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Abstract. This paperprovidesan overview of researchanddevelopmentactivities in the field of autonomous
agentsandmulti-agentsystems.It aimsto identify key conceptsandapplications,andto indicatehow they relate
to one-another. Somehistoricalcontext to thefield of agent-basedcomputingis given,andcontemporaryresearch
directionsarepresented.Finally, a rangeof openissuesandfuturechallengesarehighlighted.
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1. Intr oduction

Autonomousagentsandmulti-agentsystemsrepresenta new way of analysing,design-
ing, andimplementingcomplex softwaresystems.Theagent-basedview offersa power-
ful repertoireof tools, techniques,andmetaphorsthat have the potentialto considerably
improve the way in which peopleconceptualiseandimplementmany typesof software.
Agentsarebeing usedin an increasinglywide variety of applications— rangingfrom
comparatively smallsystemssuchaspersonalisedemailfilters to large,complex, mission
critical systemssuchasair-traffic control.At first sight,it mayappearthatsuchextremely
differenttypesof systemcanhave little in common.And yet this is not thecase:in both,
thekey abstractionusedis thatof anagent. It is thenaturalnessandeasewith whichsucha
varietyof applicationscanbecharacterisedin termsof agentsthatleadsresearchersandde-
velopersto besoexcitedaboutthepotentialof theapproach.Indeed,severalobserversfeel
thatcertainaspectsof agentsarebeingdangerouslyover-hyped,andthatunlessthis stops
soon,agentswill suffer asimilarbacklashto thatexperiencedby theArtificial Intelligence
(AI) communityin the1980s[96, 156].

Given this degreeof interestandlevel of activity, in what is a comparatively new and
multi-disciplinarysubject,it is not surprisingthat thefield of agent-basedcomputingcan
appearchaoticandincoherent.The purposeof this paperis thereforeto try andimpose
someorderandcoherence.We thusaim to teaseout the commonthreadsthat together
makeuptheagenttapestry. Ourpurposeis not to provideadetailedreview of thefield, we
leave this to others(for example,[154, 11, 74, 111, 158]). Ratherthanpresentanin-depth
analysisandcritiqueof thefield, we insteadbriefly introducethekey issues,andindicate
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how they areinter-related.Whereappropriate,referencesto moredetailedtreatmentsare
provided.

Beforewe canembarkon our discussion,we first have to definewhatwemeanby such
termsas“agent”, “agent-basedsystem”and“multi-agentsystem”.Unfortunately, we im-
mediatelyrun into difficulties,assomekey conceptsin thefield lack universallyaccepted
definitions. In particular, thereis no realagreementevenon thecorequestionof exactly
whatanagentis (see[52] for a discussion).Of course,this neednot bea seriousobstacle
to progress,(theAI communityhasmadeprogresswithout having a universallyaccepted
definitionof intelligence,for example). Nevertheless,we feel it is worth spendingsome
time on the issue,otherwisethe termswe usewill cometo lose all meaning. For us,
then,anagentis a computersystem,situatedin someenvironment,thatis capableof flex-
ible autonomousaction in order to meetits designobjectives(this definition is adapted
from [158]). Therearethusthreekey conceptsin our definition: situatedness, autonomy,
andflexibility.

Situatedness,in this context, meansthat the agentreceivessensoryinput from its en-
vironmentand that it canperformactionswhich changethe environmentin someway.
Examplesof environmentsin which agentsmaybesituatedincludethephysicalworld or
the Internet. Suchsituatednessmay be contrastedwith the notion of disembodiedintel-
ligencethat is often found in expert systems.For example,MYCIN, theparadigmexpert
system[134], did not interactdirectly with any environment. It receivedinformationnot
via sensors,but througha useractingasa middleman. In thesameway, it did not acton
any environment,but ratherit gavefeedbackor adviceto a third party.

Autonomyis adifficult conceptto pin downprecisely, but wemeanit simplyin thesense
that thesystemshouldbe ableto act without the direct interventionof humans(or other
agents),andthat it shouldhave controlover its own actionsandinternalstate.Othersuse
it in a strongersense,to meansystemsthatarecapableof learningfrom experience[125,
p35].

Of course,situated,autonomouscomputersystemsarenot a new development.There
aremany examplesof suchsystemsin existence.Examplesinclude:

D any processcontrol system,which mustmonitor a real-world environmentandper-
form actionsto modify it asconditionschange(typically in realtime)— suchsystems
rangefrom thevery simple(for example,thermostats)to theextremelycomplex (for
example,nuclearreactorcontrolsystems);

D softwaredaemons,whichmonitorasoftwareenvironmentandperformactionsto mod-
ify theenvironmentasconditionschange— asimpleexampleis theUNIX xbiff pro-
gram,whichmonitorsauser’sincomingemailandobtainstheirattentionby displaying
aniconwhennew, incomingemailis detected.

While the above arecertainlyexamplesof situated,autonomoussystems,we would not
considerthemto be agentssincethey arenot capableof flexible actionin orderto meet
theirdesignobjectives.By flexible, wemeanthatthesystemis [158]:

D responsive: agentsshouldperceive their environmentandrespondin a timely fashion
to changesthatoccurin it;
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D pro-active: agentsshouldnot simplyactin responseto their environment,they should
beableto exhibit opportunistic,goal-directedbehaviour andtake theinitiative where
appropriate;

D social: agentsshouldbeableto interact,whenappropriate,with otherartificial agents
andhumansin orderto completetheir own problemsolving andto help otherswith
theiractivities.

While other researchersemphasisedifferentaspectsof agency (including, for example,
mobility or adaptability)we believe that thesefour propertiesare the essenceof agent-
hood.Naturally, someagentswill have additionalcharacteristics,andfor certaintypesof
applications,someattributeswill bemoreimportantthanothers.However, webelievethat
it is thepresenceof all theattributesin a singlesoftwareentity thatprovidesthepower of
theagentparadigmandwhichdistinguishesagentsystemsfromrelatedsoftwareparadigms
— suchasobject-orientedsystems,distributedsystems,andexpertsystems(see[156] for
a discussion).

With the basicbuilding block notion of an agentin place,we candefinemoreof our
terminology. By anagent-basedsystem,we meanonein which thekey abstractionused
is thatof anagent.In principle,anagent-basedsystemmight beconceptualisedin terms
of agents,but implementedwithout any software structurescorrespondingto agentsat
all. We can draw a parallelwith object-orientedsoftware,whereit is entirely possible
to designa systemin termsof objects,but to implementit without the useof an object-
orientedsoftwareenvironment.But this would at bestbeunusual,andat worst,counter-
productive.A similarsituationexistswith agenttechnology;wethereforeexpectanagent-
basedsystemto bebothdesignedandimplementedin termsof agents.

As wehavedefinedit, anagent-basedsystemmaycontainoneor moreagents.Thereare
casesin whichasingleagentsolutionis appropriate.A goodexample,asweshallseelater
in thisarticle,is theclassof systemsknownasexpertassistants,whereinanagentactsasan
expertassistantto auserattemptingto useacomputerto carryoutsometask.However, the
multi-agentcase— wherethesystemis designedandimplementedasseveral interacting
agents— is arguablymoregeneralandmoreinterestingfromasoftwareengineeringstand-
point. Multi-agentsystemsareideally suitedto representingproblemsthathave multiple
problemsolvingmethods,multiple perspectivesand/ormultiple problemsolvingentities.
Suchsystemshave thetraditionaladvantagesof distributedandconcurrentproblemsolv-
ing, but have theadditionaladvantageof sophisticatedpatternsof interactions.Examples
of commontypesof interactionsinclude: cooperation(working togethertowardsa com-
monaim); coordination(organisingproblemsolvingactivity so thatharmful interactions
areavoidedor beneficialinteractionsareexploited);andnegotiation(comingto anagree-
mentwhich is acceptableto all the partiesinvolved). It is the flexibility andhigh-level
natureof theseinteractionswhich distinguishesmulti-agentsystemsfrom otherformsof
softwareandwhichprovidestheunderlyingpowerof theparadigm.

The remainderof this article is structuredasfollows. Section2 focuseson individual
agents,providing somebackgroundto theconceptsinvolved,indicatingthekey issuesthat
arebeingaddressed,andhighlightingsomelikely futuredirectionsfor researchanddevel-
opment.Section3 presentsa similar discussionfor multi-agentsystems.Section4 draws
togetherthe two strands. It discussessomeexemplaragent-basedapplicationsandpro-
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videssomepointersto thelikely futuredirectionof appliedagentwork. Finally, section5
presentssomeconclusions.

2. AutonomousAgents

The purposeof this sectionis to identify the variousthreadsof work that have resulted
in contemporaryresearchanddevelopmentactivities in agent-basedsystems.We begin,
in section2.1,by identifyingsomekey developmentsin thehistoryandpre-historyof the
autonomousagentsarea,up to and including currentsystems. In section2.2, we then
identify someof thekey issuesandfutureresearchdirectionsin autonomousagents.

2.1. History

Currentinterestin autonomousagentsdid not emerge from a vacuum. Researchersand
developersfrom many differentdisciplineshave beentalking aboutcloselyrelatedissues
for sometime. Themaincontributorsare:

D artificial intelligence[125];

D object-orientedprogramming[10] andconcurrentobject-basedsystems[2, 4];

D human-computerinterfacedesign[97].

2.1.1. Artificial Intelligence. Undoubtedlythemaincontributorto thefieldof autonomous
agentsis artificial intelligence. Ultimately, AI is all aboutbuilding intelligent artifacts,
andif theseartifactssenseandact in someenvironment,thenthey canbe consideredas
agents[125]. Despitethe fact that agency canthusbe seento be centralto the studyof
AI, until the1980scomparatively little effort within theAI communitywasdirectedto the
studyof intelligentagents.Theprimaryreasonfor this apparentlystrangestateof affairs
wasthat AI researchershadhistorically tendedto focuson the variousdifferentcompo-
nentsof intelligentbehaviour (learning,reasoning,problemsolving,visionunderstanding
andso on) in isolation. The expectationwasthat progresswasmorelikely to be made
with theseaspectsof intelligentbehaviour if they werestudiedindividually, andthat the
synthesisof thesecomponentsto createanintegratedagentwould bestraightforward. By
theearly1970s,this assumptionseemsto have beenimplicit within mostmainstreamAI
research.Duringthisperiod,theareaof researchactivity mostcloselyconnectedwith that
of autonomousagentswasAI planning[5].

