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Abstract. Design-to-Criteriabuilds customschedulesfor agentsthatmeethard
temporalconstraints,hard resourceconstraints,and soft constraintsstemming
from soft taskinteractionsor soft commitmentsmadewith otheragents.Design-
to-Criteria is designedspecificallyfor online application– it copeswith expo-
nentialcombinatoricsto producethesecustomschedulesin a resourcebounded
fashion.This enablesagentsto respondto changesin problemsolvingor theen-
vironmentasthey arise.

1 Intr oduction

Complex autonomousagentsoperatingin open,dynamicenvironmentsmustbeableto
addressdeadlinesandresourcelimitationsin theirproblemsolving.Thisis partlydueto
characteristicsof theenvironment,andpartly dueto thecomplexity of theapplications
typically handledby softwareagentsin ourresearch.In openenvironments,requestsfor
servicecanarriveat thelocal agentat any time, thusmakingit difficult to fully planor
predicttheagent’sfutureworkload.In dynamicenvironments,assumptionsmadewhen
planningmay change,or unpredictedfailuresmay occur1. In most real applications,
�
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1 This differs from statesthatareexplicitly recognizedandplannedfor [1] assoftwareagents
mayberequiredto performa differentsetof tasks,aswell ashaving to reactto changesin the
environment.
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Fig.1. ModelingandOnlineSchedulingfor RealTimeandResourceBoundedness

deadlinesor othertime constraintsarepresenton theagent’s problemsolving [16,8].
For example,in ananti-submarinewarfareinformationgatheringapplication[3], there
is a deadlineby which the missionplannersrequirethe information.Resourcelimita-
tionsmayalsostemfrom agentshaving multiple differenttasksto performandhaving
boundedresourcesin which to performthem.Temporalconstraintsmayalsooriginate
with agentinteractions– in general,in orderfor agent� to coordinatewith agent� , the
agentsrequiremutualtemporalinformationsothatthey canplandownstreamfrom the
interaction.

In this paper, we focuson theissueof resourceboundedagentcontrol.We usethe
term resource boundedto denotethe existenceof deadlinesandof other constraints
like cost limitations or applicationspecificresourcelimitations (e.g.,limited network
bandwidth).Whereit is importantto differentiatehardandsoft deadlinesfrom these
otherconstraints,wereferto themexplicitly.

For agentsto adaptrationally to their changingproblemsolving context, which
includeschangesin theenvironment2 andchangesto thesetof dutiesfor theagentto
perform,they mustbeableto:

1. Representor modelthetimeandresourceconstraintsof thesituationandhow such
constraintsimpacttheir problemsolving.We believe this mustbedonein a quan-
tified fashionasdifferentconstraintshave differentdegreesof effect on problem
solving.

2. Plan explicitly to addressthe resourcelimitations. In our work, this may imply
performinga differentsetof tasks,usingalternatesolutionmethods,or trading-off
differentresources(or quality),dependingon whatis available.

3. Performthis planningonline– in thegeneralcase,this impliescopingwith expo-
nentialcombinatoricsonlinein soft realtime.

While the first two requirementsobviously follow from the domain,the third re-
quirementis lessobvious.Agentsmustbe ableto performreal time control problem
solving onlinebecauseof the dynamicsof the environment.If it is difficult to predict
the future and thereis a possibility of failure, or new tasksarriving, agentswill, by
necessity, haveto reactto new informationandreplanonline.

TheDesign-to-Criteria(DTC)agentschedulerandtheTÆMStaskmodelingframe-
work areour tools for addressingtheserequirementsandachieving resource-bounded
agentcontrol (Figure1). TÆMSprovidesagentswith the framework to representand
reasonabouttheir problemsolving processfrom a quantifiedperspective, including

2 Includingresourcesuncontrollablybecomingmoreor lessconstrained.For example,network
latency increasingdueto someactivity otherthantheagent’s problemsolving.
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Fig.2. ConceptualInformationGatheringTaskStructureof theBIG Agent

modelingof interactionsbetweentasksandresourceconsumptionproperties.Design-
to-Criteriaperformsanalysisof the processes(modeledin TÆMS)anddecideson an
appropriatecourseof actionfor theagentgiven its temporalandresourceconstraints.
Design-to-Criteriabothproducesresource-awareschedulesfor theagent,and,doesthis
reasoningprocessonlinein a resourceboundedfashion.

While the outputof Design-to-Criteriais real time in the sensethat the schedules
addresshardandsoftdeadlines,andresourceconstraints,theschedulesarenothardreal
timeandarenot fault tolerantin thesensethatthey maycontainuncertaintyandknown
potentialfailurepoints.BecauseDTC is appliedin domainswherefailure is expected,
andmodeled,andreschedulingisexpected,it mayoftenbeprudentto chooseaschedule
that containssomeprobabilityof failure,but, alsosomeprobability of higherreturns.
Theissueof uncertainty, andits role in addressingharddeadlines,is coveredin greater
detail later. For situationsin which a mid-streamschedulefailure leadsto catastrophic
system-widefailure,wehavedevelopedanoffline variantof DTC thatusescontingency
analysis[17,24] to exploreandevaluaterecoveryoptionsfrom possiblefailurepoints.

