The Belief-Desire-Intention Model of Agency

MichaelGeogeff  Barng Pell  MarthaPollack
Milind També  MichaelWooldridge

AustralianAl Institute,Level 6, 171 La TrobeSt
Melbourne Australia3000
georgeff@aaii.oz.au

T RIACS,NASA AmesResearciCenter
Moffett Field, CA 94035-1000USA
pell@ptolemy.arc.nasa.gov

* Departmentf ComputerScience/IntelligenBystemsProgram
University of Pittshurgh, Pittskurgh, PA 15260,USA
pollack@cs.pitt.edu

# ComputerScienceDepartment/ISIUniversity of SoutherrCalifornia
4676Admiralty Way, Marinadel Rey, CA 90292 ,USA
tambe@isi.edu
Departmenbf ElectronicEngineeringQueenMary andWest eld College
Universityof London,LondonE14NS,UnitedKingdom
M.J.Wooldridge@gmw.ac.uk

1 Intr oduction

Within the ATAL community the belief-desire-intentioBDI) modelhascometo be
possiblythebestknown andbeststudiedmodelof practicalreasoningagentsThereare
severalreasondgor its successhut perhapghe mostcompellingarethatthe BDI model
combinesa respectabl@hilosophicaimodelof humanpracticalreasoning(originally
developedby MichaelBratman[1]), anumberof implementationgin theIRMA archi-
tecture[2] andthevariousPRS-like systemgurrentlyavailable[7]), severalsuccessful
applicationgincludingthe now-famousgfault diagnosisystenfor the spaceshuttle,as
well asfactoryprocessontrolsystemsaandbusinesgprocessnanagemen]), and -
nally, an elegantabstractogical semanticswhich have beentaken up andelaborated
uponwidely within theagentresearcltommunity[14, 16].

However, it couldbearguedthatthe BDI modelis now becomingsomeavhatdated:
theprinciplesof thearchitecturevereestablishedh the mid-1980sandhave remained
essentiallyunchangedsincethen. With the explosion of interestin intelligent agents
and multi-agentsystemsthat has occurredsince then, a greatmary other architec-
tureshave beendeveloped,which, it could be agued,addresssomeissuesthat the
BDI modelfundamentallyfailsto. Furthermorethefocusof agentresearct{andAl in
general)hasshiftedsigni cantly sincethe BDI modelwasoriginally developed.New
adwancesin understandingsuchas Russelland Subramaniais model of “bounded-
optimal agents”[15]) have led to radicalchangesn how the agentscommunity(and
moregenerallythearti cial intelligencecommunity)views its enterprise.

The purposeof this panelis thereforeto establisthow the BDI modelstandsn re-
lationto othercontemporarynodelsof ageng, andin particularwhereit canor should



gonext.

2 Questionsfor the Panelists

Thepanelist{ Geogeff, Pell, Pollack,andTambe)wereaslkedto respondo thefollow-
ing questions:

1. BDI andothermodelsof practical reasoningagents.
Several othermodelsof practicalreasoningagentshave beensuccessfullydevel-
opedwithin the agentresearchand developmentcommunityand Al in general.
Examplednclude(of courselthe Soarmodelof humancognition,andmodelsin
which agentsare viewed as utility-maximizersin the economicsenseThe latter
modelhasbeenparticularly successfuin understandingnulti-agentinteractions.
So,how doesBDI standin relationto thesealternatemodelsZTanthesemodelsbe
reconciledandif sohow?

2. Limitationsof the BDI model.
Onecriticism of the BDI modelhasbeenthatit is not well-suitedto certaintypes
of behaiour. In particular the basicBDI modelappeardo be inappropriatefor
building systemghatmustlearnandadapttheir behaiour — andsuchsystemsare
becomingincreasinglyimportant.Moreover, the basicBDI modelgivesno archi-
tecturalconsideratiorto explicitly multi-agentaspectof behaiour. More recent
architectures(suchasinteRRaP[13] andTouringMachineg5]) do explicitly pro-
vide for suchbehaiours at the architecturalevel. So,is it necessaryor anagent
modelin general(andthe BDI modelin particular)to provide for suchtypesof
behaiour (in particular learningandsocialability)? If so,how cantheBDI model
be extendedo incorporatehem?What othertypesof behaiour aremissingatan
architecturalevel from theBDI model?

