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Thisarticleis anintroductorysurvey of agent-basedcomputing. Thearticlebeginswith an
overview of micro-level issuesin agent-basedsystems:issuesrelatedto thedesignandcon-
structionof individual intelligentagents.Thearticle thengoeson to discusssomemacro-
level issues:issuesrelatedto thedesignandconstructionof agentsocieties. Finally, thekey
applicationareasfor agenttechnologyaresurveyed.

1 Introduction

It is probablyquiterarefor asoftwaretechnologyto seizetheimaginationof thecomputerscience
communityatlarge.Andyetthisis preciselywhathashappenedwith intelligentagentsandmulti-
agentsystems. In thepastfew years,interestin agentshasgrown atanastonishingrate,andwhile
thecurrenthypemeansthat thereis sureto bea backlasheventually, this backlashis not yet in
evidence.

Theaim of this article is to survey somekey researchissuesanddevelopmentsin the area
of intelligent agentsandmulti-agentsystems.While an article like this cannothopeto act as
an introductionto all the issuesin a field asrich anddiverseasmulti-agentsystems,theaim is
neverthelessto point thereaderat themainareasof interest.Note that thearticle is intendedas
an introduction, notasaspecialist,advancedsurvey.

The article starts— inevitably — by askingthe questionwhat is an agent? This leadsto
a brief discussionon the topic of what sort of computersystemsare most appropriatelycon-
ceived and implementedas multi-agentsystems. A crudeclassificationschemeis then intro-
duced,wherebythe issuesrelatingto thedesignandimplementationof multi-agentsystemsare
dividedinto micro (agent-level) issuesandmacro (society-level) issues.In section2, micro-level
issues(essentially, whatsoftwarestructureshouldanagenthave?) arediscussedin moredetail.
Traditional symbolic AI architecturesfor agentsare reviewed, as well as alternative, reactive
architectures,andfinally, varioushybrid architectures.Oneparticularlywell-known agentarchi-
tectureis discussedin detail: theProcedural ReasoningSystem(PRS)[50]. Section3 considers
macro,or society-level aspectsof multi-agentsystems.It beginsby identifying a researcharea
known ascooperativedistributedproblemsolving(CDPS),andgoeson to considertheissuesof
coordinationandcoherence. This sectionalsomentionsissuessuchascommunicationandne-
gotiation. Section4 discussestheapplicationsto which the technologyof intelligentagentsand
multi-agentsystemsseemslikely to beapplied. Finally, in section5, someconcludingremarks
arepresented.
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1.1 WhatareAgents?

Like thequestionwhat is intelligence?in mainstreamAI, thequestionwhat is an agent? is the
mostfrequently-askedquestionin multi-agentsystemsresearch.Everyoneworking in the field
hastheir own interpretationof the term, and their own ideasaboutwhat the importantissues
are. Ratherthanentera debateaboutthe issue,we shall heresimply give anexamplescenario
describingcomputersystemsthatit seemsusefulto think of asagents(this exampleis borrowed
from [126]):

The key air-traffic control systemsin the country of Ruritaniasuddenlyfail, due
to freak weatherconditions. Fortunately, computerizedair-traffic control systems
in neighbouringcountriesnegotiatebetweenthemselvesto track anddealwith all
affectedflights,andthepotentiallydisastroussituationpasseswithoutmajorincident.

Thecomputersystems— agents— operatingin thisscenario. . .

� . . . are situatedin a constantlychangingenvironment;

Unlike thetheoremproversandexpertsystemsof earlyAI research,agentsoperateboth in
andon someenvironment,which maybe(in this case)theworld of air-traffic control,the
realworld (in thecaseof a physicallyembodiedrobot),the INTERNET (in thecaseof net-
work agents[118]), or a softwareenvironmentsuchasUNIX (in thecaseof softbots[33]).

� . . . haveonly partial, possiblyincorrect informationabouttheenvironment,andare able
to make(at best)limitedpredictionsaboutwhatthefuturewill hold;

Theagentsin this exampleareableto perceive their environmentthroughradarandradio
contactwith pilots; clearly, the information they obtain in this way, (particularlyabout
variableslike the weather),is limited andproneto error. Moreover, any predictionsthe
agentmakes(e.g.,abouttomorrow’sweather)will beliable to errors.

� . . . are able to act uponthe environmentin order to change it, but haveat bestpartial
control over theresultsof their actions;

The agentsin this scenariodo not have completecontrol over their environment: in par-
ticular, they have no controlover ‘nature’ (in theform of, for example,weather).They do
have limited controlover aspectsof theenvironment(in particular, they caninstructpilots
aboutwhatcourseto fly, altitude,speed,andsoon),but they cannotrely uponthis control
beingperfect(pilotscanignoreor misunderstandinstructions).

� . . . havepossiblyconflictingtasksthey mustperform;

More thanonere-routedaircraftmaywish to landon thesamerunway at thesametime.
In circumstancessuchas this, wherethe agentcannotachieve all the tasksit hasbeen
allocated,it mustfix uponsomesubsetof thesetasksandcommitto realizingthem(seethe
discussiononBDI architecturesin section2).

� . . . haveavailablemanydifferentpossiblecoursesof action;

Therewill typically bemany differentwaysthatanagentcanachieve its tasks;theagent
mustselectsomeprocedures,thatit believeswill achieve its selectedtasks,andcommitto
performingthem. Moreover, theagentsshouldpick theproceduresthatarein somesense
thebest.
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� . . . are requiredto make decisionsin a timelyfashion.

Realagentsdonothave infinite resources:theworld changesin realtime,andagentsmust
make the best(most rational) decisionspossible,given the resources(information,time,
computationalpower)availableto them[91].

(Thesepointsareborrowedfrom [84, p313],wherethey arediscussedin moredetail.) It should
beclearto anyonewith morethana passingappreciationof softwareengineeringthatthedesign
and implementationof computersystemsthat canoperateundertheseconstraintsis extremely
difficult. Someresearchers(e.g.,[84]) believe thatsuchcomputersystemsmayusefullybecon-
sideredasmulti-agentsystems,andthatthetoolsandtechniquesof multi-agentsystemsresearch
may fruitfully beusedto developthem. Clearly, thescenarioabove is ratherextreme(it is hard
to think of many moredifficult computersystemsto build!), but theagentconceptis likely to be
usefulevenin domainsthatdonot exhibit suchextremeproperties;someof thesedomains(such
asuserinterfaces)will bediscussedin section4.

Let us try to identify the key propertiesenjoyed by agentssuchas thosein the scenario
above[126]:

� autonomy: agentsoperatewithout the direct interventionof humansor others,andhave
controlover theiractionsandinternalstate;

� socialability: agentsareableto cooperatewith humansor otheragentsin orderto achieve
their tasks;

� reactivity: agentsperceive their environment,andrespondin a timely fashionto changes
thatoccurin it;

� pro-activeness: agentsdo not simply act in responseto their environment,they areableto
exhibit goal-directedbehaviour by takingtheinitiative.

For me, an intelligent agentis a systemthat enjoys theseproperties. Other researchersargue
thatdifferentpropertiesshouldreceive greateremphasis.Someotherpropertiesdiscussedin the
context of agency are:

� mobility: theability of anagentto movearoundanelectronicnetwork [118];

� veracity: the assumptionthat an agentwill not knowingly communicatefalseinforma-
tion [43];

� benevolence: the assumptionthat agentssharecommongoals,andthat every agentwill
thereforealwaystry to dowhatis askedof it [88];

� rationality: theassumptionthatanagentwill act in orderto achieve its goals,andwill not
act in sucha way asto prevent its goalsbeingachieved — at leastinsofar as its beliefs
permit[92];

� learning: theassumptionthatanagentwill adaptitself to fit its environment.

For others— particularlythoseworking in AI — theterm‘agent’ hasa strongermeaning.They
meananagentto bea computersystemthat,in additionto having thepropertiesspecifiedabove,
is eitherdesignedor implementedin termsof conceptsmoreusuallyappliedto humans.One
manifestationof this idea,calledagent-orientedprogramming, is discussedin section2.
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1.2 Micro andMacro Issues

If oneaimsto build a computersystemsuchasthatindicatedin theexamplescenario,thenthere
areat leasttwo sortsof issuesthatoneneedsto address[51, p145]:

� Micro-issues. How doesonebuild an agentthat hasthe kind of propertieslisted above?
This is theareathathasbecomeknown asagentarchitectures.

� Macro-issues. How doesonedesignanagentsocietythatcan(co-)operateeffectively?This
latterareahasbeentheprimaryfocusof researchin DistributedAI (DAI) [55, 10, 46].

Thesetwo setsof issuesareby no meansdisjoint: thetraditionalAI approachto building a sys-
temthatcanoperateintelligentlyin someenvironmentproposesgiving thatsystemsomesymbolic
representationof theenvironment.If anagentis to co-operateeffectivelywith otheragents,there-
fore,onemightwish to givethatagenta symbolicrepresentationof thecooperativeprocess(see,
e.g.,Jennings’cooperation knowledge level [56], andthe co-operationlevel in the INTERRAP
architecture[79]).

Themicro/macrodistinctionhasbeencriticizedby a numberof researchers.Oneobjection,
for example,is thatagentscanbecomprisedof anumberof otheragents,in thesamewaythatany
complex systemcanbedecomposedinto a numberof othersubsystems[54]. Themicro/macro
distinctionmakeslittle senseif onetakessucha view. As the precedingparagraphillustrated,
thereis certainlya somewhatgrey areabetweenmicro andmacroissues.However, for thepur-
posesof this review, it seemsausefulclassificationscheme.

2 Micro (Agent Level) Issues

Thissectionpresentsa shortsurvey of theareaknown asagentarchitectures. Researcherswork-
ing in thisareaareconcernedwith thedesignandconstructionof agentsthatenjoy theproperties
of autonomy, reactivity, pro-activeness,andsocialability, asdiscussedearlier. Following [126],
threeclassesof agentarchitectureareidentified:deliberative,or symbolicarchitectures,arethose
designedalongthelinesproposedby traditional,symbolicAI; reactivearchitecturesarethosethat
eschew centralsymbolicrepresentationsof theagent’senvironment,anddonot rely onsymbolic
reasoning;andfinally, hybridarchitecturesarethosethattry to marrythedeliberativeandreactive
approaches.

