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Abstract. Thispaperexplainshow case-basedproblemsolvingcan
have benefitfrom a hierarchicalorganisationof problemsbasedon
ageneralityrelation.Threeadaptation-guidedretrieval processesare
described.Thestrongclassificationin a problemhierarchyis a clas-
sicaldeductiveprocess.It is basedonthegeneralityrelationbetween
problemswhich organisesthe hierarchy. The fuzzy classificationis
a fuzzification of the strong classification.It is basedon a fuzzy
generalityrelationbetweenproblems,which canbe seenasa non-
symmetricalsimilarity measure.The smoothclassificationextends
thefuzzy classification:it is alsobasedon a similarity or dissimilar-
ity measurebut takesinto accountproblemandsolutionadaptation
knowledge.Theseprocesseshave beensuccessfullyimplementedin
two case-basedreasoningsystems:RESYN/CBR in thedomainof or-
ganic synthesisand KASIMIR/CBR in the domainof cancertreat-
ment.

1 INTR ODUCTION

Case-basedreasoning(CBR) is atypeof reasoningbasedonthereuse
of pastexperiencescalledcases[11]. A caseis usuallygiven by a
problemandits solution.Thispaperexplainshow onecanhaveben-
efit of a hierarchicalorganisationof problemsbasedon a generality
relationto performcase-basedproblemsolving.Threeprocessesof
retrieval basedonclassificationarepresented.

Thefirst process,thestronghierarchicalclassification,is a classi-
cal deductive process.It is basedon thegeneralityrelationbetween
problemswhich organisesthe hierarchy. The secondprocessis the
fuzzy hierarchicalclassification,which is a fuzzificationof thepre-
viousone.It is basedon a fuzzy relationobtainedby a fuzzification
of thegeneralityrelationbetweenproblems.This fuzzy relationcan
be seenasa non-symmetricalsimilarity measure.Finally, the third
processis an extensionof the secondprocessandis calledsmooth
hierarchicalclassification.Its main algorithmis closeto the oneof
fuzzyhierarchicalclassification,but usesasimilarity or dissimilarity
measurebasedon knowledgeaboutproblemand solution adapta-
tions.

These retrieval processesare adaptation-guided:the retrieved
sourcecaseis ensuredto be adaptableto the target problem.They
have been successfullyimplementedin two CBR systems.RE-
SYN/CBR is acase-basedplannerdedicatedto organicchemistrysyn-
thesisandusesthestrongandsmoothhierarchicalclassificationpro-
cesses[6]. KASIMIR/CBR is a breastcancertreatmentdecisionsup-
port systembasedon CBR principles;it usesstrongandfuzzyclassi-
ficationprocessesandis intendedto usesmoothclassification[5].
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Section2 presentssomenotions about CBR and describesthe
applicationdomainsof RESYN/CBR and KASIMIR/CBR. Section3
shows how problemscan be hierarchicallyorganised.The strong,
fuzzy andsmoothhierarchicalclassificationprocessesaredescribed
in sections4, 5 and6. A discussionanda conclusionendthepaper
(sections7 and8).

2 CASE-BASED PROBLEM SOLVING

ThissectionpresentssomenotionsaboutCBR in thecontext of prob-
lem solving.Thesenotionsareexemplifiedin two applications:RE-
SYN/CBR, a case-basedplannerdedicatedto organicchemistrysyn-
thesis[6] andKASIMIR/CBR, abreastcancertreatmentdecisionsup-
port systembasedon CBR principles[5].

