A first way to doit is to fuzzify therelation’=, which
requiresanotherretrieval algorithm.

5 FUZZY CLASSIFICATION

The strongclassificationand the adaptatiorby copy that follows it
form a deductve processin the classicallogic, i.e. the logic with
two truth values:0 (or falsg and1 (or true). Fuzzifying consistsn
extendingsomenotionsdefinedin classicallogic (e.g.set,relation,
logical connectves)in afuzzy logic, i.e. alogic with truth valuesin
theintenal [0, 1] (see,e.g.[12]). Sucha logic enablego represent
imprecision,uncertaintyor vaguenessThis sectionpresentsa way
to fuzzify the strongclassification.

5.1 Fuzzification of »= by a similarity measure &

The generalityrelation betweenproblems,>=, canbe fuzzifiedin a
fuzzy relation S: the value of pb, »> pb, is eithertrue or false,
whereaghevalueof S(pb, , pb,) is afuzzytruthvalue.> andS are
relatedby thefollowing property for eachproblemspb, andpb,:

S(Pbl ) sz) =1

Thus, S is reflexive: S(pb,pb) = 1, for eachproblempb. It is
assumedurthermorethat S is non-symmetrica(but not necessarily
anti-symmetricalpndmax-mintransitve, which meanghatfor each
problemspb, , pb, andpb,:

< pb; = pb, 2

S(pby, pb;) > min(S(pb,, pb,), S(pby, Pby)) (3

Finally, sinceS is a fuzzification of 3=, the property(1) relating
» with thelink betweerproblemsandsolutionshave to befuzzified.

3 Hpo is adecisionaltreeif for eachpb,; andpb.,, of Hpy, suchthatneither
pb; = pb, norpb, = pb,, thereis no problempb —in or outsideH p—
beingmorespecificthanpb, andpb, atoneandthesametime.

Theclassicalink “is asolutionof” betweeraproblemandasolution
is binary: a solutionSo1(pb) eithersolvesor doesnot solve a prob-
lem pb. This link canbe fuzzified: So1(pb) solvespb with a truth
valueof v € [0, 1]. v measureshe confidenceor the precisionof
Sol(pb) wrt pb. Sol(pb) is saidto be an s-solutionof pb if v > s,
with v, the truth value of “So1(pb) solvespb”. It is assumedhat
for eachcase(srce, Sol(srce)) of thecasebaseSol(srce) isal-
solutionof srce (the“1-" is omittedin thefollowing). Theremoval
of this assumptiorieadsto a slightly more complex approachThe
following propertyof S, fuzzificationof (1), is assumed:

if S(pb;,pb,) = s
then every solutionof pb, is ans-solutionof pb, (4)

S is saidto be a non-symmetricameasureof the similarity be-
tweenasourceproblemsrce andatargetproblemtgt sinceit mea-
sureshow srce “includes”tgt.

For KASIMIR/CBR, the similarity measureS is definedthanksto
localmeasuresy,, definedatthelevel of eachproblempb of Hy:

S(pb, tgt) = mp(tgt)

This fuzzification only affects someattributesof the problemcon-
texts (and not the problem questions)and reflectsthe uncertainty
of the treatmentpropositionsSo1(srce) associatedvith the source
problemssrce (abstractproblemsare also fuzzified, so that the
fuzzificationof problemsin s is consistenwith (2)). Thisenables
to take into accounthethresholdeffect. For example,let srce; and
srces betwo sourceproblemssuchthattheir contexts containthe
respectre conditionsage < 65 andage > 65, the otherconditions
beingequalandthe solutionsSol(pb,) andSol(pb,) beingdiffer-
ent.For apatientof age66, proposingonly thetreatmenBol(pb,) is
doubtful:if the patientis “young for herage”,thesolutionSol1(pb, )
mightbebetter Thatis why, theseconditionsarefuzzifiedsothatthe
two propositionsSo1(pb, ) andSol(pb,) areproposed.

5.2 Fuzzy classificationprinciple
Thefollowing inferencerule, basedon (4), canbe proposed:

tgt S(srce,tgt) =s Sol(srce) isasolutionof srce
Sol(tgt) = Sol(srce) is ans-solutionof tgt

It indicateshow the sourcecasescanprovide approximatesolutions
to tgt. Furthermorethe valuess enableto ranktheretrieved cases.
Theadaptatiorprocesss a solutioncopy.

