
ModelingUncertaintyandits Implicationsto
SophisticatedControl in TÆMSAgents

ThomasA. Wagner
Honeywell Laboratories
Tom.Wagner@honeywell.com

Anita Raja
University of NorthCarolina, Charlotte
anraja@uncc.edu

Victor R. Lesser
University of Massachusettsat Amherst
lesser@cs.umass.edu

Abstract. Openenvironmentsarecharacterizedby their uncertaintyandnon-determinism.Agentsneedto adapttheir taskpro-
cessingto available resources,deadlines,the goal criteria speci�ed by the clientsaswell their currentproblemsolving context
in orderto survive in theseenvironments.If therewereno resourceconstraints,thenan optimalMarkov DecisionProcessbased
policy would obviously be the bestway for complex problemsolving agentsto make schedulingdecisions.However in many
agentsystems,theseschedulingdecisionshave to bemadeon-lineor in soft real-time,makingtheoff-line policy computationally
infeasiblein openenvironments.Thehybridplanner/schedulerusedto controlTÆMSagentsis theDesign-to-Criteria(DTC) agent
scheduler. Design-to-Criteriaschedulingis thesoft real-timeprocessof custombuilding a plan/scheduleto meetanagent's current
objectiveswhich areexpressedasdynamicgoalcriteria (including real-timedeadlines),usingtaskmodelsthatdescribealternate
waysto achieve tasksandsubtasks.Recentadvancesin Design-to-Criteriacontrolincludetheadditionof uncertaintyto theTÆMS
computationaltaskmodelsanalyzedby theschedulerandtheincorporationof uncertaintyin theschedulingprocess.As we show,
theuseof uncertaintyin TÆMSandDesign-to-Criteriaenablesagentsto make bettercontroldecisionsin uncertainenvironments.
Design-to-Criteriausesa heuristicapproachfor on-lineschedulingof mediumgranularitytasks.It approximatestheanalysisused
to generatean optimal policy by heuristicallyreasoningaboutthe implicationsof uncertaintyin taskexecution.The additionof
uncertaintyhasalsospawneda post-schedulingcontingency analysisstepfor situationsin which an agentmustproducea result
by a given deadline(deadlinecritical situations)andwherethe addedcomputationalcost is worth the expense.We describethe
uncertaintyrepresentationin TÆMSandhow it improvestaskmodelsandtheschedulingprocess,andprovide empiricalexamples
of reasoningaboutuncertaintyin action.We alsoevaluatetheperformanceof our heuristic-basedapproachto agentcontrolusing
theperformanceof thepolicy generatedby anoptimalcontrollerasthebenchmark.

1. Intr oduction

It is paramountfor agent-basedsystemsto adaptto the dynamicsof openenvironments.Agentsneedto
adapttheir taskprocessingto availableresources,deadlines,thegoalcriteriaspeci�edby thehumanclients
or otherinternalagentcontrolcomponentsaswell their currentproblemsolvingcontext in orderto operate
effectively in theseenvironments.They alsoneedto take into considerationtheuncertaintyinherentin task
processingwhendecidingwhich tasksto executeandin whatorder. An agentin this caseis intelligentor a
complex problemsolverthatexplicitly representsandreasonsaboutits plans,actions,andhow its tasks/plans
interactwith thoseof otheragents.In orderto adaptits processingandrespondto change,operatingeffec-
tively in theseenvironments,suchan agentneedsa complex control problemsolving component,e.g.,a
planner/scheduler, to decidewhat theagentshoulddo, andwhen.The control problemsolvingprocessis
exponentialfor complex agentsand complicatedby the existenceof task interactions(primitive actions
maynot beindependent)andby theexistenceof globalandindividual constraintson theprimitive actions
(individual deadlines,costlimits, earlieststarttimes,andquality requirements).
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If therewereno resourceconstraints,thenanoptimalcontrolpolicy wouldobviously bethebestway to
make thesecontrol/schedulingdecisionsfor complex agents.We cancomputethis optimal policy by for-
malizingthecontrolproblemasaMarkov DecisionProcess(MDP),a framework widely usedfor stochastic
planningin arti�cial intelligence[7, 2, 43, 8]. A stochasticplanningproblemincludesoperators(or actions)
that transforma stateinto oneof several possiblesuccessorstates,with eachpossiblestatetransitionoc-
curring with someprobability. A solution is usuallycastin the form of a mappingfrom statesto actions
calleda policy. A policy is executedby observingthecurrentstateandtaking theactionprescribedfor it.
Computingtheoptimalpolicy is an exponentialproblemandwould involve off-line analysis.However in
our researchwith deployed multi-agentsystems,thesecontrol/scheduling decisionshave to be madewith
respectto thecurrentsetof goalsandtheir associatedobjective functionsandresourceconstraints.This, in
combinationwith a dynamic,openenvironmentwhereagentsmayenteror leave thesystem,uncertaintyis
high, andinformationincompleteor approximate,theoff-line productionof anoptimalpolicy via MDP is
computationallyinfeasible.

In thispaper, wepresentextensionsto TÆMS[10, 29] agentsthatadduncertaintyto boththeTÆMStask
modelingframework andtheassociatedDesign-to-Criteria(DTC) [36, 47, 51] technologythathandlescon-
trol in TÆMSagents.Wedescribehow uncertaintyis usedandidentify how we leveragetherepresentation
of uncertaintyin agentcontrol.We thendevelopa secondarycontingency analysisstepfor agentssituated
in time andmissioncritical environmentsandbenchmarkthe contingency analysisstepagainst(optimal)
MDPsto assessperformanceandcomputationaltrade-offs.

Thecentralproblemsolvingartifactof this work is theDesign-to-Criteriascheduler. DTC is a heuristic
approachfor on-lineplanning/scheduling of mediumgranularitytasks.TheDTC schedulingproblemdiffers
from moretraditionalschedulingproblemsin thatDTC decideswhich tasksto performaswell aswhento
performthemwherethisdecisionprocessis basedonresourceavailability, theagent's goalsandobjectives,
and other constraintslike interactionsbetweentasksand task deadlines/earliest-start-times. As implied,
DTC's function is to handlethe control decisionmaking for complex problemsolving agentsand more
speci�cally, for complex problemsolvingagentsthatreasonabouttheworld usingtheTÆMStaskmodeling
framework.

Examplesof suchTÆMS agentsinclude the BIG informationgatheringagent[30, 31] which plans,
gathers,andprocessesinformationto constructproductmodels.Otherexamplesincludetheintelligenthome
(IHome)agents[27], TÆMSagentsfor dynamicsupplychainmanagement[49], agentsfor aircraft repair
teamcoordination[48], agentsfor distributedsensormanagement[22], andagentsfor distributedhospital
patientscheduling[9]. In all of theseprobleminstances,the TÆMS agentsarecontrolledby the Design-
to-Criteriascheduler. Thescheduleris alsotheunderlyingcontrolcomponentin a varietyof TÆMSagent
researchprojectsincludingGPGP(generalizedpartialglobalplanning)coordination[28], agentdiagnosis
[20], theSRTA (soft real-timeagentarchitecture)[21, 45], andwork in multi-level negotiationin software
agents[54], amongothers.In all cases,DTC's function is to reasonaboutthe agent's problemsolving
optionsandto decideon acourseof actionfor theagentbasedon theutility of differentactions,theagent's
temporalandresourceconstraints,andtheagent's objective function.

A prototypicalTÆMS agentarchitectureis shown in Figure1. In the prototypicalarchitecture,DTC
receivesdomainmodels(translatedinto TÆMS)from adomainproblemsolvingcomponent.Thesemodels
typically identify the agent's candidatetasksandtheir characteristics,aswell asresourceconstraintsand
temporalconstraints.DTC also receives from either the domainproblemsolver or a humanproviding
direction to the agenta descriptionof the agent's objective function, e.g., is it in a hurry, is it trying to
maximizequality, is it trying to reduceuncertainty, etc.FromtheGPGPor coordinationcomponent,DTC
will receive what-if questionsaswell asconstraintsto considerwhendecidingoncontrolfor theagentsuch
ascommitmentsmadeto otheragentsto performsometask(possiblyby sometimeor notbeforesometime)
andcommitmentsreceived from otheragents(dealsthey have madeto provide serviceto the local agent).
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Figure 1. PrototypicalTÆMSAgentArchitecture

Thetemporalandresourceconstraintsof thesecommitmentsarefactoredinto DTC's planning/scheduling
processalongwith the valueobtainedby thesecommitments.Whenorganizationallevel control is intro-
duced,the organizationalmodule,e.g.,the ��� module[52], may interactwith the schedulerdirectly or
indirectly by modulatingtheTÆMStaskstructures.This holdstruefor otherwork aswell, e.g.,diagnosis.
In general,othersophisticatedcomponentsaffect theagent'scourseof actionby modulatingor changingthe
TÆMStaskmodelsthatdescribetheagent'soptions(includingtemporal/resourceconsiderations),changing
the agent's goal criteria or objective function, and/orby interactively driving the schedulerto explore a
solution spaceand then committing to a solution throughthe goal criteria or the task models.Changes
suchasthesearethenrecognizedby theschedulerandreasonedaboutwhenever othercontroldecisionsare
madeor whentheagent's situationchanges,resultingin new domainproblemsolvingoptions.In general,
otherreasoningcontrolcomponentstypically treatDTC asadecisionmakingoracle.For instance,in GPGP
coordination,DTC'sfunctionis to tell theGPGPcoordinationmoduletheimplicationsof supportinganother
agent's requestby identifyingthechangein localutility andtheimpactonlocalgoalsandobjectivesof doing
work for theotheragent.In TÆMSagents,DTC is theheartof thesophisticatedcontrolandgenerallythe
underlyingTÆMSanalysisexpert.

To properly placethe discussion,DTC's function is to read-in the agent's problemsolving options,
its variousconstraints(commitmentsor dealsmadewith otheragents,time deadlines,etc.)andto emit a
schedulefor theagent.Theschedulede�neswhich tasksareto beperformed,when,in whatorder, andso
forth.Thisenablestheagenttocoordinateitsactivitieswith otheragents,tomeetreal-timedeadlines,to meet
its goalsandobjectives,andto meetresourcelimitations.BecauseTÆMS agentstypically operateonline
in dynamicenvironments,unpredictedchangeis a commonoccurrence.Whenthe situationchanges,the
agentrespondsby rescheduling(recall,DTC alsohandlestaskselectionsothis is rescheduling/replanning)
andaskingDTC to evaluatethecurrentsituation,theagent's currentoptions,its time/resourceconstraints,
the dealsmadewith other agents,etc., and to decideon a new courseof action for the agent.DTC is
what optimizesthe activities of individual TÆMS agentsso that they canadaptto changeandmeettheir
objectives.
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DTC is heuristic– it approximatestheanalysisusedto generateanoptimalMDP policy by heuristically
reasoningaboutthe implicationsof uncertaintyin taskexecutionusinga lessgeneralbut morecompact
representationof an MDP for representingpossibletaskorderings.This heuristicapproachis a domain-
independentsoft real-timeprocessof �nding an executionpath througha hierarchicaltasknetwork such
thattheresultantschedulemeetscertaindesigncriteria,suchasreal-timedeadlines,costlimits, andquality
preferences.To underscorean importantissue– sinceDTC is usedonline, the schedulingprocessitself
mustbefastenoughfor onlineuse.Castingthe languageinto anaction-selecting-sequencing problem,the
processis to selecta subsetof primitive actionsfrom a setof theagent's candidateactions,andsequence
them,so that the endresult is an end-to-endscheduleof an agent's activities that meetssituationspeci�c
designcriteria. In this model,whenthe actionperformanceis not asexpected,thescheduleris reinvoked
andit reschedulesin orderto �nd themostappropriatesequenceto completethecurrentgoals.This is how
agentsrespondto bothchangein theenvironmentandtaskperformanceuncertainty. Thecombinatoricsof
theschedulingproblemarecontrolledthroughtheuseof approximation,satis�cing, goal-directedproblem
solving,andheuristicsfor actionordering,asdiscussedin [47]. We returnto the issueof combinatoricsin
Section4.
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Figure 2. Simpli�ed Subsetof anInformationGatheringTaskStructurefor theBIG Agent

Fromaschedulingperspective, theDesign-to-Criteriaschedulingproblemis framedin termsof aTÆMS
tasknetwork, which imposesstructureontheagent'sprimitiveactionsandde�neshow they arerelated.The
mostnotablefeaturesof TÆMSareits domainindependence,theexplicit modelingof alternative waysto
performtasks,theexplicit andquanti�ed modelingof interactionsbetweentasks,andthecharacterization
of primitiveactionsin termsof quality, cost,andduration.WedescribeTÆMSin greaterdetailin Section2
andin Section3 we discusshow schedulingaTÆMSnetwork canbemappedinto a �nite-horizon Markov
DecisionProcess.However, to groundfurtherdiscussionconsidertheTÆMStaskstructureshown in Fig-
ure2. The taskstructureis a conceptual,simpli�ed sub-graphof a taskstructureemittedby theBIG [30]
informationgatheringagent;it describesaportionof theinformationgatheringprocess.Thetop-level taskis
to constructproductmodelsof retail PCsystems.It hastwo subtasks,Get-BasicandGather-Reviews, both
of whicharedecomposedinto primitiveactions,calledmethods, thataredescribedin termsof theirexpected
quality, cost,andduration.TheenablesarcbetweenGet-BasicandGatheris anon-local-effect (nle)or task
interaction;it modelsthefactthatthereview gatheringmethodsneedthenamesof productsin orderto gather
reviewsfor them.Get-Basichastwo methods,joinedundertheq sum()quality-accumulation-function (qaf),
which de�neshow performingthesubtasksrelateto performingtheparenttask.In this case,eithermethod
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or bothmaybeemployedto achieveGet-Basic. Thesameis truefor Gather-Reviews. Theqaf for Build-PC-
Product-Objectsis aq seqlast()which indicatesthatthetwo subtasksmustbeperformed,in order, andthat
theresultantquality of thelastsubtaskis thequality of theparenttask;thusthereareninealternative ways
to achieve thetop-level goalfor theagentin this particularsub-structure.

Schedule C

Expected Quality:  18.00
Expected Cost:  0.00
Expected Finish Time: 5.60

PC-Connection ZDnet
Schedule A

Expected Quality: 22.50
Expected Cost:  2.00
Expected Finish Time: 4.70

PC-Connection Consumers-Reports
Schedule B

Expected Quality: 40.50
Expected Cost:  2.00
Expected Finish Time: 8.80

ZDnet Consumers-ReportsPC-Connection

Figure 3. DifferentAgentSchedulesProducedfor DifferentCircumstances(DesignCriteria)

Threedifferentoptimalschedulesfor achieving thetop-level goalof thetaskstructure,producedfor three
differentsetsof designcriteria,areshown in Figure3. ScheduleA is constructedfor an agentthat needs
a high quality solution,requiresthesolutionin six minutesor less,andwho hasa client that is willing to
payfor it. ScheduleB is constructedto suit theneedsof anagentwho hasplentyof time, is willing to wait
for a high quality solution,andwhoseclient is willing to payfor it. ScheduleC is constructedfor anagent
who hasneithertime nor �nancial resources.Eventhis simpleexampleillustratesthenotionof quanti�ed
choicein TÆMSandhow theDesign-to-Criteriamethodologyleveragesthequanti�cationto build different
schedulesfor differentcontexts. However, this examplealsoillustratesa weaknessin TÆMSaspresented
in Figure2 – a weaknessthat is carriedforward to theschedulingprocessandconsequentlyto theagent's
schedules.Theinitial designof TÆMSincludedonly expectedvaluemodelingof primitiveactionsandtask
interactions.Subsequently, wehavecometo understandthestrengthof explicit modelingof uncertaintyand
the implicationsof thesenew modelsto the Design-to-Criteriaschedulingprocess.Note that in this case,
becausetheperformancecharacteristicsof TÆMSmethodexecutionsaredeterministic,theoptimalpolicy
producedby anMDP for thetasknetwork is alsoasimplelinearschedule.
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Figure 4. Simpli�ed Subsetof anInformationGatheringTaskStructurefor theBIG Agent

Representingandreasoningaboutuncertaintyof taskexecutionbehavior is oneof thekeys to scheduling
agentactivities, modeledascomputationalstructures,whenquality requirementsandtime andcostcon-
straintsarepresent.Additionally, with theinclusionof uncertaintymodelingandpropagationit is clearthat
therearemany differentdimensionsandaspectsof utility thatcanbeusedto evaluatetheappropriateness
of agentschedules.Considerthe taskof gatheringinformationvia the highly uncertainWWW to support
a decision.Certainagentclientsmay prefera risky informationgatheringplan that hasa potentiallyhigh
pay-off in termsof informationgathered,but alsohasa high probabilityof failure.Other, morerisk averse
clientsmight prefer that the agenttake a courseof action that resultsin a lower pay-off in exchangefor
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morecertaintyaboutthepay-off anda lower probabilityof failure.Integratingnotionsof uncertaintyin to
thescheduleevaluationprocessis oneaspectof thiswork.

Prior to delving into an intellectualdiscussionof the role of uncertainty, considerthe simpli�ed task
structurerevisedto includeuncertainty, Figure4, in the characterizationsof the primitive actions.In the
enhancedtaskstructure,primitiveactionsarecharacterizedstatisticallyvia discreteprobabilitydistributions
ratherthanexpectedquality values.The quality distributionsmodelthe probability of obtainingdifferent
qualityresultsandthepossibilityof failure(indicatedby azeroqualityresult).Notethattheexpectedvalues
of thesedistributions arethe sameasthosein the previous expected-value model,thusthe structuresare
directly comparable.Thecostanddurationdistributionsrepresentthedifferentpossiblecostsanddurations
of theactions.This level of detail canbe very importantwhenreasoningaboutthegatheringprocess.For
example,in theenhancedmodel,it is clearthat themethodfor queryingandextractingtext obtainedfrom
thePC-Connectionsitehasa higherprobabilityof failure thanthemethodfor queryingandextractingtext
obtainedfrom thePC-Mall site.In theoriginal model,thedetail is lackingandit is impossibleto ascertain
whichmethodis morelikely to fail.

Theagentschedulesshown in Figure5 illustratethevalueof uncertaintyin thismodelfrom ascheduling
perspective.ScheduleA � is identicalto ScheduleA from theexpectedvaluecase(Figures2 and 3),however,
with the addition of uncertaintyto the model, the schedulercanpropagateuncertaintyand createbetter
estimatesfor theperformancecharacteristicsof theschedules.Notethatthequalitydistribution for Schedule
A � includesa20%chanceof failure.In fact,with theadditionof uncertaintyto themodel,analysisshowsthat
ScheduleA is no longertheoptimalschedulefor theagent(whoseclient needsa resultin 6 minutesor less
andis willing topayfor it). InsteadScheduleO (Figure5) is thebestchoice.EventhoughthePC-Connection
methodhasa higherexpectedvalue,thePC-Mall methodhasa lower probabilityof failure.Sincea failure
in oneof thesemethodsprecludesthe executionof Query-Consumers-Reports(via the task interaction),
the issueof failure is not local to the methodsbut insteadimpactsthe scheduleasa whole. Thus,when
uncertaintyis modeledandpropagatedduring theschedulingprocess,ScheduleO is theoptimalschedule
asit hasthehighestnetexpectedqualityvalueandit still meetstheagent'sdeadlineconstraint.1 In thiscase,
ScheduleO is alsotheoptimalsequenceof methodsasdeterminedby anoptimalMDP – thisis becauseeven
if PC-Mall fails thereis no time to recover andperforman alternatemethodbeforethe deadline.In other
words,in this particularcase,thereis no addedvalueto exploring all possibleactionsequencesbecauseof
theharddeadline(Figure8). Wereturnto thisdiscussionin Section3.

Schedule A¢
PC-Connection Consumers-Reports

Quality distribution (sum of TGs): (0.43 0.0)(0.57 30.0)
    Expected value:  17.1
    Probability q or greater: 0.57
Cost distribution (sum of methods costs): (1.00 2.0)
    Expected value:  2.00
    Probability c or lower:  1.00
Finish time distribution (finish time of last method): (0.45 4.0)(0.45 5.0)(0.05 6.0)(0.05 7.0)
    Expected value:  4.70
    Probability d or lower:  0.45

Schedule O - Optimal Schedule

PC-Mall Consumers-Reports

Quality distribution (sum of TGs): (0.39 0.0)(0.61 30.0)
    Expected value:  18.23
    Probability q or greater:  0.61
Cost distribution (sum of methods costs): (1.00 2.0)
    Expected value:  2.00
    Probability c or lower:  1.00
Finish time distribution (finish time of last method): (0.09 5.0)(0.09 5.5)(0.72 6.0)
                                                                                     (0.01 7.0)(0.01 7.5)(0.08 8.0)
    Expected value:  6.05
    Probability d or lower:  0.90

Figure 5. UncertaintyRepresentationChangesOptimalSchedulefor theAgent

This exampleconceptuallyillustratesoneaspectof the valueof uncertaintyin the taskmodelsandin
theschedulingprocess– bettermodelsleadto betteragentschedules.Basedon theobservationthatmodels
containinguncertaintyleadto moreaccuraterepresentationsandfacilitatedeeperanalysis,theTÆMStask
modelingframework wasenhancedto modeluncertaintyaboutthequality, cost,anddurationcharacteristics

1 Notethatcertainmembersof theConsumers-Reportsmethod'sdurationdistributionexceedthedeadlineof 6 minutes.In these
cases,themethod's resultsareconsideredunusableandzeroquality is producedby theexecution.Accordingly, for thedensitythat
exceedsthedeadlinethemethod'squalitydistributionis modi�ed to re�ect theadditionalprobabilityof failurecausedby exceeding
thedeadline.This is discussedin greaterdetail in Section4.2.
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of tasksusingdiscreteprobability distributions.The modelingframework wasalsoextendedso that nles
(taskinteractions)arealsoquanti�edandcharacterizedusingthedescribeprobabilitydistributions.Wehave
augmentedandextendedtheDesign-to-Criteriaschedulingsystemto leveragethis new explicit representa-
tion of uncertaintyto build bettercustomschedulesfor TÆMSagents.Wehavealsoconstructedasecondary
contingency-basedschedulemodi�cation andselectionalgorithmthatmaybeusedin certainsituationsto
ensurethatrecoveryoptionsexist if thechosenschedulefails.Bothapproachescanbethoughtof extending
the spaceof optionsthat the schedulerexaminesand also the analysisassociatedwith determiningthe
effectivenessof anoption.Thisallowsfor performanceguaranteesonthechoiceof bestagentschedulesince
it is morecloselyalignedto the sequenceof actionssuggestedby the optimal control policy. Uncertainty
playsseveralrolesin theagentschedulingprocess:

Accuracy Uncertaintymodelingenablestheschedulerto representandpropagateuncertaintyabouttasks
andtheir outcomes.This resultsin moreaccuratemodelsof individual tasks,andmoreimportantly,
moreaccuratemodelsof tasksequencesandtaskinteractions.In contrastto reasoningfrom a single
expectedvalue,this enhancementsupportsnotionslike “30% of the time TaskA will fail and70%
of the time it will generatehigh-qualityresults.” Becausethe modelsof tasks,taskinteractions,and
sequencesof tasksaremoreaccurate,theschedulerbuilds betterschedulesfor theagent,asillustrated
by Figures4 and 5.