AI planningresearchis the sub-fieldof AI that concernsitself with knowing what to
do: whatactionto perform. Ultimately, anagentis just a systemthatperformsactionsin
someenvironment,andsoit is not surprisingthatAI planningresearchshouldbeclosely
involvedin thestudyof agents.TheAI planningparadigmtracesits originsto Newell and
Simon’s GPS system[108], but is mostcommonlyassociatedwith the STRIPS planning
system([45]) and its descendents(suchas [23, 155]). A typical STRIPS-style planning
systemwill haveat leastthefollowing components:
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D a symbolicmodelof the agent’s environment, typically representedin somelimited
subsetof first-orderpredicatelogic;

D a symbolicspecificationof theactionsavailableto theagent,typically representedin
termsof PDA (pre-condition,delete,add)lists, which specifyboth thecircumstances
underwhichanactionmaybeperformedandtheeffectsof thataction;

D aplanningalgorithm,which takesasinput therepresentationof theenvironment,a set
of actionspecifications,anda representationof a goalstate,andproducesasoutputa
plan— essentially, aprogram— whichspecifieshow theagentcanactsoasto achieve
thegoal.

Thus,planningsystemsdecidehow to actfrom first principles. Thatis, in orderto satisfy
a goal, they first formulatean entirely new plan or programfor that goal. A planning
systemswould thuscontinuallyexecutea cycle of picking a goalφ1, generatinga planπ
for φ1, executingπ, picking a new goal φ2, andso on. Crucially, suchplanningis based
entirelyaroundsymbolicrepresentationsandreasoning.

Attention in AI planningresearchduringthe1970sandearly1980sfocussedprimarily
on the representationsrequiredfor actions,andthe planningalgorithmsthemselves. Of
particularconcernwasthedemonstratedefficiency of theplanningalgorithm.With simu-
latedmicro-world examples(suchasthewell-knownblocksworld), STRIPS-styleplanning
algorithmsappearto give reasonableperformance.However, it was rapidly discovered
thatsuchtechniquesdonotscaleto realisticscenarios.In particular, suchalgorithmswere
predicatedon theassumptionof calculativerationality [126]. Thecalculative rationality
assumptionmaybeinformally definedasfollows. Supposewe have someagentf , which
will acceptanobservationof theworld asinput,dosomecomputation,andsometimelater
generateanactionoutput.Then f is saidto enjoy thepropertyof calculative rationalityif
theactionit givesasoutputwouldbeoptimalif performedatthetime f beganits decision-
making.Algorithmsthathave thepropertyof calculative rationalityby thisdefinitionwill
beguaranteedto make thebestdecisionpossible— but they will not necessarilymake it
in time to beof any use.Calculative rationalitytendsto arisein circumstanceswherethe
decisionaboutwhichactionto performis madeby anunconstrainedsearchover thespace
of all possibledecisions.Thesizeof suchsearchspacesareinherentlyexponentialin the
complexity of thetaskto besolved.As aconsequence,search-basedtechniquestendto be
impracticalif resultsarerequiredin any fixedtimebound.Buildingontheburgeoningarea
of algorithmiccomplexity analysisthatemergedin thelate1960sand1970s,a numberof
theoreticalresultsappearedin the 1980swhich indicatedthat first-principlesplanningis
notaviableoptionfor agentsthatoperatein suchtime-constrainedenvironments.Thebest
known of theseresultsis dueto David Chapman,who demonstratedthat in many circum-
stances,first-principlesplanningis undecidable[23]. So,building reactiveagents,thatcan
respondto changesin their environmentin time for theseresponsesto be useful, is not
likely to bepossibleusingfirst-principlesplanningtechniques.

Theapparentfailureof earlyAI planningtechniquesto scaleup to real-world problems,
togetherwith thecomplexity resultsof Chapmanandothers,ledmany researchersto ques-
tion the viability of symbolic reasoningapproachesto planningin particularand AI in
general.Theproblemof deploying suchalgorithmsin real-world systemsalsoprompted
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researchersto turnto thesomewhatneglectedissueof agentdesign.Duringthemid 1980s,
an increasingnumberof theseresearchersbeganto questiontheassumptionsuponwhich
traditionalsymbolicAI approachesto agency arebased.In particular, someresearchers
beganto expressgravereservationsaboutwhethersymbolicAI, andin particularthe logi-
cist tradition in symbolicAI, was ultimately viable. Arguably the best-known of these
critics wasRodney Brooks,who in a seriesof paperspresenteda numberof objections
to the symbolicAI model,andsketchedout an alternative researchprogram,which has
beenvariouslyknown asbehavioural AI, reactiveAI, or situatedAI [15, 17, 16]. In these
papers,Brooksemphasisedseveralaspectsof intelligentbehaviour thathesuggestedwere
neglectedby traditionalapproachesto agency andAI. In particular, hesuggestedthatintel-
ligent, rationalbehaviour is not anattributeof disembodiedsystemslike theoremprovers
or traditionalexpertsystemslike MYCIN, but ratherthatintelligenceis a productof the in-
teractionbetweenanagentandits environment.In addition,Brooksemphasisedtheview
thatintelligentbehaviour emergesfrom theinteractionof varioussimplerbehaviours.

As part of his researchprogram,Brooks developedthe subsumptionarchitecture, an
agentcontrolarchitecturethatemployedno symbolicrepresentationsor reasoningat all.
Broadlyspeaking,a subsumptionarchitectureagentis a collectionof taskaccomplishing
behaviours. Eachbehaviour is a finite statemachinethatcontinuallymapsperceptualin-
put to actionoutput. In someimplementedversionsof thesubsumptionarchitecture,this
mappingis achievedvia “situation Q action” rules,which simply determineanactionto
performonthebasisof theagent’scurrentstate.However, in Brooks’implementations,be-
havioursweresomewhatmoresophisticatedthanthis, for exampleallowing for feedback
from previousdecisions.Themainpoint is that thesebehavioursdo no symbolicreason-
ing (andnosearch).While eachbehaviour is generatingsuggestionswith respectto which
actionto perform,theoverall decisionaboutwhichactionto performis determinedby in-
teractionsbetweenthebehaviours. Behaviourscaninteractin severalways.For example,
onebehaviour can“suppress”theoutputof another. Typically, thebehavioursareorgan-
isedinto a layeredhierarchy, with lower layersrepresentinglessabstractbehaviours(e.g.,
obstacleavoidancein physicallyembodiedagents),andhigher layersrepresentingmore
abstractbehaviours.Developingagentsthatexhibit coherentoverallbehaviour is aprocess
of carefully developingandexperimentingwith new behaviours, usuallyby placingthe
agentin its environmentandobservingtheresults.

Despiteitsapparentsimplicity, thesubsumptionarchitecturehasneverthelessbeendemon-
stratedin severalimpressiveapplications(see,e.g.,[137]). However, therearealsoanum-
berof disadvantageswith thesubsumptionarchitectureandits relatives:

D If agentsdo not employ modelsof their environment,thenthey musthave sufficient
informationavailablein their local environmentfor themto determineanacceptable
action.

D Sincepurely reactive agentsmake decisionsbasedon local information,(i.e., infor-
mationabouttheagent’scurrentstate),it is difficult to seehow suchdecisionmaking
couldtakeinto accountnon-localinformation— it mustinherentlytakea“short term”
view.

D It is difficult to seehow purelyreactiveagentscanbedesignedthat learn from experi-
ence,andimprovetheirperformanceover time.
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Figure1. LayeredAgentArchitectures

D A majorsellingpointof purelyreactivesystemsis thatoverallbehaviour emergesfrom
the interactionof the componentbehaviourswhenthe agentis placedin its environ-
ment. But thevery term“emerges”suggeststhat therelationshipbetweenindividual
behaviours,environment,andoverall behaviour is not understandable.This necessar-
ily makesit very hardto engineeragentsto fulfill specifictasks.Ultimately, thereis
noprincipledmethodology for building suchagents:onemustusea laboriousprocess
of experimentation,trial, anderrorto engineeranagent.

D While effective agentscanbegeneratedwith smallnumbersof behaviours(typically
lessthat ten layers),it is much harderto build agentsthat containmany layers. The
dynamicsof theinteractionsbetweenthedifferentbehavioursbecometoo complex to
understand.

By the early 1990s,mostresearchersacceptedthat reactive architecturesarewell-suited
to certaindomainsandproblems,but lesswell-suitedto others. In fact, for mostprob-
lems,neithera purelydeliberative (e.g.,first-principlesplanner)architecturenor a purely
reactive architectureis appropriate.For suchdomains,anarchitectureis requiredthat in-
corporatesaspectsof both.As aresult,anumberof researchersbeganto investigatehybrid
architectures,which attemptedto marry thebestaspectsof bothdeliberative andreactive
approaches.Typically, thesearchitectureswererealisedasa numberof software layers.
Thelayersmaybearrangedvertically (sothatonly onelayerhasaccessto theagent’ssen-
sorsandeffectors)or horizontally(sothatall layershaveaccessto sensorinputandaction
output);seeFigure1.

