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Abstract. Softwareengineersontinuallystrive to developtoolsandtechniques
to managethe complity thatis inherentin software systems.n this article,
we arguethatintelligent agentsand multi-agent systemsrejust suchtools. We
begin by reviewing whatis meantby theterm “agent”, andcontrastagentswith
objects Wethengo onto examineanumberof prototypetechniqueproposedor
engineeringagentsystemsjncluding methodologiedor agent-orientecénalysis
anddesign formal specificatiorandverificationmethodsfor agentsystemsand
techniquedor implementingagentspecifications.

1 Intr oduction

Overthe pastthreedecadessoftwareengineersiave deriveda progressiely betterun-
derstandingf thecharacteristicef compleity in software.lt is now widely recognised
that interaction is probablythe mostimportantsingle characteristiof complex soft-
ware. Software architectureghat containmary dynamicallyinteractingcomponents,
eachwith their own threadof control,andengagingn complec coordinationprotocols,
aretypically ordersof magnitudemore complex to correctly and efficiently engineer
than thosethat simply computea function of someinput througha single threadof
control.

Unfortunatelyit turnsoutthatmary (if not most)real-world applicationshave pre-
ciselythesecharacteristicsAs a consequencey major researchopic in computersci-
enceoveratleastthepasttwo decade$fiasbeenthedevelopmenbf toolsandtechniques
to model,understandandimplementsystemsn which interactionis thenorm.

Marny researcheraow believe thatin future, computationitself will be understood
aschiefly asa processof interaction.This hasin turn led to the searchfor nev com-
putationalabstractionsmodels,andtools with which to conceptualisandimplement
interactingsystems.

Sincethe 1980s softwareagentsand multi-agentsystemshave grown into whatis
now one of the mostactive areasof researchand developmentactivity in computing



generally Thereare mary reasondor the currentintensity of interest,but certainly
one of the mostimportantis that the conceptof an agentas an autonomoussystem,
capableof interactingwith otheragentsin orderto satisfyits designobjectves,is a
naturalonefor softwaredesignersJustaswe canunderstandnary systemsasbeing
composedf essentiallypassve objects,which have state,and upon which we can
performoperationssowe canunderstananary othersasbeingmadeup of interacting,
semi-autonomouagents.

Our aim in this article is to surwey the stateof the art in agent-orientedoftware
engineeringThearticleis structurecasfollows:

— in thesub-sectionshatfollows, we provide brief introductiongo agentsandmulti-
agentsystemsandcommentbn therelationshipbetweeragentsandobjects(in the
senseof object-orientegprogramming);

— in section2, we surwey somepreliminary methodolgies for engineeringmulti-
agentsystems— thesemethodologiegprovide structuredbut non-mathematical
approacheso the analysisanddesignof agentsystemsandfor the mostparttake
inspirationeitherfrom object-orientedanalysisanddesignmethodologie®r from
knowledge-engineeringpproachesandfinally,

— in section3, we commenbntheuseof formal methodgor engineeringnulti-agent
systems.

We concludethe main text of the article with a brief discussionof open problems,
challengesandissuesthat mustbe addressedf agentsareto achieve their potential
as a software engineeringparadigm.In an appendix,we provide pointersto further
informationaboutagents.

1.1 What are Agent-BasedSystems?

Beforeproceedingary further, it is importantto gainanunderstandingf exactly what
we meanby anagent-basedystem By anagent-basedystemwe meanonein which
thekey abstractiorusedis thatof anagent Agent-baseaystemsnay containa single
agent(asin the caseof userinterfaceagentr softwaresecretarie§s0]), but arguably
thegreatespotentiallies in the applicationof multi-agentsystemg5]. By anagent, we
meana systenthatenjoysthefollowing propertied75, pp.116-118]:

— autonomyagentencapsulatsomestate(thatis notaccessibl¢o otheragents)and
malke decisionsaaboutwhatto do basen this state without thedirectintervention
of humansor others;

— reactivity agentsaresituatedin anervironment,(whichmaybethephysicalworld,
auservia agraphicaluserinterface,acollectionof otheragentsthe INTERNET, or
perhapamary of thesecombined)areableto perceivethis ernvironment(through
theuseof potentiallyimperfectsensors)andareableto respondn atimely fashion
to changeghatoccurin it;

— pro-activenessagentsdo not simply actin responséo their ervironment,they are
ableto exhibit goal-directecbehaiour by takingtheinitiative;



— social ability: agentsinteractwith otheragents(and possiblyhumans)via some
kind of agent-communicatiofanguage [28], andtypically have the ability to en-
gagein social actvities (suchas cooperatie problemsolving or negotiation)in
orderto achieve theirgoals.

Thesepropertiesare more demandinghanthey might at first appearTo seewhy;, let

usconsiderthemin turn. First, considerpro-activenesggoaldirectedbehavior. It is not
hardto build a systemthat exhibits goal directedbehaior — we do it every time we

write a proceduren Pascal,a functionin C, or amethodin Java. Whenwe write such
a procedurewe describeit in termsof the assumption®n which it relies (formally,

its pre-conditior) andthe effectit hasif the assumptiongrevalid (its post-conditiof.

The effects of the procedureareits goal: whatthe authorof the softwareintendsthe
procedureto achieve. If the pre-conditionholds whenthe procedurds invoked, then
we expectthattheprocedurewill executecorrectly. thatit will terminate andthatupon
termination the post-conditiorwill betrue,i.e.,thegoalwill beachiesed.Thisis goal
directedbehaior: the procedurés simply a planor recipefor achieving the goal. This

programmingmodelis fine for mary ernvironments For example,its workswell when
we considerfunctional systems— thosethat simply take someinput z, and produce
asoutputsomesomefunction f(z) of this input. Compilersare a classicexampleof

functionalsystems.

But for non-functionalsystemsthis simple modelof goal directedprogramming
is not acceptableasit makes animportantlimiting assumptionlt assumeshat the
ervironmentdoesnotchang while the procedurds executing.If theernvironmentdoes
changeandin particular if the assumptiongpre-condition)underlyingthe procedure
becomédalsewhile the procedurds executing thenthe behaior of the procedurenay
not be defined— often, it will simply crash.Similarly, it is assumedhatthe goal,that
is, the reasonfor executingthe procedureremainsvalid at leastuntil the procedure
terminateslf thegoaldoesnotremainvalid, thenthereis simply noreasorto continue
executingthe procedure.

In mary ervironments neitherof theseassumptionsrevalid. In particular in do-
mainsthataretoo complex for anagentto obserne completelythataremulti-agent(i.e.,
they arepopulatedvith morethanoneagenthatcanchangeheernvironment) orwhere
thereis uncertaintyin the ervironment,theseassumptiongrenot reasonableln such
ervironmentsplindly executinga proceduravithoutregardto whethertheassumptions
underpinninghe procedurearevalid is a poor stratgy. In suchdynamicervironments,
an agentmustbe reactive in just the way that we describedabove. That s, it must
be responsie to eventsthatoccurin its ervironment,wheretheseeventsaffect either
the agents goalsor the assumptionsvhich underpinthe procedureshat the agentis
executingin orderto achieveits goals.

Aswe have seenpuilding purelygoaldirectedsystemss nothard.Similarly, build-
ing purely reactivesystems— onesthatcontinuallyrespondo their ervironment— is
alsonot difficult; we canimplementthemaslookup tablesthat simply matchernviron-
mentalstimuli to actionresponseddowever, whatturnsoutto bevery hardis building
a systemthat achievesan effective balancebetweengoal-directedandreactve behar-
ior. We wantagentgshatwill attemptto achieve their goalssystematicallyperhapsy
makinguseof complex procedure-lilerecipedfor action.But we don't wantour agents



to continueblindly executingtheseproceduresn an attemptto achiese a goal either
whenit is clearthatthe procedurewill notwork, or whenthe goalis for somereason
nolongervalid. In suchcircumstancesye wantour agento beableto reactto the new

situation,in time for thereactionto be of someuse.However, we do notwantour agent
to becontinuallyreacting,andhenceneverfocussingon agoallong enoughto actually
achieveit.

On reflection,it shouldcomeaslittle surprisethat achiezing a good balancebe-
tweengoal directedandreactive behavior is hard.After all, it is comparatiely rareto
find humansthat do this very well. How mary of us have hada managemwho stayed
blindly focussedn someprojectlong aftertherelevanceof the projectwaspassedepr
it wasclearthatthe projectplanwasdoomedto failure?Similarly, how mary have en-
counterednanagersvho seemunableto stayfocussedat all, whoflit from oneproject
to anotherwithout ever managingto pursuea goal long enoughto achieve anything?
This problem— of effectively integratinggoal-directecandreactive behaior — is one
of thekey problemsfacingthe agentdesignerAs we shallseea greatmary proposals
have beenmadefor how to build agentghatcando this— but the problemis essentially
still open.

Finally, let us say somethingaboutsocial ability, the final componenbf flexible
autonomousctionasdefinedhere.ln onesensesocialability is trivial: every day, mil-
lions of computersaacrosgheworld routinely exchangeanformationwith bothhumans
andothercomputersBut the ability to exchangebit streamss notreally socialability.
Considerthatin the humanworld, comparatiely few of our meaningfulgoalscanbe
achievedwithout the coopertion of otherpeople who cannotbe assumedo shale our
goals— in otherwords,they arethemselesautonomousyith their own agendao
pursue.This typeof socialability — involving the ability to dynamicallynegotiateand
coordinate— is muchmorecomplex, andmuchlesswell understoodthansimply the
ability to exchangebitstreams.

An obvious questionto askis why agentsand multi-agentsystemsare seenasan
importantnew directionin softwareengineeringThereare several reasong40, pp.6—
10]:

— Natural metaphor
Justasthemary domainscanbe concevedof consistingof anumberof interacting
but essentiallypassie objects so mary otherscan be conceved as interacting,
active, purposefulagents For example,a scenariocurrently driving much R&D
activity in theagentdield is thatof softwareagentshatbuy andsell goodsvia the
Interneton behalfof someusers.lt is naturalto view the software participantsin
suchtransactionas(semi-)autonomouagents.

— Distribution of dataor control.
For mary software systemsit is not possibleto identify a singlelocusof control:
instead,overall control of the systemsis distributed acrossa numbercomputing
nodeswhich arefrequentlygeographicallydistributed.In orderto make suchsys-
temswork effectively, thesenodesmust be capableof autonomouslhyjinteracting
with eachother— they mustagents.

— Legacysystems



A naturalway of incorporatingegagy systemsnto moderndistributedinformation
systemsds to agentify them:to “wrap” themwith anagentlayer, thatwill enable
themto interactwith otheragents.

— Opensystems
Marny systemsareopenin thesensehatit is impossibleto know atdesigntime ex-
actlywhatcomponentshesystemwill becomprisedf, andhow thesecomponents
will beusedto interactwith one-anothefTo operateeffectively in suchsystemsthe
ability to engagen flexible autonomouslecision-makings critical.