This paperis organizedas follows: in Section2 we presentTÆMS anddescribe
its role in our domainindependentapproachto agentcontrol.In Section3 we describe
how DTC reasonsaboutthe agent’s context andmakescontrol decisionsto produce
resourceboundedschedules.In Section4, DTC’s approximateonlinesolutionstrategy
is presentedandin Section5 we discusslimitations,openquestions,andfuturework.

2 TÆMS Task Models

TÆMS(TaskAnalysis,EnvironmentModeling,andSimulation)[6] is a domaininde-
pendenttaskmodelingframework usedto describeandreasonaboutcomplex problem
solvingprocesses.TÆMSmodelsareusedin multi-agentcoordinationresearch[25,11]
andarebeingusedin many otherresearchprojects,including:cooperative-information-
gathering[14], hospitalpatientscheduling[5], intelligentenvironments[13], coordina-



tion of softwareprocess[12], andothers[21]. Typically, in our domain-independent
agentarchitecture,a domain-specificproblemsolver or plannertranslatesits problem
solving optionsin TÆMS, possiblyat somelevel of abstraction,andthenpassesthe
TÆMS modelson to agentcontrol problemsolverslike the multi-agentcoordination
modulesor the Design-to-Criteriascheduler. The controlproblemsolversthendecide
on anappropriatecourseof actionfor theagent,possiblyby coordinatingandcommu-
nicatingwith otheragents(thatalsoutilize thesamecontroltechnologies).

TÆMSmodelsarehierarchicalabstractionsof problemsolvingprocessesthatde-
scribealternativewaysof accomplishingadesiredgoal;they representmajortasksand
major decisionpoints, interactionsbetweentasks,and resourceconstraintsbut they
do not describethe intricatedetailsof eachprimitive action.All primitive actionsin
TÆMS,calledmethods, arestatisticallycharacterizedvia discreteprobabilitydistribu-
tions in threedimensions:quality, costandduration.Quality is a deliberatelyabstract
domain-independentconceptthat describesthe contribution of a particularaction to
overallproblemsolving.Durationdescribestheamountof timethattheactionmodeled
by themethodwill take to executeandcostdescribesthefinancialor opportunitycost
inherentin performingthe action.Uncertaintyin eachof thesedimensionsis implicit
in theperformancecharacterization– thusagentscanreasonaboutthecertaintyof par-
ticular actionsas well as their quality, cost,anddurationtrade-offs. The uncertainty
representationis alsoappliedto taskinteractionslike enablement,facilitation andhin-
deringeffects,3 e.g.,“10% of thetime facilitationwill increasethequality by 5% and
90%of thetime it will increasethequality by 8%.”

Thequantificationof actionsandinteractionsin TÆMSis not regardedasaperfect
science.Task structureprogrammersor problemsolver generatorsestimatethe per-
formancecharacteristicsof primitiveactions.Theseestimatescanberefinedover time
throughlearningandreasonerstypically replanandreschedulewhenunexpectedevents
occur.

To illustrate,considerFigure 2, which is a conceptual,simplified sub-graphof a
taskstructureemittedby theBIG [14] resourceboundedinformationgatheringagent;
it describesaportionof theinformationgatheringprocess.Thetop-level taskis to con-
structproductmodelsof retail PCsystems.It hastwo subtasks,Get-BasicandGather-
Reviews, bothof whicharedecomposedinto actions,thataredescribedin termsof their
expectedquality, cost,andduration.TheenablesarcbetweenGet-BasicandGatheris
a non-local-effect (NLE) or taskinteraction;it modelsthe fact that the review gather-
ing actionsneedthenamesof productsin orderto gatherreviews for them.Othertask
interactionsmodeledin TÆMS include:enablement, facilitation, hindering, bounded
facilitation, disablement, consumes-resourceandlimited-by-resource. Taskinteractions
areimportantto schedulingbecausethey denotepointsatwhichataskmaybeaffected,
eitherpositively or negatively, by anoutcomeelsewherein thetaskstructure(or at an-
otheragent).

3 Facilitationandhinderingtaskinteractionsmodelsoft relationshipsin whicharesultproduced
by sometask may be beneficialor harmful to anothertask. In the caseof facilitation, the
existenceof theresultgenerallyincreasesthequality of the recipienttaskor reducesits cost
or duration.