As in thesubsumptionarchitecture,(seeabove),layersarearrangedinto ahierarchy, with
differentlevelsin thehierarchydealingwith informationabouttheenvironmentatdifferent
levelsof abstraction.Mostarchitecturesfind threelayerssufficient.Thusatthelowestlevel
in thehierarchy, thereis typically a “reactive” layer, whichmakesdecisionsaboutwhatto
do basedon raw sensorinput. Often, this layer is implementedusingtechniquesrather
similar to Brooks’ subsumptionarchitecture(thusit is itself implementedasa hierarchy
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of taskaccomplishingbehaviours, wherethesebehaviours aretask-accomplishingfinite
statemachines).The middle layer layer typically abstractsaway from raw sensorinput
anddealswith a knowledge levelview of theagent’senvironment[107], typically making
useof symbolicrepresentations.Theuppermostlevel of thearchitecturetendsto dealwith
thesocialaspectsof theenvironment— it hasasocialknowledgelevelview [80]. Wethus
typically find representationsof otheragentsin this layer — their goals,beliefs,andso
on. In orderto producetheglobalbehaviour of theagent,theselayersinteractwith one-
another;thespecificwaythatthelayersinteractdiffersfrom architectureto architecture.In
someapproaches(suchasTOURING MACHINES [43, 44]), eachlayer is itself constantly
producingsuggestionsaboutwhatactionto perform.In thiscase,mediationbetweenthese
layersin orderto ensurethattheoverallbehaviour of theagentis coherentandconsistent
becomesan issue.In TOURING MACHINES this mediationis achievedby a control sub-
systemthatdetermineswhich layershouldhave overall controlof theagent.Thecontrol
subsystemin TOURING MACHINES is implementedasasetof rules,whichcanreferto the
actionsproposedby eachlayer. A similar ideais usedin INTERRAP [104, 103]. Another
similararchitecturefor autonomousagentsis 3T [8].

A final traditionin theareaof agentarchitecturesis thatof practicalreasoningagents[14].
Practicalreasoningagentsarethosewhosearchitectureis modelledonor inspiredby athe-
ory of practicalreasoningin humans.By practicalreasoning,wesimply meanthekind of
pragmaticreasoningthatweuseto decidewhatto do. Practicalreasoninghaslongbeenan
areaof studyby philosophers,who areinterestedin developingtheoriesthatcanaccount
for humanbehaviour. Typically, theoriesof practicalreasoningmake useof a folk psy-
chology, wherebybehaviour is understoodby the attribution of attitudessuchasbeliefs,
desires,intentions,andsoon. Humanbehaviour canbethoughtof asarisingthroughthe
interactionof suchattitudes.Practicalreasoningarchitecturesaremodelledon theoriesof
suchinteractions.Probablythebest-known andmostinfluential typeof practicalreason-
ing architectureis theso-calledbelief-desire-intention(BDI) model[14, 57]. As thename
indicates,BDI agentsarecharacterisedby a“mentalstate”with threecomponents:beliefs,
desires,and intentions. Intuitively, beliefscorrespondto information that the agenthas
aboutits environment.Desiresrepresent“options” availableto theagent— differentpos-
siblestatesof affairs that theagentmaychooseto commit to. Intentionsrepresentstates
of affairs that theagenthaschosenandhascommittedresourcesto. An agent’s practical
reasoninginvolvesrepeatedlyupdatingbeliefsfrom informationin theenvironment,decid-
ing whatoptionsareavailable,“filtering” theseoptionsto determinenew intentions,and
actingon the basisof theseintentions. The philosophicalfoundationsof the BDI model
areto be found in Bratman’s accountof the role that intentionsplay in humanpractical
reasoning[12]. A numberof BDI agentsystemshave beenimplemented,thebest-known
of which is probablytheProcedural ReasoningSystem(PRS) [57]. Researchersinterested
in practicalreasoningarchitectureshave developeda numberof logical theoriesof BDI

systems[120, 121]. Closelyrelatedto thiswork onpracticalreasoningagentarchitectures
is Shoham’sproposalfor agent-orientedprogramming, amulti-agentprogrammingmodel
in which agentsareexplicitly programmedin termsof mentalisticnotionssuchasbelief
anddesire[133].
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2.1.2. ObjectandConcurrentObjectSystems. Object-orientedprogrammersoftenfail
to seeanythingnovel or new in theideaof agents.Whenonestopsto considertherelative
propertiesof agentsand objects,this is perhapsnot surprising. Objectsare definedas
computationalentitiesthatencapsulatesomestate,areableto performactions,or methods
on thisstate,andcommunicateby messagepassing.

While thereareobvioussimilarities,therearealsosignificantdifferencesbetweenagents
andobjects.Thefirst is in thedegreeto whichagentsandobjectsareautonomous.Recall
thatthedefiningcharacteristicof object-orientedprogrammingis theprincipleof encapsu-
lation — theideathatobjectscanhave controlover their own internalstate.In program-
minglanguageslike JAVA, wecandeclareinstancevariables(andmethods)to beprivate,
meaningthey areonly accessiblefrom within theobject. (We canof coursealsodeclare
thempublic, meaningthat they canbeaccessedfrom anywhere,andindeedwe mustdo
this for methodssothatthey canbeusedby otherobjects.But theuseof public instance
variablesis generallyconsideredpoorprogrammingstyle.) In this way, anobjectcanbe
thoughtof asexhibiting autonomyover its state:it hascontrolover it. But anobjectdoes
not exhibit controlover it’s behaviour. That is, if a methodm is madeavailablefor other
objectsto invoke, thenthey cando sowhenever they wish; theobjecthasno controlover
whetheror not thatmethodis executed.Of course,anobjectmustmakemethodsavailable
to otherobjects,or elsewe would be unableto build a systemout of them. This is not
normallyan issue,becauseif we build a system,thenwe designtheobjectsthatgo in it,
andthey canthusbeassumedto sharea“commongoal”. But in many typesof multi-agent
system,(in particular, thosethatcontainagentsbuilt by differentorganisationsor individ-
uals),no suchcommongoalcanbeassumed.It cannotbetakenfor grantedthatanagent
i will executeanaction(method)a just becauseanotheragent j wantsit to — a maynot
be in the bestinterestsof i. We thusdo not think of agentsas invoking methodsupon
one-another, but ratherasrequestingactionsto be performed.If j requestsi to perform
a, then i mayperformthe actionor it may not. The locusof control with respectto the
decisionaboutwhetherto executeanactionis thusdifferentin agentandobjectsystems.
In the object-orientedcase,the decisionlies with the objectthat invokesthe method. In
the agentcase,the decisionlies with the agentthat receivesthe request.Thedistinction
betweenobjectsandagentscanbesummarisedin the following slogan:Objectsdo it for
free;agentsdo it for money.

Note that thereis nothing to stopus implementingagentsusingobject-orientedtech-
niques.For example,wecanbuild somekind of decisionmakingaboutwhetherto execute
a methodinto themethoditself, andin this way achieve a strongerkind of autonomyfor
our objects. However, the point is that autonomyof this kind is not a componentof the
basicobject-orientedmodel.

The secondimportantdistinctionbetweenobjectandagentsystemsis with respectto
the notion of flexible (reactive, pro-active, social)autonomousbehaviour. The standard
objectmodelhasnothingwhatsoeverto sayabouthow to build systemsthatintegratethese
typesof behaviour. Again, onecould arguethat we canbuild object-orientedprograms
that do integratethesetypesof behaviour. But this argumentmissesthe point, which is
thatthestandardobject-orientedprogrammingmodelhasnothingto dowith thesetypesof
behaviour.
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Thethird importantdistinctionbetweenthestandardobjectmodelandourview of agent
systemsis that agentsareeachconsideredto have their own threadof control — in the
standardobjectmodel,thereis a singlethreadof control in the system.Of course,a lot
of work hasrecentlybeendevotedto concurrencyin object-orientedprogramming.For
example,the JAVA languageprovidesbuilt-in constructsfor multi-threadedprogramming.
Therearealsomany programminglanguagesavailable(mostof themadmittedlyproto-
types)thatwerespecificallydesignedto allow concurrentobject-basedprogramming[4].
But suchlanguagesdo not capturethe idea we have of agentsas autonomousentities.
Note,however, thatactiveobjectscomequitecloseto our conceptof autonomousagents
— thoughnotagentscapableof flexible autonomousbehaviour [10, p91].

2.1.3. Human-ComputerInterfaces Currently, whenwe interactwith acomputervia a
userinterface,wearemakinguseof aninteractionparadigmknownasdirectmanipulation.
Putsimply, thismeansthata computerprogram(a wordprocessor, for example)will only
do somethingif we explicitly tell it to. This makesfor veryone-way interaction.It would
bedesirable,therefore,to havecomputerprogramsthatin certaincircumstancescouldtake
theinitiative, ratherthanwait for theuserto spelloutexactlywhatthey wantedto do. This
leadsto theview of computerprogramsascooperatingwith auserto achieveatask,rather
thanactingsimplyasservants.A programcapableof takingtheinitiativein thiswaywould
in effect beoperatingasa semi-autonomousagent.Suchagentsaresometimesreferredto
asexpertassistants, or morewhimsicallyasdigital butlers.

Oneof thekey figuresin thedevelopmentof agent-basedinterfaceshasbeenNicholas
Negroponte.His visionof agentsat theinterfacewassetout in BeingDigital [106]:

“The ‘agent’ answersthephone,recognizesthecallers,disturbsyou whenappro-
priate,andmayeventell awhite lie onyourbehalf.Thesameagentis well trained
in timing, versedin finding opportunemoments,andrespectfulof idiosyncrasies.
” (p150)

“If youhavesomebodywhoknowsyouwell andsharesmuchof yourinformation,
that personcanact on your behalfvery effectively. If your secretaryfalls ill, it
would make no differenceif the tempingagency couldsendyou Albert Einstein.
This issueis not aboutIQ. It is sharedknowledgeandthepracticeof usingit in
yourbestinterests.” (p151)

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

Themainapplicationof suchagentsto datehasbeenin theareaof informationmanage-
mentsystems,particularlyemailmanagersandactive new readers[97] andactive world-
widewebbrowsers[94]. In section4.1.2,wediscusssuchapplicationsin moredetail.



