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Abstract

Case-baserkasoning CBR) modelsthe procesf reason-
ing from specificexperiencescquiredby anagentandcon-
tainedin the agents case-baseWhen multiple agentsac-
quire casesppportunitiesarisefor sharingtheir case-bases,
with accompaying issuesfor how to apply others’ experi-
encesffectively. Thispaperxaminedssuedor multi-case-
basereasonindMCBR), thereasoningrocessieededor a
CBR systento exploit externalcase-base®flectingsimilar
but differenttasksandtaskervironments. The papersum-
marizesthe componenprocessesequired,the dimensions
alongwhichtheseprocessemaydiffer, andsomeof thekey
researclissueghatmustbeaddressetbr successfuMCBR
systemslt closeswith a perspectie on therelationshipof
case-baserbasoningandmulti-case-basezasoningexam-
ining the analogybetweenreasoningaboutcasesin CBR
andcase-baseis MCBR.

I ntroduction

Casebasedave long beenrecognizedasa valuableknowl-
edgeresource,and as a potentialmediumfor knowledge
sharing(Inferencel995). Case-basedeasoningresearch,
however, hasfocusedargely ontheissuesnvolvedin man-
aging a single, task-dedicated¢asebase. Researchn dis-
tributed CBR has examinedissuesin drawing on well-
standardizedxternalcasebasesandcase-basmaintenance
researcthasexaminedhow to improve case-basstandard-
ization. However, increasingnumbersof fielded systems
promisegrowing numbersof nonstandardizedasebases,
for different (but related)tasks, which may not be prac-
tical to standardizeor memge. Consequently exploiting
this resourcemay require reasoningaboutissuessuch as
whento draw on particularcase-basesyhich case-basesre
mostappropriateo accesgor a giventask,andhow to re-
vise solutionsaccordingto the case-basesom which they
werederived. Suchreasoningprocesse$orm the heartof
multi-case-baseeasoning MCBR) (Leake & Sooriamurthi
2001).
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MCBR is a framework in which the basic CBR pro-
cessesare augmentedvith facilities for problemdispatd-
ing, in which problemsmay selectvely be assignedo ex-
ternalcase-basegndcross-case-basadaptation in which
proposedolutionsarerevisedaccordingo the propertiesof
the case-basethat suggestedhem. In this paperwe exam-
ine the architecturesequiredfor suchsystemsthe issues
thatarisein their design,andthe dimensiondor addressing
them. The goalsof the paperaretwofold: To examinethe
natureof MCBR systemsandto pointto crucialissuesor
futureresearch.

M otivations

Moving from single-case-bage multiple-case-basmodels
may be worthwhile bothto augmentocal caseinformation,
andto facilitatemanagemeruaf informationthatis naturally
availablefrom differentsourceswith differing taskor envi-

ronmentatharacteristicsSpecificmotivationsmayinclude:

¢ Increasingefiiciencyandcoverage: Multiple smallercase
basesmay increaseretrieval efficiency or make storage
requirementsnoremanageable.

e EasingmaintenanceAccessingcasesrom unmegedlo-
cal sourcesratherthanmemginginformationinto a single
case-basegutomaticallycapturedocal caseupdatesand
facilitatesresponset case-baseelationshipchanges.

e The benefitsof least-commitmenprocessing: Potential
caseusesmay betoo hardto anticipateto standardizeén
adwance.

e Thebenefitsof retainingimplicit information: Important
task and ervironmentcharacteristicsnay be implicit in
casecollections.

¢ Exploitinginformationavailableonly ondemand:lf case
basedbecomecommerciaknowledgeresourcegjifferent
sourcesmay have exclusive rights that prevent meging.
Thus MCBR may be necessaryo exploit the growing
availability of distributedweb-basedhformationsources.