Returningto theexample,Get-Basichastwoactions,joinedunderthesum()quality-
accumulation-function(QAF), whichdefineshow performingthesubtasksrelateto per-
forming theparenttask.In this case,eitheractionor bothmaybeemployedto achieve
Get-Basic. Thesameis truefor Gather-Reviews. TheQAFfor Build-PC-Product-Objects
is a seqlast() which indicatesthat the two subtasksmustbe performed,in order, and
that the quality of Build-PC-Product-Objectsis determinedby the resultantquality
of Gather-Reviews. Thereare nine alternative ways to achieve the top-level goal in
this particularsub-structure.4 In general,a TÆMS task structurerepresentsa family
of plans,ratherthana singleplan,wherethe differentpathsthroughthe network ex-
hibit different statisticalcharacteristicsor trade-offs. The processof decidingwhich
tasks/actionsto performis thusanoptimizationproblemratherthanasatisfactionprob-
lem.

TÆMSalsosupportsmodelingof tasksthatarriveat particularpointsin time,par-
allelism,individualdeadlinesontasks,earlieststarttimesfor tasks,andnon-localtasks
(thosebelongingto otheragents).In thedevelopmentof TÆMStherehasbeena con-
stanttensionbetweenrepresentationalpowerandthecombinatoricsinherentin working
with the structure.The result is a modelthat is non-trivial to process,coordinate,and
schedulein any optimal sense(in the generalcase),but also one that lendsitself to
flexible andapproximateprocessingstrategies.Thiselementof choiceandflexibility is
leveragedboth in designingresource-boundedschedulesfor agentsandin performing
onlineschedulingin a resourceboundedfashion.
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Fig.3. ReflectingProbabilityof MissingDeadlinein MethodQuality

3 Modeling and Reasoningabout Temporal and Resource
Constraints

TÆMS tasksmay have both soft andhardconstraintsthat mustbe consideredwhen
scheduling.In termsof hard temporalconstraints,any TÆMS taskmay have a hard
deadline,by whichsomequalitymustbeproduced(or it is consideredafailure),aswell

4 While it mightappearpertheseqlast()QAF thatthereareonly two possibleresultantquality
distributions, the enablesinteractionbetweenBuild andGatheraffects the possiblequality
valuesfor Gather.



asan earliest-start-time,beforewhich the taskmay not be performed(or zeroquality
will result).Thesehardconstraintsmay alsobe causedby hardcommitments5 made
with otheragentsor harddelaysbetweentaskinteractions.Theconstraintsmayalsobe
inheritedfrom nodeshigherin thestructure– thusa clientmayspecifya harddeadline
on theBuild-PCtaskthatappliesto all subtasks,or a deadlinemaybespecifiedon the
processof Gathering-Reviews. If multiple temporalconstraintsarepresent,thetightest
or mostconservative interpretationapplies.

Recallthatactionsin TÆMS arecharacterizedusingdiscreteprobabilitydistribu-
tions.Becausedurationsmaybeuncertain,andbecauseactionsaresequencedin alinear
fashion,6 theimplicationof durationuncertaintyis thatthereis generallyuncertaintyin
boththestartandfinishtimesof tasks– eventasksthatdonothavedurationuncertainty
of their own. WheneachTÆMSactionis addedto a schedule,or consideredfor a par-
ticularschedulepoint,adatastructurecalledascheduleelementis createdandthestart,
finish, anddurationdistributionsfor thescheduleelementarecomputedasa function
of thecharacteristicsof thepreviousscheduleelementandtheactionbeingscheduled.
Theconstraintsassociatedwith theaction(andhigherlevel task)arethenexaminedand
comparedto thecharacteristicsthatwill resultif theactionis performedat the“current”
timeor point in theschedule.

Oneapproachfor determiningwhetheror notagivenactionwill violateaharddead-
line, for example,is to look atsomesinglestatistic(median,mean,max,min) of theac-
tion andto comparethatstatisticto thedeadline,e.g.,ÿ��������	��
��
��ÿ�
«ÿ��	� ��ÿ����
��������ÿ���
������� ������  ��	�� �!zÿ�
��
�"������ÿ��#
��$�%�
�&�'�	
)( ÿ��#!*���+�	 . This approachis usedduring someof the approximationprocessesof
the schedulingalgorithm.Anotherreasonableapproachis to computethe probability
thattheactionwill violateits hardconstraintandcomparetheprobabilityto apredeter-
minedthreshold,e.g., ,.-/,0�1�2��ÿ�
«ÿ��	� ��ÿ��3�
��������ÿ���
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However, TÆMSprovidesuswith abettertool for reasoningaboutconstraintviola-
tion. Becausezeroquality reflectsfailure,andin TÆMSanactionthatviolatesits hard
deadlineproduceszeroquality, we canreasonabouttheprobabilitythata givenaction
violatesits harddeadlinesimplyby reflectingsaidprobabilityin thequalitydistribution
of theactionandthentreatingit likeany otherTÆMSaction.7 Enforcingharddeadline
constraintson theagent’s entireprocess(analogousto imposinga deadlineon thetask
structureroot) is handledin the sameway. For example,asshown in Figure3, if >@?
hasa 10% chanceof exceedingits deadline(andthusfailing), the densitiesof all the
membersof its quality distribution aremultiplied by 90%(thusre-weightingtheentire
distribution)andanew density/ valuepair is addedto thedistributionto reflectthe10%
chanceof returninga resultafter thedeadline.The leftmosthistogramdescribes> ? ’s

5 In contrastto commitmentsthat are soft or relaxable,possibly through a decommitment
penaltymechanism.

6 While DTC supportsschedulingof specializedparallel activities, even when activities are
scheduledin parallel,they mayinherit uncertaintyfrom prior activities.