2.1 TraditionalAI —SymbolicArchitectures

Thetraditionalapproachtodesigningagentsis toview themasatypeof knowledge-basedsystem.
Sucharchitecturesareoftencalleddeliberateor deliberative. Thekey questionsto beanswered
whendevelopinganagentusingtraditionalknowledge-basedsystemstechniquesarethuswhat
knowledgeneedsto be represented,how this knowledgeis to be represented,what reasoning
mechanismsareto beused,andsoon.

Thesymbolicapproachto building agentshastraditionallybeenverycloselyassociatedwith
the AI planning paradigm[49]. This paradigmtracesits origins to Newell and Simon’s GPS

system[81], but is mostcommonlyassociatedwith the STRIPS planningsystem([38]) and its
descendents(suchas[93, 94, 19, 119]). A typical STRIPS-styleplanningagentwill have at least
thefollowing components:
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� a symbolicmodelof theagent’senvironment, typically representedin somelimited subset
of first-orderpredicatelogic;

� asymbolicspecificationof theactionsavailableto theagent,typically representedin terms
of PDA (pre-condition,delete,add)lists,whichspecifyboththecircumstancesunderwhich
anactionmaybeperformedandtheeffectsof thataction;

� a planningalgorithm,which takesasinput therepresentationof theenvironment,a setof
actionspecifications,anda representationof a goalstate,andproducesasoutputa plan—
essentially, aprogram— whichspecifieshow theagentcanactsoasto achievethegoal.

Thus,planningagentsdecidehow to act from first principles. That is, in orderto satisfya goal,
they first formulateanentirelynew planor programfor thatgoal. We canthusthink of planning
agentcontinuallyexecutingacycleof pickinganew goal

���
, generatingaplan � for

���
, executing

� , picking a new goal
���

, andso on. Unfortunately, first-principlesplanningof the type just
describedhasassociatedwith it a numberof difficulties. Themostobviousof theseis that the
processesof finding a goal,generatinga planto achieve it, andexecutingit arenot atomic: they
take time— in somecases,a considerableamountof time. Yet thereis anassumptionimplicit in
thisscheme,thattheenvironmentin whichtheagentis situateddoesnotchangesoasto invalidate
thepre-conditionsof theplaneitherwhile theplanis beingformedor while it is beingexecuted.
Clearly, in any evenmoderatelydynamicdomain,thisassumptionsimplywill nothold.

Therearea numberof theoreticalresultswhich indicatethatfirst-principlesplanningis not
a viable option for agentsthat operatein time-constrainedenvironments. For example,Chap-
mandemonstratedthat in many circumstances,first-principlesplanningis undecidable[19]. So,
building reactiveagents,thatcantruly respondto changesin their environment,is not likely to
bepossibleusingfirst-principlesplanningtechniques.Chapman’snegativeresults,(andotherin-
tractabilityresults),havecausedmany researchersto look for alternativeparadigmswithin which
to constructagents;suchattemptsarereviewedbelow.

Despitethenegative resultsof Chapmanandothers,planningis still regardedasan impor-
tant ability for agents,andmany attemptshave beenmadeto build plannersthat, for example,
interleave planning,planexecution,andmonitoringof plans. Oneexampleof sucha systemis
Ambros-IngersonandSteel’s IPEM system[4]. Anotherexampleis VereandBickmore’sHOMER

system,in whichasimulatedsubmarineagentis givenEnglish-languageinstructionsaboutgoals
to achieve in a changingenvironment[110].

As well asAI planningsystems,a greatdealof work hasbeencarriedout on deliberative
agentswithin the paradigmknown as agent-orientedprogramming. Within AI, it is common
practiceto characterizethestateof anagentin termsof mentalisticnotionssuchasbelief, desire,
and intention. The rationaleis that thesenotionsareabstraction tools usedby us in everyday
languageto explain andpredict the behaviour of complex intelligent systems:people. Justas
we canusethesenotionsto explain thebehaviour of people,so, thereasoninggoes,we canuse
themto predict,explain,and,crucially, evenprogramcomplex computersystems.Thisproposal,
in its best-known form, wasmadearound1989by Yoav Shoham,building on ideasfrom John
McCarthyand others[97, 98], and is known as agent-orientedprogramming(AOP). In order
to demonstratethe AOP paradigm,Shohamdefineda simpleexperimentallanguage,AGENT0.
This languageallowedoneto specifythe behaviour of agentsin termsof rulesthat definehow
an agentgeneratescommitmentsfrom the messagesit receivesandbeliefs it holds. The agent
continuallyexecutesa cycle of receiving messages,updatingbeliefs,generatingcommitments,
andattemptingto dischargecurrentcommitments.BuildingonShoham’swork,many othershave
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developedagentprogrammingenvironmentsbasedonsimilarideas.For example:Becky Thomas
describedan extensionto AGENT0 calledPLACA [106, 107]; WooldridgeandVandekerckhove
developedan AGENT0-like multi-agenttestbedcalled MYWORLD [123]; Poggi describedan
agent-orientedextensionto theCUBL concurrentobjectlanguage[83]; Weerasooriyaetal discuss
a (hypothetical)agent-orientedprogramminglanguagecalled AGENTSPEAK [115]; Fisherhas
developeda multi-agentprogrammingenvironmentbasedon executabletemporallogic, which
enjoys many of thepropertiesof AOP[41, 42]; Burkharddiscussessomeissuesin thedesignof
agent-orientedenvironments[17]; andfinally, Lesṕeranceetal describealogic-basedmulti-agent
programmingenvironmentcalledCONGOLOG [67], which incorporatesmany ideasfrom AOP.

2.2 ReactiveArchitectures

In additionto the criticismsoutlinedabove, therearemany otherobjectionsto symbolicto AI
anddeliberative agents,someof which have led researchersto seekalternative approachesfor
building agents.Perhapsthe best-known proponentof this ‘alternative AI’ is Rodney Brooks,
who,startingin about1985,begandevelopmentof thesubsumptionarchitecture [12, 13, 15, 14].
Thebasicideaof thesubsumptionarchitectureis to designanagentasasetof taskaccomplishing
behaviours, arrangedinto asubsumptionhierarchy. Eachtaskbehaviour is implementedasasim-
ple finite-statemachine,which directly mapssensorinput to effectoroutput.Thelayersinteract
with eachothervia suppressionandinhibition actions. For example,a lower layer in the hier-
archy, representinglow-level behaviour (suchasavoiding obstacles)maysuppresshigherlayers
thatrepresentmoreabstractbehaviours(suchasexploringor avoidingobstacles).Theprocessof
designinganagentbecomesoneof systematicallyaddingandexperimentingwith behaviours.

It shouldbe stressedthat Brooks’ systemsdo no symbolicreasoningat all. They are,in a
sense,extremelysimple in computationalterms. And yet experimentshave shown that agents
implementedusingBrooks’ schemecanachievenearoptimalresults[105].

A numberof otherresearchershave developedapproachesto agentdesignthatborrow from
Brooks’work. Somewell-known examplesarePattieMaes’agentnetwork architecture[73, 74],
and the ABLE and REAL-TIME ABLE (RTA) languagesdevelopedat Philips researchlabs [24,
112, 113]. Otherapproachesto reactivearchitecturesare[63, 40, 3, 90]; thebookeditedby Maes
containsmany relevantpapersandreferences[72].

2.3 Hybrid Architectures

Someresearchersstronglybelievethatthetraditional,symbolicapproachis thebestcandidatefor
thefuturedevelopmentof AI; others(suchasBrooks)just asstronglyassertthatsymbolicAI is
a deadend,andthatalternative approachesarerequired.Still othersacceptthatbotharguments
have their merits,andsuggestthatthebestdirectionfor futureresearchis to try to marrythetwo
stylesof architecture.Thishasled to work onhybridarchitectures.

Perhapsthe best-known agentarchitectureis the Procedural ReasoningSystem(PRS)de-
velopedby Georgeff et al [50]. The PRS is illustratedin Figure1. The PRS is an exampleof
a currently popularparadigmfor agentdesignknown as the belief-desire-intention(BDI) ap-
proach[11]. As this figure shows, a BDI architecturetypically containsfour key datastruc-
tures. An agent’s beliefscorrespondto informationthe agenthasaboutthe world, which may
be incompleteor incorrect. Beliefs may be assimpleasvariables,(in the senseof, e.g., PAS-
CAL programs),but implementedBDI agentstypically representbeliefssymbolically (e.g.,as
PROLOG-like facts[50]). An agent’s desires intuitively correspondto the tasksallocatedto it.
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Figure1: ThePRS — A BDI AgentArchitecture

(ImplementedBDI agentsrequirethat desiresbe logically consistent,althoughhumandesires
oftenfail in this respect.)

An agent’s intentionsrepresentdesiresthat it hascommittedto achieving. The intuition is
thatanagentwill not, in general,beableto achieve all its desires,evenif thesedesiresare con-
sistent. Agentsmustthereforefix uponsomesubsetof availabledesiresandcommit resources
to achieving them.Thesechosendesires,which theagenthascommittedto achieving, areinten-
tions [20]. An agentwill typically continueto try to achieve an intentionuntil eitherit believes
theintentionis satisfied,or elseit believestheintentionis no longerachievable[20].

Thefinal datastructurein aBDI agentis aplan library. A planlibrary is asetof plans(a.k.a.
recipes) whichspecifycoursesof actionthatmaybefollowedby anagentin orderto achieve its
intentions. An agent’s plan library representsits procedural knowledge, or know-how. A plan
containstwo parts:abody, or program, whichdefinesacourseof action;andadescriptor, which
statesboththecircumstancesunderwhich theplancanbeused(i.e., its pre-condition),andwhat
intentionsthe plan may be usedin orderto achieve (i.e., its post-condition).PRS agentsdo no
first-principlesplanningatall.

Theinterpreter in Figure1 is responsiblefor updatingbeliefsfrom observationsmadeof the
world, generatingnew desires(tasks)on thebasisof new beliefs,andselectingfrom the setof
currentlyactive desiressomesubsetto act asintentions. Finally, the interpretermustselectan
actionto performon thebasisof theagent’scurrentintentionsandproceduralknowledge.