3. Nextsteps.
Whatissuesshouldfeatureat the top of the BDI researcltagenda™ow canthe
relationshifbetweerthetheoryandpracticeof theBDI modelbebetterunderstood
and elaboratedProgrammingparadigmssuchas logic programminghave well-
de ned andwell-understoodtomputationamodelsthatunderpinthem(e.g.,SLD
resolution);BDI currentlydoesnot. So what sort of computationaimodel might
senein this role?Whatarethe key requirementso take the BDI modelfrom the
researchab to thedesktopof the mainstreansoftwareengineer?

3 Responsdyy Georgeff

Thepointl wantedto makein this panelwasthatthe notionsof comple&ity andchange
will have amajorimpactontheway we build computationasystemsandthatsoftware
agents— in particular BDI agents— provide the essentiacomponentsiecessaryo

copewith therealworld. We needto bring agentsnto mainstreantomputerscience,
andthe only way we cando thatis to clearlyshov how certainagentarchitecturegan

copewith problemshatareintractableusingcorventionalapproaches.
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Fig. 1. Busines®Privers

Mostapplicationof computersystemsaarealgorithmic,working with perfectinfor-
mation.Butin ahighly competitveworld, businessereedsystemghataremuchmore
comple thanthis — systemghatareembeddedn a changingworld, with accesgo
only partialinformation,andwhereuncertaintyprevails. Moreover, the frequeng with
which the behaiour of thesesystemaeedso be changedasnew informationcomes
to light, or new competitve pressuregmenge), is increasingdramatically requiring
computeirchitecturesndlanguageshatsubstantiallyeducehe compleity andtime
for speci cationandmodi cation. In termsof Figure 1, businessmeedsaredriving to
thetop right handcorner andit is my contentionthatonly softwareagentscanreally
deliver solutionsin thatquadrant.

As we all know, but seemnot to have fully understoodat leastin the way physi-
cistshave) theworld is complex anddynamic,a placewherechaoss thenorm,notthe
exception.We alsoknow thatcomputationasystemshave practicallimitations,which
limit theinformationthey canacces@andthe computationshey canperform.Corven-
tional software systemsare designedor staticworlds with perfectknowvledge— we
areinsteadnterestedn ervironmentshataredynamicanduncertain(or chaotic),and
wherethe computationasystermonly hasalocalview of theworld (i.e., haslimited ac-
cesgo information)andis resourceboundedi.e., has nite computationatesources).
Theseconstraintshave certainfundamentaimplicationsfor the designof the under
lying computationahbrchitectureln whatfollows, | will attemptto shav thatBeliefs,
Desiresandintentions,andPlansarean essentiapartof the stateof suchsystems.

Letus rst considerso-calledBeliefs.In Al terms,Beliefsrepresenknowledgeof
theworld. However, in computationaterms,Beliefsarejust someway of representing
the stateof theworld, beit asthevalueof avariable arelationaldatabasegr symbolic
expressionsn predicatecalculus.Beliefs are essentiabecausehe world is dynamic
(pasteventsneedthereforeto berememberedandthe systenonly hasalocal view of



theworld (eventsoutsideits sphereof perceptiomeedto be rememberedMoreover,

asthe systemis resourcéboundedit is desirableio cacheémportantinformationrather
thanrecomputeat from baseperceptuatiata.As Beliefsrepresen{possibly)imperfect
informationabouttheworld, the underlyingsemantic®f the Belief componenshould
conformto belief logics, even thoughthe computationarepresentatiomeednot be
symbolicor logical atall.

