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Abstract

The technologyof intelligent agentsand multi-agentsystemsseemsset to radically
altertheway in which comple, distributed,opensystemsareconceptualizeéndimple-
mented. The purposeof this paperis to considerthe problemof building a multi-agent
systemasa software engineeringenterprise.The article focuseson threeissues:(i) how
agentsmightbespecified{ii) how thesespecificationsnightberefinedor otherwiserans-
formedinto efficientimplementationsand (iii) how implementedagentsandmulti-agent
systemsnight subsequentlpeverified,in orderto shav thatthey arecorrectwith respect
to their specifications. Theseissuesare discussedvith referenceto a numberof case-
studies. The article concludesby settingout someissuesand openproblemsfor future
research.

1 Intr oduction

Intelligentagentsare ninety-ninepercentcomputerscienceandonepercentAl.
OrenEtzioni[12]

Over its 40-yearhistory, Artificial Intelligence(Al) hasbeensubjectto mary andvariedcrit-
icisms. Perhapghe mostpersistentindtroubling of theseis that Al hassimply failed to de-
liver on its promises.Clearly the moreextremepredictionsof someAl researcherésuchas
human-qualityintelligentrobotswithin five decadeshave not beenrealized. This would not
be soworrying if it wasobviousthatAl hadpaid off in someotherway: if, for example,Al
techniquesvere standardcomponentsn workadaysoftware. But this is not the case. Even
comparatrely mundaneAl techniquegsuchasrule-baseaystemshprestill regardedashome-
opathicmedicineby a significantproportionof the mainstreantomputersciencecommunity
Why is this? Thereare mary reasonsincluding, for example,the reluctanceof softwarede-
velopersto learnaboutandapply new technologiesandtheinappropriatenessf mainstream
softwareengineeringechniquesandtoolsfor Al systemdevelopment.But at leastpartof the
answelis alsothatmary Al researchersitherignoreor elseglossoverthe pragmatiacconcerns
of softwaredevelopmentfor the simplereasorthatthey do not regardthemselesassoftware



engineers Al pridesitself on beingmulti-disciplinary taking contritutionsfrom mary other
fields;but softwareengineerings generallyregardedasneithera contritutor noraconcern.

Themostreceninfantsto emegefromtheAl nurseryarethenotionsof anintelligentagent
andagent-baseaysteni66]. An intelligentagentis generallyregardedasanautonomousle-
cisionmakingsystemwhich sensesindactsin someervironment(we discusghe questionof
whatanagents in moredetailbelow). Agentsappeato beapromisingapproacho developing
mary comple applicationsrangingfrom INTERNET-basecdelectroniccommercendinforma-
tion gatheringto industrial processcontrol (see[28] for a surwey). But unlessresearchers
recogniseghatagent-basedystemsareaboutcomputerscienceandsoftwareengineeringnore
thanthey areaboutAl, thenwithin a decadewe may well be askingwhy agenttechnology
sufferedthesamefateassomary otherAl ideasthatseemedjoodin principle.

In summarythe aim of this paperis to considerthe problemof building agent-basedys-
temsasasoftwareengineeringnterpriseln sodoing,thepaperconstructaframevork within
which future work on agent-basedoftware engineeringnay be placed. The paperbegins by
motivatingandintroducingtheideaof agent-basedystemsandthengoesonto discusghekey
softwareengineeringssuesof specificationrefinement/implementatioandverificationwith
respecto agent-basedystems.We beagin by briefly discussinghe questionof whata speci-
ficationis, andgo on to considemwhatan agent-basedpecificatiomrmight look like. We then
discusssomeof the dimensionsalongwhich an agent-baseg@pecificationframenork might
vary, with particularreferenceo the notionof agentsasrational,mentalisticsystemg57, 49].
We subsequentlgiscusshe key issueof implementingor refining agent-basedpecifications
into systemsandfinally, we considerthe verificationof agent-basedystemsThroughouthe
article,wetake carebothto illustratethevariousissueswith casestudiesandto draw parallels
with moremainstreansoftwareengineeringesearchvhererer possible.Thearticleconcludes
with a discussiorof futurework directions.

It shouldbe notedthat the emphasif this paperis on formal methodsfor agent-based
software engineering. This biasreflectsthe currentstateof the field. As the areamatures,
and more agent-basedystemsare deployed, we will naturally seean increasingnumberof
structuredout informal developmentechniquegmenpe.

2 Agent-BasedSystems

By anagent-basedystemwe meanonein whichthe key abstractiorusedis thatof anagent
Agent-basedystemsanay containa single agent,(asin the caseof userinterfaceagentsor
software secretarie$39]), but arguablythe greatespotentiallies in the applicationof multi-
agentsystemg6]. By anagent we meana systemthat enjoys the following propertieg66,
ppl16-118]:

e autonomy agentsencapsulatsomestate(that is not accessibldgo otheragents),and
make decisionsaboutwhatto do basedon this state,without the direct intervention of
humansor others;

e reactivity agentsare situatedin an environment, (which may be the physicalworld,
a uservia a graphicaluserinterface, a collection of other agents,the INTERNET, or
perhapsnary of thesecombined)areableto perceivethis ervironment(throughtheuse
of potentiallyimperfectsensors)andareableto respondn atimely fashionto changes
thatoccurin it;



e pro-activenessagentsdo not simply actin responseo their ervironment,they areable
to exhibit goal-directedbehaiour by takingtheinitiative;

e socialability: agentdnteractwith otheragentgandpossiblyhumans)yia somekind of
agent-communicatiotanguage [17], andtypically have the ability to engagen social
actwities (suchascooperatre problemsolving or negotiation)in orderto achieve their
goals.

To moreclearlyunderstanavhatis meantoy thesepropertiesconsiderthefollowing scenario.
Imaginean autonomousutomaticpilot controlling an aircraft, thatwe presentwith the goal
of safelylanding at someairport. We expectthe systemto plan how to achiese this goal
(perhapsy makinguseof pre-compiledplans,ratherthanreasoningrom first-principles) and
if necessarywe expectit to generatesubsidiarygoals(e.g.,ascendo analtitudeof 30,000feet,
thenproceedduenorth at a speedof...). Thisis whatwe meanby pro-actveness.We also
expectthe systemto try to executeits plans,but not blindly. Thus,in the eventof unforeseen
circumstancege.g.,a changen weatherconditions,a faultin the aircraft,a requestrom air-
traffic control), we expectthe systemto respondo the new situationaccordingly in time for
theresponséo be useful. A systemthatspenthoursdeliberatingaboutwhatto do next would
benouseasanauto-pilot. Thisis whatwe meanby reactvenessWe alsoexpectour auto-pilot
to beableto cooperateavith air-traffic controllersandperhapstheraircraftin orderto achieve
its goals. This is what we meanby socialability. Note that this exampleis intendedto be
extreme:it is nota claimaboutwhatagentscancurrentlydo, or whatthey will beableto doin
thenearfuture. It is merelyintendedo highlightthetypeof featuresve ultimatelyhopeto see
in agents.

The concepf anintelligentautonomousigentdid not appeain avacuum.lt is a natural
developmenbf variousothertrendsin Al andcomputerscienceln thesubsectionghatfollow,
we discusssomeancestor®f agentsandidentify the attributesthat make themdistinctfrom
their forbears.