In orderto give a formal semanticsto BDI architectures,a rangeof BDI logics have been
developedby RaoandGeorgeff [85, 86]. Theselogicsareextensionsto thebranchingtime logic
CTL* [31], which alsocontainnormalmodalconnectivesfor representingbeliefs,desires,and
intentions. Most work on BDI logics hasfocussedon possiblerelationshipsbetweenthe three
‘mentalstates’[85], andmorerecently, on developingproof methodsfor restrictedformsof the
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Figure2: TOURINGMACHINES: A LayeredAgentArchitecture

logics[86]. In relatedwork, attemptshavebeenmadeto grafta logic of plansontothebasicBDI
framework, in orderto representanagent’sproceduralknowledge[87, 64].

An increasinglypopularapproachto designinghybridagentsis to usea layeredarchitecture.
Theideaof layeredarchitecturesis well-establishedin traditionalsystemscontrol theory;in AI,
it hasbeenpopularizedby thework of Brooks(seeabove)andKaelbling[63], amongothers.The
basicideaof a layeredarchitectureis that of integratingdifferentagentcontrol subsystemsby
layering them. Figure2 illustratesa goodexampleof a layeredagentarchitecture:InnesFergu-
son’s TOURINGMACHINES [36, 35,37]. As thisFigureshows,TOURINGMACHINES consistsof
threeactivity producinglayers. That is, eachlayercontinuallyproduces‘suggestions’for what
actionstheagentshouldperform.Thereactivelayer providesanimmediateresponseto changes
thatoccurin theenvironment— it is implementedasa setof situation-actionrules,like thebe-
haviours in Brooks’ subsumptionarchitecture.Theserulesmapsensorinput directly to effector
output. Theplanninglayercontainsa plan library (muchlike the PRS — seeabove), which the
agentcanusein orderto achievegoals.Themodelinglayerrepresentsthevariousentitiesin the
world (including theagentitself, aswell asotheragents);the modelinglayerpredictsconflicts
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betweenagents,andgeneratesnew goalsto beachievedin orderto resolvetheseconflicts,which
areposteddown to the planninglayer, which thendetermineshow to satisfy them. The three
layersareembeddedwithin a controlsubsystem,which is responsiblefor decidingwhich of the
layersshouldhavecontrolover theagent.

Anotherexampleof a layeredarchitectureis INTERRAP [79]. Like TOURINGMACHINES,
the INTERRAP architecturehasthreelayers,with the lowest two layerscorrespondingfairly
closely to Ferguson’s reactive andplanninglayers. However, the highestlayer in INTERRAP
dealswith socialaspectsof thesystem:it not only modelsotheragents,but alsoexplicitly rep-
resentssocialactivities (suchascooperative problemsolving). The 3T architectureis another
layeredarchitecture,thathasbeenusedin severalreal-world roboticagents[9].

3 Macro (Societal) Issues

So far, this article hasconsideredonly the issuesassociatedwith intelligent agentdesign. We
havebeenconcernedwith individuals, but notwith societies. Thedesignof ‘an agent’is aclassic
AI pursuit: in a sense,this is what the whole of the AI endeavour hasbeendirectedtowards.
However, AI hastraditionallynotconsideredthesocietalaspectsof agency. In thelate1970sand
early1980s,theseaspectsof agency beganto bestudiedin asubfieldof AI known asDistributed
AI (DAI). In this section,our aim is to briefly review work in DAI: we begin by consideringthe
distinctionbetweendistributedproblemsolvingandmulti-agentsystems,andgo on to examine
theissuesof coherenceandcoordination,communication,cooperation,andnegotiation.Thebest
referenceto thesevariousissuesis thecollectionof paperseditedby BondandGasser[10]; the
first two subsectionsthatfollow borrow from thesurvey articlethatopens[10].

3.1 DistributedProblemSolvingandtheContractNet

Early researchin DistributedAI focussedon problemsolving by a groupof logically distinct
computationalsystems(agents),that ‘cooperateat the level of dividing andsharingknowledge
abouttheproblemandits developingsolution’[10, p3]. Thisresearchareais knownasdistributed
problemsolving (DPS).It is not assumedthat the computingcomponentsin DPSsystemsare
autonomousagents,in the sensedescribedearlier. Thus thesecomponentsareoften assumed
to be ‘benevolent’: willing partnersto thedevelopmentof a solution,typically designedby the
sameindividual. In DPS,themainissuesto beaddressedinclude:How canaproblembedivided
into smallertasksfor distribution amongagents?How can a problemsolutionby effectively
synthesizedfrom sub-problemresults?

Thebest-known framework for distributedproblemsolvingis thecontractnet, developedby
ReidSmithfor his doctoralthesis[100, 102, 101, 103]. Thecontractnetproposesthefollowing
processfor distributedproblemsolving.Problemsolvingbeginswhensomeagenthasa problem
that it either cannotsolve on its own (for example,becauseit lacks the expertise),or would
prefernot to (for example,becauseit would take too long) — seeFigure3(a). This agent(A1 in
Figure3) thendividestheproblemupin to sub-tasks(themechanismvia whichthis is achievedis
notconsideredpartof thecontractnet).Theagentmustthenadvertisethetask(s),by doinga task
announcement(Figure3(b)). A taskannouncementis a messagebroadcastto a groupof agents,
whichcontainsa specificationof thetaskto besolved.Again, theexactform of thespecification
is applicationspecific,andis notconsideredpartof theprotocol.Everyagent,uponreceiving the
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Figure3: TheContractNetProtocol

taskannouncement,decideswhetheror not to bid for thetask. If theagentsareconsideredto be
autonomous,thenthisstageinvolveseveryagentdecidingwhetheror not it wouldlike to perform
thetaskon behalfof theannouncer. If anagentdoesdecideit would like to performthetaskfor
the announcer, it mustthendecidewhetheror not it is capableof performingthe task. This is
doneby matchingthetaskspecificationencapsulatedwithin theannouncementagainsttheagent’s
own abilities. Agentswho reachtheconclusionthatthey do wish to performthetaskthenmake
this known to theannouncerby submittinga bid. A bid maysimply indicatethat theannouncer
is willing to do thetask,or it maycontainotherinformation(suchashow soonthebidderis able
to expeditethetask,whatkind of solutionquality is expected,andsoon). Thebiddingprocessis
illustratedin Figure3(c), whereagentsA2 andA3 bid for the taskannouncedby A1; agentA4
decidesnot to bid, eitherbecauseit doesnotwantto helpA1, or elsebecauseit is unableto help.
Finally, theagentthatoriginally announcedthetaskmustdecidewhichagentit wantsto perform
it: onceit doesthis, therelevantagentmustbe ‘awardedthecontract’(in Figure3(d), agentA2
is awardedthecontract).

Despite(or perhapsbecauseof) its simplicity, the contractnet hasbecomethe most im-
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plementedandbest-studiedframework for distributedproblemsolving. Many variationson the
contractnet themehave beendescribed,includingtheeffectivenessof a contractnetwith ‘con-
sultants’,which have expertiseabouttheabilitiesof agents[108], anda sophisticatedvariation
involving marginal costcalculations[95]. Several formal specificationsof thecontractnethave
beendeveloped,usingbasicsettheoretic/first-orderlogic constructs[117], temporalbelief log-
ics [121], andthe Z specificationlanguage[27]. Surveys of distributedproblemsolving tech-
niquesmaybefoundin [30, 26].

In contrastto work ondistributedproblemsolving,themoregeneralareaof multi-agentsys-
temshasfocussedontheissuesassociatedwith societiesof autonomousagents,(i.e.,agentswith
thetypeof propertieslistedin section1.1). Thusagentsin a multi-agentsystem,(unlike thosein
typicaldistributedproblemsolvingsystems),cannotbeassumedto shareacommongoal,asthey
will oftenbedesignedby differentindividualsor organizationsin orderto representtheir inter-
ests.Oneagent’s interestsmaythereforeconflict with thoseof others,justasin humansocieties.
Despitethepotentialfor conflictsof interest,theagentsin a multi-agentsystemwill ultimately
needto cooperatein orderto achieve their goals;again,just asin humansocieties.Multi-agent
systemsresearchis thereforeconcernedwith the wider problemsof designingsocietiesof au-
tonomousagents,suchaswhy andhow agentscooperate[125]; how agentscanrecogniseand
resolveconflicts[1, 43, 44, 65, 66]; how agentscannegotiateor compromisein situationswhere
they areapparentlyat loggerheads[32, 89]; andsoon.

Having implementedan artificial agentsociety, how doesoneassessthesuccess(or other-
wise)of theimplementation?Whatcriteriacanbeused?DistributedAI hasproposedtwo types
of issuesneedto beconsidered:

� coherencerefersto ‘how well the [multi-agent]systembehavesasa unit, alongsomedi-
mensionof evaluation’[10, p19]; coherencemaybemeasuredin termsof solutionquality,
efficiency of resourceusage,conceptualclarity of operation,or how well systemperfor-
mancedegradesin the presenceof uncertaintyor failure; a discussionon the subjectof
whenmultipleagentscanbesaidto beactingcoherentlyappearsas[122];

� coordination is ‘the degree... to which [the agents]. . . canavoid “extraneous”activity
[suchas] . . . synchronizingandaligningtheir activities’ [10, p19]; in a perfectlycoordi-
natedsystem,agentswill not accidentallyclobbereachother’ssub-goalswhile attempting
to achieve a commongoal; they will not needto explicitly communicate,asthey will be
mutuallypredictable,perhapsby maintaininggoodinternalmodelsof eachother;thepres-
enceof conflict betweenagents(which requirestime andeffort to resolve) is an indicator
of poorcoordination.

It is probablytrue to saythatcoherenceand,in particular, coordination,have beenthe focusof
moreattentionin multi-agentsystemsresearchthanany otherissues[29, 28, 45, 52, 57, 116].