Desireqor, morecommonlythoughsomevhatloosely Goals)form anotheressen-
tial componenbf systemstate.Again, in computationaterms,a Goal may simply be
thevalueof a variable,arecordstructure pr a symbolicexpressionin somelogic. The
importantpointis thata Goalrepresentsomedesirecendstate Corventionalcomputer
softwareis "task oriented’ratherthan”goal oriented”;thatis, eachtask(or subroutine)
is executedwithout ary memoryof why it is beingexecuted.This meanghatthe sys-
tem cannotautomaticallyrecover from failures(unlessthis is explicitly codedby the
programmerpandcannotdiscoser andmake useof opportunitiesasthey unexpectedly
presenthemseles.

For example thereasonwve canrecover from amissedrain or unexpectedat tyre
is that we know wherewe are (throughour Beliefs) andwe remembetto wherewe
wantto get (throughour Goals).The underlyingsemanticdor Goals,irrespectve of
how they arerepresentedomputationallyshouldre ect somelogic of desire.

Now thatwe know the systenstatemustincludecomponentor BeliefsandGoals,
is that enough™lore speci cally, if we have decidedupona courseof action (let's
call it a plan), andthe world changesn some(perhapssmall) way, what shouldwe
do — carry on regardlesspr replan?interestingly classicaldecisiontheory sayswe
shouldalwaysreplan,whereascorventionalsoftware, beingtask-orientedcarrieson
regardlessWhichis theright approach?

Figure2 demonstratetheresultsof anexperimentwith a simulatedrobottrying to
move arounda grid collectingpoints[11]. As theworld (grid) is dynamic,the points
changevalueand comeandgo asthe robot movesandplans— thusa planis never
goodfor long. They axisof thegraphshavs robotef ciency in collectingpoints,the x
axisthespeedf changgi.e.,therateatwhichthepointsin thegrid arechanging) The
“cautious”graphrepresentthe casein which the systemreplansat every change(i.e.,
asprescribedy classicaldecisiontheory),andthe “bold” graphin which the system
commitsto its plansand only replansat "crucial’ times. (The caseof corventional
software,which commitsto its plansforever, is notshown, but yieldshigheref ciency
than classicaldecisiontheory when the world changesslowly, but rapidly becomes
worsewhentheworld changeguickly). In short,neitherclassicaldecisiontheorynor
cornventionaltask-orientedapproachegareappropriate— the systemneedgo commit
to the plansandsubgoalst adoptsbut mustalsobe capableof reconsideringheseat
appropriatgcrucial)moments Thesecommittedplansor proceduresrecalled,in the
Al literature,Intentions andrepresenthe third necessargomponenbf systemstate.
Computationallylntentionsmay simply be a setof executingthreadsn a procesghat
canbe appropriatelyinterrupteduponreceving feedbackirom the possiblychanging
world.

Finally, for the samereasonghe systemneedsto storeits currentintentions(that
is, becauset is resourcebound),it shouldalsocachegeneric,parameterize®lansfor



Fig. 2. RationalCommitment

usein futuresituationgratherthantry to recreatevery new planfrom rst principles).
Theseplans semanticallycanbeviewedasaspeciakind of Belief, but becausef their

computationalmportancearesensiblyseparate@ut asanothercomponentf system
state.

In summarythe basiccomponent®f a systemdesignedor a dynamic,uncertain
world shouldincludesomerepresentationf Beliefs, Desires |ntentionsandPlans,or
whathascometo becalledaBDI agentl have saidherenothingaboutthewayin which
thesecomponentsirecontrolledandmanagedwhichis of coursecrucialto theway in
which BDI agentscopewith uncertaintyandchangen away thatis not possiblewith
conventionalsystemsThereis muchin theliteratureaboutthis,andmary differentand
interestingapproaches.