Agentsand Al

Thedisciplineof intelligentagentshasemegedlargely from researchn Al. In fact,oneway

of defining Al is asthe problemof building an intelligentagent(Ruselland Norvig's recent
textbook on Al more-orlesstakesthis view [53]). But it is importantto distinguishbetween
the broadintelligencethatis the ultimate goal of the Al community andthe intelligencewe

seekin agents.Theonly intelligencerequirementve generallymake of our agentds thatthey

canmake an acceptablalecisionaboutwhatactionto performnext in their ervironment,in

time for this decisionto be useful. Otherrequirementgor intelligencewill be determinedy

the domainin which the agentis applied: not all agentswill needto be capableof learning,
for example. Capabilitiessuchas commonsensesasoninga la cyc [19]) are not required
for mary importantapplicationdomains.Thus,aswe pointedoutin theintroduction,we view

theapplicationandexploitationof agenttechnologyprimarily asa computerscienceproblem.
Agentsare simply softwarecomponentshat mustbe designecandimplementedn muchthe

sameway that other software componentsare. However, Al techniquesare often the most
appropriatevay of building agents.



Agentsand Expert Systems

Expertsystemswere the Al technologyof the 1980s[23]. An expert systemis onethatis
capableof solving problemsor giving advicein someknowledge-richdomain[26]. A classic
exampleof anexpertsystems MY CIN, whichwasintendedo assisphysiciansn thetreatment
of blood infectionsin humans. Perhapghe mostimportantdistinction betweenagentsand
expert systemss that expert systemdike MmYCIN are inherentlydisembodied By this, we
meanthatthey do notinteractdirectly with ary ervironment:they gettheirinformationnotvia
sensorshut througha useractingasmiddle man. In addition,expertsystemsarenot usually
requiredto operatein arything like real-time. Finally, we do not generallyrequire expert
systemso be capableof co-operatingvith otheragents.

Despitethesedifferencessomeexpert systems(particularlythosethat performreal-time
controltasks)Jook very muchlike agents A goodexampleis ARCHON [27], which startedife
asacollectionof expertsystemsandendedup beingviewedasa multi-agentsystem ARCHON
operatesn thedomainof industrialprocessontrol.

Agentsand Objects

Object-orientedievelopmentechniquefiave beenpromotedas‘bestpractice’by theacademic
computersciencecommunityfor at leasta decade.Fueledby recentpopularinterestin lan-

guagessuchasJavA, object-orientecapproachearefinally leaving the relative backwater of

academiandenteringthe mainstream.While thereis muchongoingdebateaboutmary as-

pectsof object-orientedlevelopmentthereis broadagreementhatan objectis an entity that

encapsulatesomestateanda collectionof methodsgcorrespondingo operationghatmay be

performednthatstate.Methodsaretypically invokedasaresultof messagesentto theobject
(onemaythink of thesemessageasrequestgor services).

The mostobvious differencebetweerthe ‘standard’objectmodelandour view of agent-
basedsystemss thatin traditionalobject-orienteghrogramsthereis a singlethreadof control.
In contrastagentsareprocess-like, concurrentlyexecutingentities. However, therehave been
variantson the basicobject modelin which objectsare more like processesoobject-based
concurrenprogrammingnodelssuchasACTORS [1] have long beenrecognizechsanelegant
model for concurrentcomputation,and ‘active object’ systemsare also quite similar; even
comparatrely earlyonin thedevelopmenif object-orientegorogrammingijt wasrecognized
thatsomethindik e agentsvould be a naturalnext step.

Giventheseremarksjt mayseenthatagentsareidenticalto (active) objectsn mostimpor-
tantrespectsthey encapsulatboth stateandbehaiour, andcommunicatevia messageass
ing'. But agentsarenot simply objectsby anothemame.Thisis becaus@nagents arational
decisiormakingsystemwe requireanagento be capableof reactve andpro-actve behaiour,
andof interleaving thesetypesof behaiour asthe situationdemandsThe object-orientede-
searchcommunityhasnothingwhatsoger to say aboutbuilding systemshat are capableof
this kind of behaiour. In contrastthe designof suchsystemss a fundamentatesearctiopic

1Thefollowing is from atextbook on object-orientegprogramming:

‘Thereis atendeng [...] to think of objectsas“actors” andendav themwith human-lile inten-
tions andabilities. It's temptingto think aboutobjects“deciding” whatto do abouta situation,
[and]“asking” otherobjectsfor information.[...] Objectsarenot passie containerdor stateand
behaiour, but aresaidto betheagentof aprogramsactity.” [44, p7]



in theintelligentagentscommunity[66]2. In addition,the object-orienteccommunityhasnot
addressetssuedik e cooperationcompetition,negotiation,computationabconomiesandso
on, thatform thefoundationfor multi-agentsystemslevelopmen{6].

2.1 AgentsasRational Systems

An obvious problemis how to conceptualizesystemshat are capableof rationalbehaiour
of the type discussedabove. One of the mostsuccessfukolutionsto this probleminvolves
viewing agentsasintentionalsystem$10], whosebehaiour canbe predictedandexplainedin
termsof attitudessuchasbelief, desire,andintention[47]. Therationalefor this approachs
thatin everydaylife, we useafolk psytology to explain andpredictthe behaiour of comple
intelligentsystemspeople.For example,we usestatementsuchasMichaelintendsto write
a paperin orderto explain Michael's behaiour. Oncetold this statementye expectto find
Michaelshelvingothercommitmentanddevelopingaplanto write thepaperwewouldexpect
him to spenda lot of time at his computerwe would not be surprisedo find him in agrumpy
mood;but we would be surprisedo find him atalate night party.

This intentionalstance wherebythe behaiour of a complex systemis understoodria the
attribution of attitudessuchas believing and desiring,is simply an abstactiontool. It is a
cornvenientshorthandor talking aboutcomplex systemswhich allows usto succinctlypredict
andexplaintheir behaiour without having to understandhow they actuallywork. Now, much
of computersciences concernedvith looking for goodabstractiormechanismssincethese
allow systemdevelopersto managecompleity with greaterease:witnessprocedurabbstrac-
tion, abstractdatatypes,andmostrecently objects.So, why not usethe intentionalstanceas
an abstractiortool in computing— to explain, understandand, crucially, program complec
computersystems?

For mary researcherm Al, thisideaof programmingcomputersystemsn termsof ‘men-
talistic’ notionssuchasbelief, desire andintentionis thekey componentf agent-basedom-
puting. The conceptwasarticulatedmostclearlyby Yoar Shohamjn his agent-orientedoro-
gramming(AOP) proposal57]. Thereseemto be a numberof algumentsn favour of AOR
First, it offers us a familiar, non-technicalvay to talk aboutcomplex systems.We needno
formaltrainingto understananentalistictalk: it is partof our everydaylinguistic ability.

SecondlyAOP mayberegardedasakind of ‘post-declaratie’ programmingn procedu-
ral programmingsayingwhata systemshoulddo involvesstatingpreciselyhowto do it, by
writing a detailedalgorithm.Proceduraprogrammings difficult becausét is hardfor people
to think in termsof the detailrequired.In declaratve programminga la PROLOG), theaimis
to reducethe emphasi®n controlaspectswe statea goalthatwe wantthe systento achieve,
andlet a built-in controlmechanisnge.g.,goal-directedefutationtheoremproving) figure out
whatto do in orderto achieve it. However, in orderto successfullywrite efficient or large
programsn alanguagdike PROLOG, it is necessarjor the programmeto have a detailedun-
derstandingf how the built-in controlmechanisnworks. This conflictswith oneof the main
goalsof declaratve programming:to relieve the userof the needto dealwith controlissues.
In AOR theideais that,asin declaratve programmingye stateour goals,andlet the built-in
controlmechanisnfigure out whatto do in orderto achiese them. In this case however, the
control mechanismmplementssomemodelof rationalageng (suchasthe Cohen-L&esque
theoryof intention[9], or the Rao-Geageff BDI model[47]). Hopefully, this computational

20f coursepoththeideaof anagentandtheideaof anobjectbothowe a greatdebtto the pioneeringwork of
Hewitt on opensystemsaindthe ACTOR model[1].



modelcorrespond$o our own intuitive understandin@f (say)beliefsanddesiresandsowe
needno speciakrainingto useit. Returningto theexamplewe usedabove, supposevetold our
autopilotagentto landat LAX airport. Thenwe would expectthe agentto continueto attempt
to landat LAX until it hadsucceededyr elseit discoreredthatthis goalwasimpossible.We
would not expectthe agentto acceptary othergoal that was not consistenwith landing at
LAX, andwe would expectthe agentto continueattemptingdifferentstratgiesfor achieving
thegoalin theeventof difficulties. Ideally, asAOP programmersye would not be concerned
with howtheagentachievesits goals.Thereality, asever, doesnot quitelive up to theideal.

