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Abstract

Design-to-Criteriabuilds customschedulesfor agentsthat
meet hard temporalconstraints,hard resourceconstraints,
andsoft constraintsstemmingfrom soft taskinteractionsor
softcommitmentsmadewith otheragents.Design-to-Criteria
is designedspecificallyfor onlineapplication– it copeswith
exponentialcombinatoricsto producethesecustomschedules
in a resourceboundedfashion. This enablesagentsto re-
spondto changesin problemsolving or the environmentas
they arise.

Intr oduction
Complex autonomousagentsoperatingin open,dynamicen-
vironmentsmustbe ableto addressdeadlinesandresource
limitations in their problemsolving. This is partly due to
characteristicsof the environment, and partly due to the
complexity of theapplicationstypically handledby software
agentsin our research.In openenvironments,requestsfor
servicecanarriveat thelocalagentatany time,thusmaking
it difficult to fully plan or predict the agent’s future work-
load. In dynamicenvironments,assumptionsmadewhen
planningmay change,or unpredictedfailuresmay occur1.
In mostrealapplications,deadlinesor othertimeconstraints
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1This differs from statesthat are explicitly recognizedand
plannedfor [1] assoftwareagentsmay be requiredto performa
differentsetof tasks,aswell ashaving to reactto changesin the
environment.
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Figure 1: Modeling and Online Schedulingfor Real Time and
ResourceBoundedness

arepresenton the agent’s problemsolving [16, 8]. For ex-
ample,in an anti-submarinewarfareinformationgathering
application[3], there is a deadlineby which the mission
plannersrequirethe information. Resourcelimitationsmay
alsostemfrom agentshaving multipledifferenttasksto per-
form and having boundedresourcesin which to perform
them. Temporalconstraintsmay alsooriginatewith agent
interactions– in general,in orderfor agent� to coordinate
with agent � , the agentsrequiremutual temporalinforma-
tion sothatthey canplandownstreamfrom theinteraction.

In this paper, we focuson the issueof resourcebounded
agentcontrol. We usetheterm resourceboundedto denote
theexistenceof deadlinesandof otherconstraintslike cost
limitationsor applicationspecificresourcelimitations(e.g.,
limited network bandwidth).Whereit is importantto differ-
entiatehardandsoft deadlinesfrom theseotherconstraints,
wereferto themexplicitly.

For agentsto adaptrationally to their changingproblem
solvingcontext, whichincludeschangesin theenvironment2

andchangesto thesetof dutiesfor theagentto perform,they
mustbeableto:

1. Representor model the time andresourceconstraintsof
thesituationandhow suchconstraintsimpacttheir prob-
lemsolving.We believe thismustbedonein a quantified
fashionasdifferentconstraintshave differentdegreesof
effecton problemsolving.

2. Planexplicitly to addresstheresourcelimitations. In our
work, this may imply performinga differentsetof tasks,
usingalternatesolutionmethods,or trading-off different
resources(or quality),dependingon whatis available.

2Including resourcesuncontrollably becomingmore or less
constrained.For example,network latency increasingdueto some
activity otherthantheagent’s problemsolving.



3. Performthis planningonline – in the generalcase,this
implies� copingwith exponentialcombinatoricsonline in
soft realtime.

While the first two requirementsobviously follow from
the domain,the third requirementis lessobvious. Agents
mustbe ableto performreal time control problemsolving
online becauseof the dynamicsof the environment. If it
is difficult to predictthe future andthereis a possibilityof
failure,or new tasksarriving, agentswill, by necessity, have
to reactto new informationandreplanonline.

The Design-to-Criteria(DTC) agentschedulerand the
TÆMStaskmodelingframework areour tools for address-
ing these requirementsand achieving resource-bounded
agentcontrol (Figure1). TÆMS providesagentswith the
framework to representandreasonabouttheirproblemsolv-
ing processfrom a quantifiedperspective, including mod-
eling of interactionsbetweentasksandresourceconsump-
tion properties.Design-to-Criteriaperformsanalysisof the
processes(modeledin TÆMS) and decideson an appro-
priate courseof action for the agent given its temporal
andresourceconstraints.Design-to-Criteriaboth produces
resource-awareschedulesfor the agent,and,doesthis rea-
soningprocessonlinein a resourceboundedfashion.

While theoutputof Design-to-Criteriais real time in the
sensethattheschedulesaddresshardandsoftdeadlines,and
resourceconstraints,theschedulesarenothardrealtimeand
arenot fault tolerantin thesensethat they maycontainun-
certaintyandknown potentialfailurepoints. BecauseDTC
is appliedin domainswherefailure is expected,andmod-
eled,andreschedulingis expected,it mayoftenbeprudent
to choosea schedulethatcontainssomeprobabilityof fail-
ure,but, alsosomeprobabilityof higherreturns.The issue
of uncertainty, andits role in addressingharddeadlines,is
coveredin greaterdetaillater. For situationsin whichamid-
streamschedulefailure leadsto catastrophicsystem-wide
failure, we have developedan offline variant of DTC that
usescontingency analysis[17, 23] to explore andevaluate
recoveryoptionsfrom possiblefailurepoints.