Finally, becausef thelogical or physicaldistribution of informationandprocess-
ing, it isimportantthatagentsystemsedistributed,giving riseto so-calledmulti-agent
systemsApartfromtheusualbene tsprovidedby distributedsystemsmulti-agensys-
temsalsohave the substantiabene t of containingthe spreadf uncertaintywith each



agentlocally dealingwith the problemscreatecby anuncertainrandchangingworld.

4 Responsdy Pollack

| wantto begin by clarifying the distinctionbetweerthreethings:

— Modelsof practicalreasoninghatemploy the folk-psychologyconceptsf belief,
desire andintention,perhapsmongothersLet's calltheseBelief-Desire-Intention
(BDI) models.

— ParticularBDI modelsthatcenteron claimsoriginally propoundedby Bratman[1]
aboutthe role of intentionsin focusingpracticalreasoningSpeci cally, Bratman
armguedthat rationalagentswill tendto focustheir practicalreasoningon the in-
tentionsthey have alreadyadoptedandwill tendto bypassfull consideratiorof
optionsthatcon ict with thoseintentionsLet's call this Bratmans Claim,andlet's
call computationamodelsthatembodythis claim IRMA models(for the “Intelli-
gentResource-BoundddachineArchitecture”describedn [2]).

— The ProceduraReasoningsystem(PRS)[7, 6], a programmingervironmentfor
developing complex applicationsthat executein dynamicenvironmentsand can
bestbe speci edusingBDI concepts.

OnecanrejectBratmans Claim, but still subscribeto the view that BDI models
areuseful;the corverse of coursejs nottrue! And while it is possibleto build a PRS
applicationthatrespect8ratmans Claim — indeed,asmentionedn the Introduction,
several successfubapplicationshave donejust this — it is alsopossibleto build PRS
applicationsthat embodyalternatve BDI models.It is up to the designerof a PRS
applicationto specifyhow beliefs,desiresandintentionsaffect andarein uenced by
the applications reasoningorocesseghereis no requirementhatthesespeci cations
conformto Bratmans Claim.

Thequestionsetoutin the Introductionmightin principlebe asled of eachof the
threeclasse®f entity underconsiderationBDI models,|RMA models,or PRS-based
applicationsHowever, | think it makesthe mostsensehereto interpretthemasbeing
addresse@t IRMA models,in part becausgheseare the mostspeci c of the three
classegit would bedif cult to addressll BDI modelswithin afew pages)andin part
becausdRMA modelshave receved signi cant attentionwithin the Al community
bothin their realizationin severalsuccessfuapplicationsandin a numberof detailed
formalmodels.

Bratmans Claim addresseat a particular albeit central,questionin practicalrea-
soning:how cananagentavoid gettinglostin themorasof optionsfor actionavailable
to it?? Theformationof intentionsandthe commitmentsgherebyentailedareseenasa

1 However, onecould rejectall BDI models,includingIRMA ones,amuing thatthey have no
explanatoryvalue.The debateover this questiorhasragedin the philosophicaliterature;see,
e.g.,CarrierandMachamef3, Chap.1-3].

2 Bratmanactuallycameat thingsthe otherway round. He wonderedvhy humansformedin-
tentionsand plans,and concludedthat doing so providesthemwith a way of focusingtheir
practicalreasoning.



mechanism— possiblyoneamongsmary — for constraininghe setof optionsabout
which an agentmustreason Practicalreasoningaskssuchas means-endeasoning
andtheweighingof alternatvesremainimportantfor IRMA agentsBut IRMA agents'
intentionshelpfocusthesereasoningasks.

In responsdo the rst questionposedthen,it seemslearthatboth Soarandthe
utility maximizatiormodelsncludeimportantdeasthatcanpotentiallybeintegratedn
anIRMA agentAsjustnoted,|RMA agentsstill needto performmeans-endeasoning
(in a focusedway), and Soar with its chunkingstratgies, can make the means-end
reasoningorocesanoreef cient. Again, IRMA agentsstill needto weigh alternatives
(in afocusedway), andto do this they may usethetechniquestudiedin theliterature
on economicagentslt hasbeengenerallyacceptedor mary yearsthatagentscannot
possiblyperformoptimizationsover the spaceof all possiblecoursesof action[17].
Bratmans Claim is aimedpreciselyat helpingreducethat spaceto make the required
reasonindeasible.