5.3 A fuzzy classificationalgorithm

Thefuzzy classificatioralgorithmin the hierarchy#,: is asearclof
the sourcecasedy decreasingimilarity to thetargetproblem.

Thealgorithmof figure 2 is afuzzy classificatioralgorithmbased
on a best-firstsearch[10] accordingto the similarity to the target
problemin the hierarchy#,. This algorithmreturnsa sole source
problemthat is the closestoneto the tamget problem.It caneasily
be modified in orderto returna list of sourceproblemssrce or-
deredby decreasing (srce, tgt). Thiswould requireanotherterm
in the condition of line 3 replacing“pb is not a sourceproblem”.
For examples,this term canbe “S(pb, tgt) > 0" (the retrieval
would returnall the sourceproblemssimilar to the targetproblem),
“S(pb, tgt) > a” (Wherea is asimilarity threshold)or “nsp < &”
(wherensp is the numberof sourceproblemsin SP, if the k nearest
neighboursf tgt arerequested).



fuzzy hierarchical classification

Input: e atargetproblemtgt.
e aproblemhierarchy#y,, of rootwgs.
Output: theclosestsourceproblemto tgt accordingo S
(or failure, if nosourceproblemis similarto tgt).

begin (algorithm)
1. SP <« {wp} /* SP: a setof problemsof Hys, */
pb ¢ wps /* pb: thecurrentproblenmw/
while pb is not asourceproblemand SP #
SP < (SP — {pb}) Udesc, wheredesc is thesetof
thedirectdescendantsf pb in Hps.
Remove from SP the non-maximumelementdor 3.4
pb « theproblemin SP maximisingS (pb, tgt).
end (while)
if pb is asourceproblem
thenreturn pb
10.  elsereturn failure
end (algorithm)
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Figure2. A fuzzyhierarchicaklassificatioralgorithm.

If the compl«ity of S is big comparedo the compleity of 3=,
thenanotherchangein the algorithm shouldbe made.This change
consistdn doingfirst a strongclassificatiorthatprovidesthe source
problemssrce suchthatS(srce,tgt) = 1 (cf. property(2)) but
alsothesetSPy of problemsdefinedasfollows:

With NMGT = {pb | pb is aproblemof #, andpb % tgt}
SPy is the setof maximumsof NMGT for 3=, i.e.,
SPo = {pb | pb € NMGT andVpb’ € NMGT, pb’ 3 pb = pb’ = pb}

This setSPy canbe usedto initialise the setSP in the algorithmof
figure2, insteadof {wps }, andthus,a partof the hierarchywould be
alreadysearchedy strongclassificatiorbeforethe executionof the
fuzzy classificationwhich would save a partof the executiontime.

5.4 Propertiesof the fuzzy classification

The fuzzy classificationis an extensionof the strong classification
in thesensedhatif S weredefinedby

S(pb,, pb,y) = if pb; > pb, then 1 else0

andif the fuzzy classificatiorreturnsall the sourcecasessimilar to
tgt (term“S(pb, tgt) > 0" attheline 3 of the algorithm), then
the fuzzy classificationwould returnthe sameresult as the strong
classification.

The fuzzy classificationalgorithm considersproblemsof H, by
decreasingsimilarity to tgt. If pb, is consideredeforepb, dur-
ing the processhenS(pb,, tgt) > S(pb,, tgt). Thereforeif pb
is the currentproblemthen, for eachproblemin the hierarchythat
hasnot beentreatedyet, this problemis lesssimilar to tgt thanpb.
Thus,if S(pb, tgt) is consideredo betoo low, it is uselesso keep
onthefuzzy classificatiorprocess.

4 If pb,,pb, € SP aresuchthatpb; = pb, andpb; # pb,, thenpb, must
beremoved from SP. If Hyp is atree, this situationcannotoccurandthis
line of thealgorithmis useless.

This propertyis a consequencef thesimilarity to tgt decreasing
whenpb becomesnorespecificin Hps:

for pb, andpb,, two problemsof Hy,,

pb, =pb, = S(pb;,tgt) > S(pb,, tgt) (5)

(5) isaconsequencef (2) and(3).

