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Abstract. Design-to-Criterigbuilds customscheduledor agentghat meethard
temporalconstraints hard resourceconstraints,and soft constraintsstemming
from softtaskinteractionsor soft commitmentsnadewith otheragentsDesign-
to-Criteriais designedspecificallyfor online application— it copeswith expo-
nentialcombinatoricgo producethesecustomschedulesn a resourcebounded
fashion.This enablesagentso respondo changesn problemsolvingor the en-
vironmentasthey arise.

1 Intr oduction

Complec autonomousgentoperatingn open,dynamicernvironmentamustbe ableto
addressleadlinesandresourcdimitationsin their problemsolving.Thisis partly dueto
characteristicef the ervironment,andpartly dueto the compleity of theapplications
typically handledby softwareagentsn ourresearchln openervironmentsrequestgor
servicecanarrive atthelocal agentat ary time, thusmakingit difficult to fully planor
predicttheagents futureworkload.In dynamicervironmentsassumptionsnadewhen
planningmay change or unpredictedfailuresmay occuf. In mostreal applications,
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! This differs from statesthatare explicitly recognizedandplannedfor [1] assoftwareagents
may berequiredto performadifferentsetof tasks,aswell ashaving to reactto changesn the
ervironment.
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deadlinesor othertime constraintsare presenton the agents problemsolving [16, 8].
For example,in ananti-submarinavarfareinformationgatheringapplication[3], there
is a deadlineby which the missionplannersrequirethe information. Resourcdimita-
tions may alsostemfrom agentshaving multiple differenttasksto performandhaving
boundedesourcesn whichto performthem.Temporalconstraintsmay alsooriginate
with agentinteractions-in generaljn orderfor agents to coordinatewith agenta, the
agentgequiremutualtemporalinformationsothatthey canplandownstreanfrom the
interaction.

In this paper we focuson the issueof resourceboundedagentcontrol. We usethe
term resouce boundedto denotethe existenceof deadlinesand of other constraints
like costlimitations or applicationspecificresourcdimitations (e.g.,limited network
bandwidth).Whereit is importantto differentiatehard and soft deadlinesdrom these
otherconstraintsye referto themexplicitly.

For agentsto adaptrationally to their changingproblemsolving context, which
includeschangesn the ervironment andchangeso the setof dutiesfor the agentto
perform,they mustbeableto:

1. Represendr modelthetime andresourceonstraintof the situationandhow such
constraintdmpacttheir problemsolving. We believe this mustbe donein a quan-
tified fashionas differentconstraintshave differentdegreesof effect on problem
solving.

2. Planexplicitly to addresghe resourcelimitations. In our work, this may imply
performinga differentsetof tasks,usingalternatesolutionmethodsor trading-of
differentresourcegor quality), dependingon whatis available.

3. Performthis planningonline—in the generalcase this implies copingwith expo-
nentialcombinatoriconlinein softrealtime.

While the first two requirementobviously follow from the domain,the third re-
quirementis lessobvious. Agentsmustbe ableto performreal time control problem
solving online becausef the dynamicsof the ervironment.If it is difficult to predict
the future andthereis a possibility of failure, or new tasksarriving, agentswill, by
necessityhave to reactto new informationandreplanonline.

TheDesign-to-CriterigDTC) agentscheduleandthe TAEMStaskmodelingframe-
work areour toolsfor addressingheserequirement@&ndachieving resource-bounded
agentcontrol (Figure 1). TAEMS providesagentswith the framework to represenaind
reasonabouttheir problemsolving processfrom a quantifiedperspectie, including

2 Including resourcesincontrollablybecomingmoreor lessconstrainedFor example,network
lateng increasingdueto someactuity otherthantheagents problemsolving.
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modelingof interactionsbetweertasksandresourceconsumptiorproperties Design-
to-Criteriaperformsanalysisof the processe¢modeledin TAEMS) anddecideson an

appropriatecourseof actionfor the agentgivenits temporalandresourceconstraints.
Design-to-Criteridboth producesesource-arareschedule$or theagentand,doesthis

reasoningprocesonlinein aresourceéboundedashion.

