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Abstract

Autonomousagentsaresystemscapableof autonomousdecisionmaking in real-timeenvi-

ronments.Computationis a valuableresourcefor suchdecisionmaking,andyet theamountof

computationthatanautonomousagentmaycarryoutwill belimited. It followsthatanagentmust

beequippedwith a mechanismthatenablesit to make thebestpossibleuseof thecomputational

resourcesat its disposal.In this paper, we review threeapproachesto thecontrolof computation

in resource-boundedagents.In additionto a detaileddescriptionof eachframework, this paper

comparesandcontraststheapproaches,andlists theadvantagesanddisadvantagesof each.

1 Intr oduction

Until aboutthemid 1980s,researchin thedesignof intelligentagentswasdominatedby STRIPS-style

classicalplanningapproaches[AHT90]. Theseapproachesfocussedonalgorithmsfor automaticplan

generation,wherean agentgeneratesa plan (cf. program)to achieve somestateof affairs moreor

lessfrom first principles.This styleof planning,it wasbelieved,wasa centralcomponentin rational

action.By themid 1980s,however, anumberof researchers,of whomRodney Brooksis probablythe

bestknown [Bro99], beganto claim that planningapproaches,which directly dependuponexplicit

symbolic reasoning,were fundamentallyflawed. First, it wasargued,symbolic reasoningsystems

tendto becomputationallyintractable– renderingthemof limited valueto agentsthatmustoperate

in anything like real-timeenvironments[Cha87, Byl94]. Second,muchevery-daybehaviour doesnot

appearto involve abstractdeliberation,but seemsto arisefrom theinteractionbetweencomparatively

simpleagentbehavioursandtheagent’s environment.

The challengeposedby the behaviour-basedArtificial Intelligence(AI) researchof Brooksand

colleagueshasarguablyled to somefundamentalchangesin theagendaof theAI communityin gen-

eral.First,it hasbecomewidely acceptedthatintelligentbehaviour in anagentismorecloselycoupled

to theenvironmentoccupiedby theagentthanwasperhapshithertoacknowledged.As aconsequence,
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therehasbeenrenewed interestin theuseof morerealisticenvironmentalsettingsfor theevaluation

of agentcontrolarchitectures.Second,it hasbecomeacceptedthatwhile reasoningis an important

resourcefor intelligentdecision-making,it is not theonly suchresource.As aconsequence,therehas

beenmuchinterestin hybrid approachesto agentdesign,which attemptto combinereasoningand

behavioural decision-making[WJ95, Mue97].

The basicproblemfacedby an autonomousagentis that of decisionmaking, and in particular,

decidingwhatactionto perform.But anormativenotionof decisionmaking,(suchasdecisiontheory

[NM44]), is not suitablefor implementationin intelligent agents:decisiontheoryhasbeenhighly

successfulasa tool with which to analyseformal mathematicalmodelsof decisionsituations,but it

wasnever intendedfor implementation. In fact,classicaldecisiontheoryseemsto imply thatanagent

musthavebothunlimitedtimeandcomputationalresourcesin orderto reachadecision.In addition,it

assumesthatanagentalwayshascompleteaccessto its environmentto gatherall relevantinformation

necessaryto makeadecision.For aresource-boundedagentsituatedin areal-timeenvironment,these

assumptionsarenot valid.

Reasoningis thusavaluableresourcefor decisionmakingin intelligentagents.It follows thatthe

ability to effectively control reasoning– to applyit to besteffect– is likely to becritical to thesuccess

of rationalagents.In thispaperwepresentasurvey of thethreebest-known approachesto thecontrol

of reasoningin rationalagents:

� ContinuousDeliberation Scheduling(BoddyandDean)[BD89] –

Thisplanningalgorithmis basedontheideathatanagenthasafixedsetof decisionprocedures

to react to eventshappeningin the environment. The quality of the solution of a decision

proceduredependson the time given to theprocedure.Continuousdeliberationschedulingis

analgorithmthatschedulesdecisionproceduresto achieve thehighestoverall satisfaction.� DiscreteDeliberation Scheduling(RussellandWefald) [RW91] –

This planningalgorithmis basedon the ideathat at every momentin time an agentmustde-

liberateor act.Discretedeliberationschedulingis analgorithmthatdecideson thebasisof the

expectedvaluesof deliberationor action,whetherto deliberateor to actrespectively.� Boundedoptimality(Russell,SubramanianandParr) [RSP93]–

A perfectly rationalagentbasesits reasoningon decisiontheory, given what it knows of the

environment.In practice,whereagentsreasonin real-time,this typeof rationality is not feasi-

ble, thuswe have to selecta subsetof theseperfectlyrationalagentsthatareableto reasonin

real-time. Theagentsin this subsetarecalledboundedoptimalagents,andbehave aswell as

possiblegiventheir computationalresources.

Researchon resource-boundedagentsoriginatesin Simon’s work on boundedrationality [Sim82],

which investigatesrationalityassumingthattheresourcesof thedecisionmakerarelimited. All three

of thealgorithmsdiscussedabove arebasedon ideasfrom boundedrationality.
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The remainderof this paperis structuredas follows. In section2 we explain the theoretical

backgroundof the subjectdiscussedin this paper: in section2.1 we set out the fundamentalsof

decisiontheory and introduceutility theory and probability theory; in section2.2 we discussthe

origin of theresearchdescribedin thispaper, i.e.,boundedrationality;andsection2.3explainshow the

conceptof meta-reasoning–reasoningaboutreasoning– isusedhere.In section3wediscussthethree

mentionedtime-dependentplanningalgorithmsandcompareandcontrastthem.Finally, in section4

we teaseout somecommonthreadsfrom thethreeapproaches,andpresentsomeconclusions.

2 Background

2.1 DecisionTheory

Decisiontheorymakes a distinctionbetweena decisionmaker andan environment, andviews the

decisionprocessasan interactionbetweenthesetwo. A parallelcanbe drawn with the conceptof

agency: thebasicnotionof anagentis a mappingfrom environmentstatesto actions:dependingon

thecurrentstate,anagent’s concernis to generateactionsto respondto eventsin thatstate[RN95].

In decisiontheory, thedecisionprocessis essentiallya mappingfrom environmentalstatesto actions

as well. But additionally, decisiontheory imposestwo importantprincipleson the action space:

theprinciple of completenessrequiresthatall possibleactionsmustbe representedentirely, andthe

principle of exclusionrequiresthatall actionsmustexcludetheotherones,i.e., only a singleaction

canbechosenatany point in time. Weexplain laterin thissectionhow decisiontheoryaccomplishes

theseprinciples. A mechanismthat obeys theseprinciplesshouldbe able to deal with complete

decisionsituationsin which the occurrenceof future environmentalstatesis certain. However, it

cannotdealwith incompletedecisionsituations.We considertwo differentkinds of incompleteness

with respectto the availableinformationaboutthe actionoutcomespace.Firstly, decisionsin risk:

whenthereis risk involvedin adecisionsituation,thenfor eachfuturestatetheavailableinformation

includestheprobabilityof occurrenceof this state.Thustheoutcomesetis known, andprobabilities

areassignedto every memberof this set. Secondly, decisionsin uncertainty: in this case,thesetof

possiblefuture statesis known, but no informationis availableaboutthe individual probabilitiesof

occurrence.Comparedto thedecisionsin risk, this secondkind of incompletenesscontainsevenless

information:theoutcomespaceis known, but no probabilitiescanbeassignedto its members.

In thissectionwe formalisethesethoughtsondecisionmakingby discussingdecisiontheory. We

regarddecisiontheoryasthetheoryof rationaldecisionmaking[WK99]:

Definition 1 Rationaldecisionmakingis choosingamongalternativesin a waythat “pr operly” ac-

cordswith thepreferencesandbeliefsof a decisionmaker.

Thedecisionmaker canbean individual or a groupmakinga joint decision. In this paper, we only

considercasesin which the decisionmaker is an individual. The subjectof decisionmaking has

receivedattentionfrom a varietyof researchareas:economicsandpsychology[NM44] anddecision
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andgametheory[LR57]. Themostabstractnotionof rationaldecisionmaking[WK99] is concerned

with alternatives,preferencesthat reflect the desirabilityof the alternatives,andrationality criteria.

On a moreconcretelevel, we areconcernedwith possibleactionsin the world, the desirabilityof

statesthoseactionswould leadto, andsomeorderingon desirability. Thebasisfor decisiontheory

is utility theoryandprobability theory. Utility theoryprovidesus with a framework that formalises

how desirabledifferent statesare, and probability theory provides us with a way to formalisethe

probabilitythattheworld will bein acertainstate.

By theterm“utility theory”,weunderstandthefollowing:

Definition 2 Utility theoryis concernedwith measurementandrepresentationof preferences.

The term utility refersto the measurementscaleof preferences.Although in its initial definition,

utility only appliedto monetaryvalues[NM44], it canbeappliedto all sortsof outcomes.Thebasis

of utility theory is a preferenceorder � , which is normally a completepreorderover an outcome

space� . Theorderof preferencesis thenrepresentedby autility function �����
	�� 
 . If � is weakly

preferredover � , thenwe indicatethis by ����� , which canberepresentedby ����������������� ; if � is

alwayspreferredover � , then ��������������� � . Utility is thusmeasuredon anordinal scale(although

representedcardinal).

Whenfacedwith a decision,we have to selecta choicefrom a setof possiblechoices.A specific

choicewill have a certainrelevant outcome! for the decisionmaker (assumingthe environmentis

deterministic). Let � be the setof all possibleoutcomes.If we make a choice,this will leadto a

certainoutcome. Whena utility function is definedover all possibleoutcomes,we want to make

a choicethat leadsto the outcomewith the highestutility. However, if the outcomeof a choiceis

notcompletelycertain,wealsohave to take into accounttheprobabilitydistribution over thepossible

outcomes.A well-known decisiontheoreticmodelthatcapturesexactlythisideais theexpectedutility

theory: we calculatethe expectedutility of every possiblechoiceandwe make the choicewith the

highestexpectedutility. Let "#�$!&%(')� denotetheprobabilityof outcome! giventhattheagentmakes

choice' and ���$!*� betheutility of ! . Thentheexpectedutility +����$',� of choice' is

+����$')�.-0/13254 "6�$!#%5')�7���$!(�
Under this simpleand idealisedmodel,a “rational” agentis one that chooses' so as to maximise+����$')� . Appealingthoughthis modelof rationalchoiceis, it is frequentlynot consistentwith the

behaviour of individualsin practice:peopleseemto actirrationallyfrom timeto time. Thisapparently

irrational behaviour of peoplein practiceneedssomeexplanation. At leasttwo explanatoryfactors

canbeidentified(from [Gle91, p328]): experience, becausewhile our mentalmachinerymight only

have somelimited capacityfor reasoning,this capacityneedsexperienceto cometo its full purpose;

andouruseof heuristicsandbiases, becausewhile we might beeducatedwith scienceandstatistics,

weoccasionallystill useheuristicsandfall prey to biases.Thisdoesnotmeanthatindividualsindeed
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areirrational; at worst, our rationality is bounded– resultingfrom circumstance,habit, andlimited

processingcapacity. This leadsto the viewpoint that decisionmakers in practicedo not optimise,

which gives rise to the study of “boundedrationality”. Whereasa decisiontheoreticmodel gives

usannormativeview of decisionmaking,boundedrationalityoffersusa prescriptiveone. In other

words,decisiontheoryaimsto answerthe questionwhat to decideandboundedrationality aimsto

answerthequestionhowto decide.Naiveattemptsto “implement” decisiontheorytendto besearch-

based,andsuchsearch-basedalgorithmsarerarely usableif decisionsarerequiredin anything like

real-time.