1.2 On the Relationship betweenAgentsand Objects

Programmergamiliar with object-orientecapproachesftenfail to seeanything novel

or new in theideaof agentsWhenonestopsto considetherelative propertieof agents
andobjects thisis perhapsot surprising Objectsaredefinedascomputationaéntities
thatencapsulatesomestate,areableto performactions,or method=on this state,and
communicateby messageassing.Thereare clearly closelinks betweenagentsand

objects,which aremadestrongerby our tendeng to anthropomorphisizebjects.For

example thefollowing is from atextbook on object-orientegprogramming:

Thereis atendengy [. ..] to think of objectsas“actors” andendav themwith
human-likeintentionsandabilities. It’ s temptingto think aboutobjects‘decid-
ing” whatto do abouta situation,[and] “asking” otherobjectsfor information.
[. ..] Objectsarenot passie containerdor stateandbehaviour, but aresaidto
betheagentf a programsactiity. [37, p.7]

While thereareobvioussimilarities,therearealsosignificantdifferencedbetweeragents
andobjects.Thefirstis in the degreeto which agentsandobjectsareautonomousRe-
call thatthe defining characteristiof object-orientegorogrammings the principle of
encapsulation— the ideathat objectscan have control over their own internal state.
In programmindanguagedik e Java, we candeclareinstancevariables(andmethods)
to bepri vat e, meaningthey areonly accessibldrom within the object.(We canof
coursealsodeclarethempubl i ¢, meaningthatthey canbe accesseffom anywhere,
andindeedwe mustdo this for methodssothatthey canbe usedby otherobjects.But
the useof publ i ¢ instancevariablesis usually consideregoor programmingstyle.)
In this way, an objectcanbe thoughtof as exhibiting autonomyover its state:it has
control overit. But anobjectdoesnot exhibit controloverit’s behavior Thatis, if an
objecthasa public methodm thenotherobjectscaninvoke mwheneer they wish —
oncean objecthasmadea methodpubl i ¢, thenit subsequentliyrasno control over
whetheror notthatmethodis executed.

Of courseanobjectmustmake methodsvailableto otherobjects or elsewe would
be unableto build a systemout of them. This is not normally anissue,becausef we
build a systemthenwe designtheobjectsthatgoin it, andthey canthusbeassumedo
sharea “commongoal”. But in mary typesof multi-agentsystem (in particular those
that containagentsbuilt by differentorganisationsor individuals), no suchcommon
goal canbe assumediIt cannotbe for grantedthat an agent; will executean action
(method)a justbecaus@notheragentj wantsit to — a maynotbein thebestinterests



of ¢. We thusdo not think of agentsasinvoking methodsuponone-anotherut rather
asrequestingactionsto be performed|f j requests to performa, theni may perform

theactionor it maynot. Thelocusof controlwith respecto thedecisionaboutwhether
to executeanactionis thusdifferentin agentandobjectsystemsin the object-oriented
case the decisionlies with the objectthatinvokesthe method.In the agentcase the

decisionlies with the agentthatrecevesthe requestThis distinctionbetweenobjects
andagentshasbeennicely summarizedn the following slogan:Objectsdo it for free;

agentsdoit becausahey wantto.

The secondmportantdistinctionbetweerobjectandagentsystemss with respect
tothenotionof flexible (reactve, pro-active,social)autonomoudehaior. Thestandard
objectmodelhasnothingwhatso&er to sayabouthow to build systemghatintegrate
thesetypesof behaiior. Onecouldpoint outthatwe canbuild object-orienteghrograms
thatdo integratethesetypesof behaior. And indeedwe can,but this algumentmisses
thepoint, whichis thatthe standardbject-orientegorogrammingnodelhasnothingto
dowith thesetypesof behaior.

Thethird importantdistinctionbetweenrnthe standardbjectmodelandour view of
agentsystemss that agentsare eachconsideredo have their own threadof control.
Agentsareassumedo be continually active, andtypically are engagedn aninfinite
loop of observingtheir ervironment,updatingtheir internal state,and selectingand
executingan actionto perform.In contrast,objectsare assumedo be quiescentor
mostof the time, becomingactive only whenanotherobjectrequirestheir servicesby
dint of methodinvocation.

Of coursealot of work hasrecentlybeendevotedto concurencyin object-oriented
programming.For example,the Java languageprovides built-in constructsfor multi-
threadegrogrammingTherearealsomary programmindanguagesvailable(mostof
themadmittedlyprototypesYhatwerespecificallydesignedo allow concurrenbbject-
basedprogramming But suchlanguageslo not capturethe ideawe have of agentsas
autonomougntities.Perhapghe closestthat the object-orienteccommunitycomesis
in theideaof activeobjects

An active objectis onethatencompassets own threadof control[. ..]. Active
objectsaregenerallyautonomougneaninghatthey canexhibit somebehavior
without being operatedupon by anotherobject. Passve objects,on the other
hand,canonly undego a statechangevhenexplicitly actedupon.[6, p.91]

Thus active objectsare essentiallyagentsthat do not necessarilyhave the ability to
exhibit flexible autonomou®ehaior.

To summarizethe traditionalview of anobjectandour view of an agenthave at
leastthreedistinctions:

— agentsembodystrongernotion of autonomythan objects,andin particular they
decidefor themseleswhetheror notto performanactionon requesfrom another
agent;

— agentsare capableof flexible (reactve, pro-active, social) behaior, andthe stan-
dardobjectmodelhasnothingto sayaboutsuchtypesof behaior;

— amulti-agentsystemis inherentlymulti-threadedin thateachagentis assumedo
have atleastonethreadof control.



2 Agent-Oriented Analysis and Design

Thefirst main strandof work we consideron approache$o developingagentsystems
involvesprincipledbutinformal developmenmethodologie$or theanalysisanddesign
of agent-basedystemThesecanbe broadlydividedinto two groups:

— thosethattake their inspirationfrom object-orienteddevelopment,and either ex-
tend existing OO methodologieor adaptOO methodologiedo the purposesof
AOSE[10,45,77,54,18,3,44,56,70];

— thosethatadaptknowledgeengineeringr othertechnique$8, 49,36,16].

In the remainderof this section,we review somerepresentatie samplesof this work.
As representatiesof thefirst catgyory, we suney the AAIl methodologyof Kinny etal
[45], the Gaiamethodologyof Wooldridgeetal [77], andsummarisavork on adapting
UML [54,18,3]. As representatiesof the secondcateyory, we surey the Cassiopeia
methodologyof Collinot et al [16], the DESIRE framework of Treuret al [8], andthe
useof Z for specifyingagentsystemg49].

Kinny et al: The AAIl Methodology The AustralianAl Institute (AAIl) hasbeen
developingagent-basedystemdor a decade The primary developmentervironment
in whichthiswork hasbeencarriedoutis the belief-desire-intentiotechnology{74] of
the ProceduraReasoningystem(PRs) andits successothe Distributed Multi-Agent
Reasoningystem(DMARS) [62]. The PRS, originally developedat StanfordResearch
Institute, wasthefirst agentarchitectureo explicitly embodythebelief-desire-intention
paradigmandhasprovedto bethemostdurableagentarchitecturelevelopedo date.It
hasbeenappliedin several of the mostsignificantmulti-agentapplicationssofar built,
including an air-traffic control systemcalled oAsIs thatis currentlyundegoingfield
trials at Sydne airport, a simulationsystemfor the Royal AustralianAir Forcecalled
SWARMM, and a businessprocessmanagemensystemcalled spoc (Single Point of
Contact) thatis currentlybeingmarketedby AgentisSolutiong29]. The AAIl method-
ology for agent-orientednalysisand designwas developedasa resultof experience
gainedwith thesemajorapplicationsit draws primarily uponobject-orientednethod-
ologies,andenhanceshemwith someagent-basedonceptsThe methodologyitself
is aimedat the constructiorof a setof modelswhich, whenfully elaborateddefinean
agentsystemspecification.

The AAIl methodologyprovidesboth internal and external models.The external
model presentsa system-lgel view: the main componentsvisible in this model are
agentghemseles.The externalmodelis thusprimarily concernedvith agentsandthe
relationshipsetweenthem.lt is not concernedvith the internalsof agentshow they
are constructedr whatthey do. In contrastthe internalmodelis entirely concerned
with theinternalsof agentstheir beliefs,desiresandintentions.

The external modelis intendedto defineinheritancerelationshipsbetweenagent
classesandto identify the instancef theseclasseghat will appearat run-time. It
is itself composedf two further models:the agent modelandthe interaction model
The agentmodelis thenfurther divided into an agent classmodeland an agent in-
stancemodel Thesetwo modelsdefinethe agentsand agentclasseghat canappear



andrelatetheseclassedo one-anothewia inheritance aggreation,and instantiation
relations.Eachagentclassis assumedo have at leastthreeattributes,for beliefs,de-
sires,andintentions.The analystis ableto definehow theseattributesare overridden
duringinheritanceFor example,it is assumedhatby default, inheritedintentionshave
lesspriority thanthosein sub-classed heanalystmaytailor thesepropertiesasdesired.

Details of the internalmodel are not given, but it seemsclearthat developingan
internalmodelcorrespondsairly closelyto implementinga PRS agent,i.e., designing
theagents belief, desire andintentionstructures.

The AAll methodologyis aimedat elaboratinghe modelsdescribedabove. It may
be summarisedsfollows:

1. Identify the relevant rolesin the applicationdomain,and on the basisof these,
develop an agent class hierarchy. An example role might be weathermonitor,
wherebyagent is requiredto make agentj awareof the prevailing weathercondi-
tionsevery hour.

2. ldentify theresponsibilitiesassociateavith eachrole, the servicesequiredby and
provided by the role, andthen determinethe goals associatedvith eachservice.
With respectto the above example,the goalswould be to find out the current
weatherandto make agent;j awareof thisinformation.

3. For eachgoal, determinethe plansthat may be usedto achieve it, andthe context
conditionsundemwhicheachplanis appropriateWith respecto theaboreexample,
aplanfor thegoalof makingagent; awareof theweatherconditionsmightinvolve
sendingamessagéo j.

4. Determinethe belief structureof the system— the informationrequirementgor
eachplanandgoal. With respecto the abose example,we might proposea unary
predicatewindspeed(x) to representhe factthatthe currentwind speeds z. A
planto determinethe currentweatherconditionswould needto beableto represent
this information.

Note thatthe analysisprocesswill beiterative, asin moretraditionalmethodologies.
Theoutcomewill beamodelthatcloselycorrespond$o the PRS agentarchitectureAs
aresult,themove from end-desigrio implementatiorusingPRrs is relatively simple.