<E=	B�<>@>FG<>HIB>JI<�34-�/�K?=�-�5�-�<>=�:�L?<>/>@?@4-+M4-�C+B4H�FG-�/0K (�N�U

2.2. IssuesandFutureDirections

Theareaof agentarchitectures,particularlylayered,or hybrid architectures,andpractical
reasoningarchitectures,continuesto beanareaof considerableresearcheffort within the
agentfield. For example,thereis ongoingwork to investigatetheappropriatenessof vari-
ousarchitecturesfor differentenvironmenttypes.It turnsout to bequitehardto evaluate
oneagentarchitectureagainstanother, althoughsomesuggestionshave beenmadeasto
how thismightbedonein aneutralway [118].

Finally, if agenttechnology, of the kind describedin this section,is to move from the
researchlab to the office of the everydaycomputerworker, thenseriousattentionmust
begivento developmentenvironmentsandprogramminglanguagesfor suchsystems.To
date,mostarchitectureshave beenimplementedin a ratherad hocmanner. Programming
languagesandtoolsfor agentswouldpresentthedeveloperwith alayerof abstractionover
sucharchitectures.Shoham’s AGENT0 is oneattemptto build sucha language[133], asis
theCONGOLOG languagedescribedin [89], andtheConcurrentMETATEM programming
language[47]. APRIL is anothersuchlanguage,whichprovidesthedeveloperwith asetof
softwaretoolsfor implementingMAS [99].

3. Multi-Agent Systems

Traditionally, researchinto systemscomposedof multipleagentswascarriedoutunderthe
bannerof DistributedArtificial Intelligence(DAI), andhashistoricallybeendivided into
two maincamps[9]: DistributedProblemSolving(DPS) andMulti-AgentSystems(MAS).
More recently, theterm“multi-agentsystems”hascometo havea moregeneralmeaning,
andis now usedto referto all typesof systemscomposedof multiple (semi-)autonomous
components.

Distributedproblemsolving(DPS) considershow aparticularproblemcanbesolvedby a
numberof modules(nodes),whichcooperatein dividing andsharingknowledgeaboutthe
problemandits evolving solutions.In a pureDPS system,all interactionstrategiesarein-
corporatedasanintegralpartof thesystem.In contrast,researchin MAS is concernedwith
thebehavior of acollectionof possiblypre-existingautonomousagentsaimingatsolvinga
givenproblem.A MAS canbedefinedasalooselycouplednetwork of problemsolversthat
work togetherto solve problemsthatarebeyondtheindividual capabilitiesor knowledge
of eachproblemsolver [39]. Theseproblemsolvers— agents— areautonomousandmay
beheterogeneousin nature.Thecharacteristicsof MAS are:

D eachagenthasincompleteinformation,or capabilitiesfor solving the problem,thus
eachagenthasa limited viewpoint;

D thereis noglobalsystemcontrol;

D datais decentralized;and

D computationis asynchronous.

Somereasonsfor theincreasinginterestin MAS researchinclude:theability to providero-
bustnessandefficiency; theability to allow inter-operationof existing legacy systems;and
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theability to solve problemsin which data,expertise,or control is distributed. Although
MAS providemany potentialadvantages,they alsofacemany difficult challenges.Below,
we presentproblemsinherentin thedesignandimplementationof MAS (this list includes
bothproblemsfirst posedin [9] andsomewehaveadded):

1. How to formulate,describe,decompose,andallocateproblemsandsynthesizeresults
amongagroupof intelligentagents?

2. How to enableagentsto communicateandinteract?Whatcommunicationlanguages
andprotocolsto use?Whatandwhento communicate?

3. How to ensurethatagentsactcoherentlyin makingdecisionsor takingaction,accom-
modatingthenonlocaleffectsof localdecisionsandavoidingharmfulinteractions?

4. How to enableindividual agentsto representandreasonabouttheactions,plans,and
knowledgeof otheragentsin orderto coordinatewith them?How to reasonaboutthe
stateof their coordinatedprocess(e.g.,initiation andcompletion)?

5. How to recognizeandreconciledisparateviewpointsandconflictingintentionsamong
acollectionof agentstrying to coordinatetheiractions?

6. How to effectively balancelocal computationandcommunication?More generally,
how to manageallocationof limited resources?

7. How to avoid or mitigateharmfuloverall systembehavior, suchaschaoticor oscilla-
tory behavior?

8. How to engineerand constrainpracticalMAS systems?How to designtechnology
platformsanddevelopmentmethodologiesfor MAS?

Solutionsto theseproblemsareof courseintertwined[54]. For example,differentmod-
eling schemesfor an individual agentmay constrainthe rangeof effective coordination
regimes;differentproceduresfor communicationandinteractionhave implicationsfor be-
havioral coherence;differentproblemandtaskdecompositionsmayyield differentinter-
actions.

Fromthisbackdrop,weprovidesomehistoricalcontext for thefield (section3.1),discuss
contemporarywork in distributedproblemsolving (section3.2) andmulti-agentsystems
(section3.3),andfinally, wediscusssomeopenissues(section3.4).

3.1. History

In 1980agroupof AI researchersheldthefirst DAI workshopat MIT to discussissuescon-
cerningintelligentproblemsolvingwith systemsconsistingof multipleproblemsolvers.It
wasdecidedthatDistributedAI wasnot concernedwith low level parallelismissues,such
ashow to distributeprocessingover differentmachines,or how to parallelizecentralized
algorithms,but ratherwith issuesof how intelligentproblemsolverscouldcoordinateef-
fectively to solve problems.Fromthesebeginnings,the DAI field hasgrown into a major
internationalresearcharea.
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3.1.1. Actors Oneof the first modelsof multi agentproblemsolving wasthe actors
model [2, 3]. Actors wereproposedasuniversalprimitivesof concurrentcomputation.
Actorsareself-contained,interactiveautonomouscomponentsof a computingsystemthat
communicateby asynchronousmessagepassing.Thebasicactorprimitivesare:

D create: creatinganactorfrom a behavior descriptionanda setof parameters,possibly
includingexistingactors;

D send: sendinga messageto anactor;

D become: changinganactor’s localstate.

Actor modelsarea naturalbasisfor many kindsof concurrentcomputation.However, as
notedin [9] actormodels,alongwith otherDAI models,facetheissueof coherence.The
low-level granularityof actorsalsoposesissuesrelatingto thecompositionof actorbehav-
iors in largercommunities,andachievementof higherlevel performancegoalswith only
localknowledge.Theseissueswereaddressedin [68] whereanoverview of OpenSystems
Scienceandits challengeswerepresented,andwhereanorganizationalarchitecturecalled
ORG wasproposedthatincludednew featuresandextensionsof theActor modelto support
organizinglargescalework.

3.1.2. TaskAllocationthroughtheContract NetProtocol Theissueof flexible alloca-
tion of tasksto multiple problemsolvers(nodes)receivedattentionearlyon in thehistory
of DAI [33]. Davis andSmith’s work resultedin the well-known Contract NetProtocol.
In this protocol,agentscandynamicallytake two roles: manager or contractor. Givena
taskto perform,anagentfirst determineswhetherit canbreakit into subtasksthatcouldbe
performedconcurrently. It employs theContractNet Protocolto announcethe tasksthat
couldbetransferred,andrequestsbidsfrom nodesthatcouldperformany of thesetasks.
A nodethatreceivesa taskannouncementreplieswith a bid for that task,indicatinghow
well it thinksit canperformthetask.Thecontractorcollectsthebidsandawardsthetask
to thebestbidder. AlthoughtheContractNetwasconsideredby SmithandDavis (aswell
asmany subsequentDAI researchers)to be a negotiation technique,it is really a coordi-
nationmethodfor taskallocation. The protocolenablesdynamictaskallocation,allows
agentsto bid for multiple tasksata time,andprovidesnaturalloadbalancing(busyagents
neednot bid). Its limitationsarethat it doesnot detector resolve conflicts,the manager
doesnot inform nodeswhosebidshavebeenrefused,agentscannotrefusebids,thereis no
pre-emptionin taskexecution(time critical tasksmaynot beattendedto), andit is com-
municationintensive. To rectify someof its shortcoming,a numberof extensionsto the
basicprotocolhavebeenproposed,for example[128].

3.1.3. SomeEarly Applications

Air Traffic Control: Cammarata[21] studiedcooperationstrategies for resolvingcon-
flicts amongplansof a groupof agents.They appliedthesestrategiesto anair-traffic
controldomain,in which theaim is to enableeachagent(aircraft)to constructaflight



(�N�N ,.-�/0/�12/4345�67598;:�<>=�<?<>/0@?A�B4B4C�@>=�12@434-

planthatwill maintaina safedistancewith eachaircraft in its vicinity andsatisfyad-
ditional constraints(suchasreachingits destinationwith minimal fuel consumption).
Agentsinvolvedin apotentiallyconflictingsituation(e.g.,aircraftbecomingtooclose
accordingto their currentflight path)chooseoneof theagentsinvolvedin theconflict
to resolve it. Thechosenagentactsasa centralizedplannerto developa multi-agent
plan that specifiesthe conflict-freeflight pathsthat the agentswill follow. The de-
cisionof which agentwill do theplanningis basedon differentcriteria,for example,
most-informedagent,or more-constrainedagent.Theauthorscarriedoutexperimental
evaluationsto compareplansmadeby agentsthatwerechosenusingdifferentcriteria.

The Distributed VehicleMonitoring Task (DVM T): In this domain,a setof agentsare
distributedgeographically, andeachis capableof sensingsomeportionof anoverall
areato be monitored. As vehiclesmove throughits sensedarea,eachagentdetects
characteristicsoundsfrom thosevehiclesat discretetime intervals. By analyzingthe
combinationof soundsheardfrom aparticularlocationataspecifictime,anagentcan
developinterpretationsof whatvehiclesmight have createdthesesounds.By analyz-
ing temporalsequencesof vehicleinterpretations,andusingknowledgeaboutmobility
constraintsof differentvehicles,theagentcangeneratetentativemapsof vehiclemove-
mentsin its area.By communicatingtentativemapsto oneanother, agentscanobtain
increasedreliability andavoid redundanttrackingin overlappingregions[38].