Interestinglywe againfind thatresearcherfom a moremainstreantomputingdiscipline
have adopteda similar setof ideas. In theoreticalcomputerscienceogics of knowledg are
usedto reasomaboutdistributedsystemg13]. Theideais thatwhenspecifyingsuchsystems,
oneoftenmakesuseof statementsuchasthefollowing:

IF process knowsprocesg hasrecevedmessagey
THEN process shouldsendprocesg messagen,.

(1)

This kind of statementmay be formalisedusinga logic of knowledge. Although mostwork
on knowledgetheoryin distributed systemshasbeenratherabstract,and unconnectedvith
softwarepractice researchergave recentlybegunto pay seriousattentionto the possibility of
directly programmingsystemausingstatementsuchas(1), above [13, pp233—-271]. Theidea
is very closeto AOP.

Now thatwe understanavhatanagents, we canbegin to look at softwareengineeringor
agent-basedystems.

3 Specification

The software developmentprocessbegins by establishingthe client’s requirements. When
this processs complete,a specifications developed,which setsout the functionality of the
new system.The purposeof this sectionis to considewhata specificatiorfor anagent-based
systemmightlook like. Whataretherequirement$or anagentspecificatiorframeavork? What
sortof propertiegnustit be capableof representing7o answetthis questionwe returnto the
propertief agentsasdiscussedh the precedingsection.

We obsenedabove thatagentsaresituatedn anernvironment,andareableto perceve this
ernvironmentthroughsensorf somekind. Agentsthushave informationabouttheir ervi-
ronment. This leadsto our first requirementthat the agentspecificationframenvork mustbe
capableof representindpoth the stateof the ervironmentitself, andthe informationan agent
hasabouttheernvironment.It is worthmakingsomecomment@boutwhatpropertieghisinfor-
mationmight have. First, the informationanagenthasmay be incorrect. The agents sensors
may be faulty, the informationmight be out of date,or the agentmay have beendeliberately
or accidentallygivenfalseinformation. Secondlythe informationan agenthasis not directly
availableto otheragents:agentsdo not sharedatastructuresanddo not have accesdo the
privatedatastructureof otheragentqthisis partof whatwe meantby autonomy).Third, the
ervironmentwill containotheragentseachwith theirown informationaboutthe ervironment.
Thusanagentmay have informationaboutthe stateof otheragentswe mayneedto represent
such‘nested’information.Notethatit is commonpracticeto referto theinformationavailable
to anagentasthatagents beliefs



Now considerthe notionof reactivity Softwaresystemanay be broadlydividedinto two
types: functionalandreactive[45]. A functional systemis one that simply takes somein-
put, performssomecomputationover this input, and eventuallyproducessomeoutput. Such
systemamay be viewed asfunctionsf : I — O from a setl of inputsto O of outputs. The
classicexampleof sucha systemis a compiler which canbe viewed asa mappingfrom a
setl of legal sourceprogramsto a setO of correspondingbjector machinecodeprograms.
Although the internal compleity of the mappingmay be great(e.g.,in the caseof a really
comple programminganguage)ijt is neverthelesghe casethat functionalprogramsare, in
generalinherentlysimplerto specify design,andimplementthanreactve systems.Because
functionalsystemderminatejt is possibleto usepre-andpost-conditiorformalismsin order
to reasoraboutthem[24]. In contrastreactve systemgdo not terminate but rathermaintain
anongoinginteractionwith theirervironment.lt is thereforenot possibleto usepre-andpost-
conditionformalismssuchasHoarelogic to reasoraboutthem. Insteadyeactve systemsnust
be specifiedin termsof their ongoingbehaviour The next requiremenfor our agentspecifi-
cationframework is thatit mustbe capableof representindhis inherentlyreactve natureof
agentsand multi-agentsystems.Note that one of the mostsuccessfuformalismsdeveloped
for specifyingreactve systemss temporallogic. Theideais thatwhenspecifyinga reactve
systempneoftenwantsto staterequirementsuchas‘if arequests receved,thenaresponse
is eventuallysent’. Suchrequirementsireeasilyandelegantly expressedn temporallogic.

The third aspectof agentsas discussedbove is pro-activenessby which we meanthat
agentsare ableto exhibit goal-directedoehaiour. (Note that we usethe term ‘goal’ fairly
loosely We include suchnotionsas commitmentsor obligationsin our usage.) It doesnot
follow thatin orderto exhibit goal-directecbehaiour, an agentmustexplicitly generateand
represengoals|[38], althoughthisis by farthemostcommonapproachOuragentspecification
framewnvork mustbe capableof representingheseconative(goal-directedpspect®f ageng.

Finally, our agentsare ableto act Agentsdo not typically have completecontrol over
their ervironment(our auto-pilotcannotcontrol the weather),but they are generallyableto
influencetheir ervironmentby performingactions andmayhave reliablecontrolover portions
of it. We requiresomeway of representingheseactionswithin our specificatiorframeavork.
To summarizean agentspecificationframevork must be capableof capturingat leastthe
following aspect®f anagent-basedystem:

e thebeliefsagentshave;

e theongoinginteractionagentshave with their environment;

e thegoalsthatagentwill try to achieve;

¢ theactionsthatagentgerformandtheeffectsof theseactions.

Whatsortof specificatiorframenork is capableof representinguchaspect®f asystem?The
mostsuccessfubpproachappeargo be the useof a tempoal modallogic [7] (spacerestric-
tions prevent a detailedtechnicaldiscussionon suchlogics — see,e.g.,[66] for a detailed
overview andextensve references)A typical temporalmodalagentspecificatiorframevork
will contain:

e normalmodallogic connectvesfor representinggents beliefs;

e temporallogic connectvesfor representinghe dynamicsof the system— its ongoing
behaiour;



InformationAspects
knowledge[13]
belief[33]
collectve informationattitudeg20]

Tempoarl Aspects
linearvsbranching11]
densevsdiscretg4]
directreferencesstenseoperatorg56]
pointbasedssintenal based?2]

ConativeAspects
desire
intention[9]
obligation[42]
choice[5]
collective pro-attitudeg34]
Actions

directrepresentatioff?2]
implicit representatiofb5]

Tablel1: Dimensionof AgentSpecification

e normalmodallogic connectesfor representingonatves(e.g.,desiresjntentionsobli-
gations);

e someapparatusor representinghe actionsthatagentgperform.

Giventheserequirementghereareagreatmary dimensionglongwhichanagentpecification
framavork may vary: someof thesedimensionsare summarizedn Table1. Notethatthere
is by no meansary consensu®n the desirablepropertiesof what we might call an ‘agent
theory’. For example,two of the bestknown agenttheoriesarethe Cohen-Leesqueheoryof
intention[9], andthe Rao-Geogef belief-desire-intentiomodel[47]. The Cohen-Leesque
modeltakesas primitive just two attitudes: beliefsand goals. Otherattitudes(in particular
the notion of intention) arebuilt up from these.In contrast,Rao-Geageff take intentionsas
primitives,in additionto beliefsandgoals. Also, Cohen-Le&esqueadopta linear temporal
model, (and statea numberof objectionsto branchingtemporalmodels),whereasranching
time is more or lessessentiato the Rao-Geageff model. As a result, the two formalisms,
thoughcloselyrelated areirreconcilable.

