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Abstract. This paperprovidesan overviev of researchand developmentactvities in the field of autonomous
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1. Intr oduction

Autonomousagentsand multi-agentsystemsepresent new way of analysing,design-
ing, andimplementingcomplex softwaresystems.The agent-basetiew offersa power-
ful repertoireof tools, techniquesand metaphorghat have the potentialto considerably
improve the way in which peopleconceptualisendimplementmary typesof software.
Agentsare beingusedin an increasinglywide variety of applications— rangingfrom
comparatrely small systemssuchaspersonalise@mailfilters to large, comple, mission
critical systemssuchasair-traffic control. At first sight,it may appeathatsuchextremely
differenttypesof systemcanhave little in common.And yet thisis not the case:in both,
thekey abstractiorusedis thatof anagent It is thenaturalnesandeasewith which sucha
varietyof applicationcanbecharacteriseth termsof agentghatleadsresearcherandde-
velopergo besoexcitedaboutthe potentialof theapproachindeed severalobsenrersfeel
thatcertainaspect®f agentsarebeingdangerouslpver-hyped,andthat unlessthis stops
soon,agentswill suffer asimilarbacklasho thatexperiencedy theArtificial Intelligence
(Al) communityin the 19805[96, 156].

Giventhis degreeof interestandlevel of actity, in whatis a comparatiely nev and
multi-disciplinarysubject,it is not surprisingthatthe field of agent-basedomputingcan
appearchaoticandincoherent. The purposeof this paperis thereforeto try andimpose
someorderand coherence.We thus aim to teaseout the commonthreadsthat together
malke up theagenttapestry Our purposés notto provide a detailedreview of thefield, we
leave thisto others(for example [154, 11, 74, 111, 15§)). Ratherthanpresentinin-depth
analysisandcritique of thefield, we insteadbriefly introducethe key issuesandindicate
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how they areinter-related. Whereappropriatereferenceso moredetailedtreatmentsare
provided.

Beforewe canembarkon our discussionwe first have to definewhatwe meanby such
termsas“agent”, “agent-basedystem”and“multi-agentsystem”. Unfortunately we im-
mediatelyrun into difficulties,assomekey conceptsn thefield lack universallyaccepted
definitions. In particulay thereis no real agreemenéven on the corequestionof exactly
whatanagentis (see[52] for a discussion)Of course this neednot be a seriousobstacle
to progress(the Al communityhasmadeprogresswithout having a universallyaccepted
definition of intelligence,for example). Neverthelessyve feel it is worth spendingsome
time on the issue, otherwisethe termswe usewill cometo lose all meaning. For us,
then,anagentis acomputersystemsituatedin someervironment,thatis capableof flex-
ible autonomousctionin orderto meetits designobjectives (this definition is adapted
from [158]). Therearethusthreekey conceptsn our definition: situatednessautonomy
andflexibility.

Situatednessdn this context, meansthat the agentreceves sensoryinput from its en-
vironmentandthat it can performactionswhich changethe ervironmentin someway.
Examplesof environmentsin which agentsmay be situatedincludethe physicalworld or
the Internet. Suchsituatednesmay be contrastedvith the notion of disembodiedntel-
ligencethatis oftenfoundin expertsystems.For example,MY CIN, the paradigmexpert
system[134], did notinteractdirectly with ary ervironment. It recevedinformationnot
via sensorsbut througha useractingasa middle man. In thesameway, it did notacton
ary ervironment,but ratherit gave feedbackor adviceto athird party.

Autonomyis adifficult concepto pin down preciselybut we meanit simplyin thesense
thatthe systemshouldbe ableto actwithout the directinterventionof humang(or other
agents)andthatit shouldhave controloverits own actionsandinternalstate.Othersuse
it in a strongersenseto meansystemghatare capableof learningfrom experiencg125,
p35].

Of course situated,autonomougomputersystemsarenot a nev development. There
aremary examplesof suchsystemsn existence Examplesnclude:

e ary processcontrol system,which mustmonitor a real-world environmentand per
form actionsto modify it asconditionschangetypically in realtime) — suchsystems
rangefrom the very simple (for example,thermostatsjo the extremelycomplex (for
example nucleareactorcontrolsystems);

¢ softwaredaemonswhichmonitorasoftwareenvironmentandperformactionsto mod-
ify theenvironmentasconditionschange— a simpleexampleis the UNIX xbi f f pro-
gram,whichmonitorsausersincomingemailandobtainstheirattentionby displaying
aniconwhennew, incomingemailis detected.

While the above are certainly examplesof situated,autonomousystemswe would not
considerthemto be agentssincethey are not capableof flexible actionin orderto meet
their designobjectives.By flexible, we meanthatthe systemis [158]:

e responsiveagentsshouldperceve their ervironmentandrespondn atimely fashion
to changeshatoccurin it;
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e pro-active agentsshouldnot simply actin responseo their ervironment,they should
be ableto exhibit opportunistic goal-directecbehaiour andtake the initiative where
appropriate;

e social agentshouldbeableto interact,whenappropriatewith otherartificial agents
andhumansn orderto completetheir own problemsolving andto help otherswith
their actuities.

While otherresearcheremphasisalifferentaspectsof ageng (including, for example,
mobility or adaptability)we believe that thesefour propertiesare the essencef agent-
hood. Naturally someagentswill have additionalcharacteristicsandfor certaintypesof
applicationssomeattributeswill bemoreimportantthanothers.However, we believe that
it is the presencef all the attributesin a singlesoftwareentity that providesthe power of
theagentparadigmandwhichdistinguisheagensystemgrom relatedsoftwareparadigms
— suchasobject-orientedystemsdistributedsystemsandexpertsystemgsee[156] for
adiscussion).

With the basicbuilding block notion of an agentin place,we candefinemore of our
terminology By anagent-basedsystemwe meanonein which the key abstractiorused
is thatof anagent. In principle, an agent-basedystemmight be conceptualise¢h terms
of agents,but implementedwithout any software structurescorrespondingo agentsat
all. We candraw a parallelwith object-orientedsoftware, whereit is entirely possible
to designa systemin termsof objects,but to implementit without the useof an object-
orientedsoftwareervironment. But this would at bestbe unusualandat worst, counter
productive. A similar situationexistswith agentechnologywe thereforeexpectanagent-
basedsystemo bebothdesignedandimplementedn termsof agents.

As we have definedit, anagent-basedystemmaycontainoneor moreagentsThereare
casesn whichasingleagentsolutionis appropriate A goodexample,aswe shallseelater
in thisarticle,is theclassof system&nown asexpertassistantayhereinanagentactsasan
expertassistanto a userattemptingo useacomputeito carryoutsometask. However, the
multi-agentcase— wherethe systemis designecandimplementedassereral interacting
agents— is arguablymoregenerabndmoreinterestingrom a softwareengineeringtand-
point. Multi-agentsystemsareideally suitedto representingproblemsthat have multiple
problemsolving methodsmultiple perspectiesand/ormultiple problemsolving entities.
Suchsystemdave thetraditionaladvantage®f distributedandconcurreniproblemsolv-
ing, but have the additionaladvantageof sophisticateghatternsof interactions.Examples
of commontypesof interactionsnclude: cooperationworking togethertowardsa com-
mon aim); coordination(organisingproblemsolving actvity sothatharmfulinteractions
areavoidedor beneficialinteractionsareexploited); andnegotiation(comingto anagree-
mentwhich is acceptabldo all the partiesinvolved). It is the flexibility andhigh-level
natureof theseinteractionswhich distinguishesnulti-agentsystemsrom otherforms of
softwareandwhich providesthe underlyingpower of the paradigm.

The remainderof this article is structuredasfollows. Section2 focuseson individual
agentsproviding somebackgroundo theconceptsnvolved,indicatingthe key issueghat
arebeingaddressedandhighlightingsomelik ely future directionsfor researctanddevel-
opment.Section3 presents similar discussiorfor multi-agentsystems.Sectiond dravs
togetherthe two strands. It discussesomeexemplaragent-baseapplicationsand pro-
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videssomepointersto thelikely future directionof appliedagentwork. Finally, section5
presentsomeconclusions.

2. AutonomousAgents

The purposeof this sectionis to identify the variousthreadsof work that have resulted
in contemporaryesearctand developmentactiities in agent-basedystems.We beagin,

in section2.1, by identifying somekey developmentsn the historyandpre-historyof the
autonomousagentsarea,up to and including currentsystems. In section2.2, we then
identify someof thekey issuesandfutureresearcldirectionsin autonomousgents.

2.1. History

Currentinterestin autonomousgentsdid not emege from a vacuum. Researcherand
developersfrom mary differentdisciplineshave beentalking aboutcloselyrelatedissues
for sometime. Themaincontritutorsare:

o artificial intelligence[125];
e object-orientegprogrammind10] andconcurrenbbject-basedystemg2, 4];

e human-computenterfacedesign[97].

2.1.1. Artificial Intelligence Undoubtedljthemaincontrikutorto thefield of autonomous
agentsis artificial intelligence. Ultimately, Al is all aboutbuilding intelligent artifacts,
andif theseartifactssenseandactin someernvironment,thenthey canbe consideredas
agentg125). Despitethe factthatagengy canthusbe seento be centralto the study of
Al, until the 1980scomparatiely little effort within the Al communitywasdirectedto the
studyof intelligentagents.The primaryreasorfor this apparentlystrangestateof affairs
wasthat Al researcherkad historically tendedto focus on the variousdifferentcompo-
nentsof intelligentbehaiour (learning,reasoningproblemsolving, vision understanding
andso on) in isolation. The expectationwasthat progresavas morelikely to be made
with theseaspectof intelligent behaiour if they were studiedindividually, andthatthe
synthesi®f thesecomponentso createanintegratedagentwould be straightforvard. By
the early 1970s,this assumptiorseemdo have beenimplicit within mostmainstreanAl
researchDuringthis period,the areaof researclactivity mostcloselyconnectedvith that
of autonomousigentsvasAl planning[5].