Problemsand Solutions. The natureof problemsandsolutions
dependson theapplicationdomain.A problemis oftencomposedof
two (explicit or not) parts:a context anda question(similar to the
initial stateandthe goal statementin planning,seee.g.[4]). Then,
a solutionis ananswerto thequestionin thegivencontext. For ex-
ample,in RESYN/CBR, a problemcontext is a moleculargraph �
andtheproblemquestion(thesamefor eachproblemin thisapplica-
tion) is “How could � bechemicallysynthesised?”A RESYN/CBR

solutionis a synthesisplan.In KASIMIR/CBR, a problemcontext is
thedescriptionof the patientstate(age,sizeandlocalisationof the
tumour, etc.).This descriptioncanbeincomplete(impreciseor even
missingvaluesfor someattributes).A problemquestionis givenby
a setof treatmentcategories,for instances:“What is the proposed
chemotherapy for this patient?”, “What are the proposedsurgery
and radiotherapy for this patient?”,“What are the proposedtreat-
mentsfor this patient?”(the last one correspondsto the set of all
the treatmentcategories).A KASIMIR/CBR solution is a treatment
proposition.Although the problemrepresentationsof the two sys-
temsarevery different–non-directedgraphsfor theformerandsets
of attribute-valuepairsfor the latter– they sharea sameapproachto
case-basedproblemsolving.

Case-BasedProblem Solving. A case is a pair
�����	��
���
����������

where
���

is a problemand

���
��������

is a solution of
���

. Solving
a problemmeansassociatinga licit solution with it. A CBR sys-
tem aims at solving a target problem denotedby ����� with the
help of a casebasewhich is a finite setof cases.A casefrom the
casebaseis calleda source caseand is denotedby ������� - ���������� � ����� �!
���
�� ������� ��� . A source problem � ����� is a problemsuchthat� � ����� �!
���
�� ������� ��� belongsto thecasebase,i.e. it is a problemfor
which a solution


���
�� ������� � is known. In general,a CBR sessionis
composedof threemain phases:retrieval, adaptationand storage.



The goal of retrieval is to find a case ������� - ������� in the casebase
thatis consideredto besimilar to ����� . Adaptationusesthis retrieved
case ������� - ������� in order to give a solution


���
�� ����� � to ����� . The
new case

� ����� ��
���
�� ����� ��� is storedin thecasebaseif thisstorageis
appropriate.Only the retrieval andadaptationphasesarestudiedin
this paper.

Adaptation-Guided Retrieval. Theaim of retrieval is to provide
a sourcecaseto be adaptedto solve the target problem ����� . A re-
trieval procedureis said to be adaptation-guidedwhen any source
caseit returnsisnecessarilyadaptableto solve ����� [13]. Suchaprop-
erty requiresa tight link betweenadaptationknowledgeandretrieval
knowledge.

3 PROBLEM HIERARCHY

In descriptionlogics, thenotionof conceptis central[9]. It is simi-
lar to thenotionof classin object-basedrepresentationsystems(see,
e.g. [8]). A concept(or a class)denotesa (possiblyinfinite) setof
individuals.Theconceptsareorganisedthanksto a subsumptionre-
lation " suchthat # � "$#�% if f any individual denotedby # � is de-
notedby # % . Two concepts# � and # % areequivalent–# �'& # % – if# � "(#�% and #�%)"(# � . If theconceptsareconsideredmodulo & (i.e.,
two conceptsdenotingthesamesetof individualsareequal),then "
is anorderrelation.Let *,+ bethemaximumfor " (any individualof
the domainis denotedby * + ). A finite set -.* + � # � �./0/./1� #�243 canbe
organisedin a hierarchy56+ for " . This involvesthat *,+ is theroot
of 56+ andthat,for each#�7 and #08 , #�79":#08 if f thereis apathfrom #�7
to # 8 in 5 + . Thehierarchy5 + facilitatestheaccessto theconcepts.

Thissectiondescribeshow problemscanbeorganisedin asimilar
way, taking into accountthemaindifferencebetweenproblemsand
concepts:a conceptis relatedto theindividualsit denoteswhereasa
problemcanbeapprehendedby thesolutionsthatsolve it.

Generality Relation BetweenProblems. In the applicationdo-
mainconsidered,it is assumedthatanorderrelationbetweenprob-
lems ; is givenwith thefollowing property:

if
��� �=< ��� %
then every solutionof

��� � is2a solutionof
��� % (1)

For example,let usconsiderthetwo following problemsin anev-
erydaylife domain:

��� � �
>>>> context � My cardoesnotwork.
question� WhatcanI do?