2.2 BoundedRationality

It is clear that when AI problemsaremoved towardsreality, decisionsituationswill becomereal-

time. An importantcharacteristicof a real-timedecisionsituationis thattheutility of anactionvaries

over time. Ontheonehand,theutility might increaseover time,e.g.,theoutputqualityof ananytime

algorithm(describedin section3.1)increaseswhenit is executedlonger. Ontheotherhand,theutility

mightdecreaseovertime,e.g.,whentheagentmissesanopportunitylikeadeadline.An exactmethod

to resolve a decisionsituationis inherentlyintractable,becauseit typically involvessearch,which is

usuallyintractable.Instead,an agentusesan algorithmwith oneof two properties:approximation,

wherethe solution is guaranteedto be within some 8 of the optimal solution,or probablycorrect,

wherethealgorithmwill returntheoptimal solutionwith probability 9 . Researchon thesekinds of

algorithms,generallyreferredto asboundedrationality, wasinitiatedby Simon[Sim82] in theearly

1950s.This work is describedin this section.In the1960s,Good[Goo71] distinguisheda “type II”

rationality from classical“type I” rationality. Type II rationality maximisesexpectedutility taking

into accountdeliberation costs.

In this paper, the term “boundedrationality” is usedfor indicating the field of researchthat is

concernedwith the problemsthat real-timeagentsare facedwith: finite computationalpower and

finite time in which to reason.Boundedrationalityis definedasfollows [WK99]:

Definition 3 Boundedrationality is rationality asexhibitedby decisionmakers of limitedabilities.

Boundedrationalityhasreceivedattentionfrom avarietyof researchfields: economics[Sim57],phi-

losophy[Den87], cognitive science[WK99], andartificial intelligence[Rus97]. It is closelyrelated

to thedisciplinesof rationaldecisionmaking,decisiontheory, utility theoryandmeta-reasoning.As

mentionedpreviously, rationaldecisionmakingis choosingamongalternatives in a way that corre-

spondswith thepreferencesandbeliefsof a decisionmaker, but implicitly assumesinfinite time, in-

finite computationalpower andcompleteinformation.Simon[Sim55] proposeda behavioural model

of rationalchoice,the “administrative man”, which replacestheconceptof “economicman” with a

kind of rationalbehaviour, that is compatiblewith the accessto informationandthe computational

capacitiesthatorganisms(includingman)possess.Experimentalevidencefor this modelis given in

[Sim57]. It documentscasesin which decisionmakersdo not live up to theidealof rationaldecision
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making.Idealprobabilityandutility distributionsimply adegreeof omnisciencethatis incompatible

with thepsychologicallimitationsof theorganism.Organismsadaptwell enoughto “satisfice”(con-

catenationof satisfy andsuffice); they do not “optimise” aspostulatedby decisiontheory[Sim57].

Simonpresenteda simulatedorganismthatcouldsurvive in its environment,despitethe fact that its

perceptualandchoicemechanismswerevery simple. In the samework, he identifiedsomestruc-

tural characteristicsthataretypicalof the“psychological”environmentsof organisms,which referto

the relationbetweentheorganism’s goalsandtheaccessto informationin theagent’s environment.

Examplesof suchcharacteristicsarethattheaccessto informationandtheenvironmentlimit theplan-

ning horizonfor theorganism,andthat theorganism’s needsandtheenvironmentseparate“means”

from “ends”verynaturally. Someof thesecharacteristicsreappearedsome30yearslaterin theagents

literatureon environmentalproperties[RN95, p46]:

� accessiblevs. inaccessible

If anagenthasaccessto thecompletestateof theenvironment,theenvironmentis accessible.� deterministicvs.nondeterministic

If thenext stateof theenvironmentis uniquelydetermined,theenvironmentis deterministic.� episodicvs.non-episodic

If theagent’s experienceis dividedinto “episodes”whichconsistof perceiving andacting,and

episodesdo not dependon pastor futureepisodes(regardingquality andaction),theenviron-

mentis episodic.� staticvs.dynamic

If theenvironmentcannotchangewhile anagentis deliberating,theenvironmentis static.� discretevs.continuous

If therearea limited numberof distinct, clearlydefinedperceptionsandactions,theenviron-

mentis discrete.

A subtledistinctionmustbemadebetweenboundedrationalityasusedin economicsor cognitive

scienceandtheway we useit here.In economicsandcognitive science,boundedrationality is used

to explain why humanbehaviour is irrational. In this paper, boundedrationality is morenarrowly

defined:it only addressesthe issueof resourcebounds(in termsof time andcomputationalpower)

in decisionmaking. Whendesigningagentsthatarein continuousinteractionwith a real-timeenvi-

ronment,we have to accountfor the fact that theseagentshave to considertheir own resources.An

agentcannotdeliberateindefinitely, becauseatsomepoint in timeit hasto act.Agentshave to beable

to controltheir deliberationin orderto seizeopportunitiesandto acteffectively in theirenvironment.

A well-known mechanismthatcouldbeusedascontrol is meta-reasoning,which is discussedin the

next section.
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2.3 Meta-reasoning

Meta-reasoning, or meta-level reasoning,means“reasoningaboutreasoning”[WK99]. Meta-level

reasoningis distinguishedfrom its counterpartobject-level reasoning. Object-level reasoningis de-

liberationaboutexternalentities,e.g.,consideringwhich actionto take, wheremeta-level reasoning

is deliberationaboutinternal entities,e.g.,decidingwhetherit is worth deliberatingabouta specific

action. If the universeof discourseis a gameof chess,object-level reasoningmight for example

be concernedwith which openingmove to make andmeta-level reasoningwith decidingwhetherit

is worth deliberatingaboutwhich openingmove to make. Russellgivesthe following definition of

meta-reasoning[WK99]:

Definition 4 Meta-reasoningis any computationalprocessthat is concernedwith the executionof

othercomputationalprocesseswithin thesameagent.

Meta-reasoningserves two importantpurposesin an intelligent agent[WK99]. Firstly, it gives the

agentcontrolover its (object-level) deliberation.Secondly, it increasestheflexibility of theagentin

theway it enablestheagentto recover from errorsin its object-level deliberation.

We touchuponusingmeta-reasoningfor agentsby describingthreemeta-reasoningarchitectures

(from [RW91]): TEIRESIAS, MRS andSOAR. TEIRESIAS [Dav82] is built upona MYCIN-type rule-

basedsystem[BS84] andprovides explanation,knowledgeacquisitionandstrategy knowledgefa-

cilities to control the reasoningin MYCIN. Like MYCIN, TEIRESIAS is usedfor giving consultative

adviceon diagnosisandtherapy for infectiousdiseases.Onelimitation of MYCIN is thatit is notable

to dealwith time considerations.For example,whenit takes48 hoursto positively identify whether

somespecimenis infected,MYCIN cannotmake adecisionbeforethose48hourshave passed.How-

ever, in reality, a physicianoftenmustmake a decisionbasedon early evidenceof bacterialgrowth

in the specimen.In that case,TEIRESIAS canassistthe physicianby explaining why MYCIN waits

48 hoursandthenthephysiciancantake appropriateactionto further the reasoningin MYCIN. The

meta-reasoninglevel in TEIRESIAS decideswhich rule to executein MYCIN. In TEIRESIAS, object-

level rulesaregivenavalue;theconceptof valuesis usedfor comparingvariouspossiblecomputation

steps.Themeta-level ratesvaluesof applicableobject-level rulesandcandecidethatsomeruleshould

be applied. Meta-reasoningin TEIRESIAS is doneover the valuesof object-level rules(or possible

computationsteps)andis notusedfor describingtheoutcomesof computationsteps.

In the MRS architecture[GS81],meta-reasoningselectscomputationaltasksandmethodswhich

areto becarriedout. Taskselectionhappensthrougha preferencemechanismsimilar to theoneused

in TEIRESIAS: a taskis selectedif no runnabletask is preferredto it. Thereis a methodselection

componentin MRS that reducesabstracttasksto concreteprocedures;theseproceduresaredirectly

executablewhereasabstracttasksarenot. Reasoningaboutpreferencesis doneusinga backward-

chainingtheorem-prover [RN95] andobject-level inferencestepsareselecteddependingon theprob-

ability of successof aproof beginningwith thegivenstep.

The SOAR [NRL89] systemusesa goal-basedexecutionarchitecture:reasoningis donein prob-

lemstatesdefinedby agoal,initial state,andsetof operators.Exampledomainsof SOAR includethe
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well known Eight Puzzle,industrialexpertsystems,naturallanguageparsing,andAI weakmethods

(suchasand/orsearchandhill climbing). In SOAR, operatorsareselectedin threestages:(1) elab-

oration, in which all the rules in long-termmemoryare triggered,if matchingthe currentstate,to

provide preferences;(2) decision,in which preferencesareresolved to selectan operatorto apply;

and(3) subgoaling,if resolutionis unsuccessful,thesystemtriesto solve it andcommitsitself to this

subgoal. The automaticsubgoalingselectionmethodis the most innovative featurein SOAR. The

key point aboutSOAR is thatit canconductasimulationof object-level computationstepsin orderto

selectamongthem,unlike TEIRESIAS andMRS. However, theSOAR architecturecannotreasonwith

uncertaintyandthemodelSOAR usesfor computationalactionscannottradeoff time for accuracy in

solutions.Theability to tradeoff time for accuracy in solutionsis possiblythemostimportantissue

whenwewantto usemeta-reasoningto modela resource-boundedagent.

2.4 Resource-BoundedAgents

Weconcludethissectionwith abriefoverview of issuesinvolving theresource-boundedness of agents.

We return to theseissuesin the next section,in which we discussframeworks for time-dependent

planning. We show in the next sectionthat every framework approachesthe issuesmentionedhere

from differentperspectives.

To startoff on thehighestlevel of abstraction,we areconcernedwith a system. Thecomponents

in sucha systemareagents1 andan environment. In this paper, we arenot concernedwith systems

containingmorethanoneagent,i.e.,multi-agentsystems,but limit ourselvesto singleagentsystems.

Thetwo primaryissuesthatarecharacteristicfor situatedresource-boundedagentsaretimeandaccess

to information. Both theseissuesareto betakeninto considerationby theagent,but arepropertiesof

theenvironment.Thisconcludestheissuesthatareexternal to theagent.

The two main processeswithin the agentare reasoningandacting. We distinguishtwo kinds

of reasoning:deliberation – reasoningaboutwhat to do, and means-ends– reasoningabouthow

to do it. The componentsthat enabledeliberative reasoningarean evaluationmechanism– on the

basisof which theagentdecideswhat to do, anda control mechanism– which enablestheagentto

dealwith time-dependency. Theevaluationmechanismis typically utility based.However, it is open

to discussionover whatoneshoulddefinetheutility, e.g.,previousmodelshave definedutilities over

environmentstates,actions,actionhistoriesandactionsequences.Thecontrolmechanismis typically

basedonsomesortof meta-reasoning.

The main issuewe thenconcernourselves with in this paperis how an agentdealswith time-

dependency, which is theessentialissuethatunderliestheframeworksdiscussedin thenext section.

Theseframeworksassumethatinformationaboutdeadlinesis available,onthebasisof whichoptimal

actions(or actionsequences)have to begenerated.A disadvantageof thisassumptionis thatit makes

theframeworksonly directlyapplicablein deliberativeagents,i.e.,reactivebehaviour – theimmediate

respondingto events– cannotbe easilymodeledusing this approach.This meansthat in order to
1In a decision-theoreticcontext, anagentis calleda decisionmaker.
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modelawider rangeof agents– includingreactive agents,theseframeworkshave to bechanged.

To summarise,in this sectionwe discussedsomebackgroundissuesin the control of reasoning

in resource-boundedagents.Thepopularway to theoriseaboutdecisionmakingin agentsis classic

decisiontheory. A limitation of decisiontheoryis thatit doesnotgivesusany methodhowto make a

decision,but it merelytells what to decide.All naive waysto implementclassicdecisiontheorytend

to be searchbasedandthereforeinherentlyintractableandnot likely to be very useful in practice.

Both thedecisionmaker andtheenvironmentconstrainthedecisionprocess:thedecisionmaker has

boundedresources,specificallycomputationalpower, andareal-world environmentis obviouslyreal-

time, i.e.,decisionshave to bemadewithin a certainamountof time. This meansthedecisionmaker

mustcontrol its decisionmaking,or, in a moregeneralcontext, control its reasoning.To do this, it

needsto reasonaboutreasoning,i.e., it needsto meta-reason.