7 ProfessorAlan Garvey, developerof a forerunnerto Design-to-Criteria,Design-to-Time, first
useda similar techniquein Design-to-Time. The techniquepresentedherewasdevelopedin-
dependentlyin theDTC research.



expectedfinish time,themiddlehistogramdescribes>@? ’sunmodifiedqualitydistribu-
tion, andtherightmostfigureshowsthemodifiedqualitydistributionafterre-weighting
andmerging with thenew ACB:D�EGFHD�I�JLK'M�N�O+PRQ pair. Throughthis solutionapproach,the
schedulermayactuallyselecta courseof actionfor theagentthathassomeprobability
of failure,however, theprobabilityof failure is reflecteddirectly in solutionquality so
that if the risk is not worthwhile (relative to the othersolutionpathsavailableto the
agent)it will not betaken.In otherwords,a pathcontaininga possibledeadlineviola-
tion will only bechosenif it hasahigherquality thantheothersolutionsonanexpected
valuebasis.

Onthesurface,thismodelis notappropriatefor hardrealtimeapplicationsin which
thefailureof theactionresultsin no solutionfor theagent.However, if this is thecase,
theactionwill serve a key role in the taskstructureor will interactwith (e.g.,enable)
otheractionsin thestructureandthusthefailurewill resultin thequalityof theaffected
actionsalso being decreasedand further lower solution quality. The view presented
here,if modeledappropriately, givesthe schedulera very powerful tool for reasoning
abouttheimplicationsof possiblefailuresandtheir impactonoverallproblemsolving.

In addition to hard temporalconstraints,TÆMS also modelshard resourcecon-
straints.For example,a given taskmay requirethe useof a network connectionand
without thisconnection,thetaskmayproducezeroquality (fail). In TÆMS,theeffects
of resourceconstraintsaremodeledusinga limits NLE from the resourceto the task
wherethe NLE describesa multiplier relationshipbetweenthe resourceandthe task.
For example,runningout of a resourcemay causethe task to take 1.5 timesas long
to execute,or it maycausethequality to decreaseby 50%,or it maycausethecostto
increase,or it maysimplycausefailure.As with violatingahardtemporalconstraint,if
a resourceconstraintcausesactionfailure,it is reflectedin thequalityof theactionand
any actionsor tasksthatareacted-upon(e.g.,by an enablesfrom the affectedaction)
will alsohave their qualitiesadjustedto reflecttheeffectsof theresourceproblem.

Soft constraintsin TÆMS take the form of soft commitmentsmadewith other
agentsandsoft interactionsbetweentasks.For example,if task � facilitates � , per-
forming � before � will positively affect � , possiblyby shorting � ’s duration,but the
facilitationdoesnot needto be leveragedto performeithertask.Whenschedulingfor
soft constraintsassociatedwith actions,the schedulerattemptsto utilize themwhen
possible(or avoid thein thecaseof asoft negativeinteraction,e.g.,hinders). However,
whenever a soft constraintis violated,eitheron thepositive or negative side,thequal-
ity distributionsof the involved actionsaremodified to reflect the situationand thus
theschedulercanagainreasondirectly aboutthe impactof constraintviolation on the
agent’sprocess.

The scheduleralsosupportssoft constraintson overall problemsolving. In addi-
tion to settinghard temporalconstraints,the schedulerclient may specifyan overall
soft deadline,soft cost limit, or soft quality requirement.Thesesoft constraintsare
membersof a packageof client preferencescalled designcriteria that describesfor
the schedulerthe client’s objective function. The schedulerthenworks to producea
schedule(or setof schedules)to suit theclient’s needs.Thecriteriamechanismis soft
because,dueto thecombinatoricsof reasoningaboutTÆMStaskstructures,it is often
difficult to predictwhattypesof solutionsarepossible.Instead,theclientdescribesthe
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Fig.4. DifferentSchedulesfor DifferentClients

desiredsolutionspacein termsof relaxable,relative, designcriteria (in quality, cost,
duration,uncertaintyin eachdimension,and limits and thresholdson these)and the
schedulermakestrade-off decisionsasneededto bestaddressthe client’s needs.The
criteria metaphoris basedon importanceslidersfor quality, cost,duration,limits and
thresholdson these,andcertainin eachof thesedimensions.Themetaphor, theformal
mathematicsof thecriteriamechanism,andthescheduler’strade-off computationshave
beenfully documentedin [23,22].

