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1 Introduction

In recentyears,multi-agentsystemgMAS) have receved increasingattentionin the artificial intel-
ligencecommunity Researchn multi-agentsystemsnvolvesthe investigationfor autonomousta-
tional andflexible behaior of entitiessuchassoftware programsor robots,andtheir interactionand
coordinationin suchdiverseareasasrobotics(Kitano etal., 1997),informationretrieval andmanage-
ment(Klusch,1999),andsimulation(Gilbertand Conte,1995). Whendesigningagentsystemsit is
impossibleo foreseall the potentialsituationsanagentmayencounteandspecifyanagentoehaior
optimallyin advance.Agentsthereforehave to learnfrom, andadaptto, theirervironment,especially
in amulti-agentsetting.

In this panelreport,we combineseveral differentperspecties,andreview somekey contrituting
influences.The reportbegins with a discussiorof just why learningis consideredoy mary to be a
crucial characteristiof intelligentagentsystems.In the following section,the featuresof different
learningalgorithms,andtheir potentialimpacton multi-agentsystemsare discussedsuchasways
to achieze multi-agentlearning,the applicability of off-line learningmethodsanda discussiorof the
prosandconsof reactve, logic-basedandsociallearningmethods.

2 The Reationship between Machine Learning and MAS Resear ch

Eventhoughmachinelearning(ML) hasbeenstudiedextensvely in the past,learningresearchas
beenmostly independenbf agentresearcrandonly recentlyhasit receved more attentionin con-
nectionwith agentsand multi-agentsystemgHuhnsandWeiss,1998;Imam, 1996; Sen,1996; Sen,
1998;WeissandSen,1996;Weiss,1997;Weiss,1998;Weiss,1999). Thisis in somewayssurprising,
becausehe ability to learnandadaptis arguably one of the mostimportantfeaturesof intelligence
(RussellandNorvig, 1995;HuhnsandSingh,1998).

Intelligenceimpliesa certaindegreeof autonomywhich in turn requiresthe ability to make inde-
pendentecisionsThusagentdave to be providedwith theappropriatdoolsto make suchdecisions.

*Thisreportis theresultof apaneldiscussioratthe Third Workshopof the UK’ s SpecialinterestGroupon Multi-Agent
Systems.



In mostdynamicdomainsa designercannotpossiblyforeseeall situationsthat an agentmight en-
counterandthereforetheagentneedghe ability to adaptto new ervironments.Thisis especiallytrue
for multi-agentsystemswherein mary casegylobalbehaior emegesratherthanbeingpre-defined.
Consequentlylearningis a crucial part of autonomyandthusshouldbe a majorfocusof agentand
multi-agentresearch.

At onelevel, agentsandmulti-agentsystemsanbe viewed asyet anotherapplicationdomainfor
machinelearningsystemsadmittedlywith its own challenges.Researchaking this view is mostly
reducedo applyingexisting (single-agenthearningalgorithmsmoreor lessdirectlyto (single)Agents
in an MAS setting. Consequentlymulti-agentlearningis only seenasan emegentproperty Even
thoughthis could be interestingfrom a MAS point of view, it doesnot seemoverly challengingfor
ML researchNeverthelessthisis thedirectionmostlearningresearctior MAS hasbeenfollowing.

Alternatively, multi-agentsystemsposethe problem of distributed learning, i.e., mary agents
learningseparatelyto acquirea joint hypothesis.Existing learningalgorithmshave beendeveloped
for single agentslearningseparateand independenhypotheses.Oncethe learningprocesss dis-
tributedamongstsererallearningagentssuchlearningalgorithmsrequireextensve modification,or
completelynew algorithmsneedto be developed. In distributed learning,agentsneedto cooperate
andcommunicaten orderto learneffectively, andtheseissuesare beinginvestigatedextensvely by
MAS researchergyut to datethey receved only little attentionin theareasof learning.

Overall, collaborationbetweenMAS and ML researchersvould be highly beneficialfor both
researctareasandcertainlyboth communitiescanlearnfrom eachother Fortunately this seemgo
be aview thatis gainingpopularity judging by the growing interestof agentresearchersy ML and
viceversa.