3 Time-DependentPlanning

Time-dependentplanning is concernedwith determininghow best to respondto predictedevents

whenthetime availableto make suchdeterminationsvariesfrom situationto situation[BD94]. The

intuition behindtime-dependentplanningis that an agentshouldmake optimal useof its available

time. In this section,we discussthreetime-dependentplanningframeworks: two arebasedon the

ideaof schedulingthe necessarydeliberation:continuousanddiscrete,respectively; the third one,

boundedoptimality, extendsdiscretedeliberationschedulingto beappliedto agents.Throughoutthe

discussionsof theseframeworks,we usetheTILEWORLD planningscenario[PR90]to illustratehow

to applytheframeworks.Finally, we discusstheBelief-Desire-Intention(BDI) agentarchitectureand

thegeneralMarkov DecisionProcess(MDP) planningframework, in which time-dependentplanning

algorithmscanbeapplied.

3.1 Continuous Deliberation Scheduling

In [BD89], a framework is introducedcalledexpectation-driven iterativerefinement. This framework

enablesoneto constructsolutionsto time-dependentplanningproblems.Theplanningin this frame-

work is doneusinga setof decisionprocedurescalledanytimealgorithms. A decisionprocedure

is a procedureusedby an agentto selectan actionwhich, if executed,changesthe world [Zil96].

Two typesof actionsaredistinguished.Thefirst typeof actionsareinferential, which denotepurely

computationalactions. The secondtype arephysicalactions,that changethe stateof the external

world, andmay requiresomecomputation. Essentially, anytime algorithmsare algorithmswhose

qualityof resultsimprovesmonotonicallyascomputationtime increases.Thecharacteristicsof these

algorithmsare(1) they canbe suspendedandresumedwith negligible overhead,(2) after termina-

tion atany point, they will returnananswer, and(3) answersreturnedimprove in somewell-behaved

manneras a function of time. Many conventionalalgorithmssatisfy thesecharacteristics.Zilber-

stein[Zil96], for example,shows how thesolutionof randomisedtour improvement[Law85] to the
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Figure1: A simpleexampleof continuousdeliberationscheduling(from [BD94]). Assumethat an

agenthastwo futureevents,';: and '=< , to respondto,andaimsto maximisethevalueof bothresponses.

Theagenthasat its disposaldecisionproceduresfor respondingto events' : and ' < . In (i) and(ii) the

respective performanceprofilesof thesedecisionproceduresareshown. Sucha performanceprofile

definestheexpectedresponsevalue( >@? ) asafunctionof theallocatedtime( A ) for thatdecisionproce-

dure.Panel(iii) showstheallocationof timefor therespectivedecisionprocedures,resultingfrom the

continuousdeliberationschedulingalgorithm. Panel(iv) shows thefinal deliberationschedule,after

collectingandsortingthetimeslices.

Traveling SalesmanProblem(TSP)canbeusedasananytime algorithm.

BoddyandDeaninvestigatedtherandomisedtourimprovementasananytimealgorithmin aprob-

leminvolving arobotcourierassignedthetaskof deliveringpackagesto asetof locations.Therobot’s

only concernherewastime: it tries to minimisetime consumeddeliberatingaboutwhat to do. This

taskactuallyinvolvestwo primary tasks:tour improvementandpathplanning.Anytime algorithms

areemployed for solving both problemsandstatisticsaregatheredon their performanceto be used

at runtimein guidingdeliberationscheduling.Theprocessof deliberation schedulingis the“explicit

allocationof computationalresourcesbasedontheexpectedeffectof thoseallocationsonthesystem’s

behaviour” [BD94]. Deliberationschedulingis accomplishedby a sequenceof allocationdecisions

madeby thesystemastimepasses,aseventshappen,andasnew informationbecomesavailable.The

gatheredstatisticsrepresenttheperformanceof thealgorithmandarecalledperformanceprofiles. A

performanceprofile of ananytime algorithmis theexpectedoutputquality asa functionof run time

[Zil96].

Figure1 showsasimpleexampleof continuousdeliberationscheduling(from [BD94]). Theprob-
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lem in this exampleis asfollows: assumethecurrenttime is BC (in figures1.iii and1.iv indicatedby

“now”), at which the agenthastwo eventsto respondto, 'D: and 'E< , respectively, and constructa

schedulefor deliberationto respondto thoseevents,maximisingthe quality of the responses.Fig-

ures1.i and1.ii show theperformanceprofilesfor thedecisionproceduresfor ';: and 'E< , respectively.

Figure1.iii shows theallocationof time perdecisionprocedureafterexecutingthecontinuousdelib-

erationschedulingalgorithm,andfigure1.iv shows theallocationof time aftercollectingandsorting

thetime slicesfor thedecisionproceduresfor ';: and '=< . Thealgorithmworksfrom right to left and

startsby allocatingall time between';: and 'E< to the decisionprocedurefor 'E< , becausethereis no

usein spendingtime on the decisionprocedurefor 'D: whenevent ';: hasoccurred. The algorithm

thendecideswhich decisionprocedureto allocatetime for, basedon the increasein quality of the

solutionof the decisionprocedures.This is donefor an interval of time over which the increaseis

continuous.In this example,time is allocatedfirst to thedecisionprocedurefor ';: , thenfor '=< , for ';:
andtherestfor 'E< . This is shown in figure1.iii. After all availabletime is allocated,the time slices

arecollectedandorderedandtheagentcanstartexecutingtheanytime algorithms,which resultsin

thegraphshown in figure1.iv. Here,theagentexecutesthedecisionprocedurefor ';: until a certain

momentand thenstartsexecutingthe decisionprocedurefor '=< . Becausethe decisionprocedures

areanytime algorithms,theagentcanrespondto event 'D: by giving thesolutionit reachedwhenthe

decisionprocedurefor ';: wasstopped.

In theremainderof this section,we explain how BoddyandDeanformalisecontinuousdelibera-

tion scheduling.This formalisationresultsin adeliberationscheduleprocedureF&G , thatis described

below. An importantassumptionBoddy and Deanmake is that at any momentin time the agent

knows abouta set of pendingconditionsit hasto respondto2. A secondassumptionthey make

is that the value of the agent’s responseto one condition is independentof the responseto other

conditions. The decisionabouthow long to executewhich decisionprocedurefor is basedon the

valuesof the responsesto conditions.Let 
IH;JK9L!NMOJNHP�$')� denotethe responseto condition ' , andletQ �$
IHDJR9L!NMOJ;H��$',�S%�')� be the valueof respondingto condition ' with 
IHDJR9L!NMOJ;H��$')� given the occur-

renceof ' . The total valueof the responseto a setof conditions T is the sumof all valuesof the

conditions,giventhatthatconditionoccurs:

/? 25U Q �$
IHDJR9L!NMOJ;H��$',�V%N',�
Thevalueof a responseis theoutputqualityof aperformanceprofile,andin termsof decisiontheory,

denotestheutility of aresponse.TheagenthasadecisionprocedureW,9X�$')� for eachcondition'ZY[T . A

decisionprocedureis ananytimealgorithm(asdescribedabove). A performanceprofile (asdescribed

above) for this algorithmis formalisedby a function >@?���� 
\	]� 
 . An exampleof sucha function

is shown in figure 1.i. Let ^`_$_$!N'*�aADbRW,9X�$')�K� denotethe allocationof A time units to W)9X�$')� and let
2The term event is usedinterchangeablywith condition in the formalisation,becausean event can be viewed as a

conditionfor theagentto act.
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Q �$
IHDJR9L!NMOJ;H��$',�Z%�'NbR^`_�_$!5'*�aA)bRW)9X�$')�K�K� bethevalueof theresponseto ' , given theoccurrenceof ' and

theallocationof A time units to W)9X�$')� to calculate
IH;JK9c!;MOJNHP�$')� . Then >@? takestheamountof time,A , andreturnstheexpectedvalueof theresponseto ' with W)9X�$')� runningfor thespecifiedamountof

time:

>@?)�aA5�.-d+S� Q �$
IH;JK9c!;MOJNHP�$')�e%5'NbR^`_$_�!5'*�aADbRW,9X�$')�K�K�K�
Becausewe assumethattheresultquality of anytime algorithmsimprovesmonotonicallyasrun time

increasesand performanceprofiles denotethe expectedoutput quality of run time, the resultsof

performanceprofile functionswill alsoimprove monotonically. This meansthatperformanceprofile

functionshavediminishingreturns, i.e.,slopesof consecutive line segmentsmustbedecreasing:fc'�YT���g�hcbK>@?E� C �i-�hj� C � suchthat h ismonotonicallyincreasing,continuous,andpiecewisedifferentiable

and fL�ObK�kYl� 
Im suchthat hcn������ and hcn������ exist, ���o�p� �q-@r �ahcn$�����s�thcna�����K� .
Theideabehindthe F&G procedureis to work backwards,startingat thetimeof occurrenceof the

lastconditionto respondto. Let Tu-\vD';:)b,w,w,wObR'=xzy bethesetof conditionsto be respondedto. LetC|{~} HP�$')� bethetime of occurrenceof condition ' , andlet �e� C � bethesetof all conditionswhosetime

of occurrenceis laterthansomeparticulartime
C
:

��� C �j-�vD'�%��$'ZY[T������ C|{~} HP�$')��� C �7y(b
Next, let _$^`J C � C � bethetime of occurrenceof condition ' that is not in �e� C � :

_$^�J C � C �j-����N��v C�{~} H��$')�V%N'ZY��~T����e� C �7yN�3w
In F&G ,

C
is initially set to �I� . In that case,we actuallydo not needto be concernedwith �e� C � ,

becausethereareno conditionswith time of occurrencelaterthan �I� . Clearly, if
C

takesany value

otherthan �I� , thenit is possiblethereareconditionswith a time of occurrencelater than
C

– these

conditionsaretakeninto accountusing �e� C � .
Next, we have to decidehow to allocateprocessortime to decisionprocedures.This is based

on the expectedgain in value for the decisionproceduresfor conditionsin �e� C � . Let ���K����� be the

gainof the
{
th decisionprocedurehaving alreadybeenallocated� amountof time. The term � � �����

is formulatedastheslopeof the linearsegmentof > � at � . If > � is discontinuousat � , then � � ����� is

theslopeof thelinearsegmentat thepositive sideof � . Finally, let
}&{ M ^�_$_$!5'5��v;A=��yN� betheminimum

of time interval lengthsfor thenext linearsegmentsfor performanceprofilesgiventhetime allocated

thusfar. This is required,becausewhenselectingdecisionprocedures,the currentgainshave to be

constant.

Now we canintroducethedeliberationscheduleprocedureF&G . F&G consistof threemainloops:

1. Initialiseallocationvariables(use_$^�J C �����p� ).
12



2. Decidehow muchtimetoallocateperdecisionprocedure(use_�^�J C � C � , }&{ M ^�_$_$!5'5��v;A=��yN� , ���K�aA=��� ).
3. Decidewhento run the decisionprocedures:for all selecteddecisionprocedures,run the

{
th

decisionprocedurefrom
C

till
C ��A=� andincrease

C
by A=� .

In [BD94], Boddy and Dean prove that FkG is optimal, i.e., it generatesv;A=�|y which maximises� x� >����aA=��� . For the detailedformulation of FkG and the optimality proof, we refer the readerto

[BD94].

