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Abstract.MultiagentsystemsofferanewparadigmtoorganizeAIapplications.
WefocusontheapplicationofCase-BasedReasoningtoMultiagentsystems.
CBRofferstheindividualagentsthecapabilityofautonomouslylearnfromex-
perience.Inthispaperwepresentaframeworkforcollaborationamongagents
thatuseCBR.Wepresentexplicitstrategiesforcaseretainwheretheagentstake
inconsiderationthattheyarenotlearninginisolationbutinamultiagentsystem.
Wealsopresentcasebarteringasaneffectivestrategywhentheagentshavea
biasedviewofthedata.Theoutcomeofbothcaseretainandbarteringisanim-
provementofindividualagentperformanceandoverallmultiagentsystemperfor-
mance.Wealsopresentempiricalresultscomparingallthestrategiesproposed.

Keywords:CooperativeCBR,MultiagentCBR,CollaborationPolicies,Bartering,Mul-
tiagentLearning.

1Introduction

MultiagentsystemsofferanewparadigmtoorganizeAIapplications.Ourgoalisto
developtechniquestointegrateCBRintoapplicationsthataredevelopedasmultiagent
systems.CBRoffersthemultiagentsystemparadigmthecapabilityofautonomously
learnfromexperience.

TheindividualcasebasesoftheCBRagentsarethemainissuehere.Iftheyare
notproperlymaintained,theoverallsystembehaviorwillbesuboptimal.Thesecase
basesmustbemaintainedhavinginmindthattheagentsarenotisolated,butinsidea
multiagentsystem.Thisenablestheagentnottolearnonlyfromitsownexperience,
butcollaboratingwiththeotheragentsinthesystem.Thelacksinthecasebasesof
someagentscanbecompensatedbytheexperienceofotheragentsinthesystem.Ina
realsystem,therewillbeagentsthatcanveryoftenobtaincertainkindofcases,and
thatwillveryseldomobtainothertypesofcases.Itwillbebeneficialfortwoagentsif
theyreachanagreementtotradecases.Thisisaverywellknownstrategyinthehuman
historycalledbartering.Usingcasebartering,agentsthathavealotofcasesofsome
kindwillgivethemtoanotheragentsinreturntomoreinterestingcasesforthem,and
bothwillprofitbyimprovingtheirperformance.

Ourresearchfocusesonthescenarioofseparatecasebasesthatwewanttousein
adecentralizedfashionbymeansofamultiagentsystem,thatistosayacollectionof
CBRagentsthatmanageindividualcasebasesandcancommunicate(andcollaborate)



withotherCBRagents.Separatecasebasesmakesensefordifferentreasonslikepri-
vacyorefficiency.Ifthecasebasesareownedbysomeorganizations,perhapstheyare
notwillingtodonatethecontentsofitscasebasestoacentralizedonewhereCBRcan
beapplied.Moreover,inthecasethatthecasebaseswherenotprivate,moreproblems
canarisefromhavingallthecasesinasingleone,suchasefficiency,storageormain-
tenanceproblems[5].Alltheseproblemssuggestdifficultiesthatmaybeavoidedby
havingseparatecasebases.

Inthispaperwefocusinmultiagentsystems,whereindividualagentslearnfromits
ownexperienceusingCBR.Weshowhowtheagentscanimproveitslearningefficiency
bycollaboratingwithotheragents,andshowresultscomparingseveralstrategies.

Thestructureofthepaperisasfollows.Section2presentsthecollaborationscheme
thattheagentsuse.Section3explainsthestrategiesusedbytheagentstoretaincasesin
theirindividualcasebases.Then,section4presentsabriefdescriptionofthebartering
process.Finally,Theexperimentsareexplainedinsection5andthepapercloseswith
relatedworkandconclusionsections.

2MultiagentLearning

AmultiagentCBR(�AC)system����������	�
����iscomposedonnagents,
whereeachagent��hasacasebase��.Inthisframeworkwerestrictourselvesto
analyticaltasks,i.e.tasks(likeclassification)wherethesolutionisachievedbyse-
lectingfromanenumeratedsetofsolutions����������	.Acasebase���

��������	�
�����isacollectionofpairsproblem/solution.
Whenanagent��asksanotheragent��helptosolveaproblemtheinteraction

protocolisasfollows.First,��sendsaproblemdescriptionPto��.Second,after

��hastriedtosolvePusingitscasebase��,itsendsbackamessagethatiseither
:sorry(ifitcannotsolveP)orasolutionendorsementrecord(SER).ASERhas
theform���������,meaningthattheagent��hasfound��asthemostplausible
solutionfortheproblem�.