While the outputof Design-to-Criterias real time in the sensethatthe schedules
addres$ardandsoftdeadlinesandresourceconstraintstheschedulesrenothardreal
time andarenotfaulttolerantin the sensehatthey maycontainuncertaintyandknown
potentialfailure points.BecauseéDTC is appliedin domainswherefailureis expected,
andmodeledandreschedulings expectedjt mayoftenbeprudento chooseaschedule
that containssomeprobability of failure, but, alsosomeprobability of higherreturns.
Theissueof uncertaintyandits role in addressindnarddeadlinesis coveredin greater
detaillater. For situationsin which a mid-streamscheduléfailure leadsto catastrophic
system-widdailure,we have developedanoffline variantof DTC thatusescontingeng
analysiq17,24] to exploreandevaluaterecovery optionsfrom possiblefailure points.

This paperis organizedasfollows: in Section2 we presentT £AMS and describe
its role in our domainindependenapproacho agentcontrol.In Section3 we describe
how DTC reasonsaboutthe agents context and makes control decisionsto produce
resourceboundedschedulesln Section4, DTC'’s approximateonline solutionstrateyy
is presente@ndin Section5 we discusdimitations,openquestionsandfuture work.

2 T/AEMS Task Models

TAMS (TaskAnalysis,EnvironmentModeling,and Simulation)[6] is a domaininde-
pendentaskmodelingframewnork usedto describeandreasoraboutcomplex problem
solvingprocessesl. A£MSmodelsareusedn multi-agentcoordinatiorresearchi25,11]
andarebeingusedin mary otherresearclprojectsjncluding: cooperatre-information
gathering14], hospitalpatientschedulind5], intelligenternvironmentg13], coordina-



tion of software procesq12], and others[21]. Typically, in our domain-independent
agentarchitecturea domain-specifiproblemsolver or plannertranslatests problem
solving optionsin TAMS, possiblyat somelevel of abstractionandthenpasseghe
TAMS modelson to agentcontrol problemsolverslik e the multi-agentcoordination
modulesor the Design-to-CriterisschedulerThe control problemsolversthendecide
on anappropriatecourseof actionfor the agent,possiblyby coordinatingandcommu-
nicatingwith otheragentgthatalsoutilize the samecontroltechnologies).

TAEMS modelsare hierarchicalabstraction®f problemsolving processeshat de-
scribealternatve waysof accomplishinga desiredgoal; they represenimajortasksand
major decisionpoints, interactionsbetweentasks,and resourceconstraintsbut they
do not describethe intricate detailsof eachprimitive action. All primitive actionsin
TAMS, calledmethodsarestatisticallycharacterizedia discreteprobability distribu-
tionsin threedimensionsguality, costandduration.Quality is a deliberatelyabstract
domain-independertonceptthat describeshe contritution of a particularactionto
overallproblemsolving.Durationdescribesheamountof time thattheactionmodeled
by the methodwill take to executeandcostdescribeghe financialor opportunitycost
inherentin performingthe action.Uncertaintyin eachof thesedimensionds implicit
in the performanceharacterizatior thusagentscanreasoraboutthe certaintyof par
ticular actionsas well astheir quality, cost,and durationtrade-ofs. The uncertainty
representatiors alsoappliedto taskinteractiondik e enablementfacilitation andhin-
deringeffects,? e.g.,"10% of thetime facilitationwill increasethe quality by 5% and
90%of thetimeit will increasehe quality by 8%

The quantificationof actionsandinteractiondn TAEMSis notregardedasa perfect
science.Task structureprogrammersor problemsolver generatorestimatethe per
formancecharacteristicef primitive actions.Theseestimatesanberefinedovertime
throughlearningandreasonergypically replanandreschedulevhenunexpectedevents
occur

To illustrate, considerFigure 2, which is a conceptual simplified sub-graphof a
taskstructureemittedby the BIG [14] resourceéboundednformationgatheringagent;
it describes portionof theinformationgatheringprocessThetop-level taskis to con-
structproductmodelsof retail PC systemslt hastwo subtasksGet-Basicand Gather
Reviews, bothof whicharedecomposeihto actions thataredescribedn termsof their
expectedquality, cost,andduration.The enablesarc betweenGet-Basicand Gatheris
a non-local-efect (NLE) or taskinteraction;it modelsthe factthatthe review gather
ing actionsneedthe namesof productsin orderto gatherreviews for them.Othertask
interactionsmodeledin TAMS include: enablementfacilitation, hindering bounded
facilitation, disablementconsumeseasouceandlimited-by-ilesouce Taskinteractions
areimportantto schedulingbecausehey denotepointsatwhich ataskmaybeaffected,
eitherpositively or negatively, by anoutcomeelsavherein thetaskstructure(or atan-
otheragent).