ThedeliberationscheduleprocedureFkG assumesthat thereis no uncertaintyaboutthe timesof

occurrenceof events. Boddy andDeandescribean extensionof F&G , which assumesthereis only

uncertaininformationaboutthetimesof occurrenceof events[BD94]. This procedureis called F&G n .
In FkG n , conditionsareassumedto have probabilitydistributionsdefinedover themandto have some

earliestand latesttime of occurrence.Then the total value of the responseto a set of conditions

is the combinationof the probability that someevent happensandthe valueof the responseto that

eventat thetimeof occurrence.As F&G allocatedprocessortime intervalsto adecisionprocedure,we

now have to accountfor thepossibilitythattheevent,correspondingto thedecisionprocedure,might

alreadyhaveoccurred.FkGXn computesanoptimalsequenceof processortimeallocationfor which the

sumof expectedvaluesof responsesto theconditionsto occuris maximal. An importantdifference

betweenFkG and F&G n is that FkG n workswith processorallocationwindowsinsteadof allocatingall

processortime at once.This multi-passapproachenablesFkG n to take advantageof thefact that it is

no usedeliberatingaboutaneventafter its occurrence.Again,a detaileddescriptionof F&G n is given

in [BD94].

To conclude,thecontinuousdeliberationschedulingprocedurediscussedin thissectionoriginated

in researchon searchalgorithms.It definesa classof searchalgorithms,calledanytime algorithms,

with certainproperties,like increasingsolutionquality over time. BoddyandDeanarguethatmost

searchalgorithmscanbeimplementedasanytime algorithms.Thesealgorithmsform thebasisof the

continuousdeliberationschedulingprocedure:they arethedecisionproceduresthatenableanagent

to respondto eventsin its environment.Whentheagenthasa setof futureeventsit needsto respond

to, anddecisionproceduresareavailableto respondto theevents,theprocedureschedulestheagent’s

deliberationby maximisingthequalityof theresponsefor eachsingleevent.Welaterdiscusshow the

procedurerelatesto theotheralgorithmsdiscussedin thispaper.

Example

We briefly illustrate the continuousdeliberationschedulingprocedurein an examplarTILEWORLD

planningscenario.TheTILEWORLD is anagenttestbedthat is usedto for experimentallyevaluating

agentarchitectures.Considerthe following descriptionwhich explains the TILEWORLD scenario

[PJNm 94, p5–8]:

“The TILEWORLD consistsof anabstract,dynamic,simulatedenvironmentwith anembeddedagent. It is

built aroundtheideaof anagentcarrying“tiles” arounda two-dimensionalgrid, deliveringthemto “holes”,
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andavoiding obstacles.During thecourseof a TILEWORLD run,objectsappearanddisappearat ratespeci-

fiedby theresearcher. Theobjectsincludetiles,holes,obstacles,tile storesandagasstation.The“lifetime”

of any givenobjectis determinedby user-specifiedappearanceanddisappearanceratesfor that typeof ob-

ject. Theresearchercanalsospecifyotherpropertiesof theobjects,suchastheirsizeandscore.Theagent’s

primarytaskis to fill holeswith tiles. To do this, it mustpick up tiles,eitherfrom a tile storeor from wher-

ever it haspreviously droppedthem,carrythetiles to a hole,anddeposita tile in eachcell of thehole. If the

agentsuccessfullyfills all thecells in theholewith tiles thatmatchthehole’s shape,it is awardedwith the

full amountof thehole’s score.A lesserscoreis receivedfor filling theholeswith non-matchingtiles. The

agentis responsibleto maintainits fuel level. It consumesfuel asit movesaroundtheworld; themoretiles

it is carrying,themorequickly it burnsfuel. To obtainmorefuel, it musttravel to thegasstationandfill its

tank. If theagentrunsoutof fuel, it cannotmove for thedurationof therun.”

The robot courierexamplethat Boddy andDeanusedto illustratecontinuousdeliberationschedul-

ing, asmentionedabove, canbeeasilyrepresentedin the TILEWORLD scenario.Assumethatsome

numberof holesarescatteredaroundin the world andthe agenthasthe taskto deliver tiles to the

appropriateholes;theagentis currentlyin the tile storeandmustdeliver its tiles to theholes. This

is a typical Traveling SalesmanProblem– which rulesout a brute force approachto the problem.

We usecontinuousdeliberationschedulingto find a suitablesolution. The agentcannotdeliberate

indefinitely, becauseof thedynamicstructureof theTILEWORLD – holesmight disappearbeforethe

agentreachesthem.

Thetwo problemstheagentnow facesare:tour improvementfirst, to constructaminimaldistance

tour thatbringsit to all holesin theworld, andsecondpathplanning, to figureout for every holethe

fastestway to getfrom thatholeto thenext holein thetour. For bothproblems,we assumetheagent

hasat its disposalananytime algorithmwith aperformanceprofilewith thedesiredperformancepro-

file properties,i.e., monotonicallyimproving quality over time anddiminishingreturns.For reasons

of space,we assumethat theperformanceprofile for tour improvementis givenasperformancepro-

file >�: asshown in figure1.i andtheprofile for pathplanning >@< asshown in figure1.ii. We alsouse

events ';: and 'E< from figure1 here.Assumethat ';: indicatestheearliesttime that thecouriermight

have to startdelivering,and 'E< the latesttime thathehasto startdelivering. At ';: , thecouriermust

thushave sometour readily available for execution,althoughthat tour might be far from optimal.

At '=< , thecourierhasno time left to improve thedelivery time andhasto startdelivering. The F&G
algorithmthenworksasfollows. It startsallocatingtime for thealgorithmsbackwards,startingfrom

thetimepointof thelastevent,here' < . It continuallyselectsanamountof time,selectsthealgorithm

to allocatethis time to, andaddsthe selectedtime to theexecutiontime for the selectedalgorithm.

The methodsof selectionareexplainedin detail above andin [BD94]. Basically, the time between';: and 'E< is allocatedto the pathplanningalgorithm,sinceno tour improvementcanbe doneafter';: . The time from thecurrenttime to ';: is thendivided up in turnsbetweentour improvementand

pathplanning,dependingon which algorithmgivesthemaximumgain. When FkG hasfinished,the

deliberationscheduleresemblesfigure1.iv.
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Having completedits deliberationscheduling,theagentis still in front of the tile store,andnow

startsexecutingthealgorithmsby usingthe just computeddeliberationschedule.Thenat sometime

between';: and 'E< , the agenthasto startdelivering by executingthe tour ascomputedby the algo-

rithms. Continuousdeliberationschedulingis thususedasa meta-reasoningmethodto control the

searchalgorithmfor findingabesttour, giventimeconstraints.

3.2 DiscreteDeliberation Scheduling

The term discretedeliberation schedulingcomesfrom Boddy andDean[BD94]. It denotesa kind

of allocationof deliberationwhich treatsdeliberationasbeingdivisible into discretechunks,such

that theallocationof eachchunkis a separatedecision.Work on this subjecthasbeencarriedout by

RussellandWefald [RW91] andEtzioni [Etz89]. We discussthe work of RussellandWefald here.

Thiswork precededRussell’s theoryon boundedoptimality, which is discussedin section3.3.

The ideabehinddiscretedeliberationschedulingis thatat any momentin time, theagenthasto

choosebetweenperformingadefault action � andacomputationalactionfrom asetof computational

actionsG � . Performinga computationalactionmight causetheagentto changeits default action. In

this way, computationsaretreatedasactions,andareselectedon thebasisof their expectedutilities.

The utility of a computationdependson the passageof time (becauseof possiblechangesin the

environment)and the possiblerevision of the agent’s intendedactionsin the real world. Then it

follows that the utility of an action outcomeis uncertain,sincewe do know beforehandhow the

environmentchanges.Weassumethattheoutcomeof externalactionsis known.

RussellandWefald [RW91] distinguishthreeprogressively morespecificmodelsof deliberation

thatform thefoundationof their theory:� Externalmodel

Analysethesystemasanexternalobjectby ascribingutilities andprobabilitiesto thesystem’s

actionsandinternalstates.Thegoalof furthercomputationis to refinethechoiceof thedefault

action.� Estimatedutility model

An agentmightselectits currentbestactionby makingexplicit numericalestimatesof theutil-

ities of actions.Thebestactionis thentheactionthatcurrentlyhasthehighestutility estimate.

Furtherdeliberationis donein orderto reviseandrefineutility estimates.� Concretemodel

Here,the decisionalgorithmis specifiedasfar asthe resultsof a computationsteprevise the

agent’s intendedaction. RussellandWefald implementedmeta-reasoningsystemsup to the

concretemodel in forward searchprograms– programsthat revise the utility estimatesfor

outcomestatesby generatingandevaluatingtheir successors.Becausethis modelinvolvesthe

object-level reasoningof theagent,we do notdiscussit in muchdetail in thispaper.
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In this section,we progressively build up to the concretemodel by discussingthe threemodels.

Throughoutthediscussionwe useanexample,similar to onepresentedin RussellandWefald,which

is asfollows:

A CEO is facedwith anunpopularmanagementpolicy, for exampletheclosingdown of

factories,andmight decideto run a coarse-grainedsimulationmodel; if the resultsare

equivocal,a moredetailedmodelmight berun,but eventuallythepolicy will have to be

executed.

Two importantassumptionsaremade.Thefirst is that theoutcomesof externalactionsareknown at

thetimewhentheagentis choosingamongthem.Thesecondis thattheutility of eachoutcomestate

is not immediatelyknown, but somecomputationmight be necessary. Decisiontheory tells us the

agentshouldchoosetheactionwhich maximisestheagent’s expectedutility, asdiscussedin section

2.1. Let � be the setof possibleactions,assumesomeaction � � Y�� , and let � � ��� be the world

statethatresultsfrom takingaction �V� in thecurrentstate.Let "#�~�q�5� denotetheprobabilitythatthe

currentstateis ��� and � �V�|b3��� � is the resultof taking action ��� in world state ��� . The expected

utility of anactionis then

+6� ���K� ��� � � � -�/ � "#�~���*�7���K� ���|b3�q� � �
In themanagementexample,this would meanthattheactionis chosenwith thebestoutcome.How-

ever, this outcomemight still be consideredbad,e.g.,cutting spending.The calculationis easyto

performfor physicalactions,but slightly morecomplicatedfor computationalactions:whencalculat-

ing theexpectedutility for computationalactions,we have to take into considerationthefactthatthe

world changeswhile computingandthat theagent’s futureactionmight change.This translatesinto

thevalueof a computationalactionbeingtheutility of thecomputationitself minustheutility of the

currentdefault action. In our example,if thesimulationtakesa week,thenits valueis thedifference

betweendoing � (cuttingspending)now andclosingdown factoriesa weeklater. We call this value

thenetvalueof acomputationalaction G�� anddefineit asfollows:

Q �~G � �j-����K�¡G � � ���¢���K�£� � �3w
But it is not certainthat a computationwill immediatelyresult in an action: a distinctionmustbe

madebetweencompletecomputations, whichresultin acommitmentto anexternalaction,andpartial

computations, which do not resultin a commitment.In theexample,if thesimulationresultsin one

single decision,it is a completecomputation;if it doesnot, it is partial. When a computationis

complete,theutility of G � is solely theutility of theactioncommittedto afterthecomputation:�X¤3¥ .
Let �£�§¦�¥*bD�¡G � �¨� denotetheoutcomestateof action �X¦©¥ thatresultedfrom computationG � . Hence,
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Q �~G �D�i-0���K�£� ¦©¥ bD�¡G � �¨� �������K�£� � �
Whenthecomputationis partial,it will changetheinternalstateof theagent,which affectsthevalue

of furthercomputationalactions.Wethushaveto definetheutility of theinternalstatein termsof how

it affectstheagent’s ultimatechoiceof action: theexpectedutility of theactiontheagentultimately

takes,given its internalstate.We thushave to take into accountall possiblecomputationsequences

following G � . Let a computationsequencebe representedby ª andlet theexternalactionresulting

from ª bedenotedby �@« . Let "#�©ª�� betheprobabilitythattheagentwill perform ª . Then

���K�¡G � � �j-
/ « "#�©ª��7���K�£��«¬bD�¡G � b�ª �¨� �3w
Theproblemstatedabove translatesto takingtheaction(beingeitherphysicalor computational)

with themaximumexpectedutility from theset v;�.b3G§:)b,w,w,w§b3G��(y . The ideal control algorithm is then

definedasfollows:

1. Keepperformingthat G � with highestexpectednetvalue,until nonehaspositive expectednet

value.