VotingScheme.Thevotingschemedefinesthemechanismbywhichanagent
reachesanaggregatesolutionfromacollectionofSERscomingfromotheragents.
EachSERisseenasavote.Aggregatingthevotesfromdifferentagentsforeachclass,
wecannowobtainthewinningclassastheclasswiththemaximumnumberofvotes.
Wewillshownowthe���������collaborationpolicythatusesthisvotingscheme
(see[6]foradetailedexplanationandcomparisonofseveralcollaborationpolicies,and
ageneralizedversionofthevotingschemetoallowmorecomplexCBRmethods).

CommitteePolicy.Inthiscollaborationpolicytheagentmembersofa�ACsys-
tem�areviewedasacommittee.Anagent��thathastosolveaproblemP,sendsit
toalltheotheragentsin�.Eachagent��thathasreceivedPsendsasolutionendorse-
mentrecord���������to��.Theinitiatingagent��usesthevotingschemeabove
uponallSERs,i.e.itsownSERandtheSERsofalltheotheragentsinthemultiagent
system.Theproblem’ssolutionistheclasswithmaximumnumberofvotes.

Inasingleagentscenario,whenanagenthastheopportunitytolearnanewcase,
theagentonlyhastodecidewhetherthenewcasewillimproveitscasebaseornot.
Severalretainpoliciesexisttotakethisdecision[2,9].Butwhenweareinamultiagent



scenario,newfactormustbeconsidered.Imaginethefollowingsituation:anagent��

hastheopportunitytolearnanewcase�,butdecidesthat�isnotinterestingtohim.
Butthereisanotheragent��inthesystem,thatcouldobtainagreatbenefitfrom
learningthecase�.Itwouldbebeneficialforbothagents,thattheagent��retained
thecase,andthengiveorsellitto��.

Twodifferentscenariosmaybeconsidered,whenthereareownershiprightsover
thecasesandwhentheagentsarefreetomakecopiesofthecasestosendthemtoother
agents.Wewillcallthefirstscenariothenon-copyscenario,andthesecondonethe
copyscenario.Severalstrategiesforretainingcasesandbargainingwiththeretained
casescanbedefinedforeachscenario.

Thelearningprocessinouragentshasbeendividedintwosubprocesses:Thecase
retainprocess,andthecasebarteringprocess.Duringthecaseretainprocesstheagent
thatreceivesthenewcasedecideswhethertoretainornotthenewcase,andwhetherto
offerthenewcasetotheotheragentsornot.Analternativetoofferthecasestoother
agentsforfree,istooffertheminchangeofmoreinterestingcases.Thisisexactly
whatthecasebarteringprocessconsistson.Thus,whenanagenthasrecopilatedsome
casesthatarenotinterestingforhim,hecaninterchangethemformoreinterestingcases
duringabarteringprocess.Thisbarteringprocesshasnottobeengagednecessaryeach
timeanagentlearnsanewcase,butjustwhentheagentsdecidethattheyhaveenough
casestotradewith.

Inthefollowingsectionswewillfirstdescribeallthestrategiesthatwehaveexper-
imentedwith,andthenwewillgiveabriefdescriptionofthebarteringprocess.

3CaseRetain

Inthissection,wewillexplainwithdetailallthestrategiesforthecaseretainprocess
usedintheexperiments.Thiscaseretainstrategiesareusedwhenanagenthasthe
opportunitytolearnanewcase,andhastodecidewhethertoretainitornot.

Eachcaseretainstrategyiscomposedontwodifferentpolicies:theindividualretain
policyandtheofferingpolicy.Fortheindividualretainpolicy,wehaveexperimented
withthreeoptions:Neverretain(NR),wheretheagentthathastheopportunitytolearn
anewcaseneverretainsthecase;Alwaysretain(AR),wheretheagentalwaysretains
thecaseandWhen-Interestingretain(WIR),wheretheagentonlyretainscasesfounded
interesting.Noticethatwecandefinetheinterestingnessofacaseinseveralways.In
ourexperimentsthecriterionforacasebeinginterestingforanagentiswhenthatcase
isincorrectlysolvedbytheagent.