Wooldridge et al: Gaia The Gaid methodologyis intendedto allow ananalystto go
systematicallyfrom a statemenbf requirementso a designthatis sufficiently detailed
thatit canbeimplementedirectly. Notethatwe view therequirementsapturephaseas
beingindependenbf the paradigmusedfor analysisanddesign.In applyingGaia,the
analystmovesfrom abstractto increasinglyconcreteconceptsEachsuccessie move
introduceggreaterimplementatiorbias,andshrinksthe spaceof possiblesystemahat
couldbeimplementedo satisfythe original requirementstatement(See[42, pp.216-
222]for adiscussiorof implementatiorbias.)Analysisanddesigncanbethoughtof as
aprocesof developingincreasinglydetailedmodelsof the systemto be constructed.

! Thenamecomesrom theGaiahypothesigutforwardby Jamed ovelock, to theeffectthatall
the organismsgn the earths biospherecanbe viewed asactingtogethetrto regulatethe earths
ernvironment.



AbstractConcepts ConcreteConcepts
Roles AgentTypes
Permissions Services
Responsibilities Acquaintances
Protocols
Activities
Livenesgroperties
Safetyproperties

Table 1. Abstractandconcreteconceptsn Gaia

Gaiaborrowvs someterminologyandnotationfrom object-orientednalysisandde-
sign,(specifically Fusion [15]). However, it is notsimply anaive attempto applysuch
methodgo agent-orientedevelopmentRatherit providesanagent-specifisetof con-
ceptsthroughwhich a softwareengineercanunderstanéindmodela complex system.
In particulay Gaiaencouragea developerto think of building agent-basedystemsas
aproces®f organisationaldesign

ThemainGaianconceptsanbedividedinto two cateyories:abstiactandconcete
abstractand concreteconceptsare summarisedn Table 1. Abstractentitiesarethose
usedduringanalysigo conceptualis¢he systemput which do not necessarilyrave ary
directrealisationwithin the system.Concreteentities,in contrastare usedwithin the
designprocessandwill typically have directcounterpartén therun-timesystem.

The objective of the analysisstageis to develop an understandingf the system
andits structureg(withoutreferencdo ary implementatiordetail).In the Gaiacasethis
understandings capturedn the systems organisation An organisations viewedasa
collectionof roles,thatstandin certainrelationshipgo oneanotheyandthattake part
in systematicinstitutionalisedpatternf interactionswith otherroles.

Theideaof a systemasa societyis usefulwhenthinking aboutthe next level in the
concepthierarchy:roles It may seemstrangeto think of a computersystemasbeing
definedby a setof roles,but theideais quite naturalwhenadoptingan organisational
view of theworld. Considerahumanorganisatiorsuchasatypical compary. Thecom-
pary hasrolessuchas*“president”,“vice president”andsoon. Notethatin aconcrete
realisationof a compaly, theseroleswill beinstantiatedwith actualindividuals:there
will beanindividualwho takeson therole of presidentanindividual who takesonthe
role of vice presidentand so on. However, the instantiationis not necessarilystatic.
Throughouthe compary’slifetime, mary individualsmaytake on therole of compaty
presidentfor example.Also, thereis not necessarilya one-to-onemappingbetween
rolesandindividuals.lIt is not unusual(particularlyin small or informally definedor-
ganisationsjor oneindividual to take on mary roles.For example,a singleindividual
mighttake ontherole of “teamaker”, “mail fetcher”,andsoon. Corverselytheremay
bemary individualsthattake on asinglerole, e.g.,“salesman”.

A role is definedby four attributes: responsibilities permissions activities and
protocols Responsibilitiesleterminefunctionality and, as such, are perhapsthe key
attribute associatedvith arole. An exampleresponsibilityassociatedvith the role of
compaly presidenmight becalling the shareholdermeetingevery year Responsibili-



tiesaredividedinto two types:livenessropertiesandsafetyproperties[57]. Liveness
propertiesntuitively statethat“somethinggood happens”They describethosestates
of affairs that an agentmustbring about,given certainervironmentalconditions.In
contrastsafetypropertiesareinvariants Intuitively, a safetypropertystateghat“noth-
ing badhappensi.e., thatanacceptabletateof affairsis maintainedacrossall states
of execution).An examplemight be “ensurethe reactotemperatur@alwaysremainsin
therange0-100".

In orderto realiseresponsibilitiesa role hasa setof permissionsPermissiongre
the“rights” associateavith arole. Thepermission®f arole thusidentify theresources
thatareavailableto thatrole in orderto realiseits responsibilitiesPermissionsendto
beinformationresouces For example,a role might have associateavith it the ability
to reada particularitem of information,or to modify anotherieceof information.A
role canalsohave the ability to geneiateinformation.

Theactivitiesof arole arecomputationgssociatedvith therole thatmaybecarried
out by the agentwithout interactingwith other agents.Activities are thus “private”
actions,in thesenseof [65].

Finally, arole is alsoidentifiedwith a numberof protocols which definethe way
thatit caninteractwith otherroles.For example a“seller” role mighthavetheprotocols
“Dutch auction”and“English auction”associatedvith it; the ContractNet Protocolis
associateavith theroles“manager”and“contractor”[66].

Odell etal: Agent UML Overthe pasttwo decadesmary differentnotationsandas-
sociatedmethodologieshave beendevelopedwithin the object-orienteddlevelopment
community (see,e.g., [6,64,15]). Despitemary similarities betweenthesenotations
and methods there were neverthelessmary fundamentalinconsistenciesand differ-

ences.The Unified Modelling Language— UML — is an attemptby three of the

main figuresbehindobject-orientedanalysisand design(Grady Booch, JamesRum-
baugh,andIvar Jacobsonjo develop a single notationfor modelling object-oriented
systemd7]. It is importantto notethat UML is not a methodologyit is, asits name
suggestsa languagefor documentingmodelsof systems;associatedvith UML is a

methodologyknown asthe RationalUnified Proces$7, pp.449-456].

Thefactthat UML is a de factostandardor object-orientednodelling promoted
its rapidtakeup.Whenlooking for agent-orientedhodellinglanguagesndtools, mary
researcherkelt thatUML wastheobviousplaceto start[54,18,3]. Theresulthasbeen
anumberof attemptdo adapthe UML notationfor modellingagentsystemsOdelland
colleaguetave discussedereralwaysin which the UML notationmight usefully be
extendedo enablethe modellingof agentsystemg54, 3]. The proposednodifications
include:

— supportfor expressingconcurrenthreadsof interaction(e.g.,broadcasmessages),
thus enablingUML to model suchwell-known agentprotocolsas the Contract
Net [66];

— anotionof “role” thatextendsthatprovidedin UML, andin particular allows the
modellingof anagentplayingmary roles.

Both the ObjectManagementGroup (OMG) [55], andthe Foundationfor Intelligent
PhysicalAgents(FIPA) [27] arecurrentlysupportingthe developmentof UML-based



notationsfor modellingagentsystemsandthereis thereforelikely to be considerable
work in this area.

Treur etal: DESIRE In anextensie seriesof paperqseeg.g.,[8,19]), Treurandcol-
leaguedave describedhe DESIREframenork. DESIREis aframework for thedesign
and formal specificationof compositionalsystemsAs well as providing a graphical
notationfor specifyingsuchcompositionakystemsDESIRE hasassociatedvith it a
graphicaleditorandothertoolsto supportthe developmenbf agentsystems.

Collinot et al: Cassiopeia In contrastto Gaiaandthe AAll methodologythe Cas-
siopeiamethodproposedby Collinot et al is essentiallybottomup in nature[16]. Es-
sentially with the Cassiopeianethod,onestartsfrom the behavious requiredto carry
out sometask;this is rathersimilar to the behaioural view of agentsput forward by
Brooksandcolleagueg9]. Essentiallythe methodologyproposeshreesteps:

1. identify the elementanbehaviousthatareimplied by the overall systemtask;

2. identify therelationshipshetweerelementanbehaiours;

3. identify theorganisationabehaviousof thesystemfor example theway in which
agentdorm themselesinto groups.

Collinot et al illustrate the methodologyby way of the designof a RoboCupsoccer
team(see[38]).

Luck and d'Inverno: Agentsin Z Luck andd’Invernohave developedanagentspec-
ification framework in the Z languagg68], althoughthe typesof agentsconsideredn
this framework are someavhat differentfrom thosediscussedbove [48,49]. They de-
fine afour-tieredhierarchyof the entitiesthatcanexist in anagent-basedystem.They
startwith entities which areinanimateobjects— they have attributes(colour, weight,
position),but nothingelse.They thendefineobjectsto be entitiesthathave capabilities
(e.g.tablesareentitiesthatarecapableof supportinghings).Agentsarethendefinedto
beobjectsthathave goals,andarethusin somesensective; finally, autonomousgents
aredefinedto be agentswith motivations.The ideais thata chair could be viewed as
takingon my goal of supportingnewhenl amusingit, andcanhencebeviewedasan
agentfor me. But we would not view a chairasan autonomousgent,sinceit hasno
motivations(andcannoteasilybe attributedthem).Startingfrom this basicframework,
Luck andd’Invernogo onto examinethevariousrelationshipghatmight exist between
agentf differenttypes.In [49], they examinehow anagent-basedystemspecifiedn
theirframeavork mightbeimplementedThey foundthattherewasanaturalrelationship
betweertheir hierarchicalagentspecificationframework andobject-orientegystems:

The formal definitions of agentsand autonomousagentsrely on inheriting

the propertiesof lower-level componentsin the z notation,this is achieved

throughschemainclusion|. ..]. This is easilymodelledin c++ by deriving

one classfrom another[...] Thuswe move from a principled but abstract
theoreticalframenork througha more detailed,yet still formal, modelof the

systemgdown to anobject-orientedmplementationpreservinghehierarchical
structureat eachstage[49]



The Luck-d’Invernoformalismis attractive, particularlyin the way thatit captureghe
relationshipgthat can exist betweenagents.The emphasidgs placedon the notion of
agentsacting for anothey ratherthan on agentsas rational systemsaswe discussed
above. The typesof agentsthatthe approachallows usto develop arethusinherently
differentfrom the“rational” agentgliscusseebove.So,for example theapproacidoes
nothelpusto constructigentghatcaninterleave pro-actveandreactive behaiour. This
is largely a resultof the choserspecificationanguagez. This languageis inherently
gearedowardsthe specificatiorof operation-basedynctionalsystemsThe basiclan-
guagehasno mechanismshat allow usto easily specifythe ongoingbehaiour of an
agent-basedystem.