Let usrevisit BIG’sprocess,shown in Figure2,andillustrateDTC’screationof cus-
tom,resourcebounded,schedulesandtheroleof taskinteractionin modelingtheeffects
of failure.EventhissimpletaskstructuregivesDTC roomto adaptBIG’sproblemsolv-
ing. Figure4 shows threedifferentschedulesconstructedfor differentBIG clientsthat
havedifferentobjectives.For brevity, thedetaileddistributionsassociatedwith eachac-
tion areomitted,however, the aggregateschedulestatisticsareshown. ScheduleA is
constructedfor a client thathasbothtime andfinancialresources– heor sheis simply
interestedin maximizingoverallsolutionquality. ScheduleB is constructedfor aclient
thatwantsafreesolution.ScheduleC meetstheneedsof aclient interestedin maximiz-
ing qualitywhile meetingaharddeadlineof 6 minutes.NotethatscheduleC is actually
preferredover a schedulethat includesactionQuery-and-Extract-PC-Connectioneven
thoughsaidactionhasahigherexpectedquality thanQuery-and-Extract-PC-Mall.This
is becausethe PC-Connectionactionalsohasa higherprobability of failure.Because
of theenablesNLE from thetaskof gettingproductinformationto retrieving reviews,
this higherprobability of failure also impactsthe probability of being able to query
the Consumer’s site for a review. Thus, thoughthe local choicewould be to prefer
PC-Connectionover PC-Mall for this criteria, the aggregateeffectsleadto a different
decision.Note also that scheduleC also exceedsits deadline10% of the time. The
deadlineover-run and the enablementfrom PC-Mall contribute to the probability of



failure exhibited by the schedule(probability of returninga zeroquality result), i.e.,
Consumer’s fails 25% of the time without consideringtheseotherconstraints.When
consideringtheotherconstraints,probabilityof failureis: (((25%* .90)+ 10%)* .90)
+ 10%= 39.25%.

4 Online Scheduling- Coping with Exponential Combinatorics

As TÆMS taskstructuresmodela family of plans,the DTC schedulingproblemhas
conceptuallycertaincharacteristicsin commonwith planningandcertaincharacteristics
of moretraditionalschedulingproblems,andit suffersfrom pronouncedcombinatorics
onbothfronts.Thescheduler’sfunctionis to readasinputaTÆMStaskstructure(or a
setof taskstructures)andto 1) decidewhich setof tasksto perform,2) decidein what
sequencethe tasksshouldbe performed,3) to performthe first two functionssoasto
addresshardconstraintsandbalancethesoft criteriaasspecifiedby theclient,8 and4)
to dothiscomputationin softrealtime(or interactivetime)sothatit canbeusedonline.

Meetingtheseobjectivesis anon-trivial problem.In general,theupper-boundonthe
numberof possibleschedulesfor a TÆMStaskstructurecontainingY actionsis given
in Equation1. Clearly, for any significanttaskstructurethebrute-strengthapproachof
generatingall possibleschedulesis infeasible– offline or online.This expressioncon-
tainscomplexity from two main sources.On the “planning” side,the schedulermust
considerthe(unordered)

Z A)[]\RQ differentalternativedifferentwaysto go aboutachiev-
ing thetop level task(for a taskstructurewith Y actions).On the“scheduling”side,the
schedulermustconsiderthe ^`_ differentpossibleorderingsof eachalternative,where^ is thenumberof actionsin thealternative.\a b ced f Y

N8g Nh_ (1)

In general,the typesof constraintspresentin TÆMS,andtheexistenceof interac-
tionsbetweentasks(andthedifferentQAFsthatdefinehow to achieveparticulartasks),
prevent a simple,optimal solutionapproach.DTC copeswith the high-ordercombi-
natoricsusing a batteryof techniques.Spaceprecludesdetaileddiscussionof these,
however, they aredocumentedin [23]. Fromaveryhigh level, thescheduleruses:

Criteria-Dir ectedFocusing Theclient’s goalcriteria is not simply usedto selectthe
“best” schedulefor execution,but is alsoleveragedto focusall processingactivities
on producingsolutionsandpartialsolutionsthataremostlikely to meetthetrade-
offs andlimits/thresholdsdefinedby thecriteria.

Approximation Scheduleapproximations,calledalternatives, areusedto provide an
inexpensive, but coarse,overview of the schedulesolutionspace.Onealternative
modelsonewayin whichtheagentcanachievethetop level task.Alternativescon-
tain a setof unorderedactionsandanestimationfor thequality, cost,andduration

8 Becausetheremaybealternative waysto performa giventask,andsomeof theoptionsmay
not have the sameassociateddeadlines,the scheduleractually balancesboth meetinghard
constraintsandthedesigncriteria.



characteristicsthatwill resultwhentheactionsaresequencedto form a schedule.
This, in conjunctionwith criteria-directedfocusingenablesDTC to addressthe
“planning” sidecomplexity.