This propertyinvolvesthat the fuzzy classificationcompleity is
not very sensitve to the sourceproblemsdissimilarto tgt: if the
hierarchyis well-structuredmostof the problemswhich arefar away
from tgt arenottakeninto accounduringthe process.

6 SMOOTH CLASSIFICATION

In the previous sections,CBR was consideredvith a “null adapta-
tion” [11], doing a simplecopy of the retrieved sourcecase.Mary
CBR systemshowever, take advantageof moresophisticateédapta-
tion processesThis holdsfor REsy N/cBR andmusthold for further
versionsof KASIMIR/CBR. For a non-adaptation-guidedetrieval
basedon a similarity measureS, the algorithmof the previous sec-
tion canbedirectly reusedFor anadaptation-guidecktrieval, srce
andtgt areconsideredo besimilarif thereis someavailableadap-
tationknowledgeto adaptSol(srce) in asolutionSol(tgt) of tgt.

Smoothclassificationis basedon sim(pb, tgt), an explicit rep-
resentatiorof how a solution of the currentproblempb could be
adaptedto solve tgt. sim(pb, tgt) is a similarity path i.e. a se-
gquenceof relations

pb =pb, r1 pb; r2 pb,...pb, ; Tq Pb, = tgt

such that an adaptationfunction A, is associatedvith eachr;
and enablesto adapta solution of the problempb,_; in a solu-
tion of the problempb,. The orderedpair (r;, A:;) is calleda re-
formulation and the reformulationsconstitutethe available adapta-
tion knowledgel[7]. For instance 3=, As ), where A;. is a solution
copy, is a reformulationbasedon property(1). If the currentprob-
lem is a sourceproblemsrce, the adaptationis madeby 1°/ adap-
tation of Sol(srce) = Sol(pb,) in a solution Sol(pb,) of pb,,
thanksto A, , 2°/ adaptatiorof So1(pb, ) in asolutionSol(pb,) of
pb,, thanksto A:,, ...¢°/ adaptatiorof Sol(pb,_,) in asolution
Sol(pb,) = Sol(tgt) of pb, = tgt, thanksto A;,. This compo-
sition of simpleadaptationss denotedoy Az, ;zy;...c» T1; T2; ... Tg
beingthe compositionof the r;’s. The searchof a similarity pathis
madein RESYN/CBR thanksto anA* search10].

Letd andS be definedby d(pb,, pb,) is the weightedlength of
the shortessimilarity pathfrom pb, to pb, (+oc if thereis nosuch
path)andS (pb,, pb,) = 1/(1+d(pb;, pb,)). It is assumedhatthe
shorterasimilarity pathfrom srce to tgt is, thebetter(morecertain
or more precise)the solution So1(tgt) obtainedby an adaptation
alongthis similarity pathis. This involvesthatthe weightassociated
with »= in a similarity pathis 0. The fuzzy classificationalgorithm
canbe easilymodifiedto returnan orderedpair (pb, sim(pb, tgt))
wherepb is a sourceproblem:computingS(pb, tgt) andsearching
a similarity path sim(pb, tgt) aredonein the sameprocess.The
following inferencerule summariseshe smoothclassification:

tgt S(srce,tgt) =s srceri;ry;...r tgt
Sol(srce) isasolutionof srce

So01(tgt) = Arysro;..r,(srce,Sol(srce), tgt)
is an s-solutionof tgt

If the property(5) holdsfor S, the problemsof H,, arestill con-
sideredwith a decreasingsimilarity to tgt. This is the casefor



RESYN/CBR in particular thanksto the use of the reformulation
(%, As). It involvesthatthedeepethecurrentproblemgetsin H,
thelongerthe similarity pathis andtheworsethefinal solutionwill

be.In otherwords,the sourcecaseghatwill provide the bestsolu-
tionsto tgt (moresureor moreprecise)arediscoseredfirst.

7 DISCUSSIONAND RELATED WORKS

This papemresentanapproacho problem-solvingpbasedn hierar
chicalclassificationfuzzy logic andcBR. A selectionof otherworks
basedn someof thesenotionsis discussedh this section.