% Facilitationandhinderingtaskinteractionsnodelsoftrelationshipsn which aresultproduced
by sometask may be beneficialor harmful to anothertask. In the caseof facilitation, the
existenceof the resultgenerallyincreaseshe quality of the recipienttaskor reducests cost
or duration.



Returningto theexample,Get-Basithastwo actions joinedunderthesum()quality-
accumulation-functiofQAF), which defineshow performingthe subtaskselateto per
forming the parenttask.In this case eitheractionor bothmay be employedto achieve
Get-BasicThesameéstruefor GatherReviews. The QAF for Build-PC-Product-Objects
is a seqlast() which indicatesthat the two subtasksnustbe performed,in order, and
that the quality of Build-PC-Product-Objects determinedby the resultantquality
of GatherReviews. There are nine alternatve waysto achieve the top-level goal in
this particularsub-structuré. In general,a TAMS task structurerepresents family
of plans,ratherthana single plan, wherethe differentpathsthroughthe network ex-
hibit differentstatisticalcharacteristicor trade-ofs. The processof decidingwhich
tasks/actionso performis thusanoptimizationproblemratherthana satisfactiorprob-
lem.

TAEMS alsosupportamodelingof tasksthatarrive at particularpointsin time, par
allelism,individual deadlinentasks earlieststarttimesfor tasks andnon-localtasks
(thosebelongingto otheragents)In the developmentof TAEMS therehasbeena con-
stanttensionbetweerrepresentationgdowverandthecombinatoricsnherentn working
with the structure.The resultis a modelthatis non-trivial to processcoordinate and
schedulein ary optimal sense(in the generalcase),but also one that lendsitself to
flexible andapproximateprocessingtrataies.This elementof choiceandflexibility is
leveragedbothin designingresource-boundeschedulegor agentsandin performing
onlineschedulingn aresourcéboundedashion.
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3 Modeling and Reasoningabout Temporal and Resource
Constraints

TAEMS tasksmay have both soft and hard constraintshat mustbe consideredvhen
schedulingIn termsof hard temporalconstraintsary TAMS taskmay have a hard
deadlinepy which somequality mustbeproducedor it is considered failure),aswell

4 While it mightappeapertheseqlast() QAF thatthereareonly two possibleresultaniguality
distributions, the enablesinteractionbetweenBuild and Gatheraffects the possiblequality
valuesfor Gather



asan earliest-start-timebeforewhich the taskmay not be performed(or zeroquality
will result). Thesehard constraintsmay also be causedby hard commitment$ made
with otheragentsr harddelaysbetweertaskinteractionsThe constraintanayalsobe
inheritedfrom nodeshigherin the structure- thusa client may specifya harddeadline
onthe Build-PCtaskthatappliesto all subtasksor a deadlinemay be specifiedon the
procesof Gathering-Reiews. If multiple temporalconstraintarepresentthetightest
or mostconsenative interpretatiorapplies.

Recallthat actionsin TAEMS are characterizedisingdiscreteprobability distribu-
tions.Becaus@urationamaybeuncertainandbecauseactionsaresequenceih alinear
fashion® theimplicationof durationuncertaintyis thatthereis generallyuncertaintyin
boththestartandfinish timesof tasks— eventasksthatdo nothave durationuncertainty
of their own. WheneachT A£MSactionis addedto a scheduleor consideredor a par
ticular schedulgoint,adatastructurecalleda scheduleelements createcandthe start,
finish, anddurationdistributionsfor the scheduleelementare computedasa function
of the characteristicef the previous scheduleslementandthe actionbeingscheduled.
Theconstraintassociateevith theaction(andhigherlevel task)arethenexaminedand
comparedo thecharacteristicthatwill resultif theactionis performedatthe“current”
time or pointin theschedule.