2. Committo action � .

In a real-timeenvironment,we areconcernedwith thetime costof computationalactions,that is, we

want to capturethedependenceof utility on time asthecostof time. In our formalisationsofar, this

costhasbeenincludedimplicitly in theutility functionof theagent.In orderto make theanalysisless

complicated,wewantto representthetimecostexplicitly. Therefore,wehave to distinguishbetween

the total utility andthe intrinsic utility: thetotal utility is thetime-dependentutility of anaction;the

intrinsic utility is the utility of an actionif it is performedimmediately. Let ��­ denotethe intrinsic

utility and let T expressthe differencebetweenthe total and intrinsic utility. The total utility and

intrinsic utility arerelatedasfollows:

���K� ����bD�¡G � �¨� �¬-��X­(�K� ��� � �j��T��$����b3G � �
Wecandraw aparallelwith theprevioussectiononcontinuousdeliberationscheduling.This function

couldbeananytime algorithm:it definesin whatway theutility of anactionis discountedover time.

But notethatheretheutility of anactionnormallydecreasesastime progresses,whereastheutility

of anactionin ananytime algorithmincreases.If we want thecostof time to be independentof the

agent’s choices,we requiretheidentity of thebestactionto remainfixedover time. This meansthat

theagent’s optimalactionis alwaystheonewith thehighestintrinsic utility, andit sufficesto require

thatthecostof thecomputationis independentof theactionunderevaluation:
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���K� ����bD�¡G � �¨� �.-��X­(�K� ��� � ����T��~G � �3w
Furthermore,the utility of an actionthat occursduring G � only dependson the lengthof G � (in

elapsedtime)andthecourseof eventshappeningin theworld duringthattime(becausecomputations

only changethe internalstate).In our examplethis meansthatwhile runningthesimulationmodel,

eventshappenin theworld; however, onecannotrespondto theseevents,becausethesimulationis

still in progress.The computationG � will not affect that courseof events,thus G � only dependson

its own length. We canthencalculatethetime cost ª�T of G�� asa functionof its length,denotedby%(G ��% . Thus ª�T givesthelossin utility whendelayinganaction.Hence,

���K� �V��bD�¡G � �¨� �i-���­(�K� �V� � ����ªZT��R%*G � %£�3w
Alternatively, we caneasilyseparatethebenefitfrom thecostof a computation.The net valueof a

computationis thedifferencebetween1) theactionthatresultsfrom thecomputationandthecurrent

default action,i.e., the benefitof thecomputation,and2) the time-costof thecomputation,i.e., the

costof thecomputation.Now, let ®l�~G � � denotetheestimatedbenefitof thecomputation:

®l�~G��D�i-����K�£� ¤=¥E� �������K�£� � �
Thenit is possibleto rewrite thedefinitionof thenetvaluefor a completecomputationasits benefit

minusits cost:

Q �~G � �i-�®l�~G � ���qª�T��R%*G � %£�3w
To summarise,themodeldevelopedsofargivesusawayto formalisethedecisionmakingprocess

undercertainassumptions.This canbe illustratedusingour managementexample. The basicidea

is that thedecisionmaker (the CEO) is facedwith doinga physicalaction(closingdown factories)

or a computationalaction (running the simulationmodel). For now, we assumethat we know the

utilities of thepossibleoutcomesof actions,i.e.,we know whatconclusionsto draw from theresults

of thesimulationmodel– we laterdrop this assumptionto maintainconsistency with theclaim that

themodelassumeswe do not know theutilities. However, we do not necessarilyknow theoutcomes

of internal actions,i.e., we do not know the outcomeof the simulation,otherwisewe would not

needto run it. We keepperformingthe computationalactionwith the highestexpectedvalueuntil

no computationalactionshave a positive expectedvalue; we thencommit to performthe physical

action.Wedistinguishbetweencomplete(immediatelyresultingin aphysicalaction)andpartial(not

resultingin a physicalaction)computationsandwe areableto explicitly representthelossin action

utility over time.
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An importantassumptionin theexternalmodel,asdescribedabove, is thatutilities areavailable

at thetimetheagentmustmakeachoice.But thisassumptionis hardlyfeasiblefor a“realistic” agent,

i.e., an agentthat is non-omniscientandresource-bounded.If we do not assumethe utilities to be

available,theagenthasto estimateutilities beforemakinga choice.This refinestheexternalmodel

andis called,asmentionedbefore,theestimatedutility model:we replacetheutility function � by a

function B� thatrepresentstheestimatedutility function.Weassumethattheobjectlevel hasacurrent

estimateof the utility of eachaction. Let the computationsequenceto datebe G andthe evidence

generatedby thatsequencebe H . Thentheutility estimateof action �V� aftercomputationG is then:

B� ¤ �K� ��� � �i-d+6�����K� �V� � �V%5H;�3w
Let GXw G � denotecarrying out computationG�� after computationsequenceG and let H3� denotethe

evidencegeneratedby G � . WhencomputationG � hasbeencarriedout:

B� ¤*¯ ¤=¥ �K� ��� � �.-d+6�����K� �V� � ��%*H°�&H � �
But this function implicitly incorporatesthecostof time, and,asin theexternalmodel,we want to

beableto representthisexplicitly. Therefore,assuminga timecostis available,theexpectedvalueof

completecomputationG � , givenevidenceH , is

BQ �K�¡G � � �i-d+6�¨�����K�£�§¤=¥ � ���¢���K�£� � �K�V%(H¬�&H � � ��ª�T#�R%*G � %£�3w
Thisvalueresidesin theprobabilitydistributionsfor theeffectof evidencefor theexternalactions.Let± -³² ± :)b,w,w,wOb ± x�´ where± : through± x arenew utility estimatesfor actions��: through��x . Let 9 � � ± �
bethejoint probabilitydistribution for thenew estimates:thisresultsin aprobabilitydistributionover

the new utility estimatesfor every action. Thus thereexists sucha probability distribution for the

currentbestaction � , since ��YpvD��:)b,w,w,wObR��x�y . Let this probabilitydistribution bedenotedby 9Lµ � .
Finally, let ���N�@� ± �.-d���N�cv ± :)b,w,w,wOb ± x�y . Thenwe have:

+S� BQ �~G � � � -�¶�·i���N��� ± �¸9 � � ± �|W ± ��¶¢¹º ¹
± 9Lµ � � ± �|W ± w

Thisequationsaysthattheexpectedvalueof acomputationalactionis theexpectedvalueof theexter-

nal actionwith maximumutility minustheexpectedutility of thecurrentbestaction;this ideaagrees

with what we have formally representedin the discretedeliberationschedulingmodel. Probability

distributionsmaybeobtainedby gatheringstatisticson pastcomputationsin thesamewaywe obtain

performanceprofilesof anytime algorithmsby gatheringstatisticson pastcomputations.

The estimatedutility model thusdropsthe assumptionthat utilities areavailableat the time an

agentmakesits choice.However, to assesstheexpectedvalueof all continuationsof acomputationis
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in practicestill infeasible,becausecomputationscanbearbitrarily long. By makingtwo simplifying

assumptions,weavoid importantissuesconcerningthetractabilityof themodel.Thefirst assumption

is thatthealgorithmsusedaremeta-greedy, in thatthey considersingleprimitive steps,estimatetheir

ultimate effect and choosethe stepappearingto have the highestimmediatebenefit. The second

assumptionis thesingle-stepassumption: a computationvalueasa completecomputationis a useful

approximationto its truevalueasapossiblypartialcomputation.

Thenext stepof refinement– theconcretemodel– dependson thedomainin which themodelis

applied.RussellandWefald appliedthemodelin searchalgorithmsusedin gameplayingprograms.

Theconcretemodelmakesassumptionsabouttheobject-level decisionmechanism,andnotaboutthe

meta-reasoningmechanism.The meta-reasoningmechanismis specifiedcompletelyin the external

modelandtheestimatedutility model.In theconcretemodel,theobject-level reasoningis structured

in away thatmakesit suitablefor meta-level control.However, thefocusin thispaperis on themod-

elingof themeta-level reasoningmechanismandnotontheobjectlevel, andthereforeadiscussionof

theconcretemodelis beyondthescopeof our interest.

To conclude,thediscretedeliberationschedulingmodeldiscussedin this sectionbasicallygives

a decisionmaker the choicebetweenexecutinga physicalactionanda computationalactionat any

momentin time. A physicalactionchangestheexternalstateof thesystem,i.e., theenvironmentof

the agent,whereasa computationalactiononly changesthe internalstateof the agent. The model

is decisiontheoreticin that it basestheagent’s decisionmakingprocesson the expectedutilities of

actions,beingeitherphysicalor computational.An importantpropertyof themodelis thatit enables

theagentto explicitly representits knowledgeabouttherelationbetweenactionandtime. We show

laterhow discretedeliberationschedulingrelatesto theotheralgorithmsdiscussedin thispaper.

Example

AssumetheTILEWORLD asexplainedin section3.1. In thecontext of discretedeliberationschedul-

ing, we first have to distinguishbetweenexternal actionsand computationsof the agent. Let an

externalactionbea move by theagent(Up, Down, Left, or Right) andlet a computationbetheplan-

ningof apathto somelocationin theworld, typically with anhole.Welet utility berepresentedasthe

resultof anorder-reversingmappingon thedistancebetweentheagentandholeit is currentlyclosest

to. It is clearthat theagenttries to maximiseits utility. Let a world statebea cell in thegrid of the

TILEWORLD. Theagentadoptssomedefault externalaction,i.e., to move up,down, left or right. As

explainedabove, thepurposeof a computationis to revise thedefault action,presumablyto a better

one. This is obvious here: without computationthedefault actionis simply a randommove action,

but acomputationleadsto actionsthatdirecttheagentto a hole.

Thediscretedeliberationschedulingframework enablesusto defineexpectedutilities for external

actionsandcomputations,comparethese,and,consequently, by executingtheidealcontrolalgorithm,

performeitheramoveactionor to computeapathto getto ahole.Werestrictourattentionto complete

computations,i.e., afterhaving carriedout a computation,thereis immediatelyanexternalactionto
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beexecuted.Theutility of anexternalactionis simply theinverseof thedistancebetweentheagent

andtheclosestholeafterperformingthataction;theutility of a computationis thentheutility of the

actionthatresultsfrom thecomputation.Thenetvalueof acomputationis thenthedifferencebetween

theutility of thecomputationandtheutility of thedefault externalaction.With thesedefinitions,the

agentcanatany momentin timedetermineif it is bestto moveor to planapath.

But, correspondingto thediscussionof thetheoryof discretedeliberationscheduling,until now it

is assumedthatperformingacomputationin theTILEWORLD, i.e.,pathplanning,doesnothaveatime

costassociatedwith it. As in applyingcontinuousdeliberationschedulingin the TILEWORLD, the

real-timeaspectof theworld is thatholesappearanddisappearthroughouttheexistenceof theworld.

We can easilyencodethe cost of path planningby introducinga new parameter, namelyone that

representsthenumberof time stepsit takesto constructa path.Now it is straightforward to separate

thebenefitof planning(thedifferencebetweentheutility of the revisedactionandtheutility of the

defaultaction)from thecostof planning(thetimeit takesto plan).Thevalueof acomputationis then

its benefitminusits cost. Alternatively, we canrepresentthevalueof a computationasthe intrinsic,

or, time-independent,utility of theactionthatresultsfrom thecomputation,minustheplanningcost.

Carryingout thesecalculationsof utilities andexpectedvaluesis easyin theTILEWORLD, sincethey

only involve calculatingdistancesbetweencellson thegrid.