��� % �
>>>> context � My cardoesnotwork. Its petroltankis empty.
question� WhatcanI do?

It is consistentwith (1) to assertthat
��� � < ��� % . For instance,the

solution

���
������ � � � “Buy a new car” of

��� � is alsoa solutionof��� % (nota goodone,but asolutionyet).
For the problems described by a context and a question,��� � < ��� % if the context of

��� � is moregeneralthan the context
of

��� % andif thequestionof
��� � “contains” thequestionof

��� % . In
RESYN/CBR,

��� �=< ��� % if themoleculargraph� � is asubstructure
of the moleculargraph � % (i.e., thereis a partial subgraphisomor-
phismfrom � � to � % ), � � and � % being the respective contexts

% (1) canberelaxedby replacing“is” by “canbespecialisedin” if asolution
specialisationprocedureis available.This holdsfor RESYN/CBR.

of
��� � and

��� % . Indeed,a solutionof
��� � explainshow thestructure� � canbebuilt andthereforehow thepartof �?% isomorphicto � �

canbebuilt, providing a (partial)solutionto
��� % . In KASIMIR/CBR,��� � < ��� % if thepatientdescriptionof

��� % is moreprecisethanthe
oneof

��� � andthe setof treatmentcategoriesrequiredin
��� � con-

tainstheonein
��� % .; is calledthe generality relation betweenproblems. Let *A@CB be

themaximumfor ; . It is thegenericproblemof theapplicationdo-
main.In RESYN/CBR, themeaningof * @CB is “How canamoleculebe
synthesised?”In KASIMIR/CBR, it is “What treatmentcanbegiven
to a patientsuffering from breastcancer?”Usually, no explicit solu-
tion is known for * @CB .
Hierar chical Organisationof Problems.

Let -1* @CB �D��� � �1/././0�D��� 2 3 bea setof problems.This setcanbeor-
ganisedin a hierarchy 5E@FB for ; , with root *A@CB . This meansthat����� 7 ����� 8 � is an edgeof 5E@CB if f

��� 7 ; ��� 8 , ��� 7HG� ��� 8 andthere
is no pathfrom

��� 7 to
��� 8 of length IKJ$L . The algorithmof con-

structionof 5 @FB is identical to the one of a hierarchyof concepts56+ which is describedin [1]. The sourceproblemsareassumedto
belongto 5E@CB . Theseproblems������� areassociatedwith their solu-
tions


���
�� � ����� � thanksto pointers.Theotherproblemsof 5 @CB are
abstract problems:nosolutionis associatedwith themandtheir role
is to betterstructurethehierarchy. Thefigure1 illustratesthat.
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Figure1. A problemhierarchy] @CB .

OssifiedCasesand Indexing issue. Thebook[11] distinguishes
the stories–descriptionof actualevents–and the ossifiedcases–
generalcases,similarto rules.In KASIMIR/CBR, thesourcecasesare
ossified:they arerulesof a medicalguidelinein cancerologybut are
usedin a CBR manner, i.e. they areadaptedto solve thetargetprob-
lem.Conversely, RESYN/CBR sourcecasesarestoriesof actualsyn-
thesis,thus � ����� arespecificproblemswhicharenotveryhelpful to
structure5E@CB andthusto make theretrieval easier. This is why, RE-
SYN/CBR sourcecases

� ������� ��
���
�� ������� ��� are indexed. This means
that,for retrieval purpose,theproblem ���N��� is substitutedin 5E@CB by
a problem ^�_�` � ���N��� � which is a generalisationof � ����� –� �����:;^ _�` � ������� � – suchthatthesolution


���
�� ������� � of ���N��� is alsoasolu-
tion of ^�_�` � ���N��� � . Onecouldsaythat thecase

� ������� ��
���
�� ���N��� ���
hasbeenossifiedin thecase

� ^�_�` � ������� �!��
���
�� ������� ��� . In thefollow-
ing of thepaper, sourcecasesareassumedto beossified.



