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This articleis anintroductorysuney of agent-baseatomputing Thearticlebeginswith an
overview of micro-level issuesn agent-basegystemsissuegelatedto thedesignandcon-
structionof individual intelligentagents.The article thengoeson to discusssomemacio-
level issuesissuegelatedto thedesignandconstructiorof agentsocieties Finally, thekey
applicationareadfor agenttechnologyaresuneyed.

1 Introduction

It is probablyquiterarefor asoftwaretechnologyto seizetheimaginationof thecomputeiscience
communityatlarge. And yetthisis preciselywhathashappenedavith intelligentagentsand multi-
agentsystemsin thepastfew yearsjnterestin agenthasgrown atanastonishingate,andwhile
the currenthype meanghatthereis sureto be a backlasheventually this backlashis notyetin
evidence.

The aim of this article is to surney somekey researchissuesanddevelopmentsn the area
of intelligent agentsand multi-agentsystems. While an article like this cannothopeto actas
anintroductionto all theissuesn afield asrich anddiverseas multi-agentsystemsthe aim is
neverthelesgo point the readerat the main areasof interest. Note thatthe articleis intendedas
anintroduction notasaspecialistadvancedsuney.

The article starts— inevitably — by askingthe questionwhatis an agent? This leadsto
a brief discussionon the topic of what sort of computersystemsare mostappropriatelycon-
ceived and implementedas multi-agentsystems. A crude classificationschemels thenintro-
duced,wherebythe issuegelatingto the designandimplementatiorof multi-agentsystemsare
dividedinto micro (agent-leel) issuesandmacio (society-level) issuesin section2, micro-level
issuegqessentiallywhat software structureshouldan agenthave?) arediscussedn moredetail.
Traditional symbolic Al architecturedor agentsare reviewed, as well as alternatve, reactive
architecturesandfinally, varioushybrid architecturesOneparticularlywell-known agentarchi-
tectureis discussedn detail: the Procedual Reasoningsystem{(PRS)[50]. Section3 considers
macro,or society-level aspectof multi-agentsystems.It begins by identifying a researctarea
known ascooperatie distributedproblemsolving (CDPS),andgoeson to considerthe issuesof
coominationandcoheence This sectionalsomentionsissuessuchascommunicatiorandne-
gotiation. Section4 discusseshe applicationgo which the technologyof intelligentagentsand
multi-agentsystemsseemdik ely to be applied. Finally, in section5, someconcludingremarks
arepresented.
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1.1 Whatare Agents?

Lik e the questionwhatis intelligence?in mainstreanAl, the questionwhatis an agent? is the

mostfrequently-askd questionin multi-agentsystemgesearch.Everyoneworking in the field

hastheir own interpretationof the term, andtheir own ideasaboutwhat the importantissues
are. Ratherthanentera debateaboutthe issue,we shall heresimply give an examplescenario
describingcomputersystemghatit seemsausefulto think of asagentgthis exampleis borroved

from[126)]):

The key air-traffic control systemsin the country of Ruritaniasuddenlyfail, due
to freak weatherconditions. Fortunately computerizedair-traffic control systems
in neighbouringcountriesnegotiatebetweenthemselesto track and dealwith all

affectedflights, andthepotentiallydisastrousituationpassesvithoutmajorincident.

The computersystems— agents— operatingn this scenaria..

e ... aresituatedin a constantlychangingervironment;

Unlikethetheoremproversandexpertsystemsf early Al researchagentoperatebothin
andon someervironment,which maybe (in this case)the world of air-traffic control,the
realworld (in the caseof a physicallyembodiedobot),the INTERNET (in the caseof net-
work agentd118]), or asoftwareervironmentsuchasunix (in the caseof softbots[33)]).

¢ ... haveonly partial, possiblyincorrectinformationaboutthe ervironmentand are able
to male (at best)limited predictionsaboutwhatthe future will hold;

The agentsn this exampleareableto perceve their ervironmentthroughradarandradio
contactwith pilots; clearly, the informationthey obtainin this way, (particularly about
variableslik e the weather),is limited and proneto error. Moreover, ary predictionsthe
agentmakes(e.g.,abouttomorrov’sweatherwill beliableto errors.

e ... are ableto act uponthe ervironmentin order to change it, but haveat bestpartial
contmol overtheresultsof their actions

The agentsin this scenariodo not have completecontrol over their ervironment: in par
ticular, they have no controlover ‘nature’ (in the form of, for example,weather).They do
have limited controlover aspectof the environment(in particular they caninstructpilots
aboutwhatcourseto fly, altitude,speedandsoon), but they cannotrely uponthis control
beingperfect(pilots canignoreor misunderstandhstructions).

¢ ... havepossiblyconflictingtasksthey mustperform

More thanonere-routedaircraft may wish to land on the samerunway at the sametime.
In circumstancesuchas this, wherethe agentcannotachieve all the tasksit hasbeen
allocatedjt mustfix uponsomesubsebf thesetasksandcommitto realizingthem(seethe
discussioron BDI architecturedn section2).

¢ ... haveavailablemanydifferentpossiblecoursesof actior

Therewill typically be mary differentwaysthatan agentcanachieve its tasks;the agent
mustselectsomeproceduresthatit believeswill achieveits selectedasks,andcommitto
performingthem. Moreover, the agentsshouldpick the procedureshatarein somesense
thebest
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e ... arerequiredto male decisionsn a timelyfashion

Realagentsdo not have infinite resourcestheworld changesn realtime, andagentanust
malke the best(mostrational) decisionspossible given the resourceginformation,time,
computationapower) availableto them[91].

(Thesepointsareborrovedfrom [84, p313],wherethey arediscussedn moredetail.) It should
be clearto anyonewith morethana passingappreciatiorof softwareengineeringhatthe design
andimplementatiorof computersystemsthat can operateundertheseconstraintss extremely
difficult. Someresearcherge.g.,[84]) believe thatsuchcomputersystemanay usefullybe con-
sideredasmulti-agentsystemsandthatthetoolsandtechnique®f multi-agentsystemgesearch
may fruitfully be usedto developthem. Clearly, the scenaricabove is ratherextreme(it is hard
to think of mary moredifficult computersystemso build!), but theagentconcepts likely to be
usefulevenin domainghatdo not exhibit suchextremepropertiessomeof thesedomaingsuch
asuserinterfaceswill bediscussedh section4.

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

e autonomy agentsoperatewithout the direct interventionof humansor others,and have
controlovertheir actionsandinternalstate;

e socialability: agentsareableto cooperatavith humansor otheragentsn orderto achieve
theirtasks;

e reactivity agentsperceve their environment,andrespondn atimely fashionto changes
thatoccurin it;

e pro-activenessagentsdo not simply actin responséo their ervironment,they areableto
exhibit goal-directeehaiour by takingtheinitiative.

For me, an intelligent agentis a systemthat enjoys theseproperties. Other researcherargue
thatdifferentpropertiesshouldreceve greateremphasis Someotherpropertiediscussedn the
context of agengy are:

¢ mobility: theability of anagentto move aroundanelectronicnetwork [118];

e veracity. the assumptiorthat an agentwill not knowingly communicatefalseinforma-
tion [43];

e beneolence the assumptiorthat agentssharecommongoals,andthat every agentwill
thereforealwaystry to dowhatis askedof it [88];

e rationality: theassumptiorthatanagentwill actin orderto achieveits goals,andwill not
actin sucha way asto preventits goalsbeingachieved — at leastinsofar asits beliefs
permit[92];

¢ learning theassumptiorthatanagentwill adaptitself to fit its ernvironment.

For others— particularlythoseworking in Al — theterm‘agent’ hasa strongemeaning.They
meananagentto be a computersystemthat,in additionto having the propertiespecifiedabove,
is eitherdesignedor implementedn termsof conceptsmore usually appliedto humans. One
manifestatiorof thisidea,calledagent-orientedorogramming is discussedh section2.
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1.2 Micro andMacro Issues

If oneaimsto build acomputersystemsuchasthatindicatedin the examplescenariothenthere
areatleasttwo sortsof issueghatoneneedgo addresg51, p145]:

e Micro-issues How doesone build an agentthat hasthe kind of propertiedisted above?
Thisis theareathathasbecomeknown asagentarchitectues

¢ Macro-issuesHow doesonedesignanagentsocietythatcan(co-)operateffectively? This
latterareahasbeenthe primaryfocusof researchin DistributedAl (DAI) [55, 10, 46].

Thesetwo setsof issuesareby no meandlisjoint: thetraditional Al approactto building a sys-
temthatcanoperatantelligentlyin someervironmentproposegiving thatsystensomesymbolic
representationf theenvironment.If anagents to co-operateffectively with otheragentsthere-
fore,onemightwishto give thatagenta symbolicrepresentationf the cooperatie procesgsee,
e.g.,Jennings’coopeation knowled@ level [56], andthe co-operatiorievel in the INTERRAP
architecturd79]).

Themicro/macradistinctionhasbeencriticizedby a numberof researchersOneobjection,
for example,is thatagentcanbecomprisedf anumberof otheragentsin thesamewaythatary
comple systemcanbe decomposeihto a numberof othersubsystem§s4]. The micro/macro
distinctionmalkeslittle sensdf onetakessucha view. As the precedingparagraphllustrated,
thereis certainlya somevhatgrey areabetweermicro andmacroissues.However, for the pur-
posesof thisreview, it seemsa usefulclassificatiorscheme.

2 Micro (Agent Level) Issues

This sectionpresents shortsurey of theareaknown asagentarchitectues Researchensork-
ing in thisareaareconcernedvith the designandconstructiorof agentghatenjoy theproperties
of autonomyreactvity, pro-actvenessandsocialability, asdiscussecarlier Following [126],
threeclasse®f agentarchitecturareidentified: deliberatie,or symbolicarchitecturesarethose
designedhlongthelinesproposedy traditional,symbolicAl; reactve architecturesrethosethat
esch& centralsymbolicrepresentationgf the agents ervironment,anddo not rely on symbolic
reasoningandfinally, hybrid architecturegrethosethattry to marrythedeliberatve andreactve
approaches.