3.2 Communication

Communicationis notuniversallyassumedin multi-agentresearch:somesystemsachieveahigh-
degreeof efficiency withoutexplicitly communicatingat all [105]. However, communicationvia
someform of messagepassingis awidely usedapproach.Messagesmaybeassimpleassignals,
carrying only synchronizationinformation (playing a role analogousto that of semaphoresin
traditionalconcurrentsystems)[48]. However, it is moreusualto haveagentssendmessagesin a
richer, high-level communicationlanguage.
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The inspirationfor muchmulti-agentsystemsresearchon messagepassingcomesfrom re-
searchin the philosophyof languageon speech act theory. Speechact theoriesarepragmatic
theoriesof language,i.e., theoriesof how languageis usedby peopleevery dayto achieve their
goals.Theorigin of speechacttheoryis usuallyattributedto Austin,who, in his1962bookHow
to Do ThingsWith Words notedthatcertainsortsof utterancesareactionsthatchangethestate
of theworld in a way analogousto that in which ‘physical’ actions(suchaslifting a bookfrom
a table)do [6]. Theparadigmexamplesof suchactionswould bestatementssuchas‘I declare
war’, or ‘I now pronounceyoumanandwife’. Utteredundertheappropriatecircumstances,these
statementschangethestateof theworld. More generally, it canbeseenthateveryutteranceone
makesis anactionperformedwith theobjectiveof satisfyingoneof ourgoalsor intentions.Thus,
speechacttheoriesaretheoriesof communicationasaction.Austindid notattemptto rigorously
analyzethenatureof speechacts;thefirst andbestknownattemptto dosowasby thephilosopher
JohnSearlein his 1969bookSpeech Acts[96]. Searleattemptedto formulatetheconditionsun-
derwhichaspeechactcouldbesaidto haveoccurred.Heidentifiedanumberof differentclasses
of performativeverbs, including representatives(suchasinforming), directives(attemptsto get
thehearerto dosomething),commisives(whichcommitthespeakerto doingsomething),expres-
sives(wherebya speaker expressesa mentalstate),andfinally, declarations(suchasdeclaring
war, or christening).Thereis somedebateaboutwhetherthis (or any) typologyof speechactsis
appropriate(see[69, pp226–283]).

In thelate1970s,speechacttheorywasbroughtinto AI primarily throughthework of Cohen
andcolleagues[23]. In their plan basedtheoryof speech acts, CohenandPerraultformaliseda
numberof speechacts(suchasrequestingandinforming) usingthePDA-list formalismdeveloped
by AI planningresearchers(seesection2.1,above). This work madeit possibleto developsys-
temsthatplanto performspeechacts[5]. Recently, CohenandLevesquehave presenteda more
sophisticatedtheoryof speechactsin which requesting,informing,andsoon arerepresentedas
actionsperformedby anagentwith theintentionof bringingaboutsomestateof affairs[21].

Following researchin speechact theory, communicationsin multi-agentsystemsaremost
usuallytreatedasmessageswith aperformativeverb(suchasrequestor inform) definingthemes-
sagetype,andwith themessagecontentdefinedin someotherlanguage.KQML (theKnowledge
QueryandManipulationLanguage)is a goodexampleof sucha communicationscheme[76].
KQML definesa numberof performativeverbs,andallows messagecontentto berepresentedin
a first-orderlogic-like languagecalledKIF (KnowledgeInterchangeFormat). Hereis a simple
KQML /KIF exchangebetweentwo agents,A1 andA2:

A1 to A2: (ask-if (> (size chip1) (size chip2)))
A2 to A1: (reply true)
A2 to A1: (inform (= (size chip1) 20))
A2 to A1: (inform (= (size chip2) 18))

In the first message,A1 asksA2 whetherchip 1 is larger thanchip 2, using the performative
ask-if; in the secondmessage,agentA2 repliesto A1 that the answerto the query is true,
usingthe performative reply. In the third andfourth messages,agentA2 tells agentA1 the
sizeof therespectivechips,usingtheinform performative.A critiqueof KQML /KIF, focussing
particularlyon thelackof a formalsemantics,is givenin [22].
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3.3 Cooperation

Sofar, this articlehasonly briefly mentionedthenotionof cooperation. This is sucha key idea
thatit deservesfurtherdiscussion.Whatdoesit meanfor two agentsto cooperatein orderto solve
a problem?Intuitively, cooperationmeansmorethanjust coordinatedeffort to achieve thegoal.
It impliesasharedgoalby theagents,andevenmorethanthat,willingnessto work together. The
problemof how cooperationcanoccurin aworld populatedentirelyby self-interestedagentshas
sparkedinterestnot just in themulti-agentsystemsfield, but alsoin political science,economics,
andgametheory[71]. Perhapsthe best-known work in this areawasdoneby RobertAxelrod.
He carriedout a seriesof experimentsinto a scenarioknown astheprisoner’sdilemma[7]. The
prisoner’sdilemmais summedup in thefollowing scenario:

Two menarecollectively chargedwith a crimeandheld in separatecells. They are
told that: (i) if oneof themconfessesandtheotherdoesnot, theconfessorwill be
freed,andtheotherwill be jailed for threeyears;and(ii) if bothconfess,theneach
will bejailed for two years.Bothprisonersknow that if neitherconfesses,thenthey
will eachbejailed for oneyear.

Whatshoulda prisonerdo? Theproblemis that traditionalgameanddecisiontheorysaysthat
therational thing to do is to confess. This is becauseconfessionguaranteesa jail sentenceof no
worsethantwo years,whereasnot confessingcanpotentiallyleadto threeyearsin jail. Since
the prisonerscannotcommunicate,they have no way of reachingany kind of binding mutual
agreement.Hence,by this reasoning,theprisonershouldconfess.If bothprisonersfollow this
reasoning,thenboth will confess,andeachwill get two yearsin jail. Intuitively, however, this
makes no sense:surely they shouldcooperate by not confessing,and reducetheir respective
sentencesto just oneyear?This is theprisoner’s dilemma:thestrictly rationalcourseof action
achievesanoutcomethatintuition tellsusis sub-optimal.

Theprisonersdilemmamayseemanabstractproblem,but it turnsoutto beubiquitous.In the
realworld, theprisonersdilemmaappearsin situationsrangingfrom nuclearweaponstreatycom-
plianceto negotiatingwith one’s children. Many researchershave consideredthecircumstances
underwhich the cooperative outcome(i.e., neitheragentconfessing)canarise. Oneideais to
playthegamemorethanonce. If youknow youwill bemeetinganopponentin futurerounds,the
incentive to ‘defect’ appearsto vanish,asyour opponentis not likely to cooperatesubsequently
if you do not cooperatenow. So,if you play theprisoner’sdilemmagamerepeatedly, thenit ap-
pearsthatcooperationis therationaloutcome.However, if you agreewith anopponentthatyou
will only play a fixednumberof times,(say100), thenthedilemmareappears.This is because
on the last round— the100thgame— you know thatyou will not have to play any more. The
lastroundthusbecomesa non-iteratedprisoner’sdilemmagame,andaswesaw above,in sucha
game,thestrictly rationalthing to do is defect.But your opponentwill reasonin thesameway,
andsohewill alsodefecton the100thround.Thismeansthatthelastrealroundis number99; it
is notdifficult to seethatin thissituation,weendupwherewestartedfrom, with nocooperation.
Variousresearchershaveconsideredthis ‘backwardsinduction’problem.

Axelrod carriedout a seriesof experimentsto determinethe beststrategy for playing the
iteratedprisoner’s dilemma.That is, whatstrategy couldyou use,in orderto decidewhetherto
cooperateor defectonany givenround,suchthatthisstrategy wouldguaranteeyou thebestpos-
sibleoutcome?Surprisingly, hefoundthatthebeststrategy is asfollows: on round1, cooperate
(i.e.,donotconfess);on round �	��
 , dowhatyouropponentdid on round �
��
 . This TIT-FOR-
TAT strategy is surprisinglyrobust, andoverall, it performsbetterthanmany othermuchmore
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complex strategiesundermostassumptions.Spacepreventsus from embarkingon a morede-
taileddiscussionof theprisoner’sdilemmaandAxelrod’s results:[7] is recommendedasa point
of departurefor furtherreading;[77] providespointersinto recentprisoner’sdilemmaliterature.

Axelrod’swork, (andthatof othersworkingin relatedareas),is of greatimportancein multi-
agentsystems.It helpsus to understandwhat cooperationis, underwhat circumstancesit can
arise,andwhatthelimits to cooperativebehaviour are.But for themulti-agentsystembuilder, it
probablyseemssomewhatabstract.In orderto actuallybuild multi-agentsystems,practitioners
have tendedto make many simplifying assumptions.Very little work hasconsideredsystems
in which the possibility of cooperationbetweentruly self-interestedagentsis addressed:most
researcherstendto make the ‘benevolence’assumption,that agentswill help eachotherwher-
ever possible.A major activity hasbeenthe developmentof cooperation protocols, thatdefine
how cooperationmay begin andproceed. Examplesinclude: Durfee’s partial global planning
paradigm[28, 25]; the cooperationframeworks developedat Daimler-Benz [18, 53]; and the
COOL language,which provides‘structuredconversationframeworks’ within which agentscan
cooperateusingKQML /KIF messages[8]. Otherwork oncooperationhasconsideredhow thepro-
cesscanbeguidedby theuseof normsor sociallaws. ShohamandTennenholtz[99] discusshow
suchnormscancometo exist in a multi-agentsociety([111] builds on this work); andGoldman
andRosenscheinevaluatetheefficacy of ‘beingnice’ in amulti-agentsociety[52].

An obvious problem,relatedto the issueof cooperation,is that of finding consensusin a
societyof self-interestedagents.Multi-agentsystemsresearchershave investigatedvariousways
by which suchconsensusmay be reached.Perhapsthe best-known work in this areais that of
RosenscheinandZlotkin [89], who,usingtheterminologyandtechniquesof gametheory, defined
a rangeof negotiationtechniquesfor multi-agentdomains.

4 Application Areas

Agentsarecurrentlythefocusof muchattentionin severalapplicationareas.In thesubsections
that follow, theseareasarebriefly reviewed (see[61] for further pointersto applications).We
begin by consideringsomeof thedomainattributesthatindicatetheappropriatenessof anagent-
basedsolution.

4.1 Whenis anAgent-BasedSolutionAppropriate?

Thereareanumberof factorswhichpoint to theappropriatenessof anagent-basedapproach(cf.
[10, 62]):

� Theenvironmentis open,or at leasthighlydynamic,uncertain,or complex.

In suchenvironments,systemscapableof flexible autonomousactionareoften the only
solution.

� Agentsarea natural metaphor.

Many environments(includingmostorganisations,andany commercialor competitiveen-
vironment)arenaturallymodelledassocietiesof agents,eithercooperatingwith eachother
to solve complex problems,or elsecompetingwith one-another. Sometimes,asin intelli-
gentinterfaces,theideaof anagentis seenasa naturalmetaphor:[75] discussesagentsas
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‘expertassistants’,cooperatingwith theuserto work onsomeproblem.