OneapproacHor determiningvhetheror notagivenactionwill violateaharddead-
line, for example,is to look at somesinglestatistic(medianmeanmax,min) of theac-
tion andto comparehatstatisticto thedeadlineg.g.,if (mean( finish_time( actions ))

> hard_deadline( action, ) )

then violated. This approachs usedduring someof the approximationprocessesf
the schedulingalgorithm. Anotherreasonabl@pproachis to computethe probability
thattheactionwill violateits hardconstraintandcomparethe probabilityto a predeter
minedthresholdge.g.,P = Pr( finish_time( action, ) > hard_deadline( action )).
if P > Thresholdp then violated.

However, TEEMSprovidesuswith abettertool for reasoningboutconstraintiola-
tion. Becauseeroquality reflectsfailure,andin TAEMS anactionthatviolatesits hard
deadlineproduceszeroquality, we canreasoraboutthe probability thata givenaction
violatesits harddeadlinesimply by reflectingsaidprobabilityin thequality distribution
of theactionandthentreatingit like ary otherTMSaction! Enforcingharddeadline
constrainton the agents entireprocesganalogougo imposinga deadlineon the task
structureroot) is handledin the sameway. For example,asshowvn in Figure 3, if M,
hasa 10% chanceof exceedingits deadline(andthusfailing), the densitiesof all the
memberf its quality distribution aremultiplied by 90% (thusre-weightingthe entire
distribution) anda new density/ valuepairis addedo thedistributionto reflectthe 10%
chanceof returninga resultafterthe deadline.The leftmosthistogramdescribes\f,’s

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

5 While DTC supportsschedulingof specializedparallel actiities, even when actiities are
scheduledn parallel,they mayinherit uncertaintyfrom prior actiities.

" ProfessoAlan Ganey, developerof a forerunnerto Design-to-CriteriaDesign-to-Tme, first
useda similar techniquein Design-to-Tme. The techniquepresentedherewasdevelopedin-
dependentlyn theDTC research.



expectedinish time, themiddle histogramdescribesV/,,'s unmodifiedquality distribu-

tion, andtherightmostfigure shavs the modifiedquality distribution afterre-weighting
andmerging with the new (10%, 0 quality) pair. Throughthis solutionapproachthe

schedulemayactuallyselecta courseof actionfor the agentthathassomeprobability
of failure,however, the probability of failureis reflecteddirectly in solutionquality so
thatif the risk is not worthwhile (relative to the other solution pathsavailableto the

agent)it will not betaken.In otherwords,a pathcontaininga possibledeadlineviola-

tionwill only bechoserif it hasahigherquality thantheothersolutionsonanexpected
valuebasis.

Onthesurface thismodelis notappropriatdor hardrealtime applicationsn which
thefailure of theactionresultsin no solutionfor theagent.However, if thisis the case,
theactionwill sene akey role in the taskstructureor will interactwith (e.g.,enable)
otheractionsin thestructureandthusthefailurewill resultin thequality of the affected
actionsalso being decreasednd further lower solution quality. The view presented
here,if modeledappropriatelygivesthe schedulesa very powerful tool for reasoning
abouttheimplicationsof possiblefailuresandtheirimpacton overall problemsolving.

In additionto hard temporalconstraints,TZ/EMS also modelshard resourcecon-
straints.For example,a given task may requirethe useof a network connectionand
withoutthis connectionthe taskmay producezeroquality (fail). In TEMS, the effects
of resourceconstraintsare modeledusinga limits NLE from the resourceto the task
wherethe NLE describesa multiplier relationshipbetweenthe resourceandthe task.
For example,running out of a resourcemay causethe taskto take 1.5 timesaslong
to execute,or it may causethe quality to decreasdy 50%, or it may causethe costto
increaseor it maysimply causdailure.As with violating a hardtemporalconstraintjf
aresourceconstrainttausesctionfailure, it is reflectedn the quality of theactionand
ary actionsor tasksthatare acted-upor(e.g.,by an enablesfrom the affectedaction)
will alsohave their qualitiesadjustedo reflectthe effectsof theresourceproblem.