But althoughcalculatingutilities is easysincethey are basedon simple distancesin the grid,

theagentstill needsto performsomecomputationin orderto find out the utility of its actions.For

example,utility dependson the distanceto the closesthole, and the agentneedsto find out what

theclosestholeis. Althoughthis explorationmight betrivial in theTILEWORLD, it is a computation

nevertheless.It is in theinterestof theagentto haveestimatesof theseutilities,collectedfromprevious

computations.In theTILEWORLD, theseestimatesmight, for example,resultfrom distributionsthat

indicatewhatthedistanceis to aclosestholefrom theagent’scurrentlocation.Thesedistributionscan

beeasilygeneratedfor theTILEWORLD. As theagentis thenableto revisetheseestimatesby means

of exploration,it is obviousthattheagentcannow estimateutilities by performingcomputations.And

thuswe have shown how to constructanestimatedutility modelfor the TILEWORLD usingdiscrete

deliberationscheduling.

3.3 BoundedOptimality

In [Rus97], Russellgivesfour possibleformaldefinitionsof rationalaction:

� Perfectrationality

Thesystemalwaysmaximisesits expectedutility, givenwhatit knows aboutits environment.� Calculativerationality

Thesystemmaximisesits expectedutility, basedon thestateof theenvironmentbeforedelib-

eration.
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� Meta-level rationality

Thesystemoptimisesoverobject-level computationsfor selectingactions.� Boundedoptimality

Thesystembehavesaswell aspossiblegivenits computationalresources.

Thekey notionin boundedoptimality is themove from optimisationover actionsor computationsto

optimisationoverprograms.Russellarguesthattoomuchemphasisin AI hasbeengivento techniques

thatwill selectthecorrectactionin principle, asopposedto techniquesthatwill becapableof selecting

the correctaction in practice. He suggeststhat boundedoptimal agents– thosethat selectthe best

actionpossible,given their computationalresources– arethereforea moreappropriategoal for AI

research.

Let anabstract agent bedefinedasa mappingfrom perceptsequencesto actionsandlet a phys-

ical agent consistof an architecture(by which Russellmeansan actualcomputationaldevice) and

a program.An architectureis responsiblefor interfacingbetweenenvironmentandprogramandfor

runningtheprogram.A programimplementstheabstractagentandis constrainedby theenvironment

andthearchitectureit is runby. Basedon this intuition, RussellandSubramanian,in [RSP93],define

boundedoptimalityasfollows:

Definition 5 An agent is boundedoptimal if its program is a solution to a constraint optimisation

problempresentedby its architecture andthetaskenvironment.

Theideabehindboundedoptimality is to formaliseontheonehandanabstractagentandontheother

handaphysicalagent(a“real” agent).Wethenshow thataperfectrationalagentis anoptimalabstract

agentandaboundedoptimalagentis anoptimalphysicalagent.

We first formalisean abstractagentasa mappingfrom perceptsequencesto actions. Besides

formalisingthismappingin themodel,wewantto explicitly representtimein themodelof anabstract

agent.Theprimitiveswe thusneedto specifyanagentaredrawn from a setof time-pointsT, actions

A andperceptionsO. ThesetT is a totally orderedby a relation � with a uniqueleastelement.We

modelperceptsequencesaspercepthistories, i.e., a completesequenceof perceptsindexedby time.

An historyprefix is a projectionof anhistory, thusa partialsequence,till a certaintime. For reasons

of completeness,for bothactionsandperceptions,wedefinesetsof historiesandhistoryprefixes:

O « -�vN� « �5ª�	»�¼y denotesthesetof percepthistories,

O ½ -�vN��½j� C YkªVb3� « Y O « y denotesthesetof percepthistoryprefixes,

A « -�vD� « �*ªd	¾��y denotesthesetof actionhistoriesand

A ½ -�vD� ½ � C Ykª�bR� « Y A « y denotesthesetof actionhistoryprefixes.

Thenanabstractagentis amappingfrom asetof percepthistoryprefixesto asetof possibleactions:

an abstractagentreceivesat a certaintime a percepthistory prefix andgeneratesan actionhistory

basedon this. Hence,
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Definition 6 Anagentfunctionhasthesignature ho� O ½ 	¾� , where A « � C �i-�hj�~� ½ � .
This function saysthat an agentmapspartial perceptsequencesto someaction; if we apply this

functionto thesetof all perceptprefixes,thisgeneratesthesetof all actionhistories.But this function

doesnot reflectthefactthatanagentis situatedin anenvironment:let X « -0v)¿ « �(ª
	À¿Áy bethe

setof environmentstatehistories.Themodelrepresentsthefactthattheagentmightnothavecomplete

accessto its environmentby a perceptualfiltering function hEÂ thatdeterminestheperceptionsof the

agent.A transitionfunction h5Ã representstheeffectsof theagent’s actions;it specifiesthenext state

giventhecurrentstateandtheagent’s action.Thenwe candefineanenvironmentasfollows:

Definition 7 AnenvironmentE is a setof states¿ with initial state¿�Ä andfunctionshEÂ and h5Ã , such

that

¿ « �$ÅP� -Æ¿�Ä5b¿ « � C �dÇD�È-�h5ÃD�$� « � C �3bK¿ « � C �K� and� « � C � -�hEÂ ��¿ « � C �K�3w
Notice that the agent’s environmentcan, to someextent, be inaccessible,but is assumedto be de-

terministic. In the model,effects�ahcbR+¼� denotesthe statehistory generatedby agentfunction h in

environment+ ; and � +�bR� « � denotesthestatehistoryfrom applyingactionhistoryprefix in theinitial

stateof environment + . Weusethisnotationlaterin themodel.

Now thatwehavedefinedanabstractagent– theagentfunction– wecontinuewith thedefinition

of an agentprogram. An agentprogram _ is an implementedagentfunction on an architectureÉ .

With É , we definea programminglanguageÊ°Ë and _°Y�Ê°Ë . An agentprogramreceivesa percept

asits input andhasaninternalstate.In orderto formalisethis internalstate,let

I « -�vD� « �(ªd	¾� y bethesetof internalstatehistoriesand

I ½ -�vD�(½j� C YSªVbR� « Y I « y thesetof internalstatehistoryprefixes.

Then

Definition 8 Anarchitecture É is a fixedinterpreterfor anagentprogramthat runstheprogramfor

a singletimestep,updatingits internal stateandgenerating an action:

É �(ÊsËÍÌ I Ì O 	 I Ì A b
where ²$� « � C ��ÇD�3bR� « � C �K´i-�ÉÎ�$_|bR� « � C �3b3� « � C �K� .
The signatureof this function shows that an architecturetakes an agentprogram _ (definedin the

programminglanguageÊ°Ë ), a perceptand internal stateas its input and on the basisof those,it

generatesaninternalstateandanaction.
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Now we have both definedthe abstractagent(the agent function) and the “real” agent(the

agentprogram)andarereadyto relatethe two asfollows. We implementthe agentfunction h�-�VÏ`H,M C �$_|b7É0� by anagentprogram_ on architectureÉ . Thebasicideathenis thatagentfunction h
is constructedby specifyingtheactionsequencesproducedby anagentprogram_ on architectureÉ
for all possibleperceptsequences.Thusanagentfunction h canbedefinedasfollows:

Definition 9 Anagentfunction hj�~� ½ � is anactionhistory � « � C � such that thefollowingholdsfor any

environment+�-³� X b7h5Ã)b7hEÂ(�
²$� « � C ��ÇD�3bR� « � C �K´È-�ÉÐ�$_�bR� « � C �3b3� « � C �K�Ñ��ÇD�� « � C � -�hEÂ ��¿ « � C �K� �aÒ(�¿ « � C ��ÇD� -�h5Ã;�$� « � C �3bK¿ « � C �K� �aÓ(�¿ « �$ÅP� -Æ¿�Ä ��Ô��� « �$ÅP� -d�,Ä �aÕ(�

In thisdefinition,equation(1) comesfrom thedefinitionof anarchitecture;equations(2), (3), and(4)

comedirectly from thedefinitionof anenvironment;andequation(5) initialisesthe internalstateof

the agent. Note that in definition 9, we formalisean agentfunction andnot a real agent,which, in

otherwords,meansthatwedefinethesetof all possibleagents,implementableor not implementable.

It is importantto notethat not every agentfunction h mapsto an agentprogram_�YpÊ Ë . This

is becausesomeagentprogramscannotbe implementedon a particulararchitecture(they may re-

quire morememorythanis availableon the architecture,for example). This leadsto an important

observation: the setof agentprogramsis a subsetof the setof agentfunctions. If an architectureÉ andcorrespondinglanguageÊsË aregiven,we canevenconstrainthesetof agentprograms:the

remainingsetof agentprogramsarecalledfeasibleagentprograms.Again, thesetof feasibleagent

programsis asubsetof thesetof agentprograms.A formalnotionof feasibility is necessaryto denote

all implementableagentfunctionson agivenarchitectureÉ andlanguageÊ°Ë :

Ö HD^`J {�× _aHP�aÉ��.-�v;ho��g _XYØÊ°Ë[b7hl-Æ�VÏ`H,M C �$_|b7É0�7y(w
Themodeldevelopedthusfar doesnot enableusto measuretheagent’s performance.To beable

to evaluatethe agent’s performance,a utility function �Ù��¿ « 	 � 
 is introduced,which maps

environmentstatehistoriesto utilities. Thecombinationof an environmentanda utility function is

calleda taskenvironment– the utility function is thusexternal to the agentandenvironment. The

valueof anagentfunction h in environment + is theutility of its statehistory:

Q �ahcbR+��j-���� effects�ahcbR+¼�K�3w
Similarly, thevalueof program_ executedin architectureÉ is basedon theutility of agentfunctionh implementedby _ :
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Q �$_�b7É
bR+¼�¬- Q �$��Ï`H)M C �$_|b7É��3bR+¼�s-���� effects�$��Ï�H,M C �$_�b7É��3bR+¼�K�3w
If thereis a probability distribution definedover a setof environmentsE, onecaneasilyadaptthe

above definitionsto captureexpectedvalues.

We arenow readyto definea perfectlyrationalagentanda boundedoptimalagent.A perfectly

rationalagentselectstheactionthatmaximisesits expectedutility, given theperceptsso far. In the

model,thiscorrespondsto anagentfunctionthatmaximises
Q �ahcb E � overall possibleagentfunctions.

However, the problemwith perfectrationality is that the optimisationover the agentfunctionsis

unconstrained.Instead,wehave to accountfor amachine-dependentkind of rationalitythatoptimises

constraintson programs.A boundedoptimalagentthusmaximises
Q

over thesetof agentfunctionsÖ HD^`J {�× _aHP�aÉ�� thatareimplementable.Thenwe candefinefor asetof environmentsE:� aperfectlyrational agent: h 1 Â ½ -d�5ÚRÛ°���N��Ü Q �ahcb E � and� aboundedoptimalagent:_ 1 Â ½ -d�5ÚRÛ°���N��Ý 2NÞ ß Q �$_|b7É�b E � .
Themostimportantdifferencebetweena perfectlyrationalagentanda boundedoptimalagentis the

factthattheformeris unconstrained,while thelatteris constrainedby its architecture.

Example

ConsidertheTILEWORLD scenarioasusedabove. As we herewantto implementaboundedoptimal

agentthat operatesin the TILEWORLD, we first definean abstractagentfor the TILEWORLD. We

thenconstrainthis agentby acknowledgingthe real-timecharacteristicsof the TILEWORLD andthe

boundedresourcesof theagent.

Let us first identify thesetsof observationsO andactionsA. An observation denotesan obser-

vationalaction: the agentacquiresknowledgeaboutthe locationof holesin the world. An action

is to move Up, Down, Left or Right, thusA -àv*�¬9ObRFS!;á�MjbRâ¬H;h C bR
 { Ï�ã C y . Combiningthe setof

perceptionsandactionswith a setof timepointsT, resultsin a setof percepthistoriesO « anda set

of actionhistoriesA « , andrelevant historiesasshown above. Now an abstractagent,accordingto

definition6, is amappingfrom observationhistoryprefixesto actions.It is indeedintuitive thatwhen

theagentobservessomeholeat somelocationin theworld, it basestheactionsto performto reach

thehole on that observation. An environmentstateis herea configurationof the TILEWORLD, i.e.,

a descriptionof theworld containingthe locationof theagent,holes,andotherobjectsin theworld.