Thesecondjuestiorconcernshedevelopmenbf techniqueso enabldRMA agents
to learnandto interactsocially Certainly if Bratmans Claim is a viable one,thenit
mustbe possibleto designlRMA agentswho canlearnandcaninteractwith onean-
other However, all thatis requiredis that Bratmans Claim be compatiblewith (some)
theoriesof learningandsocialinteraction:Bratmans Claim itself doesnot have to tell
us arything aboutthesecapabilities® To date,| seeno evidencethatthereis arything
in either Bratmans Claim or its interpretationin IRMA modelsthat would make an
IRMA agentinherentlypoorly suitedto learningor socialinteraction.

The third questionasksaboutan appropriateresearchragendafor thoseinterested
in IRMA models.Whatseemanostcrucialto meis the developmentof computation-
ally soundaccountf thevariouspracticalreasoningasksthat mustbe performedoy
IRMA agentsTherehasbeenagreatdealof attentionpaidto question®f commitment
andintentionrevision, andthis is not surprising,giventhatthesequestionsarecentral
to Bratmans Claim. But thereare other reasoningasksthat all IRMA agentsmust
performaswell. For example,they mustdeliberateaboutalternatvesthat are either
compatiblewith their existing plansor have “triggeredanoverride”[2]); recently John
Horty andl have beendevelopingmechanism$or weighingalternatvesin the context
of existingplans[10]. Anotherexampleis hintedatin my earliercommentsall IRMA
agentsneedto be ableto perform means-endeasoningBut unlike standardneans-
endreasoningn Al (plangeneration)an IRMA agentmustdo this reasoningaking
accounits existing plans.Work on planmeming, notablythatof Yang[18], mayberel-
evanthere.One nal example:IRMA agentamustbe capableof committingto partial
plans.If they wererequiredalwaysto form completeplans,they would over-commit,
and Iter outtoo mary subsequentptionsasincompatible But this thenentailsthat
IRMA agentanusthave away of decidingwhento adddetailto their existing plans—
whento committo particularexpansionf their partial plans.To my knowledge this
guestiorhasnot beeninvestigatedset.

In addressingjuestiondik e these we needto focus, at leastfor now, on the de-
velopmentof computationallysoundmechanismsalgorithmsand heuristicsthat we

3 However, it might contrituteto them;seee.qg.,Ephratietal. [4] for somepreliminarywork on
usingtheintention-commitmenstratgy in multi-agentsettingsto increasecooperation.



canemploy in building IRMA agentgperhapsisingPRS!)Formalunderpinning€an,
andif atall possible,shouldaccompay thesemechanismshut unlessthey underpin
speci c algorithmsandheuristicshey seemunlikely to have muchimpact.

5 Responsdéy Tambe

| wasinvited onthis panelasarepresentatie of the Soargroupwith particularinterests
in multi-agentsystemsThus,in this shortresponsel will mainly focuson the rela-
tionshipbetweerSoarandBDI models For the sake of simplicity, onekey assumption
in my responsés consideringPRS,dMARS, andIRMA to be the paradigmatidBDI
architecturesOf course,t alsoshouldbe understoodhat despitemy twelve yearsof
researchusingSoar | alonecannotpossiblycaptureall of the diversesetof views of
Soarresearchers.