2.1 Traditional Al — SymbolicArchitectues

Thetraditionalapproacthio designingagentss to view themasatypeof knowledge-basedystem.
Sucharchitecturesre often calleddeliberate or deliberative. The key questiongo be answered
whendevelopingan agentusingtraditionalknowledge-basedystemgechniquesre thuswhat
knowledgeneedsto be representedhow this knowledgeis to be representedwhat reasoning
mechanismsareto beused,andsoon.

Thesymbolicapproacho building agentshastraditionallybeenvery closelyassociatevith
the Al planning paradigm[49]. This paradigmtracesits origins to Newell and Simon’s GPs
system[81], but is mostcommonlyassociatedvith the STRIPS planningsystem([38]) andits
descendent&suchas[93, 94, 19, 119). A typical STRIPs-style planningagentwill have atleast
thefollowing components:
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e asymbolicmodelof theagents ervironment typically representeéh somelimited subset
of first-orderpredicatdogic;

e asymbolicspecificatiorof theactionsavailableto theagenttypically representedh terms
of PDA (pre-conditiondelete add)lists, whichspecifyboththecircumstanceandemwhich
anactionmaybe performedandthe effectsof thataction;

¢ aplanningalgorithm,which takesasinput the representationf the ervironment,a setof
actionspecificationsanda representationf a goalstate andproducesasoutputa plan—
essentiallya program— which specifieshow theagentcanactsoasto achieve thegoal.

Thus,planningagentsdecidehow to actfrom first principles Thatis, in orderto satisfya goal,
they first formulatean entirelynew planor programfor thatgoal. We canthusthink of planning
agentcontinuallyexecutingacycleof pickinganew goal¢;, generating planw for ¢;, executing
m, picking a new goal ¢, andso on. Unfortunately first-principlesplanningof the type just
describedhasassociatedvith it a numberof difficulties. The mostobvious of theseis thatthe
processesf finding a goal, generatinga planto achieve it, andexecutingit arenot atomic: they

take time — in somecasesa considerablamountof time. Yetthereis anassumptionmplicit in

thisschemethattheenvironmentin whichtheagents situateddoesnotchangesoasto invalidate
the pre-conditionf the planeitherwhile the planis beingformedor while it is beingexecuted.
Clearly, in any evenmoderatelydynamicdomain,this assumptiorsimply will not hold.

Therearea numberof theoreticakesultswhich indicatethat first-principlesplanningis not
a viable option for agentsthat operatein time-constraineervironments. For example,Chap-
mandemonstratethatin mary circumstancedijrst-principlesplanningis undecidablg19]. So,
building reactiveagentsthatcantruly respondo changesn their ervironment,is notlikely to
be possibleusingfirst-principlesplanningtechniquesChapmars negative results (andotherin-
tractabilityresults) have causednary researchert® look for alternatie paradigmawithin which
to constructagentssuchattemptsarereviewedbelow.

Despitethe nggative resultsof Chapmarandothers,planningis still regardedasanimpor-
tant ability for agentsandmary attemptshave beenmadeto build plannersthat, for example,
interleave planning,plan execution,and monitoringof plans. One exampleof sucha systemis
Ambros-IngersomandSteels iPEM system4]. Anotherexampleis VereandBickmoresSHOMER
systemjn whichasimulatedsubmarineagentis givenEnglish-languagastructionsaboutgoals
to achievein achangingervironment[110].

As well asAl planningsystemsa greatdeal of work hasbeencarriedout on deliberatve
agentswithin the paradigmknown as agent-orientedprogramming Within Al, it is common
practiceto characterizéhe stateof anagentin termsof mentalisticnotionssuchasbelief, desie,
andintention Therationaleis thatthesenotionsare abstraction tools usedby usin everyday
languageto explain and predictthe behaiour of complec intelligent systems:people. Justas
we canusethesenotionsto explain the behaiour of people,so, the reasoningyoes,we canuse
themto predict,explain, and,crucially, evenprogramcomple« computersystemsThis proposal,
in its best-knaevn form, wasmadearound1989by Yoar Shoham building on ideasfrom John
McCarthy and others[97, 98], andis known as agent-orientedprogramming(AOP). In order
to demonstrate¢he AOP paradigm,Shohamdefineda simple experimentallanguage AGENTO.
This languageallowed oneto specifythe behaiour of agentsn termsof rulesthat definehow
an agentgenerategommitmentf$rom the messagegt recevesandbeliefsit holds. The agent
continually executesa cycle of receving messagesjpdatingbeliefs, generatingcommitments,
andattemptingo dischagecurrentcommitmentsBuilding on Shohamswork, mary othershave
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developedagentrogrammingervironmentsasedn similarideas.For example:Becky Thomas
describedan extensionto AGENTO calledpPLACA [106, 107]; Wooldridgeand Vandelerckhore

developedan AGENTO-like multi-agenttestbedcalled MYWORLD [123]; Poggi describedan

agent-orienteeéxtensionto the cuBL concurrenbbjectlanguagd83]; Weerasooriy&tal discuss
a (hypothetical)agent-orientegorogramminglanguagecalled AGENTSPEAK [115]; Fisherhas
developeda multi-agentprogrammingervironmentbasedon executabletemporallogic, which

enjoys mary of the propertiesof AOP[41, 42]; Burkharddiscussesomeissuesn the designof

agent-orienteérvironmentg17]; andfinally, Lespgeranceetal describealogic-basednulti-agent
programmingervironmentcalledCONGOL OG [67], whichincorporatesnary ideasfrom AOP.

2.2 ReactiveArchitectues

In additionto the criticismsoutlinedabove, thereare mary otherobjectionsto symbolicto Al
and deliberatve agents,someof which have led researcherto seekalternatve approachesor
building agents. Perhapghe best-knavn proponentof this ‘alternative Al’ is Rodng Brooks,
who, startingin about1985,begandevelopmenbf the subsumptiomrchitectue[12, 13, 15, 14].
Thebasicideaof thesubsumptiorarchitectures to designanagentasa setof taskaccomplishing
behavious, arrangednto asubsumptiohierarchy. Eachtaskbehaiourisimplementedsa sim-
ple finite-statemachine which directly mapssensoiinput to effector output. The layersinteract
with eachothervia suppressiorandinhibition actions. For example,a lower layerin the hier-
archy representindow-level behaiour (suchasavoiding obstaclesnay suppressigherlayers
thatrepresenmoreabstracbehaiours(suchasexploring or avoiding obstacles)The procesof
designinganagentbecome®neof systematicallyaddingandexperimentingwith behaiours.

It shouldbe stressedhat Brooks’ systemsdo no symbolicreasoningatall. They are,in a
sensegxtremelysimplein computationaterms. And yet experimentshave shovn that agents
implementedisingBrooks’ schemecanachieve nearoptimalresults[105].

A numberof otherresearcherbave developedapproachet agentdesignthatborrov from
Brooks’ work. Somewell-known examplesarePattie Maes’ agentnetwork architecturd73, 74,
andthe ABLE and REAL-TIME ABLE (RTA) languagesievelopedat Philips researcHabs[24,
112 113. Otherapproacheto reactize architecturesre[63, 40, 3, 90]; thebookeditedby Maes
containsmary relevantpapersandreference$72].

2.3 Hybrid Architectues

Someresearcherstronglybelieve thatthetraditional,symbolicapproachs thebestcandidatdor
the future developmenif Al; others(suchasBrooks)just asstronglyasserthatsymbolicAl is
adeadend,andthatalternatve approachesarerequired.Still othersaccepthatbotharguments
have their merits,andsuggesthatthe bestdirectionfor futureresearcthis to try to marrythetwo
stylesof architectureThis hasled to work on hybrid architectues

Perhapghe best-knevn agentarchitecturds the Procedual ReasoningSystenm(PRS)de-
velopedby Geogeff etal [50]. The Prs is illustratedin Figurel. The PRS is an exampleof
a currently popularparadigmfor agentdesignknown as the belief-desie-intention(BDI) ap-
proach[11]. As this figure shows, a BDI architecturetypically containsfour key datastruc-
tures. An agents beliefscorrespondo informationthe agenthasaboutthe world, which may
be incompleteor incorrect. Beliefs may be as simple asvariables,(in the senseof, e.g., PAS-
CAL programs)but implementedBDI agentstypically represenbeliefs symbolically (e.g.,as
PROLOG-like facts[50]). An agents desiesintuitively correspondo the tasksallocatedto it.
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data input from sensors
WORLD

BELIEFS \ / PLANS

Interpreter

DESIRES INTENTIONS

Figurel: ThePrs — A BDI AgentArchitecture

(ImplementedBDI agentsrequirethat desiresbe logically consistentalthoughhumandesires
oftenfail in thisrespect.)

An agents intentionsrepresentlesireghatit hascommittedto achiezing. The intuition is
thatanagentwill not,in generalpbeableto achieve all its desiresgvenif thesedesiresare con-
sistent. Agentsmustthereforefix uponsomesubsef availabledesiresandcommitresources
to achieving them. Thesechoserdesireswhich the agenthascommittedto achiesing, areinten-
tions[20]. An agentwill typically continueto try to achiere anintentionuntil eitherit believes
theintentionis satisfiedpr elseit believestheintentionis no longerachiezable[20].

Thefinal datastructuren aBDI agentis aplanlibrary. A planlibrary is asetof plans(a.k.a.
recipe$ which specifycoursef actionthatmaybefollowedby anagentin orderto achieve its
intentions. An agents plan library representsts procedual knowled@, or know-how A plan
containgwo parts:abody, or program, which definesa courseof action;anda descriptor which
statedoththe circumstancesanderwhich the plancanbeused(i.e., its pre-condition) andwhat
intentionsthe plan may be usedin orderto achieve (i.e., its post-condition).PRS agentsdo no
first-principlesplanningatall.

Theinterpreterin Figurel is responsibldéor updatingbeliefsfrom obsenationsmadeof the
world, generatinghew desires(tasks)on the basisof new beliefs,andselectingfrom the setof
currentlyactive desiressomesubsetto act asintentions. Finally, the interpretermustselectan
actionto performon the basisof theagents currentintentionsandproceduraknowledge.