Thekey technicalproblemfacedby agenttheoristss developinga modelthatgivesa good
accounf theinterrelationshipetweerthevariousattitudeghattogethercompriseanagents
internalstate.Somecontemporarynodelsarereviewedin [66].

CaseStudy: The Belief-Desire-Intention Model

One of the mostsuccessfuhgenttheoriesis the belief-desie-intention(BDI) model of Rao
andGeogef (see[47] for extensve references).The technicaldetailsof BDI are someavhat
involved,andsohere we shallsimply summarizéhemainconceptshatunderpinBDI models.
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As thenamesuggestgheinternalstateof aBDI agentis comprisef threekey datastruc-
tures,which areintendedto looselycorrespondo beliefs,desiresandintentions.An agents
beliefsareintendedo representheinformationit hasabouttheworld, aswe suggestedbove.
Beliefswill typically berepresentedymbolically:in the ProceduraReasoningystem(PRS)
— thebest-knevn BDI implementation— beliefslook very muchlike PROLOG facts[18]. An
agents desies may be thoughtof asthe tasksallocatedto it. An agentmay notin fact be
ableto achieve all of its desiresandin humansgesiresnay evenbeinconsistentAn agents
intentionsrepresentesireshatit hascommittedto achieving. Theintuition is thatasagents
will not,in generalpeableto achiese all theirdesiresevenif thesedesiresare consistentthey
mustthereforefix uponsomesubsetof available desiresand commitresourcego achie/ing
them. Choserndesiresareintentions Theseintentionswill thenfeedbackinto future decision
making: for example,anagentshouldnotin future adoptintentionsthat conflict with thoseit
currentlyholds.

The BDI modelof ageng hasbeenformalisedby Raoand Geogef in a family of BDI
logics[48, 51]. Theselogicsareextensiondo the expressve branchingtime logic cTL* [11],
which alsocontainnormalmodalconnectvesfor representingdpeliefs,desiresandintentions.
Most work on BDI logics hasfocussedon possiblerelationshipsbetweenthe three ‘mental
states’[48], andmorerecently on developing proof methodsfor restrictedforms of the log-
ics[51].

3.1 Discussion

Specificatiodanguage$or agent-basedystemsareanorderof magnitudeanorecomple than
the comparatrely simpletemporaland modallanguageghat have becomecommonplacen
mainstreantomputerscience.Typically, they aretemporallogicsenrichedby a family of ad-
ditionalmodalconnectves,for representinghe ‘mentalstate’of anagent.Therearea number
of problemswith suchlanguagesin additiontheir conceptuatompleity. The mostworry-
ing of theseis with respecto their semantics While the temporalcomponenbf theselogics
tendsto be ratherstandardthe semanticdor the additionalmodal connectvesare givenin
the normalmodallogic tradition of possibleworlds[7]. So, for example,an agents beliefs
in somestateare characterisethy a setof differentstatesgachof which represent®ne pos-
sibility for how the world could actuallybe, giventhe informationavailableto the agent. In
muchthe sameway, an agentsdesiresin somestateare characterisedy a setof statesthat
areconsistentvith the agentsdesires.Intentionsarerepresentedimilarly. Thereareseveral
adwantageso the possibleworldsmodel:it is well-studiedandwell-understoodandthe asso-
ciatedmathematicgknown ascorrespondencéheory) is extremelyelegant. Theseattractve
featuresmalke possibleworlds the semanticof choicefor almostevery researchemn formal
agenttheory However, therearealsoanumberof seriousdravbacksto possiblevorldsseman-
tics. First, possibleworlds semanticsmply thatagentsarelogically perfectreasonergin that
theirdeductve capabilitiesaresoundandcomplete) andthey have infinite resourcesvailable
for reasoningNo realagentartificial or otherwise hastheseproperties.

Secondly possibleworlds semanticsare generallyungrounded Thatis, thereis usually
no preciserelationshipbetweerthe abstractccessibilityrelationsthatareusedto characterize
anagentsstate,andary concretecomputationamodel. As we shall seein later sectionsthis
makesit is difficult to go from a formal specificatiorof a systemin termsof beliefs,desires,
and so on, to a concretecomputationalkystem. Similarly, given a concretecomputational
systemthereis generallyno way to determinewvhatthe beliefs,desiresandintentionsof that



systemare. If temporalmodallogicsof thetype discussedbove areto be taken seriouslyas
specificatiolanguagesthenthis problemis significant.

4 Implementation

Specificationis not the endof the storyin softwaredevelopment.Oncegiven a specification,
we mustimplementa systemthatis correctwith respecto this specification.The next issue
we consideris this move from abstracspecificationto concretecomputationamodel. There
areatleastthreepossibilitiesfor achieving this transformation:

1. manuallyrefinethe specificatiorinto an executableform via someprincipledbut infor-
mal refinemenprocesgasis the normin mostcurrentsoftwaredevelopment);

2. somehwv directly executeor animatethe abstracspecificationpr

3. somehwv translateor compilethe specificationnto aconcretecomputationaform using
anautomatidranslatiortechnique.

In the sub-sectionghatfollow, we shallinvestigateeachof thesepossibilitiesin turn.

4.1 Refinement

At the time of writing, most software developersuse structuredbut informal techniquego
transformspecificationgnto concretamplementationsProbablythemostcommontechniques
in widespreadisearebasedn theideaof top-davn refinement.n this approachanabstract
systenspecifications refinedinto anumberof smaller lessabstracsub-systenspecifications,
which togethersatisfythe original specification.If thesesub-systemarestill too abstracto
be implementeddirectly, thenthey are alsorefined. The processrecursesuntil the derved
sub-systemsre simple enoughto be directly implemented. Throughout,we are obligedto
demonstratéhateachsteprepresents true refinemenof the moreabstracspecificatiorthat
precededt. This demonstrationmay take the form of a formal proof, if our specifications
presentedhn, say z [60] or vDM [29]. More usually justificationis by informal algument.

For functionalsystemstherefinemenprocesss well understoodandcomparatrely straight-
forward. Refinementalculi exist, which enablethe systemdeveloperto take a pre-andpost-
conditionspecificationandfrom it systematicallyderive animplementatiorthroughthe use
of proofrules[43]. Part of this reasorfor this comparatre simplicity is thatthereis oftenan
easily understandableclationshipbetweenthe pre- and post-conditionghat characterizean
operatiorandthe programstructuresequiredto implementit.

For reactve systemsrefinements not sostraightforvard. Thisis becauseeactve systems
mustbe specifiedin termsof their ongoingbehaiour. In contrastto pre-andpost-condition
formalismsit is not soeasyto determinewvhat programstructuresarerequiredto realisesuch
specificationsThe refinemenproblemfor agent-basedystemswherespecificationsnay be
regardedas even more abstractthanthosefor reactve systemsjs harderstill. As a conse-
guenceresearcherbave only just begunto investigateaherefinemenbf agent-basedystems.
In the subsectionghatfollow, we shallreview two examplesof thiswork.
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CaseStudy: Agentsin Z