Heuristic DecisionMaking To addressthe schedulingsidecomplexity, DTC usesa
supersetof thetechniquesusedin Design-to-Time[8], namelyaniterative,heuris-
tic, processof sequencingout the actionsin a givenalternative. Theseactionrat-
ing heuristicsrateeachactionandtheratings(in DTC) arestratifiedsothatcertain
heuristicsandconstraintsdominateothers.Theneteffectis areductionof the

Z AiYj_sQ
( k A)[ \ Q and l2AiY \ Q by Stirling’sApproximation)complexity to polynomiallevelsin
theworstcase.

Heuristic Err or Corr ection Theuseof approximationandheuristicdecisionmaking
hasa price– it is possibleto createschedulesthataresuboptimal,but, repairable.
A secondarysetof improvement[28,19] heuristicsactasa safetynet to catchthe
errorsthatarecorrectable.

The Design-to-Criteriaschedulingprocessfalls into the generalareaof flexible
computation[9], but differs from mostflexible computationapproachesin its useof
multiple actionsto achieve flexibility (oneexceptionis [10]) in contrastto anytimeal-
gorithms[4, 18,26].Wehavefoundthelackof restrictiononthepropertiesof primitive
actionsto beanimportantfeaturefor applicationin largenumbersof domains.Another
majordifferenceis thatin DTCwenotonly propagateuncertainty[27], but wecanwork
to reduceit whenimportantto theclient.DTC differsfrom its predecessor, Design-to-
Time[8], in many ways.Fromaclientperspective,however, themaindifferencesarein
its useof uncertainty, its ability to retargetprocessingat any trade-off function,andits
ability to copewith both“scheduling”and“planning” sidecombinatorics.

Design-to-Criteriais notwithout its limitations;whenadaptingtheDTC technology
for usein potentiallytimecritical domains,suchastheCEROSanti-submarinewarfare
informationgatheringtask,shown in Figure5, we encounteredaninterestingproblem.
Thesatisficingfocusingmethodologyusedin Design-to-Criterialeadsto poorsolutions
whencombinedwith harddeadlinesandcertainclassesof very large taskstructures.
Without delving into exhaustive detail, the problemis that in order to copewith the
high-ordercombinatoricsin theseparticularsituations,theschedulingalgorithmmust
prunescheduleapproximations,or alternatives,and develop only a subsetof these.
Hereinlies theproblem.

Alternativesareconstructedbottom-upfrom theleavesof thetaskhierarchyto the
top-level tasknode,i.e., the alternativesof a taskarecombinationsof the alternatives
for its sub-tasks.Figure6 shows thealternative setgenerationprocessfor a small task
structure.Alternativesaregeneratedfor theinterior tasksmon and mep , andthesealterna-
tivesarecombinedto producethealternativesetfor theroot task, m . Thecomplexity of
thealternativegenerationprocessis pronounced.A taskstructurewith Y actionsleadstoZ AN[]\%Q possiblealternativesat theroot level. We control this combinatorialcomplexity
by focusingalternative generationandpropagationon alternativesthataremostlikely
to resultin schedulesthat “best” satisficeto meettheclient’s goalcriteria;alternatives
thatarelessgoodat addressingthecriteriaareprunedfrom intermediatelevel alterna-
tivesets.For example,acriteriasetdenotingthatcertaintyaboutquality is animportant
issuewill resultin thepruningof alternativesthathavearelatively low degreeof quality
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Fig.6. Alternative SetsLeadto CumbersomeCombinatorics

certainty. After thealternative setfor thehigh-level taskis constructed,a subsetof the
alternativesareselectedfor scheduling.

For situationsin which thereis no overall harddeadline,or in which shorterdura-
tionsarealsopreferred,thefocusingmechanismworksasadvertised.However, in the
CEROS project,we arealsointerestedin meetingreal-timedeadlinesandotherhard
resourceconstraints(in contrastto thosethatarerelaxable),andoftenthesepreferences
arenotaccompaniedby ageneralpreferencefor low durationor low cost.In thesecases,
theproblemlies in makinga local decisionaboutwhichalternativesto propagate(atan
interior node)whenthedecisionhasimplicationsto the local decisionsmadeat other
nodes– thelocal decisionprocessesareinterdependentandthey interactovera shared
resource,e.g.,timeor money. Castingthediscussionin termsof Figure6: assumem has
anoveralldeadlineof 5 minutesand m n ’salternativesrequireanywherefrom 2 minutes



to 20 minutesto complete,and m p ’s alternativesaresimilarly characterized.Assume
thatquality is highly correlatedwith duration,thusthemoretime spentproblemsolv-
ing, thebettertheresult.If thecriteriaspecifiesmaximumquality within thedeadline,
the alternativespropagatedfrom mon to m will be thosethat achieve maximumquality
(andalsohave high duration).Likewisewith thealternativespropagatedfrom mep . The
resultingsetof alternatives, �E� at node m will containmemberscharacterizedby high
quality, but alsohighduration,andtheschedulerwill beunableto constructaschedule
thatmeetsthe harddeadline.Theoptimal solutionto this problemis computationally
infeasible( k��)[]\�� and l��iY \�� ) asit amountsto thegeneralschedulingproblembecause
of taskinteractionsandotherconstraints.