In orderto give a formal semanticgo BDI architecturesa rangeof BDI logics have been
developedby RaoandGeogef [85, 86]. Theseogicsareextensiongo the branchingime logic
CTL* [31], which alsocontainnormalmodal connectvesfor representindeliefs, desiresand
intentions. Most work on BDI logics hasfocussedon possiblerelationshipsbetweenthe three
‘mental states’[85], andmorerecently on developingproof methoddor restrictedforms of the
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Figure2: TOURINGMACHINES: A LayeredAgentArchitecture

logics[86]. In relatedwork, attemptshave beenmadeto graftalogic of plansontothe basicBDI
framework, in orderto represenanagents proceduraknowledge[87, 64].

An increasinglypopularapproacho designinghybrid agentss to usealayered architecture.
Theideaof layeredarchitecturess well-establishedhn traditionalsystemsontroltheory;in Al,
it hasbeenpopularizedyy thework of Brooks(seeabove)andKaelbling[63], amongothers.The
basicideaof a layeredarchitecturds that of integratingdifferentagentcontrol subsystemsy
layeringthem. Figure2 illustratesa goodexampleof a layeredagentarchitecturelnnesFemgu-
son’s TOURINGMACHINES [36, 35, 37]. As this Figureshavs, TOURINGM ACHINES consistof
threeactivity producinglayers. Thatis, eachlayer continually producessuggestionsfor what
actionsthe agentshouldperform. Thereactivelayer providesanimmediateresponsédo changes
thatoccurin the ervironment— it is implementecdasa setof situation-actiorrules,like the be-
havioursin Brooks’ subsumptiorarchitecture . Theserulesmapsensoiinput directly to effector
output. The planninglayercontainsa planlibrary (muchlik e the PRs — seeabove), which the
agentcanusein orderto achieve goals. The modelinglayerrepresentshe variousentitiesin the
world (including the agentitself, aswell asotheragents)the modelinglayer predictsconflicts
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betweeragentsandgeneratesew goalsto beachievedin orderto resole theseconflicts,which
are posteddown to the planninglayer, which thendeterminesow to satisfythem. The three
layersareembeddeadvithin a control subsystemwhich is responsibldor decidingwhich of the
layersshouldhave controlovertheagent.

Anotherexampleof a layeredarchitecturds INTERRAP [79]. Like TOURINGMACHINES,
the INTERRAP architecturehasthreelayers, with the lowesttwo layerscorrespondindairly
closelyto Fegusons reactve and planninglayers. However, the highestlayerin INTERRAP
dealswith social aspect®f the system:it not only modelsotheragentsput alsoexplicitly rep-
resentssocial actiities (suchas cooperatie problemsolving). The 3T architecturds another
layeredarchitecturethathasbeenusedin severalreal-world roboticagentd9].

3 Macro (Societal) I ssues

Sofar, this article hasconsiderednly the issuesassociatedvith intelligent agentdesign. We
have beenconcernedvith individuals but notwith societies Thedesignof ‘an agent'’is aclassic
Al pursuit: in a sensethis is what the whole of the Al endeaour hasbeendirectedtowards.
However, Al hastraditionallynot consideredhe societalaspect®f ageng. In thelate1970sand
early1980stheseaspect®f ageny beganto be studiedin a subfieldof Al known asDistributed
Al (DAI). In this sectionour aim is to briefly review work in DAI: we begin by consideringhe
distinctionbetweendistributed problemsolving and multi-agentsystemsandgo on to examine
theissueof coherencandcoordinationcommunicationgooperationandnegotiation. The best
referenceo thesevariousissuess the collectionof paperseditedby Bond and Gassef10]; the
first two subsectionghatfollow borrown from the suney articlethatopeng10].

3.1 DistributedProblemSolvingandthe Contract Net

Early researchin Distributed Al focussedon problemsolving by a group of logically distinct
computationabystemgagents) that ‘cooperateat the level of dividing and sharingknowledge
abouttheproblemandits developingsolution’[10, p3]. Thisresearclareas known asdistributed
problemsolving (DPS). It is not assumedhat the computingcomponentsn DPS systemsare
autonomousgents,in the sensedescribedearlier Thusthesecomponentsre often assumed
to be ‘benevolent’: willing partnersto the developmentof a solution, typically designedoy the
sameindividual. In DPS,themainissuego beaddressethclude: How canaproblembedivided
into smallertasksfor distribution amongagents? How can a problemsolution by effectively
synthesizedrom sub-problenresults?

Thebest-knavn frameawork for distributedproblemsolvingis thecontract net, developedby
Reid Smithfor his doctoralthesis[100, 102 101, 103. The contractnetproposeghefollowing
procesdor distributedproblemsolving. Problemsolvingbeginswhensomeagenthasa problem
thatit either cannotsolve on its own (for example,becauset lacks the expertise),or would
prefernotto (for example,becausé would take too long) — seeFigure3(a). This agent(Al in
Figure3) thendividestheproblemupin to sub-taskgthe mechanisnvia whichthisis achievedis
notconsidereghartof thecontractnet). Theagentmustthenadvertisehetask(s) by doingatask
announcemen(Figure3(b)). A taskannouncemern$ a messagédroadcasto a groupof agents,
which containsa specificatiorof thetaskto be solved. Again, theexactform of the specification
is applicationspecific,andis not consideregbartof the protocol. Every agentuponreceving the
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taskannouncementecidesvhetheror not to bid for thetask. If theagentsareconsideredo be
autonomoughenthis staganvolvesevery agentdecidingwhetheror notit wouldlik e to perform
thetaskon behalfof theannouncerlf anagentdoesdecideit would like to performthetaskfor
the announcerit mustthendecidewhetheror notit is capableof performingthetask. Thisis
doneby matchingthetaskspecificatiorencapsulatedithin theannouncemerggainstheagents
own abilities. Agentswho reachthe conclusionthatthey do wish to performthetaskthenmalke
this known to theannounceby submittinga bid. A bid may simply indicatethattheannouncer
is willing to dothetask,or it maycontainotherinformation(suchashow soonthebidderis able
to expeditethetask,whatkind of solutionquality is expectedandsoon). Thebiddingprocesss
illustratedin Figure3(c), whereagentsA2 andA3 bid for thetaskannouncedyy Al; agentAd
decidesotto bid, eitherbecausét doesnotwantto helpAl, or elsebecausét is unableto help.
Finally, theagentthatoriginally announcedhetaskmustdecidewhich agentit wantsto perform
it: onceit doesthis, the relevantagentmustbe ‘awardedthe contract’(in Figure3(d), agentA2
is awardedthe contract).

Despite(or perhapsbecauseof) its simplicity, the contractnet hasbecomethe mostim-
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plementedand best-studiedrameawork for distributed problemsolving. Many variationson the
contractnetthemehave beendescribedjncluding the effectiveneswof a contractnetwith ‘con-
sultants’,which have expertiseaboutthe abilities of agent§108], anda sophisticatedariation
involving mamginal costcalculationd95]. Severalformal specification®f the contractnethave
beendeveloped,usingbasicsettheoretic/first-ordetogic constructd117], temporalbelief log-
ics [121], andthe Z specificationlanguagg27]. Sunweys of distributed problemsolving tech-
niguesmaybefoundin [30, 26].

In contrasto work on distributedproblemsolving,themoregeneralkreaof multi-agentsys-
temshasfocussedn theissuesassociateavith societienf autonomousigents(i.e.,agentswith
thetypeof propertiedistedin sectionl.1). Thusagentsn a multi-agentsystem(unlike thosein
typical distributedproblemsolvingsystems)cannotbe assumedo shareacommongoal,asthey
will oftenbe designeduy differentindividualsor organizationsn orderto representheir inter-
ests.Oneagents interestanaythereforeconflict with thoseof others justasin humansocieties.
Despitethe potentialfor conflictsof interest,the agentsn a multi-agentsystemwill ultimately
needto cooperaten orderto achieve their goals;again,just asin humansocieties.Multi-agent
systemgesearclhis thereforeconcernedvith the wider problemsof designingsocietiesof au-
tonomousagents suchaswhy andhow agentscooperatg125]; how agentscanrecogniseand
resole conflicts[1, 43, 44, 65, 66]; how agentscannegotiateor compromisen situationswhere
they areapparentlyatloggerhead§32, 89]; andsoon.

Having implementechn artificial agentsociety how doesone assesshe succesgor other
wise) of theimplementation?Whatcriteriacanbe used?Distributed Al hasproposedwo types
of issuemeedto beconsidered:

o coheencerefersto ‘how well the [multi-agent]systembehaesasa unit, alongsomedi-
mensionof evaluation’[10, p19]; coherencenay be measuredn termsof solutionquality,
efficiencgy of resourceusage conceptuatlarity of operation,or how well systemperfor
mancedegradesin the presenceof uncertaintyor failure; a discussioron the subjectof
whenmultiple agentanbe saidto beactingcoherentlyappearas[122);

e coodinationis ‘the degree... to which [the agents]... canavoid “extraneous’actiity
[suchas]... synchronizingandaligningtheir actvities’ [10, p19]; in a perfectlycoordi-
natedsystemagentswill notaccidentallyclobbereachothers sub-goalsvhile attempting
to achieve a commongoal; they will not needto explicitly communicateasthey will be
mutually predictableperhapdy maintaininggoodinternalmodelsof eachother;thepres-
enceof conflict betweenagentgwhich requirestime andeffort to resolwe) is anindicator
of poorcoordination.

It is probablytrue to saythatcoherencend,in particular coordination have beenthe focus of
moreattentionin multi-agentsystemsesearctihanary otherissueq29, 28, 45, 52, 57, 116.