2.1 Discussion

The predominantipproacho developingmethodologiegor multi-agentsystemss to
adaptthosedevelopedfor object-orientednalysisanddesign:hencehe AAIl method-
ology takesinspirationfrom Rumbaughs work, Gaiatakesinspirationfrom FUSION,
andsoon. Thereareobviousadwantagego suchanapproachthe mostobviousbeing
thatthe conceptsnotations,and methodsassociateavith object-orientecanalysisand
design(andUML in particular)areincreasinglyfamiliarto amassaudienceof software
engineersHowever, thereareseveral disadwantageskFirst, the kinds of decomposition
that object-orientednethodsencourageés at oddswith thekind of decompositiorthat
agentorienteddesignencourages?utcrudely agentsaremorecoarse-grainedompu-
tationalobjectsthanareagentsthey aretypically assumedo have the computational
resourcef a UNIX processpr at leasta Java thread.Agent systemsmplemented
usingobject-orientegorogrammingdanguagesvill typically containmary objects(per
hapsmillions), but will containfarfeweragentsA goodagentorienteddesignmethod-
ology would encourageleveloperdo achievethe correctdecompositiorof entitiesinto
eitheragentsor objects.

Note that an alternatve would be to model every entity in a systemas an agent.
However, while this may be in somesenseconceptuallyclean,doesnot leadto effi-
cientsystemgseethe discussionn [76]). Thesituationreflectsthetreatmenbf integer
datatypesin object-orienteghrogrammindanguagesin “pure” OO languagesall data
types,includingintegers areobjects However, viewing suchprimitive datatypesasob-
jects,while ensuringa consistentreatmenf data,is notterribly efficient, andfor this
reasonmore pragmaticOO languagegsuchas Java) do not treatintegers,booleans,
andthelike asobjects.

Anotherproblemis that object-orientednethodologiesimply do not allow usto
capturemary aspect®f agentsystemsfor example,it is hardto capturein objectmod-
elssuchnotionsasanagentpro-actvely generatingactionsor dynamicallyreactingto
changesn their environment,still lesshow to effectively cooperateandnegotiatewith
otherself-interestedgentsThe extensiongo UML proposedyy Odell etal [54,18,3]
addresssome,but by no meansall of thesedeficienciesAt the heartof the problem
is the problemof the relationshipbetweenagentsandobjects,which hasnot yet been
satisfactorily resohed.

2 Thereareof courseextensiongo z designedor this purpose.



Notethatavaluablesurey of methodologie$or agent-orientedoftwareengineer
ing canbefoundin [35].

3 Formal Methods for AOSE

Oneof the mostactive areasof work in agent-orientedoftwareengineeringhasbeen
on the useof formal methodgsee,e.g.,[75] for a surey). Broadly speakingformal
methodsplay threerolesin softwareengineering:

— in thespecificatiorof systems;
— for directlyprogrammingsystemsand
— in theverificationof systems.

In the subsectionshatfollow, we considereachof theserolesin turn. Note thatthese
subsectionpre-suppossomefamiliarity with formal methodsandlogic in particular

3.1 Formal Methodsin Specification

In this section,we considerthe problemof specifyingan agentsystem.What arethe
requirementsor anagentspecificationframewvork? What sort of propertiesmustit be
capableof representingTakingtheview of agentsaspracticalreasoningystemshat
we discussedbore, the predominantpproacho specifyingagentshasinvolvedtreat-
ing themasintentional systemdhat may be understoody attributing to themmental
statessuchasbeliefs,desiresandintentions[17,75,74]. Following thisidea,anumber
of approachesor formally specifyingagentshave beendeveloped,which arecapable
of representinghefollowing aspect®f anagent-basedystem:

— thebeliefsthatagentshave — theinformationthey have abouttheir ervironment,
which maybeincompleteor incorrect;

— thegoalsthatagentswill try to achieve;

— theactionsthatagentgerformandthe effectsof theseactions;

— theongoinginteractionthatagentdhave — how agentsnteractwith eachotherand
their ervironmentovertime.

We refer to a theorywhich explainshow theseaspectof ageng interactto generate
thebehaiour of anagentasanagenttheory The mostsuccessfuhpproacho (formal)
agentheoryappears$o betheuseof atempoal modallogic (spaceestrictiongreventa
detailedtechnicaldiscussioron suchlogics— see.e.g.,[75] for extensiie references).
Two of the bestknown suchlogical frameworks are the Cohen-L&esquetheory of
intention[14], andthe Rao-Geogeff belief-desire-intentiomodel[60, 74]. The Cohen-
Levesquemodeltakesasprimitive just two attitudesbeliefsandgoals.Otherattitudes
(in particular thenotionof intentior) arebuilt up from theseln contrastRao-Geogeff
takeintentionsasprimitives,in additionto beliefsandgoals.Thekey technicalproblem
facedby agenttheoristsis developinga formal model that gives a good accountof
the interrelationshipsetweenthe various attitudesthat togethercomprisean agents



internalstate[75]. Comparatiely few seriousattemptshave beenmadeto specifyreal
agentsystemsusingsuchlogics— see.e.g.,[26] for onesuchattempt.

A specificationexpressedn sucha logic would be a formula . The ideais that
sucha specificationwould expressthe desirablebehaior of a system.To seehow this
mightwork, considetthefollowing, intendedo form partof aspecificatiorof aprocess
controlsystem.

if
i believesvalve 32is open

then
i shouldintendthatj shouldbelieve valve 32is open

Expressedn the BDI logic developedin [74], this statemenbecomegheformula:

(Bel i Open(valve32)) = (Inti (Bel j Open(valve32)))

It shouldbe intuitively clearhow a systemspecificationmight be constructedusing
suchformulae,to definetheintendedbehavior of a system.

One of the main desirablefeaturesof a software specificationlanguageis that it
shouldnotdictatehowa specificatiorwill be satisfiedby animplementationThespec-
ification abore hasexactly this property:it doesnotdictatehow agenti shouldgo about
makingj awarethatvalve 32 is open.We simply expecti to behae asarationalagent
givensuchanintention[74].

Thereareanumberof problemswith the useof languagesuchasfor specification.
The mostworrying of theseis with respectto their semanticsThe semanticdor the
modalconnectves(for beliefs,desiresandintentions)aregivenin the normalmodal
logic traditionof possibleworlds[11]. So,for example anagentsbeliefsin somestate
arecharacterizedy a setof differentstatesgachof which represent®ne possibility
for how the world could actually be, given the information available to the agent.In
muchthe sameway, anagents desiredn somestatearecharacterizetyy a setof states
thatare consistentvith the agents desiresIntentionsarerepresentedimilarly. There
areseveraladvantagego the possibleworlds model:it is well studiedandwell under
stood,andthe associateanathematic®f correspondenctheoryis extremelyelegant.
Theseattractive featureanake possibleworldsthe semantic®f choicefor almostevery
researchemn formal agenttheory However, thereare alsoa numberof seriousdraw-
backsto possibleworlds semanticsFirst, possibleworlds semanticsmply thatagents
arelogically perfectreasonerg(in thattheir deductve capabilitiesaresoundandcom-
plete),andthey have infinite resourceswvailablefor reasoningNo realagent artificial
or otherwise hastheseproperties.

Secondpossibleworlds semanticaregenerallyungrounded Thatis, thereis usu-
ally no preciserelationshipbetweenthe abstraciaccessibilityrelationsthatareusedto
characterizean agents state,andary concretecomputationamodel.As we shall see
in later sectionsthis makesit difficult to go from a formal specificationof a system
in termsof beliefs,desiresandso on, to a concretecomputationakystem.Similarly,
givenaconcretecomputationasystemthereis generallynoway to determinenvhatthe
beliefs,desiresandintentionsof thatsystemare.If temporalmodallogics suchasare
to betakenseriouslyasspecificationanguagesthenthis is a significantproblem.



3.2 Formal Methodsin Implementation

Specificatioris not (usually!)the endof thestoryin softwaredevelopmentOncegiven
a specificationyve mustimplementa systemthatis correctwith respecto this specifi-
cation.The next issuewe consideris this move from abstracspecificationto concrete
computationaimodel. Thereare at leastthreepossibilitiesfor achieving this transfor

mation:

1. manuallyrefinethe specificationinto an executableform via someprincipled but
informalrefinemenprocesgasis thenormin mostcurrentsoftwaredevelopment);

2. directly executeor animatethe abstracspecificationpr

3. translateor compilethe specificationinto a concretecomputationaform usingan
automatidranslationtechnique.

In the subsectionshatfollow, we shallinvestigateeachof thesepossibilitiesin turn.

Refinement. At the time of writing, mostsoftware developersusestructuredbut in-
formal techniquego transformspecificationsnto concreteémplementationsProbably
the mostcommontechniquesn widespreadisearebasedon theideaof top-davn re-
finement.In this approachan abstractsystemspecificatioris refinedinto a numberof
smaller lessabstracsubsystenspecificationswhich togethersatisfythe original spec-
ification. If thesesubsystemarestill too abstracto beimplementedirectly, thenthey
arealsorefined.The processecurseaintil the derived subsystemsre simpleenough
to be directly implementedThroughoutwe areobligedto demonstrate¢hateachstep
representsa true refinementof the more abstractspecificationthat precededt. This
demonstratiomaytake theform of a formal proof, if our specifications presentedn,
say z [68] or vDM [42]. More usually justificationis by informal argument.Object-
orientedanalysisanddesigntechniqueswhich alsotendto be structuredout informal,
arealsoincreasinglyplayingarole in the developmenif systemgsee e.g.,[6]).

For functional systemswhich simply computea function of someinput andthen
terminate,the refinementprocessis well understoodand comparatiely straightfor
ward. Suchsystemscan be specifiedin termsof pre- and post-conditionge.g.,using
Hoarelogic [32]). Refinementalculi exist, which enablethe systemdeveloperto take
apre-andpost-conditiorspecificationandfrom it systematicallyderive animplemen-
tationthroughthe useof proof rules[53]. Part of the reasorfor this comparatve sim-
plicity is thatthereis oftenan easilyunderstandableelationshipbetweernthe pre-and
post-conditionghat characterizean operationand the programstructuresrequiredto
implementit.

For agentsystemswhichfall into the category of Pnueliarreactive systemgseethe
discussiornn chapterl), refinemenis notsostraightforward. This is becaussuchsys-
temsmustbe specifiedin termsof their ongoingbehaior — they cannotbe specified
simply in termsof pre-andpost-conditionsln contrastio pre-andpost-conditiorfor-
malisms,it is not so easyto determinewhat programstructuresarerequiredto realize
suchspecificationsAs a consequencegsearcherhave only just begunto investigate
refinementanddesigntechniquefor agent-basedystems.



Directly Executing Agent Specifications. One major disadwantagewith manualre-
finementmethodsis thatthey introducethe possibility of error. If no proofsare pro-
vided, to demonstratehat eachrefinementstepis indeeda true refinementthenthe
correctnes®sf theimplementatiorprocesdependsiponlittle morethantheintuitions
of thedeveloper Thisis clearlyanundesirablestateof affairsfor applicationsn which
correctnesss a major issue.One possibleway of circumventingthis problem,which
hasbeenwidely investigatedn mainstreantomputersciencejs to getrid of therefine-
mentprocessltogetheranddirectly executethe specification.