Luck andd’Invernohave developedan agentspecificationframenork in the Z languageal-

though,aswe shall see,the typesof agentsconsideredn this framevork are somevhat dif-

ferentfrom thosediscussedbove [36]. They definea four-tieredhierarchyof the entitiesthat
canexist in anagent-basedystem. They startwith entities which areinanimateobjects—

they have attributes(colour, weight, position), but nothingelse. They thendefineobjectsto

be entitiesthathave capabilitiege.g.,tablesareentitiesthatarecapableof supportinghings).
Agentsarethendefinedto be objectsthathave goals,andarethusin somesensective; finally,

autonomousgentsaredefinedto be agentswvith motivations.Theideais thata chaircouldbe
viewedastakingon my goalof supportingnewhenl amusingit, andcanhencebeviewedas
anagentfor me. But we would not view a chairasanautonomousgent,sinceit hasno mo-

tivations(andcannoteasilybe attributedthem). Startingfrom this basicframework, Luck and
d’'Invernogo on to examinethevariousrelationshipghatmight exist betweeragentof differ-

enttypes.In [37], they examinehow anagent-basedystenspecifiedn their framevork might
be implemented.They found that therewasa naturalrelationshipbetweentheir hierarchical
agentspecificatiorframenork andobject-orientedgystems:

‘The formal definitionsof agentsand autonomousagentsrely on inheriting the
propertiesof lower-level componentsin the z notation,this is achiezed through
schemanclusion|...]. Thisis easilymodelledn jc++ by derving oneclassfrom
another|...] Thuswe move from a principledbut abstractheoreticaframevork
througha moredetailed yet still formal, modelof the systemdown to an object-
orientedimplementationpreservinghe hierarchicaktructureat eachstage. [37]

TheLuck-d’Invernoformalismis attractve, particularlyin thewaythatit capturegherelation-
shipsthatcanexist betweeragents.The emphasiss placedon the notionof agentsactingfor
anotherratherthanon agentsasrationalsystemsaswe discusse@bove. Thetypesof agents
thatthe approachallows usto develop arethusinherentlydifferentfrom the ‘rational’ agents
discussedbove. So, for example,the approachdoesnot help usto constructagentshatcan
interleave pro-actve andreactve behaiour. Thisis largely aresultof thechoserspecification
languagez. Thislanguagas inherentlygearedowardsthe specificatiorof operation-based,
functionalsystems.The basiclanguageéhasno mechanismshatallow usto easilyspecifythe
ongoingbehaiour of anagent-basedysten.

CaseStudy: A Methodologyfor BDI Agents

In section3, we notedthatthebelief-desire-intentio(BDI) modelis oneof themostsuccessful
generalframevorksfor ageng. In [32], Kinny etal proposeafour-stagedesignmethodology
for system=f BDI agents.The methodologyis closelylinkedto a specificrealizationof the
BDI model:the Prs architecturg18]. Themethodologymaybe summarizedsfollows:

1. Identify the relevantrolesin the applicationdomain,andon the basisof these develop
anagentclasshierarchy. An examplerole mightbeweathemonitor, wherebyagent is
requiredto make agent] awareof the prevailing weatherconditionsevery hour.

3Thereareof courseextensionsgo z designedor this purpose.
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2. Identify theresponsibilitiesassociatedvith eachrole, the servicesequiredby andpro-
videdby therole,andthendeterminghegoalsassociatewith eachservice With respect
to the above example,the goalswould be to find out the currentweathey andto make
agent awareof thisinformation.

3. For eachgoal, determinethe plansthat may be usedto achieve it, andthe context con-
ditionsunderwhich eachplanis appropriate With respecto the abore example,a plan
for the goal of makingagentj awareof the weatherconditionsmight involve sendinga
messagéeo j.

4. Determinethe belief structureof the system— the informationrequirementdor each
planandgoal. With respecto the above example,we might proposea unarypredicate
windspee(k) to representhefactthatthe currentwind speeds x. A planto determine
the currentweatherconditionswould needto be ableto representhisinformation.

Note that the analysisprocesswill be iteratve, asin more traditional methodologies.The
outcomewill beamodelthatcloselycorrespondso the PRS agentarchitectureAs aresult,the
move from end-desigrio implementatiorusingPrs is relatively simple.

Kinny et al illustratetheir methodologyby applyingit to animplementedair traffic man-
agemensystencalledoAsis. Thissystemgurrentlybeingdeployedat Sidney airportin Aus-
tralia, is, by ary measurea large anddifficult application. It is aguablythe mostsignificant
agentapplicationyet developed.Thatthe agentapproacthasbeensuccessfullyappliedin this
domainis encouragingthe useof the methodologyevenmoreso.

4.2 Directly Executing Agent Specifications

Onemajordisadantagewith manualrefinementmethodss thatthey introducethe possibility
of error If no proofsare provided, to demonstratéhat eachrefinementstepis indeeda true
refinementthenthe correctnessf theimplementatiorprocesdependsiponlittle morethan
the intuitions of the developer This is clearly an undesirablestateof affairs for applications
in which correctnesss a majorissue. Onepossibleway of circumwentingthis problem,that
hasbeenwidely investigatedn mainstreancomputersciencejs to getrid of the refinement
processaltogetheranddirectly executethe specification.

It mightseenthatsuggestinghedirectexecutionof complex agentspecificatiorlanguages
is nawe. (It is exactly thekind of suggestiorthatdetractorsof symbolicAl hate.)Oneshould
be thereforebe very carefulaboutwhat claimsor proposalsone makes. However, in certain
circumstanceghedirectexecutionof agentspecificatiorlanguagess possible.

Whatdoesit meanto executeaformulayp of logic L? It meangeneratinglogical model,
M, for ¢, suchthatM [ ¢ [15]. If this coulddonewithoutinterferencérom the ervironment
— if the agenthadcompletecontrolover its ervironment— thenexecutionwould reduceto
constructve theoremproving, wherewe shaw that o is satisfiableby building a modelfor ¢.
In reality of course agentsarenotinterference-freethey mustiteratively constructa modelin
the presencef inputfrom theervironment.Executioncanthenbe seenasatwo-way iterative
process:

e ernvironmentmakessomethingrue;

e agentresponddy doingsomethingj.e., makingsomethingelsetruein the model;
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e ernvironmentrespondsmakingsomethingelsetrue;

Executionof logical languagesndtheoremproving arethuscloselyrelated.This tells usthat
the executionof sufficiently rich (quantified)languagess not possible(sinceary language
equalin expressve powerto first-orderlogic is undecidable).

A usefulway to think aboutexecutionis asif the agentis playing a gameagainstthe
ernvironment. The specificatiorrepresentshe goal of the game:the agentmustkeepthe goal
satisfied,while the environmenttries to preventthe agentdoing so. The gameis playedby
agentandervironmenttakingit in turnsto build alittle moreof themodel.If the specification
ever becomedalsein the (partial) model,thenthe agentloses. In real reactve systemsthe
gameis never over: the agentmustcontinueto play forever. Of course somespecifications
(logically inconsistenbnes)cannotever be satisfied.A winning strategy for building models
from (satisfiable)agentspecificationsn the presencef arbitraryinput from the ervironment
is anexecutionalgorithmfor thelogic.

CaseStudy: Concurrent METATEM

ConcurrentMETATEM s a programminganguageor multi-agentsystemsthatis basedon
theideaof directly executinglineartime temporallogic agentspecification$16, 14]. A Con-
currentMETATEM systemcontainsa numberof concurrentlyexecutingagentseachof which
is programmedy giving it a temporallogic specificationof the behaiour it is intendedthe
agentshouldexhibit. An agentspecificatiorhastheform A; P, = F;, whereP; is atemporal
logic formulareferringonly to the presenbr past,andF; is atemporallogic formulareferring
tothepresenor future. TheP; = F; formulaeareknown asrules Thebasicideafor executing
suchaspecificatiormay be summedup in thefollowing slogan:

onthebasisof the pastdo thefuture.