Al planningresearchis the sub-fieldof Al that concerndtself with knowing what to
do: whatactionto perform. Ultimately, anagentis just a systemthat performsactionsin
someervironment,andsoit is not surprisingthat Al planningresearctshouldbe closely
involvedin thestudyof agents.The Al planningparadigmtracesits originsto Newell and
Simon’s GPs system[108], but is mostcommonlyassociatedvith the STRIPS planning
system([45]) andits descendentésuchas[23, 155). A typical STRIPS-style planning
systemwill have atleastthefollowing components:
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e asymbolicmodelof the agents ervironment typically representedh somelimited
subseDf first-orderpredicatdogic;

e asymbolicspecificatiorof the actionsavailableto the agent,typically representeth
termsof PDA (pre-condition delete,add)lists, which specifyboththe circumstances
underwhich anactionmaybe performedandthe effectsof thataction;

e aplanningalgorithm,whichtakesasinputtherepresentatioof the ervironment,a set
of actionspecificationsanda representationf a goal state,andproducesasoutputa
plan— essentiallya program— which specifiehow theagentcanactsoasto achieve
thegoal.

Thus,planningsystemadecidehow to actfrom first principles Thatis, in orderto satisfy
a goal, they first formulatean entirely new plan or programfor that goal. A planning
systemswvould thus continually executea cycle of picking a goal @1, generatinga plan 1t
for ¢, executingr, picking a new goal ¢, andsoon. Crucially, suchplanningis based
entirelyaroundsymbolicrepresentationgsindreasoning

Attentionin Al planningresearchduringthe 1970sandearly 1980sfocussedorimarily
on the representationsequiredfor actions,andthe planningalgorithmsthemseles. Of
particularconcernwasthe demonstratedfficiency of the planningalgorithm. With simu-
latedmicro-world exampleqsuchasthewell-known blocksworld), STRIPS-style planning
algorithmsappearto give reasonablgerformance.However, it was rapidly discovered
thatsuchtechniqueslo notscaleto realisticscenariosln particular suchalgorithmswere
predicatecbn the assumptiorof calculativerationality [126]. The calculatve rationality
assumptiommay be informally definedasfollows. Supposeve have someagentf, which
will acceptanobsenationof theworld asinput,do somecomputationandsometimdater
generatanactionoutput. Then f is saidto enjoy the propertyof calculative rationality if
theactionit givesasoutputwould beoptimalif performedatthetime f beganits decision-
making.Algorithmsthathave the propertyof calculatve rationality by this definitionwill
be guaranteedo make the bestdecisionpossible— but they will not necessarilymake it
in time to be of ary use. Calculatve rationalitytendsto arisein circumstancesvherethe
decisionaboutwhich actionto performis madeby anunconstrainedearclhoverthespace
of all possibledecisions.The sizeof suchsearchspacesreinherentlyexponentialin the
compleity of thetaskto besolved. As a consequenceearch-baseigchniquesendto be
impracticalif resultsarerequiredn ary fixedtime bound.Building ontheburgeoningarea
of algorithmiccompleity analysigshatemegedin thelate 1960sand1970s,a humberof
theoreticalresultsappearedn the 1980swhich indicatedthat first-principlesplanningis
notaviableoptionfor agentghatoperatan suchtime-constraineérnvironments.Thebest
known of theseresultsis dueto David Chapmanwho demonstratethatin mary circum-
stancesfirst-principlesplanningis undecidablg23]. So,building reactiveagentsthatcan
respondto changesn their ervironmentin time for theseresponseso be useful,is not
likely to be possibleusingfirst-principlesplanningtechniques.

Theapparentailureof early Al planningtechniqueso scaleupto real-world problems,
togethemwith the compleity resultsof Chapmarandothers Jed mary researcher® ques-
tion the viability of symbolicreasoningapproacheso planningin particularand Al in
general. The problemof deploying suchalgorithmsin real-world systemsalsoprompted
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researcher® turnto thesomevhatneglectedssueof agentdesign.During themid 1980s,
anincreasinghumberof theseresearcherbeganto questiornthe assumptionsiponwhich
traditionalsymbolicAl approacheso ageny arebased.In particular someresearchers
beganto expressgrave resenationsaboutwhethersymbolicAl, andin particularthelogi-
cist tradition in symbolic Al, was ultimately viable. Arguablythe best-knaevn of these
critics was Rodne/ Brooks,who in a seriesof paperspresentech numberof objections
to the symbolic Al model,and sketchedout an alternatve researctprogram,which has
beenvariouslyknown asbehavioual Al, reactiveAl, or situatedAl [15, 17, 16]. In these
papersBrooksemphasisedeveralaspect®f intelligentbehaiour thathe suggesteavere
neglectedby traditionalapproacheto ageng andAl. In particular hesuggestethatintel-
ligent, rationalbehaviour is not an attribute of disembodiedystemdik e theoremprovers
or traditionalexpertsystemdike MY CIN, but ratherthatintelligenceis a productof thein-
teractionbetweeranagentandits ervironment.In addition,Brooksemphasisethe view
thatintelligentbehaiour emegesfrom the interactionof varioussimplerbehaiours.

As part of his researctprogram,Brooks developedthe subsumptiorarchitectue, an
agentcontrol architectureghat employed no symbolicrepresentationsr reasoningat all.
Broadly speakinga subsumptiorarchitectureagentis a collectionof taskaccomplishing
behavious. Eachbehaiour is a finite statemachinethat continuallymapsperceptualn-
putto actionoutput. In someimplementedrersionsof the subsumptiorarchitecturethis
mappingis achiezedvia “situation — action” rules,which simply determinean actionto
performonthebasisof theagentscurrentstate.However, in Brooks’implementationge-
haviours weresomeavhatmore sophisticatedhanthis, for exampleallowing for feedback
from previous decisions.The main pointis thatthesebehaiours do no symbolicreason-
ing (andno search) While eachbehaiour is generatinguggestionsvith respecto which
actionto perform,the overall decisionaboutwhich actionto performis determinedy in-
teractionsbetweerthe behaiours. Behariourscaninteractin seseralways. For example,
onebehaiour can“suppress'the outputof another Typically, the behaioursare organ-
isedinto alayeredhierarchywith lower layersrepresentindgessabstracbehaiours(e.g.,
obstacleavoidancein physicallyembodiedagents).andhigherlayersrepresentingnore
abstracbehaiours. Developingagentghatexhibit coherenbverallbehaiour is aprocess
of carefully developingand experimentingwith new behaiours, usually by placingthe
agentin its ervironmentandobservingheresults.

Despitdts apparensimplicity, thesubsumptiomrchitecturdasneverthelesbeendemon-
stratedn severalimpressie applicationgseee.g.,[137]). However, therearealsoanum-
berof disadwantagesvith the subsumptiorarchitectureandits relatives:

¢ If agentdo not employ modelsof their erwvironment,thenthey musthave suficient
informationavailablein their local ervironmentfor themto determineanacceptable
action.

¢ Sincepurelyreactve agentsmake decisionsbasedon local information, (i.e., infor-
mationaboutthe agents currentstate),it is difficult to seehow suchdecisionmaking
couldtake into accouninon-localinformation— it mustinherentlytake a“shortterm”
view.

o It isdifficult to seehow purelyreactive agentcanbedesignedhatlearn from experi-
enceandimprovetheir performancevertime.
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Figure 1. LayeredAgentArchitectures

¢ A majorsellingpointof purelyreactve systemss thatoverallbehaiour emegesfrom
the interactionof the componenbehaiours whenthe agentis placedin its environ-
ment. But the very term “ememges” suggestshat the relationshipbetweenindividual
behaiours,environment,andoverall behaiour is not understandableThis necessar
ily makesit very hardto engineeragentgo fulfill specifictasks. Ultimately, thereis
no principledmethodolgy for building suchagentsionemustusea laboriousprocess
of experimentationtrial, anderrorto engineeanagent.

o While effective agentscanbe generatedvith smallnumbersof behaiours (typically
lessthatten layers),it is mud harderto build agentsthat containmary layers. The
dynamicsof theinteractiondetweerthe differentbehaioursbecomeoo complex to
understand.

By the early 1990s,mostresearcheracceptedhat reactve architecturesre well-suited
to certaindomainsand problems,but lesswell-suitedto others. In fact, for mostprob-
lems,neithera purely deliberatve (e.qg.,first-principlesplanner)architecturenor a purely
reactive architecturds appropriate For suchdomains an architecturds requiredthatin-
corporatesispect®f both. As aresult,anumberof researcherBeganto investigatenybrid
architecturesywhich attemptedo marry the bestaspectof both deliberatve andreactie
approachesTypically, thesearchitecturesvererealisedasa numberof softwarelayers.
Thelayersmaybearrangedrertically (sothatonly onelayerhasaccesso theagentssen-
sorsandeffectors)or horizontally(sothatall layershave accesso sensoiinputandaction
output);seeFigurel.