The Basic Framewor k

In standardcase-basedeasoning,the reasoningsystem
drawvs on asinglecase-basef experiencesin our previous
work on multi-case-baseeasoningLeake & Sooriamurthi
2001),we consideredsituationsn whicha CBR systemcan



augmenits local case-basby draving on a singleexternal
case-basehenneededHowever, in generabnMCBR sys-
temcould have mary case-base® choosdrom. For exam-
ple,asystemnto predictproductpricesmightdraw onthecat-
alogsof multiple stores;anon-linetravel guide could draw
onrepositorieof travelercommentgpublishedoy mary dif-
ferentgroups,etc. Becausdhosecase-basemay have dif-
fering coveragecharacteristicsa multi-case-baseeasoner
may needto reasoraboutthe case-baséom whichto draw
cases. Likewise, becausdifferent case-basemay reflect
differentproblemcircumstances multi-case-baseeasoner
mayneedto adaptcasedbasedntheirsourcesn additionto
respondingdo differencesn thestatedoroblemdescriptions.
Thus any MCBR systemrequirescomponentgo perform
four basicfunctions:

1. Problemdispatding: The dispatchingcomponenteter
minesthe setof case-base® which a problemis sent.
Thismaybebasedn criteriasuchasestimatedik elihood
thatthe case-bas&ill containa relevant case,expected
speedf responsegr costof requestingnformationfrom
acommerciakasesource.

2. Case selection: The selection componentdetermines
which casedo considerascandidategor contributing to
thesolution. For example,selectiomrmight returnthefirst
caseretrieved; mightwait for all queriedcase-base® re-
spondandreturnthemostsimilar casepr all casewithin
a setsimilarity threshold;or might returncasesrom all
case-basahatrespondvithin a giventime limit.

3. Solutionmeging: The solutionmeiging componentde-
termineshow the solutionsfrom the setof selectedcases
will be combinedinto the final solution. For example,
for a numericalpredictiontask, numericalvaluesmight
be averagedfor aplanningtask,portionsof theretrieved
plansmightbe memgedaccordingo preferenceriteria.

4. Cross-case-basadaptation: Whencase-basedeal with
differing tasksor task ernvironments,the solutionsthat
they suggestnay needadditionaladjustmentn response
to thosedifferenceqe.g.,a case-basef productsmight
returnpricesin dollarswhenthe desiredpricesarein eu-
ros). The cross-case-basalaptatiorcomponentdjusts
solutionsfor theseinter-case-basdifferences.

Architecturesfor MCBR

One possibleMCBR architectureis the simple “f allback”
architectureshown in Figurel. In this architecturea CBR
systemdraws on externalcasesvhenit determineghatits
own caselibrary is insufficient. Here dispatchingcould be
basednthelevel of similarity betweercurrentproblemand
mostsimilar local casecaseselectionbasedn whetherthe
externalcaseactuallyaddresseamoresimilar problem,and
cross-case-basmlaptatiorbasedon samplingthe external
case-bast estimateanter-case-baseolutiondifferences.
More generallyanMCBR systenmaydrawv onary hum-
ber of case-basesccessedccordingto stratgic criteria.
Figure 2 shaws one sucharchitecture.Whena problemis
input to the MCBR system,a dispatcherdeterminescase
basego queryanda strategy for how to pursuethe query

Standard CBR
Problem Solution
—>> Retrieve || Adapt Revise —>>
> caseDispatch >
_—
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Case Case
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Cross Case—Base
Adaptation

Figurel: Drawing on anexternalcase-basehenthelocal
case-basis insufficient.

e Case-baseharacterization
Problemdispatching
Caseselection
Solutionmemging
Cross-case-basalaptation
Multi-case-basenaintenance

Tablel: Issuesfor MCBR design.

sequenceThe systemthenselectsresultsto considey per
forms cross-case-basadaptationto adjustfor inter-case-
basedifferencesandmeigessolutionsif multiple solutions
will beused.(Dependingpnthesystemstratey, thesesteps
maybe orderedn differentways.) Theresultis thenpassed
onto astandardCBR process.

We notethatthis generalarchitectura@ncludesthe previ-
ousarchitectureasa specialcase.A “local” case-basaeed
not be distinguishedfrom other case-basesxceptas en-
codedby thedispatchingstrateyy. For example alocalcase-
basewould presumablyhave very low accessost,causing
it to be favored by a cost-basedlispatchingstrategy, and
wouldrequireonly theidentity functionfor cross-case-based
adaptationgcausingt to befavoredby adispatchingstratey
favoring casedor similar problems.