Andfortheofferingpolicy,wehaveonlytwooptions:Neveroffer(NO),wherethe
agentthathastheopportunitytolearnanewcaseneveroffersittoanyotheragentinthe
systemandAlwaysoffer(AO),wheretheagentalwaysasksifanyoftheotheragentsis
interestedineachcasetheagenthastheopportunitytolearn.

Now,combiningalltheseoptions,wecandefineallthepossiblecaseretainstrate-
giesforbothscenarios:copyscenarioandnon-copyscenario.Inthefollowingsubsec-
tions,allthepossiblecombinationsthathavesenseforbothscenariosareexplained.

Non-CopyScenarioStrategies.Thefollowingcombinationshavesenseforthe
non-copyscenario:



–Neverretain-Neverofferstrategy(NR-NO):Theagentsneverretainthecases
neitherofferittoanyotheragent.Therefore,thisisequivalenttoasystemwhere
theagentsdonotlearnfromitsexperience.

–Alwaysretain-Neverofferstrategy(AR-NO):Theagenthastheopportunityto
learnanewcasealwaysretainsit,butneverofferittotheotheragents.Inthis
case,everyagentworksasiflearninginisolation.Andallthecollaborativeworkis
delegatedtothecasebarteringprocess.

–When-Interestingretain-Neverofferstrategy(WIR-NO):Equivalenttotheprevi-
ousone,buttheagentonlyretainsthecaseifitisinterestingforhim.

–When-Interestingretain-Alwaysofferstrategy(WIR-AO-non-copy):Inthisstrat-
egy,theagent��thathastheopportunitytolearnanewcase,retainsthecaseonly
ifdeemedinteresting.Ifthecaseisnotretained,itisofferedtotheotheragents.
Then,asweareinthenon-copyscenario,theagenthastochoosejustoneofthe
agentsthathaveansweredrequestingthecasetosendonlyonecopyofit.Several
strategiescanbeusedtomakethisselection,butintheexperimentsthisismade
randomly.

CopyScenarioStrategies.TheNR-NO,AR-NOandWIR-NOstrategiesarethe
samethaninthenon-copyscenario.Thus,theonlynewstrategythatcanbeapplied
inthecopyscenariois:When-Interestingretain-Alwaysofferstrategy(WIR-AO-copy)
wheretheagentthathastheopportunitytolearnanewcase,retainsthecaseonlyif
deemedinteresting.Then,itisofferedtotheotheragents.The,acopyofthecaseis
senttoeachagentsthatanswersrequestingacopy.Noticethatnowthisispossible
becauseweareinthecopyscenario.

Thereisanothercombinationofpoliciesthatgeneratesanewstrategy:Alwaysre-
tain-Alwaysofferstrategy,wherethecasesarealwaysretainedbytheagent.Andthen,
offeredtotheotheragents.Thisisanoninterestingstrategyalthough,becauseallthe
agentsinthesystemwillhaveaccessexactlytothesamecasesandwillretainallof
them.Therefore,asalltheagentswillhaveexactlythesamecasebasesthereisno
reasontouseamultiagentsysteminsteadofasingleagentthatcentralizesallthecases.

4CaseBartering

Intheprevioussection,wehaveexplainedthecaseretainprocessstrategiesusedby
theagents.Now,inthissection,wewillgiveabriefdescriptionofthecasebartering
process,see[7]foracompletedescription.

Previousresults[6]haveshownthatagentscanobtainbetterresultsusingtheCom-
mitteecollaborationpolicythanworkingalone.However,thoseexperimentsassumed
thateveryagenthadarepresentative(withrespecttothewholecollectionofcases)
sampleofcasesinitsindividualcasebase.Whenoneagent’scasebaseisnotrepresen-
tativewesayitisbiased,andtheCommitteeaccuracystartsdecreasing.Casebartering
addressesthisproblem,andeachagentwillexchangecaseswithotheragentsinorder
toimprovetherepresentativeness(i.e.diminishthebias)ofitscasebase.