Blackboards: The DVMT, alongwith otherearly MAS applicationsusethe blackboard
systemsfor coordination. Put crudely, a blackboardis simply a shareddatastruc-
ture[40]. Agentscanusea blackboardto communicateby simply writing on thedata
structure. Early DVMT work by LesserandCorkill [30] usedtwo blackboards,one
for dataandtheotherfor agents’goals. In the MINDS project,Huhnset al alsoused
two specializedblackboards[73]. TheMINDS projectwasadistributedinformationre-
trieval system,in whichagentssharedbothknowledgeandtasksin orderto cooperate
in retrieving documentsfor users.Hayes-Rothproposeda moreelaborateblackboard
structure,with threeinteractingsub-agentsfor perception,controlandreasoning[64].

3.2. CooperativeMulti-AgentInteractions

As interestincreasesin applicationsthatusecooperative agentsworking towardsa com-
mongoal,andasmoreagentsarebuilt that cooperateasteams,(suchasin virtual train-
ing [143], Internet-basedinformation integration [35], ROBOCUP robotic and synthetic
soccer[149], andinteractive entertainment[66]), so it becomesmoreimportantto under-
standtheprinciplesthatunderpincooperation.

As discussedin section2.1, planningfor a singleagentis a processof constructinga
sequenceof actionsconsideringonly goals,capabilitiesand environmentalconstraints.
Planningin a MAS environment,on the otherhand,considersin additionthe constraints
that theotheragents’activities placeon anagent’s choiceof actions,theconstraintsthat
anagent’scommitmentsto othersplaceon its own choiceof actionsandtheunpredictable
evolutionof theworld causedby other, un-modeledagents.

Most earlywork in DAI dealtwith groupsof agentspursuingcommongoals(e.g.,[90,
38, 21, 91]). Agent interactionswereguidedby cooperationstrategiesmeantto improve
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their collective performance.In this light, earlywork on distributedplanningtook theap-
proachof completeplanningbeforeaction. To producea coherentplan, theagentsmust
beableto recognizesubgoalinteractionsandeitheravoid themor elseresolve them. For
instance,work by Georgeff [55] includeda synchroniseragentto recognizeandresolve
suchinteractions.Otheragentssendthis synchronisertheir plan; thesynchroniserexam-
inesplansfor critical regionsin which, for example,contentionfor resourcescouldcause
themto fail. Thesynchronisertheninsertedsynchronizationmessages(akin to operating
systemssemaphores)to ensuremutualexclusion.In thework by Cammarataon air traffic
control(seesection3.1.3)thesynchronizingagentwasdynamicallyassignedaccordingto
differentcriteria,andcouldalterits planto removetheinteraction(avoid collision).

Anothersignificantapproachto resolvingsub-probleminterdependenciesis the“Func-
tionally AccurateModel (FA/C)” [91]. In theFA/C model,agentsdo not needto have all
thenecessaryinformationlocally to solve their sub-problems,but insteadinteractthrough
theasynchronous,coroutineexchangeof partial results.Startingwith theFA/C model,a
seriesof sophisticateddistributedcontrolschemesfor agentcoordinationweredeveloped,
suchasuseof staticmeta-level informationspecifiedbyanorganizationalstructure,andthe
useof dynamicmeta-level informationdevelopedin Partial GlobalPlanning(PGP) [38].

Partial GlobalPlanningis a flexible approachto coordinationthatdoesnot assumeany
particulardistribution of sub-problems,expertiseor other resources,but insteadallows
nodesto coordinatethemselves dynamically[38]. Agent interactionstake the form of
communicatingplansandgoalsat anappropriatelevel of abstraction.Thesecommunica-
tionsenablea receiving agentto form expectationsaboutthefuturebehavior of a sending
agent,thusimproving agentpredictabilityandnetwork coherence[38]. Sinceagentsare
cooperative,therecipientagentusestheinformationin theplanto adjustits ownlocalplan-
ningappropriately, sothatthecommonplanninggoals(andplanningeffectivenesscriteria)
aremet. Besidestheir commonPGP’s, agentsalsohave somecommonknowledgeabout
how andwhento usePGPs. Decker [34] addressedsomeof the limitationsof the PGP by
creatinga genericPGP-basedframework calledTAEMS to handleissuesof real-time(e.g.,
schedulingto deadlines)andmeta-control(e.g.,to obviatetheneedto dodetailedplanning
atall possiblenodeinteractions).

Anotherresearchdirectionin cooperativemulti-agentplanninghasbeendirectedtowards
modelingteamworkexplicitly. Thisisparticularlyhelpfulin dynamicenvironments,where
teammembersmay fail or wherethey maybepresentedwith new opportunities.In such
situations,it is necessarythat teamsmonitor their performanceandreorganizebasedon
their currentsituation.

The joint intentionsframework [93] is a naturalextensionto the practical reasoning
agentsparadigmdiscussedin section2.1.1. It focuseson characterisinga team’s men-
tal state,calleda joint intention(seee.g.,[77] for survey). A teamjointly intendsa team
action if the teammembersare jointly committedto completingthe teamaction,while
mutuallybelieving they weredoingit. A joint commitmentis definedasa joint persistent
goal. To enterinto a joint commitment,all teammembersmustestablishappropriatemu-
tual beliefsandcommitments.This is donethroughanexchangeof requestandconfirm
speechacts[28]. The commitmentprotocolsynchronizesthe team,in that all members
simultaneouslyenterinto a joint commitmenttowardsa teamtask. In addition,all team
membersmustconsent,via confirmation,to theestablishmentof a joint commitmentgoal
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— thusa joint commitmentgoalis not establishedif a teammemberrefuses.In this case,
negotiationcouldbeused,thoughhow thismightbedoneremainsanopenissue.

TheSharedPlanmodel[60, 61] is basedona differentmentalattitude:intendingthat an
actionbedone[13]. “Intendingthat” concernsa group’s joint activity or a collaborator’s
actions.Theconceptis definedvia a setof axiomsthatguidea teammateto take action,
or enterinto communicationthatenablesor facilitatesits teammatesto performassigned
tasks.COLLAGEN [122] is aprototypetoolkit thathasits originsin theSharedPlanmodel,
andwhich hasbeenappliedto building a collaborative interfaceagentthathelpswith air
travel arrangements.Jennings[79] presentedaframework calledjoint responsibilitybased
on a joint commitmentto a team’s joint goalanda joint recipecommitmentto a common
recipe.Thismodelwasimplementedin theGRATE* system[78], andappliedto thedomain
of electricitytransportmanagement.

Tambe[144] presentsamodelof teamwork calledSTEAM (Shell for TEAMwork), based
onenhancementsto theSoararchitecture[109], plusasetof about300domainindependent
Soarrules. Basedon the teamwork operationalizedin STEAM, threeteamshave been
implemented,two thatoperatein acommerciallyavailablesimulationfor military training
anda third in ROBOCUP syntheticsoccer. STEAM usesa hybrid approachthatcombines
joint intentionswith partialSharedPlans.

3.3. Self-InterestedMulti AgentInteractions

Thenotionof interactionsamongself-interestedagentshasbeencenteredaroundnegotia-
tion. Negotiationis seenasa methodfor coordinationandconflict resolution(e.g.,resolv-
ing goaldisparitiesin planning,resolvingconstraintsin resourceallocation,resolvingtask
inconsistenciesin determiningorganizationalstructure).Negotiationhasalsobeenusedas
ametaphorfor communicationof planchanges,taskallocation,or centralizedresolutionof
constraintviolations.Hence,negotiationis almostasill-definedasthenotionof “agent”.

We give herewhat we considerto be the main characteristicsof negotiation, that are
necessaryfor developing applicationsin the real world. Theseare: (a) the presence
of someform of conflict that must be resolved in a decentralizedmanner, by (b) self-
interestedagents,underconditionsof (c) boundedrationality, and(d) incompleteinfor-
mation. Furthermore,the agentscommunicateand iteratively exchangeproposalsand
counter-proposals.

ThePERSUADER systemby Sycara[141, 140] andwork by Rosenschein[123, 124] rep-
resentthefirst work by DAI researcherson negotiationamongself-interestedagents.The
two approachesdiffer in theirassumptions,motivations,andoperationalization.Thework
of Rosenscheinwasbasedon gametheory. Utility is thesingleissuethatagentsconsider,
andagentsareassumedto beomniscient.Utility valuesfor alternative outcomesarerep-
resentedin a payoff matrix that is commonknowledgeto bothpartiesin thenegotiation.
Eachpartyreasonsaboutandchoosesthealternativethatwill maximizeits utility. Despite
themathematicaleleganceof gametheory, gametheoreticmodelssuffer from restrictive
assumptionsthat limit their applicability to realisticproblems1. Realworld negotiations
areconductedunderuncertainty, involve multiple criteria ratherthana singleutility di-
mension,theutilities of theagentsarenotcommonknowledgebut areinsteadprivate,and
theagentsarenotomniscient.
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ThePERSUADER is animplementedsystemthatoperatesin thedomainof labornegotia-
tion [139]. It involvesthreeagents(aunion,acompany, andamediator),andis inspiredby
humannegotiation.It modelstheiterativeexchangeof proposalsandcounter-proposalsin
orderfor thepartiesto reachagreement.Thenegotiationinvolvesmultiple issues,suchas
wages,pensions,seniority, subcontracting,andsoon. Eachagent’smulti-dimensionalutil-
ity modelis private(ratherthancommon)knowledge.Belief revisionto changetheagents’
utilities sothatagreementcanbereachedis achievedvia persuasive argumentation[141].
In addition,case-basedlearningtechniquesarealsoincorporatedinto themodel.