It might seemthat suggestinghe direct executionof complex agentspecification
languagess naive — it is exactly the kind of suggestiorthatdetractorf logic-based
Al hate. Oneshouldthereforebeverycarefulaboutwhatclaimsor proposal®nemakes.
However, in certaincircumstanceghedirectexecutionof agentspecificatiolanguages
is possible.

Whatdoesit meanto executeaformulayp of logic L? It meangyenerating logical
model, M, for ¢, suchthat M = ¢ [24]. If this could be donewithout interference
from theenvironment— if theagenthadcompletecontroloverits environment— then
executionwould reduceto constructve theorem-preing, wherewe show thaty is sat-
isfiableby building amodelfor . In reality, of courseagentsarenotinterference-free:
they mustiteratively constructa modelin the presencef input from the environment.
Executioncanthenbe seerasatwo-way iterative process:

ervironmentmakessomethingrue;
agentresponddy doingsomethingj.e., makingsomethingelsetruein the model;
ervironmentrespondsmakingsomethingelsetrue;

Executionof logical languagesndtheorem-preing arethuscloselyrelated.This tells
us that the executionof sufficiently rich (quantified)languagess not possible(since
ary languageequalin expressie power to first-orderlogic is undecidable).

A usefulway to think aboutexecutionis asif the agentis playinga gameagainst
the ervironment. The specificationrepresentghe goal of the game:the agentmust
keepthe goal satisfied,while the ervironmenttries to prevent the agentfrom doing
s0. The gameis playedby agentand ernvironmenttaking turnsto build a little more
of the model.If the specificationever becomedalsein the (partial) model, thenthe
agentloses.In realreactive systemsthe gameis never over: theagentmustcontinueto
play forever. Of course somespecificationglogically inconsistenbnes)cannoteverbe
satisfied A winningstrategy for building modelsfrom (satisfiablelagentspecifications
in the presencef arbitraryinput from the ervironmentis an executionalgorithmfor
thelogic.

ConcurrentMETATEM is a programminglanguagefor multiagentsystems that
is basedon the ideaof directly executinglinear time temporallogic agentspecifica-
tions[25,23]. A ConcurrenMETATEM systemcontainsa numberof concurrentlyexe-
cutingagentsgachof whichis programmedy giving it atemporallogic specification
of the behavior it is intendedthe agentshouldexhibit. An agentspecificationhasthe
form A, P; = F;, whereP; is atemporallogic formulareferringonly to the presenor
past,andF; is atemporallogic formulareferringto the presenor future. The P; = F;



formulaeareknown asrules The basicideafor executingsucha specificationrmay be
summedupin thefollowing slogan:

onthebasisof the pastdo thefuture.

Thus eachrule is continually matchedagainstan internal, recordedhistory, andif a
matchis found,thentherulefires If arulefires,thenany variablesn thefuturetime part
areinstantiatedandthefuturetime partthenbecomes commitmenthatthe agentwill
subsequenthattemptto satisfy Satisfyingacommitmentypically meansnakingsome
predicatetrue within the agent.Hereis a simpleexampleof a ConcurrentM ETATEM
agentdefinition:

Quask(z) = Ogive(x)
(—ask(z) Z (give(z) A —ask(z))) = —give(z)
give(z) A give(y) = (z = y)

The agentin this exampleis a controllerfor a resourcethat is infinitely renavable,
but which may only be possesselly oneagentat any giventime. The controllermust
thereforeenforcemutualexclusion.Thepredicatersk(x) meanghatagentz hasasled
for the resource The predicategive(xz) meansthat the resourcecontrollerhasgiven
theresourceto agentz. The resourcecontrolleris assumedo be the only agentable
to “give” theresourceHowever, mary agentsmayaskfor theresourcesimultaneously
Thethreerulesthatdefinethis agents behaior may be summarizedsfollows:

— Rulel:if someonaskstheneventuallygive;

— Rule2: don't give unlesssomeonéhasaskedsinceyou lastgave; and

— Rule 3: if you give to two people,thenthey mustbe the sameperson(i.e., don't
give to morethanonepersoratatime).

ConcurrentM ETATEM agentscan communicatéby asynchronoudroadcastmessage
passingthoughthe detailsarenotimportanthere.

Compiling Agent Specifications. An alternative to directexecutionis compilation In
this schemeyve take our abstracspecificationandtransformit into a concretecompu-
tationalmodelvia someautomaticsynthesigprocess.The main perceved advantages
of compilationover directexecutionarein run-time efficiengy. Direct executionof an
agentspecificationasin ConcurrentMETATEM, above, typically involvesmanipulat-
ing a symbolicrepresentationf the specificationat run time. This manipulationgen-
erally correspondso reasoningdf someform, which is computationallycostly (andin
mary casessimply impracticablefor systemshat mustoperatein arything like real
time). In contrast,compilationapproachesim to reduceabstractsymbolic specifica-
tions to a much simpler computationaimodel, which requiresno symbolic represen-
tation. The “reasoning”work is thus doneoff-line, at compile-time;executionof the
compiledsystemcanthenbe donewith little or no run-timesymbolicreasoningAs a
result,executionis muchfaster The advantagef compilationover direct execution
arethusthoseof compilationover interpretationin mainstreanprogramming.



Compilationapproachesisuallydependuponthe closerelationshipbetweermod-
els for temporal/modalogic (which aretypically labeledgraphsof somekind), and
automata-lile finite statemachinesCrudely theideais to take a specificationy, and
do a constructiveproof of the implementabilityof ¢, whereinwe shav thatthe spec-
ification is satisfiableby systematicallyattemptingto build a modelfor it. If the con-
structionprocessucceedgshenthe specifications satisfiableandwe have amodelto
proveit. Otherwisethespecificatioris unsatisfiablelf we have amodel,thenwe “read
off” theautomatorthatimplementsp from its correspondingnodel. Themostcommon
approacho constructve proofis the semantidableauxmethodof Smullyan[67].

In mainstreancomputerscience the compilationapproacho automaticprogram
synthesishasbeeninvestigatedy a numberof researcher?erhapghe closestto our
view is thework of PnueliandRosne{58] on the automaticsynthesiof reactve sys-
temsfrom branchingtime temporallogic specificationsThe goal of their work is to
generataeactve systemswhich sharemary of the propertiesof our agentgthe main
differencebeingthatreactive systemsarenot generallyrequiredto be capableof ratio-
nal decisionmakingin theway we describedabore). To do this, they specifyareactve
systemin termsof afirst-orderbranchingime temporalogic formulaVz 3y Ap(z,y):
thepredicatep characterizetherelationshipbetweerinputsto thesystem(z) andout-
puts(y). Inputsmay be thoughtof assequencesf ervironmentstatesandoutputsas
correspondingequencesf actions.The A is the universalpathquantifier The specifi-
cationis intendedo expresshefactthatin all possiblefutures thedesiredrelationship
o holdsbetweertheinputsto thesystemy, andits outputsy. The synthesigprocesst-
selfis rathercomplex: it involvesgeneratinga Rabintreeautomatonandthenchecking
this automatorfor emptinessPnueliandRosnershow thatthe time complexity of the
synthesisprocesss doubleexponentialin the size of the specificationj.e., 0(22°"),
wherec is a constantandn = |g| is the size of the specificationy. The size of the
synthesizegrogram(the numberof statest contains)is of the samecomplexity.

Similarautomaticsynthesigechnique$ave alsobeendeployedto developconcur
rent systemskeletonsfrom temporallogic specificationsMannaand Wolper present
an algorithmthat takesasinput a linear time temporallogic specificationof the syn-
chronizationpart of a concurrentsystem,andgeneratessoutputa programskeleton
(baseduponHoares csp formalism[33]) thatrealizesthe specificationf52]. Theidea
is thatthe functionality of a concurrensystemcangenerallybe dividedinto two parts:
a functional part, which actually performsthe requiredcomputationin the program,
anda synchronizatiompart,which ensureghatthe systemcomponentgooperaten the
correctway. For example,the synchronizatiorpartwill be responsibldor any mutual
exclusionthatis required.

Perhapghe best-knevn exampleof this approacho agentdevelopmenis the situ-
atedautomataparadigmof RosenscheiandKaelbling[63]. In thisapproachanagent
hastwo maincomponents:

— aperceptionpart,whichis responsibldéor observingheenvironmentandupdating
theinternalstateof theagent;and

— anaction part,whichis responsibldor decidingwhatactionto perform,basedon
theinternalstateof theagent.



RosenscheiandKaelblingdevelopedtwo programso supportthe developmentof the
perceptiorandactioncomponentsf anagentrespectiely. TheRUL ER programtakesa
declaratve perceptiorspecificatiorandcompilesit down to afinite statemachineThe
specificatioris givenin termsof atheoryof knowledge.Thesemantic®f knowledgein
thedeclaratve specificationanguagearegivenin termsof possibleworlds,in theway
describedhibove. Crucially, however, thepossibleworldsunderlyingthislogic aregiven
aprecisecomputationainterpretationjn termsof the statesof afinite statemachinelt
is this preciserelationshipthat permitsthe synthesigprocesgo take place.

Theactionpartof anagentin RosenscheiandKaelbling’s framework is specified
in termsof goalreductionrules which encodanformationabouthow to achieze goals.
The GAPPS programtakes as input a goal specification,and a setof goal reduction
rules,andgeneratessoutputa setof situationactionrules which may be thoughtof
asa lookup table, definingwhat the agentshoulddo undervariouscircumstancesn
orderto achieve the goal. The processof decidingwhatto do is thenvery simplein
computationaterms,involving no reasoningat all.

3.3 Formal Verification

Oncewe have developeda concretesystemwe needto shav thatthis systemis correct
with respecto our original specification.This processs known asverification andit
is particularlyimportantif we have introducedary informality into the development
processFor example,ary manualrefinementdonewithout a formal proof of refine-
mentcorrectness;reateghe possibility of afaulty transformatiorfrom specificatiorto
implementationVerificationis the procesof corvincing ourselhesthatthetransforma-
tion wassound.We candivide approacheto the verificationof systemsnto two broad
classes(1) axiomatic and(2) semantigmodelchecking).In the subsectionshat fol-
low, we shalllook attheway in whichthesetwo approachebave evidencedhemseles
in agent-basedystems.

Axiomatic Approaches:Deductive Verification. Axiomatic approacheso program
verificationwerethefirst to enterthe mainstreanof computeisciencewith thework of
Hoarein thelate 19605[32]. Axiomatic verificationrequiresthatwe cantake our con-
creteprogram,andfrom this programsystematicallyderive a logical theorythatrepre-
sentsthe behavior of the program.Call this the programtheory If the programtheory
is expressedn the samdogical languageasthe original specificationthenverification
reducego a proof problem:shaow thatthe specificatioris a theoremof (equivalently; is
alogical consequencef) the programtheory

The developmentof a programtheoryis madefeasibleby axiomatizingthe pro-
gramminglanguagein which the systemis implemented For example,Hoarelogic
givesus more or lessan axiom for every statementype in a simple Pascal-lile lan-
guage.Once given the axiomatization,the programtheory can be derived from the
programtext in a systematiavay.