4.1CaseBaseBias

Thefirstthingwehavetodefineisthewaythattheagentsmeasureitscasebasebias.
Letbe������

��������
�	theindividualdistributionofcasesforanagent��,where

��
�isthenumberofcaseswithsolution����inthethecasebaseof��.Now,

wecanestimatetheoveralldistributionofcases�����
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�����istheestimatedprobabilityoftheclass��.
Tomeasurehowfaristhecasebase��ofagivenagent��ofbeingarepresentative

sampleoftheoveralldistributionwewilldefinetheIndividualCaseBase(ICB)bias,as
thesquaredistancebetweenthedistributionofcases�andthe(normalized)individual
distributionofcasesobtainedfrom��:
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Ithasbeenempiricallyshown[7]thatwhentheICBbiasishigh(andthusthe
individualcasebaserepresentativenessislow),theagentsusingtheCommitteepolicy
obtainloweraccuracies.

4.2BarteringOffers

ThewaybarteringhastoreducetheICBbiasofacasebaseisthroughcaseinterchang-
ing.Inordertointerchangecasesbetweentwoagents,theymustreachabartering
agreement.Therefore,theremustbeanofferingagent��thatsendsanoffertoanother
agent��.Then��hastoevaluatewhethertheofferofinterchangingcaseswith��is
interestingornot,andacceptorrejecttheoffer.Iftheofferisaccepted,wesaythat��

and��havereachedabarteringagreement,andtheywillinterchangethecasesinthe
offer.Formallyanofferisatuple�����������������where��istheofferingagent,

��isthereceiveroftheoffer,and���and���aretwosolutionclasses,meaningthat
theagent��willsendoneofitscaseswithsolution���and��willsendoneofits
caseswithsolution���. TheCaseBarteringprotocolsdonotforcetousesomeconcretestrategytoaccept
ortosendoffers,soeachagentcanhaveitsownstrategy.However,inourexperiments
eachagentfollowthesamestrategy.

Letusstartwiththesimplerone.Whenanagentreceivesasetofoffers,ithasto
choosewhichoftheseofferstoacceptandwhichnot.Inourexperimentstheagentsuse
thesimpleruleofacceptingeveryofferthatreducesitsownICBbias.Thus,wewill
definethesetofinterestingoffersInteresting������ofasetofoffers�foranagent

��asthoseoffersthatwillreducetheICBbiasof��.
Thestrategytomakeoffersinourexperimentsisslightlymorecomplicated.In[7]

theagentsusedadeterministicstrategytomakeoffers,butfortheexperimentsreported
here,wehavechosenaprobabilisticstrategywhichobtainsbetterresults.Eachagent

��decidewhichofferstomakeinthefollowingway:fromthesetpossiblesolution
classes�,eachagentchoosetheset����ofthosesolutionclassestheyareinterested
in(i.e.thoseclassesthatincrementingthenumberofcaseswiththatsolutionclass,will
diminishtheICBbiasmeasure).Foreachclass������,theagentwillsendone



barteringoffertoanagent����.Thisagent��ischosenprobabilistically,andthe
probabilityofanagenttobechosenas��isafunctionofthenumberofcasesthatthe
agenthavewithsolutionclass���(asmorecases,higherprobability).Now,theagent

��hastodecidewhichsolutionclass�����willofferto��inchangefortheclass

���.Thesolutionclass�������(where�����isthesubsetofsolutionclasses
thatdecreasingthenumberofcaseswiththatsolutionclass,willdiminishtheICBbias
measure)isalsochosenprobabilistically,andtheprobabilityofeachsolutionclassto
bechosenisafunctionofthenumberofcasesthat��hasofthatsolutionclass(asmore
cases,higherprobability).

4.3CaseBarteringProtocol

Usingthepreviousstrategies,twodifferentprotocolsforCaseBarteringhavebeenex-
perimented.ThefirstoneiscalledtheSimultaneousCaseBarteringProtocol,andthe
secondonetheToken-PassingCaseBarteringProtocol.However,sincetheexperiments
presentedinthispaperuseonlythesecondone,onlytheToken-Passingprotocolisgo-
ingtobeexplainedhere.

Whenanagentmemberofthe�ACwantstoenterinthebarteringprocess,it
sendsaninitiatingmessagetoalltheotheragentsinthe�AC.Thenalltheother
agentsanswerwhetherornottheyenterthebargainingprocess.Thisinitiatingmessage
containstheparametersforbartering:aparameter��,correspondingtothetimeperiod
thattheagentshavetomakeoffers;aparameter��,correspondingtothetimeperiod
thattheagentshavetosendtheacceptmessages;thenumber�ofagentstakingpartin
thebartering,and����,themaximumnumberofbarteringroundsthatthebartering
willhave.Oncetheagentshaveansweredtothisinitialmessage,thebarteringstarts.