Thispaperis organizedasfollows: in Sectionwepresent
TÆMSanddescribeits role in our domainindependentap-
proachto agentcontrol. In Section we describehow DTC
reasonsaboutthe agent’s context and makescontrol deci-
sionsto produceresourceboundedschedules.In Section,
DTC’sapproximateonlinesolutionstrategy is presentedand
in Sectionwediscusslimitations,openquestions,andfuture
work.

TÆMS Task Models
TÆMS (Task Analysis, EnvironmentModeling, and Sim-
ulation) [6] is a domainindependenttaskmodelingframe-
work usedto describeand reasonaboutcomplex problem
solving processes.TÆMS modelsareusedin multi-agent
coordinationresearch[24, 11] andarebeingusedin many
otherresearchprojects,including: cooperative-information-
gathering[14], hospitalpatient scheduling[5], intelligent
environments[13], coordinationof software process[12],
andothers[20]. Typically, in ourdomain-independentagent
architecture,a domain-specificproblemsolver or planner

translatesits problemsolvingoptionsin TÆMS,possiblyat
somelevel of abstraction,andthenpassestheTÆMSmod-
elson to agentcontrolproblemsolverslike themulti-agent
coordinationmodulesor the Design-to-Criteriascheduler.
The control problemsolversthendecideon an appropriate
courseof actionfor theagent,possiblyby coordinatingand
communicatingwith otheragents(thatalsoutilize thesame
controltechnologies).

TÆMS modelsare hierarchicalabstractionsof problem
solving processesthat describealternative waysof accom-
plishinga desiredgoal; they representmajor tasksandma-
jor decisionpoints,interactionsbetweentasks,andresource
constraintsbut they do not describethe intricatedetailsof
eachprimitiveaction.All primitiveactionsin TÆMS,called
methods, arestatisticallycharacterizedvia discreteprobabil-
ity distributionsin threedimensions:quality, costanddura-
tion. Quality is a deliberatelyabstractdomain-independent
conceptthatdescribesthecontributionof a particularaction
to overall problemsolving. Durationdescribesthe amount
of time that the actionmodeledby the methodwill take to
executeandcostdescribesthefinancialor opportunitycost
inherentin performingthe action. Uncertaintyin eachof
thesedimensionsis implicit in theperformancecharacteriza-
tion – thusagentscanreasonaboutthecertaintyof particular
actionsaswell astheirquality, cost,anddurationtrade-offs.
Theuncertaintyrepresentationis alsoappliedto taskinter-
actionslike enablement,facilitation andhinderingeffects,3

e.g.,“10% of the time facilitation will increasethe quality
by 5% and90% of the time it will increasethe quality by
8%.”

The quantificationof actionsandinteractionsin TÆMS
is not regardedasaperfectscience.Taskstructureprogram-
mersor problemsolvergeneratorsestimatetheperformance
characteristicsof primitive actions.Theseestimatescanbe
refinedover time throughlearningand reasonerstypically
replanandreschedulewhenunexpectedeventsoccur.

To illustrate, considerFigure 2, which is a conceptual,
simplifiedsub-graphof a taskstructureemittedby theBIG
[14] resourceboundedinformation gatheringagent; it de-
scribesa portionof the informationgatheringprocess.The
top-level taskis to constructproductmodelsof retailPCsys-
tems. It hastwo subtasks,Get-BasicandGather-Reviews,
both of which are decomposedinto actions, that are de-
scribed in terms of their expectedquality, cost, and du-
ration. The enablesarc betweenGet-Basicand Gather
is a non-local-effect (NLE) or task interaction; it models
the fact that the review gatheringactionsneedthe names
of productsin order to gather reviews for them. Other
task interactionsmodeledin TÆMS include: enablement,
facilitation, hindering, boundedfacilitation, disablement,
consumes-resource and limited-by-resource. Task interac-
tionsareimportantto schedulingbecausethey denotepoints
at which a taskmay be affected,eitherpositively or nega-

3Facilitation and hindering task interactionsmodel soft rela-
tionshipsin whicharesultproducedbysometaskmaybebeneficial
or harmfulto anothertask.In thecaseof facilitation,theexistence
of theresultgenerallyincreasesthequality of therecipienttaskor
reducesits costor duration.
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Figure2: ConceptualInformationGatheringTaskStructureof theBIG Agent

tively, by an outcomeelsewherein the taskstructure(or at
anotheragent).