3 Aspectsof Agent Learning

We arenow discussinghreeparticularissuesaboutMulti-Agent Learning. We startoff with some
considerationaboutwhatthetermMulti-Agent Learningmeansandthe differencebetweerisolated
or emegentMulti-Agent Learningand coordinatedViulti-Agent Learning. In the next two subsec-
tions, different designoptionsare presentedpnamely: on-line vs off line, reactve vs logic-based
learningalgorithms,andsociallearningalgorithmsinspiredby animallearning.

3.1 Single Agent Learning vs Multi-Agent Learning

To date,mostlearningalgorithmshave beendevelopedfrom a single-agenperspectie. How effec-
tive cansuchalgorithmsbe usedin a multi-agentsetting?Accordingto StoneandVeloso(Stoneand
Veloso,1998),single-agentearningfocuseson how oneagenimprovesits individual skills, irrespec-
tive of thedomainin whichit is embeddedThatis, we cannottalk aboutmulti-agentiearningif what
anagentearnsdoesnot affect noris affectedby otherneighboringagents.

But canan agentsituatedin a multi-agentervironmentlearna hypothesighatdoesnot affect or
is not affectedby otheragents?Evenif anagentis not explicitly awareof otheragentsjt perceves
themas part of the ervironmentandtheir behaior will be part of the hypothesidearned. It does
seempossibleto achieve coordinatedyroupbehaiour with puresingle-agentearning(Sugavaraand
Lesser1993). Pastresearci{fMundheandSen,2000)hasevenshavn thatcertainlevels of awareness
of otheragentscanhurt performance.

Ontheotherhand,singleagentiearningmight not alwaysyield anoptimal performancen multi-
agentervironmentsandtheremay be domainswherecoordinatedmulti-agentiearningis amorenat-



ural metaphorandimprovesthe effectiveness Eventhoughthereis a differencen learningstratgies
dependingnthe level of awarenes®f otheragentsaandcoordinationjt is anopenquestionwhether
higherlevelswill automaticallyyield betterperformance.

3.2 On-lineand Off-line Learning M ethods

On-line (or incremental)learningalgorithms,suchasbackpropagatingeuralnetworks or (in some
way) reinforcementearning,have beenusedto computenen hypothesesncrementallyas soonas
a new training examplebecomesavailable. On the otherhand, off-line learningmethodsinducea
hypothesidrom a setof training examplespresentedo the algorithmat a singletime point. Obvi-
ously on-line algorithmsare bettersuitedfor multi-agentsystemsvhereagentseedto updatetheir
knowledgeconstantlybut neverthelesst would be desirableto be ableto usethe large and powerful
classof off-line learningalgorithmsaswell. In orderto do this, an agentneedsto collect a setof
training examplesandthendecideat sometime point to compute(or re-computep hypothesis.The
major problemsto be solved are which training examplesto collect (and what format they should
have) and at which time point to executethe learningalgorithm. The detailsof both decisionswill
mostly dependon the applicationdomain,but onegeneralprinciple could be that off-line learningis
executedassoonasthe currenthypothesigurnsout to bewrongin a numberof casesabove a given
threshold.

Oneexampleof theapplicationof off-line learningmethodsuchasinductive Logic Programming
to MAS is presentedn the next subsection.The specificadwantagehereis the ability to incorporate
domainknowledgeinto thelearningprocess.

4 Learning Techniques

In this sectionwe discussthe applicationof reactve, logic-basedand sociallearningtechniquego
MAS.

4.1 Logic-Based Learning and Reactive Learning

In reactve systemsthe overall behaiour emegesfrom theinteractionof the componenbehaiours.
Insteadof designingprotocolsof coordinationor providing agentswith complex (BDI-like (Raoand
Geopef, 1992))recognitionmodels,individuals are assumedo work on value-basednformation
(suchasthe distancethey mustkeepfrom their neighbours)hat producesocial behaiour. Since
internalprocessings avoided,thesetechniquesllow the agentsystemdo respondo the changesn
their environmentin atimely fashion. In Q-learning,reactve agentsare given a descriptionof the
currentstateand have to choosethe next actionso asto maximizea scalarreinforcementeceved
aftereachaction. Thetaskof theagentis to learnfrom indirect,delayedreward,to choosesequences
of actionsthatproducethe greatestumulatve rewards.