ThemaincharacteristicofthisprotocolistheToken-Passingmechanism,sothat
onlytheagentwhohastheTokencanmakeofferstotheothers.

1.Theinitiatingagentsendsastartmessagecontainingthetheprotocolparameters
(������and����).

2.Eachagentbroadcastsitslocalstatistics��.
3.Whenallagentshavesend��,theyareabletocomputetheoveralldistribution

estimation�. 4.EachagentcomputestheICBbiasofalltheagentstakingpartinthebartering(in-
cludingitself),andsortsthemindecreasingorder.Thisdefinestheorderinwhich
theTokenwillbepassedthrough.

5.TheagentwithhigherICBbiasisthefirsttohavetheToken.So,theinitiatingagent
givesthetokentohim.

6.TheagentwhohastheTokensendsitsbarteringoffers.
7.Whenthetime��isreachedeachagentchoosesthesubsetofacceptedoffersfrom

thesetofreceivedoffersfromtheownerofthetokenandsendsacceptmessages.
8.Whenthemaximumtime��isover,alltheunacceptedoffersareconsideredas

rejected.
9.Eachagentbroadcastsitsnewindividualdistribution��.

10.Whenallagentshavesend��,threedifferentsituationsmayarise:



(a)Ifthereareagentsthatstillhaven’townedthetokeninthecurrentround,the
ownerofthetokengivesittothenextagentandtheprotocolmovestostate6.

(b)Ifeveryagenthasownedthetokenonceinthisround,therehavebeensome
interchangedcasesandthemaximumnumberofiterations����stillhasnot
beenreached,theprotocolmovestostate4.

(c)Ifeveryagenthasownedthetokenonceinthisround,buttherehavebeen
nointerchangedcasesorthemaximumnumberofiterations����hasbeen
reached,theprotocolmovestostate11.

11.Iftherehavebeennointerchangedcases,theCaseBarteringProtocolends,other-
wisetheprotocolmovestostate4.

Noticethattheprocotoldoesnotspecifywhentheagentshavetobarterthecases.It
onlydefinesawaytoreachbarteringagreements.It’samatteroftheagentswhenthey
willreallyinterchangethecases.

5Experimentalresults

InthissectionwewanttocomparetheclassificationaccuracyoftheCommitteecol-
laborationpolicyusingallthestrategiespresentedinthispaper.Wealsopresentresults
concerningcasebasesizes.

Weusethemarinespongeidentification(classification)problemasourtestbed.
Spongeclassificationisinterestingbecausethedifficultiesarisefromthemorphological
plasticityofthespecies,andfromtheincompleteknowledgeofmanyoftheirbiological
andcytologicalfeatures.Moreover,benthologyspecialistsaredistributedaroundthe
worldandtheyhaveexperienceindifferentbenthosthatspawnspecieswithdifferent
characteristicsduetothelocalhabitatconditions.

Wehavedesignedanexperimentalsuitewithacasebaseof280marinesponges
pertainingtothreedifferentordersoftheDemospongiaeclass(Astrophorida,Hadro-
meridaandAxinellida).Ineachexperimentalrunthewholecollectionofcasesisdi-
videdintwosets,atrainingset(thatcontainsa10%ofthecases),andatestset(that
containsa90%ofthecases).Thetrainingsetisdistributedamongtheagents,andthen
incrementallearningisperformedwiththetestset.Eachprobleminthetestsetarrive
randomlytooneagentinthe�AC.Thegoaloftheagentreceivingaproblemisto
identifythecorrectbiologicalordergiventhedescriptionofanewsponge.Oncean
agenthasreceivedaproblem,the�ACwillusetheCommitteecollaborationpolicy
toobtaintheprediction.Sinceourexperimentsaresupervisedlearningones,afterthe
committeehassolvedtheproblem,thereisasupervisorthattellstheagentreceiverof
theproblemwhichwasthecorrectsolution.Afterthat,theretainpolicyisapplied.In
ordertotestthegeneralityofthestrategies,wehavetestedthemusingsystemswith3,
5and8agents.Eachagentapplythenearestneighborruletosolvetheproblems.The
resultspresentedherearetheaverageof50experimentalruns.