Returning to the example, Get-Basic has two ac-
tions,joinedunderthesum()quality-accumulation-function
(QAF), which defineshow performingthe subtasksrelate
to performingthe parenttask. In this case,eitheractionor
both may be employed to achieve Get-Basic. The sameis
true for Gather-Reviews. The QAF for Build-PC-Product-
Objectsis a seqlast() which indicatesthatthetwo subtasks
mustbe performed,in order, andthat the quality of Build-
PC-Product-Objectsis determinedby theresultantqualityof
Gather-Reviews. Thereareninealternativewaysto achieve
the top-level goal in this particularsub-structure.4 In gen-
eral, a TÆMS task structurerepresentsa family of plans,
ratherthana singleplan,wherethe differentpathsthrough
the network exhibit different statistical characteristicsor
trade-offs. The processof decidingwhich tasks/actionsto
performis thusanoptimizationproblemratherthana satis-
factionproblem.

TÆMSalsosupportsmodelingof tasksthatarriveatpar-
ticular points in time, parallelism,individual deadlineson
tasks,earlieststarttimesfor tasks,andnon-localtasks(those
belongingto otheragents). In the developmentof TÆMS
therehasbeena constanttensionbetweenrepresentational
power andthe combinatoricsinherentin working with the
structure. The result is a model that is non-trivial to pro-
cess,coordinate,andschedulein any optimal sense(in the
generalcase),but alsoonethatlendsitself to flexible andap-
proximateprocessingstrategies.Thiselementof choiceand
flexibility is leveragedboth in designingresource-bounded
schedulesfor agentsandin performingonlineschedulingin
a resourceboundedfashion.

4While it might appearper the seqlast() QAF that thereare
only two possibleresultantquality distributions,theenablesinter-
actionbetweenBuild andGatheraffectsthepossiblequalityvalues
for Gather.

Modeling and Reasoningabout Temporal and
ResourceConstraints

TÆMS tasksmay have both soft andhardconstraintsthat
mustbeconsideredwhenscheduling.In termsof hardtem-
poral constraints,any TÆMS task may have a hard dead-
line, by which somequality mustbeproduced(or it is con-
sidereda failure), as well as an earliest-start-time,before
which the taskmay not be performed(or zeroquality will
result). Thesehardconstraintsmayalsobe causedby hard
commitments5 madewith other agentsor hard delaysbe-
tweentaskinteractions.Theconstraintsmayalsobe inher-
ited from nodeshigher in the structure– thusa client may
specifya harddeadlineon theBuild-PCtaskthatappliesto
all subtasks,or a deadlinemay be specifiedon the process
of Gathering-Reviews. If multiple temporalconstraintsare
present,the tightestor mostconservative interpretationap-
plies.

Recallthatactionsin TÆMSarecharacterizedusingdis-
creteprobability distributions. Becausedurationsmay be
uncertain,and becauseactionsare sequencedin a linear
fashion,6 theimplicationof durationuncertaintyis thatthere
is generallyuncertaintyin boththestartandfinish timesof
tasks– even tasksthat do not have durationuncertaintyof
theirown. WheneachTÆMSactionis addedto a schedule,
or consideredfor aparticularschedulepoint,adatastructure
calledascheduleelementis createdandthestart,finish,and
durationdistributionsfor thescheduleelementarecomputed
asa functionof thecharacteristicsof thepreviousschedule
elementandtheactionbeingscheduled.Theconstraintsas-
sociatedwith theaction(andhigherlevel task)arethenex-
aminedandcomparedto thecharacteristicsthatwill resultif
theactionis performedat the“current” time or point in the
schedule.

One approachfor determiningwhetheror not a given
actionwill violate a harddeadline,for example,is to look

5In contrastto commitmentsthataresoft or relaxable,possibly
throughadecommitmentpenaltymechanism.

6While DTC supportsschedulingof specializedparallelactivi-
ties,evenwhenactivitiesarescheduledin parallel,they mayinherit
uncertaintyfrom prior activities.
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Figure3: ReflectingProbabilityof MissingDeadlinein MethodQuality

at somesingle statistic (median,mean,max, min) of the
action and to comparethat statistic to the deadline,e.g.,6	798;:=<?>A@B8C7D6�@E6�F?G H�6�:=<C8I>AJ�H�6�KL@NMPO�ORQSGT>VUXW WA<?>VWAYZ6�@N<C8I>AJ[H	6�KL@NM�ODO
H
GD<\@^]C6�KLY >AH
<?W

. This approachis usedduring someof the
approximation processesof the scheduling algorithm.
Another reasonableapproachis to compute the proba-
bility that the action will violate its hard constraintand
comparethe probability to a predeterminedthreshold,e.g.,_a`b_ UV8A7D6�@N6	F?G H�6�:=<C8I>AJ[H	6�KL@ M OcQSGD>AUXW WA<\>AWAY 6�@N<C8I>AJ[H	6�KX@ M O�Oed
6	7 _ Qaf�GDUL<LF?GDKLY WAgRH�Gh<?@i]C6�KjY >AH�<\W