3.2 Communication

Communicatiors notuniversallyassumedh multi-agentresearchsomesystemschieve ahigh-
degreeof efficiency without explicitly communicatingat all [105). However, communicatiorvia
someform of messag@assings awidely usedapproachMessagesaybeassimpleassignals,
carrying only synchronizatiorinformation (playing a role analogougo that of semaphoren

traditionalconcurrensystems)48]. However, it is moreusualto have agentssendmessagem a
richer, high-level communicatiodanguage.
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The inspirationfor muchmulti-agentsystemsesearclon messaggassingcomesfrom re-
searchin the philosophyof languageon speeb act theory. Speechacttheoriesare pragmatic
theoriesof languagei.e., theoriesof how languagés usedby peopleevery dayto achieve their
goals.Theorigin of speeclacttheoryis usuallyattributedto Austin,who, in his 1962bookHow
to Do ThingsWth Words notedthat certainsortsof utterancesre actionsthat changethe state
of theworld in a way analogougo thatin which ‘physical’ actions(suchaslifting a bookfrom
atable)do[6]. The paradigmexamplesof suchactionswould be statementsuchas‘l declare
war’, or ‘I now pronounceyou manandwife’. Utteredundertheappropriateircumstanceshese
statementshangethe stateof theworld. More generallyit canbe seenthatevery utteranceone
malesis anactionperformedwith the objective of satisfyingoneof ourgoalsor intentions.Thus,
speechacttheoriesaretheoriesof communicatiorasaction. Austin did not attemptto rigorously
analyzethenatureof speectacts;thefirst andbestknown attempto do sowasby the philosopher
JohnSearlein his 1969book Speeh Acts[96]. Searleattemptedo formulatethe conditionsun-
derwhichaspeeclactcouldbesaidto have occurred He identifieda numberof differentclasses
of performativeverbs including representativegsuchasinforming), directives(attemptgo get
thehearetto do something)commisivegwhich committhespealerto doingsomething)expres-
sives(wherebya spealer expresses mentalstate),andfinally, declamations(suchasdeclaring
war, or christening).Thereis somedebateaboutwhetherthis (or ary) typology of speectactsis
appropriatgsee[69, pp226—283]).

In thelate1970s speectacttheorywasbroughtinto Al primarily throughthework of Cohen
andcolleagueg23]. In their plan basedtheoryof speeb acts CohenandPerraultformaliseda
numberof speectacts(suchasrequestingndinforming) usingthe PDA-list formalismdeveloped
by Al planningresearcheréseesection2.1,above). This work madeit possibleto develop sys-
temsthatplanto performspeectacts[5]. Recently CohenandLevesquehave presentec more
sophisticatedheoryof speechactsin which requestinginforming, andsoon arerepresenteds
actionsperformedby anagentwith theintentionof bringingaboutsomestateof affairs[21].

Following researchin speechacttheory communicationsn multi-agentsystemsare most
usuallytreatedasmessagewith a performatveverb(suchasrequesbr inform) definingthemes-
sagetype,andwith themessageontentdefinedin someotherlanguagek QML (the Knowledge
QueryandManipulationLanguage)s a good exampleof sucha communicatiorschemg76].
KQML definesa numberof performatve verbs,andallows messageontentto be representeéh
a first-orderlogic-like languagecalled K IF (Knowledgelnterchangd-ormat). Hereis a simple
KQML/KIF exchangebetweertwo agentsAl andA2:

Al to A2: (ask-if (> (size chipl) (size chip2)))
A2 to Al: (reply true)

A2 to Al: (inform (= (size chipl) 20))

A2 to Al: (inform (= (size chip2) 18))

In the first messageAl asksA2 whetherchip 1 is larger thanchip 2, usingthe performatve
ask-i f; in the secondmessageagentA2 repliesto Al thatthe answerto the queryis true,
usingthe performatve r epl y. In the third andfourth messagesagentA2 tells agentAl the
sizeof therespectre chips,usingthei nf or mperformatve. A critique of KQML/KIF, focussing
particularlyonthelack of aformal semanticsis givenin [22].
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3.3 Coopeation

Sofar, this article hasonly briefly mentionedhe notion of coopeation. Thisis suchakey idea
thatit deseresfurtherdiscussionWhatdoest meanfor two agentgo coopentein orderto solve

a problem?Intuitively, cooperatiormeanamorethanjust coordinateceffort to achieve the goal.

It impliesashaedgoal by theagentsandevenmorethanthat,willingnessto work together The

problemof how cooperatiorcanoccurin aworld populatecentirelyby self-interestedgentshas
sparledinterestotjustin the multi-agentsystemdield, but alsoin political sciencegconomics,
andgametheory[71]. Perhapghe best-knevn work in this areawasdoneby RobertAxelrod.

He carriedout a seriesof experimentdnto a scenaricknown asthe prisonersdilemma[7]. The

prisoners dilemmais summedupin thefollowing scenario:

Two menarecollectively chagedwith acrimeandheldin separateells. They are
told that: (i) if oneof themconfessesndthe otherdoesnot, the confessowill be
freed,andthe otherwill bejailed for threeyears;and(ii) if both confesstheneach
will bejailed for two years.Both prisonerknow thatif neitherconfessesghenthey
will eachbejailed for oneyear

What shoulda prisonerdo? The problemis thattraditionalgameanddecisiontheory saysthat
therational thingto dois to confess Thisis because&onfessiorguarantees jail sentencef no
worsethantwo years,whereasot confessingcan potentiallyleadto threeyearsin jail. Since
the prisonerscannotcommunicatethey have no way of reachingary kind of binding mutual
agreementHence,by this reasoningthe prisonershouldconfess.If both prisonerdollow this
reasoningthenbothwill confessandeachwill gettwo yearsin jail. Intuitively, however, this
malkes no sense:surelythey shouldcoopeate by not confessingand reducetheir respectre
sentenceto justoneyear? This is the prisoners dilemma: the strictly rationalcourseof action
achiezesanoutcomethatintuition tells usis sub-optimal.

Theprisonerslilemmamayseemanabstracproblem but it turnsoutto beubiquitous.In the
realworld, theprisonerslilemmaappeardn situationgangingfrom nucleaweapongreatycom-
plianceto negotiatingwith one’s children. Many researcherbave consideredhe circumstances
underwhich the cooperatre outcome(i.e., neitheragentconfessinganarise. Oneideais to
play thegamemorethanonce If youknow youwill bemeetinganopponentn futureroundsthe
incentive to ‘defect’ appeardo vanish,asyour opponenis not likely to cooperatesubsequently
if you do notcooperatenow. So,if you play the prisoners dilemmagamerepeatedlythenit ap-
pearsthatcooperatioris the rationaloutcome.However, if you agreewith anopponenthatyou
will only play a fixednumberof times, (say 100), thenthe dilemmareappearsThis is because
onthelastround— the 100thgame— you know thatyou will not have to play ary more. The
lastroundthusbecomes non-iterategrisoners dilemmagame,andaswe sav above,in sucha
game the strictly rationalthing to do is defect. But your opponenwill reasonin the sameway,
andsohewill alsodefectonthe 100thround. This meanghatthelastrealroundis number99; it
is notdifficult to seethatin this situation,we endup wherewe startedrom, with no cooperation.
Variousresearcherbave consideredhis ‘backwardsinduction’ problem.

Axelrod carriedout a seriesof experimentsto determinethe beststratey for playing the
iteratedprisoners dilemma. Thatis, what strategy couldyou use,in orderto decidewhetherto
cooperater defecton ary givenround,suchthatthis stratgyy would guarantegou the bestpos-
sible outcome?Surprisingly he foundthatthe beststratayy is asfollows: onroundl, cooperate
(i.e.,donotconfess)pnroundt > 1, dowhatyouropponendid onroundt — 1. This TIT-FOR-
TAT strat@y is surprisinglyrobust, andoverall, it performsbetterthanmary othermuchmore
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comple stratgiesundermostassumptions Spacepreventsus from embarkingon a morede-
tailed discussiorof the prisoners dilemmaandAxelrod’'s results:[7] is recommendedsa point
of departurdor furtherreading;[77] providespointersinto recentprisoners dilemmaliterature.

Axelrod'swork, (andthatof othersworkingin relatedareas)ijs of greatimportancean multi-
agentsystems.lIt helpsusto understandvhat cooperations, underwhat circumstance# can
arise,andwhatthelimits to cooperatie behaiour are. But for the multi-agentsystembuilder, it
probablyseemsomevhatabstract.In orderto actuallybuild multi-agentsystemspractitioners
have tendedto make mary simplifying assumptions.Very little work hasconsideredsystems
in which the possibility of cooperatiorbetweentruly self-interestechgentsis addressedmost
researchertendto make the ‘benevolence’assumptionthat agentswill help eachotherwher
ever possible. A major actvity hasbeenthe developmentof coopeation protocols thatdefine
how cooperatiomrmay begin and proceed. Examplesinclude: Durfee’s partial global planning
paradigm[28, 25]; the cooperationframevorks developedat DaimlerBenz[18, 53]; andthe
cooL languagewhich provides'structuredcorversationframevorks’ within which agentscan
cooperateisingk QML/KIF messagegB]. Otherwork oncooperatiorhasconsideredhow thepro-
cesscanbeguidedby theuseof normsor sociallaws. ShohamandTennenholt99] discusshow
suchnormscancometo exist in a multi-agentsociety([111] builds on this work); andGoldman
andRosenscheiavaluatethe efficacy of ‘being nice’ in a multi-agentsociety[52].

An obvious problem, relatedto the issueof cooperationjs that of finding consensuén a
societyof self-intereste@dgentsMulti-agentsystemgesearchersave investigated/ariousways
by which suchconsensusnay be reached.Perhapghe best-knavn work in this areais that of
RosenscheiandZlotkin [89], who, usingtheterminologyandtechniquesf gametheory defined
arangeof negotiationtechniquegor multi-agentdomains.

4 Application Areas

Agentsarecurrentlythe focusof muchattentionin severalapplicationareas.In the subsections
that follow, theseareasare briefly reviewed (see[61] for further pointersto applications).We
begin by consideringsomeof the domainattributesthatindicatethe appropriatenessf anagent-
basedsolution.

4.1 Whenis an Agent-BasedolutionAppropriate?

Therearea numberof factorswhich pointto theappropriatenessf anagent-basedpproachcf.
[10, 62)):

e Theervironments open,or at leasthighly dynamic,uncertain,or complex.

In suchervironments,systemscapableof flexible autonomousaction are often the only
solution.

¢ Agentsare a natural metaphor

Many ervironmentgincludingmostorganisationsandary commercialbr competitve en-
vironment)arenaturallymodelledassocietiesf agentsgithercooperatingvith eachother
to solve complex problems,or elsecompetingwith one-anotherSometimesasin intelli-
gentinterfacestheideaof anagentis seenasa naturalmetaphor{75] discusseagentsas
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‘expertassistants’cooperatingvith the userto work on someproblem.