I ssuesfor Multi-Case-Base Reasoning

Applying the MCBR architecturerequiresaddressindoth
the standardCBR issues—foiprocessingf the caseghat
areretrieved—andaddressinghenew issueghatarisefrom
multiple casebasesassummarizedn Tablel1. Thefollow-
ing sectionssummarizeeachof theseissuesand highlight
thedimension®f how they maybeaddressed.

Case-Base Char acterization

Justas caseindexing plays a crucial role in CBR, case-
basecharacterizatiolis vital to MCBR. As for caseindex-
ing, case-baseharacterizatiomustprovidetheinformation
neededo estimatehe usefulnessf the case-baseBecause
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Figure2: Multi-case-baseeasoningramework for drawing on a setof case-bases.

the questionis the relevanceof the case-baseratherthan
of a case,the informationmustbe predictive of the likeli-
hoodof the case-basto containcasesaddressing particu-
lar problem.Thisincludescoverage informationexpressing
thelikelihoodof thecase-baseontainingcasegor the prob-
lem at hand. At a coarse-grainetevel, the characterization
might include global competencenformation; at a finer-
grainedlevel, it mightincludedescriptionsf morespecific
expertise.Likewise,it includestaskinformation to compare
to the taskat handto estimatethe difficulty of cross-case-
baseadaptation. In addition, becausdlifferentcase-bases
have differentaccesharacteristicéin termsof how to for-
mulatequeriesavailability, expectedresponsdime, etc.),it
mustincludeaccessharacteristics

Problem Dispatching

Dispatchingpolicies usecase-baseharacterizationto de-
terminewhich case-base(shouldbe usedto solve a partic-
ular problem. For purpose®f dispatchingno distinctionis
madebetweenthe local case-basand externalcase-bases:
Choicesof whento usethe local case-basare madeac-
cording to the sametypesof reasoningprocessesisedto
decidewhento accessnexternalcase-basdn thisway, the
dispatchingpoliciessimultaneoushaddresshequestionof
“whento dispatch”and“whereto dispatch.

The dispatchess decision-makingmay dependon arbi-
trarily sophisticatedeasoning.lt may be basedon ary as-
pectsof theproblemto solve (e.g.,usingthecharacterization
to decidewhich case-basé mostrelevant), on the overar
ching systemtaskand constraintge.g., needsfor rapidre-
sponse)andon informationaboutexternal constraintsand
circumstanceée.g.,thatanoverburdenedxternalcase-base
shouldbe accessednly whennecessary)The dispatching
procesamay be targetedat retrieving a singlecase,or a set
of casesmultiple retrievals are resohed during the selec-
tion/meging phase.

Dispatchingpoliciesfall into four possiblecategories:

e One-shotdispatting: Closestto traditional CBR, dis-
patchingmaysimply chooseo dispatcha problemto one
or more of the external case-basedor the resultsto be
processedirectly by the caseselection/meging phase.
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e Sequentialdispathing: Sequentialdispatchingpriori-
tizes dispatchingtarmgets and determinesa sequenceof
gueries,basedon the sequencef results,to implement
an information-seekingtratgy. For example,a simple
two-steppolicy might solve problemslocally if the local
case-basdasa sufficiently similar case,and otherwise
sendthe problemto aremotecase-base.

o Parallel dispatding: Parallel dispatchingoroadcastse-
guestssimultaneouslyo a setof case-bases.

o Hybrid dispatding: Hybrid dispatchingmethodsnvolve
asequencef dispatchesgcombiningparallelandsequen-
tial dispatchingsteps.

If an MCBR systemis drawing on the case-basesf other
MCBR systemswe mayimaginea federationof communi-
catingsystems.In suchsystemsanotherdimensionis dis-
patdcher integration—thelevel of centralizatioror informa-
tion sharingbetweenindividual MCBR systems. For ex-
ample, to illustrate two extremes,multiple systemsmight
be designedo communicatavith a centralregistry of avail-
ablecase-basemndtheircharacteristicgyr eachmaintaining
their own dispatchingnformation.