.
However, TÆMS providesus with a bettertool for rea-

soningaboutconstraintviolation. Becausezeroquality re-
flectsfailure,andin TÆMS an actionthat violatesits hard
deadlineproduceszero quality, we can reasonabout the
probabilitythatagivenactionviolatesits harddeadlinesim-
ply by reflectingsaidprobability in the quality distribution
of the actionandthentreatingit like any otherTÆMS ac-
tion.7 Enforcingharddeadlineconstraintsontheagent’sen-
tire process(analogousto imposinga deadlineon the task
structureroot) is handledin the sameway. For example,
asshown in Figure3, if kml hasa 10% chanceof exceed-
ing its deadline(and thus failing), the densitiesof all the
membersof its quality distribution are multiplied by 90%
(thus re-weightingthe entire distribution) and a new den-
sity / value pair is addedto the distribution to reflect the
10% chanceof returninga result after the deadline. The
leftmosthistogramdescribesk l ’s expectedfinish time, the
middlehistogramdescribesknl ’s unmodifiedquality distri-
bution, and the rightmostfigure shows the modified qual-
ity distributionafterre-weightingandmergingwith thenewo�pjqDrtsuqwvIxzyh{�|�}
~E�

pair. Throughthis solutionapproach,the
schedulermayactuallyselectacourseof actionfor theagent
thathassomeprobabilityof failure,however, theprobabil-
ity of failureis reflecteddirectly in solutionqualitysothatif
therisk is notworthwhile(relativeto theothersolutionpaths
availableto the agent)it will not be taken. In otherwords,
a pathcontaininga possibledeadlineviolation will only be
chosenif it hasa higherquality thanthe othersolutionson
anexpectedvaluebasis.

On thesurface,this modelis not appropriatefor hardreal
timeapplicationsin which thefailureof theactionresultsin
nosolutionfor theagent.However, if this is thecase,theac-

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

tion will serveakey role in thetaskstructureor will interact
with (e.g.,enable)otheractionsin thestructureandthusthe
failurewill result in the quality of the affectedactionsalso
beingdecreasedandfurtherlowersolutionquality. Theview
presentedhere,if modeledappropriately, givesthescheduler
a verypowerful tool for reasoningabouttheimplicationsof
possiblefailuresandtheir impacton overall problemsolv-
ing.

In addition to hard temporal constraints,TÆMS also
modelshardresourceconstraints.For example,agiventask
may requirethe useof a network connectionand without
this connection,the task may producezero quality (fail).
In TÆMS, the effectsof resourceconstraintsaremodeled
using a limits NLE from the resourceto the task where
theNLE describesa multiplier relationshipbetweenthere-
sourceandthetask.For example,runningout of a resource
maycausethetaskto take1.5 timesaslong to execute,or it
maycausethe quality to decreaseby 50%,or it may cause
thecostto increase,or it maysimply causefailure. As with
violatinga hardtemporalconstraint,if a resourceconstraint
causesactionfailure, it is reflectedin the quality of the ac-
tion andany actionsor tasksthatareacted-upon(e.g.,by an
enablesfrom theaffectedaction)will alsohave their quali-
tiesadjustedto reflecttheeffectsof theresourceproblem.

Soft constraintsin TÆMStake the form of soft commit-
mentsmadewith otheragentsandsoft interactionsbetween
tasks. For example, if task � facilitates � , performing �
before � will positively affect � , possiblyby shorting � ’s
duration,but thefacilitationdoesnotneedto beleveragedto
performeithertask.Whenschedulingfor softconstraintsas-
sociatedwith actions,theschedulerattemptsto utilize them
whenpossible(or avoid the in the caseof a soft negative
interaction,e.g.,hinders). However, whenever a soft con-
straintis violated,eitheron thepositiveor negativeside,the
quality distributionsof the involvedactionsaremodifiedto
reflect the situationand thus the schedulercan againrea-
sondirectly aboutthe impactof constraintviolation on the
agent’sprocess.

The scheduleralso supportssoft constraintson overall
problemsolving. In additionto settinghardtemporalcon-
straints, the schedulerclient may specify an overall soft
deadline,soft costlimit, or soft quality requirement.These
soft constraintsaremembersof a packageof client prefer-
encescalleddesigncriteria thatdescribesfor thescheduler
theclient’s objective function. Theschedulerthenworksto
producea schedule(or setof schedules)to suit the client’s
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Figure4: DifferentSchedulesfor DifferentClients

needs. The criteria mechanismis soft because,due to the
combinatoricsof reasoningaboutTÆMStaskstructures,it
is oftendifficult to predictwhattypesof solutionsarepossi-
ble. Instead,the client describesthedesiredsolutionspace
in termsof relaxable,relative, designcriteria (in quality,
cost,duration,uncertaintyin eachdimension,andlimits and
thresholdson these)andtheschedulermakestrade-off deci-
sionsasneededto bestaddresstheclient’sneeds.Thecrite-
ria metaphoris basedonimportanceslidersfor quality, cost,
duration,limits andthresholdson these,andcertainin each
of thesedimensions.The metaphor, the formal mathemat-
ics of the criteria mechanism,andthe scheduler’s trade-off
computationshavebeenfully documentedin [22, 21].