� Distributionof data,control or expertise.

In someenvironments,the distribution of eitherdata,control, or expertisemeansthat a
centralisedsolutionis at bestextremelydifficult or at worst impossible.For example,dis-
tributeddatabasesystemsin whicheachdatabaseis underseparatecontroldonotgenerally
lendthemselvestocentralisedsolutions.Suchsystemsmayoftenbeconvenientlymodelled
asmulti-agentsystems,in whicheachdatabaseis a semi-autonomouscomponent.

� LegacySystems.

A problemincreasinglyfacedby softwaredevelopersis thatof legacysoftware: software
thatis technologicallyobsoletebut functionallyessentialto anorganisation.Suchsoftware
cannotgenerallybe discarded,becauseof the short-termcostof rewriting. And yet it is
oftenrequiredto interactwith othersoftwarecomponents,which werenever imaginedby
the original designers.Onesolution to this problemis to wrap the legacy components,
providing them with an ‘agent layer’ functionality, enablingthem to communicateand
cooperatewith othersoftwarecomponents[47].

In thesub-sectionsthatfollow, wewill discusssomeof theapplicationstowhichagenttechnology
hasbeenput.

4.2 AgentsandDistributedSystems

In distributedsystems,the ideaof an agentis often seenasa naturalmetaphor, and,by some,
asa developmentof theconcurrentobjectprogrammingparadigm[2]. Specifically, multi-agent
systemshavebeenappliedin thefollowing domains:

� Air traffic control.

Air-traffic controlsystemsareamongtheoldestapplicationareasin multi-agentsystems[104,
39]. A recentexampleis OASIS (OptimalAircraftSequencingusingIntelligentScheduling),
a systemthat is currentlyundergoingfield trials at Sydney airport in Australia[70]. The
specificaimof OASIS is to assistanair-traffic controllerin managingtheflow of aircraftat
anairport: it offersestimatesof aircraftarrival times,monitorsaircraftprogressagainstpre-
viouslyderivedestimates,informstheair-traffic controllerof any errors,andperhapsmost
importantly, findstheoptimalsequencein whichto landaircraft.OASIS containstwo types
of agents:global agents,which performgenericdomainfunctions(for example,thereis a
‘sequenceragent’,which is responsiblefor arrangingaircraft into a least-costsequence),
andaircraft agents, onefor eachaircraft in the systemairspace.The OASIS systemwas
implementedusingthePRS agentarchitecture— seesection2.3.

� Businessprocessmanagement.

Workflow andbusinessprocesscontrol systemsarean areaof increasingimportancein
computerscience.Workflow systemsaim to automatetheprocessesof a business,ensur-
ing thatdifferentbusinesstasksareexpeditedby theappropriatepeopleat the right time,
typically ensuringthat a particulardocumentflow is maintainedandmanagedwithin an
organisation.The ADEPT systemis a currentexampleof anagent-basedbusinessprocess
managementsystem[59]. In ADEPT, a businessorganisationis modelledasa societyof
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negotiating,serviceproviding agents.ADEPT is currentlybeingtestedon British Telecom
(BT) businessprocesswhich involvessomeninedepartmentsand200differenttasks.

� Industrialsystemsmanagement.

The largestandprobablybest-known Europeanmulti-agentsystemdevelopmentproject
to datewasARCHON [120, 60, 58]. This ESPRIT-fundedprojectdevelopedanddeployed
multi-agenttechnologyin several industrialdomains. The mostsignificantof thesedo-
mainswasa power distribution system,which was installedandis currentlyoperational
in northernSpain.Agentsin ARCHON have two mainparts:a domaincomponent,which
realisesthe domain-specificfunctionalityof the agent,anda wrappercomponent,which
providestheagentfunctionality, enablingthesystemtoplanits actions,andto representand
communicatewith otheragents.TheARCHON technologyhassubsequentlybeendeployed
in severalotherdomains,includingparticleacceleratorcontrol.

� Distributedsensing.

Theclassicapplicationof multi-agenttechnologywasin distributedsensing[68, 28]. The
broadideais to have a systemconstructedasa network of spatiallydistributedsensors.
The sensorsmay, for example,be acousticsensorson a battlefield,or radarsdistributed
acrosssomeairspace.Theglobalgoalof thesystemis to monitorandtrackall vehiclesthat
passwithin rangeof thesensors.This taskcanbemadesimplerif thesensornodesin the
network cooperatewith one-another, for exampleby exchangingpredictionsaboutwhena
vehiclewill passfrom the region of onesensorto the region of another. This apparently
simpledomainhasyieldedsurprisingrichnessasanenvironmentfor experimentationinto
multi-agentsystems:Lesser’swell known DistributedVehicleMonitoringTestbed(DVMT)
provided the proving groundfor many of today’s multi-agentsystemdevelopmenttech-
niques[68].

� Spaceshuttlefault diagnosis.

It is difficult to imagineadomainwith harderreal-timeconstraintsthanthatof in-flight di-
agnosisof faultsonaspacecraft.Yetoneof theearliestapplicationsof thePRS architecture
waspreciselythis [50]. In brief, the proceduresthat an astronautwould useto diagnose
faultsin thespaceshuttle’s reactioncontrolsystemsweredirectlycodedasPRS plans,and
the PRS architecturewasusedto interprettheseplans,andprovide real-timeadviceto as-
tronautsin theeventof failureor malfunctionin thissystem.

� Factoryprocesscontrol.

As we observed in section4.1, organisationscanbe modelledassocietiesof interacting
agents.Factoriesareno exception,andan agent-basedapproachto modellingandman-
aging factorieshasbeentaken up by several researchers.This work beganlargely with
Parunak[109], who, in YAMS (Yet AnotherManufacturingSystem)usedtheContractNet
protocol(seesection3) for manufacturingcontrol. More recently, Mori et al have useda
multi-agentapproachto controllingsteelcoil processingplant [78], andWooldridgeet al
have describedhow theprocessof determininganoptimalproductionsequencefor some
factorycannaturallybeviewedasaproblemof negotiationbetweenthevariousproduction
cellswithin thefactory[124].
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4.3 Agentsin the INTERNET

Muchof thehyperbolethatcurrentlysurroundsall thingsagent-like is relatedto thephenomenal
growth of the INTERNET [34, 16]. In particular, thereis a lot of interestin mobileagents,thatcan
move themselvesaroundthe INTERNET operatingon a user’s behalf. This kind of functionality
is achievedin theTELESCRIPT languagedevelopedby GeneralMagic, Inc., for remoteprogram-
ming [118]; relatedfunctionality is providedin languageslike JAVA andSafe-TCL. Therearea
numberof rationalesfor this typeof agent:

� Electroniccommerce.

Currently, commercialactivity is drivenprimarily by humansmakingdecisionsaboutwhat
goodsto buy at whatprice,andsoon. However, it is not difficult to seethatcertaintypes
of commercemight usefully be automated.A standardmotivating exampleis that of a
‘travel agent’. SupposeI want to travel from Manchesterto SanFrancisco. Thereare
many differentairlines,pricestructuresandroutesthat I couldchoosefor sucha journey.
I maynot mind abouttheroute,aslong astheaircraft involvedis not ‘fly-by-wire’; I may
insist on a dietaryoption not availablewith someairlines;or I may not want to fly with
RuritanianairlinesafterI hadabadexperienceonce.Trying to find thebestflight manually
given thesepreferencesis a tediousbusiness,but a fairly straightforward one. It seems
entirelyplausiblethatthis kind of servicewill in futurebeprovidedby agents,who take a
specificationof your desiredflight andpreferences,and,aftercheckingthrougha rangeof
on-lineflight informationdatabases,will returnwith a list of thebestoptions.

� Hand-heldPDAswith limitedbandwidth.

Hand-held‘personaldigital assistants’(in thespirit of Apple’sNEWTON) areseenby many
asa next stepin thelaptopcomputermarket. SuchPDAs areoftenprovidedwith limited-
bandwidthlinks to telecommunicationsnetworks. If a PDA hasa querythat needsto be
resolved,thatwill requirenetwork informationresources,it maybemoreefficient to send
out an agentacrossthe network whosepurposeis to resolve this query remotely. The
searchingprocessis doneby theagentataremotesite,andonly thefinal resultof thequery
needbesentbackto thePDA thatoriginatedthequery.

� Informationgathering.

Thewidespreadprovisionof distributed,semi-structuredinformationresourcessuchasthe
world-wide web obviously presentsenormouspotential;but it alsopresentsa numberof
difficulties, (suchas‘information overload’); agentsareseenasa naturaltool to perform
taskssuchassearchingdistributedinformationresources,andfiltering out unwantednews
andemail[75].

At thetimeof writing, mostinterestin mobileagentsiscentredaroundtheJAVA programminglan-
guage,which, in theform of applets(portabledownloadableprogramsembeddedwithin WWW
pages),alreadyprovidesa very widely usedmobileobjectframework. Also of relevanceis the
work of theObjectManagementGroup(OMG), aconsortiumof computermanufacturerswhoare
developing,amongstotherthings,a mobileagentframework basedon their well known CORBA

(CommonObjectRequestBrokerArchitecture)distributedobjectstandard[82].
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4.4 Agentsin Interfaces

Anotherareaof muchcurrentinterestis the useof agentin interfaces. The ideahereis thatof
theagentasanassistantto a userin sometask. Therationaleis thatcurrentinterfacesarein no
sensepro-active: thingsonly happenwhensomeuserinitiatesa task.Theideaof anagentacting
in theway thata goodassistantwould, by anticipatingour requirements,seemsvery attractive.
NicholasNegroponte,directorof the MIT Media Lab, seesthe ultimatedevelopmentof such
agentsasfollows[80]:

‘The “agent” answersthe phone,recognizesthe callers,disturbsyou whenappro-
priate,andmayeventell a white lie on your behalf. Thesameagentis well trained
in timing, versedin finding opportunemoments,andrespectfulof idiosyncrasies.’
(p150)

‘If you have somebodywho knows you well andsharesmuchof your information,
thatpersoncanactonyourbehalfveryeffectively. If yoursecretaryfalls ill, it would
makenodifferenceif thetempingagency couldsendyouAlbert Einstein.This issue
is not about IQ. It is sharedknowledgeand the practiceof using it in your best
interests.’ (p151)

‘Lik eanarmycommandersendingascoutahead. . . youwill dispatchagentsto col-
lect informationonyourbehalf.Agentswill dispatchagents.Theprocessmultiplies.
But [this process]startedat theinterfacewhereyou delegatedyourdesires.’ (p158)

Someprototypicalinterfaceagentsof this typearedescribedin [75].