Perhapdhe mostrelevantwork from mainstreancomputerscienceis the specifi-
cationandverificationof reactive systemausingtemporallogic, in the way pioneered
by Pnueli,Manna,andcolleagueg51]. Theideais thatthe computationof reactve



systemsareinfinite sequencesyhich correspondo modelsfor lineartemporallogic.
Temporallogic canbe usedbothto developa systemspecificationandto axiomatizea
programmindanguageThis axiomatizationcanthenbe usedto systematicallyderive
thetheoryof a programfrom the programtext. Both the specificatiorandthe program
theorywill thenbe encodedn temporallogic, andverificationhencebecomes proof
problemin temporallogic.

Comparatiely little work hasbeencarriedoutwithin theagent-basedystemsom-
munity on axiomatizingmultiagentervironmentsl shallreview justoneapproach.

In [71], an axiomaticapproacho the verification of multiagentsystemswas pro-
posed Essentiallythe ideawasto usea temporalbelief logic to axiomatizethe prop-
ertiesof two multiagentprogrammindanguagesGivensuchanaxiomatizationa pro-
gramtheoryrepresentinghe propertiesof the systemcould be systematicallyderived
in theway indicatedabove.

A temporalbelieflogic wasusedfor two reasonsFirst, atemporalcomponentvas
requiredbecauseaswe obsenedabore, we needto capturethe ongoingbehaior of a
multiagentsystem A belief componentvasusedbecausehe agentave wish to verify
areeachsymbolical systemsn their own right. Thatis, eachagentis a symbolicrea-
soningsystem which includesa representatiownf its ervironmentanddesiredbeha-
ior. A belief componenin the logic allows usto capturethe symbolicrepresentations
presentithin eachagent.

Thetwo multiagentprogrammindanguageshatwereaxiomatizedn thetemporal
belief logic were Shohamé AGENTO [65], and Fishers ConcurrentMETATEM (see
above). Thebasicapproachwasasfollows:

1. First, a simple abstractmodelwas developedof symbolic Al agents.This model
captureghefactthatagentsaaresymbolicreasoningsystemsgapableof communi-
cation.The modelgivesanaccountof how agentamight changestate,andwhata
computatiorof sucha systemmightlook like.

2. Thehistoriestracedoutin theexecutionof sucha systemwereusedasthesemantic
basisfor atemporabelieflogic. Thislogic allows usto exprespropertieof agents
modeledat stage(1).

3. The temporalbelief logic was usedto axiomatizethe propertiesof a multiagent
programmindanguageThis axiomatizationwasthenusedto developthe program
theoryof amultiagentsystem.

4. The proof theoryof the temporalbelief logic wasusedto verify propertiesof the
system(cf. [20]).

Notethatthis approactrelieson the operationof agentsheingsuficiently simplethat

their propertiescan be axiomatizedn the logic. It works for Shohams AGENTO and

Fishers ConcurrentMETATEM largely becauséheselanguage$have a simpleseman-
tics, closelyrelatedto rule-basedystemswhich in turn have a simplelogical seman-
tics. For morecomplex agentsan axiomatizationis not so straightforward. Also, cap-

turing the semanticof concurrentexecutionof agentss not easy(it is, of course,an

areaof ongoingresearchin computersciencegenerally).

SemanticApproaches:Model Checking. Ultimately, axiomaticverificationreduces
to a proof problem. Axiomatic approacheso verification are thusinherentlylimited



by thedifficulty of this proof problem.Proofsarehardenough.evenin classicalogic;
theadditionof temporalandmodalconnectvesto alogic makesthe problemconsider
ably harder For thisreasonmoreefficientapproacheto verificationhave beensought.
Oneparticularlysuccessfuapproactis thatof modelcheding [13]. As the namesug-
gestswhereasaxiomaticapproachegenerallyrely on syntacticproof, model-checking
approachearebasedon the semanticof the specificatioanguage.

The model-checkingproblem,in abstract,is quite simple: given a formula ¢ of
languageL, anda model M for L, determinewhetheror not ¢ is valid in M, i.e.,
whetherornotM =1, ¢. Verificationby modelcheckinghasbeenstudiedn connection
with temporallogic [13]. The techniqueonceagainreliesuponthe closerelationship
betweenmodelsfor temporallogic and finite-statemachines.Supposehat ¢ is the
specificatiorfor somesystemandr is aprogramthatclaimsto implementy. Then,to
determinewhetheror not truly implementsp, we proceedasfollows:

— take w, andfrom it generatea model M, that correspondso 7, in the sensehat
M, encodesll the possiblecomputation®f «;

— determinewhetheror not M, = ¢, i.e., whetherthe specificationformula ¢ is
valid in M; the programr satisfieghe specificationy justin casethe answeris
“yes’

The main advantageof model checkingover axiomaticverificationis in complexity:
modelcheckingusingthe branchingtime temporallogic cTL [12] canbedonein time
O(|e| x | M), where|g| is thesizeof theformulato bechecled,and| M | is thesizeof
themodelagainstwhich ¢ is to be checled— thenumberof statest contains.

In [61], Raoand Geogeff presentan algorithmfor modelcheckingsbi systems.
More precisely they give an algorithmfor taking a logical modelfor their (proposi-
tional) BDI logic, andaformulaof the languageanddeterminingwhetherthe formula
is valid in themodel.Thetechniquds closelybasedn model-checkinglgorithmsfor
normalmodallogics [13]. They shav that despitethe inclusion of threeextra modal-
ities (for beliefs,desiresandintentions)into the cTL branchingtime framework, the
algorithmis still quite efficient, runningin polynomialtime. Sothe secondstepof the
two-stagemodel-checkingrocesslescribedbore canstill bedoneefficiently. Similar
algorithmshave beenreportedfor BDI-likelogicsin [4].

The main problemwith model-checkingapproachegor BDI is thatit is not clear
how thefirst stepmight berealizedfor BDI logics.Wheredoesthe logical modelchar
acterizingan agentactuallycomefrom? Canit be derived from an arbitrary program
m, asin mainstreanctomputerscience?To do this, we would needto take a program
implementedin, say PASCAL, andfrom it derive the belief-, desire-,and intention-
accessibilityrelationsthat are usedto give a semanticgo the BDI componenif the
logic. Becauseaswe notedearlier, thereis no clearrelationshipbetweerthe BDI logic
andthe concretecomputationamodelsusedto implementagentsit is not clearhow
suchamodelcouldbederived.



3.4 Discussion

This sectionis anupdatecandmodifiedversionof [73], which examinedthe possibility
of usinglogic to engineelgent-basedystemsSincethis articlewaspublished several
otherauthorshave proposedhe useof agentsn softwareengineeringsee.e.g.,[39]).

Structuredbut informal refinementechniquesarethe mainstayof real-world soft-
ware engineeringlf agent-orientedechnigquesare ever to becomewidely usedout-
side the academiccommunity theninformal, structuredmethodsfor agent-basede-
velopmentwill be essentialOnepossibilityfor suchtechniquesfollowedby Luck and
d’'Inverno,is to usea standardspecificatiortechnique(in their case,z), andusetradi-
tional refinemenimethodg(in their case pbject-orientedlevelopment}o transformthe
specificationinto an implementation49]. This approachhasthe advantageof being
familiar to a muchlarger userbasethanentirely new techniquesbut suffers from the
disadwantagef presentingheusermwith nofeatureghatmaleit particularlywell-suited
to agentspecificationlt seemsertainthattherewill bemuchmorework onmanualre-
finementtechniquedor agent-basedystemsn theimmediatefuture, but exactly what
form thesetechniquewill takeis notclear

With respecto the possibility of directly executingagentspecificationsa number
of problemssuggesthemseles. The first is that of finding a concretecomputational
interpretationfor the agentspecificationlanguagein question.To seewhat we mean
by this, considemodelsfor theagentspecificatiodanguagen ConcurrenMETATEM.
Theseare very simple: essentiallyjust linear discretesequencesf states.Temporal
logic is (amongotherthings) simply a languagefor expressingconstaints that must
hold betweensuccessie states Executionin ConcurrentM ETATEM s thusa process
of generatingonstraintaspast-timeantecedentaresatisfied andthentrying to build
a next statethatsatisfiegheseconstraintsConstraintsareexpressedn temporallogic,
which implies that they may only be in certain,regular forms. Becauseof this, it is
possibleto deviseanalgorithmthatis guaranteedb build anext stateif it is possibleto
do so.Suchanalgorithmis describedn [1].

The agentspecificationanguageuponwhich ConcurrentM ETATEM is basedhus
hasa concretecomputationamodel,anda comparatiely simpleexecutionalgorithm.
Contrastthis stateof affairs with languagedike , wherewe have not only a temporal
dimensionto the logic, but alsomodalitiesfor referringto beliefs,desiresandso on.
In general,modelsfor theselogics have ungroundedsemanticsThatis, the semantic
structuresthat underpintheselogics (typically accessibilityrelationsfor eachof the
modal operatorshave no concretecomputationainterpretation As a result, it is not
clearhow suchagentspecificatiorlanguagesnight be executed.

Anotherobvious problemis that executiontechniquesasedon theorem-preing
areinherentlylimited whenappliedto sufficiently expressve (first-order)languagesas
first-orderlogic is undecidableHowever, compleity is a problemevenin the proposi-
tional case.For “vanilla” propositionallogic, the decisionproblemfor satisfiabilityis
NP-completd20, p.72];richerlogics,or coursehave morecomplex decisionproblems.

Despitetheseproblems the undoubtedattractionsof directexecutionhave ledto a
numberof attemptsto devise executablelogic-basedagentlanguagesRao proposed
an executablesubsetof BDI logic in his AGENTSPEAK(L) language[59]. Building
on this work, Hindriks and colleaguesdevelopedthe 3aPL agentprogramminglan-



guage[30, 31]. Lesperance,Reiter Levesque,and colleaguesdevelopedthe GoLoG
languagehroughouthe latter half of the 1990sasanexecutablesubsebf the situation
calculus[46,47]. Faginandcolleagueave proposedknowled@-basedgrogramsasa
paradigmfor executinglogical formulaewhich containepistemicmodalities[20, 21].
Althoughconsiderablevork hasbeencarriedout onthe propertiesof knowledge-based
programscomparatiely little researchio datehasaddressethe problemof how such
programamight be actuallyexecuted.

Turning to automaticsynthesiswe find that the techniquesiescribedabove have
beendevelopedprimarily for propositionalspecificationlanguageslf we attemptto
extendthesetechnique$o moreexpressve, first-orderspecificatiolanguagesthenwe
againfind oursehescomingup againstthe undecidabilityof quantifiedlogic. Evenin
the propositionalcase,the theoreticalcompleity of theorem-preing for modal and
temporallogicsis likely to limit the effectivenesof compilationtechniquesgivenan
agentspecificationof size 1,000, a synthesisalgorithmthat runsin exponentialtime
whenusedoff-line is no moreusefulthananexecutionalgorithmthatrunsin exponen-
tial time on-line.