Two approximatesolutionsare possible.One approachis to preprocessthe task
structure,producingsmallalternativesetsateachnodethatcharacterizethelargeralter-
nativepopulationfor thatnode.Thenexaminingtherangesof alternativesateachnode
andheuristicallydecidingon anallocationor apportionmentof theoverall deadlineor
cost limitation to eachof the interior nodes.This local-view of the overall constraint
couldthenbeusedto focusalternativeproductionon thosethatwill leadto aroot-level
setthatmeetstheoverall constraint.Theotherapproach,which we have employed,is
to detectwhenthelocal-view of thedecisionprocessis problematicandin thosecases
samplefrom thepopulationof alternatives,producingasubsetthatexhibitssimilar sta-
tistical properties,andpropagatingthesealternatives.This leadsto a less-focusedset
of root level alternativesthantheprior approach,but it saveson theaddedpolynomial
level expenseof thefirst approach.

5 Conclusion,Future Work, and Limitations

Wehavediscussedaclassof issuesin DTC thatpertainto modelingandschedulingfor
hardandsoft temporalconstraints,resourceconstraints,and task interactions.Space
precludesa full enumerationof the differentaspectsof DTC that relateto addressing
resourcelimitations – the issueis ubiquitousto the designof the DTC algorithm,the
TÆMS modelingframework, andthe decisionsmadeby the DTC scheduler. From a
veryhighlevel,possiblythemostimportantfeaturesthatrelateto resourceboundedness
is thedetailedquantifiedview of actions,andtaskinteractions,affordedby theTÆMS
modelingframework. This, combinedwith the elementof choicepresentin TÆMS
families of plans,setsthe foundationfor DTC’s reasoningaboutthe implicationsof
failures,failing to acquireresources,andviolatinghardconstraints.

In termsof limitations, DTC’s approximatesolutionapproachis clearly not opti-
mal in many circumstances.As discussed,this is particularlytruewhenthealternative
setsmustbeseverelypruned(focused)to producesolutions.Additionally, in someap-
plications,in which only very specificsubsetsof the featuresaffordedby TÆMS are
employed,customschedulersmay do a betterjob of balancingthe differentconcerns
andfinding goodsolutions.In termsof optimality, it is difficult to comparetheperfor-
manceof DTC to optimalasfoundvia exhaustive generationsimply becauseit is not
feasibleto generateall possibleschedulesfor realistictaskstructures.Membersof our
grouparecurrentlyworkingon anMDP-basedTÆMSschedulingtool [17,24] andwe
planto measureDTC’s performanceon smallerapplicationsthroughthis tool.



It is important to note that thoughDTC takes greatpains to produceschedules
quickly, thescheduleris not hardreal time itself. We cannotmake performanceguar-
antees[15,20] for a given probleminstance,thoughit would be possibleto produce
suchguaranteesby classifyingsimilar taskstructuresandmeasuringschedulingperfor-
manceoffline. At issueis theconstraintspresentin anarbitraryTÆMStaskstructure.
For certainclassesof taskstructures,guaranteeswithout an in-depthpreclassification
arepossible.In practice,thescheduler(implementedin 50,000linesof C++) is fastand
capableof schedulingtaskstructureswith 20-40primitiveactionsin under7 secondson
a 600mhzPentiumIII machinerunningRedhatLinux 6.0.A samplingof applications
andruntimesareshown in Table1.

In the table, the first column identifiesthe probleminstance,the secondcolumn
identifiesthenumberof primitive actionsin thetaskstructure,thethird column(UB #
R-Alts) indicatesthe upperboundon the numberof root-level alternatives,the fourth
column identifiesthe upperboundon the numberof schedulespossiblefor the task
structure(“N/C” indicatesthat the valueis too large for the variableusedto compute
it). The fifth column (# Alts R / Total) identifiesthe numberof alternativesactually
producedduring the schedulingrun – the first numberis the numberof alternatives
producedat therootnoteandthesecondnumberis thetotalnumberof alternativespro-
ducedduringscheduling.Thefirst numberis comparableto theupper-boundsexpressed
in columnthree.Thesixth columnshows thenumberof schedulesactuallyproduced.
Thecolumnlabeled# D Combinesindicatesthenumberof distributioncombinationop-
erationsperformedduringscheduling– this is particularlyinformative becausenearly
all aspectsof the schedulingprocessinvolve probability distributions ratherthanex-
pectedvalues.Thelastthreecolumnspertainto thetimespent(in wholeseconds)doing
differentactivities, namelyproducingthesetof root-level alternatives,creatingsched-
ulesfrom the alternatives,andthe total schedulerruntime(which includessomefinal
sortingandotheroutput-relatedoperations).Duein partto thescheduler’suseof apar-
ticular setof clock functions,which are integer based,thereis no variancewhenthe
experimentsarerepeatedbecausethevariancepertainsto lessthanwholeseconds.