Asin thesubsumptiomrchitecture(seeabove),layersarearrangednto ahierarchywith
differentlevelsin thehierarchydealingwith informationabouttheernvironmentatdifferent
levelsof abstractionMostarchitecturefind threelayerssufiicient. Thusatthelowestlevel
in the hierarchythereis typically a“reactive” layer, which makesdecisionsaboutwhatto
do basedon raw sensorinput. Often, this layeris implementedusing techniquegather
similar to Brooks’ subsumptiorarchitecturgthusit is itself implementedasa hierarchy
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of taskaccomplishingoehaiours, wherethesebehaiours are task-accomplishindinite
statemachines).The middle layer layer typically abstractsaway from raw sensorinput
anddealswith a knowledg level view of theagents environment[107), typically making
useof symbolicrepresentationS heuppermostevel of thearchitecturgendsto dealwith
thesocialaspect®f theernvironment— it hasasocialknowledg levelview [80]. Wethus
typically find representationsf otheragentsin this layer — their goals, beliefs,and so
on. In orderto producethe globalbehaiour of the agenttheselayersinteractwith one-
anotherthespecificwaythatthelayersinteractdiffersfrom architecturego architectureln
someapproachegsuchas TOURING MACHINES [43, 44]), eachlayeris itself constantly
producingsuggestionaboutwhatactionto perform.In thiscasemediationbetweerthese
layersin orderto ensurethatthe overall behaiour of the agentis coherentandconsistent
becomesanissue.Iln TOURING MACHINES this mediationis achiezed by a control sub-
systenthatdeterminesvhich layer shouldhave overall control of the agent. The control
subsystenn TOURING MACHINES is implementedhsa setof rules,which canreferto the
actionsproposedy eachlayer. A similarideais usedin INTERRAP [104, 103. Another
similar architecturdor autonomousgentds 3T [8].

A finaltraditionin theareaof agentarchitecturess thatof practicalreasoningagentg14].
Practicakeasoningagentsarethosewhosearchitectures modelledon or inspiredby athe-
ory of practicalreasoningn humans By practicalreasoningye simply meanthekind of
pragmatiaeasoninghatwe useto decidewhatto do. Practicakeasonindaslongbeenan
areaof studyby philosopherswho areinterestedn developingtheoriesthatcanaccount
for humanbehaiour. Typically, theoriesof practicalreasoningnake useof a folk psy-
chology, wherebybehaiour is understoody the attribution of attitudessuchasbeliefs,
desiresjntentions,andsoon. Humanbehaiour canbe thoughtof asarisingthroughthe
interactionof suchattitudes.Practicalreasoningarchitecturesiremodelledon theoriesof
suchinteractions.Probablythe best-knavn andmostinfluentialtype of practicalreason-
ing architecturas the so-calledbelief-desie-intention(BD1) model[14, 57]. Asthename
indicatesgDI agentsarecharacteriselly a“mentalstate”with threecomponentsbeliefs,
desires,andintentions. Intuitively, beliefs correspondo informationthat the agenthas
aboutits ervironment.Desiresrepresentoptions” availableto the agent— differentpos-
sible statesof affairsthatthe agentmay chooseto committo. Intentionsrepresenstates
of affairsthatthe agenthaschoserandhascommittedresourceso. An agents practical
reasoningnvolvesrepeatedlyipdatingoeliefsfrom informationin theervironmentdecid-
ing what optionsare available,“filtering” theseoptionsto determinenew intentions,and
actingon the basisof theseintentions. The philosophicalfoundationsof the BDI model
areto be found in Bratmans accountof the role thatintentionsplay in humanpractical
reasonind12]. A numberof BDI agentsystemshave beenimplementedthe best-knavn
of whichis probablythe Procedual Reasoningysten{Prs) [57]. Researchernsiterested
in practicalreasoningarchitectureshave developeda numberof logical theoriesof BDI
systemg120, 121]. Closelyrelatedto this work on practicalreasoningagentarchitectures
is Shohams proposafor agent-orientedporogramming a multi-agentprogrammingmodel
in which agentsareexplicitly programmedn termsof mentalisticnotionssuchasbelief
anddesire[133].
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2.1.2. ObjectandConcurentObjectSystems. Object-orientegorogrammersftenfail
to seearnything novel or new in theideaof agentsWhenonestopsto considettherelative
propertiesof agentsand objects,this is perhapsnot surprising. Objectsare definedas
computationaéntitiesthatencapsulatsomestate areableto performactions,or methods
onthis state andcommunicatdy messag@assing.

While thereareobvioussimilarities,therearealsosignificantdifferencedetweeragents
andobjects.Thefirst is in the degreeto which agentsandobjectsareautonomousRecall
thatthedefiningcharacteristiof object-orientegorogrammings theprincipleof encapsu-
lation — theideathat objectscanhave control over their own internalstate.In program-
minglanguages$ik e JaAvA, we candeclaranstancevariableandmethods}o bepri vat e,
meaningthey areonly accessiblédrom within the object. (We canof coursealsodeclare
thempubl i ¢, meaningthatthey canbe accesseétom anywhere,andindeedwe mustdo
thisfor methodssothatthey canbe usedby otherobjects.But theuseof publ i ¢ instance
variablesis generallyconsideregoor programmingstyle.) In this way, an objectcanbe
thoughtof asexhibiting autonomyover its state:it hascontroloverit. But anobjectdoes
not exhibit controloverit’s behaviour Thatis, if a methodmis madeavailablefor other
objectsto invoke, thenthey cando sowheneer they wish; the objecthasno control over
whetheror notthatmethodis executed.Of course anobjectmustmake methodsavailable
to otherobjects,or elsewe would be unableto build a systemout of them. This is not
normally anissue,becausef we build a systemthenwe designthe objectsthatgoin it,
andthey canthusbeassumedo sharea “commongoal”. Butin mary typesof multi-agent
system(in particular thosethatcontainagentsouilt by differentorganisation®r individ-
uals),no suchcommongoal canbe assumedIt cannotbe takenfor grantedthatanagent
i will executeanaction(method)a just becaus@anotheragentj wantsit to — a may not
be in the bestinterestsof i. We thusdo not think of agentsasinvoking methodsupon
one-anotherbut ratherasrequestingactionsto be performed.If j requests to perform
a, theni may performthe actionor it may not. The locusof controlwith respecto the
decisionaboutwhetherto executeanactionis thusdifferentin agentandobjectsystems.
In the object-orientectase the decisionlies with the objectthatinvokesthe method. In
the agentcase the decisionlies with the agentthat recevesthe request. The distinction
betweerobjectsandagentscanbe summarisedn the following slogan:Objectsdo it for
free;agentsdoit for monsy.

Note that thereis nothingto stop us implementingagentsusing object-orientedech-
nigues.For example we canbuild somekind of decisionmakingaboutwhetherto execute
a methodinto the methoditself, andin this way achieve a strongerkind of autonomyfor
our objects. However, the point is that autonomyof this kind is not a componenof the
basicobject-orientednodel.

The secondimportantdistinction betweenobjectand agentsystemds with respecto
the notion of flexible (reactve, pro-actve, social)autonomousehaiour. The standard
objectmodelhasnothingwhatsoerto sayabouthow to build systemghatintegratethese
typesof behaiour. Again, one could arguethatwe canbuild object-orientecprograms
that do integratethesetypesof behaiour. But this agumentmissesthe point, which is
thatthe standardbject-orientegorogrammingnodelhasnothingto do with thesetypesof
behaiour.
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Thethird importantdistinctionbetweerthe standardbjectmodelandour view of agent
systemds that agentsare eachconsideredo have their own threadof control — in the
standardobjectmodel, thereis a singlethreadof controlin the system. Of course a lot
of work hasrecentlybeendevotedto concuriencyin object-orientegorogramming. For
example,the JavA languageprovidesbuilt-in constructdor multi-threadegrogramming.
Thereare alsomary programminglanguagesvailable (mostof themadmittedlyproto-
types)thatwerespecificallydesignedo allow concurrenbbject-basegrogramming4].
But suchlanguagesio not capturethe ideawe have of agentsas autonomousentities.
Note, however, thatactiveobjectscomequite closeto our conceptof autonomousgents
— thoughnot agentscapableof flexible autonomousehaiour [10, p91].

2.1.3. Human-Computeinterfaces Currently whenwe interactwith acomputewia a
userinterface we aremakinguseof aninteractionparadigmknown asdirectmanipulation
Putsimply, this meanghata computemprogram(a word processarfor example)will only
do somethingf we explicitly tell it to. This makesfor very one-way interaction.lt would
bedesirablethereforefo have computemprogramghatin certaincircumstancesouldtake
theinitiative, ratherthanwait for the userto spellout exactly whatthey wantedto do. This
leadsto theview of computemprogramsascoopeatingwith auserto achieve atask,rather
thanactingsimplyassenants.A programcapableof takingtheinitiativein thiswaywould
in effectbe operatingasa semi-autonomouagent.Suchagentsaaresometimeseferredto
asexpertassistantsor morewhimsicallyasdigital butlers.

Oneof the key figuresin the developmentof agent-basethterfaceshasbeenNicholas
Negroponte His vision of agentsattheinterfacewassetoutin BeingDigital [106]:

“The ‘agent’ answergshe phone recognizeshe callers,disturbsyou whenappro-
priate,andmayeventell awhite lie onyourbehalf. The sameagentis well trained
in timing, versedin finding opportunenomentsandrespectfulof idiosyncrasies.
" (p150)

“If youhave somebodwhoknowsyouwell andsharesnuchof yourinformation,
that personcan act on your behalfvery effectively. If your secretanyfallsill, it

would make no differenceif thetempingageng could sendyou Albert Einstein.
This issueis not aboutiQ. It is sharedknowledgeandthe practiceof usingit in

your bestinterests. (p151)

“Lik e an army commandesendinga scoutahead... you will dispatchagents
to collectinformationon your behalf. Agentswill dispatchagents.The process
multiplies. But [this process]startedat the interfacewhereyou delegatedyour
desires. (p158)

The mainapplicationof suchagentso datehasbeenin the areaof informationmanage-
mentsystemsparticularlyemail managersndactive new readerd97] andactive world-
wide webbrowsers[94]. In sectiond.1.2,we discusssuchapplicationsn moredetail.