¢ Distribution of data,contml or expertise

In someenvironments,the distribution of eitherdata,control, or expertisemeansthat a
centralisedsolutionis at bestextremelydifficult or at worstimpossible.For example,dis-
tributeddatabassystemsn which eachdatabasés underseparateontroldonotgenerally
lendthemselesto centralisedsolutions.Suchsystemsnayoftenbecorvenientlymodelled
asmulti-agentsystemsin which eachdatabasés a semi-autonomousomponent.

e LegacySystems.

A problemincreasinglyfacedby software developersis thatof legacysoftwae: software
thatis technologicallyobsoletebut functionallyessentiato anorganisation Suchsoftware
cannotgenerallybe discardedbecausef the short-termcostof rewriting. And yetit is
oftenrequiredto interactwith othersoftwarecomponentsywhich wereneverimaginedby
the original designers.One solutionto this problemis to wrap the legagy components,
providing themwith an ‘agentlayer’ functionality, enablingthemto communicateand
cooperatevith othersoftwarecomponent§47].

In thesub-sectionthatfollow, wewill discussomeof theapplicationgo whichagentechnology
hasbeenput.

4.2 AgentsandDistributedSystems

In distributed systemsthe ideaof an agentis often seenasa naturalmetaphorand, by some,
asa developmenif the concurrenbbjectprogrammingparadigm[2]. Specifically multi-agent
systemdhave beenappliedin thefollowing domains:

o Air traffic control.

Air-traffic controlsystemareamongheoldestapplicationareasn multi-agensystem$104,
39]. A recentexampleis 0AsIs (OptimalAircraft Sequencingisingl ntelligentScheduling),
a systemthatis currentlyundegoingfield trials at Sydne airportin Australia[70]. The
specificaim of 0OASIS is to assisnair-traffic controllerin managingheflow of aircraftat
anairport: it offersestimate®f aircraftarrival times,monitorsaircraftprogresagainspre-
viously derived estimatesinformstheair-traffic controllerof ary errors,andperhapsnost
importantly findsthe optimalsequencé whichto landaircraft. 0AsIs containstwo types
of agents:global agentswhich performgenericdomainfunctions(for example,thereis a
‘sequencengent’,which is responsibldor arrangingaircraftinto a least-cossequence),
andaircraft agents onefor eachaircraftin the systemairspace.The 0OASIS systemwas
implementedisingthe PRS agentarchitecture— seesection2.3.

e Businesprocessnanajement.

Workflow and businessprocesscontrol systemsare an areaof increasingimportancein
computerscience.Workflow systemsaim to automatethe processesf a businessensur
ing that differentbusinesgasksare expeditedby the appropriatgpeopleat the right time,
typically ensuringthat a particulardocumentfllow is maintainedand managedwithin an
organisation.The ADEPT systemis a currentexampleof anagent-basetusinesprocess
managemensystem[59]. In ADEPT, a businesorganisationis modelledas a societyof
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negotiating,serviceproviding agents.ADEPT is currentlybeingtestedon British Telecom
(BT) businesgprocessvhichinvolvessomeninedepartmentand200differenttasks.

e Industrial systemsnanaement.

The largestand probablybest-knevn Europeanmulti-agentsystemdevelopmentproject
to datewasARCHON [120, 60, 58]. This EsPrIT-fundedprojectdevelopedanddeployed
multi-agenttechnologyin several industrialdomains. The mostsignificantof thesedo-
mainswas a power distribution system,which wasinstalledandis currently operational
in northernSpain. Agentsin ARCHON have two main parts: a domaincomponentwhich
realisesthe domain-specifidunctionality of the agent,anda wrappercomponentwhich
providestheagentunctionality enablinghesystento planits actionsandto represenand
communicatevith otheragents.The ARCHON technologyhassubsequentlpeendeployed
in severalotherdomainsjncludingparticleacceleratocontrol.

¢ Distributedsensing

Theclassicapplicationof multi-agenttechnologywasin distributedsensing68, 28]. The
broadideais to have a systemconstructecas a network of spatially distributed sensors.
The sensorsnay, for example,be acousticsensorson a battlefield,or radarsdistributed
acrosssomeairspaceTheglobalgoalof thesystenis to monitorandtrackall vehiclesthat
passwithin rangeof the sensorsThis taskcanbe madesimplerif the sensomodesin the
network cooperatewith one-anotheifor exampleby exchangingpredictionsaboutwhena
vehiclewill passfrom the region of onesensoito the region of another This apparently
simpledomainhasyieldedsurprisingrichnessasan ervironmentfor experimentatiorinto
multi-agentsystemsiessers well known DistributedVehicleMonitoring Testbed bvmT)
provided the proving groundfor mary of today's multi-agentsystemdevelopmenttech-
niques[68].

e Spaceshuttlefault diagnosis.

It is difficult to imagineadomainwith hardermreal-timeconstraintshanthatof in-flight di-
agnosiof faultson aspacecraftYetoneof the earliestapplicationsof the PRS architecture
waspreciselythis [50]. In brief, the procedureshat an astronautvould useto diagnose
faultsin the spaceshuttles reactioncontrol systemswveredirectly codedaspPrs plans,and
the PRsS architecturavasusedto interprettheseplans,andprovide real-timeadviceto as-
tronautsn the eventof failure or malfunctionin this system.

¢ Factoryprocessontrol.

As we obsenedin section4.1, organisationsan be modelledas societiesof interacting
agents. Factoriesare no exception,and an agent-basedpproacho modellingand man-
agingfactorieshasbeentaken up by several researchersThis work beganlargely with

Parunak{109], who, in YAMS (Yet AnotherManufacturingSystem)usedthe ContractNet
protocol(seesection3) for manufcturingcontrol. More recently Mori et al have useda
multi-agentapproacho controlling steelcoil processinglant[78], andWooldridgeet al

have describechow the processof determiningan optimal productionsequencéor some
factorycannaturallybeviewedasa problemof negotiationbetweerthevariousproduction
cellswithin thefactory[124].
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4.3 Agentsin theINTERNET

Much of the hyperbolethatcurrentlysurroundsall thingsagent-lile is relatedto the phenomenal
growth of theINTERNET [34, 16]. In particular thereis alot of interestin mobileagentsthatcan
move themselesaroundthe INTERNET operatingon a users behalf. This kind of functionality
is achiesedin the TELESCRIPT languagealevelopedby GeneraMagic, Inc., for remoteprogram-
ming [118]; relatedfunctionalityis providedin languagesike JavA andSafeTcL. Therearea
numberof rationalegor thistypeof agent:

e Electoniccommece

Currently commerciakctiity is drivenprimarily by humansmakingdecisionsaboutwhat
goodsto buy atwhatprice,andsoon. However, it is not difficult to seethat certaintypes
of commercemight usefully be automated. A standardmotivating exampleis that of a
‘travel agent’. Supposd wantto travel from Manchesteto SanFrancisco. Thereare
mary differentairlines, price structuresandroutesthat| could choosefor sucha journey.
I may not mind abouttheroute,aslong asthe aircraftinvolvedis not ‘fly-by-wire’; | may
insiston a dietary option not available with someairlines; or I may not wantto fly with
Ruritanianairlinesafterl hadabadexperienceonce.Trying to find thebestflight manually
given thesepreferencess a tediousbusinessbut a fairly straightforvard one. It seems
entirely plausiblethatthis kind of servicewill in futurebe providedby agentswho take a
specificatiorof your desiredflight andpreferencesand,aftercheckingthrougha rangeof
on-lineflight informationdatabasesyill returnwith alist of thebestoptions.

e Hand-heldPDAswith limited bandwidth

Hand-heldpersonaldigital assistants(in thespirit of Apple’s NEWTON) areseerby mary
asanext stepin thelaptopcomputemarket. SuchPDAs areoften providedwith limited-
bandwidthlinks to telecommunicationsetworks. If a PDA hasa querythat needsto be
resolhed,thatwill requirenetwork informationresourcesit may be moreefficientto send
out an agentacrossthe network whosepurposeis to resole this query remotely The
searchingrocesss doneby theagentataremotesite,andonly thefinal resultof thequery
needbe sentbackto the PDA thatoriginatedthequery

¢ Informationgathering

Thewidespreagrovision of distributed,semi-structureéhformationresourcesuchasthe
world-wide web obviously presentsenormouspotential; but it also presentsa numberof
difficulties, (suchas‘information overload’); agentsare seenas a naturaltool to perform
taskssuchassearchingdlistributedinformationresourcesandfiltering out unwantednews
andemail[75].

At thetime of writing, mostinteresin mobileagentss centredaroundtheJava programmindan-
guagewhich, in theform of appletgportabledownloadableprogramsmbeddedvithin WWW
pages)alreadyprovidesa very widely usedmobile objectframavork. Also of relevanceis the
work of the ObjectManagemenGroup(oMG), aconsortiumof computemanufcturersvho are
developing,amongsbtherthings,a mobile agentframewnork basedon their well known CORBA
(CommonObjectRequesBroker Architecturedistributedobjectstandard82].
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4.4 Agentsin Interfaces

Anotherareaof muchcurrentinterestis the useof agentin interfaces The ideahereis that of
the agentasanassistanto a userin sometask. Therationaleis thatcurrentinterfacesarein no
sensepro-active thingsonly happenwhensomeuserinitiatesatask. Theideaof anagentacting
in theway thata goodassistantvould, by anticipatingour requirementsseemsvery attractve.
NicholasNegroponte,director of the MIT Media Lab, seesthe ultimate developmentof such
agentsasfollows[80]:

‘The “agent” answerghe phone,recognizeghe callers,disturbsyou whenappro-
priate,andmay eventell awhite lie on your behalf. The sameagentis well trained
in timing, versedin finding opportunemomentsandrespectfulof idiosyncrasies!
(p150)

‘If you have somebodywho knows you well andsharesnuchof your information,
thatpersoncanacton your behalfvery effectively. If yoursecretanfallsill, it would
malke no differenceaf thetempingageng couldsendyou Albert Einstein.Thisissue
is not aboutlQ. It is sharedknowledge and the practiceof usingit in your best
interests. (p151)

‘Lik eanarmycommandesendingascoutahead .. youwill dispatchagentdo col-
lectinformationonyourbehalf. Agentswill dispatchagentsTheprocessnultiplies.
But [this processktartedat theinterfacewhereyou delegatedyour desires. (p158)

Someprototypicalinterfaceagentsof thistypearedescribedn [75].