Soft constraintsin TAEMS take the form of soft commitmentsmadewith other
agentsand soft interactionsbetweentasks.For example,if task o facilitates 3, per
forming o befores will positively affect 3, possiblyby shorting3’s duration,but the
facilitation doesnot needto be leveragedo performeithertask.Whenschedulingfor
soft constraintsassociatedvith actions,the schedulerattemptsto utilize themwhen
possible(or avoid thein the caseof a soft negative interactione.g.,hinders). However,
whenever a soft constraintis violated, eitheron the positive or negative side,the qual-
ity distributions of the involved actionsare modified to reflectthe situationandthus
the scheduleccanagainreasondirectly abouttheimpactof constraintviolation on the
agentsprocess.

The scheduleralso supportssoft constraintson overall problemsolving. In addi-
tion to settinghard temporalconstraintsthe schedulerclient may specify an overall
soft deadline,soft cost limit, or soft quality requirement.Thesesoft constraintsare
membersof a packageof client preferencegalled designcriteria that describedor
the scheduletthe client’s objective function. The scheduletthenworks to producea
schedulgor setof schedulesjo suit the client’s needsThe criteriamechanismis soft
becausedueto the combinatoricof reasoningaboutTAEMS taskstructuresit is often
difficult to predictwhattypesof solutionsarepossiblelnsteadtheclientdescribeghe



Schedule A - Client has no resource limitations, maximize quality.

Query-and-Extract-PC-Connection | Query-and-Extract-PC-Mall | Query-and-Process-ZDnet | Query-and-Process-Consumers

Quality distribution: (0 04 0.00)(0.22 20.00)(0.07 30.00)(0.66 50.00)

Expected value: 39.69

Probability q or greater: 0.66

Cost distribution: (1.00 2.00)

Expected value: 2.00

Probability ¢ or lower: 1.00

Finish time distribution: (0.02 9.00)(0.14 10.00)(0.03 10.50)(0.25 11.00)(0.03 11.50)(0.00 11.65)(0.30 12.00)(0.18 13.00)
(0.03 14.00)(0.02 15.00)

Expected value: 11.65

Probability d or lower: 0.47

Schedule B - Client interested in a free solution. Schedule C - Maximize quality while meeting hard deadline of 6min.
Q&E-PC-Connection | Q&E-PC-Mall | Q&P-ZDnet | Q&E-PC-Mall | Q&P.Consumersl

Quality dlstnbutlon (0 12 0.00)(0.88 20.00) Quality distribution: (0.39 0.00)(0.61 30.00)

Expected value: 17.6 Expected value: 18.23

Probability q or greater 0.88 Probability q or greater: 0.61

Cost distribution: (1.00 0.00) Cost distribution: (1.00 2.00)

Expected value: 0.00 Expected value: 2.00

Probability ¢ or lower: 1.00 Probability ¢ or lower: 1.00

Finish time distribution: (0.02 6.00)(0.02 6.50)(0.15 7.00)(0.03 7.50) Finish time distribution: (0.09 5.00)(0.09 5.50)(0.72 6.00)(0.01 7.00)

(0.28 8. 00)(0 04 8.50)(0.30 9.00)(0.02 9.50)(0.16 10.00) (0.01 7.50)(0.08 8.00)
Expected value: 8.4 Expected value: 6.05
Probability d or lower 0.49 Probability d or lower: 0.90

Fig. 4. DifferentSchedulegor DifferentClients

desiredsolutionspacein termsof relaxable relative, designcriteria (in quality, cost,
duration,uncertaintyin eachdimension,and limits and thresholdson these)and the
schedulemakestrade-of decisionsasneededo bestaddresghe client’'s needs.The
criteriametaphoris basedon importanceslidersfor quality, cost,duration,limits and
thresholdson these andcertainin eachof thesedimensionsThe metaphoythe formal
mathematicef thecriteriamechanismandtheschedulestrade-of computationhiave
beenfully documentedn [23,22].