A ROADMAP OF AGENT RESEARCH AND DEVELOPMENT 285

2.2. IssuesandFuture Directions

Theareaof agentarchitecturesparticularlylayered,or hybrid architecturesandpractical
reasoningarchitecturesgontinuesto be anareaof considerableesearcreffort within the
agentfield. For example,thereis ongoingwork to investigatehe appropriatenessf vari-
ousarchitecturegor differentervironmenttypes. It turnsout to be quite hardto evaluate
oneagentarchitectureagainstanother althoughsomesuggestionfiave beenmadeasto
how this mightbe donein aneutralway [118].

Finally, if agenttechnology of the kind describedn this section,is to move from the
researcHab to the office of the everydaycomputerworker, then seriousattentionmust
be givento developmenernvironmentsand programminglanguagesfor suchsystems.To
date,mostarchitecturefhave beenimplementedn aratherad hoc manner Programming
languagesindtoolsfor agentsvould presenthedeveloperwith alayerof abstractiorover
sucharchitecturesShohams AGENTO is oneattemptto build suchalanguagdg133], asis
the CONGOL OG languagedescribedn [89], andthe ConcurrentM ETATEM programming
languagd47]. APRIL is anothersuchlanguagewhich providesthedeveloperwith a setof
softwaretoolsfor implementingvuAs [99].

3. Multi-Agent Systems

Traditionally, researclinto systemsomposeaf multiple agentsvascarriedoutunderthe
bannerof Distributed Artificial Intelligence(bal), andhashistorically beendivided into
two maincampg9]: Distributed ProblemSolving(DpPs) andMulti-Agent SystemgmAS).
More recently theterm“multi-agentsystems™hascometo have a moregeneralmeaning,
andis now usedto referto all typesof systemsomposef multiple (semi-)autonomous
components.

Distributedproblemsolving(Dps) considerdiow aparticularproblemcanbesolvedby a
numberof modulegnodes)which cooperatén dividing andsharingknowledgeaboutthe
problemandits evolving solutions.In a purebps systemall interactionstratgiesarein-
corporatedhsanintegral partof thesystem.n contrastyesearchin MAS is concerneavith
thebehaior of acollectionof possiblypre-&istingautonomousgentsaimingatsolvinga
givenproblem.A MmAs canbedefinedasalooselycouplednetwork of problemsolversthat
work togetherto solve problemsthatarebeyondthe individual capabilitiesor knowledge
of eachproblemsolver[39]. Theseproblemsolvers— agents— areautonomousindmay
beheterogeneous nature.Thecharacteristicef MAS are:

e eachagenthasincompleteinformation,or capabilitiesfor solving the problem,thus
eachagenthasalimited viewpoint;

e thereis noglobalsystemcontrol;
e datais decentralizedand
e computatioris asynchronous.

Somereasondor theincreasingnterestin MAS researchnclude:theability to providero-
bustnesandefficiency; theability to allow inter-operatiorof existing legag/ systemsand
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the ability to solve problemsin which data,expertise,or controlis distributed. Although
MAS provide mary potentialadvantagesthey alsofacemary difficult challengesBelow,

we presenproblemsinherentin the designandimplementatiorof MAS (this list includes
bothproblemdfirst posedn [9] andsomewe have added):

1. How to formulate,describedecomposeandallocateproblemsandsynthesizeesults
amongagroupof intelligentagents?

2. How to enableagents¢o communicatendinteract?\What communicatiodanguages
andprotocolsto use?Whatandwhento communicate?

3. How to ensureghatagentsactcoherentlyin makingdecisionsor takingaction,accom-
modatingthe nonlocaleffectsof local decisionsandavoiding harmfulinteractions?

4. How to enableindividual agentso represenaindreasoraboutthe actions,plans,and
knowledgeof otheragentdn orderto coordinatewith them?How to reasoraboutthe
stateof their coordinategprocesge.g.,initiation andcompletion)?

5. How to recognizeandreconciledisparateviewpointsandconflictingintentionsamong
acollectionof agentgrying to coordinatetheir actions?

6. How to effectively balancelocal computationand communication?More generally
how to manageallocationof limited resources?

7. How to avoid or mitigateharmful overall systembehaior, suchaschaoticor oscilla-
tory behaior?

8. How to engineerand constrainpracticalMAS systems?How to designtechnology
platformsanddevelopmentmethodologie$or MAS?

Solutionsto theseproblemsare of courseintertwined[54]. For example,differentmod-
eling schemedor an individual agentmay constrainthe rangeof effective coordination
regimes;differentprocedure$or communicatiorandinteractionhave implicationsfor be-
havioral coherencedifferentproblemandtaskdecompositionsnay yield differentinter-
actions.

Fromthisbackdropwe provide somehistoricalcontext for thefield (section3.1),discuss
contemporaryvork in distributed problemsolving (section3.2) and multi-agentsystems
(section3.3),andfinally, we discusssomeopenissuegsection3.4).

3.1. History

In 1980agroupof Al researchergeldthefirst a1 workshopatmiT to discussssueson-
cerningintelligentproblemsolvingwith systemsonsistingof multiple problemsolvers. It

wasdecidedthatDistributed Al wasnot concernedvith low level parallelismissuessuch
ashow to distribute processingver differentmachinespr how to parallelizecentralized
algorithms but ratherwith issuesof how intelligent problemsolverscould coordinateef-

fectively to solve problems.Fromthesebeginnings,the bAI field hasgrown into a major
internationakesearctarea.
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3.1.1. Actors Oneof the first modelsof multi agentproblemsolving wasthe actors
model[2, 3]. Actors were proposedas universalprimitivesof concurrentcomputation.
Actorsareself-containedinteractive autonomousomponent®f a computingsystenthat
communicatdy asynchronoumessag@assing.The basicactorprimitivesare:

e create creatinganactorfrom abehaior descriptionranda setof parametergyossibly
includingexisting actors;

e send sendinga messagéo anactor;

e becomechanginganactorslocal state.

Actor modelsarea naturalbasisfor mary kinds of concurrencomputation.However, as
notedin [9] actormodels,alongwith otherbAl models facethe issueof coherenceThe
low-level granularityof actorsalsoposesssuegelatingto thecompositiorof actorbehar-
iors in largercommunitiesandachievementof higherlevel performancegoalswith only
localknowledge.Theseissuesvereaddresseth [68] whereanovervien of OpenSystems
Scienceaandits challengesverepresentedandwhereanorganizationahrchitecturecalled
ORG wasproposedhatincludednew featuresandextensionf the Actor modelto support
organizinglarge scalework.

3.1.2. TaskAllocationthroughthe Contract NetProtocol Theissueof flexible alloca-
tion of tasksto multiple problemsolvers(nodesyecevedattentionearlyonin the history
of DAI [33]. Davis and Smith’s work resultedin the well-known Contract Net Protocol
In this protocol,agentscandynamicallytake two roles: manager or contractor. Givena
taskto perform,anagenffirst determinesvhetherit canbreakit into subtaskshatcouldbe
performedconcurrently It emplgys the ContractNet Protocolto announcehe tasksthat
couldbetransferredandrequestdidsfrom nodesthat could performary of thesetasks.
A nodethatrecevesa taskannouncemeneplieswith a bid for thattask,indicatinghow
well it thinksit canperformthetask. The contractorcollectsthe bidsandawardsthe task
to thebestbidder Althoughthe ContractNetwasconsideredy SmithandDavis (aswell
asmary subsequenbAl researcherdp be a ngyotiationtechniquejt is really a coordi-
nation methodfor taskallocation The protocolenabledynamictaskallocation,allows
agentdo bid for multiple tasksatatime, andprovidesnaturalloadbalancing(busyagents
neednot bid). Its limitations arethatit doesnot detector resole conflicts,the manager
doesnotinform nodeswvhosebidshave beenrefused agentscannotrefusebids, thereis no
pre-emptionin taskexecution(time critical tasksmay not be attendedo), andit is com-
municationintensve. To rectify someof its shortcominga numberof extensiongo the
basicprotocolhave beenproposedfor example[12§].

3.1.3. Somektarly Applications

Air Traffic Control: Cammaratd21] studiedcooperationstratgjies for resolvingcon-
flicts amongplansof a groupof agents.They appliedthesestratgiesto an air-traffic
controldomain,in whichtheaimis to enableeachagent(aircraft)to constructaflight
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planthatwill maintaina safedistancewith eachaircraftin its vicinity andsatisfyad-
ditional constraintgsuchasreachingits destinationwith minimal fuel consumption).
Agentsinvolvedin a potentiallyconflictingsituation(e.g.,aircraftbecomingoo close
accordingo their currentflight path)chooseoneof the agentsnvolvedin the conflict
toresoleit. The chosemagentactsasa centralizedplannerto developa multi-agent
plan that specifiesthe conflict-freeflight pathsthat the agentswill follow. The de-
cision of which agentwill do the planningis basedon differentcriteria, for example,
most-informedagent,or more-constrainedgent.Theauthorscarriedout experimental
evaluationgto compareplansmadeby agentshatwerechoserusingdifferentcriteria.

The Distrib uted VehicleMonitoring Task (bvMT): In this domain,a setof agentsare
distributedgeographicallyandeachis capableof sensingsomeportion of an overall
areato be monitored. As vehiclesmove throughits sensedarea,eachagentdetects
characteristicsoundsrom thosevehiclesat discretetime intervals. By analyzingthe
combinatiorof soundsheardfrom a particularlocationat a specifictime,anagentcan
developinterpretation®f whatvehiclesmight have createdhesesounds.By analyz-
ing temporakequencesf vehicleinterpretationsandusingknowledgeaboutmobility
constraint®f differentvehiclestheagentangenerateéentatve mapsof vehiclemove-
mentsin its area.By communicatingentatve mapsto oneanotheragentscanobtain
increasedeliability andavoid redundantrackingin overlappingregions[38].