5 Conclusions

It is probablyfair to saythat(multi-)agenttechnologyis oneof the mosthypedsoftwaretechnol-
ogy of the late 1990s. While the technologyhasmuchto offer, it is importantnot to oversellit.
Multi-agenttechnologyis likely to be mostusefulfor a specificclassof applicationg(albeitan
importantclass) which exhibit, to someextent,thekind of propertiedistedin sectionl.1. (Thus
agentsarenot likely to replaceobjects!) One of the mostworrying aspect®of the currentinter-
estin agentds to label everythingasan agent: onefinds academiarticlesdescribingtheorem
proversas‘theoremproving agents’ plannersas‘plan developmentagents’ andevennumerical
algorithmsas‘numericalalgorithmagents’. (In [114], Waynerjokesthat sooneror later, some
enterprisingnanufcturemwill startcallingon-off switchesempowermentagents’.)Many people
stronglybelieve thatthe notion of anagentasanindependentationaldecisionmaker is of great
valuenot justin Al, but alsoin mainstreantomputerscience.Similarly, the techniqueseing
developedn multi-agentsystemsesearchto enableagentdo cooperat@ndnegotiate aresurely
of fundamentaimportancefor thefuture.

References

[1] M. R.Adler, A. B. Davis, R. WeihmayerandR. W. Worrest. Conflict resolutionstratgiesfor non-
hierarchicalistributedagents.In L. GasseandM. Huhns,editors,DistributedArtificial Intelligence



M. Wooldridge/ Agent-BasedComputing 19

(2]
(3]
(4]
[5]
(6]

[7]
(8]

El

[10]
[11]
[12]
[13]
[14]

[15]
[16]

[17]

[18]

[19]
[20]

[21]

[22]

(23]

[24]

\Volumell, pagesl39-162PitmanPublishing:LondonandMorganKaufmann:SanMateo,CA, 1989.
G. Agha, P. Wegner andA. Yonezava, editors. Reseath Directionsin Concurent Object-Oriented
Programming TheMIT Press:CambridgeMA, 1993.

P. Agre andD. Chapman.PENGI: An implementatiorof a theoryof activity. In Proceeding®f the
SixthNational Confeenceon Artificial Intelligence(AAAI-87) page268-272 Seattle WA, 1987.

J. Ambros-Ingersorand S. Steel. Integrating planning, executionand monitoring. In Proceedings
of the SeventhNational Confeenceon Atrtificial Intelligence(AAAI-88) pages83—88,St. Paul, MN,
1988.

D. E. Appelt. PlanningEnglishSentencesCambridgeJniversity Press:Cambridge England,1985.
J.L. Austin. Howto Do ThingsWth Words Oxford University PressOxford, England,1962.

R. Axelrod. TheEvolutionof Coopeation. BasicBooks,1984.

M. BarkuceanwandM. S.Fox. Cool: A languagédor describingcoordinationin multiagentsystemsin
Proceeding®f the Fir st InternationalConfeenceon Multi-Agent System$§l CMAS-95) pagesl7—-24,
SanFranciscoCA, Junel995.

R. P. BonassoD. Kortenkamp,D. P. Miller, and M. Slack. Experienceswith an architecturefor
intelligent, reactive agents.In M. Wooldridge,J. P. Muller, andM. Tambe editors,Intelligent Agents
I (LNAI 1037) pagesl87-202 SpringerVerlag:Heidelbeg, Germary, 1996.

A. H. BondandL. Gassereditors.Readingsn DistributedArtificial Intelligence MorganKaufmann
PublishersSanMateo,CA, 1988.

M. E. Bratman,D. J. Israel,and M. E. Pollack. Plansand resource-boundegracticalreasoning.
Computationalntelligence 4:349-355,1988.

R. A. Brooks. A rohust layeredcontrol systemfor a mobile robot. IEEE Journal of Roboticsand
Automation 2(1):14-23,1986.

R. A. Brooks. Elephantsdont play chess.In P. Maes,editor, DesigningAutonomousigents pages
3-15.TheMIT PressCambridgeMA, 1990.

R.A. Brooks.Intelligencewithoutreasonln Proceeding®fthe TwelfthinternationalJoint Confeence
on Artificial Intelligence(lJCAI-91) pagess69-595 Sydney, Australia,1991.

R. A. Brooks. Intelligencewithout representationArtificial Intelligence 47:139-1591991.
C.Brown, L. GasserD. E. O’Leary, andAlan SangsterAl onthe WWW: Supplyanddemandagents.
IEEE Expert 10(4):44—-49August1995.

H.-D. Burkhard.Agent-orientegorogrammingdor opensystemsin M. WooldridgeandN. R. Jennings,
editors, Intelligent Agents: Theories Architectuies,and Languaes (LNAI Volume890) pages291—
306.SpringefVerlag: Heidelbeg, Germary, Januaryl995.

B. Burmeister A. Haddadi,and K. Sundermger. Generic,configurablecooperationprotocolsfor
multi-agentsystemsin C. CastelfranchandJ.-P Muller, editors,FromReactiorto Cognition — Fifth
EuropeanWbrkshopon Modelling AutonomousAgentsin a Multi-AgentWorld, MAAMAN-93 (LNAI
Volume957), pagesl57—-171 SpringerVerlag: Heidelbeg, Germary, 1995.

D. ChapmanPlanningfor conjunctive goals.Atrtificial Intelligence 32:333-3781987.

P. R. CohenandH. J. Levesque Intentionis choicewith commitment.Artificial Intelligence 42:213—
261,1990.

P. R. CohenandH. J. Levesque.Rationalinteractionasthe basisfor communicationIn P. R. Cohen,
J.Morgan,andM. E. Pollack,editors,Intentionsin Communicationpages221-256 The MIT Press:
CambridgeMA, 1990.

P. R. CohenandH. J. Levesque. Communicatie actionsfor artificial agents.In Proceeding®f the
Fir stInternationalConfeenceon Multi-AgentSystem¢$lICMAS-95) pages65-72,SanFranciscoCA,
Junel995.

P. R. CohenandC. R. Perrault. Elementsof a plan basedheoryof speechacts. Cognitive Science
3:177-2121979.

D. ConnahandP. Wavish. An experimentin cooperation.In Y. DemazeawandJ.-P Milller, editors,
DecentalizedAl — Proceeding®f the Fir st EuropeanWorkshopon Modelling Autonomoug\gentsin
a Multi-AgentWorld (MAAMAA-89), pagesl97-214 Elsevier SciencePublisherB.V.: Amsterdam,



M. Wooldridge/ Agent-BasedComputing 20

[25]

[26]

[27]

(28]

[29]

[30]
[31]

[32]

[33]

[34]

[35]

[36]

[37]

(38]
[39]
[40]

[41]

[42]

[43]

TheNetherlands1990.

K. Decler andV. Lesser Designinga family of coordinationalgorithms.In Proceeding®of the First
InternationalConfeenceon Multi-AgentSystem§ICMAS-95) pages/3—80,SanFranciscoCA, June
1995.

K. S.Decler, E. H. Durfee,andV. R. Lesser Evaluatingresearchn cooperatie distributedproblem
solving. In L. GasseandM. Huhns,editors,DistributedArtificial IntelligenceVolumell, pagesA87—
519.PitmanPublishing:LondonandMorganKaufmann:SanMateo,CA, 1989.

M. d'Invernoand M. Luck. Formalisingthe contractnet asa goal-directedsystem. In W. Van de
VeldeandJ. Perramgditors AgentsBreakingAway— Proceeding®f the SeventhEuropeanwbrkshop
on Modelling Autonomoudgentsin a Multi-AgentWorld, MAAMAN-96 (LNAI 1038) pages72-85.
SpringefVerlag: Heidelbeg, Germary, 1996.

E. H. Durfee. Coodination of Distributed ProblemSolves. Kluwer AcademicPublishers:Boston,
MA, 1988.

E. H. DurfeeandV. R. Lesser Usingpartialglobalplansto coordinateistributedproblemsolvers. In
Proceeding®f the TenthInternationalJoint Confeenceon Atrtificial Intelligence(IJCAI-87), Milan,
Italy, 1987.

E. H. Durfee,V. R. LesserandD. D. Corkill. Cooperatie distributedproblemsolving. In Handbook
of Artificial IntelligenceVolumelV. Addison-Weésle/: ReadingMA, 1989.

E. A. EmersonandJ. Y. Halpern. ‘Sometimes’and‘not never’ revisited: on branchingtime versus
lineartime temporallogic. Journal of the ACM, 33(1):151-1781986.

E. Ephratiand J. S. Rosenschein.Multi-agent planningas a dynamicsearchfor social consensus.
In Proceeding®f the ThirteenthinternationalJoint Confeenceon Atrtificial Intelligence(lJCAI-93),
pagesA23-429 Chamigry, France 1993.

O. Etzioni,N. Lesh,andR. Segal. Building softbotsfor UNIX. In O. Etzioni, editor, Softwae Agents
— Papers fromthe 1994 Spring SymposiungTecnical ReportSS—94-03)pages9-16.AAAIl Press,
March1994.

O. EtzioniandD. S. Weld. Intelligentagentson theinternet:Fact, fiction, andforecast.|IEEE Expert
10(4):44-49August1995.

I. A. Feguson.TouringMadines: An Architectue for Dynamic,Rational,Mobile Agents PhDthesis,
ClareHall, University of Cambridge UK, November1992. (Also availableasTechnicalReportNo.
273,University of CambridgeComputer_aboratory).

I. A. Ferguson.Towardsanarchitecturdor adaptve, rational,mobileagents.In E. WernerandY. De-
mazeaugditors,Decentalized Al 3 — Proceedingf the Third EuropeanWorkshopon Modelling
AutonomousAgentsin a Multi-Agent World (MAAMANM-91), pages249—-262 Elsevier SciencePub-
lishersB.V.: Amsterdam;TheNetherlands1992.

I. A. Feguson. Integrated control and coordinatedbehaiour: A casefor agentmodels. In
M. WooldridgeandN. R. Jenningseditors IntelligentAgents: Theories Architectues,andLanguaes
(LNAI Volume890), pages203-218 SpringefVerlag: Heidelbeg, Germary, Januaryl995.