4 STRa ONG CLASSIFICA TION

The strongclassificationprocessin the hierarchy 5E@CB consistsin
searchingthesourceproblems� ����� thataremoregeneralthan ����� :������� < ����� . If therearesuchsourceproblems� ����� , the retrieval
choosesone with somepreferencecriterion (e.g., the lowest ones
in 5 @CB areoftenpreferred)andreturnsthecase

� � ����� ��
���
�� ������� ���
to the adaptationmodule.The adaptationconsistssimply in copy-
ing


���
�� ������� � in a solution

���
�� ����� � of ����� , having benefitof the

property(1) definedin section3. This deductive reasoningcan be
written in aninferencerule similar to themodusponens:

�����b������� < ����� 
���
�� ������� � is a solutionof � �����
���
�� ����� � � 
���
�� � ����� � is asolutionof �����
From an algorithmicviewpoint, stronghierarchicalclassification

is similar to classificationin a hierarchyof concepts(see[1] for ef-
ficient algorithms).It can be performedby a depth-firstsearchin5E@CB taking into accountthe following property:if

��� G< ����� , then
no problemof 5E@CB morespecificthan

���
canbemoregeneralthan����� (since ; is transitive). Therefore,if a node

���
of 5 @CB fails to

thetest“
��� < ����� ”, thenthesub-hierarchyof root

���
canbepruned

awayfrom thesearch.Thispruningcanleadfrom alinearcomplexity
for a flat organisationof casesto a logarithmiccomplexity for some
structuresof thehierarchy(e.g.,if 5 @CB is a well-balanceddecisional
tree3).

Unfortunately, it mayoccurthatnosourceproblemismoregeneral
thanthecurrenttargetproblem.Theideais thento relaxthecondition������� < ����� . A first way to do it is to fuzzify therelation < , which
requiresanotherretrieval algorithm.

5 FUZZY CLASSIFICA TION

The strongclassificationandthe adaptationby copy that follows it
form a deductive processin the classicallogic, i.e. the logic with
two truth values:c (or false) and d (or true). Fuzzifying consistsin
extendingsomenotionsdefinedin classicallogic (e.g.set,relation,
logical connectives)in a fuzzy logic, i.e. a logic with truth valuesin
the interval e c � d1f (see,e.g. [12]). Sucha logic enablesto represent
imprecision,uncertaintyor vagueness.This sectionpresentsa way
to fuzzify thestrongclassification.

5.1 Fuzzification of g by a similarity measure h
The generalityrelationbetweenproblems,< , canbe fuzzified in a
fuzzy relation i : the value of

��� � < ��� % is either true or false,
whereasthevalueof i ����� � �D��� % � is a fuzzy truthvalue. < and i are
relatedby thefollowing property, for eachproblems

��� � and
��� % :

i ����� � �D��� % � �jd k ��� � < ��� % (2)

Thus, i is reflexive: i �����	�D����� �ld , for eachproblem
���

. It is
assumedfurthermorethat i is non-symmetrical(but not necessarily
anti-symmetrical)andmax-mintransitive,whichmeansthatfor each
problems

��� � , ��� % and
��� O :

i ����� � �D��� O � Jnm6oqp � i ����� � �D��� % �!� i ����� % �D��� O ��� (3)

Finally, since i is a fuzzificationof < , the property(1) relating< with thelink betweenproblemsandsolutionshave to befuzzified.

O ] @CB is a decisionaltreeif for eachr0s � and r0s % of ] @CB suchthatneitherr0s �ut r0s % nor r0s % t r0s � , thereis no problem r0s –in or outside])@CB –
beingmorespecificthan r0s � and r0s % atoneandthesametime.

Theclassicallink “is asolutionof” betweenaproblemandasolution
is binary:a solution


���
������N�
eithersolvesor doesnot solve a prob-

lem
���

. This link canbe fuzzified:

���
��������

solves
���

with a truth
valueof vxw$e c � d!f . v measuresthe confidenceor the precisionof
���
��������

wrt
���

.