Blackboards: The bvMT, alongwith otherearly MAS applicationsusethe blackboard
systemdor coordination. Put crudely a blackboardis simply a shareddatastruc-
ture[40]. Agentscanusea blackboardo communicatdoy simply writing onthedata
structure. Early bvMT work by Lesserand Corkill [30] usedtwo blackboardspne
for dataandthe otherfor agents’goals. In the MINDS project,Huhnset al alsoused
two specializedlackboard$73]. ThemINDS projectwasadistributedinformationre-
trieval systemjn which agentsharedothknowledgeandtasksin orderto cooperate
in retrieving documentdor users.Hayes-Rottproposeda moreelaborateblackboard
structurewith threeinteractingsub-agentor perceptioncontrolandreasoning64].

3.2. Coopeative Multi-Agentinteractions

As interestincreasesn applicationghat usecooperatie agentsworking towardsa com-
mon goal,andasmoreagentsare built that cooperateasteams,(suchasin virtual train-
ing [143], Internet-basednhformationintegration[35], RoBoCuUP robotic and synthetic
socce[149], andinteractive entertainmenf66]), soit becomesnoreimportantto under
standtheprinciplesthatunderpincooperation.

As discussedn section2.1, planningfor a single agentis a processof constructinga
sequencef actionsconsideringonly goals, capabilitiesand ervironmentalconstraints.
Planningin a MAS ervironment,on the otherhand,considerdn additionthe constraints
thatthe otheragents’actvities placeon an agents choiceof actions,the constraintghat
anagents commitmentgo othersplaceonits own choiceof actionsandthe unpredictable
evolution of theworld causedy other un-modeledagents.

Most earlywork in DAI dealtwith groupsof agentspursuingcommongoals(e.g.,[90,
38, 21, 91]). Agentinteractionsvereguidedby cooperatiorstratgies meantto improve
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their collective performanceln this light, earlywork on distributedplanningtook the ap-
proachof completeplanningbeforeaction. To producea coherenplan, the agentamust
be ableto recognizesubgoalinteractionsandeitheravoid themor elseresohe them. For
instancework by Geogeff [55] includeda synchroniseagentto recognizeandresole
suchinteractions.Otheragentssendthis synchronisetheir plan; the synchroniseexam-
inesplansfor critical regionsin which, for example,contentionfor resourcegould cause
themto fail. The synchronisetheninsertedsynchronizatioomessageéakin to operating
systemsemaphoredp ensuranutualexclusion.In thework by Cammaratan air traffic
control(seesection3.1.3)thesynchronizingagentwasdynamicallyassignedccordingo
differentcriteria,andcouldalterits planto remove theinteraction(avoid collision).

Anothersignificantapproacho resolvingsub-probleninterdependencias the “Func-
tionally AccurateModel (FA/C)” [91]. In the FA/C model,agentdo not needto have all
thenecessarynformationlocally to solve their sub-problemshut insteadnteractthrough
the asynchronous;oroutineexchangeof partial results. Startingwith the FA/C model,a
seriesof sophisticatedlistributedcontrolschemegor agentcoordinationveredeveloped,
suchasuseof staticmeta-lerel informationspecifiecoy anorganizationastructureandthe
useof dynamicmeta-leel informationdevelopedin Partial Global Planning(PGP) [38].

Partial Global Planningis a flexible approacho coordinationthat doesnot assumeary
particulardistribution of sub-problemsgexpertiseor otherresourcesput insteadallows
nodesto coordinatethemseles dynamically[38]. Agentinteractionstake the form of
communicatingplansandgoalsat anappropriatdevel of abstraction.Thesecommunica-
tionsenablea receving agentto form expectationsaboutthe future behaior of a sending
agent,thusimproving agentpredictabilityandnetwork coherencg38]. Sinceagentsare
cooperatre,therecipientagentusesgheinformationin theplanto adjustits ownlocalplan-
ning appropriatelysothatthecommonplanninggoals(andplanningeffectivenes<riteria)
aremet. Besidesheir commonPGP's, agentsalsohave somecommonknowledgeabout
how andwhento usepGps. Decker [34] addressedomeof the limitations of the PGP by
creatinga genericpGpP-basedramenork calledTAEMS to handleissuesof real-time(e.g.,
schedulingo deadlinespndmeta-contro(e.g.,to obviatetheneedto do detailedplanning
atall possiblenodeinteractions).

Anotherresearcldirectionin cooperatre multi-agenplanninghasbeendirectedowards
modelingteamvork explicitly. Thisis particularlyhelpfulin dynamicenvironmentswhere
teammemberamay fail or wherethey may be presentedvith new opportunities.In such
situations,it is necessaryhatteamsmonitor their performanceandreomganizebasedon
their currentsituation.

The joint intentionsframework [93] is a naturalextensionto the practicalreasoning
agentsparadigmdiscussedn section2.1.1. It focuseson characterisinga teams men-
tal state,called a joint intention(seee.g.,[77] for surwey). A teamjointly intendsateam
actionif the teammembersare jointly committedto completingthe teamaction, while
mutually believing they weredoingit. A joint commitments definedasajoint persistent
goal. To enterinto a joint commitmentall teammembersnustestablishappropriatenu-
tual beliefsand commitments.This is donethroughan exchangeof requestandconfirm
speechacts[28]. The commitmentprotocolsynchronizeghe team,in thatall members
simultaneouslenterinto a joint commitmenttowardsa teamtask. In addition,all team
membersnustconsentyia confirmation to the establishmenof a joint commitmentgoal
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— thusajoint commitmentgoalis not establishedf ateammemberefuses.n this case,
negotiationcouldbeused thoughhow this mightbe doneremainsanopenissue.

The SharedPlamodel[60, 61] is basecbn a differentmentalattitude:intendingthat an
actionbedone[13]. “Intendingthat” concernsa group’sjoint activity or a collaborators
actions.The conceptis definedvia a setof axiomsthatguidea teammateto take action,
or enterinto communicatiorthatenabler facilitatesits teammatesto performassigned
tasks.COLLAGEN [122)] is a prototypetoolkit thathasits originsin the SharedPlamodel,
andwhich hasbeenappliedto building a collaboratve interfaceagentthat helpswith air
travel arrangementslenningg79] presented framework calledjoint responsibilitybased
on ajoint commitmento a teams joint goalanda joint recipecommitmento a common
recipe.Thismodelwasimplementedn the GRATE* systeni78], andappliedto thedomain
of electricitytransportmanagement.

Tambe[144] presenta modelof teamvork calledsTEAM (Shell for TEAMwork), based
onenhancements theSoararchitecturg¢109], plusasetof about300domainindependent
Soarrules. Basedon the teamwork operationalizedn STEAM, threeteamshave been
implementedtwo thatoperatén acommerciallyavailablesimulationfor military training
anda third in RoBoCuP syntheticsoccer STEAM usesa hybrid approachthat combines
joint intentionswith partial SharedPlans.

3.3. Self-InteestedViulti AgentInteractions

Thenotionof interactionsamongself-interesteédgentshasbeencenteredaroundnegotia-
tion. Negotiationis seenasa methodfor coordinationrandconflictresolution(e.g.,resolv-
ing goaldisparitiesn planning resolvingconstraintsn resourcellocation resolvingtask
inconsistencies determiningorganizationastructure) .Negotiationhasalsobeenusedas
ametaphofor communicatiorof planchangestaskallocation,or centralizedesolutionof
constraintiolations.Hence negotiationis almostasill-definedasthe notionof “agent”.

We give herewhat we considerto be the main characteristic®f negotiation, that are
necessanfor developing applicationsin the real world. Theseare: (a) the presence
of someform of conflict that mustbe resohed in a decentralizednanney by (b) self-
interestedagents,underconditionsof (c) boundedrationality, and (d) incompleteinfor-
mation. Furthermore the agentscommunicateand iteratively exchangeproposalsand
counterproposals.

The PERSUADER systenby Sycarg141, 14Q andwork by Rosenscheifil23, 124 rep-
resentthefirst work by DAI researcheren negotiationamongself-interestedgents.The
two approachediffer in theirassumptionanotivations,andoperationalizationThework
of Rosenscheiwasbasedn gametheory Utility is the singleissuethatagentsconsider
andagentsareassumedo be omniscient.Utility valuesfor alternatve outcomesarerep-
resentedn a payof matrix thatis commonknowledgeto both partiesin the negotiation.
Eachpartyreasonsboutandchooseshealternatve thatwill maximizeits utility. Despite
the mathematicakleganceof gametheory gametheoreticmodelssuffer from restrictve
assumptionghatlimit their applicability to realisticproblems. Realworld negotiations
are conductedunderuncertainty involve multiple criteria ratherthana single utility di-
mensiontheutilities of theagentsarenot commonknowledgebut areinsteadprivate,and
theagentsarenotomniscient.
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The PERSUADER is animplementedystenthatoperatesn thedomainof labornegotia-
tion[139]. It involvesthreeagentgaunion,acompaty, andamediator) andis inspiredby
humannggotiation.It modelstheiterative exchangeof proposalsandcountefproposalsn
orderfor the partiesto reachagreementThe neggotiationinvolvesmultiple issuessuchas
wagespensionsseniority subcontractingandsoon. Eachagents multi-dimensionautil-
ity modelis private(ratherthancommon)knowledge.Belief revisionto changgheagents’
utilities sothatagreementanbe reacheds achie/edvia persuasie argumentatiorj141].
In addition,case-basekbarningtechniquesrealsoincorporatednto the model.