Focusing Uncertainty's secondroleis in focusing;theschedulerusestheagent'sdesignor goalcriteria(aka
objective function)throughouttheschedulingprocessto focuseffortsonbuilding schedulesandpartial
schedulesthat bestsatis�ce, from a rationalperspective [38, 39], to meetthe criteria.This focusing
behavior is whatenablestheschedulerto copewith theexponentialcombinatorsandproduceresultsin
soft real-time.Whenuncertaintyreductionis importantto theagent,theschedulermayselecttasksthat
haveahighdegreeof certaintyaboutthespeci�eddimension(s)andtrade-off utility in otherdimensions
asspeci�edby thegoalcriteria.For example,if certaintyin thequality dimensionis importantto the
agentrelative to raw qualitygoodness,theschedulermaytrade-off highqualityfor morecertaintyabout
quality whenbuilding schedules,resultingin scheduleswith lower overall quality but higherquality
certainty. In situationswherea deadlinemustbe met, the schedulermay electto trade-off quality or
even short duration,possibly in exchangefor certaintyaboutduration,producingscheduleswhose
durationsarenot asshortaspossible,but whosedurationsaremorecertainthan the schedulesthat
have theshortestdurations.Thesesimpleexamplesaremembersof a largeclassof multi-dimensional
attributetrade-offs thatDesign-to-Criteriaconsiderswhenbuilding schedulesfor theagent[46, 47].

Construction The third useof uncertaintyin theschedulingprocessis in construction; whenuncertainty
is importantto theagent,theschedulermaytake a moreactive approachto uncertaintyreductionand
electto usemorethanonewayof achieving varioustasksin orderto increasethecertaintyof resultsin
desireddimension(s).

Evaluation Thefourthroleof uncertaintyis in evaluation;it enablestheschedulerto evaluatequality, cost,
duration,and uncertaintytrade-offs whenbuilding customschedulesto meetthe agent's needs.The
additionof uncertaintyto boththetaskmodelandthegoal/designcriteriaallowsanagent,or its human
client, to specifyhow important,if at all, uncertaintyreductionis relative to otherschedulefeatures
like raw-goodnessandthreshold/limitspeci�cationsin eachof thethreemodeleddimensions:quality,
cost,andduration.

ContingencyAnalysis The�fth useof uncertaintyis in thesupportof secondarycontingencyanalysis. The
generalDesign-to-Criteriaschedulingprocessis designedto copewith exponentialcombinatoricsand
to produceresultsin soft real-time.However, its somewhat myopic approximationand localization
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methodologiesdo not considerthe existenceof recovery optionsor their value to the agent.In the
generalcase,explicit contingency analysisis not required.In the event of a failure, the scheduleris
reinvoked andit plansa new courseof actionbasedon thecurrentcontext (taking into consideration
thesuccessesaswell asthefailures,consideringthevalueof resultsthatbeenproducedto theparticular
point). In harddeadlinesituations,however, theschedulermaynot beableto recover andemploy an
alternativesolutionpathbecausevaluabletimehasbeenspenttraversingasolutionpaththatcannotlead
to a �nal solution.Our uncertaintybasedcontingency analysistoolscanhelp in this situationby pre-
evaluatingthelikelihoodof recovery from aparticularpathandfactoringthatinto theutility associated
with aparticularagentschedule.Theimprovedestimates(basedonthepossibilityof recoveryoptions)
can result in the selectionof a different schedule,possiblyone that leadsto higher quality results
with greaterfrequency. We returnto contingency analysisin Section5. Obviously, in the bestof all
possibleworlds, insteadof generatinga schedulewherewe have to rescheduleat failure points,we
would like to constructan optimal meta-controlpolicy which prescribesthe next bestactionfor the
agentto take basedon performancecharacteristicsof themostrecentlyexecutedprimitive action.For
mostreasonablesizetaskstructuresthe computationaloverheadof constructingthis policy online is
unrealistic.However, we would like to seehow well the contingency analysisapproachperformsin
relationto optimal.In Section3, wedescribeanapproachfor constructingsuchanoptimalpolicy from
ourTÆMStaskgraphrepresentation.

In general,thedifferentimplicationsof uncertaintyto theschedulingprocessmanifestthemselvesin two
primaryways.Oneis with respectto thegeneralschedulingprocess.By integratingandleveraginguncer-
taintywithin theframework of copingwith combinatoricsandgeneratingcustomschedules,wecanproduce
betterschedulesin situationswherecertaintyis important.Notionsof redundancy, reducinguncertaintyat
scheduletime, andfocusingschedulegenerationon producingcertainsolutionsareaspectsof this facet.
Theotheruseof uncertaintyis adetailedanalysisthatconsidersschedulerecoveryoptionsfor theagentand
revisesscheduleexpectationsto re�ect this moredetailedanalysis.On onehandthereis theutilization of
uncertaintyin theapproximate,satis�cing, soft real-timecomputationalDesign-to-Criteriaframework, and
on theotherhandthereis anaddedexpense,but amorethorough,detailedanalysisthatpaysrealdividends
in hard-deadlinesituationsthatareaccompaniedby up front time for theextraanalysis.

Design-to-Criteria[36, 47, 51] tracesits ancestryto theideasof Design-to-Time [16, 17, 18] scheduling
andto researchin �e xible computation[23] andanytime algorithms[6, 37, 57, 56]. Design-to-Criteriais
relatedto Design-to-Time in that both schedulingmethodologiesare domainindependent,operatingon
an abstractmodel of a particularproblemsolving process;more importantly both methodologiesentail
selectingfrom alternative waysto performtasks,whereeachwayhasdifferentperformancecharacteristics,
in orderto constructcustomschedulesfor aparticularsituation.Design-to-Timefocusedonqualityandtime
trade-offs and building schedulesto meetparticulardeadlines.To increase�e xibility, Design-to-Criteria
insteadbuilds schedulesthat trade-off quality, cost,duration,and certaintyin eachof thesedimensions,
to meeta particularsetof designcriteria, in addition to meetingdeadlinesandotherhard resourcecon-
straints.In thespirit of �e xible computation,Design-to-Criteriaalsousesthis trade-off analysisto control
theschedulingcombinatoricsthroughouttheschedulingprocess,ratherthanasa post-productionschedule
selectionmechanismasin Design-to-Time. 2

Thecontrolaspectsof thiswork fall into thegeneralareaof �e xible computation[23], but it differsfrom
most�e xible computationapproachesin its useof multiple methodsfor taskachievement(oneexception

2 In Design-to-Time, scheduleproductionis designedto producean assortmentof schedules,via a �x ed set of heuristics,
regardlessof thedesigncriteria.In Design-to-Criteria,wherepossible,all computationis directedat producingschedules,partial
schedules,andscheduleapproximationsthatmeetthedesigncriteria,thusresultingin a largersetof high quality schedulesfrom
which to choosethe“best” scheduleto execute.
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is [24]), in its �rst classtreatmentof uncertainty, and in its ability to useuncertaintyinformation in the
selectionof methodsfor execution.Much work in �e xible computationmakesuseof anytime algorithms
[6, 37, 57], algorithmsthat alwayshave an answerat handandproducehigherquality resultsasthey are
givenmoretime,upto athreshold.TheTÆMSmultiplemethodsapproachcanmodelany activity, including
anytime algorithms3, that canbe characterizedstatisticallyandwe placeno constraintson the statistical
behavior of theactivities in question.In our work, uncertaintyis a �rst classconceptthatboth appearsin
thestatisticaldescriptionsof theavailablemethodsandis propagatedandrelatedasschedulesandschedule
approximationsaregenerated.Unlike mostwork in anytime algorithmsthat focuseson thepropagationof
uncertainty[55], we canalsoincludeuncertaintyanduncertaintyreductionin the goal criteria andfocus
work on reducinguncertaintywhenimportantto the agent.This ability stemsfrom our taskmodel's rep-
resentationof alternative waysto performvarioustasks.Becausemultiple-methodsoftenexist to perform
tasks,we canreasonaboutthequality, cost,duration,anduncertaintytrade-offs of differentactionswhen
determiningwhichactionsto perform,achieving thebestpossibleoverall results.

RecentresearchhasadvancedDesign-to-CriteriaandTÆMS agentcontrol in threeprimary areas:re-
�ning thegoaldirectedcriteriamechanismandtrade-off analysisprocess,improving thequality estimates
associatedwith �nal schedules,andtheadditionandincorporationof uncertaintyin theschedulingprocess.
In this paper, we focuson the uncertaintyaspectof our recentwork, thoughwe point out otheradvances
along the way. The approximate,trade-off behavior of the agentschedulingalgorithm is presentedin
[47, 44], alongwith identi�cation of sourcesof complexity that posesigni�cant obstaclesto generating
real-timeagentschedulesanddoingsoon-lineor in soft real-time.

This paperis structuredasfollows. In Section2 we discussthe TÆMS taskmodelingframework and
theadditionof uncertaintyto thetaskmodelsthatdescribeanagent's problemsolvingoptions.In Section3
we describehow theTÆMStasknetwork is mappedto a �nite-horizon Markov DecisionProcessandthe
optimal policy is computed.Section4 discusseshow uncertaintyis integratedand leveragedin the main
Design-to-Criteriaschedulingprocess.In Section5 we stepoutsideof the main schedulingprocessand
discusssecondarycontingency analysismethodologythatusesDesign-to-Criteriato exploreuncertaintyand
therami�cationsof schedulefailure.Experimentalresultsillustratingthestrengthof contingency analysis,
relative to Design-to-Criteria's myopic view, for certainclassesof agenttask structuresare provided in
Section6.

2. Extending the TÆMS Modeling Language

TÆMS (TaskAnalysis,EnvironmentModeling, andSimulation)is a domainindependenttaskmodeling
framework usedto describeandreasonaboutanagent's (complex) problemsolvingprocesses.TÆMSmod-
elsareusedin a wide rangeof agentresearchprojectsandapplications.Some,mentionedearlier, include:
the BIG informationgatheringagent[30, 31], the intelligent home(IHome) [27], dynamicsupplychain
management[49], aircraft repair teamcoordination[48], distributedsensormanagement[22], distributed
hospitalpatientscheduling[9], GPGPcoordination[28], agentdiagnosis[20], the SRTA (soft real-time
agentarchitecture)[21, 45], and work in multi-level negotiation in software agents[54], amongothers.
Typically in TÆMS agents(seeFigure 1) a problemsolver representsdomainproblemsolving actions
in TÆMS, possiblyat somelevel of abstraction,andthenpassesthe TÆMS modelson to agentcontrol
problemsolverslike themulti-agentcoordinationmodulesor theDesign-to-Criteriascheduler.

TÆMSmodelsarehierarchicalabstractionsof agentproblemsolvingprocessesthatdescribealternative
waysof accomplishinga desiredgoal; they representmajor tasksandmajor decisionpoints,interactions
betweentasks,and resourceconstraintsbut they do not describethe intimate detailsof eachprimitive

3 Thoughif all actionswereanytime algorithms,therearebetterwaysto frameandperformtheschedulingtask.
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action.All primitive actionsin TÆMS,calledmethods, arestatisticallycharacterizedin threedimensions:
quality, costandduration.Quality is a deliberatelyabstractdomain-independentconceptthatdescribesthe
contribution of a particularaction to overall problemsolving. Thus,different applicationshave different
notionsof whatcorrespondsto modelquality. Durationdescribestheamountof timethattheactionmodeled
by themethodwill take for theagentto executeandcostdescribesthe�nancial or opportunitycostinherent
in performingthe action.With the recentadditionof uncertaintymodeling,the statisticalcharacteristics
of the threedimensionsaredescribedvia discreteprobability distributions associatedwith eachmethod.
Theuncertaintyrepresentationis alsoappliedto taskinteractionslikeenablement,facilitationandhindering
effects.4 Thusagentsmaynotonly reasonaboutthecertaintyof actions,e.g.,“methodA will fail 10%of the
time,” but alsowith respectto the interactions,e.g.,“10% of the time facilitationwill increasethequality
by 5%and90%of thetime it will increasethequalityby 8%,” andthejoint of thesetwo. (Sinceinteraction
effects are dependenton the quality of the originator of the effect.) The quanti�cation of methodsand
interactionsin TÆMS is not regardedasa perfectscience.Taskstructureprogrammersor problemsolver
generatorsestimatetheperformancecharacteristicsof primitiveactions.Theseestimatescanbere�ned over
time throughlearning[25] andagentstypically replanandreschedulewhenunexpectedeventsoccur.
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Money
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Build Product
Objects

Outcomes
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Resource nle

Task nle

Subtask Relation

Key

enables

... ... ...

q_sum()

q_seq_last()

Figure 6. InformationGatheringTaskStructureSimilar to thatFoundin theBIG Agent

To groundfurther discussion,considerFigure6, which is a slightly morecompleteview of the infor-
mationgatheringtaskstructureintroducedin Figure2. Thetop-level taskin this structureis Recommend-
a-High-End-PC-Systemand it hastwo subtasks:one that pertainsto �nding informationaboutproducts
and constructingmodelsof them,Build-Product-Objects, and one for making the decisionaboutwhich
productto purchase,Make-Decision. Thetwo tasksaregovernedby aq seqlast()qaf.Qafsspecifyhow the
qualityof thesubtasksis relatedat theparenttask.With recentextensionsto TÆMS,qafsmayalsospecify
orderingsamongthesubtasks.Let � denoteatask,��� denoteoneof its children,andlet 	 denotethenumber

4 Facilitationandhinderingtaskinteractionsmodelsoft relationshipsin whicharesultproducedby sometaskmaybebene�cial
or harmfulto anothertask.In thecaseof facilitation,theexistenceof theresult,andtheactivationof thenon-localeffect generally
increasesthequalityof therecipienttaskor reducesits costor duration.
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of childrenof � . Let 
 denotethequalityof theitem in question,e.g., ��� is thequalityof thetaskand �
��� is
thequality of the ����� child of � . In TÆMS,thequality of any taskor methodbeforeperformance(or after
failure)is zero.A samplingof theqafsde�ned in TÆMSincludes:

� q sum: ���������

��� �

�!� � andany of thesubtasksmaybeperformed(power-setminusempty-set)in any
order.

� q sumall: ���"� � �

��� �

�!� � andall subtasksareto beperformedin any order.

� q min: ���#�%$&�'	)(*�!+,�.-/�0���1-32424-/�

�

�05 andall subtasksareto be performedin any order. Sinceall tasks
have zeroinitial quality, failureto performa givenchild undera q min() resultsin zeroquality for the
parenttask.

� q max: ���"�6$87:9;(*�<+,�1-/�0���=-32424-/�

�

�05 andany numberof subtasksmaybeperformedin any order, though
generallyonly onetaskis selected.

� q exactly one: �>�?�A@CB�D�EF(*�<+,�1-;�0���.-;�

�

��5 andonly oneof thesubtasksmaybeperformed.

� q seq: ���"�A�

�

� andall subtasksmustbeperformedin order.

� q seqsum,q seqmin,q seqmax,q seqlast: Theseqpre�x in this casedenotessequencepreference
andthatall subtasksmustbeperformed;thesuf�x denotesthe function to performwith theresultant
qualities,e.g.,q seqsumindicates�

�
�

�
�

��� �

�
���

Recommend-a-High-End-PCis thus performedby performingeachof its subtasks,in order, and its
quality is determinedby theMake-Decisionsubtask.This modelsthefact thattheagent's decisionprocess
takes into considerationthe quality, coverage,andcertaintyof the informationusedto make the decision
andre�ects theseattributesin thequalityof its output.As discussed,Build-Product-Objectsis performedby
performingeachof its child tasks,in order, andits quality is thesumof its children's qualities.In contrast,
Get-BasicandGather-Reviews canbe achieved by performingany oneor moreof their respective child
tasks.NotetheenablesinteractionbetweenGet-BasicandGather-Reviews. This non-localeffect modelsa
hardprecedencerelationshipbetweenthetasks– theagentmust�rst successfullylearnaboutproductsbefore
it canlocatereviews for them.In TÆMS,taskinteractionsaretriggeredby conditionsin theoriginatorand
the effectsof the interactionsarere�ected in the quality, cost,anddurationdistributionsof the recipient.
With theadditionof uncertaintyto TÆMS,soft interactioneffectslike facilitationandhindering,arealso
quanti�ed via probability distributions.Taskinteractionsin TÆMS include:facilitates, hinders, bounded
facilitates, sigmoid, enables, anddisables.

Resourcemodelsareanotherrecentadditionto theTÆMSframework. The informationgatheringtask
structurealsoshows the useof a monetaryresource.Resourcesarecurrentlyeitherconsumableor non-
consumable(replacedafteruse,e.g.,anetwork), thoughthehierarchicalresourcemodelswill supportfurther
specialization.Taskresourceconsumptionandproductionbehaviors aremodeledin TÆMSvia consumes
and producestask/resourcenon-localeffects– thesenon-localeffectsdescribethe quantityof resources
consumedor producedby taskexecution.In theeventthatresourcesareinsuf�cient to meettherequirements
of a giventask,thenegative effectsaremodeledvia a limits resource-to-tasknon-localeffect thatis akin to
ahinders task-to-tasknon-localeffect, i.e., it expressesnegative multiplier effectson therecipient's quality,
cost,anddurationdistributions.Foranon-consumableresource,e.g.,network bandwidth,wheretheresource
is diminishedduringtheusageandthenreturnedto its initial state,thede�nitions for consumesandlimits
are:
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G A resource-centerednon local effect is a function of the form: nle(M, R, t, q, c, d, HJI'K<L/M3N�OPN�Q , p1, p2,...): [
method R resourceR currenttime R methodquality R methodcost R methodduration R resourcequantity R

parameter1R otherparameter2..] = [methodquality R methodcost R methodduration R resourcequantity]
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Anotherrecentadditionto TÆMSis theoutcomeconstruct.Outcomesmodelsituationsin whichagiven
methodhasdifferentclassesof possibleresults,eachclasshaving its own distinctquality, cost,andduration
characteristicsandpossiblyeven its own interactionswith othertasks.The Build-Product-Objectstaskin
Figure6 illustratestheoutcomesconstruct5; theoutcomesserve to indicatethenumberof objectsgenerated
during the informationgatheringphase.Attachedto eachof theseoutcomesarehinderingandfacilitation
soft non-localeffectsthataffect thequality, cost,anddurationof thedecisionmakingtask.This modelsthe
notion that the time requiredto make the decisionincreasesasmoreproductsarecompared,but, that the
decisionprocessbene�ts in termsof qualityby having moreproducts.

TÆMS alsosupportsmodelingof tasksthat arrive at particularpointsin time, individual deadlineson
tasks,earlieststarttimesfor tasks,andnon-localtasks(thosebelongingto otheragents).Obviously, schedul-
ing TÆMStaskstructuresis a non-trivial process.In thedevelopmentof TÆMStherehasbeena constant
tensionbetweenrepresentationalpower andthecombinatoricsinherentin working with thestructure[50].
The result is a modelthat is rich enoughto modelselecteddetailsof many agentdomainsbut onethat is
non-trivial to processandschedulein any optimal sense.The existenceof alternativesandchoicesin the
models,while addingto thecomplexity, alsofacilitate�e xible andapproximateprocessingstrategies.

3. An Optimal Meta-Controller for TÆMS TaskNetwork Scheduling

As discussedin the introduction,our heuristicapproachto schedulingtheTÆMStasknetwork is to �nd a
linearsequenceof actionswhoseperformance,asa resultof limited search,bestmatchestheagent's goal
criteria.We reschedulewhentheresultsof thepartialexecutionof theactionsequenceindicatesthereis a
highprobabilitythattheagentwill nolongermeetgoalcriteria.Thisis in contrastto anoptimalmeta-control
policy whichwouldspecifythebestpossiblemethodfor theagentto executeateachinstantsoasto achieve
thedesiredhigh-level goalwhile optimizingthecriteriaandresourcespeci�cations.Thedrawbackwith such
anapproachis thatfor mostreasonablesizetaskstructuresthecomputationaloverheadof constructingthis
policy online is infeasible.Additionally, our researchconcentrateson open,dynamicenvironmentswhere
the tasksetof the agent,or the agent's objectives,may changeandthe modelsusedto producetheMDP
areapproximateanduncertainin andof themselves.In thiscontext, it is likely thattheMDP wouldhave to
befrequentlyrecreatedandthustheintractabilityof theprocessbecomesevenmoreof anissue.However,

5 Theactualinformationgatheringtaskstructuredoesnot incorporateoutcomesat thetasklevel. This exampleis a conceptual
abstractionof theclassof taskstructuresproducedby theagent's plannerandis simpli�ed for examplepurposes.Outcomesat the
tasklevel have semanticsthataredif�cult to specify.
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wewould like to seehow well ourheuristicapproachperformsin relationto theoptimalpolicy in situations
whereit is computationallyfeasibleto computethepolicy off-line.

Wede�ne theTÆMStasknetwork schedulingproblemasa�nite-horizon Markov DecisionProcess(MDP)
which tries to maximizeits expectedaccumulatedrewardgiven thecriteria (quality, cost,duration)speci-
�cation. It is a �nite-horizon MDP becausea primitive actioncanbe executedonly oncein a particular
executionpathandhencethereareno loops.Themappingof a TÆMS taskstructureto an MDP is fairly
straightforward sinceTÆMS canbe thoughtof asa compactrepresentationof a classof MDP problems.
TÆMSdiffers in thatit implicitly describestheenumeratedsearchspacethat is explicitly describedby the
MDP. From anotherview, the MDP unwindsTÆMS into a statespace– TÆMS doesnot representthe
actualeffectsof the individual alternative pathsnor doesit breakindividual elementsfrom quality, cost,
or durationdistributions.TÆMSis a speci�cationof tasks,their relationships,their interactions,andtheir
statisticalcharacteristics.It doesnotcarrythroughtheimplicationsof choices.TheMDP framework, onthe
otherhand,explicitly describeseachpossibleindividual executioncharacteristicof eachprimitive action.
Additionally, TÆMSspeci�esconstraintsonanorderingratherthanexplicitly representingtheimplications
of theordering.Thereis norequirementof immediateprecedenceandnoconstraintonimmediatesuccession
either. An MDP representationwould lay outexactprecedenceandsuccessionorderingsof methodswithin
apathin theMDP tree.Additionally, thecompactprocess-stylerepresentationof TAEMS is amorenatural
representationof agentactivity.