Letusrevisit BIG'sprocessshavnin Figure2, andillustrateDTC's creationof cus-
tom,resourcéboundedscheduleandtherole of taskinteractionin modelingtheeffects
of failure.Eventhis simpletaskstructuregivesDTC roomto adaptBIG’s problemsolv-
ing. Figure4 shaws threedifferentschedulegonstructedor differentBIG clientsthat
have differentobjectives.For brevity, thedetaileddistributionsassociateavith eachac-
tion are omitted, however, the aggrejateschedulestatisticsare shovn. ScheduléA is
constructedor a clientthathasbothtime andfinancialresources- he or sheis simply
interestedn maximizingoverall solutionquality. ScheduleB is constructedor aclient
thatwantsa freesolution.ScheduleC meetgheneedsf aclientinterestedn maximiz-
ing quality while meetinga harddeadlineof 6 minutes NotethatscheduleC is actually
preferredover a schedulghatincludesaction Query-and-Extract-PC-Connectiemen
thoughsaidactionhasa higherexpectedquality thanQuery-and-Extract-PC-Malr his
is becausahe PC-Connectioractionalsohasa higherprobability of failure. Because
of the enabledNLE from the taskof gettingproductinformationto retrieving reviews,
this higher probability of failure also impactsthe probability of being ableto query
the Consumess site for a review. Thus, thoughthe local choicewould be to prefer
PC-Connectiomver PC-Mallfor this criteria, the aggreyateeffectsleadto a different
decision.Note also that scheduleC also exceedsits deadline10% of the time. The
deadlineover-run and the enablemenfrom PC-Mall contribute to the probability of



failure exhibited by the scheduleg(probability of returninga zero quality result),i.e.,
Consumess fails 25% of the time without consideringtheseother constraints When
consideringhe otherconstraintsprobability of failureis: (((25%* .90) + 10%)* .90)
+ 10%= 39.25%.

4 Online Scheduling- Coping with Exponential Combinatorics

As TAEMS taskstructureamodel a family of plans,the DTC schedulingproblemhas
conceptuallycertaincharacteristicen commonwith planningandcertaincharacteristics
of moretraditionalschedulingoroblems andit suffersfrom pronounceadombinatorics
onbothfronts. The schedules functionis to readasinputa TAEMStaskstructure(or a
setof taskstructuresjpndto 1) decidewhich setof tasksto perform,2) decidein what
sequencehe tasksshouldbe performed,3) to performthe first two functionssoasto
addressardconstraintsandbalancethe soft criteriaasspecifiedby the client® and4)
to dothis computatiorin softrealtime (or interactivetime) sothatit canbeusedonline.

Meetingtheseobjectivesis anon-trivial problem.In generaltheupperboundonthe
numberof possibleschedulegor a TAEMS taskstructurecontainingn actionsis given
in Equationl. Clearly, for ary significanttaskstructurethe brute-strengttapproactof
generatingall possiblescheduless infeasible— offline or online. This expressiorcon-
tainscompleity from two main sourcesOn the “planning” side, the schedulemust
considetthe (unordered)D (2") differentalternatve differentwaysto go aboutachies-
ing thetop level task(for ataskstructurewith n actions).Onthe“scheduling”side,the
schedulemustconsiderthe m! differentpossibleorderingsof eachalternatve, where
m is thenumberof actionsin thealternatve.

> () @
i=0

In generalthetypesof constraintgpresenin TAEMS, andthe existenceof interac-
tionsbetweenrtasks(andthedifferentQAFsthatdefinehow to achieve particulartasks),
prevent a simple, optimal solution approachDTC copeswith the high-ordercombi-
natoricsusing a battery of techniquesSpaceprecludesdetaileddiscussionof these,
however, they aredocumentedn [23]. Fromavery high level, thescheduleuses:

Criteria-Dir ectedFocusing Theclient’s goal criteriais not simply usedto selectthe
“best” scheduldor execution butis alsoleveragedo focusall processingctiities
on producingsolutionsandpartial solutionsthataremostlik ely to meetthetrade-
offs andlimits/thresholdslefinedby thecriteria.

Approximation Scheduleapproximationscalledalternatives areusedto provide an
inexpensve, but coarse pverview of the schedulesolutionspace Onealternatve
modelsoneway in whichtheagentcanachieve thetoplevel task.Alternativescon-
tain a setof unorderedhctionsandan estimationfor the quality, cost,andduration

8 Becausaheremay be alternatve waysto performa giventask,andsomeof the optionsmay
not have the sameassociatedleadlinesthe scheduleractually balanceshoth meetinghard
constraintandthedesigncriteria.



characteristicshatwill resultwhenthe actionsaresequencedo form a schedule.
This, in conjunctionwith criteria-directedfocusing enablesDTC to addresshe
“planning” sidecompleity.