Anotherissue,arising from the perspectie of the case-
basesbeing queried,is query acceptance With sufficient
reasoningcapability and rich-enoughqueries,a case-base
might assessts own willingnessto processa query and
competencé thequeryareapossiblyto itself dispatchthe
problemto anothersource.

Case Selection and Solution Merging

Becausean MCBR systemmay sendsimultaneousjueries
to multiple case-basegpliciesareneededor how to select
thereturnedcasedgo considerandto memgetheir suggested
solutions.A first-passselectionpolicy mightsimply usethe
first casethatis returneda somavhatmoresubtleapproach
mightaccumulateaseswith a cut-off policy (e.g.,ignoring
future returnedcaseswhen a certainnumberof caseshas
beenretrieved,or whena caseof sufiicient quality hasbeen
retrieved). The availability of multiple casesalsopresents
opportunitiefor applyingensemblenethodgo multiple so-
lutions.



The selection/meaging process becomesmore subtle
wheamthe applicationof a prior casebeginsbeforeretrievals
arecomplete.In thatsituation,later retrievals may provide
usefulinformationto shapeor evenreplacethe currentrea-
soningprocess. This memging requiresreasoningnot only
aboutthe usefulnes®f a case but how muchit contributes
beyondthe currentsystemstate.For example,evenif much
effort hasbeenexpendedn a candidatesolution,it maybe
appropriateo discardthatwork if acompleteprior solution
hasbeenfound.

Cross-Case-Base Adaptation

In orderfor anMCBR systeneffectively usecase-basebat
may have beendevelopedin differentways, for different
tasksor taskervironmentsmethodsareneededo adjustre-
trievedcasedor localneeds.Thecross-case-baselaptation
procesadaptsuggestedolutionsfrom onecasebaseo ap-
ply to the need=f another It correspondso the caseadap-
tationprocesdgor aCBR systemput with thedifferencethat
itsroleis to adaptin responseo thedifferencesn source®f
casesratherthandifferencesetweenthe currentandprior
problems. Thoseproblem-basediifferencesare accounted
for by thestandardCBR processaftercross-case-baselap-
tation hasproduceda casecompatiblewith the local CBR
system. Eachpairing of a CBR systemwith a destination
case-basmayrequiredifferentadaptatiorstratejies.

Cross-case-basmlaptatiormay needto addresssyntac-
tic or semanticrepresentationalifferencesaswell asdif-
ferencesn tasksandtask environmentsthat simply affect
attribute values. In orderto selectappropriatecross-case-
baseadaptatiorstratgies, a systemmusthave (or be able
to derive) information aboutthe relationshipshetweenso-
lutionsin its own case-basandthe externalcase-baseTo
enablethis, afundamentalssueis how to derive theneeded
metadataWe arecurrentlyexploring samplingmethodgor
comparingcase-baseharacteristics orderto selectappro-
priatecross-case-basalaptatiorstrateies.

Multi-Case-Base M aintenance

Traditionalcase-basmaintenancéocuseonissuef indi-

vidual casebasessuchashow to standardizease-baseon-
tentsor compactthe case-baseMCBR mustaddresghese
issuedor individual case-basesswell asadditionalissues
thatarisein the MCBR context:

e Standadization: Case-basstandardizatiorwanfunction
asan“eager” analogueo cross-case-baselaptation:It
canadjustfor systematidifferenceshatotherwisevould
needto beaddressedscasesareapplied.

¢ Splitandreform: MCBR maintenancaddsthe choiceof
how mary case-baset® useandtheir makeup. Splitting
a large case-basinto smaller task-focussedase-bases
may enablemore efficient retrievals; Merging two case-
basesnayyield increasedreadthascoveragancreases,
or depth,asmultiple case-basesecomeavailablefor the
samepartof thecase-base.