R. E. FikesandN. Nilsson.STRIPS:A new approacho theapplicationof theorenyproving to problem
solving. Artificial Intelligence 5(2):189-2081971.

N. V. FindlerandR. Lo. An examinationof Distributed Planningin the world of air traffic control.
Journal of Parallel and DistributedComputing 3, 1986.

J.A. Firby. An investigatiorinto reacte planningin complex domainsln ProceedingeftheTenthin-
ternationalJoint Confeenceon Artificial Intelligence(IJCAI-87), pages202—-206Milan, Italy, 1987.
M. Fisher A suney of ConcurrentMETATEM — thelanguageandits applications.In D. M. Gabbay
andH. J.Ohlbachgditors, Tempoal Logic —Proceeding®f theFir stinternationalConfeence(LNAI
\Volume827), pages#80-505SpringerVerlag: Heidelbeg, Germary, July 1994,

M. Fisher Representingndexecutingagent-basedystems.In M. WooldridgeandN. R. Jennings,
editors, Intelligent Agents: Theories Architectuies,and Languaes (LNAI Volume890) pages307—
323.SpringerVerlag:Heidelbeg, Germary, Januaryl995.

J.R. Galliers. A Theoetical Framavork for ComputemModelsof Coopeative Dialogug Acknowledg-



M. Wooldridge/ Agent-BasedComputing 21

[44]

[45]
[46]
[47]
[48]

[49]
[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]
[61]
[62]

[63]

[64]

ing Multi-AgentConflict PhDthesis,OpenUniversity UK, 1988.

J.R. Galliers. The positive role of conflictin cooperatre multi-agentsystems.In Y. Demazeawand
J.-R Milller, editors,Decentalized Al — Proceeding®f the Fir st EuropeanWbrkshopon Modelling

Autonomoug\gentsin a Multi-AgentWorld (MAAMAN-89), pages33-48.Elsevier SciencePublishers
B.V.: Amsterdam;The Netherlands1990.

L. GasserandR. W. Hill Jr. Coordinatedproblemsolvers. Annual Review of ComputerScience
4:203-2531990.

L. GasseandM. Huhns,editors. DistributedArtificial IntelligenceVolumell. Pitman/MoganKauf-

man,1989.

M. R. GeneseretlandS. P. Ketchpel. Software agents. Communicationsf the ACM, 37(7):48-53,
July 1994.

M. P. Geogef. Communicatiorandinteractionin multi-agentplanning. In Proceeding®f the Third

National Confeenceon Artificial Intelligence(AAAI-83) WashingtonpP.C.,1983.

M. P. Geogef. Planning.AnnualReriew of ComputerScience2:359-400,1987.

M. P. Geogef andA. L. Lansk. Reactve reasoningand planning. In Proceedingsof the Sixth
National Confeenceon Artificial Intelligence(AAAI-87) pages677—682 Seattle WA, 1987.

N. Gilbert. Emegencein socialsimulation. In N. Gilbert andR. Conte,editors,Atrtificial Societies:
TheComputerSimulationof SociallLife, pagesl44-156 UCL Pressilondon,1995.

C. V. GoldmanandJ. S. RosenscheinEmegentcoordinationthroughthe useof cooperatie state-
changingules. In Proceeding®f the Twelfth International\Workshopon DistributedArtificial Intelli-

gence(IWDAI-93), pagesl71-186HiddenValley, PA, May 1993.

A. Haddadi.CommunicatiomndCoopeationin AgentSystem$&LNAI Volumel056) SpringefVerlag:
Heidelbeg, Germaly, 1996.

B. Hayes-RothM. Hewett, R. WashingtonR. Hewett, andA. Sewer. Distributingintelligencewithin

anindividual. In L. GasseandM. Huhns,editors,DistributedArtificial IntelligenceVolumell, pages
385-412PitmanPublishing:LondonandMorganKaufmann:SanMateo,CA, 1989.

M. Huhns,editor DistributedAtrtificial Intelligence PitmanPublishing:LondonandMorganKauf-

mann:SanMateo,CA, 1987.

N. R.JenningsTowardsacooperatiorknowledgelevel for collaboratve problemsolving.In Proceed-
ings of the TenthEuropeanConfeenceon Artificial Intelligence(ECAI-92) pages224—-228 Vienna,
Austria, 1992.

N. R. Jennings.Commitmentsand corventions: The foundationof coordinationin multi-agentsys-
tems.TheKnowledg EngineeringReview, 8(3):223-2501993.

N. R. Jennings,J. M. Corera,andl. Laresgoiti. Developingindustrialmulti-agentsystems.In Pro-

ceedingof the First InternationalConfeenceon Multi-Agent SystemglCMAS-95) pages423-430,
SanFranciscoCA, Junel995.

N. R. JenningsP. Faratin, M. J. Johnson,T. J. Norman,P. O’'Brien, and M. e. Wiegand. Agent-
basedbusinessprocessmanagement. International Journal of Coopeative Information Systems
5(2&3):105-130,1996.

N. R. JenningsaandT. Wittig. ARCHON: Theoryandpractice. In DistributedAtrtificial Intelligence:
TheoryandPraxis pagesl79-195ECSC,EEC,EAEC, 1992.

N. R. Jenningsand M. Wooldridge. Applying agenttechnology Applied Artificial Intelligence

9(6):357—-3701995.

N. R. JenningsandM. Wooldridge. Applicationsof intelligentagentagents.In N. R. Jenningsand
M. Wooldridge editors,Agent-BasedComputing:Applicationsand Markets 1997.To appear

L. P. Kaelbling. An architecturdor intelligentreactie systems.In M. P. Geogeff andA. L. Lansky,

editors, ReasoningAbout Actions& Plans— Proceedingf the 1986 Workshop pages395-410.
MorganKaufmannPublishersSanMateo,CA, 1986.

D. Kinny, M. Ljungbeg, A. S.Rao,E. Sonenbeg, G. Tidhar andE. Werner Plannedeamactvity. In

C. CastelfrancheandE. Werner editors,Artificial Social Systems— SelectedPapers fromthe Fourth

EuropeanWbrkshopon Modelling AutonomousAgentsin a Multi-AgentWorld, MAAMAN-92 (LNAI



M. Wooldridge/ Agent-BasedComputing 22

[65]

[66]

[67]

[68]

[69]
[70]

[71]
[72]
[73]

[74]
[75]

[76]

[77]

[78]
[79]

[80]
[81]

[82]
[83]
(84]

[85]

(86]

[87]

Volume830), pages226—256 SpringerVerlag: Heidelbeg, Germary, 1992.

M. Klein and A. B. Baskin. A computationaimodelfor conflict resolutionin cooperatie design
systems.In S. M. Deen,editor, CKBS-90— Proceeding®f the International Working Confeence
on Coopeating Knowled@ BasedSystemspages201-222 SpringefVerlag: Heidelbeg, Germar,
1991.

S.LanderV. R.LesserandM. E. Connell.Conflictresolutionstratgiesfor cooperatingxpertagents.
In S. M. Deen,editor, CKBS-90— Proceeding®f the InternationalWorking Confeenceon Cooper
ating Knowled@ BasedSystemsagesl83-200SpringefVerlag:Heidelbeg, Germary, 1991.

Y. Lésperance. J. LevesqueF. Lin, D. Marcu,R. Reitef andR. B. Scherl. Foundationf alogical
approacho agentprogramming.In M. Wooldridge,J. P. Muller, andM. Tambe editors, Intelligent
Agentsll (LNAI 1037) pages331-346 SpringefVerlag:Heidelbeg, Germary, 1996.
V.R.LesserandL. D. Erman.DistributedinterpretationA modelandexperiment.IEEE Transactions
on Computes, C-29(12),1980.

S.C. Levinson. Pragmatics CambridgeJniversity Press:CambridgeEngland,1983.

M. Ljunbelg andA. Lucas. The OASIS air traffic managemergystem.In Proceeding®f the Second
Pacific RimInternationalConfeenceon Al (PRICAI-92) Seoul,Korea,1992.

R.D. LuceandH. Raiffa. GamesandDecisions JohnWiley & Sons,1957.

P. Maes, editor DesigningAutonomou#\gents TheMIT Press:CambridgeMA, 1990.

P. Maes. Situatedagentscanhave goals. In P. Maes, editor, DesigningAutonomousAgents pages
49-70.TheMIT PressCambridgeMA, 1990.

P. Maes.Theagentetwork architectur§ ANA). SIGARTBulletin, 2(4):115-1201991.

P. Maes. Agentsthatreducework andinformationoverload. Communicationsf the ACM, 37(7):31—
40, July 1994.

J. Mayfield, Y. Labrou,andT. Finin. EvaluatingKQML asan agentcommunicatiodanguage. In
M. Wooldridge J.P. Mulller, andM. Tambe editors,IntelligentAgentsll (LNAI 1037) pages347-360.
SpringefVerlag: Heidelbeg, Germary, 1996.

Y. Mor andJ. S. RosenscheinTime andthe prisoners dilemma. In Proceedingof the First Inter-
national Confeenceon Multi-Agent SystemglICMAS-95) pages276-282,SanFranciscoCA, June
1995.

K. Mori, H. Torikoshi,K. Nakai,andT. Masuda. Computercontrol systenmifor iron andsteelplants.
Hitachi Review, 37(4):251-258]1988.

J. P. Muller. The Designof Intelligent Agents(LNAI Volume1177) SpringefVerlag: Heidelbeg,
Germary, 1996.

N. Negroponte.BeingDigital. HodderandStoughton,1995.

A. Newell andH. A. Simon.GPS:A programthatsimulateshumanthought.In LernendeAutomaten
R. Oldenboug, KG, 1961.

The ObjectManagemenGroup(OMG). Seeht t p: / / www. ong. or g/ .

A. Poggi. DAISY: An object-orientedystentor distributedartificial intelligence.In M. Wooldridge
andN. R. Jenningseditors,IntelligentAgents: Theories Architectues,and Languaes (LNAI Volume
890), pages341-354 SpringerVerlag: Heidelbeg, Germar, Januaryl995.

A. S.RaoandM. Geogeff. BDI Agents:from theoryto practice. In Proceeding®f the First Inter-
national Confeenceon Multi-Agent SystemglICMAS-95) pages312-319,SanFranciscoCA, June
1995.