Heuristic DecisionMaking To addresghe schedulingside complexity, DTC usesa
supersebf thetechniquesisedin Design-to-Tme[8], namelyaniterative, heuris-
tic, processf sequencingut the actionsin a given alternatve. Theseactionrat-
ing heuristicsrateeachactionandtheratings(in DTC) arestratifiedsothatcertain
heuristicsaandconstraintslominateothers Theneteffectis areductionof the O (n!)
(w(2™) ando(n™) by Stirling’s Approximation)complexity to polynomiallevelsin
theworstcase.

Heuristic Err or Corr ection The useof approximatiorandheuristicdecisionmaking
hasa price— it is possibleto createscheduleshatare suboptimalbut, repairable.
A secondansetof improvement[28, 19] heuristicsactasa safetynetto catchthe
errorsthatarecorrectable.

The Design-to-Criteriaschedulingprocessfalls into the generalareaof flexible
computation[9], but differs from mostflexible computationapproachedn its use of
multiple actionsto achieve flexibility (oneexceptionis [10]) in contrasto anytimeal-
gorithms[4, 18,26]. We have foundthelack of restrictionon the propertief primitive
actionsto beanimportantfeaturefor applicationin largenumbersf domains Another
majordifferencas thatin DTC we notonly propagateincertainty{27], but we canwork
to reduceit whenimportantto theclient. DTC differsfrom its predecesspbesign-to-
Time[8], in mary ways.Froma clientperspectie, however, themaindifferencesarein
its useof uncertaintyits ability to retaigetprocessingt ary trade-of function,andits
ability to copewith both“scheduling”and“planning” sidecombinatorics.

Design-to-Criterias notwithoutits limitations;whenadaptingheDTC technology
for usein potentiallytime critical domains suchasthe CEROS anti-submarinavarfare
informationgatheringtask,shown in Figure5, we encountere@ninterestingoroblem.
Thesatisficingfocusingmethodologysedin Design-to-Criterideadsto poorsolutions
whencombinedwith hard deadlinesand certainclassesf very large task structures.
Without delving into exhaustve detail, the problemis thatin orderto copewith the
high-ordercombinatoricdn theseparticularsituationsthe schedulingalgorithmmust
prune scheduleapproximationsor alternatves, and develop only a subsetof these.
Hereinliesthe problem.

Alternativesareconstructedottom-upfrom the leavesof the taskhierarchyto the
top-level tasknode,i.e., the alternativesof a taskarecombinationf the alternatves
for its sub-tasksFigure6 shows the alternatie setgeneratiorprocesdor a smalltask
structure Alternativesaregeneratedor theinterior tasksT; andTs, andthesealterna-
tivesarecombinedo producethealternatve setfor theroottask,T'. Thecomplexity of
thealternatvegeneratiorprocesss pronouncedA taskstructurewith n actiondeadsto
0(2™) possiblealternatvesat theroot level. We controlthis combinatorialcomplexity
by focusingalternative generatiorand propagatioron alternatvesthatare mostlikely
to resultin scheduleshat“best” satisficeto meetthe client’s goal criteria; alternatves
thatarelessgoodat addressindhe criteriaare prunedfrom intermediatdevel alterna-
tive setsFor example a criteriasetdenotingthatcertaintyaboutquality is animportant
issuewill resultin thepruningof alternatvesthathave arelatively low degreeof quality
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certainty After the alternatve setfor the high-level taskis constructeda subsebf the
alternatvesareselectedor scheduling.

For situationsin which thereis no overall harddeadlineor in which shorterdura-
tionsarealsopreferredthe focusingmechanisnworks asadwertised. However, in the
CEROS project,we are alsointerestedn meetingreal-timedeadlinesand otherhard
resourceonstraintgin contrasto thosethatarerelaxable) andoftenthesepreferences
arenotaccompanietly agenerapreferencdor low durationor low cost.In thesecases,
theproblemliesin makingalocal decisionaboutwhich alternativesto propagatéatan
interior node)whenthe decisionhasimplicationsto the local decisionsmadeat other
nodes- thelocal decisionprocesseareinterdependerdndthey interactoverashared
resourcee.g.,time or mongy. Castingthediscussionn termsof Figure6: assumé&” has
anoveralldeadlineof 5 minutesandT; 's alternatvesrequireanywherefrom 2 minutes