5 Conclusions

It is probablyfair to saythat(multi-)agenttechnologyis oneof themosthypedsoftwaretechnol-
ogy of the late1990s.While thetechnologyhasmuchto offer, it is importantnot to oversellit.
Multi-agenttechnologyis likely to bemostusefulfor a specificclassof applications(albeit an
importantclass),whichexhibit, to someextent,thekind of propertieslistedin section1.1. (Thus
agentsarenot likely to replaceobjects!) Oneof themostworrying aspectsof thecurrentinter-
est in agentsis to label everythingasan agent:onefinds academicarticlesdescribingtheorem
proversas‘theoremproving agents’,plannersas‘plan developmentagents’,andevennumerical
algorithmsas‘numericalalgorithmagents’. (In [114], Waynerjokesthat sooneror later, some
enterprisingmanufacturerwill startcallingon-off switches‘empowermentagents’.)Many people
stronglybelieve thatthenotionof anagentasanindependentrationaldecisionmaker is of great
valuenot just in AI, but alsoin mainstreamcomputerscience.Similarly, the techniquesbeing
developedin multi-agentsystemsresearch,to enableagentsto cooperateandnegotiate,aresurely
of fundamentalimportancefor thefuture.

References

[1] M. R. Adler, A. B. Davis, R. Weihmayer, andR. W. Worrest. Conflict resolutionstrategiesfor non-
hierarchicaldistributedagents.In L. GasserandM. Huhns,editors,DistributedArtificial Intelligence



M. Wooldridge/ Agent-BasedComputing 19

VolumeII , pages139–162.PitmanPublishing:LondonandMorganKaufmann:SanMateo,CA, 1989.
[2] G. Agha,P. Wegner, andA. Yonezawa, editors. Research Directionsin Concurrent Object-Oriented

Programming. TheMIT Press:Cambridge,MA, 1993.
[3] P. Agre andD. Chapman.PENGI:An implementationof a theoryof activity. In Proceedingsof the

SixthNationalConferenceon Artificial Intelligence(AAAI-87), pages268–272,Seattle,WA, 1987.
[4] J. Ambros-IngersonandS. Steel. Integratingplanning,executionandmonitoring. In Proceedings

of theSeventhNationalConferenceon Artificial Intelligence(AAAI-88), pages83–88,St. Paul, MN,
1988.

[5] D. E. Appelt. PlanningEnglishSentences. CambridgeUniversityPress:Cambridge,England,1985.
[6] J.L. Austin. Howto Do ThingsWith Words. OxfordUniversityPress:Oxford,England,1962.
[7] R. Axelrod. TheEvolutionof Cooperation. BasicBooks,1984.
[8] M. BarbuceanuandM. S.Fox. Cool: A languagefor describingcoordinationin multiagentsystems.In

Proceedingsof theFirst InternationalConferenceon Multi-AgentSystems(ICMAS-95), pages17–24,
SanFrancisco,CA, June1995.

[9] R. P. Bonasso,D. Kortenkamp,D. P. Miller, and M. Slack. Experienceswith an architecturefor
intelligent,reactive agents.In M. Wooldridge,J.P. Müller, andM. Tambe,editors,IntelligentAgents
II (LNAI 1037), pages187–202.Springer-Verlag:Heidelberg, Germany, 1996.

[10] A. H. BondandL. Gasser, editors.Readingsin DistributedArtificial Intelligence. MorganKaufmann
Publishers:SanMateo,CA, 1988.

[11] M. E. Bratman,D. J. Israel, and M. E. Pollack. Plansand resource-boundedpracticalreasoning.
ComputationalIntelligence, 4:349–355,1988.

[12] R. A. Brooks. A robust layeredcontrol systemfor a mobile robot. IEEE Journal of Roboticsand
Automation, 2(1):14–23,1986.

[13] R. A. Brooks. Elephantsdon’t play chess.In P. Maes,editor, DesigningAutonomousAgents, pages
3–15.TheMIT Press:Cambridge,MA, 1990.

[14] R.A. Brooks.Intelligencewithoutreason.In Proceedingsof theTwelfthInternationalJointConference
on Artificial Intelligence(IJCAI-91), pages569–595,Sydney, Australia,1991.

[15] R. A. Brooks.Intelligencewithout representation.Artificial Intelligence, 47:139–159,1991.
[16] C. Brown, L. Gasser, D. E. O’Leary, andAlan Sangster. AI ontheWWW: Supplyanddemandagents.

IEEEExpert, 10(4):44–49,August1995.
[17] H.-D.Burkhard.Agent-orientedprogrammingfor opensystems.In M. WooldridgeandN. R.Jennings,

editors,Intelligent Agents: Theories,Architectures,and Languages(LNAI Volume890), pages291–
306.Springer-Verlag:Heidelberg, Germany, January1995.

[18] B. Burmeister, A. Haddadi,and K. Sundermeyer. Generic,configurablecooperationprotocolsfor
multi-agentsystems.In C. CastelfranchiandJ.-P. Müller, editors,FromReactionto Cognition—Fifth
EuropeanWorkshopon ModellingAutonomousAgentsin a Multi-AgentWorld, MAAMAW-93 (LNAI
Volume957), pages157–171.Springer-Verlag:Heidelberg, Germany, 1995.

[19] D. Chapman.Planningfor conjunctive goals.Artificial Intelligence, 32:333–378,1987.
[20] P. R. CohenandH. J.Levesque.Intentionis choicewith commitment.Artificial Intelligence, 42:213–

261,1990.
[21] P. R. CohenandH. J.Levesque.Rationalinteractionasthebasisfor communication.In P. R. Cohen,

J. Morgan,andM. E. Pollack,editors,Intentionsin Communication, pages221–256.TheMIT Press:
Cambridge,MA, 1990.

[22] P. R. CohenandH. J. Levesque.Communicative actionsfor artificial agents.In Proceedingsof the
First InternationalConferenceonMulti-AgentSystems(ICMAS-95), pages65–72,SanFrancisco,CA,
June1995.

[23] P. R. CohenandC. R. Perrault. Elementsof a planbasedtheoryof speechacts. CognitiveScience,
3:177–212,1979.

[24] D. ConnahandP. Wavish. An experimentin cooperation.In Y. DemazeauandJ.-P. Müller, editors,
DecentralizedAI —Proceedingsof theFirstEuropeanWorkshoponModellingAutonomousAgentsin
a Multi-AgentWorld (MAAMAW-89), pages197–214.Elsevier SciencePublishersB.V.: Amsterdam,



M. Wooldridge/ Agent-BasedComputing 20

TheNetherlands,1990.
[25] K. Decker andV. Lesser. Designinga family of coordinationalgorithms.In Proceedingsof theFirst

InternationalConferenceonMulti-AgentSystems(ICMAS-95), pages73–80,SanFrancisco,CA, June
1995.

[26] K. S.Decker, E. H. Durfee,andV. R. Lesser. Evaluatingresearchin cooperative distributedproblem
solving. In L. GasserandM. Huhns,editors,DistributedArtificial IntelligenceVolumeII , pages487–
519.PitmanPublishing:LondonandMorganKaufmann:SanMateo,CA, 1989.

[27] M. d’InvernoandM. Luck. Formalisingthe contractnet asa goal-directedsystem. In W. Van de
VeldeandJ.Perram,editors,AgentsBreakingAway—Proceedingsof theSeventhEuropeanWorkshop
on ModellingAutonomousAgentsin a Multi-AgentWorld, MAAMAW-96 (LNAI 1038), pages72–85.
Springer-Verlag:Heidelberg, Germany, 1996.

[28] E. H. Durfee. Coordinationof DistributedProblemSolvers. Kluwer AcademicPublishers:Boston,
MA, 1988.

[29] E. H. DurfeeandV. R. Lesser. Usingpartialglobalplansto coordinatedistributedproblemsolvers.In
Proceedingsof theTenthInternationalJoint Conferenceon Artificial Intelligence(IJCAI-87), Milan,
Italy, 1987.

[30] E. H. Durfee,V. R. Lesser, andD. D. Corkill. Cooperative distributedproblemsolving. In Handbook
of Artificial IntelligenceVolumeIV. Addison-Wesley: Reading,MA, 1989.

[31] E. A. EmersonandJ. Y. Halpern. ‘Sometimes’and‘not never’ revisited: on branchingtime versus
lineartime temporallogic. Journalof theACM, 33(1):151–178,1986.

[32] E. EphratiandJ. S. Rosenschein.Multi-agentplanningasa dynamicsearchfor social consensus.
In Proceedingsof theThirteenthInternationalJoint Conferenceon Artificial Intelligence(IJCAI-93),
pages423–429,Chamb́ery,France,1993.

[33] O. Etzioni,N. Lesh,andR. Segal. Building softbotsfor UNIX. In O. Etzioni,editor, Software Agents
— Papers fromthe1994SpringSymposium(Technical ReportSS–94–03), pages9–16.AAAI Press,
March1994.

[34] O. EtzioniandD. S.Weld. Intelligentagentson theinternet:Fact,fiction, andforecast.IEEEExpert,
10(4):44–49,August1995.

[35] I. A. Ferguson.TouringMachines:AnArchitecture for Dynamic,Rational,MobileAgents. PhDthesis,
ClareHall, Universityof Cambridge,UK, November1992. (Also availableasTechnicalReportNo.
273,Universityof CambridgeComputerLaboratory).

[36] I. A. Ferguson.Towardsanarchitecturefor adaptive, rational,mobileagents.In E. WernerandY. De-
mazeau,editors,DecentralizedAI 3 — Proceedingsof the Third EuropeanWorkshopon Modelling
AutonomousAgentsin a Multi-Agent World (MAAMAW-91), pages249–262.Elsevier SciencePub-
lishersB.V.: Amsterdam,TheNetherlands,1992.

[37] I. A. Ferguson. Integrated control and coordinatedbehaviour: A casefor agent models. In
M. WooldridgeandN. R.Jennings,editors,IntelligentAgents:Theories,Architectures,andLanguages
(LNAI Volume890), pages203–218.Springer-Verlag:Heidelberg, Germany, January1995.