Forexperimentationpurposes,theagentsdonotreceivetheproblemsrandomly.
Weforcebiasedcasebasesineveryagentbyincreasingtheprobabilityofeachagent
toreceivecasesofsomeclassesanddecreasingtheprobabilitytoreceivecasesofsome
otherclasses.Thisisdonebothinthetrainingphaseandinthetestphase.Therefore,
eachagentwillhaveabiasedviewofthedata.
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Fig.1.Accuracycomparisonforseveralconfigurationswithoutusingbartering.

Figure1showsthelearningcurveforseveralmultiagentsystemsandusingseveral
retainstrategiesandwithoutusingbartering.ThethreechartsshowninFigure1cor-
respondtomultiagentsystemscomposedof3,5and8agentsrespectively.Foreach
multiagentsystem,5strategieshavebeentested:NR-NO,AR-NO,WIR-NO,WIR-AO-
copyandWIR-AO-non-copy.Thefigureshowsthelearningcurveforeachstrategy.The
horizontalaxisofFigure1representsthenumberofproblemsthattheagentshavere-
ceivedofthetestset.ThebaselineforthecomparisonistheNR-NOstrategy,wherethe
agentsdonotretainanycases,andtherefore(aswecanseeinthefigure)theagentsdo
notlearn,resultinginanhorizontallearningcurvearoundanaccuracyof50%inallthe
multiagentsystems.Thisisbecausethetrainingsetisextremelysmall,28cases.The
Committeecollaborationpolicyhasbeenproventoobtainresultsabove88%whenthe
agentshaveareasonablenumberofcases[6].

Consideringtheotherfourstrategieswecanseethat,inallthemultiagentsystems,
therearetwopairsofstrategieswithsimilarlearningcurves.Specifically,theAR-NO
andWIR-NOhavenearlythesamelearningcurve,andthereforewecannotdistinguish



withoutbarteringwithbartering
3Agents5Agents8Agents3Agents5Agents8Agents

NR-NO9.335.603.509.335.603.50
AR-NO93.3356.0035.0093.3356.0035.00

WIR-NO23.8014.3210.7029.1319.5013.64
WIR-AO-copy58.6657.4256.6059.4357.4257.09

WIR-AO-non-copy45.0034.4225.9044.3335.1426.55
Table1.Averagecasebasesizeofeachagentattheendofthelearningprocessforagentsusing
andnotusingbartering.

them.Theybothstartfromanaccuracyof50%andendwithanaccuracyaround81%.
Therefore,theyaresignificantlybetterthantheNR-NOstrategy.

TheWIR-NO-copyandWIR-NO-non-copyalsohaveverysimilarlearningcurves.
Bothstartingataround50%inallthescenarios,andarrivingto90%inthecaseofthe
WIR-NO-non-copyand88%intheWIR-NO-copyalsoinallthescenarios.

Summarizingwecansaythat(whentheagentsdonotusecasebartering)thestrate-
giesthatuseWhen-interestingretainandAlwaysretainpoliciesarenotdistinghishable
intermsofaccuracy.ThestrategiesthatusetheAlwaysofferpolicy(WIR-AO-copyand
WIR-AO-non-copy)obtainhigheraccuracythanthestrategiesthatusetheNeveroffer
policy(AR-NOandWIR-NO).Thus,itisalwaysbetterfortheCommitteecollaboration
policythattheagentsthatreceivecasesofferthemtotheotheragents;thereasonis
thatthesecasesperhapsarenotinterestingtoagentreceivingtheproblem,butmaybe
anotheragentinthesystemthatfoundssomeofthosecasesinteresting.

Wecanalsocomparethecasebasesizesreachedafterthelearningprocess.Theleft
partofTable1showstheaveragesizeofeachindividualcasebaseattheendofthe
learningprocess(i.e.whenallthe252casesofthetestsethavebeensenttotheagents)
whentheagentsdonotusebartering.Inalltheexperimentsjust28cases(thetraining
set)areownedbytheagentsatthebeginning.WhentheagentsusetheNR-NOstrategy,
sincetheydonotretainanynewcases,theyjustkeeptheinitialcases.Forinstance,we
canseeinthe3agentsscenario,wheretheagentshaveinaverageacasebaseof9.33
cases,that3times9.33isexactly28,thatisthenumberofcasesinitiallygiventothem.