A. S.RaoandM. P. Geogef. Modelingrationalagentswithin a BDI-architecture.In R. Fikesand
E. Sandevall, editors,Proceedingof Knowledg Repesentatiorand Reasoning KR&R-91) pages
473-484MorganKaufmannPublishersSanMateo,CA, April 1991.

A. S.RaoandM. P. Geogeff. Formalmodelsanddecisionproceduregor multi-agentsystemsTech-
nical Note 61, AustralianAl Institute,Level 6, 171La TrobeStreetMelbourne Australia,Junel995.
A. S.Rao,M. P. Geogef, andE. A. Sonenbey. Socialplans: A preliminaryreport. In E. Werner
andY. Demazeaugditors, Decentalized Al 3 — Proceedingsof the Third EuropeanWorkshopon
ModellingAutonomoug\gentsin a Multi-AgentWorld (MAAMAN-91), pagess7-76.Elsevier Science



M. Wooldridge/ Agent-BasedComputing 23

(88]

[89]

[90]

[91]

[92]

[93]
[94]

[95]

[96]
[97]
[98]
[99]

[100]

[101]
[102]
[103]
[104]

[105]

[106]

[107]

[108]

[109]

Publisherd.V.: AmsterdamThe Netherlands1992.

J. S. RosenscheiandM. R. GeneserethDealsamongrationalagents.In Proceeding®f the Ninth
InternationalJoint Confeenceon Artificial Intelligence(lJCAI-85) pages91-99,Los Angeles,CA,
1985.

J.S.RosenscheiandG. Zlotkin. Rulesof Encounter:DesigningCorventionsfor AutomatedNegoti-
ationamongComputes. TheMIT PressCambridgeMA, 1994.

S.RosenscheiandL. P. Kaelbling. Thesynthesi®of digital machinesith provableepistemigroper
ties. In J.Y. Halpern.editor, Proceeding®f the 1986Confeenceon Theoketical Aspectof Reasoning
AboutKnowled@, pages83—98.MorganKaufmannPublishersSanMateo,CA, 1986.

S. J. Russell,D. Subramanianand R. Parr. Provably boundedoptimal agents. In Proceedingsof
the Thirteenthinternational Joint Confeenceon Artificial Intelligence(IJCAI-93) pages338-344,
Chamigry, France 1993.

S. J. RussellandE. Wefald. Do the Right Thing— Studiesin Limited Rationality The MIT Press:
CambridgeMA, 1991.

E. SacerdotiPlanningin a hierarchyof abstractiorspacesAirtificial Intelligence 5:115-1351974.
E. Sacerdoti.Thenon-lineamatureof plans.In Proceeding®f the Fourth InternationalJoint Confer
enceon Artificial Intelligence(lJCAI-75), pagex06—214 Stanford CA, 1975.

T. SandholmandV. Lesser Issuesn automatedegotiationandelectroniccommerce Extendingthe
contractnetframewvork. In Proceeding®f theFirstInternationalConfeenceon Multi-Agent Systems
(ICMAS-95) pages328-335SanFranciscoCA, Junel995.

J. R. Searle. Speeh Acts: An Essayin the Philosophyof Languayje. CambridgeUniversity Press:
CambridgeEngland,1969.

Y. Shoham.Agent-orientecorogramming.TechnicalReportSTAN-CS-1335-90ComputerScience
DepartmentStanfordUniversity, Stanford,CA 94305,1990.

Y. Shoham Agent-orientegprogramming Artificial Intelligence 60(1):51-921993.

Y. ShohamandM. Tennenholtz.On the synthesiof usefulsociallaws for artificial agentsocieties.
In Proceeding®f the TenthNational Confeenceon Artificial Intelligence(AAAI-92) SanDiego, CA,
1992.

R. G. Smith. The CONTRACT NET: A formalismfor the control of distributed problemsolving.
In Proceeding®f the Fifth InternationalJoint Confeenceon Artificial Intelligence(IJCAI-77), Cam-
bridge,MA, 1977.

R. G. Smith. Thecontractetprotocol. [IEEE Transaction®n Computes, C-29(12),1980.

R. G. Smith. A Framevork for DistributedProblemSolving UMI ResearclPress;1980.

R. G. SmithandR. Davis. Frameavorksfor cooperatiorin distributedproblemsolving. IEEE Trans-
actionson Systemdylan, andCybernetics11(1),1980.

R. Steeb,S. CammarataF. A. Hayes-RothP. W. Thorndyle, andR. B. Wesson. Distributedintel-
ligencefor air fleetcontrol. In A. H. BondandL. Gassereditors,Readingsn Distributed Artificial
Intelligence pages90-101 MorganKaufmannPublishersSanMateo,CA, 1988.

L. Steels.Cooperatiorbetweerdistributedagentshroughself organization.n Y. DemazeaandJ.-P
Miiller, editors,Decentalized Al — Proceedingf the First EuropeanWorkshopon Modelling Au-
tonomousAgentsin a Multi-AgentWorld (MAAMAN-89), pagesl 75—-196 Elsevier SciencePublishers
B.V.: Amsterdam;The Netherlands1990.

S.R. Thomas.PLACA, an Agent OrientedProgrammingLanguae. PhD thesis,ComputerScience
DepartmentStanfordUniversity Stanford,CA 94305,August1993. (Available astechnicalreport
STAN-CS-93-1487).

S. R. Thomas. The PLACA agentprogramminglanguage.In M. WooldridgeandN. R. Jennings,
editors, Intelligent Agents: Theories Architectuies,and Languaes (LNAI Volume890) pages355—
369.SpringefVerlag: Heidelbeg, Germary, Januaryl995.

G. TidharandJ. RosenscheinA contractnetwith consultantsin Proceeding®f the TenthEuropean
Confeenceon Artificial Intelligence(ECAI-92) page219—-223Vienna,Austria, 1992.

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



M. Wooldridge/ Agent-BasedComputing 24

[110]
[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]
[119]
[120]

[121]

[122]

[123]

[124]

[125]

[126]

tributed Artificial Intelligence pages285—310.PitmanPublishing: LondonandMorgan Kaufmann:
SanMateo,CA, 1987.

S.VereandT. Bickmore. A basicagent.Computationalntelligence 6:41-60,1990.

A. Walker andM. Wooldridge. Understandinghe emepgenceof conventionsin multi-agentsystems.
In Proceeding®f theFir stinternationalConfeenceon Multi-AgentSystem$lCMAS-95) pages384—
390, SanFranciscoCA, Junel995.

P. Wavish. Exploiting emegentbehaiour in multi-agentsystems.In E. WernerandY. Demazeau,
editors,DecentalizedAl 3—Proceeding®fthe Third European\brkshopon ModellingAutonomous
Agentsin a Multi-AgentWorld (MAAMAAL91), page297—-310Elsevier SciencePublisherd8.V.: Am-
sterdamThe Netherlands1992.

P. Wavish and M. Graham. Roles, skills, and behaiour: a situatedactionapproachto organising
system®f interactingagents.In M. WooldridgeandN. R. Jenningseditors,IntelligentAgents: Theo-
ries, Architectues,and Languaes (LNAI Volume890), pages371-385 SpringefVerlag: Heidelbeg,
Germaly, Januaryl995.

P. Wayner AgentsUnleashedA PublicDomainLookat AgentTechnolagy. AcademicPressiondon,
1995.

D. WeerasooriyaA. Rao,andK. Ramamohanara®@esignof aconcurrentigent-orientethnguageln
M. WooldridgeandN. R. Jenningseditors IntelligentAgents: Theories Architectues,andLanguaes
(LNAI Volume890), pages386—402 SpringefVerlag: Heidelbeg, Germary, Januaryl995.

G. Weil. Learningto coordinateactionsin multi-agentsystems.In Proceeding®f the Thirteenthin-
ternationalJoint Confeenceon Atrtificial Intelligence(IJCAI-93), pages311-316 Chamigry, France,
1993.

E. Werner CooperatingagentsA unifiedtheoryof communicatiorandsocialstructure.ln L. Gasser
andM. Huhns,editors,DistributedAtrtificial IntelligenceVolumell, pages3—36.PitmanPublishing:
LondonandMorganKaufmann:SanMateo,CA, 1989.

J. E. White. Telescripttechnology: The foundationfor the electronicmarketplace. White paper
GeneraMagic, Inc., 2465LathamStreet MountainView, CA 94040,1994.

D. Wilkins. Practical Planning: Extendingthe ClassicalAl PlanningParadigm MorganKaufmann
PublishersSanMateo,CA, 1988.

T. Wittig, editor ARCHON:AnN Architectue for Multi-Agent Systems Ellis Horwood: Chichester
England,1992.

M. Wooldridge. The Logical Modelling of ComputationalMulti-Agent Systems PhD thesis,De-
partmentof ComputationUMIST, ManchesterUK, October1992. (Also availableasTechnicalRe-
portMMU-DOC-94-01Departmenbf ComputingManchesteMetropolitanUniversity ChestelSt.,
ManchesterUK).

M. Wooldridge. Coherentsocialaction. In Proceedingsf the EleventhEuropeanConfeenceon
Atrtificial Intelligence(ECAI-94) pages279-283 Amsterdam;The Netherlands1994.

M. Wooldridge.Thisis MYWORLD: Thelogic of anagent-orientetestbedor DAI. In M. Wooldridge
andN. R. Jenningseditors,IntelligentAgents: Theories Architectues,and Languaes (LNAI Volume
890), pagesl60-178SpringerVerlag: Heidelbeg, Germar, Januaryl995.

M. Wooldridge,S. Bussmannand M. Klosterbeg. Productionsequencings negotiation. In Pro-
ceedingof theFir stinternationalConfeenceonthe Practical Applicationof Agentsand Multi-Agent
Technolagy (PAAM—97) pages7’09-726,1996.

M. WooldridgeandN. R. Jennings. Formalizingthe cooperatre problemsolving process.In Pro-
ceedingof the Thirteenthinternational\Wbrkshopon DistributedArtificial Intelligence(IWDAI-94),
pagesA03—417 L ake Quinalt, WA, July 1994.

M. WooldridgeandN. R. Jennings.Intelligentagents:Theoryandpractice. The Knowledg Engi-
neeringReview, 10(2):115-1521995.