[38] R.E.FikesandN. Nilsson.STRIPS:A new approachto theapplicationof theoremproving to problem
solving. Artificial Intelligence, 5(2):189–208,1971.

[39] N. V. FindlerandR. Lo. An examinationof DistributedPlanningin the world of air traffic control.
Journal of Parallel andDistributedComputing, 3, 1986.

[40] J.A. Firby. An investigationinto reactiveplanningin complex domains.In Proceedingsof theTenthIn-
ternationalJoint ConferenceonArtificial Intelligence(IJCAI-87), pages202–206,Milan, Italy, 1987.

[41] M. Fisher. A survey of ConcurrentMETATEM — thelanguageandits applications.In D. M. Gabbay
andH. J.Ohlbach,editors,Temporal Logic —Proceedingsof theFirstInternationalConference(LNAI
Volume827), pages480–505.Springer-Verlag:Heidelberg, Germany, July1994.

[42] M. Fisher. Representingandexecutingagent-basedsystems.In M. WooldridgeandN. R. Jennings,
editors,Intelligent Agents: Theories,Architectures,and Languages(LNAI Volume890), pages307–
323.Springer-Verlag:Heidelberg, Germany, January1995.

[43] J.R. Galliers.A TheoreticalFramework for ComputerModelsof CooperativeDialogue, Acknowledg-



M. Wooldridge/ Agent-BasedComputing 21

ing Multi-AgentConflict. PhDthesis,OpenUniversity, UK, 1988.
[44] J. R. Galliers. Thepositive role of conflict in cooperative multi-agentsystems.In Y. Demazeauand

J.-P. Müller, editors,DecentralizedAI — Proceedingsof theFirst EuropeanWorkshopon Modelling
AutonomousAgentsin a Multi-AgentWorld (MAAMAW-89), pages33–48.Elsevier SciencePublishers
B.V.: Amsterdam,TheNetherlands,1990.

[45] L. Gasserand R. W. Hill Jr. Coordinatedproblemsolvers. Annual Review of ComputerScience,
4:203–253,1990.

[46] L. GasserandM. Huhns,editors.DistributedArtificial IntelligenceVolumeII . Pitman/MorganKauf-
man,1989.

[47] M. R. GeneserethandS. P. Ketchpel. Softwareagents.Communicationsof the ACM, 37(7):48–53,
July 1994.

[48] M. P. Georgeff. Communicationandinteractionin multi-agentplanning. In Proceedingsof theThird
NationalConferenceonArtificial Intelligence(AAAI-83), Washington,D.C.,1983.

[49] M. P. Georgeff. Planning.AnnualReview of ComputerScience, 2:359–400,1987.
[50] M. P. Georgeff and A. L. Lansky. Reactive reasoningand planning. In Proceedingsof the Sixth

NationalConferenceonArtificial Intelligence(AAAI-87), pages677–682,Seattle,WA, 1987.
[51] N. Gilbert. Emergencein socialsimulation. In N. Gilbert andR. Conte,editors,Artificial Societies:

TheComputerSimulationof SocialLife, pages144–156.UCL Press:London,1995.
[52] C. V. GoldmanandJ. S. Rosenschein.Emergentcoordinationthroughthe useof cooperative state-

changingrules. In Proceedingsof theTwelfthInternationalWorkshoponDistributedArtificial Intelli-
gence(IWDAI-93), pages171–186,HiddenValley, PA, May 1993.

[53] A. Haddadi.CommunicationandCooperationin AgentSystems(LNAI Volume1056). Springer-Verlag:
Heidelberg, Germany, 1996.

[54] B. Hayes-Roth,M. Hewett,R. Washington,R. Hewett,andA. Seiver. Distributing intelligencewithin
anindividual. In L. GasserandM. Huhns,editors,DistributedArtificial IntelligenceVolumeII , pages
385–412.PitmanPublishing:LondonandMorganKaufmann:SanMateo,CA, 1989.

[55] M. Huhns,editor. DistributedArtificial Intelligence. PitmanPublishing:LondonandMorganKauf-
mann:SanMateo,CA, 1987.

[56] N. R.Jennings.Towardsacooperationknowledgelevel for collaborativeproblemsolving.In Proceed-
ingsof theTenthEuropeanConferenceon Artificial Intelligence(ECAI-92), pages224–228,Vienna,
Austria,1992.

[57] N. R. Jennings.Commitmentsandconventions:The foundationof coordinationin multi-agentsys-
tems.TheKnowledge EngineeringReview, 8(3):223–250,1993.

[58] N. R. Jennings,J. M. Corera,andI. Laresgoiti. Developingindustrialmulti-agentsystems.In Pro-
ceedingsof theFirst InternationalConferenceon Multi-AgentSystems(ICMAS-95), pages423–430,
SanFrancisco,CA, June1995.

[59] N. R. Jennings,P. Faratin, M. J. Johnson,T. J. Norman,P. O’Brien, and M. e. Wiegand. Agent-
basedbusinessprocessmanagement. International Journal of Cooperative Information Systems,
5(2&3):105–130,1996.

[60] N. R. JenningsandT. Wittig. ARCHON: Theoryandpractice. In DistributedArtificial Intelligence:
TheoryandPraxis, pages179–195.ECSC,EEC,EAEC,1992.

[61] N. R. Jenningsand M. Wooldridge. Applying agenttechnology. Applied Artificial Intelligence,
9(6):357–370,1995.

[62] N. R. JenningsandM. Wooldridge. Applicationsof intelligentagentagents.In N. R. Jenningsand
M. Wooldridge,editors,Agent-BasedComputing:ApplicationsandMarkets. 1997.To appear.

[63] L. P. Kaelbling. An architecturefor intelligentreactive systems.In M. P. Georgeff andA. L. Lansky,
editors,ReasoningAbout Actions& Plans— Proceedingsof the 1986 Workshop, pages395–410.
MorganKaufmannPublishers:SanMateo,CA, 1986.

[64] D. Kinny, M. Ljungberg, A. S.Rao,E. Sonenberg, G. Tidhar, andE. Werner. Plannedteamactivity. In
C. CastelfranchiandE. Werner, editors,Artificial SocialSystems— SelectedPapers fromtheFourth
EuropeanWorkshopon ModellingAutonomousAgentsin a Multi-AgentWorld, MAAMAW-92 (LNAI



M. Wooldridge/ Agent-BasedComputing 22

Volume830), pages226–256.Springer-Verlag:Heidelberg, Germany, 1992.
[65] M. Klein and A. B. Baskin. A computationalmodel for conflict resolutionin cooperative design

systems. In S. M. Deen,editor, CKBS-90— Proceedingsof the InternationalWorking Conference
on Cooperating Knowledge BasedSystems, pages201–222.Springer-Verlag: Heidelberg, Germany,
1991.

[66] S.Lander, V. R.Lesser, andM. E.Connell.Conflictresolutionstrategiesfor cooperatingexpertagents.
In S.M. Deen,editor, CKBS-90— Proceedingsof theInternationalWorking Conferenceon Cooper-
atingKnowledge BasedSystems, pages183–200.Springer-Verlag:Heidelberg, Germany, 1991.

[67] Y. Lésperance,H. J.Levesque,F. Lin, D. Marcu,R. Reiter, andR. B. Scherl.Foundationsof a logical
approachto agentprogramming.In M. Wooldridge,J. P. Müller, andM. Tambe,editors,Intelligent
AgentsII (LNAI 1037), pages331–346.Springer-Verlag:Heidelberg, Germany, 1996.

[68] V. R.LesserandL. D. Erman.Distributedinterpretation:A modelandexperiment.IEEETransactions
on Computers, C-29(12),1980.

[69] S.C. Levinson.Pragmatics. CambridgeUniversityPress:Cambridge,England,1983.
[70] M. Ljunberg andA. Lucas.TheOASIS air traffic managementsystem.In Proceedingsof theSecond

PacificRimInternationalConferenceonAI (PRICAI-92), Seoul,Korea,1992.
[71] R. D. LuceandH. Raiffa. GamesandDecisions. JohnWiley & Sons,1957.
[72] P. Maes,editor. DesigningAutonomousAgents. TheMIT Press:Cambridge,MA, 1990.
[73] P. Maes. Situatedagentscanhave goals. In P. Maes,editor, DesigningAutonomousAgents, pages

49–70.TheMIT Press:Cambridge,MA, 1990.
[74] P. Maes.Theagentnetwork architecture(ANA). SIGARTBulletin, 2(4):115–120,1991.
[75] P. Maes.Agentsthatreducework andinformationoverload.Communicationsof theACM, 37(7):31–

40,July 1994.
[76] J. Mayfield, Y. Labrou,andT. Finin. EvaluatingKQML asan agentcommunicationlanguage. In

M. Wooldridge,J.P. Müller, andM. Tambe,editors,IntelligentAgentsII (LNAI 1037), pages347–360.
Springer-Verlag:Heidelberg, Germany, 1996.

[77] Y. Mor andJ. S. Rosenschein.Time andthe prisoner’s dilemma. In Proceedingsof the First Inter-
nationalConferenceon Multi-Agent Systems(ICMAS-95), pages276–282,SanFrancisco,CA, June
1995.

[78] K. Mori, H. Torikoshi,K. Nakai,andT. Masuda.Computercontrolsystemfor iron andsteelplants.
Hitachi Review, 37(4):251–258,1988.

[79] J. P. Müller. TheDesignof Intelligent Agents(LNAI Volume1177). Springer-Verlag: Heidelberg,
Germany, 1996.

[80] N. Negroponte.BeingDigital. HodderandStoughton,1995.
[81] A. Newell andH. A. Simon.GPS:A programthatsimulateshumanthought.In LernendeAutomaten.

R. Oldenbourg, KG, 1961.
[82] TheObjectManagementGroup(OMG). Seehttp://www.omg.org/.
[83] A. Poggi. DAISY: An object-orientedsystemfor distributedartificial intelligence.In M. Wooldridge

andN. R. Jennings,editors,IntelligentAgents:Theories,Architectures,andLanguages(LNAI Volume
890), pages341–354.Springer-Verlag:Heidelberg, Germany, January1995.

[84] A. S. RaoandM. Georgeff. BDI Agents: from theoryto practice. In Proceedingsof theFirst Inter-
nationalConferenceon Multi-Agent Systems(ICMAS-95), pages312–319,SanFrancisco,CA, June
1995.