Anotherproblemwith respectto synthesisechniquess that they typically result
in finite-state automata-lile machineswhich arelesspowerful than Turing machines.
In particular the systemsgeneratedy the processesutlined above cannotmodify
theirbehaior atrun-time.In short,they cannotearn.While for mary applicationsthis
is acceptable— evendesirable— for equallymary othersiit is not. In expertassistant
agentspf thetypedescribedn [50], learningis prettymuchtheraisond’etre. Attempts
to addresshisissuearedescribedn [43].

Turningto verification,axiomaticapproachesuffer from two mainproblemsFirst,
thetemporalverificationof reactive systemseliesuponasimplemodelof concurreny,
wherethe actionsthat programsperformare assumedo be atomic. We cannotmake
thisassumptionvhenwe move from programgo agentsTheactionswvethink of agents
asperformingwill generallypemuchmorecoarse-grainedds aresult,we needamore
realisticmodelof concurreng. One possibility, investigatedn [72], is to modelagent
executioncyclesasintervalsovertherealnumbersijn the style of thetemporallogic of
reals[2]. The secondproblemis the difficulty of the proof problemfor agentspecifi-
cationlanguagesThetheoreticalcompleity of prooffor mary of thesdogicsis quite
daunting.

Hindriks and colleagueshave usedPlotkin’s structuredoperationalsemanticgo
axiomatizetheir 3apPL languagdg30,31].

With respectto model-checkingapproachesthe main problem, as we indicated
above, is againtheissueof ungroundedgemanticgor agentspecificationanguagesif
we cannottake anarbitraryprogramandsay for this programwhatits beliefs,desires,
andintentionsare,thenit is not clearhow we might verify thatthis programsatisfieda
specificatiorexpressedn termsof suchconstructs.

4 Conclusions

Agent-orientedsoftware engineerings at an early stageof evolution. While thereare
mary goodpaperargumentgo supporttheview thatagentsepresenanimportantdi-



rectionfor softwareengineeringthereis asyetadearthof actualexperiencedo underpin
theseargumentsPreliminarymethodologiesind softwaretoolsto supportthe deploy-

mentof agentsystemsarebeginningto appearbut slowly. In thisfinal sectionwe point
to someof whatwe believe arethe key obstacleghat mustbe overcomein orderfor

AOSEto becomé'mainstream”:

— Sorting out the relationshipof agentsto other softwae paradigms— objectsin
particular.
It is not yet clear how the developmentof agentsystemswill coexist with other
softwareparadigmssuchasobject-orientedlevelopment.

— Agent-orientednethodolgies
Although, aswe have seenin this article,a numberof preliminaryagent-oriented
analysisanddesignmethodologietiave beenproposedthereis comparatiely little
consensubetweertheseln mostcasesthereis notevenagreemenvnthekindsof
conceptghemethodologyshouldsupport.Thewatersaremuddiedby thepresence
of UML asthe predominanimodellinglanguagefor object-orientedsystemd7]:
we suggesteckarlierthat the kinds of conceptsand notationssupportedby UML
arenot necessarilyhosebest-suitedo the developmenif agentsystems.

— Engineeringfor opensystems
We arguedthatagentsaresuitablefor opensystemsln suchsystemswe believe it
is essentiato be capableof reactingto unforeseemvents,exploiting opportunities
wherethesearise,anddynamicallyreachingagreementsvith systemcomponents
whosepresencecould not be predictedat designtime. However, it is difficult to
know how to specifysuchsystemsstill lesshow to implementthem.In short,we
needa betterunderstandingf how to engineelopensystems.

— Engineeringfor scalability.
Finally, we needa betterunderstandingf how to safelyandpredictablyengineer
systemzomprisedf massie numberof agentslynamicallyinteractingwith one-
anothelin orderto achiese their goals.Suchsystemseemproneto problemssuch
asunstable/chaotibehaiiours,feedbackandsoon,andmayfall prey to malicious
behaiour suchasviruses.

Appendix: How to Find Out Mor e About Agents

Therearenow mary introductionsto intelligent agentsand multiagentsystemsFer
ber[22] is an undegraduateextbook, althoughasits namesuggeststhis volumefo-
cussednmultiagentaspectsatherthanonthetheoryandpracticeof individualagents.
A first-ratecollectionof articlesintroducingagentandmultiagentsystemss Weif3[69].
Two collectionsof researcharticlesprovide a comprehensie introductionto the field
of autonomousational agentsand multiagentsystemsBond and Gasses 1988 col-
lection, Readingsn Distributed Artificial Intelligence introducesalmostall the basic
problemsin the multiagentsystemdfield, andalthoughsomeof the paperst contains
arenow ratherdated,it remainsessentiateading[5]; Huhnsand Singh’s morerecent
collectionsetsitself the ambitiousgoal of providing a surey of thewhole of theagent
field, andsucceed#n this respectvery well [34]. For a generalintroductionto the the-
ory andpracticeof intelligentagentsseeWooldridgeandJenningg75], whichfocuses



primarily on thetheoryof agentshut alsocontainsan extensie review of agentarchi-
tecturesandprogrammindanguageskor a collectionof articleson the applicationsof
agenttechnology see[41]. A comprehensie roadmapof agenttechnologywas pub-
lishedas[40].

References

1.

11.

12.

13.

14.

15.

16.

H. Barringer M. Fisher D. GabbayG. Gough,andR. Owens.METATEM: A framework for
programmingin temporallogic. In REXWbrkshopon StepwiseRefinemenof Distributed
SystemsModels, Formalisms,CorrectnesLNCS Volume 430), pages94—129.Springer
Verlag:Berlin, Germary, Junel989.

. H. Barringer R. Kuiper, andA. Pnueli. A really abstractoncurrenimodelandits temporal

logic. In Proceeding®f the ThirteenthACM Symposiunon the Principlesof Programming
Languaes pagesl 73-183,1986.

. BernhardBauer Jorg P. Miller, andJame<Odell. AgentUML: A formalismfor specifying

multiagentsoftware systems.In P. Ciancariniand M. Wooldridge,editors,Agent-Oriented
Softwae Engineering— Proceedingsof the First International Workshop (AOSE-2000)
SpringefVerlag:Berlin, Germary, 2000.

. M. BenerecettiF. Giunchiglia,andL. Serafini.A modelcheckingalgorithmfor multiagent

systems.In J. P. Muller, M. P. Singh,andA. S. Rao, editors,Intelligent AgentsV (LNAI
Volumel555) SpringerVerlag:Berlin, Germary, 1999.

. A. H. BondandL. Gassereditors. Readingsn DistributedArtificial Intelligence Morgan

KaufmannPublishersSanMateo,CA, 1988.

. G. Booch. Object-OrientedAnalysisand Design(secondedition) Addison-Wesle/: Read-

ing, MA, 1994.

. G. Booch,J. Rumbaughand . Jacobson. The Unified Modeling Languaye User Guide

Addison-Weslg/: ReadingMA, 1999.

. F. Brazier B. Dunin-Keplicz, N. R. JenningsandJ. Treur. Formal specificationof multi-

agentsystemsa real-world case. In Proceedingf the First International Confeenceon
Multi-Agent System$lCMAS-95) page<25—-32,SanFranciscoCA, Junel995.

. R.A. Brooks. Cambrianintelligence TheMIT PressCambridgeMA, 1999.
. Birgit Burmeister Modelsand methodologiesor agent-orientedinalysisand design. In

Klaus Fischer editor, Working Notesof the KI'96 Workshopon Agent-OrientedProgram-
mingandDistributedSystems1996. DFKI DocumentD-96-06.

B. Chellas. Modal Logic: An Introduction CambridgeUniversity Press:Cambridge Eng-
land, 1980.

E. M. Clarke andE. A. Emerson.Designandsynthesif synchronizatiorskeletonsusing
branchingimetemporalogic. In D. Kozen,editor, Logicsof Programs— Proceedingd981
(LNCSWolumel31) pagesh2-71.SpringerVerlag:Berlin, Germairy, 1981.

E. M. Clarke, O. Grumbeg, andD. A. Peled.ModelChed&king. The MIT PressCambridge,
MA, 2000.

P. R. CohenandH. J.Levesquelntentionis choicewith commitment Artificial Intelligence
42:213-2611990.

D. ColemanP. Arnold, S.Bodoff, C. Dollin, H. Gilchrist, F. Hayes,andP. JeremaedObject-
OrientedDevelopmentTherusioN Method PrenticeHall InternationalHemelHempstead,
England,1994.

Anne Collinot, Alexis Drogoul,andPhilippeBenhamou.Agentorienteddesignof a soccer
robotteam. In Proceeding®f the SecondnternationalConfeenceon Multi-Agent Systems
(ICMAS-96) pages41-47,Kyoto, Japan,1996.



17.
18.

19.

20.

21.

22.
23.

24.

25.

26.

27.
28.

29.

30.

31.

32.

33.

34.

35.

36.

D. C. Dennett.ThelntentionalStance TheMIT PressCambridgeMA, 1987.
RalphDeple, Reiko Heckel, andJochenMalte Kuester Requiremenspecificationrandde-
signof agent-basedystemswith graphtransformationroles,anduml. In P. Ciancariniand
M. Wooldridge,editors,Agent-OrientedSoftwae Engineering— Proceedingsf the First
InternationalWorkshop(AOSE-2000)SpringefVerlag:Berlin, Germary, 2000.

B. Dunin-KepliczandJ. Treur Compositionaformal specificationof multi-agentsystems.
In M. WooldridgeandN. R. Jenningsgditors, Intelligent Agents: Theories Architectuees,
andLanguayes(LNAI Volume890), pagesl02-117 SpringefVerlag:Berlin, Germary, Jan-
uary1995.

R. Fagin,J. Y. Halpern,Y. Moses,andM. Y. Vardi. ReasoningdAboutKnowledg. The MIT
PressCambridgeMA, 1995.

R.Fagin,J.Y. Halpern,Y. MosesandM. Y. Vardi. Knowledge-baseg@rograms Distributed
Computing10(4):199-2251997.

J. Ferber Multi-Agent SystemsAddison-Wésleg/: ReadingMA, 1999.

M. Fisher A suney of ConcurrentMETATEM — the languageand its applications. In
D. M. GabbayandH. J. Ohlbach editors,Tempoel Logic — Proceeding®f the FirstInter-
nationalConfeence(LNAI Volume827), pagesA80-505SpringefVerlag:Berlin, Germary,
July 1994.