ComparingtheAR-NOstrategywiththeWIR-NOstrategy(thatachievedundistin-
guishableaccuracies),wecanseethatthecasebasessizesobtainedwithWIR-NOare
fourtimessmallerthanthecasebasesizesobtainedwithAR-NOforthe3and5agents
scenarios,andabout3.2timessmallerforthe8agentsscenario.Thus,wecanconclude
thattheWIR-NOstrategyisbetterthanAR-NOstrategybecauseachievesthesameac-
curacybutwithasmallercasebasesize.

AsimilarcomparisoncanbemadewiththeWIR-AO-copyandWIR-AO-non-copy.
RememberthatWIR-AO-non-copyandWIR-AO-copyhaveasimilarlearningcurve,
butWIR-AO-non-copyobtainsslightlybetterresults(90%vs88%attheendofthe
testphase).ThecasebasesizesreachedaresmallerfortheWIR-AO-non-copythan
fortheWIR-AO-copystrategy.Thus,WIR-AO-non-copyachieveshigheraccuracywith
asmallercasebasesize.Theexplanationisthatwhenallowingmultiplecopiesofa
caseinthesystem(inWIN-AO-copy),weareincreasingthecorrelationbetweenthe



Never retain - Never offer

Always retain - Never offer

When-interesting retain - Never
offer

When-interesting retain - Always
offer (copy scenario)

When-interesting retain - Always
offer (non-copy scenario)

8 Agent Accuracy comparison

0

10

20

30

40

50

60

70

80

90

100

050100150200

5 Agent Accuracy comparison

0

10

20

30

40

50

60

70

80

90

100

050100150200

3 Agent Accuracy comparison

0

10

20

30

40

50

60

70

80

90

100

050100150200

Fig.2.Accuracycomparisonforseveralconfigurationsusingbartering.

casebasesoftheagents.Moreover,Itisknownthatthecombinationofuncorrelated
classifiershasbetterresultsthatthecombinationofcorrelatedones[4];increasingthe
correlationisthecauseofWIR-AO-copyachievingaloweraccuracythanWIR-AO-non-
copy.

Figure2showsexactlythesameexperimentsasinFigure1,butwithagentsusing
bartering.Theagentsinourexperimentsperformbarteringeach20casesofthetest
phase.Figure2showsthatwiththeuseofbartering,theaccuracyofallthedifferent
strategiesisincreased.TheNR-NOstrategygetsboostedfromanaccuracyof50%
to70%inthe3agentsscenarioandto67%and60%inthe5and8agentsscenario
respectively.NoticethatwhentheagentsusetheNR-NO,nocasesareretainedandthus
theircasebasesizesareverysmall,andthatjustreducingthebiasoftheindividualcase
bases,theagentsobtainedagreatimprovement.Thisshowsthebenefitsthatbartering
canprovidetothemultiagentsystem.

Figure2alsoshowsthattheWIR-AO-copyandWIR-AO-non-copystrategiesstill
achievethehighestaccuracies,andthattheiraccuraciesarenotdistinguishable.The



accuraciesoftheWIR-NOandAR-NOstrategiesalsoimprovedandarenowcloser
toWIR-AO-copyandWIR-AO-non-copythanwithoutbartering.Moreover,theAR-NO
strategyachievesnowhigheraccuracythanWIR-NO.Theagentsretainmorecasesin
theAR-NOstrategythanintheWIR-NO,thustheyhavemorecasestotradewithinthe
barteringprocess.Therefore,whentheagentsusebartering,theyhaveanincentiveto
retaincasesbecausetheycanlaternegotiatewiththeminthebarteringprocess.

TherightpartofTable1showstheaveragesizeofeachindividualcasebaseatthe
endofthelearningprocesswhentheagentsusebartering.Wecanseethatthecase
basesizesreachedareverysimilartothecasebasesizesreachedwithoutbartering.
Therefore,withbarteringwecannotsaythatAR-NOisbetterthanWIR-NO(ashap-
penedwithoutbartering),becauseAR-NOachieveshigheraccuracybutgreatercase
basesizes,andWIR-NOhassmallercasebasesizebutwithaslightlyloweraccuracy.