The translationprocessof a TÆMS task structureto a MDP involves following a procedurewhich
lays out eachpossibleexecutionpath for achieving the agent's high level goal. The MDP translationis
a procedurewhich allows for the transformationof a TÆMS taskstructureT to the correspondingMDP
M. Thestatein theMDP representationis a vectorwhich representsthemethodsthathave beenexecuted
in orderto reachthatstatealongwith their executioncharacteristics.TheMDP actionis theexecutionof a
particularmethod.MDP actionshave outcomesandeachoutcomeis characterizedby a 3-tupleconsisting
of discretequality, cost and durationvaluesobtainedfrom the expectedperformancedistribution of the
MDP action.The rewardsarecomputedonly for the terminalstates,i.e. the intermediatestateshave null
rewards.Therewardis computedby applyingacomplex criteriaevaluationfunctionof thequality, costand
durationvaluesobtainedby theterminalstatewhichis describedin Section4.Valueiterationis thedynamic
programmingalgorithmusedto computethe optimal policy. In theory, valueiterationrequiresan in�nite
numberof iterationsto convergeto theoptimalpolicy. However, in practice,westoponcethevaluefunction
changesby only a small epsilonthresholdin a sweep.The following is the algorithmfor the translation
process.

Let TG bethetop level goalin T andlet METHODSbethesetof primitive actionsin T.

1. Initialize MDP with states;

2. Translate(s)

a) Identify thesetof actions(subsetof METHODS)whicharepossiblefrom s.

b) Iterateovereachaction

i) If actionis notTERMINATE
A) Expandeachoutcome(characterizedby discretequality, cost,durationvalues).
B) Determineif outcomecanleadto anew statewhile adheringto thecriteriaconstraints.
C) if new stateV/•‘•

Oi’“k is reached,Translate(V‘•/•

O”’�k )
ii) Elseif actionis TERMINATE, setreward of terminatingstateto be a function of the quality, costand

durationvaluesof thestate.

3. ValueIteration(StateSet);

4. Returnoptimalpolicy.
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Figure 7. Translationprocessfrom TAEMS taskstructureto Markov DecisionProcessfor Simpli�ed Subsetof an
InformationGatheringTaskStructurefor theBIG Agent

To make this discussionon the translationprocessmoreconcrete,we will applya few iterationsof the
algorithmon thetaskstructuredescribedin Figure4. Letsassumetheagent's designcriteriaspeci�esthat
thetaskshouldachieve themaximumpossiblequalitywithin aharddeadlineof 6 minutes.Upontranslation,
thecorrespondingMDP has76 states.Figure7 describesthe translationprocessin progress.The input to
thealgorithmis thetaskstructurein Figure 4 describedin textual format.ThestartstateSOis initialized.
The PossibleActionSetfor stateSO is PC-Connection, PC-Mall. ZDnet and Consumers-Reportsare not
valid actionssincetheir parenttaskGatherReviewshasaninactive incomingenablesfrom GetBasic. The
outcomesof eachactionin thePossibleActionSetareprocessedstartingwith Consumers-Reportswhichhas
4 outcomesresultingin the statesS1, S14, S21andS46respectively. The PossibleActionSetfor stateS1
consistsof Consumers-Reports,ZDnet, PC-Mall. The actionConsumers-Reportshas4 outcomes.Two of
theoutcomesresultin thetotal durationcrossingthedeadlineof 6 minutesandhenceresultin a null state.
Theothertwo outcomesresultin statesS2andS3with probabilities0.67and0.23respectively. Theoutcome
resultingin stateS2hasa quality of 30.0,costof $2 anddurationof 5 minutes.ThePossibleActionSetfor
stateS2containsonly the Terminateactionsincethe outcomesof all otherpossibleactionsresult in the
deadlinebeingcrossed.The currentloop is exited whena Terminateaction is encounteredandalso if a
deadlineis crossedresultingin null states.The restof the MDP tree is extendedin the samedepth-�rst
fashion.In Figure7, thetuple • state=S1, action=PC-Mall, outcome= o1– resultsin stateS8andsodoes

• state=S57, action=PC-Connection, outcome= o1– . This is becausethe two tuplesarejust permutations
of thesamesetof actionoutcomes.

Theoptimalpolicy for theabove problemis shown in Figure8. As we canseethepolicy suggeststhe
methodsequence— PC-Mall, Consumer-Reports̃ asthebestagentschedule.Thereareno possiblerecov-
eriesin theeventof failureof eithermethodwithin thedeadline.In this particularcase,becausethereare
no recovery options,thesinglepassview of DTC producedtheoptimalsolution,asdiscussedin Section1.
This is not alwaysthecaseandtheutility of theMDP expansionapproachis madeclearby thesecondary
contingency analysisresearch,presentedin Section5, thatmorecloselyapproximatesthepropertiesof the
MDP.

As mentionedearlier, theMDP statespaceof taskstructuresmodelingreal-world applicationsundergoes
a combinatorialexplosion.For instance,thenumberof statesfor a taskstructurewith 4 methodswith each
methodhaving 2 outcomesis in the100's. However, a taskstructurewith 6 methodswith eachhaving an
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Figure 8. OptimalPolicy for Simpli�ed Subsetof anInformationGatheringTaskStructure

averageof 5 outcomeshasabout30000states.Hence,thisapproachhasmainlybeenresearchedto serve as
anoff-line theoreticalbenchmarkto evaluateour real-timeheuristicschedulers.

4. Integrating Uncertainty Into Design-to-Criteria Agent Scheduling

Design-to-Criteriais theprocessof copingwith exponentialcombinatoricstoproduceagentschedulesin soft
real-timethatmeeta particularsetof designcriteriaandhardconstraintslike deadlinesor costlimitations.
This schedulingproblemrequiresa sophisticatedheuristicapproachbecauseof the problem's inherent
computationalcomplexity. To understandthe complexity andget a feel for the agentschedulingprocess,
considera task structureonly a single level deep,wherea single task has 	 children that are methods
andit accumulatesquality accordingto the q sum()qaf. This modelsa situationin which an agenthasa
singlehigh-level taskandmany differentsubtasksthatcanbeperformedto achieve thetop-level task,where
the quality of eachof the subtasksis summedto determinehow well the top-level taskis performed.For
example,a simpleinformationretrieval agentmight have a top-level taskto collect news articlesrelating
to thestockmarket andmany differentsourcesfrom which to collectsaidarticles.To achieve its goaland
performits top-level task,it couldgo to siteX, to siteY, to siteZ, or it couldgo to any combinationof the
sites,e.g.,X andY, X andZ, Y andZ, etc.With asimpletaskstructuresuchasthis,having 	 methods,there
are ™

�

�›š unorderedsetsof methodsthatcanbeusedto achieve theparenttask,andwithin eachsetof $

methods,$�œ possibleorderingsof methodsin theschedule.Conceptually, thenumberof unorderedsetsis
dueto planningstylecomplexity wheretheissueis decidingwhich methodsto useto bring abouta desired
state.The numberof sequencesof eachunorderedmethodset is the classicschedulingside complexity
whereorderingis thefocus.In general,theupper-boundon thenumberof possibleschedulesfor a TÆMS
taskstructurecontaining	 methodsis givenin Equation1.

�

•

���•+

ž

	

�0Ÿ

�/œ (1)

The combinatoricsarepronounced(  J(m™

�

5 and ¡¢(£	

�

5 by Stirling's approximation)andin practicethe
generationof aprovablyoptimalsolutionthroughgenerationof all possibleagentschedulesis infeasible.In
our research,we oftenscheduleagenttaskstructureshaving between25 and180methods,e.g.,[30, 44]. A
sampletaskstructurewith 25 methodsproducesover 67 million differentunorderedmethodsetsandover
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š

2

šW¤¥š3¦1§�¨ possibleagentschedules.Theproductionof provablyoptimalsolutionsthroughmorere�ned tech-
niques,suchasdynamicprogrammingor astate-based-search, hasbeenunsuccessfuldueto thenumberand
typesof constraintspresentin TÆMS,e.g.,interactionsbetweentasks,starttimes,deadlines,commitments
associatedwith tasks,unruly quality, cost,anddurationcharacteristics,etc.In DTC, theschedulercontrols
the combinatoricsandproducesschedulesfor the agentsthrougha satis�cing methodologydescribedin
detail in [44] and[47, 46, 15, 16].

Thispracticallimitation alsoappliesto theproductionof anoptimalcontrolpolicy for theagentusingan
MDP –in thiscase,thecombinatoricsareevenworsebecausetheMDP“unwinds” theTÆMSrepresentation
andfor eachtriple of • quality, cost,duration – in a method's outcome,theMDP containsonestate(Sec-
tion3).With respecttooptimalpoliciesversusoptimalschedules,therealquestionis: In whatsituationsdoes
thesequenceofactionsin thebestschedulediffer fromthesequenceofactionsin theoptimalpolicy?Another
way of understandingtheproblemis to askthequestion:How closecanweapproximatetheperformance
of an optimal policy for the agent through the processof incrementalrescheduling, and how oftendoes
this reschedulingneedto occur?Notethattheschedulingview andthepolicy view differ. Thepolicy view
exploresall possiblemethodsequences,including recovery from methodfailure; the schedulingprocess
composesandend-to-endview of the agent's processwhile propagatingandreasoningaboutuncertainty
but not exploring recovery options.In otherwords,a scheduleis constructedwith theassumptionthat the
agentwill reschedulewhena failure occursor whenthe resultsdeviate from expectations.In contrast,a
policy de�nes which methodto executenext basedon theoutcomesof previous methodexecutions.With
schedulingandreschedulingwe hopeto approximatethepolicy, however, evenif reschedulingoccursafter
eachmethodexecutiontheperformanceof theschedulermaynot beidenticalto thatof theoptimalpolicy
becausewith eachdecision,eachchoice,the schedulerdoesnot considerall possiblemethodsequences
from the currentstate.The policy view is stronger, but, also infeasiblein our researchdueto the sizeof
the problemspaceand the dynamicsinvolved. DTC is deployed in multi-agentenvironmentswherethe
modelsof the environmentand the agents'processesare imperfectand new tasksor new requestsmay
arrive at any point in time. The combinatoricscombinedwith the dynamismhave placedhardconstraints
on theschedulingproblem.In thispaperwedonot revisit thesatis�cing methodologyof DTC in detail,but
insteaddiscusstheimplicationsof uncertaintyto agenttaskmodelingandtheagentschedulingprocess,and
introduceanextensionto DTC to supportcontingency analysisandexplicit planningfor recovery thatmore
closelyapproximatestheperformanceandbehavior of optimalMDP producedpolicies(Section6).

Themainfacetsof DTC'smethodologyinclude:

Goal Dir ectedFocusing Theagent's designcriteria is leveragedto focusall processingactivities on pro-
ducingsolutionsandpartialsolutionsthataremostlikely to meetthetrade-offs andlimits/thresholds
de�ned by thecriteria.This is achievedby creatingandidentifyingpartialsolutionsthatseemlikely to
meetthecriteriaandconcentratingfurtherdevelopmentontheseclassesof partialsolutions,pruningor
ignoringotherpartialsolutionsthataredeemedleastprobableto leadto “good” solutionsfor theagent.

Approximation Scheduleapproximations,calledalternatives, areusedtoprovideaninexpensive,butcoarse,
overview of the agentschedulesolution space.Alternatives containa set of unorderedactionsthat
canbescheduled(ordered)to achieve a particulartaskalongwith estimatesfor thequality, cost,and
durationdistributions that may result from schedulingthe actions(analogousto expectationsabout
whatwill happenwhentheagentperformstheactions).An alternative representsonepossibleway in
whichtheagentmayperformagiventask.Alternativesareinexpensive to computeasthecomplex task
interactionsareonly partiallyconsideredandordering,resource,andotherconstraintsareignored.The
alternative abstractionspaceis usedin conjunctionwith criteria directedfocusingto build schedules
from alternativesthataremostlikely to leadto goodschedules.
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Heuristic DecisionMaking The processof turning alternatives into schedules,i.e., sequencinga set of
actionsfor theagent,is theclassicschedulingproblemandthis toosuffersfrom highordercomplexity;

D©(£	“œi5 to scheduleasetof 	 unorderedactions.Wecopewith thiscomplexity usingagroupof heuristics
for actionordering.Theheuristicstake into considerationtaskinteractions,attemptingto take advan-
tageof positive interactionswhile avoiding negative interactions.They alsoconsiderresourcelimits,
individual action deadlines,task deadlines,commitmentsmadewith other problemsolving agents,
andotherconstraints.Theheuristicalgorithmreducesthe Dª(£	“œi5 actionorderingproblemto low-order
polynomiallevelsin theworstcase.

Heuristic Err or Correction The useof approximationandheuristicdecisionmakinghasa price – it is
possibleto createschedulesfor theagentthatdo not achieve thehigh-level task,or, achieve thehigh-
level taskbut do not live up to quality, cost,duration,or certaintyexpectationssetby the estimates
containedin thealternatives.This canbecausedby anover constrainedproblem,but alsoby complex
taskinteractionsthatareglossedoverby thealternativeapproximationandnotconsideredby theaction
orderingheuristics.A secondarysetof improvement[58, 40] heuristicsactasa safetynet to catchthe
errorsthatarecorrectableresultingin betteragentschedules.resultingin betteragentschedules.

Theadditionof uncertaintymodelingtoTÆMShasseveralimplicationsto theDesign-to-Criteriaschedul-
ing processandthusto theagentfor whomtheschedulesareconstructed.First, theagent(or humanclient)
mustbeprovideda mechanismto describetherelative importanceof certaintyor uncertaintyreductionto
their application.In somesituations,certaintymay not be an issue,but in othersituationscertaintymay
be highly important.An exampleof this in a multi-agentcontext is the certaintyof an agentto ful�ll its
commitmentto providearesultto anotheragentbeforeaspeci�edtime.Second,giventheability to specify
certaintypreferences,how can the information be usedin the schedulingprocessto produceschedules
that aremoreor lesscertain,i.e., how to designschedulesto addressthe enhanceddesigncriteria.Third,
is the issueof how the new uncertaintyrepresentationimpactsthe computationsandanalysisperformed
by the scheduler– the questionsarewhetheror not existing computationsareaffectedby the new model
andwhetheror not the computationscanbe improved. Relatedto this is the issueof building modelsof
scheduleswheretheschedulecharacteristicsincludeuncertaintyandtherelationshipof a distribution style
representationto a singlevaluerepresentationlike aharddeadlineor hardcostconstraint.

In thefollowing sectionswedescribehow theseissuesareaddressedin Design-to-Criteria.In Section4.1
we discussthe integrationof uncertaintyinto the agentor client designcriteria andhow this is mapped
to utility that is usedduring the schedulingprocessto build customschedulesfor the agent.Section4.2
discusseshow uncertainty, and the designcriteria, are usedin the schedulingprocessto producemore
certainscheduleswhenuncertaintyreductionis importantto theagent.Section4.3identi�es areasin which
the computationsareeffectedby the additionof uncertaintyandhow the representationof uncertaintyis
usedin themodelingandconstructionof schedules.A high-level exampleof uncertaintyreductionin the
schedulingprocessis thengiven in Section4.4. In a certainsense,integrationof uncertaintyin the main
scheduleris doneon a scheduleby schedulebasis,in Section5 we stepoutsideof the main scheduling
processanddiscussa secondaryanalysisprocessthatgoesbeyond the independentview of schedulesand
insteadconsidersrecovery or contingencyoptionsfor schedules.This is an importantability for agents
situatedin time andmissioncritical environments.

4.1. UNCERTAINTY IN AGENT GOAL CRITERIA AND ITS MAPPING TO UTILITY

Theagentgoalor designcriteriais oftengeneratedby humansusingaspeci�cationmetaphorcalledsliders,
theGUI shown in Figure9. This metaphorwas�rst presentedin [46] andextendedin [47, 44]. Sliderstake
on valuesfrom 0 to 100%andarearrangedin slider bankswhereeachbankcontainsa slider for quality,
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cost,andduration.The sumof the slidersin eachbankrangefrom 0 to 100%.A 100%weight given to
a particularslider expressesthat the slider in questionis the only item of importancerelative to theother
slidersin thesamebank.Examplesfollow below.

Intellectually, theresearchissuesbeingaddressedby theslidermetaphorarenotwhetherthemetaphoris
appropriatefor all applications,but, rathertherecognitionthatagentshave differentobjectivesin different
situationsandthatwhenproblemsolvingor schedulingwith thesepronouncedcombinatorics,controlmust
be focusedby the currentobjectivesof the agent.The point is �e xibility in control andthe ability to dy-
namicallyfocustheentireschedulingprocesson reasoningabouttheobjectives(via designcriteria),rather
than using implicit, hardwiredobjectives in a post-hocfashionas in the previous Design-to-Time agent
schedulingwork [15, 16]. If theagent's objectivesarenot consideredduringgeneration,in general,amuch
largerportionof thesolutionspacemustbesearchedto produceresultsusefulto theagent.CastingDesign-
to-Criteriaasa searchprocess,this is akin to concentratingsearchon the classesof solutionsandpartial
solutionsthatbestmeettheagent's objectivesfrom startto �nish, ratherthanasanevaluationspeci�cation
appliedto �nal states.In termsof anapproximateMDP, this is conceptuallyanalogousto only transitioning
from statesthatcorrespondto someestimationof theagent's objectivesastheothersolutionstatesareless
desirable.Theslidermetaphoror goalspeci�cationcouldeasilybereplacedor extended– oncecontrol is
designedto usethespeci�cationto evaluatetheutility of a givensolutionor partialsolution,changingthe
speci�cation is straightforward. In this paperwe do not concentrateper seon the constructionistrolesof
thegoalspeci�cation,but insteaddescribethespeci�cationandhow it relatesto theevaluationof candidate
optionsand extend the speci�cation to includebalancinguncertaintyreductionwith the other trade-offs
evaluatedby the scheduler. The useof the speci�cation in evaluation is the central concernhereas it
determineswhich approachesto achieving a particulartask,or the root level task,aremore valuableto
the agent.Theconstructionistaspectsof theschedulingprocess,presentedin [47, 44], dovetail to resolve
taskconstraintsoncethechoiceof optionshasbeenmade.

Regardlessof thesimplicity of changingthemetaphor, themetaphorpresentedherehasbeenproven to
beappropriatefor TÆMSandour applicationsbecause,in general,it is dif�cult to estimatea priori what
schedulesarepossiblefor anagentfor agiventaskstructure.For example,for aTÆMStaskstructurehaving
asfew aseightmethodsthereare109,600possibleschedulesfor theagent.Oftenwedealwith taskstructures
having between25 and180 methods.Schedulerclients(suchasothercontrol problemsolverswithin the
agentor theagent's humansclient) simply do not know whethera given harddeadlineor hardpreference
may bemetor even have anapproximateideaof the typesof solutionsthat arepossible.Often they must
describerelative preferencesor relative trade-offs andthenevaluatetheclassof solutionsproducedby the
schedulerandpossiblyre�ne their overall objectivesor their goal criteria accordingly. This is why some
of thebasicprinciplesof themetaphorincludesatis�cing andrelative evaluationaswell asclient speci�ed
limits andthresholdson thedifferentattributes.Extensionsto supportmultiplecriteriasetsandpreferences
betweensolutionclassesarepresentedin [44].

Thereare� vebanksin thecurrentspeci�cationmetaphor, eachrelatingto adifferentclassof concerns:

Raw GoodnessThis bankdescribesthe raw relative importanceof eachdimension.For example,setting
thequality slider to 50%andcostanddurationto 25%expressesthenotionthathigh quality is twice
as importantas low costand low durationandthat agentscheduleshaving thesecharacteristicsare
preferred.Thelabel“raw” heredenotesthatthispreferenceis notwith respectto any particulardeadline
or otherconstrainttheagentmighthave.Becauseof thecombinatoricsof theschedulingproblem,it is
oftendif�cult to know a priori what is possiblefor a given taskstructureandthussettinghardlimits
andthresholdscanbeproblematic(leadingto poorsolutions).This bankenablesclients(othercontrol
componentswithin theagentor its humanclient) to specifysimple,relative preferencesaboutquality,
cost,andduration.

a.tex; 5/11/2003; 13:43; p.18



19

Thr esholdand Limits This bankallows the client to setsoft limits andthresholdsfor quality, cost,and
durationeither using a �x ed limit/thresholdvalue or using a utility function that describesgradual
changesin utility as the value increasesbeyond a certainlimit or as it crossesa certainthreshold.
Using slidersin this bankonemight de�ne a preferencefor agentschedulesthat arebelow a certain
costthresholdbut above acertainquality threshold.Thepreferencesexpressedherearesoft in thatthe
schedulermayelectto crossaparticularlimit or thresholdif theoverallutility of theitemin questionis
higherthantheothercandidatesthatstaywithin thelimit or threshold.Thisconceptis mademoreclear
below whenwe describehow thedesigncriteria is relatedto theutility usedby theschedulerto rank
schedulesfor theagent.It is importantto notethathardconstraints,e.g.,harddeadlines,doexist in the
schedulingprocess,but thatthegeneraldesigncriteriais abouttheexpressionof relaxableconstraints
andsoftgeneralpreferencesfor theagent.

Certainty Whereastheraw goodnesssetabove expressestherelative importanceof quality, cost,anddu-
ration, this setexpressesthe relative importanceof uncertaintyaboutquality, uncertaintyaboutcost,
anduncertaintyaboutduration.For example,if anagent's client doesnot actuallycarewhena result
is produced,but is going to schedulea meetingto discussthe resultsassoonasthey areproduced,
the client would specify a preferencefor high certainty in the durationdimension,expressedas a
signi�cant weight given to the durationslider in this bank,e.g.,80% or 100%.This bankexpresses
relative predictabilitypreferences.