���
��������

is saidto bean y -solutionof
���

if vHJjy ,
with v , the truth value of “


���
��������
solves

���
”. It is assumedthat

for eachcase
� ������� ��
���
�� ������� ��� of thecasebase,


���
�� ������� � is a d -
solutionof ������� (the“ d -” is omittedin thefollowing). Theremoval
of this assumptionleadsto a slightly morecomplex approach.The
following propertyof i , fuzzificationof (1), is assumed:

if i ����� � �D��� % � �zy
then every solutionof

��� � is an y -solutionof
��� % (4)

i is said to be a non-symmetricalmeasureof the similarity be-
tweenasourceproblem � ����� andatargetproblem����� sinceit mea-
sureshow ������� “includes” ����� .

For KASIMIR/CBR, thesimilarity measurei is definedthanksto
localmeasures{�@FB definedat thelevel of eachproblem

���
of 5E@CB :

i ������� ����� � ��{ @CB � ����� �
This fuzzificationonly affectssomeattributesof the problemcon-
texts (and not the problemquestions)and reflectsthe uncertainty
of the treatmentpropositions


���
�� ���N��� � associatedwith thesource
problems ������� (abstractproblemsare also fuzzified, so that the
fuzzificationof problemsin 5E@CB is consistentwith (2)). Thisenables
to take into accountthethresholdeffect.For example,let ������� � and� �����N% be two sourceproblemssuchthat their contexts containthe
respective conditions�����}|x~�� and �����K��~�� , theotherconditions
beingequalandthesolutions


���
������ � � and

���
������ % � beingdiffer-

ent.For apatientof age~�~ , proposingonly thetreatment

���
������ % � is

doubtful:if thepatientis “young for herage”,thesolution

���
������ � �

mightbebetter. Thatis why, theseconditionsarefuzzifiedsothatthe
two propositions


���
������ � � and

���
������ % � areproposed.

5.2 Fuzzyclassificationprinciple

Thefollowing inferencerule,basedon(4), canbeproposed:

������i � ������� � ����� � �xy 
���
�� ���N��� � is a solutionof �������
���
�� ����� � � 
���
�� ������� � is an y -solutionof �����
It indicateshow thesourcecasescanprovide approximatesolutions
to ����� . Furthermore,thevaluesy enableto ranktheretrievedcases.
Theadaptationprocessis a solutioncopy.

5.3 A fuzzy classificationalgorithm

Thefuzzyclassificationalgorithmin thehierarchy5 @CB is asearchof
thesourcecasesby decreasingsimilarity to thetargetproblem.

Thealgorithmof figure2 is a fuzzyclassificationalgorithmbased
on a best-firstsearch[10] accordingto the similarity to the target
problemin the hierarchy 5 @CB . This algorithmreturnsa solesource
problemthat is the closestone to the target problem.It can easily
be modified in order to return a list of sourceproblems � ����� or-
deredby decreasingi � � ����� � ����� � . This would requireanotherterm
in the condition of line 3 replacing“

���
is not a sourceproblem”.

For examples,this term can be “ i ������� ����� � ��c ” (the retrieval
would returnall thesourceproblemssimilar to the targetproblem),
“ i ������� ����� � J:� ” (where� is a similarity threshold)or “ ��� �K���

”
(where ��� � is thenumberof sourceproblemsin


��
, if the

�
nearest

neighboursof ����� arerequested).



fuzzy hierarchical classification

Input: � a targetproblem����� .� a problemhierarchy5E@CB , of root *A@CB .
Output: theclosestsourceproblemto ����� accordingto i

(or ����^ 
�� ��� , if no sourceproblemis similar to ����� ).

begin (algorithm)
1.


 ��� -.* @FB 3 �F� 
�� : a setof problemsof 5 @CB ���
2.

����� *A@CB �F� ��� : thecurrentproblem�C�
3. while

���
is not asourceproblemand


�� G���
4.


��E���F
���� - ��� 3 �M� _��N��� , where_��N��� is thesetof
thedirectdescendantsof

���
in 5 @CB .