Let usrevisit BIG’sprocess,shown in Figure2, andillus-
trate DTC’s creationof custom,resourcebounded,sched-
ulesandtherole of taskinteractionin modelingtheeffects
of failure.EventhissimpletaskstructuregivesDTC roomto
adaptBIG’sproblemsolving.Figure4 showsthreedifferent
schedulesconstructedfor differentBIG clientsthathavedif-
ferentobjectives.For brevity, thedetaileddistributionsasso-
ciatedwith eachactionareomitted,however, theaggregate
schedulestatisticsare shown. ScheduleA is constructed
for a client that hasboth time andfinancial resources– he
or sheis simply interestedin maximizing overall solution
quality. ScheduleB is constructedfor a client that wants
a free solution. ScheduleC meetsthe needsof a client in-
terestedin maximizingquality while meetinga harddead-
line of 6 minutes.NotethatscheduleC is actuallypreferred
overa schedulethat includesactionQuery-and-Extract-PC-
Connectioneven thoughsaidactionhasa higherexpected
quality than Query-and-Extract-PC-Mall. This is because
the PC-Connectionaction also hasa higherprobability of
failure.Becauseof theenablesNLE from thetaskof getting
productinformationto retrieving reviews,thishigherproba-
bility of failurealsoimpactstheprobabilityof beingableto
querytheConsumer’ssitefor areview. Thus,thoughthelo-
cal choicewould beto preferPC-ConnectionoverPC-Mall

for this criteria, theaggregateeffectsleadto a differentde-
cision. Note alsothat scheduleC alsoexceedsits deadline
10%of thetime. Thedeadlineover-runandtheenablement
from PC-Mall contributeto theprobabilityof failureexhib-
ited by theschedule(probabilityof returninga zeroquality
result),i.e., Consumer’s fails 25%of the time without con-
sideringtheseotherconstraints.Whenconsideringtheother
constraints,probabilityof failureis: (((25%* .90)+ 10%)*
.90)+ 10%= 39.25%.

Online Scheduling- Coping with Exponential
Combinatorics

As TÆMS task structuresmodel a family of plans, the
DTC schedulingproblemhasconceptuallycertaincharac-
teristicsin commonwith planningandcertaincharacteris-
tics of moretraditionalschedulingproblems,andit suffers
from pronouncedcombinatoricson bothfronts. Thesched-
uler’s functionis to readasinputaTÆMStaskstructure(or
asetof taskstructures)andto 1) decidewhichsetof tasksto
perform,2) decidein whatsequencethetasksshouldbeper-
formed,3) to performthefirst two functionssoasto address
hardconstraintsandbalancethesoft criteriaasspecifiedby
theclient,8 and4) to dothiscomputationin soft realtime(or
interactivetime)sothatit canbeusedonline.

Meetingtheseobjectivesis a non-trivial problem.In gen-
eral, the upper-boundon the numberof possibleschedules
for a TÆMStaskstructurecontaining� actionsis given in
Equation1. Clearly, for any significanttask structurethe
brute-strengthapproachof generatingall possibleschedules
is infeasible– offline or online. This expressioncontains
complexity from two mainsources.On the“planning” side,
theschedulermustconsiderthe(unordered)� o)�3�E�

different

8Becausetheremaybealternativewaysto performagiventask,
andsomeof the optionsmay not have the sameassociateddead-
lines,thescheduleractuallybalancesbothmeetinghardconstraints
andthedesigncriteria.



alternativedifferentwaysto goaboutachieving thetoplevel
task(for a taskstructurewith � actions).On the“schedul-
ing” side,theschedulermustconsiderthe ��� differentpos-
sible orderingsof eachalternative, where � is the number
of actionsin thealternative.�� �  X¡ ¢ � |�£ | � (1)

In general,thetypesof constraintspresentin TÆMS,and
the existenceof interactionsbetweentasks(andthe differ-
ent QAFs that definehow to achieve particulartasks),pre-
venta simple,optimal solutionapproach.DTC copeswith
thehigh-ordercombinatoricsusinga batteryof techniques.
Spaceprecludesdetaileddiscussionof these,however, they
aredocumentedin [22]. Froma very high level, thesched-
uler uses:

Criteria-Dir ectedFocusing Theclient’sgoalcriteriais not
simply usedto selectthe “best” schedulefor execution,
but is alsoleveragedto focusall processingactivities on
producingsolutionsand partial solutionsthat are most
likely to meetthetrade-offs andlimits/thresholdsdefined
by thecriteria.