Certainty Thr esholdsLike the thresholdsandlimits bank,this bankexpressestherelative importanceof
meetingcertaintythresholdsin the quality, cost,anddurationdimensions.For example,throughthis
mechanism,agentclientscanexpressapreferencefor schedulesthathaveadurationcertaintyof 75%or
higher(meaningthat75%of thetime,thescheduleswill achievetheirpredictedruntime).Aswith limits
andthresholdson quality, cost,andduration,it is typically dif�cult to know a priori what certainty
thresholdsarepossiblefor agiventaskstructuresothis bankexpressessoftor relaxablepreferences.

Meta This slidersetrelatesthe importanceof thefour previousslidersets.This separationallows clients,
humanor otherwise,to focusonrelatingquality, costanddurationwith eachotherin eachof thecases
above, thento “stepback” anddecidehow importanteachof thedifferentclassesarerelative to each
other. For example,within the raw goodnessbank,client's canreasonaboutthe relative importance
of quality, cost,andduration,thendo thesamein the certaintybank,thendecidehow raw goodness
relatesto certainty. If certaintyis theprimaryissue,thenit is givenmoreweightin themetabankthan
raw goodness.

Certainty

Quality Cost Duration
100%

0%

Raw Goodness

Quality Cost Duration

66%

33%

50% 50%

Meta
Thresholds/

Limits
Raw

Goodness

Thresholds/Limits

Duration

Limit

Quality

Threshold

Cost

Limit
$5.75

100%

Certainty Thresholds

DurationQuality

Threshold

Cost

80%

Certainty
Certainty

Thresholds

100%

Threshold Threshold

25% 25% 25% 25%

Figure 9. AgentScheduleGoalSpeci�cationMetaphor

The incorporationof uncertaintyinto the criteria speci�cation provides agentclients (or other agent
control components)with a meansto describehow importantreducinguncertaintyis for their application
relativeto raw-goodnessandlimits/thresholds.Giventheability to specifytheimportanceof theseattributes,
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the issuethenbecomeshow to relatetheattributesto utility thatcanbe usedin the schedulingprocessto
evaluateandselectfrom different possiblecoursesof action for the agent.The mappingfrom slidersto
utility is presentedin [46], however, we mustexaminea portion of the computationsin order to discuss
the useof uncertaintyin theutility computationaswell. In general,utility is computedby comparingthe
statisticalcharacteristicsof a memberof a setof candidateagentschedulesto theobserved characteristics
for thesetasawhole.Theutility computationsform thebasisof thegoalor designdirectedproblemsolving
behaviors of theschedulerandareusedbothon completedschedulesandtheaforementionedalternatives
(scheduleapproximations).

Theutility computationis basedon notionsof relativegoodnessandnormalizedcomparison. Thecom-
putationis decomposedinto components,with onecomponentassociatedwith eachsliderbank.Thecompo-
nentsarefurtherdecomposedinto subcomponents,with onesubcomponentassociatedwith eachsliderin a
particularbank,i.e., thereis onesubcomponentfor quality, onefor cost,andonefor duration,in eachbank.
The subcomponentsaresummedto producethe rating componentfor a particularbank.Subcomponents
arecomputedby examiningitemsbeingratedin theparticulardimensionwith which thesubcomponentis
associated.For example,to computethecomponentfor theraw goodness(the�rst) sliderbank:

1. Find themin andmaxexpectedvaluesfor quality, cost,anddurationthatoccurin thesetof schedules
or alternativesbeingrated.

2. Loopover thesetof alternativesor schedulesto beratedandcalculatetheraw goodnessratingfor each
by calculatingthequality, cost,anddurationsubcomponentsasfollows in Steps3, 4 and4.

3. Let «�
 denotetheexpectedquality valueof thealternative or scheduleunderconsideration.6 Its quality
subcomponentis a function of the percentageof quality achieved by «�
 relative to the min andmax,

$&��	>� and $87:9¬� , quality valuesof the setof itemsbeing rated,scaledby the raw goodnessquality
slider, E®­ ¯�°£�'±[«3²0� andthetotal numberof pointsin theraw goodnessbank.
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4. Duration is different than quality as greaterduration is generallylesspreferable.Whereaswith the
qualityrelatedequation,achieving thebestqualityof all itemsin thesetshouldbringthehighestreward,
in this case,achieving the leastdurationof all itemsin thesetshouldbring thehighestreward.Costis
like durationin thatlowercostis better.
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5. Thequality, duration,andcostsubcomponentsarethensummedto obtaintheaggregateraw goodness
ratingcomponent.

The certainty rating subcomponentsare computedlike the previous subcomponentin that utility is
computedby comparinga given item to the observed minima andmaximafor the setof candidateitems.

6 Schedules,scheduleapproximations,andpartial scheduleapproximationsareevaluatedusing the designcriteria. The term
“alternative” is usedto denoteascheduleapproximationor a partialscheduleapproximation.
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However, thesubcomponentsdiffer in thatthefocusis on thecertaintyassociatedwith theexpectedvalues
of thequality, cost,anddurationdimensionsratherthantheexpectedvaluesthemselves.Considerthequality
case.The generalideais to rewardagentschedulesor alternativesbasedon how likely it is that a quality
valuethatmeetsor exceedstheexpectedvaluewill actuallyoccur.7 Thereasonfor this is semantic– more
quality is alwaysa goodthing.Agentsor agentclientswill not mind if theresultingquality is greaterthan
predicted.Only if theresultingquality is lessthanpredictedwill therebeanissue.Certaintyaboutcostand
durationis computedsimilarly, albeit thatwhatis “good” is reversed– lesscostandlessdurationaregood
things,thus,theprobabilityof theagentproducinga resultin lesstime or at a lower costis combinedwith
theprobabilityof obtainingtheexpected(predicted)costor duration.

Thuswe computethe probability that the quality, asexpressedby thediscreteprobabilitydistribution,
is greaterthan or equal to the expectedvalue,we then normalizeand scalethe probability as with the
previouscomponents,and�nally multiply by theproportionof pointsallocatedto thecertaintyqualityslider.
Considera partialexample,if anagentschedulehasa simplequality distribution thatdenotes25% of the
time0 qualitywill resultand75%of thetimequality10will result,its resultingexpectedqualityvalueis 7.5.
Contrastthiswith aschedulewhosequalitydistributiondenotesthat50%of thetime0 qualitywill resultand
50%of thetime15qualitywill result;its expectedquality is also7.5.However, theprobabilitythatthe�rst
schedulewill generatea quality valuegreaterthanor equalto theexpectedvalueis .75whereasthesecond
schedule's probability is only .50.This is thegist of thecertaintyratingsubcomponents– themorecertain
thattheexpectedvalue,or abettervalue,will occur, thegreaterthereward(andthemorelikely ascheduleis
to beselectedfor performanceby theagent).Thecalculationprocedureissimilarto theraw qualitygoodness
procedurepresentedabove, thoughthefocusis alwayson probabilitiesandprobabilitiesof theitemsbeing
ratedarenormalizedusingthederivedmin andmaxprobabilitiesfor theset.For example,thecomputation
to computethe quality certaintyrating subcomponentis shown in Equation2. In the equation,
 denotes
the quality distribution of the item beingrated(scheduleor alternative), «

 denotesthe expectedvalueof
thequalitydistribution, º�²1¡1»=(*
´–¼�½«

¾5 determinestheprobabilitythatqualityexceedstheexpectedvalue,

$&��	 ¿W²1¡1»Y7…»Y�'°£���fÀ¾� denotesthelowestobservedinstanceof ºC².¡1».(*
v–¼�Á«�
¾5 and $87:9 ¿W²1¡.»!7…»Y�'°£���dÀ…� denotes
thegreatestobserved instanceof º�²1¡1».(*
&–¼�Â«�
15 . Theothercomponentsscaletheratingaccordingto the
weightgivento theassociatedslider.
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Thecertaintythresholdratingcomponentdiffersfrom thegeneralcertaintycomponentin thatthebound-
ariesarenotdeterminedby examiningthecandidatesetof itemsbeingconsidered,but are,instead,speci�ed
by theclientor otheragentcontrolcomponent.Exceedingaparticularcertaintythresholdresultsin thesame
utility regardlessof how faraparticularitemexceedsthethreshold.Theinitial conceptualizationof thiscom-
putationincludeda relative scalingcomponent,i.e., the fartherthedistanceabove the threshold,themore
utility. However, this resultedin a mismatchbetweenexpectationsandresultsascertainscheduleswould
receive greaterutility from boththeraw certaintybankandthecertaintythresholdsbank.Thecomputation
is againcomputedby iteratingover thesetof candidateitemsandcomputingutility subcomponentsfor each
of the dimensions;the subcomponentsare thenagainsummedto producethe certaintythresholdsrating
component.To illustrate the generalcertaintythresholdcomputation,considerthe quality subcomponent
computation:

7 An alternateinterpretationis to determinetheprobabilitythattheactualvaluewill fall neartheexpectedvalue,on theupside
or thedownside.
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4.2. INCORPORATING UNCERTAINTY IN THE DESIGN-TO-CRITERIA PROCESS

Uncertaintyis integratedinto the processof scheduleproductionin two primary ways. First, certainty
preferencesspeci�edin thegoalcriteriaaremappedinto utility valueswhichareusedduringthescheduling
processto focusproductionon schedulesandscheduleapproximationsthatbestaddresstheagent's goals.
If theobjective is to producehighly certainresults,theschedulerwill thusevaluatethedifferentstatistical
trade-offs of differentpossibleactionsaccordingly, perhapsproducinghighly certainscheduleswhoseex-
pectedquality is somewhatlower thanthemaximumpossiblequality for thetaskstructure.Thispropertyis
in somesenseautomaticasintegratingcertaintypreferencesinto thecriteriachangesthechoicesmadeby
theschedulerthroughoutits process8; differentchoicesof differentoptionsbasedevaluationthat includes
certaintytrade-offs resultsin a different set of �nal agentschedules.9 The seconduseof uncertaintyin
themainschedulingproductionprocessis moredirect.Throughtheadditionof uncertaintyto theTÆMS
modelingframework and the agent's goal speci�cation, the schedulercan do additionalanalysisduring
scheduleproductionto explorealarger, different,agentschedulespace.Namely, whenuncertaintyreduction
is importantto theagent,theschedulercanconsiderredundantactivities for taskachievementandconsider
moving uncertainactivitiesearlierin thescheduleto leavemoretimefor recovery if theagentshouldattempt
anactionandencounterfailure.

In orderto illustratethe�rst typeof integration,that�o wing from thegoalandutility speci�cationpair, it
is necessaryto describecertainaspectsof theschedulingprocess.Unlike traditionalschedulingtaskswhere
the primary issueis how to ordera particularset of methods,Design-to-Criteriamust also considerthe
many possiblecombinationsof alternative approachesfor achieving theagent's high-level task.Prior to the
processof building schedules,which is the traditionalmethod-orderingschedulingproblem,thescheduler
mustenumeratethedifferentwaysthattheagent's high-level taskscanbeachieved.Each“way” is a cheap
to computescheduleapproximationcalledan alternative. Alternativescontainunorderedsetsof methods
andestimatesfor the quality, cost,anddurationdistributions that would result from building a schedule
from thealternative.Alternativesdiffer from schedulesin thattheorderingfor themethodshasnotyetbeen
de�ned andtheattributeestimatesarecomputedwithout regardfor complex taskinteractionsor individual
task-centricconstraintslikeharddeadlines.Thisapproximationis necessarybecausein orderto evaluatethe
individual constraintsandinteractions,all the othermethodsin the potentialschedulemustbe evaluated.
The problemis circular – to evaluatemethod 9 in onealternative may requirethe evaluationof methods

À and Í , that arenot in saidalternative, which may in turn requireevaluationof � and � , alsonot in the
alternative, andso forth. In essence,full evaluationof a givenmethoddragsin theworst-caseexponential
combinatoricsof thegeneralTÆMSagentschedulingproblem,hencetherelianceonanapproximationthat
givesa feel for thepartialsolutionspaceat thelocal node.

Alternativesareconstructedbottom-upfrom theleavesof thetaskhierarchyto theagent's top-level task
node,i.e., thealternativesof a taskarecombinationsof thealternativesfor its sub-tasks.Figure10 shows

8 For example, choices made at interior nodes,choices made at the root node, choices pertaining to which schedule
approximationsor partialapproximationsto develop,etc.

9 Thisalsoillustratesthestrengthof integratingaseparatedynamicspeci�cationof anagent'sobjectivesinto thecontrolproblem
solvingprocess.As discussed,otherattributesandothertrade-offs couldeasilybeincorporatedinto thecriteriain asimilar fashion.
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Figure 10. AlternativeSetsfor theAgent'sTasksLeadto CumbersomeCombinatorics

the alternative setgenerationprocessfor a small taskstructure.Alternativesaregeneratedfor the interior
tasks �;� and �

§

andthenthesealternatives arecombinedto producethe alternative set for the root task,
� . The complexity of the alternative generationprocessis pronounced.A taskstructurewith 	 methods
leadsto D©(m™

�

5 possiblealternativesat theroot level. Wecontrolthis combinatorialcomplexity by focusing
alternative generationandpropagationon alternativesthat aremostlikely to resultin schedulesthat meet
the spirit of the agent's goal criteria; alternatives that arelessgoodat satis�cing to meetthe goal criteria
areprunedfrom intermediatelevel alternative sets.For example,a criteriasetdenotingthatcertaintyabout
quality is animportantissuefor theagentwill resultin thepruningof alternativesthathave a relatively low
degreeof quality certainty.

After the alternative set for the agent's high-level task is constructed,a subsetof the alternatives are
selectedfor scheduling.Again, complexity is the issue.For alternatives that have 	 methods,schedule
constructionvia exhaustive search,Dª(£	“œi5 , is not feasibleand even our low-order polynomial heuristic
approach[47] precludesbuilding schedulesfor all alternatives.Satis�cing with respectto theagent's goal
criteria is usedat this stageto selectthe alternatives that aremost likely to leadto schedulesthat �t the
criteria, i.e., most likely to lead to good agentschedules.As with alternative generation,if uncertainty
is importantto the agent,schedulesthat reduceuncertaintyin the desireddimensionswill be produced.
Using the heuristicapproach,selectedalternatives arescheduledby iteratingover the setof unscheduled
andunorderedcandidatemethodsandpassingeachmethodthrougha setof rating heuristics.The rating
heuristicsenforcehardconstraintsandexpresspreferenceover therelaxationof soft constraints,e.g.:

� Enforcehardtaskinteractionslike enablesanddisables.
� Enforcehardresourceconstraints.
� Enforceearlieststarttimesanddeadlines.
� Try to take advantageof positive soft non-localeffects,wheredoing oneactivity beforeanotherim-

provesoverall utility.
� Try to avoid negative soft non-localeffects,wheredoingoneactivity beforeanotherdegradesoverall

utility.
� Try to satisfyexternalcommitmentsmadewith otheragents10 andavoid violating them(wherecom-

mitmentshave varyingdegreesof importance).
� Try to coordinate11 over soft-degradationstyleresourceconsumptionandproduction.

Focusingis Design-to-Criteria's key to copingwith thecombinatoricsandproducinggoodschedulesfor
the agent.This focusingmethodologyis analogousto generatingonly portionsof the spaceof possible
schedules– or akin to control using an approximateMDP (discussedfurther in Section7). Figure 11

10 ApplicablewhenDesign-to-Criteriais usedin amulti-agentcontext. In general,Design-to-Criteriainterfaceswith anexternal
multi-agentcoordinationmodule,e.g.,GPGP[9, 11] or the keys module[48], thatproposesandforms commitmentswith other
agentsto handlethetemporalsequencingof interdependenttasks.

11 Also applicableonly in a multi-agentcontext.
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illustratesthescheduler's ability to focusprocessingon thegoalcriteriaat hand.The�gure shows theroot-
level alternative setsgeneratedfor two differentcriteria speci�cations;onewhereraw quality is the only
factorof importanceandonewherecertaintyaboutquality is theonly factorof importanceto theagent.The
agenttaskstructurein questionis moderatelycomplex andhasapproximatelyÎ

¤Ìš3¦yÏ possiblealternatives
at theroot level if focusingis not usedto reducethenumberof alternativesgenerated.Whenquality is the
only factor, thealternativesgeneratedhaveahighexpectedqualitybut alsoconsiderablequalityuncertainty.
In comparison,the alternatives generatedfor the quality certaintycasehave lower expectedquality but a
muchhigherdegreeof certainty. Thedistributionsarestatisticallysigni�cantly differentin boththequality
andquality certaintydimensions;one-tailedt-testsrejectthenull hypothesisof equivalenceat the.05level.
If a third casewherequality andquality certaintyareequallyimportant(omittedfor clarity), wasaddedto
the�gure thealternativeswould fall partly in thequality only rangeandpartly in thecertaintyonly range;
theoverlapis dueto thepropertiesof thetaskstructurewherehighqualitymethodstendto beuncertainand
high certaintymethodstendto have low quality. In this third case,thehighestranked alternative would be
thesameasthehighestrankedin thecertaintyonly casebecauseit hasthehighestcertaintyto quality ratio.

Probability the Expected Quality or One Better Will Result

Expected
Quality

400

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

1000

900
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100

200

300

Best Alternative for High Quality Case
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Best Alternative for High Certainty Case
Alternative for High Certainty Case

1100

Figure 11. AlternativesGeneratedfor Two DifferentAgentCriteriaor GoalSets

As discussedearlier, in addition to the criteria driven role of uncertainty, the schedulercanalso take
a more active role in uncertaintyreductionby generatingalternatives that containmore than one way
(otheralternatives)to achievevarioustasks.This redundancy �a voredagentschedulingmayserve to reduce
uncertaintyandit providestheschedulerwith moreoptionsto consider. This is critical in somesituations
involving harddeadlinesbecausein theeventof afailurethereis notalwaysenoughtimeleft to try adifferent
solutionapproach,i.e., oncecommittedto a courseof action,it is sometimestoo lateto rescheduleandtry
againif the agentencountersfailure.Considera brief example.Figure12 shows an agent's taskstructure
fragment,therelevantmethodattributes,andtwo schedules.Theresultsgeneratedby TaskA arenecessary
for TaskB andthereis aharddeadlineof 30minutes.Schedule1containsnoredundancy, having onemethod
for achieving TaskA andonefor achieving TaskB. Schedule2 containsredundantmethodsfor achieving
TaskB andusesa lower quality but morecertainandfastermethodfor achieving TaskA. If Schedule1
is executedandmethodA1 fails, 20 minutesarewastedandthereis not time to rescheduleandexecute
methodA2 followedby eitherB1 or B2 prior to thedeadline.Additionally, if methodB1 fails thereis also
not time for theagentto rescheduleandexecuteB2. However, if Schedule2 is executed,we areascertain
aspossiblethattheagentwill generatesomeresultsby thedeadlinebecauseA2 is verycertainandtheless-
certain-but-higher-quality B1 is followedby themore-certain-but-lower-quality B2.Consideringuncertainty
in conjunctionwith redundanciesis clearly importantin somesituations.Whentheredundancy alternative
generationfeatureis used,thealternativesthatcontainredundantactivities areaddedto thealternative set
andcomparedto thegoalcriteriain thesamefashionasthenon-redundantalternatives.Thus,thescheduler
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continuesto focusprocessingon alternatives that bestsatis�ce to meetthe agent's overall goal criteria –
uncertaintydoesnotdominatetheevaluationmechanismunlesssospeci�edby theagent's goalcriteria.

A1 B1
Schedule 1

t=20
deadline
t=30

B1A2 B2
Schedule 2

Task A

Quality (100% 1)
Duration (100% 10)

A2
Quality (50% 0)(50% 4)
Duration (100% 20)

A1

Task B

B2B1
Quality (25% 0)(75% 30)
Duration (100% 10)

enables

Quality (100% 12)
Duration (100% 10)

Task T

q_max() q_max()

q_min()

Figure 12. Redundancy in AgentSchedulesCanBeCritical

It is importantto note that the existenceof a redundantmethodin a scheduledoesnot meanthat the
redundantmethodwill beexecutedevery time by theagent.Theexecutionof saidmethodis dependenton
thereschedulingtriggersor envelopesassociatedwith theagent's schedule.Theexistenceof theredundant
methodin thescheduledoesimply thattheschedulecanbeexecutedfrom end-to-endwithout rescheduling
to recover from particularerrors.However, oneof themainbene�tsof includingredundancy in theagent's
scheduleis analytical– it enablesthe schedulerto evaluatethe performancecharacteristicsof a problem
solving episodethat includesmethodfailure and recovery insteadof simply assumingno failure. When
viewedin this light, redundancy is averyweakform of contingency planningandis relatedto thesecondary
contingency analysisalgorithmspresentedin Section5.

Modelinguncertaintyimprovesandempowersotheraspectsof theagentschedulingprocessaswell. In
environmentswherereschedulingis undesirabletheschedulercanusetheprobabilitydistributionsto design
morefaulttolerantschedules.For instance,if faulttolerancewith respectto durationis desired,thescheduler
canbuild schedulesby estimatingmethodexecutiontimesusingthe 95th percentiledurationvaluerather
thantheexpectedvalue.In this situation,uncertaintyabout�nish timesstill getspropagatedthroughoutthe
schedule,but timing assumptionsarebasedona highervaluethatis by de�nition verycertain.

The uncertaintyrepresentationcanalsoimprove the probability that little agentwork is wastedin the
eventof a mid-schedulefailure.Becauseof taskinteractionsit is possiblethata methodfailureanywhere
in theagent's schedulecanvoid all thework doneup to thatpoint.Modelinguncertaintymakesit possible
for theschedulerto move thehighly uncertainactivities towardthefront of theschedule,thusreducingthe
likelihoodof doingmaterialwork that is voidedlater in theschedule.This canbeachieved througha new
methodratingheuristicthatgivespreferenceto methodsthathave someprobabilityof failureandinteract
with othermethods– or methodsthat have a probability of failure andareparticularly importantto the
agent's overall schedule.Wewill forgo furtherexplorationof this ideain thecontext of themainscheduling
processastheseconceptshave contributedto a secondarycontingency analysisphasediscussedin detail in
Section5.

4.3. IMPACT OF UNCERTAINTY TO THE COMPUTATIONS AND SCHEDULE MODELS

Theimplicationsof theadditionof uncertaintyto theTÆMSmodelingframework arenot all positive – at
leastnot from a computationalexpensestandpoint.Maintainingandperformingcalculationswith distribu-
tionsis inherentlymoreexpensive thanworkingwith singleexpectedvalues.Additionally, distributionsizes
generallygrow ascomputationsprogress.For example,combiningtwo discreteprobability distributions,
wherethedistributionshave 	 and$Ð(i¿W²1¡1»!7[»Y�'°£���fÀ¬-•Ñ[7:°£ÒÓ«=5 pairsrespectively, resultsin adistributionhaving

(£	

¤

$Ô5)(i¿W²1¡.»!7…»Y�'°£���dÀÓ-;Ñ:7[°`Ò•«05 pairs(thoughlike valuesmaybecombined).While thisdoesnotchangethe
combinatoricsof theschedulingprocess,it addssigni�cantly to theconstanttermsinvolved,evenwhenthe
distributionsaresize-limitedandcompacted12 periodically.