As a side effect, agentsare strippedof domainknowledgethatis essentiafor makingthe right
decisionin comple, dynamicscenarios.We cannotreducean agents repertoireto situation-action
rules,nor simulatecomplex socialinteractiongdmarkets,conflicts,andthelike) assuminghatagents
do not have ary domainknowledgeof their ervironment. In orderto display high-level behaiour,
agentsneedto abstractheir experienceinto concepts.An agentwho liveswithout this ability must
constantlyinvestpreciousenegy in reactingto externalstimuli. The entity thatcanconceptualisean
turn experiencanto knowledgeandshepherdital resourcesintil they arerequired.



Eventhoughthey are mainly off-line techniquesKnowledge-basedearningtechniquesuchas
explanation-basetearning(EBL) andinductie logic programmingILP) aresuitabletoolsfor over
comingthelimitations of reactive learningsystems.

EBL (Carbonell,etal., 1990)hasbeenwidely usedin artificial intelligenceto speed-ughe per
formanceof planners. Generallyspeakingthe agentsare concernedvith improving the efficiengy
of the problem-soler ratherthanacquiringnewv knowledge. Olviously, problem-solers,whenpre-
sentedwith the sameproblemrepeatedlyshouldnot solve it the sameway andin the sameamount
of time. On the contrary it seemssensibleto use generalknowvledgeto analyse,or explain, each
problem-solvingnstancen orderto optimisefuture performance This learningis not merelyaway
of makinga programrun fastey but a way of producingqualitatve changesn the performanceof a
problem-solvingsystem.In short,EBL extractsgeneralkulesfrom singleexamplesby generatingan
explanationwhy the systemsucceededr failed,andgeneralisingt. This providesadeductve (rather
thanstatistical)methodto turnfirst-principlesknowledgeinto useful,efficient, special-purposexper
tise. Thelearnedrulesenablethe plannerto make the right choiceif a similar situationarisesduring
subsequenproblemsolving.

In contrastto EBL methodsJLP (Muggletonandde Raedt,1994)computesa hypothesidased
on externalandinitially unknavn circumstancesGenerally relying exclusively on EBL-generated
rules canturn out to be impracticalin real-world domainsin which agentswork with incomplete
knowledge,andthusILP is animportantadditionto the systems effectivenesslLP methodscompute
aninductive hypothesisvith thehelpof trainingdata(positve andnegative examples)andbackground
knowledge.Agentscollecttraining exampleshasedn executedactionsandplansandtheir outcome.
This, togethemwith the domainknowledgebaseanda tamget predicate(e.g.,successr failure) forms
the basisof theinductive learningprocessvhich computesa hypothesidi.e., adefinitionof thetamget
predicatethatcanbeusedn subsequerlanning.Tamgetpredicatesregivenby the systendesigner
Oncea certainnumberof training examplesareclassifiedincorrectly(i.e., the agentmakesa certain
numberof mistalesin its predictionsof actionoutcomes)y newv hypothesiswill be computedbased
ontheextendedrainingset.

Estlin (Estlin, 1998) hasshavn how EBL andILP techniquesanbe combinedin single-agent
domains. The combinationof EBL andILP to produceoptimal resultsin dynamic,comple multi-
agentsystemss currentlybeingstudied(AlonsoandKudenlo, 1999;Kudenlo andAlonso,2000).

4.2 Social Learning

In the remainderof the paper influencesfrom artificial intelligenceand biology are discussedvith
severalpotentiallearningmechanismbeingoutlined. Thesemechanismsanbeseerasanalternatve
to logic-basedapproachediscussedbore.

Considera persistentmulti-agentsystemwherenew agenteenteraworld alreadypopulatedwith
experiencedagents. In one sensea newv agentbegins with a blank slate,asit hasnot yet had an
opportunityto learnaboutits environment(althoughit mayof coursebe“hard-wired” with behaiours
thatwill probablyturn out to be useful). However, a nev agentmay not needto find out everything
aboutthe ervironmentfor itself: it maywell be possibleto benefitfrom the accumulatedearningof
the populationof moreexperiencedagents.