Approximation Scheduleapproximations,called alterna-
tives, are used to provide an inexpensive, but coarse,
overview of theschedulesolutionspace.Onealternative
modelsoneway in which the agentcanachieve the top
level task.Alternativescontaina setof unorderedactions
andanestimationfor thequality, cost,anddurationchar-
acteristicsthatwill resultwhentheactionsaresequenced
to form a schedule. This, in conjunctionwith criteria-
directedfocusingenablesDTC to addressthe“planning”
sidecomplexity.

Heuristic DecisionMaking To addresstheschedulingside
complexity, DTC usesa supersetof the techniquesused
in Design-to-Time[8], namelyaniterative,heuristic,pro-
cessof sequencingout the actionsin a givenalternative.
Theseactionratingheuristicsrateeachactionandtherat-
ings (in DTC) arestratifiedso thatcertainheuristicsand
constraintsdominateothers.Theneteffect is a reduction
of the � o �¤� � ( ¥ o¦�§�h�

and ¨ o � � �
by Stirling’s Approxima-

tion) complexity to polynomiallevelsin theworstcase.

Heuristic Err or Corr ection Theuseof approximationand
heuristicdecisionmakinghasa price – it is possibleto
createschedulesthat aresuboptimal,but, repairable. A
secondarysetof improvement[27, 19] heuristicsactasa
safetynetto catchtheerrorsthatarecorrectable.

The Design-to-Criteriaschedulingprocessfalls into the
generalareaof flexible computation[9], but differs from
mostflexible computationapproachesin its useof multiple
actionsto achieve flexibility (oneexceptionis [10]) in con-
trastto anytimealgorithms[4, 18, 25]. We have found the
lack of restrictionon the propertiesof primitive actionsto
be an importantfeaturefor applicationin largenumbersof
domains. Anothermajor differenceis that in DTC we not
only propagateuncertainty[26], but we canwork to reduce
it when importantto the client. DTC differs from its pre-
decessor, Design-to-Time[8], in many ways. From a client

perspective, however, the main differencesarein its useof
uncertainty, its ability to retargetprocessingat any trade-off
function,andits ability to copewith both“scheduling”and
“planning” sidecombinatorics.

Design-to-Criteriais not without its limitations; when
adaptingtheDTC technologyfor usein potentiallytimecrit-
ical domains,suchastheCEROSanti-submarinewarfarein-
formationgatheringtask,shown in Figure5,weencountered
an interestingproblem. The satisficingfocusingmethodol-
ogyusedin Design-to-Criterialeadsto poorsolutionswhen
combinedwith hard deadlinesand certainclassesof very
large task structures. Without delving into exhaustive de-
tail, theproblemis that in orderto copewith thehigh-order
combinatoricsin theseparticularsituations,the scheduling
algorithmmustprunescheduleapproximations,or alterna-
tives,and develop only a subsetof these. Herein lies the
problem.

Alternativesareconstructedbottom-upfrom theleavesof
the taskhierarchyto the top-level tasknode,i.e., the alter-
nativesof a taskarecombinationsof thealternativesfor its
sub-tasks.Figure6 showsthealternativesetgenerationpro-
cessfor a small taskstructure. Alternativesaregenerated
for the interior tasks ©«ª and ©­¬ , and thesealternativesare
combinedto producethealternativesetfor theroot task, © .
Thecomplexity of thealternativegenerationprocessis pro-
nounced. A task structurewith � actionsleadsto �¯® � �±°
possiblealternativesat theroot level. We control this com-
binatorialcomplexity by focusingalternativegenerationand
propagationon alternativesthat aremost likely to result in
schedulesthat“best” satisficeto meettheclient’sgoalcrite-
ria; alternativesthatarelessgoodat addressingthe criteria
areprunedfrom intermediatelevel alternative sets.For ex-
ample,a criteriasetdenotingthatcertaintyaboutquality is
an importantissuewill result in the pruningof alternatives
thathave a relatively low degreeof quality certainty. After
the alternative set for the high-level task is constructed,a
subsetof thealternativesareselectedfor scheduling.

For situationsin which thereis no overall harddeadline,
or in whichshorterdurationsarealsopreferred,thefocusing
mechanismworks asadvertised. However, in the CEROS
project,wearealsointerestedin meetingreal-timedeadlines
andotherhardresourceconstraints(in contrastto thosethat
arerelaxable),andoftenthesepreferencesarenotaccompa-
nied by a generalpreferencefor low durationor low cost.
In thesecases,the problemlies in makinga local decision
aboutwhich alternativesto propagate(at an interior node)
when the decisionhas implications to the local decisions
madeat othernodes– the local decisionprocessesare in-
terdependentandthey interactover a sharedresource,e.g.,
time or money. Castingthediscussionin termsof Figure6:
assume© hasanoverall deadlineof 5 minutesand © ª ’s al-
ternativesrequireanywherefrom 2 minutesto 20minutesto
complete,and ©­¬ ’s alternativesaresimilarly characterized.
Assumethatquality is highly correlatedwith duration,thus
the moretime spentproblemsolving, the betterthe result.
If the criteria specifiesmaximumquality within the dead-
line, thealternativespropagatedfrom ©«ª to © will be those
thatachievemaximumquality(andalsohavehighduration).
Likewisewith thealternativespropagatedfrom © ¬ . There-
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Figure5: PartialTÆMSTaskStructurefor GatheringandProcessingASW MissionInformation
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Figure6: Alternative SetsLeadto CumbersomeCombinatorics