12 Compactioncan leadto a lossof informationand the introductionof estimationerror into the computation.However, the
estimationerroris generallysmallanddoesnotadverselyaffect thedecisionprocessesusedin thescheduler.
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Anotherdownsideto theadditionof uncertaintyto TÆMSmodels,andits incorporationinto theagent
schedulingprocessitself, is thatit invalidatesa particularindependenceassumptionthatenableslocal eval-
uationof primitiveactions.Saidindependenceassumptionsimpli�es calculationsandsavesconsiderablyon
thecomputationalexpenseof reasoningabouttaskinteractions.Theassumptionis simply thattheeffectsof
any active nlescanbeaccuratelyre�ectedin thedistributionsof thenodethatis on thereceiving endof the
nles.Implementationally, this meansthatwhenever thecontext changes,andnlesbecomeactive,or switch
to aninactive state,thedistributionson therecipientnodeareupdatedto re�ect thisstate.With theaddition
of uncertaintyto thetaskmodels,thisassumptionno longerholds.

(a) Input Task Structure - Effects Not
Yet Propagated

enables

Quality .5 Quality 1.0

q_min()

Task

M2M1

(b) Neither Method Scheduled - Effects
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M2M1

(c) Both Methods Scheduled - Effects
Propagated

enables

Quality .5 Quality 1.0

Task

M2M1

q_min() q_min()

Figure 13. IndependenceAssumptionValid with ExpectedValues

Figure13 illustratestheassumptionundertheexpectedvaluecase.Figure13(a)shows theinputTÆMS
taskstructure;theeffectsof interactionsarenot yet propagatedto effectednodes.In thestructure,method

�
� enables�

§

and the two methodsare joined underthe q min() qaf; thus the quality of �¥7[¯=Õ is the
minimum of the qualitiesof �›� and �

§

. Prior to schedulingeithermethod,Figure13(b), the expected
quality of �Ö� is zero,theexpectedquality of �

§

is zero,thus �¼7[¯=Õ alsohasanexpectedquality of zero.
Once�×� is scheduled,�Ö� 'sexpectedqualitybecomes.5.At thispoint,theenablesnlebetween�½� and �

§

becomesactiveand �

§

'spotentialquality, thatwhichcanresultif it is scheduled,becomes1. Sincethereis
no probability that �

� mayfail, �

§

is eitherenabledor it is not. When �

§

is scheduled,Figure13(c),its
qualityre�ects theassumptionthattherequiredinputwill beavailableandthat �

§

will producetheexpected
result.In thiscase,�¥7[¯=Õ 'squality is $&��	)(f2PØ[-

š

5‰��2PØ andis correct.This is theindependenceassumptionat
work; thesamepropertyholdsfor soft interactionslike facilitationor hindering.Additionally, theproperty
holds for chainsof suchrelationships– somethingthat often occursin agentsupplychain management
problems[49]. Implementationally, this meansthat eachtime a methodis scheduled,the effects of the
outgoingnlescanbere�ectedandpropagatedthroughoutthetaskstructureandthenthenlemaybeignored.
13

enables

Quality (50% 0)(50% 1) Quality (100% 1)

Task

M2M1

(a) Input Task Structure - Effects Not
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Figure 14. IndependenceAssumptionInvalid with UncertainModels

However, with theadditionof uncertaintyto themodelnlesareno longerbinary, i.e.,they arenotsimply
active or not. Instead,thereis someprobability that they will beactive andsomeprobability that they will
be inactive. Figure14(a)shows thesametaskstructureenhancedwith thediscreteprobabilitydistribution
representation.Priorto �

� beingscheduled,thereis noprobabilitythat �

§

is enabledandthusboth �
� and

13 This is not quiteaccurate.During scheduling,many differentcontexts areexploredandthecomputationsarerepeatedmany
times.However, whenconstructinga given schedule,oncea methodis scheduled,the computationsdo not needto be repeated
undertheindependenceassumption.
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�

§

havezeroexpectedqualityasdoes�¼7[¯=Õ , Figure14(b).However, once�Á� is scheduledit mayproduce
quality50%of thetime andfail 50%of thetime.Were�ect thispossibilityin thepotentialqualitydistribu-
tion of method�

§

, i.e., if �

§

is scheduled,Figure14(c),50%of thetime it will nothave therequiredinput
and50% of the time �6� will succeedandproducethe requiredinput. The propagationof theprobability
of not having the requiredinput is valid, but, the independenceassumptionno longerholds.Considerthe
quality of �¥7[¯=Õ if bothmethodsarescheduled.�A� and �

§

eachfail 50%of thetime, thus �¥7[¯=Õ 's quality
distribution is: �¼7[¯=Õ �fÙ�Ú‘ÛP��Ü4Ý � (�(f2P™1Ø[-�$&��	)(

¦

-

¦

5�5Y-�(f2P™1Ø[-�$&��	)(

¦

-

š

5�5Y-�(f2P™1Ø[-�$&��	)(

š

-

¦

5�5Y-‹(f2P™1Ø[-�$&�'	)(

š

-

š

5�5�5 .
After combininglike values(zeros),the distribution becomes:�¼7[¯=Õ �fÙ�ÚYÛÞ��Ü4Ý �ß(�(f2ià.Ø[-

¦

5Y-©(f2P™1Ø[-

š

5�5 and its
expectedvalueis .25.This is inaccuratebecause�

§

fails iff �Ö� fails to producetherequiredresultand �›�

fails to producesaidresult50%of thetime.Thus, �¼7…¯0Õ shouldonly fail to obtainquality 50%of thetime
andtheremainderof thetime it shouldobtain $&��	)(

š

-

š

5Š�

š , resultingin anexpectedvalueof .5.With the
additionof uncertainty, andtherepresentationof someprobabilityof failure,theindependenceassumption
no longerholdsbut insteadleadsto over-emphasison failureeffectsthroughoutthetaskstructure( ��� and

�

§

maybewidely distributedin thestructure).
Thenle-effect-re�ection typeof calculationis performedanenormousnumberof timesduringschedul-

ing. For a moderatelysizedtaskstructure,it is not uncommonto performhundredsof thousandsof dis-
tribution combinationoperationsin a singleschedulingepisode.To maintainef�ciency, the independence
assumptionis left in placeduring estimation,approximation,andmethodsequencing.However, oncethe
setof candidateschedulesis produced,eachscheduleis re-evaluatedusinga tree-basedin-context analysis
approachthatcorrectstheestimationerrorsin thecomputation,Figure15.Thecomplexity of thetree-based
analysisis driven by the frequency of methodfailurewithin a given scheduleandthusis occasionallytoo
expensive evenwhenusedin this limited context.

M1
quality = 0

quality != 0

failure branch
probability = .5

M2
quality = 0

Taskquality = MIN(0,0) = 0

M2
quality = 1

Taskquality = MIN(1,1) = 1

success branch
probability = .5

Taskquality  = (50% 0)(50% 1)

weight and merge

weight and merge

Figure 15. Accurate,Contextual,ExecutionTreeComputationis Expensive

The addition of uncertaintyalso affects agentscheduleconstructionand reasoningaboutstart times,
�nish times,costlimits, anddeadlines.Sincemethodsmayhave a rangeof possibledurations,asschedules
are constructed,the uncertaintyassociatedwith the durationsmust be propagated– methodsno longer
have single�nish timesbut insteadhave distributionsof possible�nish times.Additionally, sincemethods
areserializedwhenscheduled,the uncertaintyof the methodsscheduledbeforea given methodaffect its
starttime (a distribution) andconsequentlyalsoits �nish time distribution. This complicatesmatterswhen
determiningwhetheror not a particularmethodwill completebeforea deadline,or whetheror not a result
will be available to satisfy a commitmentmadeto anotheragentby the desiredtime. We leveragethe
improved modelsin thesesituationsto reasonaboutthe probability of violating or satisfyinga particular
constraint.

Considerthedeadlinecase;if a methodproducesa resultaftera harddeadline,theresultis considered
valuelessandthusthe method's quality result is zero.Whenreasoningaboutdeadlinesfrom an uncertain
perspective, we re�ect thepossibility thata givenmethodwill exceedits deadlineby modelingtheeffects
of thisviolation in its qualitydistribution.For example,Figure16,if �6á hasa10%chanceof exceedingits
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deadline,thedensitiesof all themembersof its qualitydistributionaremultipliedby 90%(thusre-weighting
theentiredistribution)andanew density/ valuepair is addedto thedistribution to re�ect the10%chanceof
returningaresultafterthedeadline.Theleftmosthistogramdescribes� á 'sexpected�nish time,themiddle
histogramdescribes� á

's unmodi�ed quality distribution, and the rightmost �gure shows the modi�ed
qualitydistribution afterre-weightingandmerging with thenew (

š3¦Æâ

-

¦


=Ò¬7[°`�'�dÀy5 pair. This quality-based
re�ection is importantbecauseit improvesthescheduler's ability to reasonaboutharddeadlines.
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Figure 16. Re�ecting Probabilityof MissingDeadlinein MethodQuality

4.4. SCHEDULING TO REDUCE UNCERTAINTY FOR THE AGENT WITHIN DESIGN-TO-CRITERIA

To illustrate the bene�t of modelingandusinguncertaintyin the main Design-to-Criteriaprocess,let us
considertheproblemof custombuilding schedulesfor two differentagentgoalcriterionfrom amoderately
complex taskstructure.The taskstructurehasmethodsthat fall into threegeneralcategories.1) Methods
thathave high expectedquality valuesalsotendto take longerandarehighly uncertainin boththequality
anddurationdimensions.2) Methodsthathave low expectedquality alsotendto take lesstime to execute
andaremorecertainin both thequality anddurationdimensions.3) Methodsthathave mediumexpected
qualityalsotake amoderatetime to executeandaremoderatelycertain.

Thehigh-quality-but-uncertain methodsmodelinformationgatheringtasksthat arerisky but alsohave
a probabilityof a large informationpay-off. For example,agentmethodsof this typemay�nd information
abouta software productby submittingmultiple queriesto Infoseekand Altavista, going to the URLs,
retrieving multiple documentsfrom eachsite,andprocessingthem.As the informationlocatedcanrange
from usefulnew informationwith wide-scalerami�cationsto utterlyuselessinformationthatis notrelevant,
thereis the probability of big pay-offs andalsothe probability of zeroor poor results.Sincemethodsof
this type usea large amountof active web searchon sitesthat areunknown a priori, predictedduration
is also long anduncertain.The low-quality-but-more-certain methodsmodel informationgatheringtasks
whereinformationis retrieved by the agentfrom individual sitesthat areknown andmodeled.Sincethe
information is predictedto be fairly narrow in scope,thesemethodslack the potentialfor big pay-offs,
however, sincethemethodssearchonly onesiteandthesitein questionis modeled,durationsareshortand
fairly certain.Themiddle-quality-middle-certainty methodsemploy combinationsof thesebehaviors.

Sincethe�rst agentclient (a humanwho is determiningtheagent's goalcriteria),Client A, is planning
otheractivitiesbasedon thepredictedoutcomeof scheduleexecution,thisclient is interestedin bothsched-
ule raw-goodnessandschedulecertainty. In the raw-goodnessslider bankthe quality slider is setto 75%
andthedurationslidersetto 25%, i.e., overall quality is 3 timesmoreimportantthanoverall duration.In
theuncertaintybankthequality anddurationslidersareeachsetto 50%,meaningthatcertaintyaboutthe
estimatedqualityandcertaintyabouttheestimateddurationareequallyimportant.Themetasliderfor raw-
goodnessis setto 40%andthemetasliderfor uncertaintyis setto 60%,denotingthatuncertaintyreduction
is 1.5timesmoreimportantthanraw schedulegoodness.Unlike ClientA, theagent's otherclient,ClientB,
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hasmuchsimplerneedsandis only interestedin raw-goodness.As with Client A's goalsfor theagent,the
raw-goodnessquality sliderfor this client is setto 75%andtheraw goodnessdurationslider is setto 25%.
Themeta-sliderfor raw goodnessis setto 100%denotingthatraw goodnessis theonly issueof importance
to thisclient.

100

200

300

400

500

100 200 300 400 500 600 700

Expected
Quality

Expected Duration

Alternative for Client A
Alternative for Client B

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Probability of
Expected
Quality or
Greater

Probability of Expected Duration or Lower

Alternative for Client A
Alternative for Client B

a. Alternativesfor A andB b. Probabilityof ExpectedValuesof Alternatives

Figure 17. AlternativesandProbabilitiesof PossibleCoursesof Action for theAgent

Figure17.ashows theexpectedquality andexpecteddurationof thetop-level alternativesfor theagent
generatedfor ClientsA andB; intermediatealternative setswereprunedaccordingto the goal criteria as
discussedpreviously. Despiteboth clientssettingthe raw quality anddurationslidersto the samevalues,
Client B's alternativesalwayshave higherexpectedquality andhigherexpecteddurationthanClient A's.
Sinceneitherclient is usingharddeadlines,this is attributableto Client A's emphasison certaintyabout
quality and certaintyaboutduration.Figure 17.b tells the rest of the story. As Client A put 60% of the
overall weighton certaintyin thequality anddurationdimensions,thealternativesgeneratedfor theagent
when working for Client A trade-off betweenraw quality, raw duration,quality certainty, and duration
certainty, ratherthan just trading-off quality and duration.Figure 17.b also shows the price of B's high
expectedquality– theexpectedvaluesarealsopredictedto bemuchmoreuncertainthanthoseof ClientA.

Thequalityanddurationattributesof theagentschedulesproducedfrom asubsetof thesealternativesare
similar to theattributesof thealternatives.In this case,theestimatescontainedin thealternativesarefairly
good indicatorsof the schedulesproducedfrom the alternatives. This indicatesthat subtaskinteractions
in the alternatives generatedandtargetedfor schedulingwerefairly simpleandgenerallyinvolved hard-
precedenceconstraints.In keepingwith intuitions,thehighestratedschedulefor Client B is thatwhich has
thehighestexpectedqualitywith respectto duration.However, ClientA's “bestschedule”hasa reasonably
goodquality for its expecteddurationandahighdegreeof certaintyaboutits expectedqualityandduration
values.

Thequalityanddurationresultsof theagentexecutingthebestschedulesfor eachclient thirty timesare
shown in Figure18. Whereasagentexecutionsfor Client A produceda tightly spacedsetof quality and
durationvalues,executionsof Client B's highly uncertainscheduleproduceda wide rangeof results.Of
thethirty runs,Client A's resultsmeetor beatexpectationsin thequalitydimension90%of thetime, in the
durationdimension50%of the time, andin both thequality anddurationdimensions50%of the time. In
contrast,Client B's resultsonly meetor beatquality expectations63% of the time, durationexpectations
16%of thetime,andbothdimensionscombined13%of thetime.Additionally, theuncertaintyin B'squality
dimensionincurredmorereschedulingbecauseof methodsfailing to returnany results(problematicbecause
of taskinteractions).On average,B's schedulerequiredagentrescheduling2.1 timesper eachexecution,
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with avarianceof .71,whereasA'sonly required1.2agentreschedulingson averagewith avarianceof .21.
The25%trimmedmeanbringsout thecontrastevenmore– B's reschedulingaverageremains2.1but A's
25%trimmedmeandropsto 1.0,denotingno reschedulingduringexecution.
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Figure 18. Resultsof theAgentExecutingtheDifferentSchedulesfor A andB

5. Uncertainty-basedContingencyAnalysis:
Better Schedulesfor Agentsin Time / Mission Critical Situations

In theprevioussectionsweexploreduncertaintyasit is integratedinto thestandardDesign-to-Criteriaagent
schedulingmethodology. However, in situationswhereharddeadlinesexist, amid-schedulefailuremaypre-
cluderecovery via reschedulingbecausesuf�cient time doesnot remainfor theagentto explorea different
solutionpath.In thesesituations,astrongeranalysisthatconsiderstheexistenceof possiblerecoveryoptions
mayleadto abetterchoiceof agentschedules.To addresssuchsituations,wehavedevelopedacontingency
analysismethodologythatfunctionsasanoptionalback-endon theDesign-to-Criteriaagentscheduler.

The contingency analysisalgorithmsoperateby examiningthe highly-ratedcandidateagentschedules
producedby the schedulerandexploring failure / recovery scenariosfor eachschedulein the set.These
secondaryanalysistools alsoperformmoredetailedreasoningaboutthe placementof methodswithin a
schedulein light of theexistenceof recovery options.For example,recovery for a givenschedulemaybe
possibleiff somecritical method$‹ãmä

�”Ü4�
ã

ÚYÛ
is performed�rst ratherthansecond.Thestandardscheduleris

weaklybiasedtowardmovinguncertainmethodsearlierin theschedule,but thedeterminationis local, based
only ontheattributesof themethodin question,whereasthemethodmovementexploredin thecontingency
analysisalsotakesinto accountthebene�tsof methodmovementfrom arecovery perspective.

This underscorestheprimary differencebetweenthe useof uncertaintyin themain Design-to-Criteria
agentschedulingprocessandits usein thesecondarycontingency analysisalgorithms.To addressresource
limitationsandto produceschedulesin interactive time, Design-to-Criteriabuilds andevaluatesschedules
in an independentfashion– the possibility of recovery from a particularfailure is not consideredby the
mainschedulingprocess.This is becausedeterminingtheexistenceof a recoveryoptionrequiresmorethan
simply �nding an actionto replacethe failure; indeedbecauseof taskinteractionsandthe combinatorics
of TÆMS models,the processof evaluatingrecovery optionsfully may requiresigni�cant computational
expense,e.g.,trying all possiblealternativewaysin whicha taskmightbeachieved( Dª(m™

�

5 ).
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Thisis truein generalcontingencyplanningaswell [5]. In contrast,in thesecondaryanalysisalgorithms,
weperformmoredetailed,contextual,scheduleanalysisbasedontheavailability of recoveryoptionsfor the
agentandthe possibilityof failure at key points.This analysisis moreexpensive, but, in somesituations,
theaddedexpenseis warranted.For example,theprocessof determiningaschedulefor anagentcontrolling
a world-classtelescopedoesnot have to be particularly timely, as the instrumentis unusedduring day-
light hours,but eveningobservation time is too valuableto waste.In this situation,a detailedanalysisthat
considersrecovery optionsis worthwhile.

TheMDP-basedoptimalmeta-controllerconsidersevery possibleoutcomeof theexecutableactionand
the implicationson achieving the high level goal within the given criteria. Hence,while constructinga
policy, the optimal controller evaluatesevery potentialcritical (failure-prone)region and prescribesthe
appropriate(contingent)actionwhennecessary. It doesa thoroughanalysisof all possiblecritical situations
andhencecarriesthe overheadthat goeswith suchan analysis.Our heuristic-basedcontingency analysis
is anapproximationof theoptimalcontrollersinceit takesinto accountonly high impactCTER's andhas
a relatively local view of implicationsof methodoutcomescomparedto that of the optimal controller. In
Section6, we comparetheperformanceof thecontingency enhancedDTC schedulerto thatof theoptimal
policy.

In this sectionwe discusscontingency schedulingissuesandformalize� vedifferentmeasuresof sched-
ule robustness, whererobustnessdescribesthe quantity of recovery optionsavailable for a given agent
schedule.In Section6 we thenpresentexperimentscomparingtheuseof thecontingency algorithmsto the
standardDesign-to-Criteriaagentschedulingapproach.

This work in contingency analysisof schedulesis closely relatedto recentwork in conditionalplan-
ning. However, the planning-centricresearchfocuseson solving problemswhich involve uncertaintyby
probabilisticreasoningaboutactionsandinformationon the valueof planningfor alternative contingen-
cies [12, 26] andusingutility models[19]. Otherapproachesusepartial Markov decisionprocessesand
decisiontheoreticplanningapproaches[4, 7] which prunethesearchspaceusingdomain-speci�cheuristic
knowledge.[35] describesa partial-orderplannercalledMahinur that supportsconditionalplanningwith
contingency selection.The authorsconcentrateon two aspectsof theproblem,namely, planningmethods
for an iterative conditionalplanneranda methodfor computingthe negative impactof possiblesources
of failure. Our work addressessimilar questionswithin the Design-to-Criteriaagentschedulingdomain,
namely:

1. How canweeffectivelypredicttheperformanceof an agent's schedulewhenthere is uncertaintyin the
performanceof methodsin theschedule?

2. Whatarethedifferentapproximationsto theexecution-timeperformancemeasureandwhenis a speci�c
approximationappropriate?

[5] discussesan algorithm for a speci�c domainnamelya real telescopeschedulingproblemwhere
the stochasticactionsaremanagedby a splitting technique.Here the Just-In-Caseschedulerpro-actively
managesdurationuncertaintyby using the contingentschedulesconstructedby analyzingthe problem
usingoff-line computations.Our contingency agentschedulingresearchdiffers from previouswork in the
following ways:

1. The contingency analysisalgorithmsusetheDesign-to-Criteriaagentschedulerto exploremainly the
“good” portionsof the schedulesolutionspace– that is thoseschedulesthat bestaddressthe agent's
designcriteria. This serves to constrainthe computationand reducesthe combinatoricsfrom their
generalupperbounds.More importantly, the algorithmpresentedhereis amenableto future research
in boundingthe algorithmdirectly, which would enablethecontingency analysisapproachto operate
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online,asdoestheunderlyingDesign-to-Criteriascheduler, makingit usefulfor a wider rangeof agent
applications.

2. Contingency analysistakesplacein thecontext of themulti-dimensionalgoalcriteriamechanismused
in Design-to-Criteria.Thusthe analysisapproachis fully targetableto differentagentsituations,e.g.,
situationswherequality shouldbe traded-off to obtainlower costaccompaniedby a harddeadline,or
situationsin whichqualityshouldbemaximizedwithin aharddeadline.

3. Ouralgorithmtakesadvantageof thestructuralpropertiesof theinputproblem.NamelytheTÆMStask
structurerepresentationis usedto constraintheanalysisprocessandto helplimit theexplorationof the
searchusedto locaterecovery options.This is in contrastto a simpleexplorationof all primitive agent
actionswithout regardsfor interactionsor for how the actionsrelateto achieving the agent's overall
goal.