Thissituationcouldcharacterizdnighly autonomousoftwareagentoperatingontheinternet,for
example.A new agenthasnotyetlearnedwvhich searchengineto try first, or which auctionsite offers
the bestbagains. But the situationdescribedalso matcheghe learningproblemfacinga newborn
animal, especiallyan animal that belongsto a social speciedike our own. In biology, learningin
multi-agentsystemshasbeenstudiedfor sometime underthe headingsocial learning Theremay



belessonsn thebiologicalliteraturefor thosewho areinterestedn engineeringeffective multi-agent
systems.

An importantdifferencebetweenartificial agentsand animalsis thatin the former casewe can
oftenenforceacompletelycooperatre scenarioywherewhatis goodfor oneagentis goodfor themall
(i.e.,acommonutility function). Although cooperatioroccursin mary animalspeciesthe potential
for conflictis never absentpecaus®f the competitionbetweerself-replicatinggenesat the heartof
the evolutionary process.Indeed,muchof the recentwork in evolutionary biology hasbeenabout
conflictsof interestbetweenndividualsandhow thoseconflictsareresolhed. So, cooperatie social
learningmay be easierto maintain,and simplerto understandijn a populationof software agents
thanit is in a real species.However, conflictsof interestwill berelevantif agentsare operatingin
an ervironmentwith potentially maliciouscompetitorsaswill betrue on theinternet,for example.
Sociallearningin suchacasecouldinvolve theaddedcomplicationof makingsurethatyour“teacher”
is not attemptingto deceve you in orderto furtherits own interests.

Questionghatbiologistsaskaboutsociallearning—orary otherbehaiour—include“why?” and
“how?” (Tinbelgen,1963). Thesearealsoreferredto asquestion®f functionandmechanismespec-
tively. Translatednto engineeringerms,thesequestiondbecome:whenwould you wantto include
sociallearningabilitiesin amulti-agentsystemandhow shouldyoudoit?

We will dealwith the “why?” or “when?” questionfirst. In recentyearstherehasbeensome
progresgowardsunderstandinghe adaptve value of sociallearning. Modelsof cultural transmis-
sion(Cavalli-SforzaandFeldman 1981;Boyd andRicherson1985),within-generatiortransmission
(Lalandetal., 1993;1996),andwhateconomistgall herdingbehaiour (Banerjee, 1992;Bikhchan-
dani, 1998) help to delineatethe conditionsunderwhich it will be advantageougor individualsto
learnfrom othersratherthanfinding thingsout for themseles. Someof the conclusionsarerather
straightforvard: for example,sociallearningis morelikely to evolve whenthe costsof individual,
trial-and-errorlearningare high. So, in situationswherea mistale by a nave animal could mean
death,perhapghrougheatinga poisonougplantor failing to run from a predatorwe aremorelikely
to find young animalslearningfrom the behaiour of others. The equivalentfor a software agent
might bea situationwheremistalesarefinancially costlyfor the agents owner.

A moreinterestingfinding is thatsociallearningwill be selectedvhentheratesof changen the
environment,considereckitherspatiallyor temporally areatintermediatdevels(Lalandetal., 1996).
Thelogic is asfollows: in anervironmentthat changesrery slowly, hard-wiredstratgies (i.e., ge-
neticallytransmittednformation)will enabletheanimalto respondappropriatelylf theenvironment
changewery quickly, the animalmustlearnfor itself basedn local conditions—socialearningwill
beinadequatdecaus¢henaive animalwould betrying to learnfrom anothemwhoseexperienceof the
world wasnolongerrelevant. Thus,in decidingwhetheror not to build a capacityfor sociallearning
into agroupof softwareagentsye shouldfirst examinethespeedatwhichtheirervironmentchanges.