5. Remove from

��

thenon-maximumelementsfor < .4

6.
���E�

theproblemin

��

maximisingi ������� ����� � .
7. end (while)
8. if

���
is a sourceproblem

9. then return
���

10. elsereturn �N��^ 
 � ���
end (algorithm)

Figure 2. A fuzzyhierarchicalclassificationalgorithm.

If the complexity of i is big comparedto the complexity of < ,
thenanotherchangein the algorithmshouldbe made.This change
consistsin doingfirst a strongclassificationthatprovidesthesource
problems ������� suchthat i � ������� � ����� � �ld (cf. property(2)) but
alsotheset


��N�
of problemsdefinedasfollows:

With ���N�����z- ���6�1���
is a problemof 5E@CB and

��� G< ������3
�� �
is thesetof maximumsof ���N��� for < , i.e.,
��N� �z- ���'�1��� w����N��� and � ����� w}���N��� �D���N� < ���� ¡����� � ��� 3

This set

�� �

canbe usedto initialise the set

 �

in the algorithmof
figure2, insteadof -.*M@FB03 , andthus,a partof thehierarchywould be
alreadysearchedby strongclassificationbeforetheexecutionof the
fuzzy classification,whichwould save a partof theexecutiontime.

5.4 Propertiesof the fuzzy classification

The fuzzyclassificationis anextensionof thestrongclassification
in thesensethatif i weredefinedby

i ����� � �D��� % � � if
��� � < ��� % then d else c

andif the fuzzy classificationreturnsall thesourcecasessimilar to����� (term “ i ������� ����� � �¢c ” at the line 3 of the algorithm), then
the fuzzy classificationwould return the sameresult as the strong
classification.

The fuzzy classificationalgorithm considersproblemsof 5 @CB by
decreasingsimilarity to ����� . If

��� � is consideredbefore
��� % dur-

ing the processthen i ����� � � ����� � J$i ����� % � ����� � . Therefore,if
���

is the currentproblemthen,for eachproblemin the hierarchythat
hasnot beentreatedyet, this problemis lesssimilar to ����� than

���
.

Thus,if i �����	� ����� � is consideredto betoo low, it is uselessto keep
on thefuzzy classificationprocess.

P If r0s �0£ r0s %¥¤ U.¦
aresuchthat r0s � t r0s % and r0s �)§¨ r0s % , then r0s % must

be removed from
U.¦

. If ])@CB is a tree,this situationcannotoccurandthis
line of thealgorithmis useless.

Thispropertyis aconsequenceof thesimilarity to ����� decreasing
when

���
becomesmorespecificin 5E@CB :

for
��� � and

��� % , two problemsof 5E@CB ,��� � < ��� %   i ����� � � ����� � J�i ����� % � ����� � (5)

(5) is a consequenceof (2) and(3).
This propertyinvolvesthat the fuzzy classificationcomplexity is

not very sensitive to the sourceproblemsdissimilar to ����� : if the
hierarchyiswell-structured,mostof theproblemswhicharefaraway
from ����� arenot takeninto accountduringtheprocess.

6 SMOOTH CLASSIFICA TION

In the previous sections,CBR was consideredwith a “null adapta-
tion” [11], doing a simplecopy of the retrieved sourcecase.Many
CBR systems,however, takeadvantageof moresophisticatedadapta-
tion processes.Thisholdsfor RESYN/CBR andmusthold for further
versionsof KASIMIR/CBR. For a non-adaptation-guidedretrieval
basedon a similarity measurei , thealgorithmof theprevious sec-
tion canbedirectly reused.For anadaptation-guidedretrieval, � �����
and ����� areconsideredto besimilar if thereis someavailableadap-
tationknowledgeto adapt


���
�� � ����� � in asolution

���
�� ����� � of ����� .