Thuseachrule is continuallymatchedagainstaninternal,recordedhistory, andif a matchis
found, thentherule fires If arule fires,thenary variablesin the future time partareinstan-
tiated,andthe future time partthenbecomes commitmenthat the agentwill subsequently
attempto satisfy Satisfyingacommitmentypically meansnakingsomepredicatdruewithin
theagent.Hereis asimpleexampleof a ConcurrenMETATEM agentdefinition:

Qaskx) = <give(x)
(—askx) Z (give(x) A ~askx)) = —give(x)
give(x) A give(y) = (x =)

The agentin this exampleis a controllerfor aresourcehatis infinitely renavable, but which
may only be possesselly oneagentat ary giventime. The controllermustthereforeenforce
mutual exclusion. The predicateaskx) meansthat agentx hasasled for the resource.The
predicategive(x) meansthat the resourcecontroller hasgiven the resourceto agentx. The
resourcecontrolleris assumedo be the only agentable to ‘give’ the resource. However,

mary agentsmay askfor theresourcesimultaneously Thethreerulesthatdefinethis agents
behaiour maybe summarizedsfollows:

Rulel: if someonaskstheneventuallygive;
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Rule2: don't give unlesssomeondasaslkedsinceyoulastgave;and

Rule3: if you give to two people,thenthey mustbe the sameperson(i.e., don't give to more
thanonepersoratatime).

NotethatConcurrenM ETATEM agentancommunicatdy asynchronoubroadcasimessage
passingthoughthe detailsarenotimportanthere.

4.3 Compiling Agent Specifications

An alternatve to direct executionis compilation In this schemewe take our abstractspec-
ification, andtransformit into a concretecomputationamodelvia someautomaticsynthesis
process.The main perceved advantage®f compilationover directexecutionarein run-time
efficiengy. Directexecutionof anagentspecificationasin ConcurrenMETATEM, above, typi-
cally involvesmanipulatingasymbolicrepresentationf thespecificatioratruntime. Thisma-
nipulationgenerallycorresponds$o reasoningdf someform, which is computationallycostly
(andin mary casessimply impracticablefor systemghat mustoperatein anything like real
time). In contrastcompilationapproacheaim to reduceabstracsymbolicspecificationso a
muchsimplercomputationamodel,which requiresno symbolicrepresentationThe ‘reason-
ing’ work is thusdoneoff-line, at compile-time;executionof the compiledsystemcanthenbe
donewith little or no run-timesymbolicreasoning As aresult,executionis muchfaster The
adwantage®f compilationover directexecutionarethusthoseof compilationover interpreta-
tion in mainstreanprogramming.

Compilationapproachesisually dependuponthe closerelationshipbetweenmodelsfor
temporal/modalogic (which are typically labeledgraphsof somekind), and automata-lile
finite statemachines. Crudely the ideais to take a specificationp, and do a constructive
proof of the implementabilityof ¢, whereinwe shav that the specificationis satisfiableby
systematicallyattemptingto build a modelfor it. If the constructionprocesssucceedsthen
the specifications satisfiableandwe have amodelto proveit. Otherwisethe specifications
unsatisfiable If we have a model,thenwe ‘read off’ the automatorthatimplementsy from
its correspondingnodel. The mostcommonapproachto constructve proof is the semantic
tableauxmethodof Smullyan[59].

In mainstreancomputersciencethecompilationapproacho automatigprogramsynthesis
hasbeeninvestigatedy a numberof researchersPerhapshe closesto our view is the work
of PnueliandRosnel{46] on the automaticsynthesiof reactve systemgrom branchingtime
temporallogic specifications.The goal of their work is to generateaeactve systemswhich
sharemary of the propertiesof our agents(the main differencebeing that reactve systems
arenot generallyrequiredto be capableof rationaldecisionmakingin the way we described
above). To dorthis, they specifyareactve systemn termsof afirst-orderbranchingime tem-
porallogic formulaV¥x 3y A ¢(X,y): the predicatep characterisethe relationshipbetween
inputsto thesystem(x) andoutputs(y). Inputsmaybethoughtof assequencesf ervironment
statesandoutputsascorrespondingequencesf actions.The A is a branchingime temporal
logic connectve meaning‘on all paths’,or ‘in all possiblefutures’. The specifications in-
tendedio expressthefactthatin all possiblefutures,the desiredrelationshipy holdsbetween
theinputsto the systemy, andits outputsy. Thesynthesigprocesstself is rathercomplex: it
involvesgeneratinga Rabintreeautomatonandthencheckingthis automatorfor emptiness.
PnueliandRosnershav thatthetime compleity of thesynthesigprocesss doubleexponential
in the sizeof the specificationj.e., 0(22""), wherec is aconstanandn = |¢| is thesizeof the
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specificationp. Thesizeof thesynthesizegrogram(the numberof statest contains)s of the
samecompleity.

ThePnueli-Rosnetechniques rathersimilar to (andin factdependsipon)techniquesie-
velopedoy Wolper, Vardi,andcolleaguegor synthesizin@uchiautomatdrom lineartemporal
logic specificationg61]. Buchi automataarethosethatcanrecognisev-regular expressions
regular expressionghat may containinfinite repetition. A standardresultin temporallogic
theoryis thataformula of lineartime temporallogic is satisfiablaf andonly if thereexists
a Buchi automatorthat acceptgust the sequencethat satisfy . Intuitively, this is because
the sequencesver which lineartime temporallogic is interpretedcanbe viewed asw-regular
expressions.This resultyields a decisionprocedurefor lineartime temporallogic: to deter
minewhetheraformulay is satisfiable constructan automatorthatacceptgust the (infinite)
sequencethat correspondo modelsof ¢; if the setof suchsequencess empty theny is
unsatisfiableThetechniquefor constructingan automatorfrom the correspondingormulais
closelybasedn Wolper’s tableayproof methodfor temporallogic [62].

Similarautomaticsynthesigechnique$iave alsobeendeplo/edto developconcurrensys-
tem skeletonsfrom temporallogic specifications. Mannaand Wolper presentan algorithm
thattakesasinput a linear time temporallogic specificationof the syndironizationpart of a
concurrentsystem,and generatess outputa CSP programskeleton ([25]) that realizesthe
specification41]. Theideais thatthe functionality of a concurrentsystemcangenerallybe
dividedinto two parts:a functionalpart, which actuallyperformsthe requiredcomputationn
the program,anda synchronizatiompart, which ensureghatthe systemcomponentgooperate
in the correctway. For example,the synchronizatiorpartwill be responsibldor any mutual
exclusionthatis required. The synthesisalgorithm, (like the synthesisalgorithmfor Biichi
automataabove), is basedon Wolper’s tableauproof methodfor temporallogic [62]. Very
similarwork is reportedoy Clarke andEmersor{8]: they synthesizesynchronizatiorskeletons
from branchingtime temporalogic (CTL) specifications.

CaseStudy: Situated Automata

Perhapghe best-knavn example of this approachto agentdevelopmentis the situatedau-
tomataparadigmof RosenscheimandKaelbling[52, 31]. In this approachan agenthastwo
maincomponents:

e aperceptionpart,whichis responsibldor observingthe ervironment,andupdatingthe
internalstateof theagent;and

e anaction part, which is responsibldor decidingwhatactionto perform,basedon the
internalstateof theagent.

RosenscheiandKaelblingdevelopedwo programgo supporthe developmenbf thepercep-
tion andactioncomponent®f anagentrespectrely. The RULER programtakesa declaratve

perceptionspecificationrand compilesit down to a finite statemachine. The specificationis

givenin termsof atheoryof knowledge.Thesemantic®f knowledgein the declaratve speci-
ficationlanguageregivenin termsof possibleworlds,in theway describedabove. Crucially,

however, the possibleworlds underlyingthis logic aregivena precisecomputationainterpre-
tation,in termsof the statesf afinite statemachine.lt is this preciserelationshipthatpermits
thesynthesigprocesso take place.
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Theactionpartof anagentin RosenscheiandKaelbling's framework is specifiedn terms
of goal reductionrules which encodeinformationabouthow to achiese goals. The GAPPS
programtakesasinput a goal specificationanda setof goalreductionrules,andgeneratess
outputa setof situationactionrules which maybethoughtof asalookuptable,definingwhat
theagentshoulddo undervariouscircumstancesn orderto achieze the goal. The processof
decidingwhatto do is thenvery simplein computationaterms,involving no reasoningatall.
(A similartechniquecalleduniversal plans wasdevelopedoy Schopper$54].)