Analogiesto CBR: The Continuum from
Reasoning about Casesto Reasoning about
Case-Bases

The previous sectionshighlight the operationghat MCBR
systemgrequire, beyond thoserequiredfor standardCBR.
Operationsuchascase-basidexing, andcross-case-base
adaptationmaybeviewedassimply thestandardCBR pro-
cessesappliedto a case-basef case-basessiventhis cor-
respondencewe may view a CBR systemas an MCBR
system,in which eachof the MCBR systems$ case-bases
containsa single case,and the MCBR systems dispatch-
ing processorresponds$o normalcaseretrieval. Likewise,
arny MCBR systemcanbetransformednto a standardCBR
systemby meming its cases.Thuswe canview CBR and
MCBR asfalling on a continuum. At oneextreme,thereis
a single,unified case-baseat the other, thereis a different
case-baséor every domaincase. Processingf both end-
pointsin the continuumis isomorphic,with caseindexing
in CBR correspondingo case-basandexing for the single-
ton case-basesThe MCBR split and reform maintenance
operationgprovide away to move alongthis continuum.
The principlesof MCBR canalso apply to multiple re-
trievals from a single case-base.For example, (Riesbeck
1996) proposeda CBR modelin which processingegins
basedon aninitial retrieval, with retrieval processesontin-
uingin casemoreappropriatecase-basesreavailable. This
modelcorrespond$o MCBR with multiple retrievals from
thesamecase-basgndutility-basedcasesolutionmeming.
In termsof maintenancellCBR'’s cross-case-basalap-
tation can be seenas a form of “lazy” casestandardiza-
tion: Casesare corvertedto the form of the local system
asneeded.(Leake & Wilson 1999)discussesn analogto
MCBR’s splitting operation appliedto standardCBR: Iden-
tifying “hot spots”in the problemspace basedon current
problemsto selectvely placecasedesslikely to beusedin
asecondaryase-bas# storagecapacityis limited or utility
problemsnterferewith retrieval efficiency.

Related Research

Methodsfor managingsharingof standardized¢ase-bases
have beenstudiedin researchon distributed CBR (e.g.,
(Martin, Plaza,& Arcos 1999)), as have methodsfor fa-
cilitating large-scalecasedistribution (Hayes,Cunningham,
& Doyle 1998). However, thesemethodsdo not address
the cross-case-baselaptatiomeededor non-standardized
cases.Relevantto dispatchingssues,(McGinty & Smyth
2001)highlight the value of case-basspecificexpertisein
drawing on externalcase-basesnddescribea systemthat
dispatchesasego provide personalizedecommendations.
Theuseof multiple case-basda MCBR hasanumberof
analogsn thedatabaseommunityin researctareasuchas
componentlatabassystemgDittrich & Gepper001),and
in studiesof managemerissuedor heterogeneousatabase
systemgqElmagarmid,Rusinkiavicz, & Sheth1999). How
to addresstructuralandsyntacticdifferencesetweerhet-
erogeneouslatabasesystemshasbeeninvestigatedexten-
sively in researchon interoperabilityand schemeintegra-
tion. This work, andAl researchn areassuchaslearning
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to translatebetweenontologiesand dataintegration (e.g.,
(Domingos2000)), are likely to prove highly relevant to
cross-case-baselaptatiorissues.

Conclusion

Multi-case-baseeasoningaugment<CBR with capabilities
for reasoningaboutwhich casebasego use,andhow to use
them.Its selectve,lazy acces®f nonstandardizecasesan
provide a useful supplemento a local casebase,andthe
framework it requiregprovidesa uniformway to accesslis-

tributedcaseresourcesThe MCBR framework canalsobe
appliedto combinea numberof CBR systemsgachgener

atinganddrawing on sharedcaseresources.

At ahighlevel, mary of the processeseededor MCBR
parallelthoseof the normal CBR processshawving the ap-
plicability of lessonsfrom CBR, but mary specific multi-
case-basessuesariseaswell. Thesepointto new research
areasandnew opportunitiedor intelligentsharingandreuse
of caseknowledgefrom multiple sources.
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