Smoothclassificationis basedon ��^1{ �����	� ����� � , an explicit rep-
resentationof how a solution of the currentproblem

���
could be

adaptedto solve ����� . ��^1{ �����	� ����� � is a similarity path, i.e. a se-
quenceof relations��� � ��� � � � ��� � � % ��� % /0/./D����©.ª � � © ���N© �«�����
such that an adaptationfunction ¬®­Z¯ is associatedwith each ��7
and enablesto adapta solution of the problem

��� 7 ª � in a solu-
tion of the problem

��� 7 . The orderedpair
� � 7 � ¬ ­°¯ � is calleda re-

formulationandthe reformulationsconstitutethe availableadapta-
tion knowledge[7]. For instance,

� < � ¬'± � , where ¬6± is a solution
copy, is a reformulationbasedon property(1). If the currentprob-
lem is a sourceproblem ������� , theadaptationis madeby d ²�³ adap-
tation of


���
�� ������� � � 
���
������ � �
in a solution


���
������ � � of
��� � ,

thanksto ¬u­D´ , L ² ³ adaptationof

���
������ � � in asolution


���
������ % � of��� % , thanksto ¬ ­Zµ , . . . ¶�²·³ adaptationof

���
������ ©.ª � � in a solution
���
������N© � � 
���
�� ����� � of

����© �¸����� , thanksto ¬ ­D¹ . This compo-
sition of simpleadaptationsis denotedby ¬®­D´0º ­°µ º » » » ­ ¹ , � �0¼ �N% ¼ /./1/ � ©
beingthecompositionof the ��7 ’s. Thesearchof a similarity pathis
madein RESYN/CBR thanksto anA* search[10].

Let ½ and i be definedby ½ ����� � ����� % � is theweightedlengthof
theshortestsimilarity pathfrom

��� � to
��� % ( ¾®¿ if thereis no such

path)and i ����� � �°��� % � �jd ³ � d4¾�½ ����� � �D��� % ��� . It is assumedthatthe
shorterasimilarity pathfrom ������� to ����� is, thebetter(morecertain
or more precise)the solution


���
�� ����� � obtainedby an adaptation
alongthis similarity pathis. This involvesthattheweightassociated
with < in a similarity path is c . The fuzzy classificationalgorithm
canbeeasilymodifiedto returnanorderedpair

�����	� ��^1{ �����4� ����� ���
where

���
is a sourceproblem:computingi �����	� ����� � andsearching

a similarity path ��^1{ �����	� ����� � are donein the sameprocess.The
following inferencerule summarisesthesmoothclassification:

������i � ���N��� � ����� � �xyÀ�������¥� �0¼ ��% ¼ /./0/ � © �����
���
�� ���N��� � is a solutionof �������
���
�� ����� � �«¬u­D´.º ­Zµ�º » » » ­ ¹ � ������� �Á
���
�� ������� �!� ����� �
is an y -solutionof �����

If theproperty(5) holdsfor i , theproblemsof 5E@CB arestill con-
sideredwith a decreasingsimilarity to ����� . This is the casefor



RESYN/CBR in particular thanks to the use of the reformulation� < � ¬6± � . It involvesthatthedeeperthecurrentproblemgetsin 5E@FB ,
the longerthesimilarity pathis andtheworsethefinal solutionwill
be. In otherwords,thesourcecasesthatwill provide thebestsolu-
tionsto ����� (moresureor moreprecise)arediscoveredfirst.

7 DISCUSSION AND RELATED WORKS

Thispaperpresentsanapproachto problem-solvingbasedonhierar-
chicalclassification,fuzzy logic andCBR. A selectionof otherworks
basedonsomeof thesenotionsis discussedin thissection.

A hierarchicalclassificationin afuzzyobject-basedrepresentation
is studiedin [3] wheretherepresentationsandinferencesof object-
basedrepresentationsystemsarefuzzified (fuzzy rangesandfuzzy
typical rangesfor the attributes,weightedhierarchyof classes,in-
heritanceandclassificationin sucha hierarchy, etc.).Two maindif-
ferenceswith the approachpresentedheremustbe noted.First, the
entitiesmanipulatedare classesand not problems,which involves
a differenceon the points of view of the two papers.Second,the
representationin this work is centralwhereaswe have presentedan
approachthatis independentof therepresentation(RESYN/CBR and
KASIMIR/CBR arebasedon differentrepresentationformalismsbut
sharesomeprinciples).