4.4 Discussion

Structuredout informal refinementechniquesare the mainstayof real-world software engi-
neering. If agent-orientedechniquesare ever to becomewidely usedoutsidethe academic
community theninformal, structuredmethoddor agent-basedevelopmentwill be essential.
Onepossibilityfor suchtechniquesfollowedby Luck andd’Inverno,is to usea standardspec-
ification technique(in their case,Z), and usetraditional refinementmethods(in their case,
object-orientedlevelopment)to transformthe specificationinto animplementation.This ap-
proachhasthe adwvantageof beingfamiliar to a muchlarger userbasethanentirely new tech-
niques,but suffersfrom the disadantageof presentinghe userwith no featureshatmake it
particularlywell-suitedto agentspecification.lt seemscertainthattherewill be muchmore
work on manualrefinementechniquedor agent-basedystemsn the immediatefuture, but
exactly whatform thesetechniquewill take is notclear

Now considerthe possibility of directly executingagentspecificationsA numberof prob-
lemsimmediatelysuggesthemseles. The first is that of finding a concretecomputational
interpretatiorfor the agentspecificationanguagean question.To seewhatwe meanby this,
considemodelsfor theagentspecificatiolanguagen ConcurrenMETATEM. Thesearevery
simple: essentiallyjust linear discretesequencesf states. Temporallogic is (amongsither
things)simply alanguagdor expressingconstaintsthatmusthold betweersuccessie states.
Executionin ConcurrentMETATEM is thusa processof generatingconstraintsas past-time
antecedentare satisfied,andthentrying to build a next statethat satisfiestheseconstraints.
Constraintsare expressedn temporallogic, which implies thatthey may only bein certain,
regularforms. Becausef this, it is possibleto devise analgorithmthatis guaranteedo build
anext stateif it is possibleto do so. Suchanalgorithmis describedn [3].

The agentspecificationanguageuponwhich ConcurrentMeTATEM is basedthushasa
concretecomputationamodel,anda comparatrely simpleexecutionalgorithm. Contrasthis
stateof affairs with the kinds of temporalmodal agentspecificationanguagesliscussedn
section3, wherewe have not only a temporaldimensionto the logic, but also modalitiesfor
referringto beliefs,desiresandsoon. In generalthesemodelshave ungroundedsemantics.
Thatis, the semanticstructureghatunderpintheselogics (typically accessibilityrelationsfor
eachof the modaloperatorshave no concretecomputationalnterpretation.As a result, it is
not clearhow suchagentspecificatiolanguagesnight be executed.

Anotherobviousproblemis thatexecutiontechniqguedasedntheoremproving areinher
ently limited whenappliedto sufiiciently expressve (first-order)languagesasfirst-orderlogic
is undecidableHowever, compleity is a problemevenin the propositionakase For ‘vanilla’
propositionalogic, the decisionproblemfor satisfiabilityis NP-complete[13, p72]; for linear
temporallogic, the problemis psPacE-complete[58]; for simplemodallogics of knowledge,
the problemis NP-complete andfor morecomplex modallogicsof knowledge the problemis
EXPTIME-completeg[13, p73]; for logicsthatcombingemporaland(S5)modalaspectsthede-
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cision problemvariesfrom PspACE-completein the simplestcaseto I1i-complete (andhence
undecidablgin thepropositionatasedependingnwhatsemantiassumptionaremade[13,
p289].

Turning to automaticsynthesiswe find that the techniquesdescribedabove have been
developedprimarily for propositionalspecificationanguages.If we attemptto extendthese
techniqueso moreexpressve, first-orderspecificatiotanguageshenwe againfind oursehes
comingup againstthe undecidabilityof quantifiedlogic. Evenin the propositionalcase the
theoreticakcompleity of theoremproving for modalandtemporallogicsis likely to limit the
effectivenesf compilationtechniquesgivenanagentspecificatiorof size1000,a synthesis
algorithmthatrunsin exponentiattime whenusedoff-line is no moreusefulthananexecution
algorithmwhich runsin exponentiakime on-line.

Anotherproblemwith respecto synthesigechniquess thatthey typically resultin finite-
state,automatdik e machinesthatarestrictly lesspowerful thanTuring machines.In partic-
ular, the systemgyeneratedy the processesutlinedabove cannotmodify their behaiour at
run-time. In short,they cannotlearn. While for mary applicationsthis is acceptable— even
desirable— for equallymary othersit is not. In expertassistanagentspf thetypedescribed
in [39], learningis pretty muchtheraisond’etre. Attemptsto addresshisissuearedescribed
in [30].

5 Verification

Oncewe have developeda concretesystemwe needto shav thatthis systemis correctwith
respecto our original specificationThis processs known asverification andit is particularly
importantif we have introducedary informality into the developmentprocess.For example,
ary manualrefinement,donewithout a formal proof of refinementcorrectnesscreatesthe
possibility of a faulty transformatiorfrom specificatiorto implementation Verificationis the
procesof corvincing ourselesthatthe transformatiorwassound.We candivide approaches
to the verificationof systemsnto two broadclassesi(1) axiomatig and(2) semantiqgmodel
checking). In the subsectionsghat follow, we shall look at the way in which thesetwo ap-
proachehave evidencedhemselesin agent-basedystems.

5.1 Axiomatic Approaches

Axiomatic approacheso programverificationwerethefirst to enterthe mainstreanof com-
putersciencewith the work of Hoarein the late 1960s[24]. Axiomatic verificationrequires
that we cantake our concreteprogram,andfrom this programsystematicallyderie a logi-
cal theorythatrepresentshe behaiour of the program. Call this the programtheory If the
programtheoryis expressedn thesamdogicallanguagestheoriginal specificationthenver-
ification reducedo a proof problem:shaw thatthe specifications a theoremof (equivalently,
is alogical consequencef) the programtheory

The developmentof a programtheoryis madefeasibleby axiomatizingthe programming
languagein which the systemis implemented. For example,Hoarelogic givesus more or
lessan axiom for every statementype in a simple PASCAL-like language. Oncegiven the
axiomatizationthe programtheorycanbe derivedfrom the programtext in a systematiavay.

Perhapshe mostrelevantwork from mainstreantomputersciencds the specificatiorand
verificationof reactve systemsaisingtemporallogic, in the way pioneeredy Pnueli,Manna,
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and colleagueq40]. The ideais that the computationsf reactve systemsare infinite se-
quenceswhich correspondo modelsfor lineartemporallogic*. Temporallogic canbe used
both to develop a systemspecificationandto axiomatizea programminganguage.This ax-
iomatizationcanthenbeusedo systematicallylervethetheoryof aprogramfrom theprogram
text. Boththespecificatiorandthe programtheorywill thenbe encodedn temporalogic, and
verificationhencebecomes proof problemin temporalogic.

Comparatrely little work hasbeencarriedout within the agent-basedystemscommunity
on axiomatizingmulti-agentervironments.We shallreview justoneapproach.

CaseStudy: Axiomatizing two Multi-Agent Languages

In [63], an axiomaticapproactto the verificationof multi-agentsystemswvas proposed.Es-
sentially theideawasto useatemporalbelieflogic to axiomatizethe propertiesof two multi-
agentprogramminganguagesGiven suchan axiomatizationa programtheoryrepresenting
the propertief the systemcouldbe systematicallyderivedin theway indicatedabore.