I will begin hereby rst pointing out the commonalityin Soarand BDI models.
Indeed,the Soarmodelseemdully compatiblewith the BDI architecturesnentioned
above. To seethis, let us considera very abstractle nition of the Soarmodel.Soaris
basedon operatorswhich are similar to reactve plans,and states(which includeits
highest-leel goalsandbeliefsaboutits environment).Operatorsarequali ed by pre-
conditionswhich helpselectoperatordor executionbasedon anagents currentstate.
Selectinghigh-level operatorsor executionleadsto subgoalsandthusa hierarchical
expansionof operatorensuesSelectedperatorsarereconsideredf theirtermination
conditionsmatchthe state.While this abstractdescriptionignoressigni cant aspects
of the Soararchitecturesuchas (i) its meta-leel reasonindayer, and (ii) its highly
optimizedrule-basedmplementatiodayer, it will sufcient for the sale of de ning an
abstracmappingbetweerBDI architecturesndSoarasfollows:

1. intentionsareselectedperatorsn Soar;

2. beliefsareincludedin thecurrentstatein Soar;

3. desiesaregoals(includingthosegeneratedrom subgoaledperators)and

4. commitmenstrategiesare stratgiesfor de ning operatorterminationconditions.
For instancepperatoramay be terminatedonly if they areachiesed,unachigable
or irrelevant.

Bratmansinsightsabouttheuseof commitmentsn plansareapplicabldén Soaraswell.
For instancejn Soar a selectetbperator(commitment)constrainghe new operators
(options)thatthe agentis willing to considerIn particular the operatorconstrainghe
problem-spac¢hat is selectedn its subgoal.This problem-spacén turn constrains
the choiceof new operatordhatareconsideredn the subgoal(unlessa new situation
causeghe higherlevel operatoritself to be reconsidered)interestingly suchinsights
have parallelsin Soar For instanceNewell hasdiscusseétlengththerole of problem
spacesn Soar

Both SoarandBDI architecturehave by now beenappliedto several large-scale
applicationsThus,they shareconcern®f ef ciency, real-time,andscalabilityto large-
scaleapplications Interestingly even the applicationdomainshave also overlapped.
For instance PRSand dMARS have beenappliedin air-combatsimulation,which is
alsooneof thelarge-scaleapplicationgor Soar



Despitesuchcommonalitytherearesomekey differencesn SoarandBDI models.
Interestingly in thesedifferencesthe two modelsappearto complemeneachother's
strengthsFor instance Soarresearchastypically appealedo cognitive psychology
and practicalapplicationsfor rationalizingdesigndecisions.In contrast,BDI archi-
tectureshave appealedo logic and philosophy Furthermore Soarhasoften taken an
empiricalapproacho architecturelesignwheresystemsre rst constructeéindsome
of the underlyingprinciplesare understoodria suchconstructedsystemsThus, Soar
includesmodulessuchaschunking,a form of explanation-basetkarning,anda truth
maintenanceystemfor maintainingstateconsisteng, which asyet appearto be ab-
sentfrom BDI systemsin contrastthe approactin BDI systemsappeardo beto rst
clearlyunderstandhelogical or philosophicaunderpinningsndthenbuild systems.

Basedon the above discussionijt would appeatthatthereis tremendouscopefor
interactionin the SoarandBDI communitieswith signi cant opportunitiesfor cross-
fertilization of ideas BDI theoriescould potentiallyinform andenrichthe Soarmodel,
while BDI theoristsandsystenbuildersmaygainsomenew insightsfrom Soars exper
imentswith chunkingandtruth maintenanceystemsyet, thereis anunfortunatdack
of awarenes®xhibited in both communitiesabouteachothers'researchThe danger
hereis thatbothcouldendup reinventingeachothers'work in differentdisguises.

In my ownwork, | have attemptedo bridgethis gap,roughlybasednthemapping
de ned above. For instance Cohenand Levesques researchon joint intentions[12],
and Groszand Kraus's work on SHAREDPLANS [9] hassigni cantly in uenced the
STEAM systenfor teamvork, which | have developedn Soar However, thisis justone
suchattempt.This paneldiscussiorwasan excellentstepto attemptto bridgethis gap
in general.
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