4.2.1 Mechanismsfor Social Learning

Turningto the questionof mechanismtherearemary waysin which oneagentmightlearnfrom the
behaiour of anotherIn the sociallearningliterature therehaslong beenafocusonimitation (Galef,
1988),i.e., the goal-directedcopying of anothers behaiour. However, as(Tomasello,1996) points
out, trueimitationis acomplex procesghatseemsdo involve notonly perceving andreproducinghe
bodily movementf anotherbut understandinghe changesn theervironmentcausedy the others
behaiour, andfinally beingableto graspthe“intentionalrelations”’betweerthesej.e., knowving how
andwhy the behaiour is supposedo bring aboutthe goal. Much of the work on imitation hasbeen
shorton specificsaboutthe underlyingmechanisms.



We will insteadconsidera rangeof simplermechanismghat could easily be implementedn a
robotic or software agents.It haslong beenrecognizedwithin fieldslike artificial life that complex
globalphenomenaanarisefrom simplelocal rules,andthis is preciselywhatis happeningn mary
sociallearningcontexts: individualsfollow a simplerule (e.g.,"“stay closeto your mother”)and,in
combinationwith someform of learning,this givesriseto anapparentlysophisticatedgociallearning
systematthegrouplevel. ¢ Fromthe point of view of building learningabilitiesinto artificial agents,
simplemechanisméave obviousadwantagesn termsof robustnessanddesigncosts.

Contagious behaviour is exemplifiedby a rule suchas*If othersarefleeing,flee also? Theidea
is thatthe stimuli producedby the performanceof a particularbehaiour sene astriggersfor
othersto behae in the sameway. For instanceconsiderananimalthatis “wired up” suchthat
the characteristicoundof a conspecificmoving rapidly causest to do likewise. In a group
of theseanimals,ary stimulusthat causene of themto flee will leadto a chainreactionof
rapidmovements Notethatthis doesnotinvolve reallearning,andis merelyareactve system,
but could neverthelesgproduceadaptve social behaiour. Possibleexamplesof contagious
behaiour includeflight responsesnovementin flocks or schoolsandchorusingoy birdsand
dogs(Galef,1988). Laughingandyawning areexcellentexamplesof contagioudehaiour in
humangProvine,1996).

Stimulus enhancement (alsocalledlocal enhancements whathappensvhenanimalsobey arule
like “Follow someoneolder thanyou, andthenlearnfrom whatever happens. For example,
if you follow your parentseverywhere,andyour parentssometimesatchocolate we do not
needto postulatea capacityfor genuineimitation to explain the fact that you develop a lik-
ing for chocolate. Perhapsyou samplechocolatepiecesdroppedby your parents;you then
learnthat chocolate-eatings good. A simple behaioural tendeng—in this case,following
a conspecific—combinewith the capacityfor learningto resultin the potentialtransmission
of acquiredbehaiours. (AisnerandTerkel, 1992)have shavn that stimulusenhancemerdc-
countsfor theacquisitionof a novel feedingbehaiour in blackrats.

Observational learning If we addslightly moresophisticatedearningabilitiesto stimulusenhance-
ment,we get obsenationallearning. The algorithminvolved is approximately‘Pay attention
to whatothersaredoing or experiencing,andif the resultsfor themappearto be goodor bad
thenlearnfrom this” (MinekaandCook,1988)work onfearacquisitionin monleys illustrates
the idea: the authorstook nawve, lab-raisedrhesusmonlkeys and allowed themto obsere an
experiencedconspecificeactingfearfully to the presencef asnale. Theobserers,previously
indifferentto snales,rapidly acquireda persistentearof them. It is easyto seethatin thewild,
this sortof learningcouldresultin the transmissiorof acquiredfears. All thatneedgo be as-
sumedis thatthe monkeys have evolved both aninnateability to recognizethe cuesassociated
with fearon the part of a conspecifiqsuchasgrimacingandretreating),andthe tendeng to
learnto feara co-occurrenstimulus(i.e., thesnale).