A temporabelieflogic wasusedfor two reasonsFirst,atemporalcomponentasrequired
becauseaswe obsered above, we needto capturethe ongoingbehaiour of a multi-agent
system.A belief componentvasusedbecauséhe agentsve wish to verify areeachsymbolic
Al systemsin their own right. Thatis, eachagentis a symbolic reasoningsystem,which
includesarepresentationf its ervironmentanddesiredbehaiour. A beliefcomponentn the
logic allows usto capturethe symbolicrepresentationgresenwithin eachagent.

The two multi-agentprogrammindanguageshatwereaxiomatizedn the temporalbelief
logic wereShohams AGENTO [57], andFishers ConcurrenM ETATEM (seeabove). Thebasic
approactwasasfollows:

1. First,asimpleabstractmodelwasdevelopedof symbolicAl agents.Thismodelcaptures
the fact that agentsare symbolic reasoningsystems capableof communication. The
modelgivesan accountof how agentsmight changestate,and what a computationof
sucha systenmightlook like.

2. Thehistoriestracedoutin theexecutionof suchasystemwereusedasthesemantidasis
for atemporalbelieflogic. Thislogic allows usto expresspropertief agentamodelled
atstage(l).

3. The temporalbelief logic was usedto axiomatizethe propertiesof a multi-agentpro-
gramminglanguage.This axiomatizationwasthenusedto developthe programtheory
of amulti-agentsystem.

4. The proof theoryof the temporalbelief logic wasusedto verify propertiesof the sys-
tem[65].

Note that this approactrelies on the operationof agentsbeing suficiently simple that their
propertiescanbe axiomatizedn thelogic. It worksfor Shohams AGENTO andFishers Con-
currentMETATEM largely becaus¢hesdanguage$ave a simplesemanticsgloselyrelatedto
rule-basedystemsyhichin turn have a simplelogical semantics For morecomplex agents,

4Thesetof all computation®f areactve systerris atree-like structurecorrespondingp amodelfor branching
time temporallogic [11].
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anaxiomatizationis not so straightforvard. Also, capturingthe semantic®of concurreniexe-
cution of agentss not easy(it is, of courseanareaof ongoingresearchn computerscience
generally).

5.2 SemanticApproaches:Model Checking

Ultimately, axiomaticverificationreducego a proof problem. Axiomatic approache$o ver
ification are thusinherentlylimited by the difficulty of this proof problem. Proofsare hard
enough,even in classicallogic; the addition of temporaland modal connectvesto a logic
makesthe problemconsiderablyharder For this reasonmore efficient approacheso verifi-
cationhave beensought. Oneparticularlysuccessfubpproachs that of modelcheking. As
the namesuggestswhereasaxiomaticapproachegenerallyrely on syntacticproof, model
checkingapproachearebaseddnthe semantic®f the specificatiolanguage.

Themodelcheckingproblem,in abstractis quitesimple:givenaformulay of languaged.,
andamodelM for L, determinewvhetheror not ¢ is valid in M, i.e., whetheror notM = ¢.
Model checking-basederification hasbeenstudiedin connectionwith temporallogic [35].
Thetechniqueonceagainreliesuponthecloserelationshigbetweermodelsfor temporallogic
and finite-statemachines. Supposehat ¢ is the specificationfor somesystem,andr is a
programthatclaimsto implementy. Then,to determinevhetheror not 7 truly implementsp,
we proceedasfollows:

e take 7, andfrom it generatea model M, that correspondgo =, in the sensethat M
encodesll the possiblecomputation®f «;

e determinewhetheror not M, = ¢, i.e., whetherthe specificatioformula ¢ is valid in
M, ; theprogramr satisfieghe specificationp justin casetheansweris ‘yes’.

The main advantageof model checkingover axiomaticverificationis in compleity: model
checkingusingthe branchingtime temporallogic cTL ([8]) canbe donein polynomialtime
(O(le¢| x |M|), where|p| is the size of the formulato be checled,and |M| is the sizeof the
modelagainstwhich ¢ is to be checled— the numberof statest contains).

CaseStudy: Model Checking BDI Systems

In [50], RaoandGeogef presentanalgorithmfor modelcheckingAOP systems.More pre-
cisely, they give analgorithmfor taking a logical modelfor their (propositional)BDI agent
specificatiorlanguageandaformulaof thelanguageanddeterminingvhethertheformulais
valid in the model. Thetechniques closelybasedon modelcheckingalgorithmsfor normal
modallogics[21]. They shav thatdespitetheinclusionof threeextra modalities,(for beliefs,
desiresandintentions)jnto thecTL branchingimeframeawvork, thealgorithmis still quiteeffi-
cient,runningin polynomialtime. Sothe secondstepof thetwo-stagenodelcheckingprocess
describedibove canstill bedoneefficiently. However, it is notclearhow thefirst stepmightbe
realisedfor BDI logics. Wheredoesthe logical modelcharacterizinganagentactuallycomes
from — canit bedervedfrom anarbitraryprograms, asin mainstreantomputerscience?o
do this, we would needto take a programimplementedn, say PASCAL, andfrom it dervethe

SPerhapsurprisingly modelcheckingfor lineartemporallogic is actuallymorecomplex thanfor branching
time (PSPACE-complete).
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belief, desire,andintentionaccessibilityrelationsthatare usedto give a semanticgo the BDI
componenbf thelogic. Becauseaswe notedearlier thereis no clearrelationshigoetweerthe
BDI logic andthe concretecomputationamodelsusedto implementagentsit is notclearhow
suchamodelcouldbederived.

5.3 Discussion

Axiomatic approacheso the verificationof multi-agentsystemssuffer from two main prob-
lems. First, the temporalverificationof reactve systemgeliesupona simple modelof con-
curreng, wherethe actionsthatprogramgerformareassumedo be atomic.\We cannotmalke
this assumptiorwhenwe move from programsto agents. The actionswe think of agentsas
performingwill generallybe muchmorecoarsegrained.As aresult,we needa morerealistic
modelof concurreng. Onepossibility, investigatedn [64], is to modelagentexecutioncycles
asintenvals over thereal numbersjn the style of the temporallogic of reals[4]. Thesecond
problemis the difficulty of the proof problemfor agentspecificationanguagesAs we noted
in section3, thetheoreticacompleity of prooffor mary of theselogicsis quite daunting.

With respecto model-checkingapproacheshe main problem,aswe indicatedabove, is
againthe issueof ungroundedemanticgor agentspecificationanguagesl!f we cannottake
anarbitraryprogramandsay for this programwhatits beliefs,desiresandintentionsare,then
it is notclearhow we mightverify thatthis programsatisfieda specificatiorexpressedn terms
of suchconstructs.

6 Conclusions

Agent-basedystemsarea promisingdevelopmentnot just for Al, but for computerscience
generally If intelligent agenttechnologysucceedsthenit will provide a solutionto mary
importantbut difficult softwareproblems.Thechallengenow beforetheintelligentagentcom-
munity is to ensurdahatthetechniqueslevelopedparticularlyover the pastdecaddor building
rationalagentsnake a smoothtransitionfrom theresearchabto thedeskof theeverydaycom-
puterworker. Thisis by no meanseasy asthe expertsystemsxperiencedemonstratedf the
communityis to succeedn thisende&our, thenit will needto take very seriouslythecomment
by OrenEtzioni, thatopenedhis paper:agentsaremorea problemof computerscienceand
softwareengineeringhanAl.

In this paperwe have setoutaroadmapfor work in agent-basedoftwareengineering\We
have examinedthe fundamentaproblemsof specificationimplementationand verification
from the point of view of agent-basedystems.Throughoutwe have beencarefulto drav as
mary parallelsaspossiblewith moremainstreansoftwareengineering.
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