M. Fisher An introductionto executabletemporallogic. TheKnowled@ EngineeringRe-
view, 11(1):43-56,1996.

M. FisherandM. Wooldridge. Executabletemporallogic for distributedA.l. In Proceed-
ingsof theTwelfthInternationalWbrkshopon DistributedArtificial Intelligence(IWDAI-93),
pagesl31-142HiddenValley, PA, May 1993.

M. FisherandM. Wooldridge. On the formal specificationand verification of multi-agent
systemslnternationalJournal of Coopeative InformationSystems6(1):37-65,1997.
TheFoundatiorfor IntelligentPhysicalAgents.Seeht t p: / / www. fi pa. org/ .

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

M. P. Geogeff and A. S. Rao. A profile of the AustralianAl Institute. IEEE Expert
11(6):89-92Decembed 996.

K. V. Hindriks, F. S. de Boer, W. vanderHoek,andJ.-J.Ch. Meyer. Formal semanticgor
an abstractagentprogramminglanguage.In M. P. Singh,A. Rao,andM. J. Wooldridge,
editors,IntelligentAgentslV (LNAI Volumel365) pages215-230SpringefVerlag:Berlin,
Germary, 1998.

K. V. Hindriks, F. S. de Boer, W. vanderHoek,andJ.-J.Ch. Meyer. Control structuresof
rule-basedagentlanguagesin J. P. Milller, M. P. Singh,andA. S. Rao,editors,Intelligent
AgentsV (LNAI Volumel1555) SpringerVerlag:Berlin, Germary, 1999.

C. A. R. Hoare. An axiomaticbasisfor computerprogramming. Communication®f the
ACM, 12(10):576-5831969.

C.A. R.Hoare.Communicatingequentiaprocesse<Communicationsfthe ACM, 21:666—
677,1978.

M. HuhnsandM. P. Singh,editors.Readingsn Agents MorganKaufmannPublishersSan
Mateo,CA, 1998.

C. A Iglesias M. Garijo,andJ.C. Gonzalez A suney of agent-orientednethodologiesin
J.P. Milller, M. P. Singh,andA. S. Rao,editors,Intelligent AgentsV (LNAI Volume1555)
SpringefVerlag:Berlin, Germaly, 1999.

Carloslglesias,MercedesGarijo, Jog C. Gonzalez,and JuanR. Velasco. Analysis and
designof multiagentsystemsusingMAS-CommonKADS.In M. P. Singh,A. Rao,andM. J.
Wooldridge,editors, Intelligent Agents1V (LNAI Volume1365) pages313-326.Springer
Verlag:Berlin, Germary, 1998.



37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.
56.

NeXT Computerinc. Object-OrientedProgramming and the Objective C Languae.
Addison-Weslg/: ReadingMA, 1993.

TheRobotWorld Cuplnitiative. Seeht t p: / / www. RoboCup. or g/ .

N. R. Jennings. Agent-basedcomputing:Promiseand perils. In Proceedingsf the Six-
teenthInternational Joint Confeenceon Atrtificial Intelligence (IJCAI-99), pages1429—
1436,Stockholm,Sweden1999.

N. R. JenningsK. SycaraandM. Wooldridge. A roadmagpof agentresearctanddevelop-
ment. Autonomougigentsand Multi-Agent Systemsl (1):7—38,1998.

N. R. Jenningsand M. Wooldridge,editors. Agent Technolagy: Foundations Applications
andMarkets SpringerVerlag:Berlin, Germary, 1998.

C. B. Jones.SystematiSoftwae DevelopmentisingVDM (secondedition) PrenticeHall,
1990.

L. P Kaelbling. Learningin Embedde®ystemsTheMIT PressCambridgeMA, 1993.
ElizabethA. Kendall. Agentsoftwareengineeringvith role modelling. In P. Ciancariniand
M. Wooldridge,editors,Agent-OrientedSoftwae Engineering— Proceedingf the First
International\Workshop(AOSE-2000)SpringefVerlag:Berlin, Germary, 2000.

D. Kinny, M. Geogeff, andA. Rao.A methodologyandmodellingtechniquefor systemsf
BDI agents.In W. Vande VeldeandJ. W. Perram gditors,AgentsBreakingAway: Proceed-
ings of the SeventhEuropeanWorkshopon Modelling Autonomougigentsin a Multi-Agent
World, (LNAI Volume1038) pagess6—71.SpringefVerlag:Berlin, Germary, 1996.

Y. Lésperanceil. J. LevesqueF. Lin, D. Marcu, R. Reiter andR. B. Scherl. Foundations
of alogical approactto agentprogramming.ln M. Wooldridge,J. P. Mulller, andM. Tambe,
editors, Intelligent Agentsll (LNAI Volume1037) pages331-346 SpringerVerlag:Berlin,
Germary, 1996.

H. LevesqueR. Reiter Y. LesgeranceF. Lin, andR. Scherl. Golog: A logic programming
languagdor dynamicdomains.Journal of Logic Programming 31:59-841996.

M. Luck andM. d’Inverno. A formal framework for ageng andautonomy In Proceedings
of the Fir st International Confeenceon Multi-Agent Systemg§lICMAS-95) pages254—-260,
SanFranciscoCA, Junel995.

M. Luck, N. Griffiths, andM. d’Inverno. From agenttheoryto agentconstructionA case
study In J. P. Muller, M. Wooldridge,and N. R. Jenningsgeditors, Intelligent Agentslll
(LNAI Volume1193) pagesA9—-64.SpringerVerlag:Berlin, Germary, 1997.

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

Z. MannaandA. Pnueli. Tempoal Verification of ReactiveSystems— Safety Springer
Verlag:Berlin, Germary, 1995.

Z. MannaandP. Wolper. Synthesiof communicatingprocessefrom temporallogic speci-
fications.ACM Transaction®n ProgrammingLanguaesand Systems5(1):68—93 January
1984.

C. Morgan. Programmingfrom Specificationgsecondedition). PrenticeHall International:
HemelHempsteadingland,1994.

JamesOdell, H. Van Dyke Parunak,and BernhardBauer Representinggentinteraction
protocolsin UML. In P. Ciancariniand M. Wooldridge,editors,Agent-OrientedSoftwae
Engineering— Proceedingsf the First International Workshop (AOSE-2000) Springef
Verlag:Berlin, Germaiy, 2000.

The ObjectManagemenGroup(OMG). Seeht t p: / / www. ong. or g/ .
AndreaOmicini. Soda:Societiesandinfrastructuresn the analysisand designof agent-
basedsystems.In P. CiancariniandM. Wooldridge editors,Agent-OrientedSoftwae Engi-
neering— Proceeding®f the Fir st International\WWorkshop(AOSE-2000) SpringefVerlag:
Berlin, Germary, 2000.



57

58.

59.

60.

61.

62.

63.

64.
65.
66.
67.
68.

69.
70.

71.

72.

73.

74.
75.

76.

7.

. A. Pnueli.Specificatioranddevelopmenif reactve systemsin InformationProcessind6.
Elsevier SciencePublisherdB.V.: Amsterdam;The Netherlands1986.

A. PnueliandR. Rosner On the synthesisof a reactive module. In Proceedingsf the
SixteenthACM Symposiunon the Principles of ProgrammingLanguaes (POPL), pages
179-190January1989.

A. S. Rao. AgentSpeak(L)BDI agentsspeakout in a logical computableanguage. In
W. Vande VeldeandJ. W. Perram editors,AgentsBreakingAway: Proceeding®f the Sev-
enth EuropeanWborkshopon Modelling AutonomougAgentsin a Multi-AgentWorld, (LNAI
Volumel038) pagesA2-55.SpringerVerlag:Berlin, Germaly, 1996.

A. S. RaoandM. Geogeff. BDI Agents:from theoryto practice. In Proceedingof the
First International Confeenceon Multi-Agent SystemgICMAS-95) pages312-319,San
FranciscoCA, Junel995.

A. S.RaoandM. P. Geogeff. A model-theoreti@approacho theverificationof situatedrea-
soningsystemsin Proceeding®ftheThirteenthinternationalJoint Confeenceon Atrtificial
Intelligence(lJCAI-93), pages318-324 Chamigry, France, 1993.

A. S.RaoandM. P. Geogef. Formalmodelsanddecisionproceduresor multi-agentsys-
tems. TechnicalNote 61, AustralianAl Institute,Level 6, 171 La Trobe Street,Melbourne,
Australia,Junel995.

S.J.RosenscheiandL. P. Kaelbling. A situatedview of representatioandcontrol. In P. E.
Agre and S. J. Rosenscheineditors, ComputationalTheoriesof Interaction and Agency
pages515-540The MIT PressCambridgeMA, 1996.

J.RumbaughM. Blaha,W. PremerlaniF. Eddy, andW. Lorensen.Object-OrientedViodel-
ing and Design PrenticeHall, EnglevoodCliifs, NJ, 1991.

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

R. G. Smith. A Framavork for DistributedProblemSolving UMI ResearclPress1980.

R. M. Smullyan.First-Order Logic. SpringerVerlag:Berlin, Germalry, 1968.

M. Spivey. TheZ Notation(secondedition) PrenticeHall InternationalHemelHempstead,
England,1992.

G. Weil3,editor Multi-AgentSystemsTheMIT PressCambridgeMA, 1999.

Mark Wood and ScottA. DeLoach. An overvien of the multiagentsystemsengineering
methodology In P. Ciancariniand M. Wooldridge,editors,Agent-OrientedSoftwae Engi-
neering— Proceeding®f the Fir st International\Workshop(AOSE-2000)SpringerVerlag:
Berlin, Germary, 2000.

M. Wooldridge. TheLogical Modelling of ComputationaMulti-Agent SystemsPhDthesis,
Departmenbf Computation|JMIST, ManchesterUK, October1992.

M. Wooldridge. Thisis MYWORLD: The logic of an agent-orientedestbedfor DAI. In
M. WooldridgeandN. R. Jenningseditors,Intelligent Agents: Theories Architectues,and
Languaes (LNAI Volume890) pagesl60-178 SpringerVerlag:Berlin, Germary, January
1995.

M. Wooldridge.Agent-basedoftwareengineering EE Proceeding®n Softwae Engineer
ing, 144(1):26—-37Februaryl997.

M. Wooldridge.Reasoning@boutRationalAgents TheMIT PressCambridgeMA, 2000.
M. WooldridgeandN. R. JenningsintelligentagentsTheoryandpractice. TheKnowledg
EngineeringReview, 10(2):115-1521995.

M. WooldridgeandN. R. Jennings.Pitfalls of agent-orientedievelopment.In Proceedings
of the SecondnternationalConfeenceon Autonomoug\gents(Agents98), pages385-391,
Minneapolis/SPaul, MN, May 1998.

M. Wooldridge,N. R. JenningsandD. Kinny. A methodologyfor agent-orientednalysis
anddesign. In Proceedingf the Third International Confeenceon AutonomousAgents
(Agents99), pagess9-76,Seattle WA, May 1999.