Work by Kraus[86], focuseson the role of time in negotiation. Using a distributed
mechanismagentsegotiateandcanreachefficient agreementsvithout delays.lt is also
shavn thattheindividual approachof eachagenttowardsthe negotiationtime affects(and
mayevendetermine}hefinal agreementhatis reached.

As electroniccommerces rapidly becominga reality, the needfor negotiationtech-
niguesthattake into consideratiorthe compleities of the realworld, suchasincomplete
information, multiple negotiationissues,negotiation deadlines,and the ability to break
contractswill becritically neededWork in non-bindingcontractsncludeg127] wherede-
commitmenfpenaltiesvereintroducednto the ContractNet Protocol,andthe ADEPT sys-
tem,in whichapenaltyfor contractviolationwashbuilt into thenegotiationagreemeni82].

Anotherimportantaspecbf successfuinteractionfor self-intereste@gentds theability
to adaptbehaiour to changingcircumstancegsee[138] for a surwey). However, learn-
ing in a multi-agentervironmentis complicatedoy thefactthatasotheragentdearn,the
ervironmenteffectively changes.Moreover, otheragents’actionsare often not directly
obsenable,andthe actiontaken by the learningagentcanstronglybiasthe rangeof be-
haviors thatareencounteredHu andWellman[69] characterizenagents belief process
in termsof conjecturesaboutthe effect of their actions.A conjecturakequilibriumis then
defined,in which all agents’expectationsarerealized,andeachagentrespond®ptimally
toits expectationsThey presenamulti-agentsystemwhereanagentouilds amodelof the
responsef others. Their experimentalresultsshowv thatdependingon the startingpoint,
theagentmaybe betteror worseoff thanhadit notattemptedo learna modelof the other
agents.

In [159] the Bazaamegyotiationmodelwaspresentedwhich includedmulti-agentearn-
ing throughagentinteractions.The benefitsof learning,if any, ontheindividual utilities
of agentsaswell asthe overall (joint) systemutility were examined. The experimental
resultssuggesthat: (a) whenall agentdearn,the joint systemutility is nearoptimaland
agentsindividual utilities arevery similar; (b) whenno agentearnstheagentsindividual
utilities arealmostequalbut thejoint utility is verylow (muchlowerthanin the“all agents
learn” condition);and(c) whenonly oneagentiearnsits individual utility increasestthe
expenseof boththeindividual utility of the otheragentsaswell astheoveralljoint utility
of thesystem(i.e., only oneagentiearninghasa harmfuloverall effect) [159, 16(Q.

3.4. IssuesandFuture Directions

One of the mostimportantdriving forcesbehindMAs researchand developmentis the
Internet: agentsare populatingthe Internetat an increasinglyrapid pace. Theseagents
invariably needto interactwith one-anothem orderto meettheir designers objectives.
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In suchopenervironments,agentsthat would like to coordinatewith eachother (either
cooperat®r negotiate for example)facetwo major challengesfirst, they mustbeableto

find eachother(in anopenervironmentagentsnmightappeaanddisappeaunpredictably),
andoncethey have donethat,they mustbeableto inter-opemate

To addresghe issueof finding agentsin an openernvironmentlike the Internet,middle
agents[88] have beenproposedEachagentadvertisest capabilityto somemiddleagent.
A numberof differentagenttypeshave beenidentified,includingmatcthmalers or yellow
page agentgthatmatchadwertisementso requestdor adwertisedcapabilities) plackboard
agentqthatcollectrequests)andbrokers (thatprocesdoth). In preliminaryexperiments
[36], it wasseenthatthebehaiors of eachtypeof middle-agenhave certainperformance
characteristicsFor example,while brokeredsystemsaremorevulnerableto certainfail-
ures,they arealsoableto copemorequickly with a rapidly fluctuatingagentwork-force.
Middle agentsareadwantageousincethey allow a systemto operaterobustly in theface
of agentappearancanddisappearancandintermittentcommunications.

To allow agentgo inter-operatea numberof agentcommunicatiotanguageshave been
designed98, 135 49]. Theseprovide a setof performatvesbasedon speechacts[132)].
Thoughsuchperformatvescancharacterizenessagéypes,efficientlanguageso express
messageontentthat allows agentsto “understand’eachotherhave not beeneffectively
demonstratedT husthe ontology problem— thatof how canagentssharemeaning— is
still open[62].

Anothercritical issueis effective allocationof limited resourceso multiple agents.For
example we have all experiencedargetime lagsin responséo Internetqueriedbecausef
network congestion Economics-basemhechanism$iave beenutilized in MAS to address
problemsof resourceallocation(the centralthemeof economicresearchj102, 128 71].
Economics-baseabproachegndmarketmechanisms particular arebecomingncreas-
ingly attractveto MAS researchersothbecausef thereadyavailability of underlyingfor-
mal models,but alsobecausef their potentialapplicabilityin Internet-basedommerce.
In suchapproachesagentsareassumedo be self-interesteditility maximizers.Theareas
whereeconomics-basedpproache$iave beenappliedto MAS researcho dateare: (a)
resourcellocation;(b) taskallocation;and(c) negotiation.In markets,agentghatcontrol
scarceresourceglabor, raw materials goods,money) agreeto shareby exchangingsome
of theirrespectre resource$o achieve somecommongoal. Resourceareexchangedvith
or without explicit prices. Marketsassumehat exchangepricesare publicly known. In
auctions,thereis a centralauctioneerthroughwhich coordinationhappens. Hencethe
agentseedonly exchangeminimal amountsof information.

Selfinterestedagentspy definition, simply choosea courseof actionwhich maximizes
theirown utility. In asocietyof self-intereste@dgentsit is desiredthatif eachagentmaxi-
mizesit local utility, thenthewhole societyexhibits desirablebehaior — in otherwords,
locally goodbehaior implies globally goodbehaior. The goalis to designmechanisms
for self-interestecdgentssuchthatif agentdollow thesemechanismsthe overall system
behaior will be acceptable.This is called medanismdesign[7]. Thereare, however,
mary problemsfacingsucha societyof self-interestedgents First, agentamight overuse
andhencecongesta sharedresource suchasa communicationsietwork. This problem
is calledthe tragedy of the commong63]. The problemof the tragedyof commonsis
usuallysolvedby pricing or taxingschemesSeconda societyof self-interested¢omputa-



A ROADMAP OF AGENT RESEARCH AND DEVELOPMENT 293

tional agentscanexhibit oscillatoryor chaoticbehavior [72, 145. Comple behaior can
be exhibited by very simplecomputationabcosystemsExperimentatesultsindicatethat
imperfectknowledge suppressesscillatory behaior at the expenseof reducingperfor

mance.In addition,enhancinghe decision-makingbilities of someof theindividualsin

thesystemcaneitherimprove or seserelydegradeoverall systemperformanceMoreover,

systemscanremainin non-optimalmeta-stablestatesfor long periodsbeforereachinga

globally optimalstate.In [145] a similar problemis consideredTwo approacheareeval-

uated,correspondindo heterogeneoupreferencesnd heterogeneousansactioncosts.
Empirically, the transactiorcostcaseis shavn to provide stability with nearoptimal pay-

offs undercertainconditions.Thefinal problemwith self-interestegdystemss thatagents
might be untruthfulor deceitfulin orderto increaseheir individual utility. This mayhave

harmfuleffectonthewholesociety Mechanisnmdesigntechniquehave beenreportedhat

male it beneficialfor agentgo reportthetruth[105].

4. Applications

Agenttechnologyis rapidly breakingout of universitiesandresearcHabs,andis begin-
ning to be usedto solve real-world problemsin arangeof industrialandcommercialap-
plications. Fieldedapplicationsexist today andnew systemsare beingdevelopedat an
increasinglyrapid rate. Againstthis backgroundthe purposeof this sectionis twofold.
First, it aimsto identify the mainareasvhereagent-basedpproachearecurrentlybeing
usedandto provide pointersto someexemplarsystemswithin theseareag(section4.1).
Secondlyit aimsto anticipatelik ely future directionsof appliedagentwork andto high-
light openissuesvhich needto beaddressed thistechnologyis to fulfill its full potential
(sectiord.2).

4.1. Key Domainsand ExemplarSystems

To date,the main areasin which agent-basedpplicationshave beenreportedare asfol-

lows: manufcturing,processontrol, telecommunicatiosystemsair traffic control, traf-

fic andtransportatiormanagementinformation filtering and gathering,electroniccom-
merce businesprocesgnanagemengntertainmenand medicalcare. Whilst a compre-
hensve review of all the systemsn all of theseareasis beyond the scopeof this paper
(se€[22, 83, 114), we attemptto outline someof thekey systemsn theseareas.

4.1.1. Industrial Applications Industrialapplicationsf agenttechnologywereamong
thefirst to be developed,andtoday agentsarebeingappliedin a wide rangeof industrial
systems:

Manufacturing: Parunak[148] describeshe yams system(Yet AnotherManufacturing
System) whichapplieshe ContractNet Protocol(seeabove)to manufcturingcontrol.
The basicproblemcanbe describedasfollows. A manufcturingenterprises mod-
elled asa hierarchyof workcells. Therewill, for example,be workcellsfor milling,
lathing,grinding,painting,andsoon. Theseworkcellsarefurthergroupednto flexible
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manufcturingsystemgFms), eachof which providesa functionality suchasassem-
bly, paint spraying,buffering of products,andsoon. A collectionof suchFmss is

groupedinto a factory A singlecompaly or organisationmay have mary different
factoriesthoughthesefactorieamay duplicatefunctionalityandcapabilities. Thegoal

of YaAMS is to efficiently managethe productionprocessat theseplants. This pro-

cessis definedby someconstantlychangingparameterssuchasthe productsto be
manufctured,available resourcestime constraintsandso on. In orderto achieve

this enormouslycomple task, YAmMs adoptsa multi-agentapproachwhereeachfac-
tory andfactorycomponents representedsanagent.Eachagenthasa collectionof

plans,representingts capabilities. The contractnet protocolallows tasks(i.e., pro-

ductionorders)to be deleggatedto individual factories,and from individual factories
down to FMSs, andthento individual work cells. Othersystemsn this areainclude
thosefor: configurationdesignof manufcturingproducts[32], collaborative design
[31, 115, schedulingand controlling manufcturingoperationg50, 112, 116 136,

controllinga manufcturingrobot[113], anddeterminingproductionsequencefor a
factory[26, 157].