sultingsetof alternatives, »�¼ at node © will containmem-
berscharacterizedby high quality, but also high duration,
andtheschedulerwill beunableto constructaschedulethat
meetstheharddeadline.Theoptimalsolutionto this prob-
lem is computationallyinfeasible( ¥ ® �§� ° and ¨�® � � ° ) as it
amountsto thegeneralschedulingproblembecauseof task
interactionsandotherconstraints.

Two approximatesolutionsare possible. One approach
is to preprocessthe taskstructure,producingsmallalterna-
tive setsat eachnodethat characterizethe larger alterna-
tive populationfor that node. Then examining the ranges
of alternativesat eachnodeandheuristicallydecidingon an
allocationor apportionmentof the overall deadlineor cost
limitation to eachof the interior nodes.This local-view of
the overall constraintcould then be usedto focus alterna-
tive productionon thosethat will lead to a root-level set
thatmeetstheoverallconstraint.Theotherapproach,which
we have employed, is to detectwhenthe local-view of the
decisionprocessis problematicand in thosecasessample
from thepopulationof alternatives,producinga subsetthat
exhibits similar statisticalproperties,andpropagatingthese
alternatives.This leadsto a less-focusedsetof root level al-
ternativesthantheprior approach,but it saveson theadded

polynomiallevel expenseof thefirst approach.

Conclusion,Future Work, and Limitations
We have discusseda classof issuesin DTC that pertainto
modelingand schedulingfor hard and soft temporalcon-
straints,resourceconstraints,and task interactions. Space
precludesafull enumerationof thedifferentaspectsof DTC
that relateto addressingresourcelimitations – the issueis
ubiquitousto the designof the DTC algorithm,the TÆMS
modelingframework, and the decisionsmadeby the DTC
scheduler. From a very high level, possiblythe most im-
portantfeaturesthat relateto resourceboundednessis the
detailedquantifiedview of actions,and task interactions,
afforded by the TÆMS modelingframework. This, com-
binedwith theelementof choicepresentin TÆMSfamilies
of plans,setsthefoundationfor DTC’s reasoningaboutthe
implicationsof failures,failing to acquireresources,andvi-
olatinghardconstraints.

In termsof limitations, DTC’s approximatesolutionap-
proachis clearly not optimal in many circumstances.As
discussed,this is particularlytrue whenthe alternative sets
mustbeseverelypruned(focused)to producesolutions.Ad-
ditionally, in someapplications,in which only very specific



subsetsof the featuresafforded by TÆMS are employed,
custom½ schedulersmaydo a betterjob of balancingthedif-
ferentconcernsandfindinggoodsolutions.In termsof opti-
mality, it is difficult to comparetheperformanceof DTC to
optimalasfoundvia exhaustivegenerationsimplybecauseit
is not feasibleto generateall possibleschedulesfor realistic
taskstructures.Membersof ourgrouparecurrentlyworking
on an MDP-basedTÆMS schedulingtool [17, 23] andwe
planto measureDTC’sperformanceonsmallerapplications
throughthis tool.

It is importantto notethat thoughDTC takesgreatpains
to produceschedulesquickly, thescheduleris not hardreal
time itself. We cannotmake performanceguarantees[15]
for a given probleminstance,thoughit would be possible
to producesuchguaranteesby classifyingsimilar taskstruc-
turesandmeasuringschedulingperformanceoffline. At is-
sue is the constraintspresentin an arbitrary TÆMS task
structure.For certainclassesof taskstructures,guarantees
without an in-depthpreclassificationarepossible. In prac-
tice, the scheduler(implementedin 50,000lines of C++)
is fastandcapableof schedulingtaskstructureswith 20-40
primitive actionsin under7 secondson a 600mhzPentium
III machinerunningRedhatLinux 6.0.A samplingof appli-
cationsandruntimesareshown in Table1.