Mostof thetaskstructuresproduced15schedules– thisis thesystemdefault.When
fewerschedulesareproducedit indicatesthattherearenot sufficientalternativesat the
root level to producemoreschedules.Whenmorethan15 schedulesareproduced,it
indicatesthat the scheduler’s terminationcriteria wasnot met – generallycausedby
a largepercentageof zeroquality schedulesor by therebeingalternativesthatappear
betterthanany schedulesgeneratedthusfar per thedesigncriteria.Theschedulerwill
work beyond its presetnumberundertheseconditionsbut only to somemultiple of
thepreset.TheJIL translatedstructure,for example,containssomemodelingproblems
thatproducea very largenumberof zeroquality schedulesandDTC scheduledup to
4*15 andthenhaltedwith a smallsetof viableschedules.

With respectto schedulercomputationoverheadandonlineperformance,thetime
requiredto schedulethesetaskstructuresis reasonablegiventhat the grainsizeof the
structuresthemselvesis muchlargerthanthesecondsrequiredto performtheschedul-
ing operation(generally, scheduleroverheadis at most1% of the total runtimeof the
agent’s application).Thatbeingsaid,however, being“appropriatelyfast” is not neces-



sarily the long term objective andperformanceguaranteesandperformanceestimates
areimportantresearchavenuesfor thefuture.

Task # UB # # UB # Alts # Sched. # D T Prod. T Prod. T
Structure Methods R-Alts Schedules R / Total Prod. Combines Alts Sched.Total

SimplePlanTrip 10 1,023 9,864,100 53 / 91 15 8,686 0 1 1
HotWaterHeater1.0 6 63 1,956 45 / 108 19 7,831 0 1 2

DishWasher1.0 14 16,383 N/C 100/ 1018 15 47,136 0 1 2
IHomeRobot 186 2,147,483,647 N/C 50 / 665 15 46,140 0 2 3
Transportv0 9 511 986,409 48 / 167 15 13,032 0 1 1

BIG v1.2 26 67,108,863 N/C 50 / 4540 15 273,283 2 3 6
JIL translated 25 33,554,431 N/C 139/ 3526 60 334,393 2 3 7

Table1. SchedulerPerformanceonanAssortmentof DifferentApplications

Onepromisingareaof DTC relatedresearchis anoffline contingency analysistool
[17,24] that usesDTC to explorean approximationof the schedulespacefor a given
TÆMS taskstructure.The useof DTC asan oracleenablesthe contingency analysis
tool to copewith the combinatoricsof the generalschedulingproblem.The contin-
gency analysismethodologydeterminesthecriticality of failureswithin ascheduleand
for critical points,evaluatesthestatisticalcharacteristicsof theavailablerecovery op-
tions. The analysis,while expensive, is appropriatefor mission-criticalharddeadline
situationsin which a solution must be guaranteedby a particulartime. With DTC’s
approach,it is possibleto startdown a solutionpath(that is appealingeven with the
possibilityof failure)for which thereis no mid-streamrecoveryoptionthatwill enable
theagentto still producesomeresultby theharddeadline.DTC will alwaysrecoverand
find whatever optionsareavailable,but, becauseit doesnot plan for contingency and
recovery a priori , in harddeadlinesituationsin which solutionsmustbe guaranteed,
thereis somepossibilityof unrecoverablefailure.

DTC hasmany differentparametersettingsnotdiscussedhereandit canbemadeto
avoid failureif possible.However, while thiscoversacertainclassof thefunctionalities
offeredby thecontingency analysistool, the two arenot equivalent.Whereasthebest
DTC cando is avoid failureif possible,or work to minimizefailure,it canonly do this
for a singleline of control.Usingthecontingency analysistool, theagentcanselecta
high risk planof actionthatalsohassomepotentialof a high payoff, but, it canalso
reasona priori abouttheability to recover from a failureof theplan.While DTC can
beextremelyconservative, it cannotplanfor bothhigh-riskandrecoveryconcurrently.
The choicebetweenDTC andthe contingency analysisapproachis dependenton the
application.For online,responsivecontrolto unplannedevents,DTC is mostappropri-
ate.For mission-criticalsituationscombinedwith timefor a priori offline planning,the
contingency approachis mostappropriate.
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