A hierarchicaklassificatiorin afuzzy object-basedepresentation
is studiedin [3] wherethe representationandinferencef object-
basedrepresentatiosystemsare fuzzified (fuzzy rangesand fuzzy
typical rangesfor the attributes,weightedhierarchyof classesin-
heritanceandclassificationn sucha hierarchy etc.). Two maindif-
ferenceswith the approactpresentecheremustbe noted.First, the
entitiesmanipulatedare classesand not problems,which involves
a differenceon the points of view of the two papers.Secondthe
representatiom this work is centralwhereasve have presentedin
approactthatis independentf therepresentatio§RESY N/CcBR and
KAsIMIR/CBR arebasedon differentrepresentatiofiormalismsbut
sharesomeprinciples).

Hierarchicalclassificatiorand cBR arecombinedin [4], in which
anapproacho caseretrieval basedon classificationn a description
logic is presentedTwo processesire described.Strong classifica-
tion is similar to the strong classificationpresentechere,whereas
weak classificationcan be seenasa hierarchicalclassificationwith
arelaxed comparisorbetweerproblems(theinitial stateor the goal
statemenbf the sourceplanningproblemhasto match,andnot nec-
essarilyboth). The main differencebetweenthe relaxationof weak
classificatiorandthe onesof fuzzy andsmoothclassificationis that
theformeris donea priori while thelattersaredoneonly whennec-
essaryand are bettersuitedfor the currentpair of problemsbeing
comparedThisinvolvesonthe onehandthattheretrieval of thecur-
rentpapelis moreaccuratendis adaptation-guidednd,ontheother
hand,thatit is moretime-consuming.

Fuzzylogic is usedfor cBR in [2]. The so-calledcBRr principle
—similarity of problemsentailssimilarity of their solutions—is ex-
pressedn thefollowing way (with our notations):

S(Pb1an2) < T(S°1(Pb1): S°1(Pb2))

with 7~ a similarity measureon the solution space. This relation
holds for fuzzy classificationfor ary 7 (becauseof its reflexiv-

ity) and also for smoothclassificationfor a well-chosenT, e.g.,
T (soli,s0lz) = 1/(1 + e) wheree is the weightedlengthof the

shortestpathfrom sol; to sol, in the solutionspacestructuredoy

the adaptatiorfunctions.A; of the available reformulations Never-

thelessthetwo approachearequitedifferent.In [2] the similarities
areusedin orderto proposea restricteddomainfor Sol(tgt) —the
setof solutionssol suchthat7 (Sol(srce), sol) > S(srce, tgt)—

thusproviding a kind of adaptationCorversely for smoothclassifi-
cation,the givenadaptatiorprocessA:, ;r,....r, determineghe sim-

ilarity measureS. Anotherdifferencewith our approachis thatS is

symmetricain [2]. Thiscanbeexplainedby thefactthatsourcecases
arespecific(“stories”) in this work, whereaghey areossifiedin the

currentwork which involvesanon-symmetricatomparisorbetween
(generalsourceproblemsand(usuallyspecific)targetproblems.

5 A moregeneralmodelling of the CBR principle for the non-deterministic
problems pasedon the possibilitytheory is alsodescribedn [2].

8 CONCLUSION

This paperpresentanapproacho case-basedroblemsolving hav-
ing benefitof hierarchicaklassificatiortechniquesfuzzy logic prin-
ciples and methodsand techniquesproperto cBR. Classification
techniquesenableto organisethe casebasethanksto a problemhi-
erarchybasedon a generalityrelation. Three processeof retrieval
using this hierarchyare described:the strong, fuzzy and smooth
classificationprocessesEachof themtakes advantageof the hier-
archicalorganisationof problemsby facilitating accesgo the simi-
lar casesandavoiding the too dissimilarcasesStrongclassification
is a classicaldeductve processFuzzyclassificationis an extension
of strongclassificationandis a deductve processn a fuzzy logic:
the problemsthat did not matchin strongclassificationmay match
with asimilarity degreeexpressedy afuzzytruth value.Finally, the
smoothclassificationis an extensionof fuzzy classificationbased
on adaptatiorprinciplesproperto cBR. Among the possiblefuture
work, an experimentalstudy of the efficiency of the approachpre-
sentechereandanextensionof it to thereuseof severalsourcecases
in orderto solve a soletargetproblemareervisaged.
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