Work by Kraus [86], focuseson the role of time in negotiation. Using a distributed
mechanism,agentsnegotiateandcanreachefficient agreementswithout delays.It is also
shown thattheindividualapproachof eachagenttowardsthenegotiationtimeaffects(and
mayevendetermine)thefinal agreementthatis reached.

As electroniccommerceis rapidly becominga reality, the needfor negotiation tech-
niquesthat take into considerationthecomplexities of therealworld, suchasincomplete
information,multiple negotiation issues,negotiationdeadlines,and the ability to break
contractswill becritically needed.Work in non-bindingcontractsincludes[127] wherede-
commitmentpenaltieswereintroducedinto theContractNetProtocol,andtheADEPT sys-
tem,in whichapenaltyfor contractviolationwasbuilt into thenegotiationagreement[82].

Anotherimportantaspectof successfulinteractionfor self-interestedagentsis theability
to adaptbehaviour to changingcircumstances(see[138] for a survey). However, learn-
ing in a multi-agentenvironmentis complicatedby thefact thatasotheragentslearn,the
environmenteffectively changes.Moreover, otheragents’actionsareoften not directly
observable,andtheactiontakenby the learningagentcanstronglybiasthe rangeof be-
haviors thatareencountered.Hu andWellman[69] characterizeanagent’s belief process
in termsof conjecturesabouttheeffect of their actions.A conjecturalequilibriumis then
defined,in which all agents’expectationsarerealized,andeachagentrespondsoptimally
to its expectations.They presentamulti-agentsystemwhereanagentbuildsamodelof the
responseof others.Their experimentalresultsshow thatdependingon thestartingpoint,
theagentmaybebetteror worseoff thanhadit notattemptedto learnamodelof theother
agents.

In [159] theBazaarnegotiationmodelwaspresented,which includedmulti-agentlearn-
ing throughagentinteractions.Thebenefitsof learning,if any, on the individual utilities
of agents,aswell asthe overall (joint) systemutility wereexamined. The experimental
resultssuggestthat: (a) whenall agentslearn,the joint systemutility is nearoptimaland
agents’individualutilities areverysimilar; (b) whennoagentlearnstheagents’individual
utilities arealmostequalbut thejoint utility is verylow (muchlowerthanin the“all agents
learn”condition);and(c) whenonly oneagentlearns,its individualutility increasesat the
expenseof boththeindividualutility of theotheragentsaswell astheoverall joint utility
of thesystem(i.e.,only oneagentlearninghasa harmfuloveralleffect) [159, 160].

3.4. IssuesandFutureDirections

Oneof the most importantdriving forcesbehindMAS researchanddevelopmentis the
Internet: agentsarepopulatingthe Internetat an increasinglyrapid pace. Theseagents
invariablyneedto interactwith one-anotherin orderto meettheir designer’s objectives.
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In suchopenenvironments,agentsthat would like to coordinatewith eachother(either
cooperateor negotiate,for example)facetwo majorchallenges:first, they mustbeableto
findeachother(in anopenenvironment,agentsmightappearanddisappearunpredictably),
andoncethey havedonethat,they mustbeableto inter-operate.

To addressthe issueof finding agentsin anopenenvironmentlike the Internet,middle
agents[88] havebeenproposed.Eachagentadvertisesit capabilityto somemiddleagent.
A numberof differentagenttypeshave beenidentified,includingmatchmakers or yellow
pageagents(thatmatchadvertisementsto requestsfor advertisedcapabilities),blackboard
agents(thatcollectrequests),andbrokers (thatprocessboth). In preliminaryexperiments
[36], it wasseenthatthebehaviorsof eachtypeof middle-agenthavecertainperformance
characteristics.For example,while brokeredsystemsaremorevulnerableto certainfail-
ures,they arealsoableto copemorequickly with a rapidly fluctuatingagentwork-force.
Middle agentsareadvantageoussincethey allow a systemto operaterobustly in theface
of agentappearanceanddisappearance,andintermittentcommunications.

To allow agentsto inter-operate,anumberof agentcommunicationlanguageshavebeen
designed[98, 135, 49]. Theseprovide a setof performativesbasedon speechacts[132].
Thoughsuchperformativescancharacterizemessagetypes,efficient languagesto express
messagecontentthat allows agentsto “understand”eachotherhave not beeneffectively
demonstrated.Thustheontology problem— thatof how canagentssharemeaning— is
still open[62].

Anothercritical issueis effectiveallocationof limited resourcesto multiple agents.For
example,wehaveall experiencedlargetimelagsin responseto Internetqueriesbecauseof
network congestion.Economics-basedmechanismshave beenutilized in MAS to address
problemsof resourceallocation(thecentralthemeof economicresearch)[102, 128, 71].
Economics-basedapproaches,andmarketmechanismsin particular, arebecomingincreas-
ingly attractiveto MAS researchersbothbecauseof thereadyavailability of underlyingfor-
mal models,but alsobecauseof their potentialapplicability in Internet-basedcommerce.
In suchapproaches,agentsareassumedto beself-interestedutility maximizers.Theareas
whereeconomics-basedapproacheshave beenappliedto MAS researchto dateare: (a)
resourceallocation;(b) taskallocation;and(c) negotiation.In markets,agentsthatcontrol
scarceresources(labor, raw materials,goods,money) agreeto shareby exchangingsome
of their respectiveresourcesto achievesomecommongoal.Resourcesareexchangedwith
or without explicit prices. Marketsassumethat exchangepricesarepublicly known. In
auctions,thereis a centralauctioneerthroughwhich coordinationhappens.Hencethe
agentsneedonly exchangeminimalamountsof information.

Self interestedagents,by definition,simply choosea courseof actionwhich maximizes
theirown utility. In asocietyof self-interestedagents,it is desiredthatif eachagentmaxi-
mizesit localutility, thenthewholesocietyexhibitsdesirablebehavior — in otherwords,
locally goodbehavior impliesglobally goodbehavior. Thegoal is to designmechanisms
for self-interestedagentssuchthat if agentsfollow thesemechanisms,theoverall system
behavior will be acceptable.This is calledmechanismdesign[7]. Thereare,however,
many problemsfacingsucha societyof self-interestedagents.First,agentsmightoveruse
andhencecongesta sharedresource,suchasa communicationsnetwork. This problem
is called the tragedyof the commons[63]. The problemof the tragedyof commonsis
usuallysolvedby pricingor taxingschemes.Second,asocietyof self-interestedcomputa-
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tional agentscanexhibit oscillatoryor chaoticbehavior [72, 145]. Complex behavior can
beexhibitedby verysimplecomputationalecosystems.Experimentalresultsindicatethat
imperfectknowledgesuppressesoscillatorybehavior at the expenseof reducingperfor-
mance.In addition,enhancingthedecision-makingabilitiesof someof theindividualsin
thesystemcaneitherimproveor severelydegradeoverallsystemperformance.Moreover,
systemscanremainin non-optimalmeta-stablestatesfor long periodsbeforereachinga
globallyoptimalstate.In [145] asimilarproblemis considered.Two approachesareeval-
uated,correspondingto heterogeneouspreferencesandheterogeneoustransactioncosts.
Empirically, thetransactioncostcaseis shown to providestability with nearoptimalpay-
offs undercertainconditions.Thefinal problemwith self-interestedsystemsis thatagents
mightbeuntruthfulor deceitfulin orderto increasetheir individualutility. Thismayhave
harmfuleffectonthewholesociety. Mechanismdesigntechniqueshavebeenreportedthat
make it beneficialfor agentsto reportthetruth [105].

4. Applications

Agent technologyis rapidly breakingout of universitiesandresearchlabs,andis begin-
ning to beusedto solve real-world problemsin a rangeof industrialandcommercialap-
plications. Fieldedapplicationsexist today, andnew systemsarebeingdevelopedat an
increasinglyrapid rate. Againstthis background,the purposeof this sectionis twofold.
First, it aimsto identify themainareaswhereagent-basedapproachesarecurrentlybeing
usedandto provide pointersto someexemplarsystemswithin theseareas(section4.1).
Secondly, it aimsto anticipatelikely futuredirectionsof appliedagentwork andto high-
light openissueswhichneedto beaddressedif this technologyis to fulfill its full potential
(section4.2).

4.1. Key DomainsandExemplarSystems

To date,themainareasin which agent-basedapplicationshave beenreportedareasfol-
lows: manufacturing,processcontrol,telecommunicationsystems,air traffic control,traf-
fic and transportationmanagement,informationfiltering andgathering,electroniccom-
merce,businessprocessmanagement,entertainmentandmedicalcare.Whilst a compre-
hensive review of all the systemsin all of theseareasis beyond the scopeof this paper
(see[22, 83, 114]), weattemptto outlinesomeof thekey systemsin theseareas.

4.1.1. IndustrialApplications Industrialapplicationsof agenttechnologywereamong
thefirst to bedeveloped,andtoday, agentsarebeingappliedin a wide rangeof industrial
systems:

Manufacturing: Parunak[148] describesthe YAMS system(Yet AnotherManufacturing
System),whichappliestheContractNetProtocol(seeabove)tomanufacturingcontrol.
Thebasicproblemcanbe describedasfollows. A manufacturingenterpriseis mod-
elled asa hierarchyof workcells. Therewill, for example,be workcellsfor milling,
lathing,grinding,painting,andsoon. Theseworkcellsarefurthergroupedinto flexible



(�O�T ,.-�/0/�12/4345�67598;:�<>=�<?<>/0@?A�B4B4C�@>=�12@434-

manufacturingsystems(FMS), eachof which providesa functionalitysuchasassem-
bly, paint spraying,buffering of products,andso on. A collectionof suchFMSs is
groupedinto a factory. A singlecompany or organisationmay have many different
factories,thoughthesefactoriesmayduplicatefunctionalityandcapabilities.Thegoal
of YAMS is to efficiently managethe productionprocessat theseplants. This pro-
cessis definedby someconstantlychangingparameters,suchas the productsto be
manufactured,available resources,time constraints,andso on. In order to achieve
this enormouslycomplex task,YAMS adoptsa multi-agentapproach,whereeachfac-
tory andfactorycomponentis representedasanagent.Eachagenthasa collectionof
plans,representingits capabilities.The contractnet protocolallows tasks(i.e., pro-
ductionorders)to be delegatedto individual factories,andfrom individual factories
down to FMSs, andthento individual work cells. Othersystemsin this areainclude
thosefor: configurationdesignof manufacturingproducts[32], collaborative design
[31, 115], schedulingandcontrolling manufacturingoperations[50, 112, 116, 136],
controllinga manufacturingrobot [113], anddeterminingproductionsequencesfor a
factory[26, 157].