Find Reviews on
Adobe-Photoshop

Query & Extract
Possible Maker n

Search & Process
Adobe URL (B)

q_max()

q_min()

q (25% 0)(75% 3)
c (30% 5)(70% 3)
d (100% 9min)

q (50% 02(25% 1)(25% 0.5)
c (25% 6)(75% 3)
d (100%  6min)

q (90% 4)(10% 0.5)
c (100% 3)
d (100% 3min)

Task

Method

Resource nle

Task nle

Subtask Relation

Key
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q_min()

q (20% 1)(80% 0.5)
c (15% 5)(85% 3)
d (80% 6min)(20% 8min)

Query Benchin
Site   (A)

Query End-User
Benchmarks (A1)

Process User
Reviews (P)

Find User
Reviews (A2)

Apply NLP
(A3)

Figure 19. GatherReview InformationOnAdobePhotoshop– A Simpli�ed BIG AgentTaskStructure.

In the introduction,we useda simple exampledescribedin Figure 4 to motivate the importanceof
uncertaintyanalysis.However, thecharacteristicsof theexampleandits criteriaweresuchthattherewereno
recoveryoptionspossiblein theeventof failureof amethod.Wenow consideranotherexampledescribedin
Figure19whichhasthecharacteristicsrequiredto clearlyillustratethepowerof contingency analysis.In the
discussionthat follows, we usethe latterexampleto exhibit thepower of our heuristic-basedcontingency
analysis.We show that the bestagentscheduleselectedby the DTC schedulerhasno recovery options
in the event of failure while the MDP-basedoptimal policy aswell as the bestscheduleselectedby the
contingency-enhanced DTC schedulerhasbuilt-in contingenciesfor recovery from failure – enablingthe
agentto meetits objectivesevenif a failureoccurs.

The top-level task in Figure 19 can be achieved by either completingtask Query-Benchin-Site(A)
successfullyor executingthe methodSearch-Adobe-URL(B), or both. If both A andB areexecutedthe
maximumqualityof thesetwo is thequalitypropagatedto theparentnode(perthe 
ÆåJ7:9;(�5 qaf).Thequality,
costanddurationdistributionsfor theexecutablemethodsdenoteexpectationsaboutmethodperformance.
For instance,the quality distribution of methodEnd-User-Benchmarksindicatesthat it achieves quality
valueof 2 with probability 0.5, quality of 1 with probability 0.25and0.5 with probability of 0.25.Let's
assumeTheagent's designcriteriais to maximizequalitywithin aharddeadlineof 18 minutes.

The MDP-basedoptimal policy for the above problemis shown in Figure20. The policy suggeststhe
methodsequence— FindUserReviews, UserBenchMarks, ApplyNLP̃ (A2,A1,A3) asthebestschedulewhen
methodFindUserReviews achieves non-zeroquality and — FindUserReviews, SearchAdobeURL̃ (A2,B)
wouldbeanalternateschedulein theeventof FindUserReviews's failureto achieve quality.
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Figure 20. OptimalPolicy for BIG'sGather-Review-Information-on-AdobePhotoshopTaskStructure

The Design-to-Criteriascheduler�rst enumeratesa subsetof the alternatives that could achieve the
agent's high level task.A subsetof thesealternativesareselectedandschedulesarecreatedusingtheone-
passmethod-orderingtechniquesidenti�ed in Section4. The setof candidateschedulesare thenranked
usingthemulti-dimensionalevaluationmechanism[46] whichcomparestheschedules'statisticalattributes
to theagent's designcriteria.

We will usethe term expectedlower bound(ELB) to denotea slightly modi�ed scheduleutility rating
returnedby the standardDesign-to-Criteriascheduler. In the ELB computation,the standardutility value
associatedwith thescheduleis computedwithout therelative scalingcomponentsdiscussedin Section4.1;
this enablescomparisonbetweenthe ELB for a schedulebelongingto one set,e.g., æ

� , and a schedule
belongingto a differentset, æ

§

. For thepurposesof illustrationsimplicity, we will discusstheELB in this
documentasbeingdirectly relatedto the expectedquality of a given schedule,i.e., in this document,the
ELB is theexpectedquality of a given scheduleassumingno rescheduling.In termsof thedesigncriteria
describedin Section4.1, this is equivalentto a preferencefor maximizingquality within a givendeadline
– no weight or value are given to any of the other criteria dimensions.The algorithmspresentedin the
following sectionsoperateonmoreinterestingcriteriasettings,but, theanalysisis moreeasilyunderstoodif
themetricsarecastin termsof expectedqualitiesratherthanamulti-dimensionalobjective / utility function.

For the examplein Figure19, the two possibleagentschedulesare — A1,A2,A3 ˜ and — B ˜ . Figure21
describesthe computationof the ELB for the schedule— A1,A2,A3̃ . Considerthe �rst entry in the table.
It describesthe casewhenmethodA1 achieves a quality of 2, which occurswith a probability of 0.5 as
describedin the TÆMS taskstructure.MethodA2 achieves a quality of 0 with probability 0.25. 14 The
probabilityof themethodsachieving thesequalitiesin a singleexecutionis 0.125,given in column4. The
expectedquality of the schedule— A1,A2,A3 ˜ is 0 in this case,describedin column5. The durationand
cost distributions and their expectedvaluesare computedin a similar fashion.The ELBs for schedules

— A1,A2,A3˜ and — B ˜ areasfollows:
1. ç A1,A2,A3 è : ELB: 0.97(ExpectedQuality)

Quality : (25%0.0)(24%0.5) (17%1.0)(34%2.0)
Duration: (100%18)

2. ç B è : ELB: 0.6
Quality : (20%1) (80%0.5)
Duration:(80%6) (20%8)

14 Failureof A2 (wherequality=0) resultsin zeroquality for thescheduledueto theway in which thetaskstructureis de�ned,
i.e., under é�ê;ë�ìyí¹î qafs,failure resultsin zeroquality for theparenttaskaswell. Hencethequality of A3 is a not a determining
factorandis representedby nil.
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A1 A2 A3 Frequency Quality

50%2 25%0 nil 5%*25%=12.5% 0.0

50%2 75%3 90%4 33.75% 2.0

50%2 75%3 10%0.5 3.75% 0.5

25%1 25%0 nil 6.25% 0.0

25%1 75%3 90%4 16.875% 1.0

25%1 75%3 10%0.5 1.875% 0.5

25%0.5 25%0 nil 6.25% 0.0

25%0.5 75%3 90%4 16.875% 0.5

25%0.5 75%3 10%0.5 1.875% 0.5

Figure21. Eachrow representsapossiblepermutationof thequalitydistributionsof methodsA1, A2, A3 in scheduleï A1,A2,A3ð .
The �rst threecolumnsrepresentthe possibleexpectedquality valuesachieved by eachof the methodsA1, A2, A3. The fourth
column shows the probability of the particularquality distribution combinationoccurringand the last column shows the �nal
expectedquality of theschedule.

Since — A1,A2,A3 ˜ hasthehighestELB (indeed,thehighestratingusingthestandardnormalizedutility
functions),it is chosenfor executionby the agent.SupposeA1 executessuccessfully, but A2 fails (i.e. it
resultsin 0 quality), which it does25% of the time. Thenthe agentcannotexecuteA3 becauseit is not
enabled(A2 failed)but thereis alsonot suf�cient time left for theagentto rescheduleandattemptmethod

— B ˜ (methodB cannotbeexecutedbeforethedeadline).
Becauseof the one-passlow-orderpolynomialmethodsequencingapproachusedby the schedulerto

control schedulingcombinatorics,the standardDesign-to-Criteriaagentschedulerwill only produceone
permutationof themethodsA1, A2, andA3. However, if theschedulerdid producemultiple permutations,
the schedules— A1,A2,A3˜ and — A2,A1,A3 ˜ would receive the sameexpectedlower boundvalue.Hence
thecontentionis that thereis no differencein performancebetweenthe two. However with moredetailed
evaluationof the schedules,it is clear that — A2,A1,A3˜ allows for recovery andcontingency scheduling
which schedule— A1,A2,A3˜ doesnot permit for thegivendeadline.If — A2,A1,A3˜ is theschedulebeing
executedandA2 fails,thereis timeto schedulemethod— B ˜ andcompletetaskTG1.Thisclearlyimpliesthat
schedule— A2,A1,A3 ˜ shouldhave a betterexpectedperformanceratingthan — A1,A2,A3˜ astheschedule

— A2,A1,A3˜ includestherecovery optionfrom failurein its structure.

5.1. CRITICAL TASK EXECUTION REGIONS AND THE APPROXIMATE EXPECTED UPPER BOUND

In our example,task A2 hasan enablesnon-localeffect as well as a 25% chanceof failure within its
distribution. We hencepredict that taskA2 could potentiallybe a critical taskexecutionregion (CTER).
A CTERis a methodthat hasthe potentialto seriouslydegradethe performancecharacteristics15 of the

15 A methodcouldhaveuncertaintyin its performancecharacteristicsbut thisuncertaintymightnotaffect themethod's outcome
signi�cantly. Werestrictourclassi�cationof methodsasCTER'sto thosewhichhave themostimpactto thescheduleperformance
underlimited durationconstraints.
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(ELB = 0.00; AEUB = 0.00)

A2
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TG1 A2

A3 A1

B

A3 (ELB = 0.97; AEUB = 1.29)

(ELB = 0.97; AEUB = 1.29)
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BFAIL
(freq. 25%)

(ELB = 0.60; AEUB = 0.60)

(ELB = 0.60; AEUB = 0.60)

A3 (ELB = 0.97; AEUB 1.29)

FAIL
(freq. 25%)

Figure 22. ScheduleOptionsfor IG Task(Figure19) whereRatingsareExpectedQualities

overall scheduleif it shouldfail. Wewill usethetermapproximateexpectedupperbound(AEUB) to denote
the expectedquality of schedulesthat arecomputedwith the CTER's criticality removed. The AEUB is
de�ned formally in thenext section– thediscussionhereis intuitive.Removing thepossibilityof failurein
the AEUB enablesus to betterunderstandthe implicationsof thepotentialCTERon the restof theagent
schedule.For this example,let us remove the failure possibility from the performancecharacterizationof
A2 andreplacemethodA2's 25%chanceof quality 0 with theexpectedvalueof thedistribution. Method
A2 henceis assigneda quality of 3, with a probabilityof 1, i.e. for methodA2, Q (100%3). TheDesign-
to-Criteriascheduleris reinvokedwith themodi�ed agenttaskstructureandrescheduled.Thefollowing are
theAEUBs(expectedqualitiesthatresultwith thepossibilityof failureremoved)returnedby thescheduler.

1. ç!ñJò

a

ñŠó�ô

K<nmnmk

ô�ô

a

ñ‰õ1è : AEUB 1.29
Quality : (32%0.5)(23%1.0)(45%2.0)
Duration:(100%18)

2. ç B è : AEUB 0.6
Quality: (20%1) (80%0.5)
Duration:(80%6) (20%8)

Thenew AEUB statisticdescribesperformanceexpectationsif failure is not possible.The relationship
betweentheAEUB andtheELB is a clueto the importanceof thepotentialCTERto theoverall schedule.
In thiscase,theschedule— A1,A2,A3 ˜ now hasanexpectedqualityvalueof 1.29.The ��ö

§
Ï!÷

+!ö

Ï/ø

+!ö

Ï/ø ù

š3¦1¦

�Áú1ú

% improvementin qualitywith respectto theELB is signi�cant. This33%improvementin qualitycon�rms
thatthepossibilityof failurein methodA2 signi�cantly decreasestheratingof schedule— A1,A2,A3˜ . The
next stepis to considertheoptionalschedulesfor theoriginal taskstructureto neutralizetheeffect of this
CTER.

Thetreestructurein Figure22presentsall possibleschedulingoptions,includingrecoveryscenarios,that
meettheagent's harddeadlineof 18 minutes.Fromthis diagram,we seethatschedule—�û

š

-/ûü™[-/û¥ú:˜ does
not have anoptionto rescheduleandstill meetthedeadlineif methodA2 fails.Thuswe considera simple
reorderingof schedule—�û

š

-/ûü™[-/û¥ú:˜ whichis —�û¥™[-/û

š

-/ûüú:˜ . To assesstheeffectsof theagentrescheduling
whenA2 fails on this schedule— A2,A1,A3 ˜ , we combinethe ratingsfor schedules—�ûü™yý

Ù
ã�ã�þ

ýdý<-/û

š

-/ûüú:˜

and —�û¥™¾ÿ

Ú/�4ÛÞÙ
ä,þ

-�� ˜ basedon their likelihoodsof occurrence.Soa schedulestartingwith A2 getsa rating
of ø
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à.Ø[2 We usea similar analysisto get the valuesof schedulesstarting
with A1 �

ø
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¦ This type of scheduleevaluationis
whatwe call the approximateexpectedbound(AEB), which is formally de�ned in thenext section.Note
thatwith this detailedanalysisit is clearthatschedule—�ûü™[-/û

š

-/û¥ú:˜ hasbetterexpectedperformancethan
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—�û

š

-/û¥™[-/ûüú:˜ . However, theELB computationof theDesign-to-CriteriaschedulerreturnsanidenticalELB
for both —�û

š

-/ûü™[-/û¥ú:˜ and —�û¥™[-/û

š

-/û¥ú:˜ asit doesnottake into accounttherecoveryoptionspresentwithin
—�ûü™[-/û

š

-/ûüú:˜ . This leadsusto believe thattheELB perhapsis not themostappropriateperformancemea-
surefor all taskstructures,particularlywhereharddeadlinesor costlimits (in contrastto soft preferences)
areimportantto theagentandfailureis possible.
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Figure 23. Performanceof ExpectedLower BoundandApproximateExpectedBoundSelectedSchedules

Figure23 illustratesthis concept.The �gure containstwo histograms,onedisplayingthe quality that
resultsfrom theagentexecutingthehighestratedscheduleproducedby thestandardDTC agentscheduler,
namely —�û

š

-/ûü™[-/ûüú:˜ , and one displayingthe quality that resultsfrom executingthe modi�ed schedule
—�ûü™[-/û

š

-/ûüú:˜ . The resultsarepresentedin a left to right fashion.In eachcasethe chosenschedulewas
executed100timesin anunbiasedsimulationenvironmentin whichtheexecutionresultsaredeterminedby
samplingfrom the distributionsassociatedwith the given methods.16 Recall that the standardDTC agent
schedulerwill give theseschedulesidenticalratingsasit doesnotconsiderrecovery options.Theexecution
resultsareconsistentwith theclaim that theschedulesarenot actuallyequivalent.Thescheduleproduced
by the standardschedulerfails to generatequality about20% of the time andthe meanresultantquality
is 0.98. In comparison,the reorderedschedulenever producesa zeroquality result,as it leaves time for
recovery, andits meanresultantquality is thussigni�cantly higher, namely1.96.In broadterms,thismeans
thescheduleselectedfor theagentby DTC will leave theagentwithouta result(withoutachieving its goal)
20%of thetimebecauseDTC doesnotconsidercontingenciesin its analysis.

5.2. PERFORMANCE MEASURES

In this sectionwe formalizea generaltheoryrelatingto theagentcontingency planningconceptsdiscussed
in theprevioussection.Thequestionwe strive to answerformally hereis thefollowing: Whatperformance
measure is themostappropriateestimatorof theactualexecutionbehaviorof an agentschedulegiventhe
possibilityof failure? Our basicapproachis to analyzetheuncertaintyin thesetof candidateschedulesto
understandwhethera betterschedulecanbeselectedor anexisting schedulecanbeslightly modi�ed such
that its statisticalperformancepro�le would bebetterthanthatnormallychosenby theDesign-to-Criteria
scheduler. We accomplishthis analysisthroughthe useof several performancemeasures.As mentioned
earlier, contingency planningis aheuristicapproach.Thustheseperformancemeasuresareapproximations
of anoptimalpolicy computation.Prior to presentingthemeasures,a few basicde�nitions areneeded:

1. An agentschedules is de�ned asasequenceof methods^�Z
	3adZ��
·�
�


Z

M��

	<adZ

M
o .

16 This is in contrastto otherexperimentsdonewith thescheduler, not includedin thiswork, in which theenvironmentis biased
in somewayor in which theagentseesanimperfector subjectiveview of someobjectivetaskstructure.
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2. Eachmethodhasmultiple possibleoutcomes,denotedZ

O�� , where � denotesthe � ' th outcomeof method Z

O .
This is part of the TÆMS de�nition of methodsor primitive actions.Thoughthe examplesgenerallypresent
methodsashaving quality, cost,anddurationdistributions,methodsactuallymayhave setsof thesedistributions
whereeachset is one possibleoutcome.For example,if method Z may producetwo classesof results,one
classthat is usefulby methodZ�	 , andoneclassthat is usefulby methodZ�� , methodZ will have two different
possibleoutcomes,eachof which is modeledvia its own quality, cost,anddurationdistributions.Additionally,
thesedifferentoutcomeswill havedifferentnon-localeffectsleadingfrom themto theclientmethods,Z�	 and Z��

respectively.
3. Eachoutcomeis characterizedin termsof quality, cost,andduration,via a discreteprobability distribution for

eachof thesedimensionsandeachoutcomehassomeprobabilityof occurrence.
4. Z

n

•

O��

is a CTERwhentheexecutionof Z

O resultsin outcome� which hasa valueor setof valuescharacterized
by a high likelihoodthatthescheduleasa wholewill not meetits performanceobjectives.For instance,Z

O�� is a
CTERif theprobabilityof thequality of Z

O�� beingzerois non-zero.
5. A scheduleV couldhave zero,oneor moreCTER's in it. A generalrepresentationof suchschedulewith at least

oneCTERwould be V

n

•

p

^¹Z�	3a'Z�� ·�
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 Z
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6. É

n

•

O��

is thefrequency of occurrenceof Z

O 's , j' th outcomewhereZ

O�� is a CTER.
7. Z

n

•

O

is Z

n

•

O��

with its currentdistributionbeingredistributedandnormalizedaftertheremovalof its critical outcome.
In otherwords,thecriticality of Z

n

•

O��

is removedandthenew distribution is called Z

n

•

O

.
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The� vestatisticalmeasuresthataidein detailedscheduleevaluationare:

ExpectedLower Bound (ELB) Theexpectedlowerboundrating,of aschedulē , is theperformancemea-
sureof ascheduleexecutionwithout takingreschedulinginto consideration[47]. It is aexpectedrating
becauseit is computedonastatisticalbasistakingquality, costanddurationdistributionsinto account,
but ignoringthepossibilityof theagenthaving to reschedule.As mentionedpreviously, in this paper,
to simplify presentationof thealgorithmswewill concentrateonthecasein whichtheELB is only the
expectedquality of a givenschedule.In thegeneralcase,theELB is theutility valuegeneratedby the
computationspresentedin Section4.1with therelative scalingaspectof thecomputationremoved.

ApproximateExpectedUpper Bound (AEUB) TheAEUB is thestatisticalscheduleratingaftereliminat-
ing all regionswhereagentreschedulingcouldoccur. Theassumptionis thattherearenofailureregions
andhencetheschedulewill proceedwithoutany failuresandhencenoreschedulingwill benecessary.
Thefollowing is a formalde�nition of AEUB:

Suppose$

ãmä

��$

is a CTER in the agentschedulē8� (£$z�
242 $

�

5 andit occurswith frequency %
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, then $8��$ is a CTER, where
8

is a percentagevaluethatdetermineswhena
region shouldbeclassi�eda CTERandthusa candidatefor moredetailedanalysis.Thevalueof

8

is
contextually dependentandshouldbespeci�edby aschedulerclient(anotheragentcontrolcomponent
or ahuman).For instance,if saving oncomputationalexpenseis moreimportantto theclient thanhigh
certainty,

8

shouldbe high, andthusthe thresholdfor CTERclassi�cation is alsohigh. However, if
certaintyis paramount,then

8

shouldbelow, indicatingthatany signi�cant changein theELB should
beexplored.

For our informationgatheringexample,we seethat
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2Pú . Hence
thereis at leastan30%increasein thescheduleratingif thelikelihoodof failureof A2 is removed.
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Whenthis computationis doneon anentireschedulefor all of its CTER's, we call it theApproximate
ExpectedUpperBound.Generalizingthis formulafor k CTER's $‹�0EF$AE!24242 $&� G�$�G ,
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5 .

TheAEUB is thusthebestratingof ascheduleonanexpectedvaluebasiswithoutany reschedulingby
theagent.

In contrast,the optimal policy describesthe next bestactionbasedon the executioncharacteristics
of the last actiontaken.Hencereschedulingis built within the policy andfailure regionsarearenot
ignoredin the stateexpansion.Hencethe performancecharacteristicsof the optimal policy is more
exactthantheELB andAEUB.

Optimal ExpectedBound (OEB) The OEB is the schedulerating if reschedulingwereto take placeaf-
ter the agentperformseachmethod.So the �rst methodis executedby the agent,a new scheduling
subproblemwhich includesthe effectsof the methodcompletionis constructedandthe scheduleris
re-invoked.The�rst methodin thisnew scheduleis thenexecutedby theagentandthestepsdescribed
above arerepeated.Hencetheoptimal17 scheduleis chosenat eachreschedulingpoint. For complex
taskstructures,the calculationwould requirea tremendousamountof computationalpower andit is
unrealisticto useit for measuringscheduleperformancein a realor deployedagentsystem.

In mostsituations,@�JK�&(m¯.5NM D�@O� (m¯.5PM½û¥@�HI� (m¯.5Y- sincethe D�@O� (m¯.5 is basedon recovery from
a failurewhile û¥@�HI�&(m¯=5 assumesno failure.

Sinceour MDP basedoptimalpolicy doesnot suffer from instantiationeffect(possiblenegative in�u-
enceby thechoiceof theinitial methodfor execution),theperformancecharacteristicsof theoptimal
policy shouldbethesameasthatof theOEB.

ExpectedBound (EB) Let $

þ

��$

be the set of actualquality, cost, durationvalueswhen method $‹��$ is
executedby the agent.After eachmethodexecutionthe scheduleis re-rated.If for someschedulē
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5�5 , i.e. the actual
executionperformanceof ascheduleis below expectation,thenanew scheduleis constructedbasedon
thepartiallycompleteschedule—
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So the EB is the schedulerating whenreschedulingoccursonly when thereis a possibility for the
partialexecutionof thecurrentschedulewill fail to meetexpectedcriteriaasa resultof theoutcomes
of methodsalreadyexecuted.This computation,like the OEB, will requireextensive computational
power. Again in mostsituations,@�J3� (m¯.5UM×@O� (m¯.5VM6DC@��&(m¯.5UM×û¼@�HP�&(m¯.5 .