In the table, the first column identifiesthe problemin-
stance,thesecondcolumnidentifiesthenumberof primitive
actionsin thetaskstructure,thethird column(UB # R-Alts)
indicatestheupperboundon thenumberof root-level alter-
natives,thefourth columnidentifiestheupperboundon the
numberof schedulespossiblefor the taskstructure(“N/C”
indicatesthat the valueis too large for the variableusedto
computeit). Thefifth column(# AltsR/ Total) identifiesthe
numberof alternativesactuallyproducedduringtheschedul-
ing run – thefirst numberis thenumberof alternativespro-
ducedat the root note and the secondnumberis the total
numberof alternativesproducedduringscheduling.Thefirst
numberis comparableto theupper-boundsexpressedin col-
umnthree.Thesixthcolumnshowsthenumberof schedules
actuallyproduced.Thecolumnlabeled# D Combinesindi-
catesthenumberof distributioncombinationoperationsper-
formedduring scheduling– this is particularlyinformative
becausenearlyall aspectsof theschedulingprocessinvolve
probability distributions ratherthan expectedvalues. The
last threecolumnspertainto the time spent(in whole sec-
onds)doingdifferentactivities,namelyproducingthesetof
root-level alternatives,creatingschedulesfrom the alterna-
tives,andthetotal schedulerruntime(which includessome
final sorting and other output-relatedoperations). Due in
part to thescheduler’s useof a particularsetof clock func-
tions, which are integer based,there is no variancewhen
the experimentsarerepeatedbecausethe variancepertains
to lessthanwholeseconds.

Most of the taskstructuresproduced15 schedules– this
is thesystemdefault. Whenfewerschedulesareproducedit
indicatesthat therearenot sufficient alternativesat theroot
level to producemoreschedules.Whenmorethan15sched-
ulesareproduced,it indicatesthat the scheduler’s termina-
tion criteriawasnot met – generallycausedby a largeper-
centageof zeroquality schedulesor by therebeingalterna-

tivesthatappearbetterthanany schedulesgeneratedthusfar
per thedesigncriteria. Theschedulerwill work beyond its
presetnumberundertheseconditionsbut only to somemul-
tiple of thepreset.TheJIL translatedstructure,for example,
containssomemodelingproblemsthatproducea very large
numberof zeroquality schedulesandDTC scheduledup to
4*15 andthenhaltedwith asmallsetof viableschedules.

With respectto schedulercomputationoverheadandon-
line performance,the time requiredto schedulethesetask
structuresis reasonablegiventhatthegrainsizeof thestruc-
turesthemselvesis muchlargerthanthesecondsrequiredto
performtheschedulingoperation(generally, schedulerover-
headis at most1% of the total runtimeof the agent’s ap-
plication). That beingsaid,however, being“appropriately
fast” is not necessarilythe long term objective andperfor-
manceguaranteesandperformanceestimatesareimportant
researchavenuesfor thefuture.

Onepromisingareaof DTC relatedresearchis anoffline
contingency analysistool [17, 23] thatusesDTC to explore
anapproximationof theschedulespacefor a givenTÆMS
task structure. The useof DTC as an oracleenablesthe
contingency analysistool to copewith the combinatorics
of thegeneralschedulingproblem.Thecontingency analy-
sismethodologydeterminesthecriticality of failureswithin
a scheduleand for critical points, evaluatesthe statistical
characteristicsof theavailablerecoveryoptions.Theanaly-
sis,while expensive, is appropriatefor mission-criticalhard
deadlinesituationsin which a solutionmustbe guaranteed
by a particulartime. With DTC’s approach,it is possible
to start down a solution path (that is appealingeven with
the possibility of failure) for which thereis no mid-stream
recovery option that will enablethe agentto still produce
someresultby theharddeadline.DTC will alwaysrecover
andfind whateveroptionsareavailable,but, becauseit does
notplanfor contingency andrecoverya priori , in harddead-
line situationsin which solutionsmustbeguaranteed,there
is somepossibilityof unrecoverablefailure.

DTC hasmany differentparametersettingsnot discussed
hereandit canbemadetoavoid failureif possible.However,
while thiscoversacertainclassof thefunctionalitiesoffered
by thecontingency analysistool, thetwo arenot equivalent.
Whereasthe bestDTC cando is avoid failure if possible,
or work to minimize failure, it can only do this for a sin-
gle line of control. Usingthecontingency analysistool, the
agentcanselectahighrisk planof actionthatalsohassome
potentialof a high pay off, but, it canalsoreasona priori
abouttheability to recoverfrom afailureof theplan.While
DTC canbeextremelyconservative, it cannotplanfor both
high-risk and recovery concurrently. The choicebetween
DTC andthecontingency analysisapproachis dependenton
theapplication.For online,responsivecontrol to unplanned
events,DTC is mostappropriate.For mission-criticalsitu-
ationscombinedwith time for a priori offline planning,the
contingency approachis mostappropriate.
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Anita Rajaalsodeservescreditfor pushingontheissueof
recovery in missioncritical environments.Herwork in con-
tingency analysisvia Design-to-Criteriaencourageda clear
distinctionbetweensituationsin which a deeperanalysisis
worthwhile or requiredand situationsin which online re-
sponsivenessis appropriate.
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