ProcessControl: Processcontrol is a naturalapplicationfor agents,sinceprocesscon-
trollers are themselvesautonomousreactive systems.It is not surprising,therefore,
thatanumberof agent-basedprocesscontrolapplicationsshouldhavebeendeveloped.
Thebestknown of theseis ARCHON, asoftwareplatformfor building multi-agentsys-
tems,andanassociatedmethodologyfor building applicationswith thisplatform[81].
ARCHON hasbeenappliedin severalprocesscontrolapplications,includingelectric-
ity transportationmanagement(theapplicationis in usein northernSpain[29]), and
particleacceleratorcontrol [117]. ARCHON alsohasthe distinctionof beingoneof
theworld’s earliestfield-testedmulti-agentsystems.Otheragent-basedprocesscon-
trol systemshave beenwritten for monitoringanddiagnosingfaultsin nuclearpower
plants[150], spacecraftcontrol[131, 76], climatecontrol[27] andsteelcoil processing
control[101].

Telecommunications: Telecommunicationsystemsarelarge,distributednetworksof in-
terconnectedcomponentswhich needto be monitoredandmanagedin real-time. In
whatisafiercelycompetitivemarket,telecommunicationcompaniesandserviceproviders
aim to distinguishthemselvesfrom their competitorsby providing better, quicker or
morereliableservices.To achieve this differentiation,they are increasinglyturning
to state-of-the-artsoftwaretechniquesincludingagent-basedapproaches.In onesuch
application,[59], negotiatingagentsareusedto tackle the featureinteractionprob-
lem. Featuresin atelecommunicationsystemprovideaddedfunctionalityontopof the
basiccommunication(e.g.,call forwardingandcaller-id). 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 traditionalapproachof analysingservices
atdesigntimeandhard-wiringin solutionsfor all possibleinteractionpermutationsis
doomedto failure.Giventhissituation,GriffethandVelthuijsen[59] decidedto adopt
a differentstrategy andtacklethe problemon an as-neededbasisat run-time. They
did this by employing negotiatingagentsto representthedifferententitieswhoarein-
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terestedin thesetup of a call. Whenconflictsaredetected,theagentsnegotiatewith
one anotherto resolve them so that an acceptablecall configurationis established.
Otherproblemsfor which agent-basedsystemshave beenconstructedinclude: net-
work control [129, 152], transmissionandswitching[110], servicemanagement[19]
andnetwork management[1, 41, 53, 119]. See[153] for a comprehensive review of
thisarea.

Air Traffic Control: Ljunberg andLucas[95] describea sophisticatedagent-realisedair
traffic controlsystemknown asOASIS. In thissystem,which is undergoingfield trials
atSydney airportin Australia,agentsareusedto representbothaircraftandthevarious
air-traffic controlsystemsin operation.Theagentmetaphorthusprovidesausefuland
naturalway of modellingreal-world autonomouscomponents.As an aircraft enters
Sydney airspace,an agentis allocatedfor it, and the agentis instantiatedwith the
informationandgoalscorrespondingto thereal-worldaircraft.Forexample,anaircraft
mighthaveagoalto landonacertainrunwayatacertaintime.Air traffic controlagents
areresponsiblefor managingthesystem.OASIS is implementedusinga belief-desire-
intentionsystemcalledDMARS [56].

Transportation Systems: The domainof traffic andtransportationmanagementis well
suitedto anagent-basedapproachbecauseof its geographicallydistributednature.For
example,[18] describea multi-agentsystemfor implementinga future car pooling
application. Heretherearetwo typesof agent:onerepresentingthe customerswho
requireor who canoffer transportation,andonerepresentingthestationswherecus-
tomerscongregatein orderto bepickedup. Customeragentsinform relevantstations
of their requirements(whenandwherethey want to go) andthe stationagentdeter-
mineswhethertheir requestscanbeaccommodatedand,if so,which car they should
bebookedinto. Otherapplicationsin thisareaaredescribedin [46].

4.1.2. Commercial Applications While industrialapplicationstendtobehighly-complex,
bespoke systemswhich operatein comparatively small nicheareas,commercialapplica-
tions,especiallythoseconcernedwith informationmanagement,tendto beorientedmuch
moretowardsthemassmarket.

Inf ormation Management: As therichnessanddiversityof informationavailableto us
in our everydayliveshasgrown, so the needto managethis informationhasgrown.
The lack of effective informationmanagementtools hasgiven rise to what is collo-
quially known asthe informationoverloadproblem.Putsimply, thesheervolumeof
informationavailableto usvia theInternetandWorld-Wide Web(WWW) represents
avery realproblem.Thepotentialof this resourceis enormous,but thereality is often
disappointing.Therearemany reasonsfor this. Both humanfactors(suchasusers
gettingboredor distracted)andorganisationalfactors(suchaspoorlyorganisedpages
with no semanticmark-up)conspireagainstusersattemptingto usetheresourcein a
systematicway. We cancharacterisetheinformationoverloadproblemin two ways:

D Information filtering: Every day, we are presentedwith enormousamountsof
information(via email andusenetnews, for example),only a tiny proportionof
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whichis relevantor important.Weneedto beableto sortthewheatfrom thechaff,
andfocuson theinformationweneed.

D Informationgathering: Thevolumeof informationavailablepreventsusfrom ac-
tually findinginformationto answerspecificqueries.Weneedto beableto obtain
informationthatmeetsour requirements,evenif this informationcanonly becol-
lectedfrom a numberof differentsites.

Oneimportantcontributing factorto informationoverloadis almostcertainlythatan
enduseris requiredto constantlydirectthemanagementprocess.But thereis in prin-
ciple no reasonwhy suchsearchesshouldnot be carriedout by agents,acting au-
tonomouslyto searchthewebon behalfof someuser. Theideais socompellingthat
many projectsaredirectedat doingexactly this — indeedthis is probablythesingle
mostactiveareafor agentapplications.Two typicalprojectsare:

D Maxims is an electronicmail filtering agentwhich “learns to prioritise, delete,
forward,sort,andarchive mail messageson behalfof a user”[97, p35]. It works
by “looking overtheshoulder”of auserasheor sheworkswith theiremailreading
program,anduseseveryactiontheuserperformsasa lesson.Maximsconstantly
makes internal predictionsaboutwhat a userwill do with a message.If these
predictionsturnout to beinaccurate,thenMaximskeepsthemto itself. But when
it finds it is having a usefuldegreeof successin its predictions,it startsto make
suggestionsto theuseraboutwhatto do.

D TheWARREN financialportfolio managementsystem,is amulti-agentsystemthat
integratesinformation finding and filtering in the context of supportinga user
manageherfinancialportfolio. Thesystemconsistsof agentsthatcooperatively
self-organizeto monitorandtrackstockquotes,financialnews,financialanalysts
reports,andcompany earningsreportsin orderto appraisetheportfolio ownerof
the evolving financialpicture. The agentsnot only answerrelevant queriesbut
alsocontinuouslymonitor availableinformationresourcesfor the occurrenceof
interestingevents(e.g.,a particularstockhasgoneup pasta threshold)andalert
theportfolio manageragentor theuser.

Otherapplicationsin thisareainclude:WEBMATE [25], apersonalassistantthatlearns
user interestsand on the basisof thesecompilesa personalnewspaper, a personal
assistantagentfor automatingvarioususertaskson a computerdesktop[20], a home
pagefinderagent[42], a webbrowsingassistant[94] andanexpertlocatoragent[85].

Electronic Commerce: Currently, commerceis almostentirelydrivenby humaninterac-
tions; humansdecidewhento buy goods,how muchthey arewilling to pay, andso
on. But in principle, thereis no reasonwhy somecommercecannotbe automated.
By this, we meanthatsomecommercialdecisionmakingcanbeplacedin thehands
of agents.Althoughwidespreadelectroniccommerceis likely to lie somedistancein
the future, an increasingamountof tradeis beingundertaken by agents.As an ex-
ample,[24] describesa simple“electronicmarketplace”calledKasbah.This system
realisesthemarketplaceby creating“buying” and“selling” agentsfor eachgoodto be
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purchasedor soldrespectively. Commercialtransactionsthentake placeby the inter-
actionsof theseagents.OthercommerceapplicationsincludeBargainFinder[87] an
agentwhichdiscoversthecheapestCDs,Jango[37] apersonalshoppingassistantable
to searchon-linestoresfor productavailability andpriceinformation,MAGMA [147] a
virtual marketplacefor electroniccommerce,andseveralagent-basedinteractivecata-
logues[130, 142].

BusinessProcessManagement: Company managersmake informeddecisionsbasedon
a combinationof judgementandinformationfrom many departments.Ideally, all rel-
evantinformationshouldbebroughttogetherbeforejudgementis exercised.However
obtainingpertinent,consistentandup-to-dateinformationacrossa large company is
a complex andtime consumingprocess.For this reason,organisationshave sought
to developa numberof IT systemsto assistwith variousaspectsof the management
of their businessprocesses.ProjectADEPT [82] tacklesthis problemby viewing a
businessprocessasa communityof negotiating,serviceproviding agents.Eachagent
representsa distinct role or departmentin the enterpriseandis capableof providing
oneor moreservices.Agentswho requirea servicefrom anotheragententerinto a
negotiationfor thatserviceto obtaina mutuallyacceptableprice,time, anddegreeof
quality. Successfulnegotiationsresult in bindingagreementsbetweenagents.Other
applicationin this areaincludea systemfor supplychain management[51], a sys-
tem for managingheterogeneousworkflows [75] anda systemof mobile agentsfor
inter-organisationalworkflow management[100].