Obsenationallearningcanalsoexist in a simplerform: explicit evaluationof the conspecifics
experienceasgoodor bad may be omitted. For example,Norway ratswill develop a marked
preferenceor a novel food thatthey smell on the breathof a conspecifiqGalef, 1996). We
might saythatthe first rat, the obserer, learnsthatthe new food is goodbecauset obseres
positve consequencef®r the secondat, the demonstratorThatis, the obserer notesthatthe
demonstrators still alive to tell the tale after eatinga new and potentiallytoxic substancelt
turnsout, however, thattheratsarenot sensitve to the consequences eatingpoisonougoods:



they do not learnthata food is badif the demonstratohasbecomelill after eatingit; in fact
they developapreferencasusual.Sotherats’ heuristicis simply “Pay attentionto whatothers
areeatinganddo likewise” Noble, Todd,andTuci (in press)simulatedthis phenomenonand
shavedthatgivencertainassumptiongabouttherats’ environment(e.g.,the lethality of poison
andthe behaiour of sick animals),their failure to evaluatethe demonstratos healthis not a
mistale, but is actuallyanadaptve stratgy.

M atched-dependent behaviour Speciesuchasratsandpigeonscanreadily betrainedto discrimi-
nate,e.g.,to pressonebarwhenaredlight is on andto pressanotherfor a greenlight. (Miller
andDollard, 1941)shaved thatthis sort of learningwasequallypossiblewhenthe behaiour
of anotheranimalsened asthe discriminative stimulus;they trainedratsto follow aleadereft
or right atamazejunction. Thus,simplereinforcementearningcanresultin sociallearningif
the contingenciesreright. Thereis no implicationthatthe follower understandshe leaders
intentions,nor eventhatthefollower is awareof the matchbetweerthe leaders behaiour and
its own.

Along similar lines, (Skinner 1953)suggestedhata wild pigeoncouldlearnthroughtrial and
errorthatscratchingn afield waslikely to berewarding(i.e., likely to resultin ingestingfood)
if otherpigeonscouldbeseenscratchinghere.In factthe pigeonneednotevenobsene others
feeding: learninga correspondencketweerhiddenfood andthe evidenceof feeding,suchas
scratchmarks,would amountto the samething. The generabpointis thatcontagiousehaiour
may sometimedelearned.

Cross-modal matching Vocalmimicry by birdsis oftenheldto be a specialcaseof sociallearning:
becausehe original stimulusand the animals responserein the samesensorymodality a
relatively simplepattern-matchingnechanisntould accountfor the phenomenonln contrast,
copying themovementf anotheranimalrequirescross-modainatching;theobserer mustbe
ableto translatethe visual input associatedvith anothers movementsinto appropriatemotor
outputs.Considethatthereis notrivial link betweerthesightof watchingsomeonelsescratch
their nose andthe experienceof scratchingyour own nose.

None of the simple mechanismgliscussedso far requiresan ability to perform cross-modal
matching.Eventhoughprocessebk e contagioudvehaiour or learnedcopying couldmeanthat
the sightof oneanimaldoing X wasa sufiicient stimulusfor anotheranimalto do X, thereis
no suggestiorf asystemati@bility to copy movements However, imagineananimalthatwas
ableto identify the movementsof others,andmapthemto movementsof its own muscles.If
suchanability wascombinedwith obserationallearning,we would getthebehaiouralrule “If
someonelsemovestheir head(or forelimb or tail or...) thusor so,make the samemovement
yourself! As with obserationallearning,the rule might be conditionalon positve outcomes
for the obsened animal. Work on “mirror neurons’in monkeys (GalleseandGoldman,1998)
andhumanglacobonietal., 1999)is highly suggestie that,atleastin primatesdirectmappings
may exist betweenrmovementsseenand movementsperformed. (Meltzoff, 1996)findingson
theimitative powersof very younginfantsalsopointto aninnateability to performcross-modal
matchingin humans.

5 Conclusion

Learningability is a crucial featureof intelligent agents,especiallywhenfacedwith a multi-agent
ervironment.We have presentec few of theissuesnvolvedin applyingML algorithmsto MAS. We
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believe thatthereis still alot of work to be donein the merging of thetwo disciplines.

Moreover, the questionof using comple cognitve agentsversussimplereactve onesis still a
matterof debate. We have presentedwo major approachesepresentingoth sides. Logic-based
agentshave the adwantageof beingableto naturallyincorporatedomainknowledgein the learning
processwhile artificial life approachesanbe basedon evidencefrom biology (e.g.,nestof rats,a
flock of birds, or atroop of monkeys), and much canalreadybe achiezed with suchsimplemecha-
nisms.
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