HierarchicalclassificationandCBR arecombinedin [4], in which
anapproachto caseretrieval basedon classificationin a description
logic is presented.Two processesare described.Strongclassifica-
tion is similar to the strongclassificationpresentedhere,whereas
weakclassificationcanbe seenasa hierarchicalclassificationwith
a relaxedcomparisonbetweenproblems(theinitial stateor thegoal
statementof thesourceplanningproblemhasto match,andnot nec-
essarilyboth).Themain differencebetweenthe relaxationof weak
classificationandtheonesof fuzzy andsmoothclassificationis that
theformeris donea priori while thelattersaredoneonly whennec-
essaryandarebetter-suitedfor the currentpair of problemsbeing
compared.This involvesontheonehandthattheretrieval of thecur-
rentpaperis moreaccurateandis adaptation-guidedand,ontheother
hand,thatit is moretime-consuming.

Fuzzy logic is usedfor CBR in [2]. The so-calledCBR principle
–similarity of problemsentailssimilarity of their solutions–is ex-
pressedin thefollowing way (with ournotations):

i ����� � �D��� % � |(Â �F
���
������ � �!�Á
���
������ % ���
with Â a similarity measureon the solution space.5 This relation
holds for fuzzy classificationfor any Â (becauseof its reflexiv-
ity) and also for smoothclassificationfor a well-chosen Â , e.g.,Â � � ��
�Ã!� � ��
�Ä1� �Åd ³ � d¥¾«Æ � where Æ is theweightedlengthof the
shortestpathfrom � ��
 Ã to � ��
 Ä in thesolutionspacestructuredby
the adaptationfunctions ¬u­ of the availablereformulations.Never-
theless,thetwo approachesarequitedifferent.In [2] thesimilarities
areusedin orderto proposea restricteddomainfor


���
�� ����� � –the
setof solutions� ��
 suchthat Â �F
���
�� ������� �!� � ��
�� J�i � � ����� � ����� � –
thusproviding a kind of adaptation.Conversely, for smoothclassifi-
cation,thegivenadaptationprocess¬ ­D´0º ­Zµ º » » » ­°¹ determinesthesim-
ilarity measurei . Anotherdifferencewith our approachis that i is
symmetricalin [2]. Thiscanbeexplainedby thefactthatsourcecases
arespecific(“stories”) in this work, whereasthey areossifiedin the
currentwork whichinvolvesanon-symmetricalcomparisonbetween
(general)sourceproblemsand(usuallyspecific)targetproblems.

Ç
A moregeneralmodellingof the CBR principle for the non-deterministic
problems,basedon thepossibilitytheory, is alsodescribedin [2].

8 CONCLUSION

This paperpresentsanapproachto case-basedproblemsolvinghav-
ing benefitof hierarchicalclassificationtechniques,fuzzy logic prin-
ciples and methodsand techniquesproper to CBR. Classification
techniquesenableto organisethecasebasethanksto a problemhi-
erarchybasedon a generalityrelation.Threeprocessesof retrieval
using this hierarchyare described:the strong, fuzzy and smooth
classificationprocesses.Eachof themtakesadvantageof the hier-
archicalorganisationof problemsby facilitatingaccessto thesimi-
lar casesandavoiding the too dissimilarcases.Strongclassification
is a classicaldeductive process.Fuzzyclassificationis anextension
of strongclassificationandis a deductive processin a fuzzy logic:
the problemsthat did not matchin strongclassificationmay match
with asimilarity degreeexpressedby afuzzytruthvalue.Finally, the
smoothclassificationis an extensionof fuzzy classificationbased
on adaptationprinciplesproperto CBR. Among the possiblefuture
work, an experimentalstudyof the efficiency of the approachpre-
sentedhereandanextensionof it to thereuseof severalsourcecases
in orderto solve a soletargetproblemareenvisaged.
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