Theoptimalpolicy generatedby theMDP basedmethodinherentlyhandlessmalleffects(accumulation
of below expectationperformance)andinstantiationeffects.Hencethepolicy's performancemeasure
will beasgoodasif notbetterthanthatof theEB.

We arecurrentlyworking on anexperimentalevaluationof this performancemeasurewhich will help
determinewhetherincrementaleffectsof non-criticaloutcomescould lead to a critical state.These
evaluationsaretoopreliminaryto bediscussedin thispaper.

ApproximateExpectedBound (AEB) It is the schedulerating with reschedulingonly at CTER's and
usingexpectedlowerboundof thenew stableschedulefor methodsfollowing theCTER. Thisis limited
contingency analysisat CTER's.

17 “Optimal” in this caseis meantin a satis�cing fashion.In thecontext of Design-to-Criteria,the “best” agentschedulefor a
given taskstructureis not guaranteedto beoptimalasthecombinatoricspreventanexhaustive search.As it is usedhere,optimal
meansthebestpossibleagentschedulewithin thespacesearchedby Design-to-Criteria.
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Considera schedulē of n methods ¯ = (£$z�
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5 . Now suppose$8��$ is a CTER with a
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TheApproximateExpectedBoundfor this instanceis computedasfollows:
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schedulerating thusincludestherating from theoriginal partof thescheduleaswell theELB of the
new portionof theschedule.This is basicallythecalculationdescribedwhentheAEB wasintroduced
in aprevioussection.

Now we describethegeneralcasescenario.Let $ �3-�$
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Theabove computationproducesanapproximatemeasuresinceweusethe
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5 . A betterandmoreexactcomputationwouldbeto usethe
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5 , theschedulerating
approachesthe expectedbound (*@��ª5 . Thus,the deeperthe recursionin the analysisof CTER's, the
betterthescheduleperformancemeasureandthecloserit is to theactualperformancemeasurewhen
reschedulingoccurs.This describesthe potentialanytime natureof the AEB computation.Thus, in
mostsituations,@��&(m¯=5

7

û¼@O� (m¯.5 andthe û¼@O� (m¯.5

7

@OJK�&(m¯.5 by de�nition.

Theoptimalpolicy takesinto accountnot only therobustnessof theschedulebeingexecutedbut also
that of the contingentschedules.The AEB if modi�ed to rescheduleat critical regionsandusesthe
AEB of thenew stablescheduleinsteadof theELB would have a performancemeasureequivalentto
thatof theoptimalpolicy.

Herewewould like to addthatall computationsabovearebasedonheuristicsandhenceareapproxima-
tionsincludingtheOEBandEB.Wecouldde�ne AEUB',OEB',EB', AEB' andELB' whichwould involve
completeanalysisof all pathsby thescheduler. Theresultingagentscheduleswould displayhigherperfor-
mancecharacteristicsandmeetgoal criteriabetterbut will alsobe computationallyinfeasibleto generate
[47].

5.3. RESCHEDULING AND RECOVERY ALGORITHMS

In thissection,wedescribeagenericalgorithmwhichcanguaranteeamorepreciseperformanceevaluation
of scheduleswhenuncertaintyis presentin theschedule,usingthetheorydescribedabove.
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Algorithm for building stableschedules:
Thefollowing is a formal descriptionof thealgorithmwhich choosestheagentschedulethatprovidesthe
bestperformanceguaranteestatistically:

1. Let ¯

Y

� (£$ � -�$

§

-�$

>

-324242 $ � -32 $

�

5 be the bestschedulereturnedby the Design-to-Criteriascheduler
for agiventaskstructure,i.e., thescheduleselectedfor executionby theagent.

2. SupposetheschedulerevaluatesÕ schedulestodecidewhichis thebestschedule,wherē
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6. Thenew bestagentschedulē Y
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is theonewith with thehighestAEB. ¯

Y

Ú þBY

isguaranteedbemorerobust
whereschedulerobustnessasde�ned earlier, is a characteristicof a schedulein which the schedule
allows for theagentto recover from executionfailureof oneof thescheduledactions.

Identifying CTER'S:
The AEB is a betterestimatethan the ELB whenthereis uncertaintyin the agent's schedule,i.e., there
areCTERs in the scheduleandthereis a possibility for contingency plans.Earlier we de�ned CTERs as
thoseregionsin theschedulewhich couldpotentiallyleadto degradationin theexpectedperformanceand
examinedCTERs in the context of methodfailure.For example,methodA2 hasa quality distribution of
(25%0)(75%3) – the25%chanceof failuremakesit a candidateCTER. Otherfactorsthatmaybeusedto
determinewhetheror nota methodis aCTERinclude:

1. Signi�cant variancein thequalitydistribution:For methodswith asingleoutcome,welook for variance
in thequalitydistribution of themethodwith respectto theexpectedvaluesandevaluateif thisvariance
maycritically affect theperformanceof theschedule.

2. Importanceof Non-LocalEffects:Certainmethodsmayaffect overall scheduleperformanceindirectly
via interactionswith othertasks.For example,agivenmethodmightproducearesultthathasvery little
quality, but, a resultthatis neededby otherconsumermethodsin thetaskstructure.Thefailureof such
a methodmaynot impactoverall quality directly, but, indirectly by preventingtheperformanceof the
consumermethods.Methodsfrom which interactionsoriginate,or from which importantinteractions
originate,mayalsobeCTERs.

3. RelationshipbetweenNon-LocalEffectsandoutcomes:For methodswith multipleoutcomes,thevari-
ancein the quality distribution is evaluatedfor eachoutcome,asabove. Additionally, any non-local-
effects that aretied to particularoutcomesmustbe examinedfor their importanceto the overall task
structure.When scheduling,eachoutcomehassomeprobability of occurrence.Thus the scheduler
reasonsfrom theperspective of all outcomesoccurringwherethe likelihoodof occurrencedetermines
theprobabilitiesassociatedwith non-localeffectsoriginatingfrom particularoutcomes;theuncertainty
associatedwith thenon-localeffectsis thenpropagatedto therestof thestructure.To evaluatewhether
or not a particularmethodmaybea CTERin this context requirestheevaluationof eachoutcomeand
thensomemeasurementof theprobabilityof theoutcomeversusthe implicationsof theoutcome.The
thresholdsinvolvedareanareaof currentwork.

4. Smalleffects: HeretoCTERdetectionhasfocusedon the criticality of individual methods.However,
it is possiblefor a seriesof low frequency failuresto bespreadacrossseveral methodsin sucha way
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thatno singlemethodis a CTERbut that thecumulative effectsof thefailuresareequivalentto a stan-
dard,localized,CTER. This cumulative aggregationof smalleffectsis potentiallyequallyimportantas
method-speci�cfailurepointsbecausethecontributing methodsmaybesupportedby recovery options
aswell. TheOEBandEBcomputationsin factconsidercumulativesmalleffectsof methodperformance
becausethey entail reschedulingafterevery methodexecution,in thecaseof theOEB,andin thecase
of anenvelopebeingviolatedin thecaseof theEB. Theissueof whatconstitutesa CTERof this class
andhow to detectsuchCTERsis anareaof futureresearch.

Method reordering:
Earlier, we notedthat theAEB evaluation,unlike theELB evaluation,views permutationsof thesameset
of methodsasdifferentschedules.We saw thatwhile onepermutation— A2,A1,A3̃ permitteda contingent
schedule,theother — A1,A2,A3˜ did not.Wedescribebelow two typesof methodreorderingwithin anagent
schedule:

Simplereordering: Considera schedulē‚� —
$ � -�$

§

-�$

>

-3242 $ � -324242 $

�

˜ . Suppose$ � is a CTER. Then
if the AEB computationis unableto �nd a contingentschedulefor the agentin caseof failure of $z� ,
we will automaticallytry to move $Ô� aheadin theschedulewithout affectingany of thenon-localeffects
suchasenablesor facilitates.So if $ � canbemovedaheadof $

>

without affectingany non-localeffects,
we geta new schedulēkj)� —
$Ì�
-�$

§

-�$&�d-�$

>

-3242424242�˜ andwe reevaluatetheAEB rating.Our exampleuses
simplereorderingi.e. A2 canbemovedaheadof A1 anda contingentschedulecanbeobtained.This type
of reorderingis alwaysadvantageoussinceno taskinteractionsarelost by thereordering.Thecontingency
analysisalgorithmin this paperconsidersthe impactof moving only oneCTERaheadat a time. We plan
to explore the potentiallyinterestingalbeit computationallyexpensive implicationsof reorderingmultiple
critical regionsto differentlevelsin thefuture.

Complex reordering: Considertheschedulē againbut suppose$��

÷

� facilitates$8� , which is a CTER.
Also supposewe areunableto �nd a contingentschedulein case$�� fails. Here,we would try to move
method $

� forward in the schedule,by ignoring the facilitatesandevaluateif the AEB rating of the new
schedulejusti�es the lossof the facilitates.This type of reorderingis not alwaysadvantageoussincethe
performancegainachievedby it mayor maynotmake up for thecostinvolvedin thedetailedanalysis.

Better redundancyestimation:
Therelationshipbetweentheredundancy techniquesemployedin themainschedulerprocessandtherecov-
ery optionsexploredin this secondarycontingency analysisis not obvious.With respectto theredundancy
techniques,contingency analysisyieldsbetterestimatorsof agentscheduleperformancebecauseit factors
in theprobability that recovery optionswill beneeded,andtheprobability that they will not beneeded.In
contrast,theredundancy techniquesemployedby themainschedulerconceptuallyassumeeitherfailureor
successfrom a durationperspective, not theprobabilityof either. ConsiderFigure12 from Section4. The
standardschedulermayproducetheschedule(A2, B1, B2) thatcontainsembeddedredundancy, aswell as
schedule(A2, B1). Theschedulesrepresenttwo extremeendsof theperformancespectrum,onein which
B1 is assumedto succeedandonein which B1 is assumedto fail. In the �rst case,theprobability thatB1
mayfail is re�ected in B1's expectedquality andthusin thequality distribution of theschedule.However,
the fact that if B1 fails, B2 mustbe employed, is not re�ected in the quality or durationdistributions of
the schedule.In contrast,in the latter case,the assumptionis that both B1 andB2 will be executedand
thequality anddurationdistributionsof theschedulere�ect this. Theextra time requiredto executeB2 is
actuallybuilt-in to theschedule.

Regardlessof whetheror not B2 is actuallyexecuted,the schedule(A2, B1, B2) is evaluatedon the
assumptionthatB1 fails andB2 is required.This resultsin anover estimationof thetime (and/orcost)that
is generallyrequiredto obtaina result.In actuality, (A2, B1) will suf�ce 75% of the time andB2 will be
requiredasarecoveryoptiononly 25%of thetime.Theexplorationof thisscenariovia theAEUB andAEB
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computationscorrectlyview thesedifferentpossibilitiesfrom aprobabilisticperspective anddoesnotsuffer
from theover-statementproblemof themainscheduler. Theover estimationproblemof the (A2, B1, B2)
scheduleis importantbecauseit maycausethemainschedulerto selectadifferentschedulefor theagentto
perform,i.e., it is morethanapoorestimate,it maysendthescheduler(andthustheagent)down thewrong
pathentirely. The strongercontingency analysisapproachyields muchbetterestimatesandconsequently
leadsto betterdecisionsaboutwhichschedule(s)for theagentto executein thesecases.

An interestingextensionof the evaluation in our example is to look at schedulesthat are produced
to resolve uncertaintywhich in somecasesinsteadof assumingsuccess,assumesfailure.Supposein the
InformationGatheringexampletheresultsof taskB is asubsetof theresultsof taskA, if taskA is executed
successfully. In otherwordsthe searchat the Adobesite will provide only redundantinformation,if the
Benchinsite hasbeensuccessfullyqueriedby the agent.Let us assumethat the agent's new criteria is to
maximizequality, asoftdurationdeadlineof 18minutesandaharddurationdeadlineof 25 minutes.

TheDesign-to-Criteriaschedulerwould thenpresenttheagentschedule— A2,A1,A3,B̃ asit wouldhave
thehighestELB. So if A2 fails, executionof B would ensurethat thehigh level goal is achieved.But the
ELB computationdoesn't assumereschedulingif A2 succeedswhicheliminatestheneedto executemethod
B. We know @�J3�&(d—�û¥™[-/û

š

-/û¥ú[-�� ˜=5 would never be betterthan @OJK�&(d—�û¥™[-/û

š

-/ûüú:˜=5 if A2 succeeded
becausemethodB is redundantandits only effect is to increasethedurationof theschedulewhichdecreases
theELB rating.In general,if theELB criteriaattachesany signi�canceto thedurationof theschedule,then
theremoval of actionsfrom thescheduledueto theresultsof prior actionsmakingthisactionredundantwill
alwaysincreasetheELB rating.

The AEB calculationfor agentschedulesthat have built-in contingencies,both successfuland failure
action evaluationhas to be modi�ed. Normally, contingency analysisis done for the failure region. In
this casewherethe contingency schedulefor failure is a subsetof the existing schedule,oneneedsto do
contingency analysisfor both successand failure possibilities.We extend the formula describedin the
de�nition of AEB. Let ¯ = $Ì�
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6. Experimental Results

Usingthemeasuresdescribedabove,effectivecontingency planningis acomplex process.It involvestaking
into accounta numberof factors,including task relationships,deadlines,the availability of alternatives,
andagentdesigncriteria (i.e., quality, cost,duration,andcertaintytrade-offs). In this section,we evaluate
the performanceof the contingency analysistools by comparingthemto the standardDesign-to-Criteria
agentscheduler. Comparisonis doneby examiningtheExpectedLowerBound(standardschedulermetric)
and the ApproximateExpectedBound (contingency analysismetric) and comparingschedulesselected
on the basisof thesemetricsto the actualresultsobtainedby executingthe schedulesin a TÆMS agent
simulationenvironment.As partof theevaluationprocess,we have partially determinedthecharacteristics

a.tex; 5/11/2003; 13:43; p.42



43

of taskstructuresanddesigncriteria that indicatea probleminstancefor which contingency planningis
advantageous.In thissection,we de�ne thecharacteristicsandexplainwhy they affectperformance.

The experimentsin this sectionwereconductedby randomlygeneratingtaskstructureswhile varying
certaincharacteristics.Intuitions of which characteristicswould lead to structuresthat are amenableto
contingency analysiswereusedto seedthesearchfor interestingtestcases.Sincemethodfailureis acrucial
factorfor thecontingency analysisargument,thegenerationof taskstructureswasdesignedto concentrate
on the varianceof two factors,namely, the effectsof failure locationandfailure intensity(probability of
failure)within ataskstructure.Tenrandomlygeneratedtaskstructureclasseswerethenmodi�ed to varying
degreeswith respectto thesetwo factors.Figure 24 shows two suchrandomlygeneratedstructures.In
otherwords,tentaskstructureclassesor prototypeswereproducedrandomlyandthenthesestructureswere
modi�ed to vary theprobabilityof methodfailureandto vary the locationof themethodfailurewithin all
possibleagentschedules.The latter is accomplishedvia non-localeffectsandsequencing-relatedquality
accumulationfunctionsthat force particularactionsto be carriedout at particularpoints in any schedule
includingtheactions.

The designcriteria in theseexperimentsis to maximizequality given a hard deadlineon the overall
schedule.This simpledesigncriteriasettingis onethat lendsitself to contingency analysisastheexistence
of a harddeadline(in contrastto a soft preference,e.g.,soft deadline)may precludeagentrecovery via
reschedulingin certaincircumstances.Becauseof theharddeadline,a poorly choseninitial schedulemay
not leave time for the agentto deploy recovery optionsandthusthe normalDesign-to-Criteriascheduler
may fail to produceresultsin situationswherecontingency analysishasplannedfor therecovery scenario
and chosenan initial scheduleaccordingly. Understandingthe relationshipbetweenmore interestingor
diversecriteria settingsand the contingency analysisis an areaof currentwork; thoughresultssuggest
that contingency analysishasbene�ts beyond the harddeadline(or hardcost)scenarios.For example,in
someinstances,contingency analysisleadsto resultsin lesstime asthe failurepointsappearearlierin the
schedule.
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Figure 24. SampleTaskStructuresA andB

Theresultsfor theexperimentsareshown in Figure25.For eachtaskstructureinstance,100simulated
executionswereperformedusingtheagentschedulewith thehighestExpectedLowerBound(ELB)andwith
theschedulehaving thehighestApproximateExpectedBound(AEB),i.e., thebestagentscheduleselected
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by theDesign-to-Criteriaschedulerwasexecuteda100timesandthebestscheduleselectedby (or generated
by, in thecaseof methodmovement)contingency analysiswasexecuted100times.Eachrow in the table
indicatesa different(failure location,failure probability) parametersettingfor thetentaskstructures;each
row is alsoanaggregationof resultsfor thetentaskstructureinstances.In otherwords,eachrow represents
datafrom an aggregateview wherethe ten taskstructureclasseshave beenmodi�ed in a certainway to
producetentaskstructureinstances.Of thetwo factorsusedto differentiatethetaskstructuresin eachrow,
failure location(Lo) (found in the �rst columnof the table)refersto the positionof critical method(s)in
a taskstructureandhencein theschedule.Failure intensity(In) (secondcolumn)refersto theprobability
of a methodfailing. Threedifferentclassi�cationsof failurelocationareusedin theexperiments:early(E),
medium(M),andlate(La).Similarly, threedifferentsettingsfor failureintensityareusedin theexperiments,
namely, low(L), medium(M)andhigh(H)wherelow is 1%-10%probabilityof failure,mediumis 11%-40%,
andhigh is 41%-90%.

For eachprobleminstance,theexecutionresultsproducedby theAEB selectedschedulewerecompared
to theresultsfor theELB selectedschedulevia statisticalsigni�cancetesting.Thethird column,N.H.valid
count, identi�es the numberof probleminstancesfor which the null hypothesisof equivalencecould not
be rejectedat the .05 level via a one-tailedt-test.In otherwords,N.H. valid count identi�es the number
of experimentsfor which the resultsproducedvia AEB are not statisticallysigni�cantly different from
the resultsproducedby theELB. Theseexperimentsareomittedfrom subsequentperformancemeasures.
Generallytheseareinstanceswherethescheduleselectedby bothmethodologiesarethesame,indicatinga
lack of many appealingoptionsthatmayserve to lure thestandardDesign-to-Criteriascheduleraway from
theschedulethatalsohappensto have recovery optionsassociatedwith it. Theeliminationof many of the
taskstructuresis evidencethatit is dif�cult to pre-determinewhethercontingency planningis expedientfor
acertaintaskstructure.

Thefourth columnindicatesthenumberof taskstructuresof the tenpossiblewhosedatais compared.
Thesearetaskstructuresthat led to schedulesfor theELB caseandtheAEB casethatproducedexecution
resultsthatarestatisticallysigni�cantly different,i.e., thenull hypothesisof equivalencewasrejectedat the
.05 level. TheremainingcolumnscomparetheAEB andELB selectedschedules'executionresultsfor the
thesetaskstructuresfrom anaggregateperspective.

Columns� ve andeight,titled ContingencyA.QandNormalA.Q. respectively, show themean,normal-
ized quality that wasproducedby the AEB andELB selectedschedulesrespectively. In otherwords,the
bestschedulepertheAEB metricwasselectedandexecutedin anunbiasedsimulationenvironment,when
failureoccurredtheschedulerandcontingency-analysis toolswerereinvokedandanew schedulegenerated
that attemptedto completethe task.The resultantquality wasmeasuredandrecordedandthe experiment
repeated100times.Thesameprocedurewasdonefor theELB selectedschedule,thoughwhenrescheduling
occurred,thecontingency analysistoolswerenot invoked (nor werethey invoked in theproductionof the
initial schedule).The overall maximumquality producedby either the AEB or the ELB simulationruns
wasrecordedandall resultantquality thennormalizedover the maximum,resultinga quality value that
expressesthepercentageof themaximumobservedquality thata giventrial produced.This procedurewas
thenrepeatedfor the othertaskstructurethat producedstatisticallysigni�cantly differentresults,andthe
normalizedquality valuesaveraged.Thus,the 0.73512A.Q. from the �rst row of Table25, columnfour,
indicatesthat contingency analysisyieldedschedulesthat producedapproximately74% of the maximum
observed quality on average.Columnseven indicatesthat the standardDesign-to-Criteriaschedulerpro-
ducedapproximately63%of themaximumobservedquality, onaverage,for thesamesetof taskstructures.
Thus, contingency analysisyielded a 14.24%percentageincreasein resultantquality over the standard
Design-to-Criteriascheduler, asshown in column11.

Columnssix andnineshow thenumberof timesagivenselectedschedulefailedto produceany resultfor
theagentwithin thegivendeadlinefor theAEB andELB casesrespectively. It is interestingto notethatthe
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contingency selectedschedulefailedto producea resultwith somewhatgreaterfrequency for rows oneand
� ve.This is becauseboththecontingency selectedscheduleandits recoveryoptionhadsomeprobabilityof
failure,though,we do not actuallyconsiderthefailureratein thesecasesto bestatisticallysigni�cant. The
failureratein row threeillustratestheclassiccasein whichrecoverybeforethedeadlineis oftennotpossible
for thescheduleschosenby thestandardDesign-to-Criteriascheduler, whereasit is moreoftenpossiblefor
theschedulesselectedby contingency analysis.

Columnssevenandtenshow thenumberof timesreschedulingwasnecessaryduringexecution.These
resultsaresomewhatcounterintuitive asthecontingency analysisselectedschedulesgenerallyresultedin
more agentreschedulingduring executiondue to failure. This is becausethe contingency analysistools
explorethepossibilityof recovery anddo not seekto avoid thefailurein the�rst place.Relatedly, because
thecontingency analysisconsiderstheexistenceof recoveryoptions,it mayactuallyselectaschedulemore
proneto initial failurethanthestandardDesign-to-Criteriaschedulerbecausetheschedulehasahigherpo-
tentialquality. For example,saytwo schedules̄…� and ¯

§

have thefollowing respective qualitydistributions:
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recovery scenariohasahigherjoint expectedquality thandoes̄ � alone.Associatinga costwith
reschedulingin thecontingency algorithmscouldmodulatethis opportunisticrisk-takingtypeof behavior.
If acostwereassociatedwith rescheduling,theutility of arecoveryoptioncouldbeweightedto re�ect such
acost.