Proces<LControl: Processontrolis a naturalapplicationfor agents sinceprocesscon-
trollers are themseles autonomougeactve systems. |t is not surprising,therefore,
thatanumberof agent-basedrocessontrolapplicationshouldhave beendeveloped.
Thebestknown of thesds ARCHON, a softwareplatformfor building multi-agentsys-
tems,andanassociatethethodologyfor building applicationswith this platform[81].
ARCHON hasbeenappliedin several processcontrol applicationsjncluding electric-
ity transportatiormanagemenithe applicationis in usein northernSpain[29]), and
particleacceleratorcontrol [117]. ARCHON alsohasthe distinction of beingone of
the world’s earliestfield-testedmulti-agentsystems.Otheragent-baseg@rocesscon-
trol systemdhave beenwritten for monitoringanddiagnosindgaultsin nuclearpower
plants[15Q], spacecraftontrol[131, 76], climatecontrol[27] andsteelcoil processing
control[101].

Telecommunications: Telecommunicatiosystemsarelarge, distributednetworks of in-
terconnectedomponentsvhich needto be monitoredand managedn real-time. In
whatis afiercelycompetitve market,telecommunicationompaniegndserviceproviders
aim to distinguishthemselesfrom their competitorsby providing better quicker or
morereliable services. To achieve this differentiation,they areincreasinglyturning
to state-of-the-arsoftwaretechniquesncluding agent-basedpproachesin onesuch
application,[59], negotiating agentsare usedto tackle the featureinteractionprob-
lem. Featuresn atelecommunicatiosystenprovide addedunctionalityontop of the
basiccommunicatiorn(e.g.,call forwardingandcallerid). As new featuresarebeing
addedto the phonenetwork at an ever increasingrate, it is becomingcorrespond-
ingly more difficult to determinewhich featuresinteractwith, and are inconsistent
with, which otherfeatures.Therefore the traditionalapproaclof analysingservices
atdesigntime andhard-wiringin solutionsfor all possibleinteractionpermutationgs
doomedo failure. Giventhis situation,Griffeth andVelthuijsen/59] decidedto adopt
a differentstratgy andtacklethe problemon an as-neededbasisat run-time. They
did this by employing negotiatingagentdo representhe differententitieswho arein-
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terestedn the setup of a call. Whenconflictsaredetectedthe agentsegotiatewith
one anotherto resole them so that an acceptablecall configurationis established.
Otherproblemsfor which agent-basedystemshave beenconstructednclude: net-
work control[129, 157, transmissiorandswitching[110], servicemanagementl9]

andnetwork managemenftl, 41, 53, 119. See[153] for a comprehensie review of
thisarea.

Air Traffic Control: Ljunberg andLucas[95] describea sophisticateégent-realisedir
traffic controlsystemknown asoAsis. In this systemwhich is undegoingfield trials
atSydne airportin Australia,agentsareusecdto represenbothaircraftandthevarious
air-traffic controlsystemsn operation.Theagentmetaphothusprovidesa usefuland
naturalway of modelling real-world autonomougomponents.As an aircraft enters
Sydneg airspace,an agentis allocatedfor it, and the agentis instantiatedwith the
informationandgoalscorrespondingp thereal-world aircraft. For example anaircraft
mighthaveagoaltolandonacertainrunwayatacertaintime. Air traffic controlagents
areresponsibldor managinghe system.oAsIs is implementedisinga belief-desire-
intentionsystemcalledDMARS [56].

Transportation Systems: The domainof traffic andtransportatiormanagemenis well
suitedto anagent-basedpproactbecausef its geographicallgistributednature.For
example,[18] describea multi-agentsystemfor implementinga future car pooling
application. Heretherearetwo typesof agent: onerepresentinghe customeravho
requireor who canoffer transportationand onerepresentinghe stationswherecus-
tomerscongrayatein orderto be pickedup. Customeragentsanform relevantstations
of their requirementgwhenandwherethey wantto go) andthe stationagentdeter
mineswhethertheir requestcanbe accommodatednd,if so,which carthey should
bebookedinto. Otherapplicationsn this areaaredescribedn [46].

4.1.2. Commecial Applications While industrialapplicationgendto behighly-complex,
bespole systemsawhich operatein comparatrely small nicheareascommercialapplica-
tions,especiallythoseconcernedvith informationmanagementgndto beorientedmuch
moretowardsthe massmarlet.

Information Management: As therichnessanddiversity of informationavailableto us
in our everydayliveshasgrown, sothe needto managehis informationhasgrown.
The lack of effective information managementools hasgivenrise to whatis collo-
quially known asthe informationoverload problem. Put simply, the sheewolume of
informationavailableto usvia the Internetand World-Wide Web (WWW) represents
averyrealproblem.The potentialof this resourcas enormousbut thereality is often
disappointing. Thereare mary reasondor this. Both humanfactors(suchasusers
gettingboredor distractedandorganisationafactors(suchaspoorly organisecages
with no semantiamark-up)conspireagainstusersattemptingto usethe resourcen a
systematiavay. We cancharacteris¢heinformationoverloadproblemin two ways:

e Informationfiltering: Every day, we are presentedvith enormousamountsof
information (via email and usenemnews, for example),only a tiny proportionof
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whichis relevantorimportant.We needto beableto sortthewheatfrom thechaf,
andfocuson theinformationwe need.

e Informationgathering Thevolumeof informationavailablepreventsusfrom ac-
tually findinginformationto answeispecificqueries We neecto beableto obtain
informationthatmeetsour requirementsgvenif this informationcanonly becol-
lectedfrom a numberof differentsites.

Oneimportantcontributing factorto informationoverloadis almostcertainlythatan
enduseris requiredto constantlydirectthe managemengrocessBut thereis in prin-
ciple no reasonwhy suchsearcheshouldnot be carried out by agents,acting au-
tonomouslyto searchthe web on behalfof someuser Theideais socompellingthat
mary projectsaredirectedat doing exactly this — indeedthis is probablythe single
mostactive areafor agentapplications.Two typical projectsare:

e Maximsis an electronicmail filtering agentwhich “learnsto prioritise, delete,
forward, sort,andarchive mail messageen behalfof auser”’[97, p35]. It works
by “looking overtheshoulder’of auserasheor sheworkswith theiremailreading
programandusesevery actionthe userperformsasalesson.Maxims constantly
malkes internal predictionsaboutwhat a userwill do with a message.If these
predictiongurn outto beinaccuratethenMaximskeepghemto itself. But when
it findsit is having a usefuldegreeof successn its predictions;t startsto make
suggestionso theuseraboutwhatto do.

e ThewARREN financialportfolio managemergystemjs amulti-agentsystenthat
integratesinformation finding and filtering in the context of supportinga user
manageher financialportfolio. The systemconsistsof agentsthat cooperatiely
self-olganizeto monitorandtrack stockquotesfinancialnews, financialanalysts
reports,andcompary earninggeportsin orderto appraisehe portfolio ownerof
the evolving financial picture. The agentsnot only answerrelevant queriesbut
also continuouslymonitor availableinformationresourcedor the occurrenceof
interestingevents(e.g.,a particularstockhasgoneup pasta threshold)andalert
theportfolio manageagentor theuser

Otherapplicationsn this areainclude: WEBMATE [25], a personahssistanthatlearns
userinterestsand on the basisof thesecompilesa personalnenspapey a personal
assistanagentfor automatingvarioususertaskson a computerdesktop[20], a home
pagefinderagent4?2], awebbrowsingassistanf94] andanexpertlocatoragent85].

Electronic Commerce: Currently commercas almostentirelydrivenby humaninterac-
tions; humansdecidewhento buy goods,how muchthey arewilling to pay, andso
on. But in principle, thereis no reasonwhy somecommercecannotbe automated.
By this, we meanthat somecommercialdecisionmakingcanbe placedin the hands
of agents.Althoughwidespreadlectroniccommercas likely to lie somedistancan
the future, an increasingamountof tradeis being undertalen by agents. As an ex-
ample,[24] describes simple“electronicmarketplace’called Kasbah. This system
realisegshe marketplaceby creating*buying” and“selling” agentdor eachgoodto be
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purchasear soldrespectrely. Commerciaktransactionshentake placeby the inter-
actionsof theseagents.Othercommerceapplicationsnclude BargainFinder{87] an
agentwhichdiscoversthecheapes€Ds,Jangd37] apersonakhoppingassistanable
to searcton-linestoresfor productavailability andpriceinformation,MAGMA [147] a
virtual marketplacefor electroniccommerceandseveralagent-basethteractive cata-
logueg[130, 147.

BusinessProcesdManagement: Compaly managersnake informeddecisiondbasedn
a combinationof judgementandinformationfrom mary departmentsldeally, all rel-
evantinformationshouldbe broughttogetheibeforejudgements exercised However
obtainingpertinent,consistentand up-to-dateinformation acrossa large compaly is
a complex andtime consumingprocess. For this reason,organisationshave sought
to developa numberof IT systemdo assistwith variousaspectof the management
of their businessprocesses.ProjectADEPT [82] tacklesthis problemby viewing a
businesgprocessaasa communityof negotiating,serviceproviding agents Eachagent
represents distinctrole or departmentn the enterpriseandis capableof providing
oneor moreservices.Agentswho requirea servicefrom anotheragententerinto a
negotiationfor thatserviceto obtaina mutually acceptablerice, time, anddegreeof
quality. Successfuhegotiationsresultin binding agreementdetweenagents.Other
applicationin this areainclude a systemfor supply chain managemenf51], a sys-
tem for managingheterogeneouworkflows [75] anda systemof mobile agentsfor
inter-organisationaworkflow managemerftL0Q].