[85] A. S. RaoandM. P. Georgeff. Modeling rationalagentswithin a BDI-architecture.In R. Fikesand
E. Sandewall, editors,Proceedingsof Knowledge Representationand Reasoning(KR&R-91), pages
473–484.MorganKaufmannPublishers:SanMateo,CA, April 1991.

[86] A. S.RaoandM. P. Georgeff. Formalmodelsanddecisionproceduresfor multi-agentsystems.Tech-
nicalNote61,AustralianAI Institute,Level 6, 171La TrobeStreet,Melbourne,Australia,June1995.

[87] A. S. Rao,M. P. Georgeff, andE. A. Sonenberg. Socialplans: A preliminaryreport. In E. Werner
andY. Demazeau,editors,DecentralizedAI 3 — Proceedingsof the Third EuropeanWorkshopon
ModellingAutonomousAgentsin a Multi-AgentWorld (MAAMAW-91), pages57–76.Elsevier Science



M. Wooldridge/ Agent-BasedComputing 23

PublishersB.V.: Amsterdam,TheNetherlands,1992.
[88] J. S. RosenscheinandM. R. Genesereth.Dealsamongrationalagents.In Proceedingsof theNinth

InternationalJoint Conferenceon Artificial Intelligence(IJCAI-85), pages91–99,Los Angeles,CA,
1985.

[89] J.S.RosenscheinandG. Zlotkin. Rulesof Encounter:DesigningConventionsfor AutomatedNegoti-
ationamongComputers. TheMIT Press:Cambridge,MA, 1994.

[90] S.RosenscheinandL. P. Kaelbling.Thesynthesisof digital machineswith provableepistemicproper-
ties. In J.Y. Halpern,editor, Proceedingsof the1986ConferenceonTheoreticalAspectsof Reasoning
AboutKnowledge, pages83–98.MorganKaufmannPublishers:SanMateo,CA, 1986.

[91] S. J. Russell,D. Subramanian,and R. Parr. Provably boundedoptimal agents. In Proceedingsof
the ThirteenthInternationalJoint Conferenceon Artificial Intelligence(IJCAI-93), pages338–344,
Chamb́ery,France,1993.

[92] S. J. RussellandE. Wefald. Do the Right Thing— Studiesin Limited Rationality. The MIT Press:
Cambridge,MA, 1991.

[93] E. Sacerdoti.Planningin ahierarchyof abstractionspaces.Artificial Intelligence, 5:115–135,1974.
[94] E. Sacerdoti.Thenon-linearnatureof plans.In Proceedingsof theFourth InternationalJoint Confer-

enceonArtificial Intelligence(IJCAI-75), pages206–214,Stanford,CA, 1975.
[95] T. SandholmandV. Lesser. Issuesin automatednegotiationandelectroniccommerce:Extendingthe

contractnetframework. In Proceedingsof theFirst InternationalConferenceon Multi-AgentSystems
(ICMAS-95), pages328–335,SanFrancisco,CA, June1995.

[96] J. R. Searle. Speech Acts: An Essayin the Philosophyof Language. CambridgeUniversity Press:
Cambridge,England,1969.

[97] Y. Shoham.Agent-orientedprogramming.TechnicalReportSTAN–CS–1335–90,ComputerScience
Department,StanfordUniversity, Stanford,CA 94305,1990.

[98] Y. Shoham.Agent-orientedprogramming.Artificial Intelligence, 60(1):51–92,1993.
[99] Y. ShohamandM. Tennenholtz.On the synthesisof usefulsociallaws for artificial agentsocieties.

In Proceedingsof theTenthNationalConferenceonArtificial Intelligence(AAAI-92), SanDiego,CA,
1992.

[100] R. G. Smith. The CONTRACT NET: A formalismfor the control of distributedproblemsolving.
In Proceedingsof theFifth InternationalJoint Conferenceon Artificial Intelligence(IJCAI-77), Cam-
bridge,MA, 1977.

[101] R. G. Smith. Thecontractnetprotocol. IEEETransactionsonComputers, C-29(12),1980.
[102] R. G. Smith. A Framework for DistributedProblemSolving. UMI ResearchPress,1980.
[103] R. G. SmithandR. Davis. Frameworksfor cooperationin distributedproblemsolving. IEEE Trans-

actionsonSystems,Man,andCybernetics, 11(1),1980.
[104] R. Steeb,S. Cammarata,F. A. Hayes-Roth,P. W. Thorndyke, andR. B. Wesson.Distributedintel-

ligencefor air fleet control. In A. H. BondandL. Gasser, editors,Readingsin DistributedArtificial
Intelligence, pages90–101.MorganKaufmannPublishers:SanMateo,CA, 1988.

[105] L. Steels.Cooperationbetweendistributedagentsthroughselforganization.In Y. DemazeauandJ.-P.
Müller, editors,DecentralizedAI — Proceedingsof the First EuropeanWorkshopon ModellingAu-
tonomousAgentsin a Multi-AgentWorld (MAAMAW-89), pages175–196.Elsevier SciencePublishers
B.V.: Amsterdam,TheNetherlands,1990.

[106] S. R. Thomas.PLACA,an AgentOrientedProgrammingLanguage. PhDthesis,ComputerScience
Department,StanfordUniversity, Stanford,CA 94305,August1993. (Availableastechnicalreport
STAN–CS–93–1487).

[107] S. R. Thomas. The PLACA agentprogramminglanguage.In M. WooldridgeandN. R. Jennings,
editors,Intelligent Agents: Theories,Architectures,and Languages(LNAI Volume890), pages355–
369.Springer-Verlag:Heidelberg, Germany, January1995.

[108] G. TidharandJ.Rosenschein.A contractnetwith consultants.In Proceedingsof theTenthEuropean
ConferenceonArtificial Intelligence(ECAI-92), pages219–223,Vienna,Austria,1992.

[109] H. Van Dyke Parunak. Manufacturingexperiencewith the contractnet. In M. Huhns,editor, Dis-



M. Wooldridge/ Agent-BasedComputing 24

tributedArtificial Intelligence, pages285–310.PitmanPublishing:LondonandMorganKaufmann:
SanMateo,CA, 1987.

[110] S.VereandT. Bickmore.A basicagent.ComputationalIntelligence, 6:41–60,1990.
[111] A. Walker andM. Wooldridge.Understandingtheemergenceof conventionsin multi-agentsystems.

In Proceedingsof theFirst InternationalConferenceonMulti-AgentSystems(ICMAS-95), pages384–
390,SanFrancisco,CA, June1995.

[112] P. Wavish. Exploiting emergentbehaviour in multi-agentsystems.In E. WernerandY. Demazeau,
editors,DecentralizedAI 3 —Proceedingsof theThird EuropeanWorkshoponModellingAutonomous
Agentsin a Multi-AgentWorld (MAAMAW-91), pages297–310.Elsevier SciencePublishersB.V.: Am-
sterdam,TheNetherlands,1992.

[113] P. Wavish andM. Graham. Roles,skills, andbehaviour: a situatedactionapproachto organising
systemsof interactingagents.In M. WooldridgeandN. R. Jennings,editors,IntelligentAgents:Theo-
ries,Architectures,andLanguages(LNAI Volume890), pages371–385.Springer-Verlag:Heidelberg,
Germany, January1995.

[114] P. Wayner. AgentsUnleashed:A PublicDomainLookat AgentTechnology. AcademicPress:London,
1995.

[115] D. Weerasooriya,A. Rao,andK. Ramamohanarao.Designof aconcurrentagent-orientedlanguage.In
M. WooldridgeandN. R.Jennings,editors,IntelligentAgents:Theories,Architectures,andLanguages
(LNAI Volume890), pages386–402.Springer-Verlag:Heidelberg, Germany, January1995.

[116] G. Weiß. Learningto coordinateactionsin multi-agentsystems.In Proceedingsof theThirteenthIn-
ternationalJoint ConferenceonArtificial Intelligence(IJCAI-93), pages311–316,Chamb́ery,France,
1993.

[117] E. Werner. Cooperatingagents:A unifiedtheoryof communicationandsocialstructure.In L. Gasser
andM. Huhns,editors,DistributedArtificial IntelligenceVolumeII , pages3–36.PitmanPublishing:
LondonandMorganKaufmann:SanMateo,CA, 1989.

[118] J. E. White. Telescripttechnology: The foundationfor the electronicmarketplace. White paper,
GeneralMagic,Inc.,2465LathamStreet,MountainView, CA 94040,1994.

[119] D. Wilkins. Practical Planning: ExtendingtheClassicalAI PlanningParadigm. MorganKaufmann
Publishers:SanMateo,CA, 1988.

[120] T. Wittig, editor. ARCHON:An Architecture for Multi-Agent Systems. Ellis Horwood: Chichester,
England,1992.

[121] M. Wooldridge. The Logical Modelling of ComputationalMulti-Agent Systems. PhD thesis,De-
partmentof Computation,UMIST, Manchester, UK, October1992. (Also availableasTechnicalRe-
portMMU–DOC–94–01,Departmentof Computing,ManchesterMetropolitanUniversity, ChesterSt.,
Manchester, UK).

[122] M. Wooldridge. Coherentsocial action. In Proceedingsof the EleventhEuropeanConferenceon
Artificial Intelligence(ECAI-94), pages279–283,Amsterdam,TheNetherlands,1994.

[123] M. Wooldridge.Thisis MYWORLD: Thelogicof anagent-orientedtestbedfor DAI. In M. Wooldridge
andN. R. Jennings,editors,IntelligentAgents:Theories,Architectures,andLanguages(LNAI Volume
890), pages160–178.Springer-Verlag:Heidelberg, Germany, January1995.

[124] M. Wooldridge,S. Bussmann,andM. Klosterberg. Productionsequencingasnegotiation. In Pro-
ceedingsof theFirst InternationalConferenceon thePracticalApplicationof AgentsandMulti-Agent
Technology (PAAM–97), pages709–726,1996.

[125] M. WooldridgeandN. R. Jennings.Formalizingthe cooperative problemsolving process.In Pro-
ceedingsof theThirteenthInternationalWorkshopon DistributedArtificial Intelligence(IWDAI-94),
pages403–417,LakeQuinalt,WA, July1994.

[126] M. WooldridgeandN. R. Jennings.Intelligentagents:Theoryandpractice. TheKnowledge Engi-
neeringReview, 10(2):115–152,1995.