It is obvioushow we canmodeltheagent’s incompleteknowledgeof theworld usingtheperceptual

filter function h5Ã , whichtakesasinputanenvironmentstateandoutputsobservationsto theagent.The

world changesafter theagentacts,andthe transitionfunction h5ä defineshow it changes.Sincewe

do not assumea staticenvironment– holescanappearanddisappearwhile theagentmoves– here,

this characteristicis capturedby h5ä aswell. With definition 7 we thendefinewhat an environment+ encompasses.The agentreceives its utility from the environment;here,whenthe agentendsup
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on a locationin theworld with an hole, it receivesa reward. Thusan agent’s utility is definedover

environmentstatehistoriesasgeneratedby thatagent.Thena perfectlyrational agentis anabstract

agentwith maximumutility.

But becauseof theconstraintstheenvironmentputson theagent,not all of theseabstractagents

areeither “useful” or implementablein practice. Although trivial in nature,an agentin the TILE-

WORLD operatesbasedontheamountof fuel it has.An abstractagentdoesnot take this into account.

Weintroduceanarchitecture,with correspondinglanguage,onwhichanabstractagentmustbeimple-

mentedasanagentprogram.Suchanagentprogramdoestake its boundedresourcesinto account.In

theTILEWORLD, we candefinethearchitectureandlanguagerelatively easily, sinceprecisemetrics

for computingthe fuel level areavailable. Thereforewe identify the setof feasibleagentprograms

asthoseprogramsthatmaintainanacceptablefuel level. It is clearthat this setis a subsetof theset

of abstractagents,asexplainedin the theoryabove. An agentis thenexecutedon the architecture,

whereexecutionsimply boils down to a mappingbetweenthemadeobservationsandthebestaction

ascomputedby theprogram.Here,anobservation is a TILEWORLD configuration;this observation

correspondsto a possibleobservation (otherwiseit couldnot have beenobserved); andthis possible

observationhasbeenmappedto abestaction;thisactionis consequentlyexecuted.

RussellandSubramanianrecognisethat thecomputationandspecificationof theseboundedop-

timal agentscanstill bevery hard[RSP93],andthis is alreadyapparentin this simpleTILEWORLD

applicationdomain.Theapproachto achieve boundedoptimality is thenalsovery differentfrom the

continuousanddiscretedeliberationschedulingmethods.RussellandSubramanianshow that with

additionalassumptions,thesecomputationandspecificationproblemscanbe tackled. Becauseit is

not the main intentionof this paperto show how the methodsbehave computationally, we do not

discusstheseassumptionsandalternative methodshere;they canbefoundin [RSP93].

3.4 The Belief-Desire-Intention model

Onepopularapproachto thedesignof autonomousagentsthatemergedin thelate1980sis thebelief-

desire-intention(BDI) model [BIP88, GL87]. The BDI model gets its namefrom the fact that it

recognisesthe primacy of beliefs,desires,and intentionsin rationalaction. Intuitively, an agent’s

beliefscorrespondto informationtheagenthasabouttheworld. Thesebeliefsmaybeincompleteor

incorrect.An agent’s desiresarestatesof affairsthattheagentwould, in anidealworld, wish to bring

about. Finally, an agent’s intentionsrepresentdesiresthat it hascommittedto achieving. The idea

is thatanagentwill not beableto deliberateindefinitelyover which statesof affairs to bring about;

ultimately, it mustfix uponsomesubsetof its desiresandcommit to achieving them. Thesechosen

desiresare intentions. The BDI methodologyenablesan agentto constrainits reasoningby clearly

separatingthe processof choosingwhich intentionsto achieve andthe processof decidinghow to

achieve anintention.

A majorissuein thedesignof BDI agentsis thatof whento reconsiderintentions[KG91, WP99].

An agentthereforeneedsto reasonabout its intentionsfrom time-to-time,and changeits current
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Figure2: Experimentalresultson intentionreconsiderationstrategies.Thedynamismof theenviron-

ment,representingtheactionratio betweentheagentandtheenvironment,is varied,andtheagent’s

effectivenessis measured.Thecostof planningis representedby 9 . In (a) the resultsareshown for

a bold agent– anagentthatexecutesits completeplanbeforereconsideration;in (b) the resultsare

shown for a cautiousagent– anagentthat reconsidersat every possiblemoment.Two observations

canbe madedirectly: 1) theplanningcostinfluencestheagent’s effectiveness:asplanningcostin-

creases,effectivenessdecreases;and2) the cautiousagentis muchmoreaffectedby an increasing

planningcostthanthebold agentis.

intentionsby droppingthemandadoptingnew ones. However, intentionreconsiderationis a com-

putationallycostly process,and is a kind of meta-level reasoning. It is thereforenecessaryto fix

uponan intentionreconsideration strategy thatmakesoptimaluseof theavailablecomputationalre-

sources.Kinny andGeorgeff conductedresearchinto different intention reconsiderationstrategies

[KG91]. The resultsof their experimentalstudy show that dynamicenvironments– environments

in which the rateof world changeis high – favour cautiousintentionreconsiderationstrategies,i.e.,

strategieswhich frequentlystopto reconsiderintentions.Theintuition behindthis is thatsuchagents

do not wasteeffort attemptingto achieve intentionsthatareno longerviable,andareableto exploit

new opportunitiesasthey arise. In staticenvironments– in which therateof world changeis low –

tendto favour bold reconsiderationstrategies,which only infrequentlystopto reconsiderintentions.

The resultsof this studyareshown in figures2(a)– the resultplots for a bold agent,and2(b) – the

resultplots for a cautiousagent. Parameter9 indicatesthe costof planning. The issueof how an

agentshouldcommit to its intentionsis essentiallybalancingdeliberative reasoning(theprocessof

decidingwhatto do) andmeans-endsreasoning(theprocessof decidinghowto do it).

Intention reconsiderationhasbeenmodeledon a conceptuallevel [WP99], and only recently

researchhasbeenundertakento actuallyimplementtheintentionreconsiderationprocess[SW00]. We

proposeinvestigationon usingthemodelssurveyed in this paper, to serve asan implementationfor

intentionreconsideration.Thusthe BDI modelmustnot beseenasanothertime-dependentplanning

model,but ratherasamodelin which time-dependentplanningis usefulto incorporate.

27



Algorithm: Value iteration

1.

2. Arbitrary initialisation of æ on ç
3. repeat

4. for è�éIç
5. for ê�éZë
6. ìeí¸è=îaê;ï�ð0ñeí¸èEî�ê;ï�ò�ó�ôRõ&ö$÷¸øEù ú�í¸è�û©ü è=îaê;ï�ô�æ*í¸è�ûýï ;
7. end-for

8. æ*í¸èRï�ð
þÿê����3ìeí¸è=î$ê;ï ;
9. end-for

10. until ì converges to ì � ;
11. return ì �

Figure3: Thevalueiterationalgorithmfor constructingoptimalMDP policies.

3.5 Mark ov DecisionProcesses

Webriefly touchuponMarkov DecisionProcesses(MDPs)here,sincetheseprocessesarewidely used

to modelgeneraldecisionproblems[BDH99]. The MDP modelis anotherframework in which the

discussedmodelscanbeplacedto createamoregeneraldecision-theoretical planningstructure.

An MDP canbeunderstoodasaverygeneraldecision-theoreticplanningapproachto agentdesign;

it is basicallya systemthat at any point in time canbe in oneof a numberof distinct statesandin

which the system’s statechangesover time resultingfrom actions. The main componentsin the

MDP modelare: a statespaceG , in which all possibleworld statesarecontained;a setof actions� , which containsall actionsthat canbe performedby the agent;a setof observations
�

, a setof

“messages”sentto theagentafteranactionis performed;a valuefunction
Q �cGtÌ[�³	È� 
 , which

mapsstatehistoriesinto utilities; anda statetransitionfunction �0�eG
Ì¢�à	 �¼�~G.� . ClassicAI

planningmodelscanbe representedasan MDP. A policy ���jG ½ 	 � , where G ½ YdG denotesthe

possiblestatesat time
C
, is a mappingfrom statesper time point to actions. In an optimal policy,

theseactionsareoptimal,suchthatthevalueof thestatehistorygeneratedby thatpolicy, is maximal.

Assumingthat appropriatedescriptionsof states,actionsandvaluefunction areavailable,dynamic

programminggivesalgorithmsthatfindoptimalpolicies[Bel57]. Thestandarddynamicprogramming

algorithmsarebasedon backwardsinduction;valueiterationandpolicy iterationarethe mostwell

known algorithmsto solve MDPs. Thevalueiterationalgorithmis shown in figure3. Thealgorithm

computesthe policy value function 	¾�°G
Ì�� 	 � 
 , basedon the valueof state J andaction ^ ,

i.e.,
Q �aJPbR^�� , andthevalueof the futurepolicy. The futurepolicy valueis theexpectedvalueof the

successorstatesJ)n , reachableby exectuingexecutingaction ^ , of state J , discountedby a factor �
(whereÅ��¢�q��Ç ). Theprobabilitythatperformingaction ^ in stateJ resultsin stateJDn is denotedby9X�aJDna% JPbR^ � andthisprobabilitycanbecomputedusing �@�aJPbR^�� ; thevalueof astateJ is themaximum 	
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valueof all actionsin J (computedonline 8 in figure3). The 	 functionhassomemaximum,denoted

by 	�
 , andthealgorithmstopswhenit achievesthis maximum(or approximatesit sufficiently). A

majorproblemin theMDP modelis thecomplexity that is involvedwith computingoptimalpolicies,

whichis typically intractable.Therefore,appropriateformsof representingthecomponentsof anMDP

arerequiredandspecificknowledgeof theapplicationdomainis usedto speedup thecomputations.

As such,the time-dependentplanningmodelsdiscussedherecanbe usedfor that purpose.In this

section,we discusshow theplanningmodelsarerelatedto theMDP model.

Comparingcontinuousdeliberationschedulingwith the MDP modelis not immediatelyevident,

sincetheformeroriginatesin searchalgorithmsandthelatterin decisiontheory. But sincethemodels

bothcomputeoptimalpolicies,or schedules,off-line, i.e., beforeexecution,somecautiouscompar-

ison is possible. Whereasthe MDP model considersindividual actionsto reachgoals,continuous

deliberationschedulingis concernedwith decisionproceduresto achieve somelevel of optimisation.

Suchadecisionprocedurecanbeseenasacomplex actionwith appropriateproperties,i.e.,monoton-

ically improving quality over time anddiminishingreturns,definedby its performanceprofile. Then

we canreplacethesetof MDP actionswith a setof decisionproceduresandbasetheMDP utilities on

theperformanceprofilesof theseprocedures.This requiresa properadjustmentof theMDP modelin

orderto achieveanefficient representationof theproblem.Assumingutilities for actionscanbeaccu-

ratelyderivedfrom performanceprofiles,dynamicprogrammingalgorithmscanbeusedto compute

optimalschedules.However, integrationof the two modelsmeansthata discretetime scaleis used,

whereasthetime scalein continuousdeliberationis, of course,continuous.

Discretedeliberationschedulingis clearlydecisiontheoreticallyfounded,andthereforeit is not

hardto relatethemodelto the MDP model. Usingthetypical notionsof states,actions,andutilities,

themodelsareidenticalup to somelevel. To our bestknowledge,no formal investigationhasbeen

undertaken to representdiscretedeliberationschedulingasan MDP. But the intuition behindan in-

tegrationof thetwo modelsis straightforward: replacingthesetof – external– actionsin a standard

MDP by thediscretedeliberationschedulingactionset– a default externalactionandthesetof com-

putationalactions– sufficesto createaninitial MDP representationof discretedeliberationscheduling.

Wethenusetheconceptof utilities asexplainedin section3.2,andadynamicprogrammingalgorithm

to computeoptimalpolicies.