4.1.3. Entertainmenfpplications Theleisureindustryis oftennottakenseriouslyby
the computersciencecommunity Leisureapplicationsare frequentlyseenas somehav
peripheratlto the “serious” applicationsof computers.And yet leisureapplicationssuch
ascomputergamescanbe extremelychallengingandlucrative. Agentshave an obvious
role in computergamesjnteractve theatre andrelatedvirtual reality applications:such
systemgendto befull of semi-autonomouanimatedcharactersyhich cannaturallybe
implementedasagents.

Games: GrandandCliff [58] built thehighly successfuCreaturegameusingagentech-
niques.Creatureprovidesarich, simulatedervironmentcontaininga numberof syn-
theticagentgthata usercaninteractwith in real-time. The agentsareintendedto be
sophisticateghetswhosedevelopmenis shapedy their experiencesluringtheir life-
time. Wavish et al., [151] alsodescribeseveral applicationsof agenttechnologyto
computergames.

Interacti ve Theatre and Cinema: By interactve theatreandcinemawe meana system
thatallows a userto play outarole analogouso thoseplayedby real,humanactorsin
playsor films, interactingwith artificial, computercharactershathave thebehaioural
characteristicof real people. Agentsthat play the part of humansin theatre-style
applicationsare often known asbelievable agents- software programs‘that provide
the illusion of life, thus permitting [an] audiences suspensiorof disbelief [6]. A
numberof projectshave beensetupto investigatehedevelopmenbf suchagentg146,
65, 92, 48)).
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4.1.4. Medical Applications Medicalinformaticsis a major growth areain computer
science:new applicationsarebeingfoundfor computersvery dayin the healthindustry
It is not surprising,therefore that agentsshouldbe appliedin this domain. Two of the
earliestapplicationsarein theareasof patientmonitoringandhealthcare.

Patient Monitoring: TheGUARDIAN systen{67] isintendedo helpmanagepatientcare
in theSumicallntensive CareUnit (sicu). Thesystemwasmotivatedby two concerns:
first, thatthe patientcaremodelin a sicu is essentiallythat of a team,wherea col-
lection of expertswith distinctareasof expertisecooperatdo organisepatienthealth
care;andsecondthat one of the mostimportantfactorsin goodsicu patienthealth
careis theadequatsharingof informationbetweemmembersf the critical careteam.
In particular specialistgendto have very little opportunityto monitorthe minute-by-
minute statusof a patient;this tasktendsto fall to nurseswho, in contrast,oftendo
not have theexpertiseto interprettheinformationthey obtainin theway thatanappro-
priate expertwould. The GUARDIAN systemdistributesthe sicu patientmonitoring
functionamonga numberof agentspf threedifferenttypes: perception/actioragents
— responsibldor theinterfacebetweencsUARDIAN andtheworld, mappingraw sen-
sorinputinto a usablesymbolicform, andtranslatingactionrequestd§rom Guardian
into raw effectorcontrolcommandsreasoningagents responsibldor organisingthe
systems decisionmakingprocessandcontmol agents— of whichtherewill only ever
be one,with overall, top-level control of the system.Theseagentsareorganisednto
hierarchiesandthe systemasa whole is closely basedon the blackboardmodel of
control.

Health Care: A prototypical agent-basedlistributed medical care systemis described
in [70]. This systemis designedo integratethe patientmanagemenprocesswhich
typically involvesmary individuals. For example,a generalpractitionemrmay suspect
that a patienthasbreastcancer but this suspicioncannotbe confirmedor rejected
withouttheassistancef ahospitalspecialistIf thespecialistonfirmsthehypothesis,
thenacareprogrammeanustbedevisedfor treatingthe patient,involving theresources
of otherindividuals. The systemallows a naturalrepresentatioof this processwith
agentanappedntotheindividualsand,potentially organisationsnvolvedin the pa-
tientcareprocess.

4.2. FutureDirections

The aforementionedystemscanbe consideredasthe first wave of agent-basedpplica-
tions. In additionto providing solutionsto meetreal-world needsthey demonstrate¢hat
agent-basedystemsare a useful and powerful solutiontechnology. Thatis, the con-
ceptionof (multiple) autonomougproblemsolversinteractingin variouswaysto achieve
individual and systemgoalsis a useful software engineeringabstractionjust as objects
andabstractatatypesare). Theabstractioris usefulto the extentthatit enablesoftware
engineerso do moreor to dothingsmorecheaply

However, thesedevelopmentsalso shav that designingand building agentsystemss
difficult. They have all the problemsassociatedvith building traditionaldistributed,con-
currentsystemsand have the additionaldifficulties which arisefrom having flexible and
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sophisticatednteractionsbetweenautonomougroblemsolving components.For these
reasonsmost extant agentsystemapplicationsare built by, or in consultationwith, de-
signersanddevelopersvho arethemselesactive in theagentresearcltommunity Whilst
this may suffice for a niche softwaretechnology we feel agentshave the potentialto be
far more ubiquitousthanthis. Indeed,we firmly believe that agenttechnologyhasthe
potentialto enterthe mainstreanof softwareengineeringsolutions(in the sameway that
object-orientedechnologyhas).However for this to occur, it mustbe possiblefor profes-
sionalsoftwareengineerdo designandbuild multi-agentsystems.The big questionthen
become®neof how thisis achieved.

At this time, therearetwo major technicalimpedimentgo the widespreaddoptionof
agenttechnology:(i) the lack of a systematianethodologyenablingdesignergo clearly
specifyandstructuretheir applicationsasmulti-agentsystemsand(ii) the lack of widely
availableindustrial-strengtimulti-agentsystemtoolkits. The formermeanghatmostex-
tantapplicationshave beendesignedn a fairly ad hoc manner— eitherby borrowving a
methodologytypically anobject-oriente@ne)andtrying to shoe-horrit to themulti-agent
contet or by working without a methodologyanddesigninghe systenbasedn intuition
and pastexperience. Clearly this situationis unsatisactory Whatis requiredis a sys-
tematicmeansof analysinghe problem,of working out how it canbe beststructuredasa
multi-agentsystemandthendetermininghow theindividualagentcanbestructured The
latterimpedimenmeanghatmostmulti-agentsystenprojectsexpendsignificantdevelop-
menteffort building up basicinfrastructurebeforethe mainthrustof agentandinter-agent
developmentancommenceAgain, thisis anunsustainablgosition. The positioncanbe
alleviatedto a certainextentby exploiting existing technologiegsuchascorsa) asand
whereappropriate— ratherthanre-inventingthe wheelasoften happenst the moment.
However, we believe thatstill greatersupportis neededor the procesf building agent-
level features.Thus,atoolkit (or aflexible setof tools)is required providing facilitiesfor:
specifyinganagents problemsolving behaiour, specifyinghow andwhenagentsshould
interact,andvisualisinganddehuggingtheproblemsolvingbehaiour of theagentsaandof
theentiresystem.

Theothermajorimpedimento thewidespreacdoptionof agentechnologyhasasocial
aswell asatechnicalaspectFor individualsto be comfortablewith theideaof deleggating
tasksto agentsthey mustfirst trust them. Both individuals and organisationswill thus
needto becomemoreaccustomedndconfidentwith the notion of autonomousoftware
componentsf they areto becomeawidely used.Usershaveto gainconfidencen theagents
thatwork ontheirbehalf,andthis processantake time. Duringthis period,theagentmust
strike balancebetweercontinuallyseekingguidancegandneedlesshdistractingthe user)
andnever seekingguidancgandexceedingts authority). Putcrudely anagentmustknow
its limitations.

5. Concluding Remarks

Thefield of autonomousgentandmulti-agentsystemss avibrantandrapidly expanding
areaof researctanddevelopmentlt representameltingpotof ideasoriginatingfrom such
areasas distributed computing,object-orientedsystems software engineering artificial

intelligence,economicssociology andorganisationakcience.At its coreis the concept
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of autonomousgentsinteractingwith one anotherfor their individual and/orcollective
good.Thisbasicconceptualrameavork hasbecomeommoncurreng in arangeof closely
relateddisciplines,andoffers a naturaland powerful meansof analysing,designingand
implementinga diverserangeof softwaresolutions.

Overthe pasttwo decadesa numberof significantconceptuabhdwvanceshave beenmade
in both the designandimplementatiorof individual autonomouggentsandin the way
in which they interactwith oneanother Moreover, thesetechnologiesarenow beginning
to find their way into commercialproductsandreal-world software solutions. However,
despiteheobviouspotential therearea numberf fundamentatesearctanddevelopment
issueswhich remain. As we have indicated,theseissuescover the whole gamutof the
agentsfield, and only whenrobust and scalablesolutionshave beenfound will the full
potentialof agent-basedystemserealised.

Notes

1. It shouldbe notedthatsomerecentgametheoreticmodelsaredirectly motivatedby considerationsf drop-
ping or relaxing someof theseassumptions.Although therehasbeeninterestingprogresseportedin the
literature(e.g.,[84]), thefundamentaframeavork andmethodologyf gametheoryremainsalmostthe same
andit mightbetoo earlyto tell whetherthesenew resultswill reshapehe currentgametheoreticframevork.

2. This s true even thoughmostimplementedsystemsusetechniquesvhich are towardsthe simplerend of
thosereportedn theliterature.
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