4.1.3. EntertainmentApplications Theleisureindustryis oftennot takenseriouslyby
the computersciencecommunity. Leisureapplicationsarefrequentlyseenassomehow
peripheralto the “serious” applicationsof computers.And yet leisureapplicationssuch
ascomputergamescanbeextremelychallengingandlucrative. Agentshave anobvious
role in computergames,interactive theatre,andrelatedvirtual reality applications:such
systemstendto be full of semi-autonomousanimatedcharacters,which cannaturallybe
implementedasagents.

Games: GrandandCliff [58] built thehighly successfulCreaturesgameusingagenttech-
niques.Creaturesprovidesa rich, simulatedenvironmentcontaininga numberof syn-
theticagentsthata usercaninteractwith in real-time. Theagentsareintendedto be
sophisticatedpetswhosedevelopmentis shapedby their experiencesduringtheir life-
time. Wavish et al., [151] alsodescribeseveral applicationsof agenttechnologyto
computergames.

Interacti veTheatreand Cinema: By interactive theatreandcinema,we meana system
thatallowsauserto playouta roleanalogousto thoseplayedby real,humanactorsin
playsor films, interactingwith artificial, computercharactersthathavethebehavioural
characteristicsof real people. Agentsthat play the part of humansin theatre-style
applicationsareoftenknown asbelievableagents– softwareprograms“that provide
the illusion of life, thuspermitting [an] audience’s suspensionof disbelief” [6]. A
numberof projectshavebeensetupto investigatethedevelopmentof suchagents[146,
65, 92, 48]).
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4.1.4. Medical Applications Medical informaticsis a major growth areain computer
science:new applicationsarebeingfoundfor computersevery dayin thehealthindustry.
It is not surprising,therefore,that agentsshouldbe appliedin this domain. Two of the
earliestapplicationsarein theareasof patientmonitoringandhealthcare.

Patient Monitoring: TheGUARDIAN system[67] is intendedto helpmanagepatientcare
in theSurgicalIntensiveCareUnit (SICU). Thesystemwasmotivatedby two concerns:
first, that thepatientcaremodelin a SICU is essentiallythat of a team,wherea col-
lectionof expertswith distinctareasof expertisecooperateto organisepatienthealth
care;andsecond,that oneof themostimportantfactorsin goodSICU patienthealth
careis theadequatesharingof informationbetweenmembersof thecritical careteam.
In particular, specialiststendto have very little opportunityto monitortheminute-by-
minutestatusof a patient;this tasktendsto fall to nurses,who, in contrast,oftendo
nothavetheexpertiseto interprettheinformationthey obtainin thewaythatanappro-
priateexpert would. The GUARDIAN systemdistributesthe SICU patientmonitoring
functionamonga numberof agents,of threedifferenttypes:perception/actionagents
— responsiblefor theinterfacebetweenGUARDIAN andtheworld, mappingraw sen-
sor input into a usablesymbolicform, andtranslatingactionrequestsfrom Guardian
into raw effectorcontrolcommands;reasoningagents- responsiblefor organisingthe
system’sdecisionmakingprocess;andcontrol agents— of which therewill only ever
beone,with overall, top-level controlof thesystem.Theseagentsareorganisedinto
hierarchies,andthe systemasa whole is closelybasedon the blackboardmodelof
control.

Health Care: A prototypicalagent-baseddistributed medicalcaresystemis described
in [70]. This systemis designedto integratethepatientmanagementprocess,which
typically involvesmany individuals. For example,a generalpractitionermaysuspect
that a patienthasbreastcancer, but this suspicioncannotbe confirmedor rejected
without theassistanceof ahospitalspecialist.If thespecialistconfirmsthehypothesis,
thenacareprogrammemustbedevisedfor treatingthepatient,involving theresources
of otherindividuals. Thesystemallows a naturalrepresentationof this process,with
agentsmappedontotheindividualsand,potentially, organisationsinvolvedin thepa-
tientcareprocess.

4.2. FutureDirections

The aforementionedsystemscanbe consideredasthe first wave of agent-basedapplica-
tions. In additionto providing solutionsto meetreal-world needs,they demonstratethat
agent-basedsystemsarea useful and powerful solution technology2. That is, the con-
ceptionof (multiple) autonomousproblemsolversinteractingin variouswaysto achieve
individual andsystemgoalsis a usefulsoftwareengineeringabstraction(just asobjects
andabstractdatatypesare).Theabstractionis usefulto theextentthatit enablessoftware
engineersto domoreor to do thingsmorecheaply.

However, thesedevelopmentsalsoshow that designingandbuilding agentsystemsis
difficult. They have all theproblemsassociatedwith building traditionaldistributed,con-
currentsystems,andhave theadditionaldifficultieswhich arisefrom having flexible and
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sophisticatedinteractionsbetweenautonomousproblemsolving components.For these
reasons,mostextant agentsystemapplicationsarebuilt by, or in consultationwith, de-
signersanddeveloperswhoarethemselvesactivein theagentresearchcommunity. Whilst
this maysuffice for a nichesoftwaretechnology, we feel agentshave the potentialto be
far moreubiquitousthan this. Indeed,we firmly believe that agenttechnologyhasthe
potentialto enterthemainstreamof softwareengineeringsolutions(in thesameway that
object-orientedtechnologyhas).However for this to occur, it mustbepossiblefor profes-
sionalsoftwareengineersto designandbuild multi-agentsystems.Thebig questionthen
becomesoneof how this is achieved.

At this time, therearetwo major technicalimpedimentsto thewidespreadadoptionof
agenttechnology:(i) the lack of a systematicmethodologyenablingdesignersto clearly
specifyandstructuretheir applicationsasmulti-agentsystems;and(ii) thelack of widely
availableindustrial-strengthmulti-agentsystemtoolkits. Theformermeansthatmostex-
tant applicationshave beendesignedin a fairly ad hoc manner— eitherby borrowing a
methodology(typicallyanobject-orientedone)andtrying toshoe-hornit to themulti-agent
context or by workingwithoutamethodologyanddesigningthesystembasedon intuition
andpastexperience.Clearly this situationis unsatisfactory. What is requiredis a sys-
tematicmeansof analysingtheproblem,of workingout how it canbebeststructuredasa
multi-agentsystem,andthendetermininghow theindividualagentscanbestructured.The
latterimpedimentmeansthatmostmulti-agentsystemprojectsexpendsignificantdevelop-
menteffort building upbasicinfrastructurebeforethemainthrustof agentandinter-agent
developmentcancommence.Again,this is anunsustainableposition.Thepositioncanbe
alleviatedto a certainextentby exploiting existing technologies(suchasCORBA) asand
whereappropriate— ratherthanre-inventingthewheelasoftenhappensat themoment.
However, we believe thatstill greatersupportis neededfor theprocessof building agent-
level features.Thus,a toolkit (or aflexible setof tools)is required,providing facilitiesfor:
specifyinganagent’sproblemsolvingbehaviour, specifyinghow andwhenagentsshould
interact,andvisualisinganddebuggingtheproblemsolvingbehaviour of theagentsandof
theentiresystem.

Theothermajorimpedimentto thewidespreadadoptionof agenttechnologyhasasocial
aswell asa technicalaspect.For individualsto becomfortablewith theideaof delegating
tasksto agents,they mustfirst trust them. Both individualsandorganisationswill thus
needto becomemoreaccustomedandconfidentwith thenotionof autonomoussoftware
components,if they aretobecomewidelyused.Usershavetogainconfidencein theagents
thatwork ontheirbehalf,andthisprocesscantaketime. Duringthisperiod,theagentmust
strike balancebetweencontinuallyseekingguidance(andneedlesslydistractingtheuser)
andneverseekingguidance(andexceedingits authority).Putcrudely, anagentmustknow
its limitations.

5. Concluding Remarks

Thefield of autonomousagentsandmulti-agentsystemsis avibrantandrapidlyexpanding
areaof researchanddevelopment.It representsameltingpotof ideasoriginatingfromsuch
areasas distributed computing,object-orientedsystems,softwareengineering,artificial
intelligence,economics,sociology, andorganisationalscience.At its coreis theconcept
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of autonomousagentsinteractingwith oneanotherfor their individual and/orcollective
good.Thisbasicconceptualframeworkhasbecomecommoncurrency in arangeof closely
relateddisciplines,andoffersa naturalandpowerful meansof analysing,designing,and
implementinga diverserangeof softwaresolutions.

Over thepasttwo decades,anumberof significantconceptualadvanceshavebeenmade
in both the designandimplementationof individual autonomousagents,andin the way
in which they interactwith oneanother. Moreover, thesetechnologiesarenow beginning
to find their way into commercialproductsandreal-world softwaresolutions. However,
despitetheobviouspotential,thereareanumberof fundamentalresearchanddevelopment
issueswhich remain. As we have indicated,theseissuescover the whole gamutof the
agentsfield, andonly whenrobust andscalablesolutionshave beenfound will the full
potentialof agent-basedsystemsberealised.

Notes

1. It shouldbenotedthatsomerecentgametheoreticmodelsaredirectly motivatedby considerationsof drop-
ping or relaxingsomeof theseassumptions.Although therehasbeeninterestingprogressreportedin the
literature(e.g.,[84]), thefundamentalframework andmethodologyof gametheoryremainsalmostthesame
andit mightbetooearlyto tell whetherthesenew resultswill reshapethecurrentgametheoreticframework.

2. This is true even thoughmost implementedsystemsusetechniqueswhich are towardsthe simplerendof
thosereportedin theliterature.
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