Theapproachthat the MDP modeltakestowardsdecisionmakingis mostsimilar to thebounded

optimality model. The mostdistinctive differencebetweenthe two is that boundedoptimality ex-

plicitly adoptsa methodologyto dealwith computationalresources,anda basicMDP doesnot. The

abstractagentin theboundedoptimalitymodelcanbeformalisedasanMDP, in whichwecanidentify

setsof percepts,actions,andenvironmentstates.Theoptimalabstractagentis thenonethatoptimises

theutility of thestatehistoryit generates,which is equivalentto thedefinitionof anoptimalpolicy in

anMDP. But thenotionof boundedoptimalitycannotbedirectly representedin termsof anMDP, be-

causethis notionprescribesthemanipulationof computationalresources,andthis kind of meta-level

reasoningis not presentin an MDP. Whereasthe issueof meta-level reasoninghasbeenappliedto

MDPs in orderto reduceMDP complexity [BDH99, Section5], noneof theseapproacheshave looked
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into the explicit allocationof the agent’s resources.In MDPs, the constructionof optimal policies

happensbefore policy execution(i.e., off-line). However, in theboundedoptimality modela policy

is dynamicallyconstructedwhile executinga feasibleagentprogram(i.e., on-line). As mentioned

above, thecomputationandspecificationof boundedoptimalagentsis still very hardto performfor

real-world situations. For this matter, the boundedoptimal model could take exampleof the MDP

modelandfocuson the representationsof states,actionsandvalues,becausethesearenot explored

in theboundedoptimalmodel.

3.6 Resource-BoundedControl of Reasoning

In this sectionwe discussthe similaritiesanddifferencesbetweenthe models,andsummarisethe

relative advantagesand disadvantagesof eachframework. We denotethe continuousdeliberation

schedulingprocedureby CDS; discretedeliberationschedulingby DDS; andboundedoptimality by

BO.

Themostobvioussimilarity betweenthemodelsis that they arebasedon somenotionof agency

(althoughthisisnotmentionedexplicitly in thediscussionof CDS). If weconsideranagentasanentity

situatedin anenvironmentthatgeneratesactionsbasedonreceivedpercepts[RN95], all threemodels

adoptthis entity asthedecisionmaker. This similarity is obvious,becausethemodelsarebasically

decisiontheoreticand,aspointedout in 2.1, theprocessof decidingis essentiallyan interaction,in

termsof perceptsandactions,betweena decisionmaker andits environment.

It is obvious aswell that all threemodelsareable to control the amountof necessaryreason-

ing beforemakinga decision.Although it is lessobvious, themechanismthataccomplishesthis is

meta-reasoning.For CDS andDDS it is clearthat they usemeta-reasoningto control reasoning;the

meta-reasoningmechanismin BO is effectively the procedurethat constructssequencesof decision

procedures.Thisprocedureis similar to theCDS procedure.

Themodelsagreethattheproblemwefacewhendesigningasituatedresource-boundedagentcan

conceptuallybesplit upinto two subproblems:time-pressureis apropertyof theenvironmentandtask

theagentis to perform,while resource-boundedness is a propertyof theagent.Thepropertyof time-

pressurecorrespondswith the environmentcharacteristicof dynamism(mentionedin section2.2).

Themodelsagree,explicitly or implicitly, on theotherenvironmentcharacteristics:environmentsare

completelyaccessible(not for BO – seethenext section)anddeterministic.

All threemodelsadoptutility theoryasa meansto evaluatetheperformanceof theagent.This

illustratesthekey point in thedesignof situatedresource-boundedagentsthatthemodelmustenable

thedesignerto representtheeffectivenessof theagent.Themodelsdisagree,however, onwhetherthe

utility functionis apropertyof theagent,theenvironment,or neither.

The modelsall recognisethat deadlinesarethe mostimportantconceptresultingfrom incorpo-

ratingtime into decisions3. All threemodelscandealwith uncertaindeadlines,i.e.,a deadlinethatis

stochasticratherthanfixed. But theway in which themodelsdealwith deadlinesis still static: it is
3In CDS deadlinesarenotexplicitly mentioned,but conditionsthemselvescanbeviewedasdeadlines.
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only possibleto scheduledeliberationif a setof pendingeventsis known. In this way, thebehaviour

is completelydeliberative andit is notpossiblefor theagentto exhibit “reactive behaviour” [Bro91].

Thedecisionprocessesin themodelsarebasedon compilationratherthanruntime.This point is

closelyrelatedto thesimilarity mentionedin the lastparagraph– thatagentsarenot ableto reactto

theirenvironment.Compilationmeansthatall informationmustbeavailablebeforehandandaconse-

quenceof this is thatduringruntimeit is notpossibleto make useof newly availableinformation.In

this way it is difficult to usethemodelsif theagentsarein continuousinteractionwith their environ-

ment. However, continuousinteractionwith anenvironmentis a generallyacceptedcharacteristicof

agentsin general[WJ95].

Finally, themodelsapproachthedecisionprocessat a ratherhigh level. Eventhoughthemodels

areappliedin realworld situations,theformalisationof theenvironmentandagentarekepthighlevel,

meaningthat thefocuswason theapplicationratherthanthemodel. A possibleexplanationfor this

mightbethatthemodelsweredevelopedwith theapplicationastheirmaingoalratherthanthemodel

itself.

A key differencebetweenthemodelsis theway in which theutility of actionsis discountedover

time. In CDS, actionsareformulatedasanytime algorithms.A propertyof an anytime algorithmis

thatthequalityof its solutionimprovesastimeprogresses,whichmeansin abroadercontext, thatthe

utility of anactionincreasesastime progresses.In BO, actionsareformulatedasanytime algorithms

aswell, whichmeansthattheutility of anactionincreasesastimeprogressesaswell. In DDS however,

it is not specifiedwhetheranaction’s utility increasesor decreasesover time,but it is mentionedthat

thelongeronewaitsuntil performinganaction,its utility decreases.But themodeldoesnotguarantee

thattheutility of thedefault actionalwaysincreasesover time either.

We now weigh up the relative advantagesanddisadvantagesof eachmodel. The advantagesof

CDS are:

� Themodelcontainsa well definedprocedurefor execution.Assumingthatthedecisionproce-

dures(anytimealgorithmsplustheirperformanceprofiles)areavailable,it is straightforwardto

implementCDS.� Therehasbeenfurtherwork doneon metricsof performancemeasurement.Currently, perfor-

manceprofilesonly indicatetheimprovementin accuracy of thesolution,but Zilberstein[Zil96]

hasmadea furthercategorisationof measuringtheperformanceof ananytime algorithm: cer-

tainty – degreeof certaintythat the result is correct; accuracy – how closethe approximate

resultis to theexactanswer;andspecificity– metricof thelevel of theresult.� Theprocedureis shown to befasterthanconventionalsearchalgorithms,suchasA* [RN95].

TheCDS procedurehasbeenappliedin gameplayingprograms.

Thedisadvantagesof CDS are:� Becausethe footing of the procedureis so strongly in searchalgorithms,the model is only

31



limitedly applicableto more generaldecisionproblems. Sincethe developmentof anytime

algorithmsin thelate1980s,they have notbeenusedin amoregeneralcontext.� The procedureis lesssuitablefor reasoning.It is not clearhow to incorporatethe procedure

in moresophisticated,intelligent,reasoningsystems.Theemphasisin furtherresearchon CDS

seemsto havebeenonhow andwhento useanytimealgorithmsratherthantheprocedureitself.� The modelputsstrongrequirementson the propertiesof the performanceprofilesof anytime

algorithms.For example,if theslopesof theperformanceprofilesarenotdecreasingover time,

it cannotbeguaranteedthattheprocedurereturnstheoptimaldeliberationschedule.� The proceduredependsvery muchon the environment. Firstly, much information is needed

from theenvironmentbeforeexecutingtheprocedure;andsecondly, theprocedureis very sen-

sitive to its environmentin thesensethat if somethingminor changes,it is not flexible to react

to that.

With respectto DDS, theadvantagesare:

� Althoughthetheorywasinitially appliedto searchalgorithms,it is moving to a broaderappli-

cationarea.An exampleof this is theBO model,which is partiallybasedon DDS andis applied

to abroaderareaof problems.� Themodeldeliversanexpressive language,thatcouldbeusedfor otherareasof research.The

modelitself doesnot emphasisethe language,but developmentof it is aninterestingissuefor

furtherwork.� Similar to CDS, whenappliedin gameplaying programs,the algorithmis shown to be faster

thatconventionalsearchalgorithms.TheCDS andDDS modelshavenotbeencomparedto each

other.

Thedisadvantagesof DDS are:� Themainapplicationareaof themodelis searchalgorithms.Althoughthemodelis moving to

abroaderapplicationarea,thereis still muchfurtherwork.� The model avoids long term reasoning,becauseit adoptsthe single-stepassumption. This

meansthatthemodelworkson basisof short-termgoals.

Theadvantagesof BO are:

� Unlike the othertwo models,BO doesnot assumecompleteaccessibilityof the environment:

thefunction hEÂ reducestheavailableinformationto asubsetof all accessibleinformationin the

environment.
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� Themodelis applicableto awider rangeof problems;agoodexampleof this is themail-sorter

application.� Whena BO problemis modeled,the BO theorydeliversanexecutablemodel. This bringsthe

BO modelmuchcloserto real-world applications.

Thedisadvantagesof BO are:� Themodelhasonly beenappliedin episodicenvironments.� Thebasicintuition behindtheBO modelis thatinsteadof workingbottom-upin programdesign,

oneshouldwork top-down, e.g.,assumeall possiblesequencesof memoryconfigurationsin a

computerandsearchfor the sequencethat solves the problemyou have. The main problem

with this approachis thatonelosescontrolover theprogram:oneendsup with a programthat

works,but onedoesnot know how it works. In this way, onesurpassesoneof thebasicaims

of AI, i.e., to control intelligencein orderto manipulateit. Of course,this point canbemade

aboutdecisiontheoryin general– to know thedefinition of an optimal agentdoesnot tell us

how to implementit. Furtherdiscussionaboutthis point is morephilosophicalthantechnical

andthereforedoesnot fall within thescopeof this paper, but certainlyneedsmoreattentionin

furtherwork.

4 Conclusions

In this paperwe discussedhow agentscontrol their own reasoning,becausetheir resourcesare

bounded.Webeganby discussingthefoundationof theoreticaldecisionmaking:decisiontheory. We

concludedthis introductionby notingthat,in practice,humansdonot liveup to theidealsof decision

theory. This observation is the foundationof boundedrationality. We cannotcall this a theory, be-

causein theliteraturethereis currentlynoagreementyetonatheoryof boundedrationality. Bounded

rationality is a conceptconcernedwith the limitations of an agentdescribedabove andspecifically

resource-boundedness. It is closelyrelatedto theconceptof meta-reasoning.A meta-reasoningagent

is consciousof the decisionsit makes,i.e., it cancontrol its own reasoningregardingits own deci-

sions.Althoughthereis no satisfyingtheoryof boundedrationality, theconcepthasbeenappliedto

planning. Oneapproachto applyingboundedrationality is time-dependentplanning,which we dis-

cussedin thispaper. Thiskind of planningenablesanagentto makeoptimaluseof its availabletime.

We discussedthreetime-dependentplanningframeworks: continuousdeliberationscheduling,dis-

cretedeliberationscheduling,andboundedoptimality. Continuousdeliberationschedulingis rooted

in searchalgorithms.Discretedeliberationschedulingis amoredecision-theoreticapproach.Thedif-

ferencebetweenthetwo approachesbecomesclearif oneconsidersdiscretedeliberationscheduling

asaway to constructanoptimalanytimealgorithm.Finally, boundedoptimalitymarriestheconcepts

of continuousanddiscretedeliberationschedulingby letting agentsselectthe bestactionpossible,

giventheir computationalresources,in termsof amoregeneralsystem.
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Much furtherwork canbedoneon thissubject.Themainemphasisin thiswork shouldbeon the

developmentof a generaltheoryon decisionmakingunderboundedresources.This is a high level

andlong termgoal,but afirst steptowardsit couldbethedevelopmentof aconceptualframework for

situatedresource-boundedagents.
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