Summarizingalltheexperimentspresented(withandwithoutbartering),wecan
saythatusingbarteringthesystemalwaysobtainsanincreasedaccuracy.Wehavealso
seenthatthestrategieswheretheagentsusetheAlwaysofferpolicyalsoobtainshigher
accuracies.Andthatifweleteachagenttodecidewhenacaseisinterestingtobere-
tained(When-Interestingretain)insteadofretainingeverycase(Alwaysretain),wecan
reducesignificantlythecasebaseswithpracticallynoeffectontheaccuracy.Finally,
wecanconcludethatWhen-InterestingRetain-Alwaysofferstrategy(withnocopy)
outperformsalltheotherstrategies,sinceitobtainsthehigheraccuracieswithrather
smallcasebases,andthattheuseofbarteringisalwaysbeneficial.

6RelatedWork

Relatedworkcanbedividedintwoareas:multiplemodellearning(wherethefinal
solutionforaproblemisobtainedthroughtheaggregationofsolutionsofindividual
predictors)andcasebasecompetenceassessment.Ageneralresultonmultiplemodel
learning[3]demonstratedthatifuncorrelatedclassifierswitherrorratelowerthan0.5
arecombinedthentheresultingerrorratemustbelowerthantheonemadebythe
individualclassifiers.However,thesemethodsdonotdealwiththeissueof“partitioned
examples”amongdifferentclassifiersaswedo—theyrelyonaggregatingresultsfrom
multipleclassifiersthathaveaccesstoalldata.Themeta-learningapproachin[1]is
appliedtopartitioneddata.Theyexperimentwithacollectionofclassifierswhichhave
onlyasubsetofthewholecasebaseandtheylearnnewmeta-classifierswhosetraining
dataarebasedonpredictionsofthecollectionof(base)classifiers.

Learningfrombiaseddatasetsisawellknownproblem,andmanysolutionshave
beenproposed.VuceticandObradovic[10]proposeamethodbasedonabootstrap
algorithmtoestimateclassprobabilitiesinordertoimprovetheclassificationaccuracy.
However,theirmethoddoesnotfitourneeds,becauseitrequirestheavailabilityofthe
entiretestset.

Relatedworkisthatofcasebasecompetenceassessment.Weuseaverysimple
measurecomparingindividualwithglobaldistributionofcases;wedonottrytoas-
sesstheareasofcompetenceof(individual)casebases-asproposedbySmythand
McKenna[8].Thisworkfocusesonfindinggroupsofcasesthatarecompetent.



7ConclusionsandFutureWork

WehavepresentedaframeworkforcooperativeCase-BasedReasoninginmultiagent
systems,whereagentscancooperateinordertoimproveitsperformance.Wehave
presentedalsothatamarketmechanism(bartering)canhelptheagentsandimprove
theoverallperformanceaswellastheindividualperformanceoftheagents.Theagent
autonomyismaintainedbecausealltheagentsarefree,becauseifanagentdonotwant
totakepartinthebartering,hejusthavetorejectalltheoffersanddonotmakeany
one.

Wehavealsoshowntheproblemarisingwhendataisdistributedoveracollection
ofagentsthancanhaveaskewedviewoftheworld(theindividualbias).Casebartering
showsthattheproblemsderivedfromdistributeddataoveracollectionofagentscanbe
solvedusingamarket-orientedapproach.Wehavepresentedexplicitstrategiesforthe
agentstoaccumulateexperience(retainingcases)andtosharethisexperiencewiththe
otheragentsinthesystem.Theoutcomeofthisexperiencesharingisanimprovement
oftheoverallperformanceofthesystem(i.e.higheraccuracy).Butfurtherresearchis
neededinordertofindbetterstrategiesthatallowtheagentsobtainthehigheraccuracy
withthesmallestcasebasesize.
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[7]S.OntañónandE.Plaza.Abarteringaproachtoimprovemultiagentlearning.In1st
InternationalJointConferenceinAutonomousAgentsandMultiagentSystems,2002.

[8]B.SmythandE.McKenna.Modellingthecompetenceofcase-bases.InEWCBR,pages
208–220,1998.

[9]BarrySmythandMarkT.Keane.Rememberingtoforget:Acompetence-preservingcase
deletionpolicyforcase-basedreasoningsystems.InIJCAI,pages377–383,1995.

[10]S.VuceticandZ.Obradovic.Classificationondatawithbiasedclassdistribution.In12th
EuropeanConferenceonMachineLearning,2001.