ThelastcolumnshowsthemeannormalizedOptimalExpectedBound(OEB)of theAEB selectedsched-
ule. This is the measurewherereschedulingis invoked after every methodexecutionirrespective of the
executionoutcome.It describestheoptimalperformanceof aschedulesincethebestpossiblepathis selected
every stepof the way. The quality value shown is the averageof 100 executionsof the OEB schedule,
normalizedby the maximumobserved quality over all the AEB selectedand ELB selectedschedules'
executions.The OEB is higherthanboth ContingencyA.Q. aswell asNormalA.Q. for eachclassof task
structures.This is asit shouldbe,asthe OEB is a computationallyintensive performancemeasurewhich
strivesto obtaintheoptimalscheduleat everypointof theplan.

Irrespective of rescheduling,in general,for the task structuresthat lead to statisticallysigni�cantly
different results,contingency analysisproducedagentschedulesthat yieldedhigheraveragequality than
did the standardDesign-to-Criteriaagentscheduler. However, as illustratedby the large numberof task
structuresthatleadto resultsthatwerenotstatisticallysigni�cantly different,very few of thecandidatetask
structuresweresuitablefor contingency analysis(about20%).

Let usnow stepbackfrom theaggregateview andcomparecontingency analysisto thestandardDesign-
to-Criteriaschedulerfrom a detailedperspective. Figure26 shows a TÆMStaskmodelon which boththe
standardschedulerandthecontingency analysistoolswereused.Theexpectedandactualperformanceof
the schedulesproducedby contingency analysisandnormalschedulingtechniquesaredescribedin Table
27.Thedesigncriteriais againto maximizequalitywithin aharddeadlineof 36 minutes.

Theagentscheduleselectedby thecontingency tools,basedon theAEB, is —0�m�[-‘� ™[-‘� Î…˜ which has
anELB of 472.94,anApproximateExpectedUpperBound(AEUB)of 506.9,andanAEB of 494.21.The
CTERin this scheduleis �m� because�m� hasa 20%probabilityof failure.Becausethe top-level quality
accumulationfunctionis a sum(), andbecausethereareno taskinteractions,thefailureof �m� is localized
entirelyat �g� . Thisalsomeansthata failureof �g� , or for thatmatterthefailureof any individual method
within aschedule,will notprecludeachieving somequalityat thetop-level task æ . Thecontingentschedule

a.tex; 5/11/2003; 13:43; p.45



46

Fail N.H valid T.S. Contingency Normal Perf. OEB
Lo In count count A.Q. F.R. R.C. A.Q. F.R. R.C Impr.

E M 8 2 0.73512 0/200 72 0.63041 0/200 0 14.24% 0.75227

M M 8 2 0.70125 2/200 64 0.63883 0/200 0 8.89% 0.71222

La M 8 2 0.79936 21/200 100 0.66246 38/200 48 17.12% 0.84531

M L 10 0 0 0 0 0 0 0 0% 0

M M 8 2 0.70125 3/200 64 0.63883 0/200 0 8.89% 0.71222

M H 10 0 0 0 0 0 0 0 0% 0

Col. # 1 2 3 4 5 6 7 8 9 10 11 12

Figure25. Fail Lo is thefailurelocation;Fail In is failureintensity;N.H.valid countis numberof taskstructuresthatfail to produce
resultsfor thecontingency andstandardagentschedulercasesthatarestatisticallysigni�cantly different;T.S.countis numberof
taskstructureswhoseperformancequalitieswill becompared;ContingencyA.Q. is average,normalizedquality of AEB selected
schedule;ContingencyF.R. is thefailurerateis numberof timesAEB selectedschedulefails to achieve any quality; Contingency
R.C. is the reschedulecountwhich is the numberof timesthe AEB selectedschedulereschedulesdueto failure of a methodto
achieve quality. NormalA.Q. is average,normalizedquality of ELB selectedschedule;NormalF.R. is thenumberof timesELB
selectedschedulefails to achieve any quality; NormalR.C.is thenumberof timestheELB selectedschedulereschedulesdueto
failureof a methodto achieve quality. Perf. Impr is theaverageimprovementin performanceof contingency analysisover normal
scheduling.OEBis theaverage,normalizedqualityof AEB selectedschedule.

is —0�

š

-‘�m�[-‘�gn:˜ , where�mn is therecoveryoptionfor method�g� . Thetwo schedulesconsideredby the
contingency toolsarehence—0�m�
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The agentscheduleselectedby the standardscheduler, basedon the ELB, is —0� ™[-‘� Î¢-‘�gn:˜ which

hasan ELB of 484.2.The scheduleis processedby the contingency analysistools only to computethe
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Figure 26. TaskStructureC
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contingency relatedmetricsso that theschedulesmaybecompared.TheAEUB of thescheduleis 494.72
andits AEB is 474.89.During thecontingency analysisof thisschedule,the“moveCTERforward” heuris-
tic moved �gn forward to pull the critical region closerto the front of the scheduleto leave more time
for recovery. Thus,thescenariosconsideredwhencomputingthemetricsare: —0�mnyý

Ù ã�ã�þ

ýdý<-‘��™[-‘� Î…˜ and
—0�mn1ÿ

Ú/�4ÛÞÙ ä,þ

-‘�

š

-‘�g�[-‘�m�:˜ . Regardlessof the resultsof this analysis,the original scheduleproducedby
thescheduler, andselectedon thebasisof theELB, namely —0� ™[-‘� Î¢-‘�mn:˜ , is theschedulesubsequently
executedby theagent.

Thequalityachievedby thecontingency selectedschedule,thathaving thehighestAEB —0��™[-‘�½Î¢-‘�m�:˜ ,
after 100 simulation runs is 502.5 which is higher than the 494.7 achieved by the bestELB schedule

—0��™[-‘�½Î¢-‘�mn:˜ . Because—0�g�[-‘��™[-‘�½Î…˜ hasahigherprobabilityof failure,theschedulefailedovertwice
asoften asdid the scheduleselectedon the basisof its ELB. This risk-takingbehavior is againbecause
contingency analysisrevealedtheexistenceof agoodquality recoveryoptionfor �g� , namely�mn , andthat
suf�cient time existedto recover from a failureof �g� . Thus,thebestschedulefrom a quality perspective
is onethat includesthe riskier �g� but alsoconsiders�mn in the failure caseasa backup.In comparison,
thestandardDTC agentschedulerdoesnot considertheexistenceof recovery optionsandthusit madeits
choicebasedon expectedqualityalone.It is interestingto notethattheELB performanceestimatefor both
schedulesis below that which actually resultedfrom executionand recovery. This is relatedto the risk-
takingbehavior of thecontingency analysistools– thestandardschedulerdoesnotconsidertheexistenceof
recovery optionsnor their valueto theselectedschedule.Thusthefactthatwhen �mn fails, thereis actually
a probabilityof obtainingevena higherquality resultby recoveringandemploying �m� is completelylost
on theschedulerandnot re�ected in theELB computation.This exampleillustratesthedifferencebetween
thestatistical,but localor single-scheduleview employedby theDesign-to-Criteriaschedulerandthemore
accurate,contextual view, generatedby performingcontingency analysison theschedulesproducedby the
scheduler.

ScheduleAnalysis ScheduleProduced ELB AEUB AEB Reschedcount ActualQuality

Contingency ç

_poÆaf_

ó

a,_rq

è 472.94 506.9 494.21 23 502.35

Normal ç

_

ó

af_rq:af_ps

è 484.2 494.72 474.89 12 495.13

Figure 27. PerformanceInformationFor TaskStructureC

We now evaluatetheperformanceof thecontingency analysisalgorithmby comparingit to theperfor-
manceof the optimal agentcontrol policy producedby the MDP-basedmeta-controlsystem.The experi-
mentsin this sectionwereperformedon thesame8 taskstructureswhoseratingof schedulewith highest
ApproximateExpectedBound(AEB)werefound to be statisticallysigni�cantly higher thanthe schedule
with the highestExpectedLower Bound(ELB).The designcriteria is to maximizequality within a given
deadline.

Theresultsof our experimentsareshown in Figure28.For eachof thetaskstructures,wecomputedthe
averagequality achieved by the schedulewith highestELB, schedulewith highestAEB andthe optimal
policy over 100simulations.Reschedulingin theeventof failurewithin thedeadlineis permitted.For each
taskstructure,thequalitiesachievedin all threecaseswerenormalizedby theactualELB estimate18 of the
highestratedELB schedulefor thattaskstructure.

18 This is thestatisticalmeasurecomputedby DTC's ratingmechanismandit assumesno rescheduling.This is in contrastthe
actualqualitiesachievedby theschedulewith highestELB duringsimulations,whichallow for reschedulingin theeventof failure.
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Thehistogramon the left shows thenormalizedaveragequality of thescheduleswith thehighestELB
for eachtaskstructure.In six of the eight cases,the estimatedELB (with no rescheduling)is equivalent
to the actualELB, sincetherewere no reschedulingsin thosesix cases.Thereis a slight improvement
in performancein the 2 caseswhen thereis rescheduling.However, this observation cannotlead to the
generalizationthat reschedulingleadsto improved performance.The performanceof the schedulewith
recovery from failure doesnot necessarilyhave to be betterthanthat of the original schedulewith no no
failure. Also if thereis a cost associatedwith rescheduling,the option with failure recovery and higher
quality becomeslessdesirablethantheoptionwith no failureandlower accruedquality. Thehistogramin
themiddleshows thenormalizedaveragequalityof thescheduleswith highestAEB for eachtaskstructure,
with reschedulingin theeventof failure.In all eightcases,thequality is higherthantheestimatedELB as
well astheactualaverageELB value.Thehistogramon theright shows thenormalizedaveragequality of
theoptimalpolicy andin all eightcasesit is betterthantheDTC scheduler(with andwithout rescheduling).

Foreachtaskstructure,it canbeobservedthePerformance(optimalcontroller)
7
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enhancedscheduler)Q Performance(normalschedulerwith reschedulingonfailure)
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Figure 28. Performanceof DTC, contingency enhancedDTC andOptimal SelectedSchedulesrelative to estimatedhighestELB
for thetaskstructure

Theaboveexperimentalresultsleadsto thefollowing performancecharacterizationof thevarioussched-
ulersfor a certainclassof taskstructures/problemswhenthe agentis situatedin mission-criticalenviron-
mentsor applicationareas[33], i.e., they have critical taskexecutionregionsandareconstrainedby hard
deadlinesandmid-streamschedulefailurecouldleadto catastrophicsystem-widefailure.

1. The performanceof the contingency-enhanced DTC agentscheduleris signi�cantly greaterthan the
standardDTC scheduler.

2. Theperformanceof thecontingency-enhancedDTC agentscheduleris in somecasesequivalentto the
performanceof theoptimalpolicy.

3. It is advantageousto reschedulein theeventof failureaslongastheoverheadassociatedto rescheduling
is minimal.

Basedon the resultspresentedhereandothersimilar results,it is possibleto characterizethe typesof
taskstructuresthatareamenableto contingency analysis,i.e., thosefor which analysisof recovery options
is bene�cial from acost/bene�tperspective. Thegeneralcharacteristicsinclude:

1. Methodsin agenttaskstructuresshouldhave a possibilityof failure in their distribution. Contingency
analysisis worth the associatedcomputationaloverheadonly if thereis a possibility of failure of the
currentscheduleto meetthehigh-level goaldueto individual methodfailure.If theperformanceof the
bestscheduleis deterministic,contingency analysisis dispensable.
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2. Taskstructuresshouldcontainalternatepaths.Theabsenceof of possiblerecovery pathsin thefaceof
failurealsomakescontingency analysisdispensable.

3. Taskstructuresshouldcontainalternatepathswith someoverlappingstructure(preferablyin theinitial
stage)andwith signi�cant performancedifferences.For instance,supposea taskstructurehasa path

— A,B,C,D˜ with highpotentialqualitybut alsoahighrisk of failure,andanotherpathto reachthesame
high-level goal, namely — A,B,E,F,G̃ , haslow quality, low durationbut hasno possibility of failure.
Thepresenceof analternatepaththatachievessomequalityandtakesadvantageof thesuccessfulwork
alreadydoneis akin to theconceptualnotionof a “quick anddirty” approachto problemsolving.The
existenceof thesetypesof methodsprovide thecontingency planningapproachwith a recovery option
thatis usableevenin tight resourcesituations.

4. A possibilityof moving failuremethodsforward (absenceof associatedhardnon-localeffects)would
further thepotentialof contingency analysis,i.e., structuresin which thereis some�e xibility in terms
of methodplacementwithin a schedule.If methodshave strongprecedenceandsuccessionconstraints
by way of enablesnon-localeffects,andthefailurepointsarein thelatterportionof theschedule,then
thereis little possibilityof �nding goodrecovery optionsfor failurewithin theresourceconstraints.

5. Dependenceof methodswith goodaverageperformanceon critical methods(enablesnon-localeffect
from a critical methodto a non-criticalmethod).Extensive contingency analysisis requiredonly if the
critical regionsaffect the restof the schedulesigni�cantly. Otherwise,a cheaplocal �x by replacing
the critical methodby a more stablemethodor just addinga redundantmethodwithin the criteria
requirementsis abetterchoicethancontingency analysis.

Thefollowing arethecharacteristicsof thedesigncriteriawhichaugmentscontingency planning.

1. Theagentgoalcriteriacouldspecifyaharddeadline,andemphasisshouldbegivento eitherthequality
or durationslider. The harddeadlineandothersuchhardresourceconstraintsvoids the possibility of
simply reschedulingat failurepointsandinsteadrequiresoff-line contingency analysis.

2. Thedeadlineshouldalsoprovideenoughtimefor contingency analysis,if theschedulingcostis factored
into theequation.Regardless,thedeadlinemustprovide suf�cient time for recovery optionsto bede-
ployedotherwisetheexistenceof suchoptionsis meaningless.In thesecases,thecontingency analysis
tools must resortto the samesingle-passexecutionview that is usedin the main Design-to-Criteria
scheduler.

7. Conclusionsand The Futur eRole of Uncertainty

TheTÆMStaskmodelingframework is usedin many agentapplicationsandresearchefforts.Theseinclude:
the BIG informationgatheringagent[30, 31], the intelligent home(IHome) [27], dynamicsupplychain
management[49], aircraft repair teamcoordination[48], distributedsensormanagement[22], distributed
hospitalpatientscheduling[9], GPGPcoordination[28], agentdiagnosis[20], the SRTA (soft real-time
agentarchitecture)[21, 45], andwork in multi-level negotiationin softwareagents[54], amongothers.The
Design-to-Criteriaagentscheduleris thecentralTÆMSanalysisexpert in thesesystems– generallyeither
functioningaloneto determinea courseof actionfor theagentor beingdriven by a higher-level reasoner
thatmodulatesagentcontrol throughDTC. In this paperwe have presentedextensionsto theTÆMStask
modelingframework to includeuncertaintyandexploredtheuseof uncertaintyin TÆMSagentcontrol.

In general,dealingwith uncertaintyasa �rst classobjectbothwithin theagentschedulingprocessand
via the secondarycontingency analysisis bene�cial. The additionof uncertaintyto the TÆMS modeling
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framework enablesthemto moreaccuratelymodela wider rangeof agentproblemsolving process.The
uncertaintyenhancementis leveragedubiquitouslyby Design-to-Criteriaagentschedulingto reason,from
a probabilisticperspective, aboutthe performancecharacteristicsof the agent's primitive actionsandtask
interactions.Including explicit modelsof uncertaintyimproves the schedulingprocessnot simply by in-
creasingmodelingpower, but alsoby increasingthe representationalpower of all thecomputationsin the
schedulingprocess.As discussedin Section4.3, theprobabilisticmodelsoccasionallyadverselyaffect the
schedulercalculations,but,evenwith thelossof theindependenceassumption,improvementof computation
accuracy outweighstheassociatedcomputationcosts.Bettermodelsandarichercomputationthatleverages
themodelsleadsto betteragentcontrolin general.

As discussedin Sections4.1 and 4.2, integration of uncertaintyin the agentgoal or designcriteria
speci�cationenablesagentsor agentclientsto describetherelative importanceof certainty, anduncertainty
reduction,to a particularapplication.Integration of this metric into the utility calculationsthat govern
schedulerproblemsolving enablesthe schedulerto evaluatequality, cost,durationandquality-certainty,
cost-certainty, andduration-certaintytrade-offs of particularcoursesof actionfor theagent.Thisintegration
approachenablesagentsto specifyathebalancebetweenuncertaintyreductionandtheotherutility metrics,
i.e.,uncertaintyreductiondoesnotdominatetheproblemsolvingprocessunlesssospeci�ed.Theintegration
anduseof uncertaintyin the main Design-to-Criteriaschedulingprocessprovidesa meansfor reasoning
about,andworking to reduce,uncertaintywithin thecon�nesof addressingsoft real-timeschedulingdead-
linesandotherrealperformanceconstraintspresentin deployedagentsystems(i.e.,onlineagentcontrolfor
dynamicenvironments).

The secondarycontingency analysisprocedurespresentedin Section5 stepoutsideof this context to
performamoredetailedanalysisof scheduleperformancebasedontheexistenceof recoveryoptions.Since
thealgorithmsexploretheagent's schedulerecoveryspaceusingtheDesign-to-Criteriascheduler, they still
exhibit a satis�cing,approximate,resourceconservative nature.It is interestingto notethateventhecoarse
analysisperformedin theApproximateExpectedBound(AEB) andApproximateExpectedUpperBound
(AEUB) computationsis bene�cial to the agentin certaincircumstances.Futureefforts in contingency
analysiswill involve explicitly boundingandcontrollingthecomplexity of thecontingency analysisprocess
to make it moresuitablefor onlineagentcontrol.

Intertwinedwith this researchobjective is the ability to classifyparticularproblemsolving instances.
From the experimentsperformedin Section6, it is clear that certainclassesof taskstructuresaremore
amenableto contingency analysisthanothers.Contributing factorsincludethe locationof thefailurepoint
and the numberand quality of recovery optionsavailable.Thesetask structuresexhibit mission-critical
propertiesi.e. they have critical task executionregions and are constrainedby hard deadlinesand mid-
streamschedulefailure could lead to catastrophicsystem-widefailure. Given the ability to classify task
structures,an input taskstructurecouldbe examinedto determine1) whetheror not contingency analysis
shouldbe performedand2) if the analysisshouldbe performed,how deepthe algorithmsshouldsearch
whenexploring recovery options.In somecases,deepexplorationmaynot befruitful andin others,it may
becritical to theagent.

Anotherareaof futureexplorationin contingency analysislies in thedeterminationof critical regions,
critical taskexecutionregions (CTERs), within agentschedules.Oneaspectof this is determiningCTER
statusbasedon theexistenceandtypesof taskinteractions.Anotheraspectis in thedeterminationof CTER
statusby examiningthe cumulative or aggregationof low frequency failuresin methods.The algorithms
discussedearlierfocuson a local determinationof criticality, that is, asbeinglocalizedin a givenmethod.
However, it is possiblethat low frequency failuresspreadacrossmultiple methodsmay also result in a
critical regionwithin agivenagentschedule.Thissmalleffectsconditionmayalsobene�t from theexistence
of recovery analysisandcontingency planning.Anotherrelatedareais that of dynamicallyre-evaluating
the CTERstatusof methods.In this work, we consideredonly static critical task executionregions i.e.
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the identi�cation of critical task executionregions is independentof the progressive resultsof schedule
execution.However, asexecutionunfolds,methodsthat arenot critical to begin with may becomemore
important.In general,changingcontext is handledby theagentrescheduling,however, envelopesor triggers
couldbespeci�edandexaminedincrementallyduringexecution,akin to [1].

Relatedto the issueof envelopesis cachingtherecovery optionsexploredandidenti�ed duringcontin-
gency analysis.As therecovery optionsareexploredfrom a statisticalperspective, whereprimitive actions
have rangesof characteristics,it is not immediatelyclearthat storingthe recovery optionsanddeploying
themautomaticallyin thecaseof failure is a goodsolution.This is somewhat relatedto the issueof small
effectsdiscussedearlierin thatduringactualagentexecution,valuesareproducedandwhile a singlevalue
maynot fall outsideof a conventionallygeneratedreschedulingenvelope(e.g.,rescheduleif resultsarenot
within 25%of thetrimmedmean),thecumulateeffectsof theresultsmayleadto differentrecovery options
beingmoredesirablein theeventof a failure.BecausetheDTC agentschedulerandcontingency analysis
toolsreasonaboutnon-localeffectsfrom a probabilisticperspective, theseaggregationeffectsmaybeeven
morepronouncedthanthesmalleffectsdealtwith in CTERdetermination(astheCTERcomputationuses
thesameprobabilisticview usedin therestof theschedulercomputations).

In the currentimplementation,the costof an agentreschedulingis consideredto be a small overhead
andthecostsassociatedwith reschedulingareeffectuallyignored.This hasproveneffective in practiceand
scheduletimestendto be lessthanonepercentof total systemexecutiontime. However, we arecurrently
exploring theimplicationsof schedulingin environmentswherethereschedulingcostis non-trivial. In such
situations,interestingtechniqueslike includingslacktime in schedulesor viewing a scheduleaspartially-
orderedsetof methods(ratherthana linearlyorderedsetof methods)maybeappropriate.

Anotherareaof futureuncertainty-relatedwork in Design-to-Criteriaschedulinginvolvesleveragingthe
uncertainty-enhancedTÆMSmodelsin multi-agentschedulingandcoordination.In multi-agentsystemsthe
scheduleris typically coupledwith a multi-agentcoordinationmodulethat formscommitmentsto perform
work with otheragents;local concernsarethusmodulatedby non-localproblemsolving.Uncertaintyin
this context could be usedto reasonaboutthe utility of the commitmentsmadewith otheragentsandto
understandhow the uncertaintyaboutcommitmentsmadeby other agentsaffects local problemsolving
[53].

We alsoplanto look into moreef�cient methodsfor determiningtheoptimalpolicy in theMDP frame-
work. Previous researchin the areahasshown that the stochasticnatureof someMDPs hasimportant
consequencesfor complexity andnotall MDPsareequallydif�cult to solve.Classi�cationof taskstructures
to helppre-determinethecomplexity of theMDP would beusefulin decidingwhetherto usetheheuristic
scheduleror MDP-basedoptimal controller for speci�c problems.We also plan to evaluatepolicy per-
formanceby applyingexisting approximationtechniques(fast t -approximationalgorithmsandMarkovian
chains)which trade-off solutionaccuracy for time.
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