to 20 minutesto complete,andT3’s alternatvesare similarly characterizedAssume
thatquality is highly correlatedwith duration,thusthe moretime spentproblemsolv-
ing, the bettertheresult.If the criteriaspecifiesmaximumquality within the deadline,
the alternatvespropagatedrom 77 to 7' will bethosethat achieze maximumquality
(andalsohave high duration).Lik ewise with the alternatvespropagatedrom 75. The
resultingsetof alternatves, atnodeT will containmemberscharacterizedby high
quality, but alsohigh duration,andthe schedulewill beunableto constructaschedule
that meetsthe harddeadline. The optimal solutionto this problemis computationally
infeasible(w 2™ ando n™ ) asit amountgo the generalschedulingproblembecause
of taskinteractionsandotherconstraints.

Two approximatesolutionsare possible.One approachis to preprocesghe task
structure producingsmallalternatie setsateachnodethatcharacterizéhelargeralter
native populationfor thatnode.Thenexaminingthe range<f alternatvesat eachnode
andheuristicallydecidingon anallocationor apportionmenbf the overall deadlineor
costlimitation to eachof the interior nodes.This local-view of the overall constraint
couldthenbeusedto focusalternatve productionon thosethatwill leadto aroot-level
setthat meetsthe overall constraint.The otherapproachwhich we have employed, is
to detectwhenthelocal-view of the decisionprocesss problematicandin thosecases
samplefrom the populationof alternaties,producinga subsethatexhibits similar sta-
tistical propertiesand propagatinghesealternatves. This leadsto a less-focusedet
of rootlevel alternatvesthanthe prior approachbut it saveson the addedpolynomial
level expenseof thefirst approach.

5 Conclusion,Futur e Work, and Limitations

We have discussed classof issuesn DTC thatpertainto modelingandschedulingor
hard and soft temporalconstraintsyesourceconstraints and task interactions.Space
precludesa full enumeratiorof the differentaspectsof DTC thatrelateto addressing
resourcdimitations — the issueis ubiquitousto the designof the DTC algorithm,the
TAMS modelingframewnork, andthe decisionsmadeby the DTC schedulerFrom a
veryhighlevel, possiblythemostimportantfeatureghatrelateto resourcéooundedness
is the detailedquantifiedview of actions,andtaskinteractionsaffordedby the T/EMS
modeling framework. This, combinedwith the elementof choice presentin TAEMS
families of plans,setsthe foundationfor DTC’s reasoningaboutthe implications of
failures,failing to acquireresourcesandviolating hardconstraints.

In termsof limitations, DTC’s approximatesolution approachs clearly not opti-
malin mary circumstancesAs discussedthisis particularlytrue whenthe alternatve
setsmustbe severely pruned(focused)to producesolutions.Additionally, in someap-
plications,in which only very specificsubsetof the featuresaffordedby TAEMS are
employed, customschedulersnay do a betterjob of balancingthe differentconcerns
andfinding goodsolutions.In termsof optimality, it is difficult to comparethe perfor
manceof DTC to optimal asfound via exhaustie generatiorsimply becausét is not
feasibleto generatall possibleschedulegor realistictaskstructuresMembersof our
grouparecurrentlyworkingon anMDP-basedl EMS schedulingool [17,24] andwe
planto measurdTC'’s performancen smallerapplicationghroughthis tool.



It is importantto note that though DTC takes greatpainsto produceschedules
quickly, the scheduleiis not hardreal time itself. We cannotmake performanceguar
anteeq15,20] for a given probleminstance thoughit would be possibleto produce
suchguaranteeby classifyingsimilar taskstructureandmeasuringchedulingperfor
manceoffline. At issueis the constraintgresenin anarbitrary T/ EMS taskstructure.
For certainclasseof task structuresguaranteesvithout an in-depthpreclassification
arepossibleln practice theschedule(implementedn 50,000linesof C++)is fastand
capableof schedulingaskstructuresvith 20-40primitive actionsin under7 second®n
a 600mhzPentiumlll machinerunningRedhatLinux 6.0. A samplingof applications
andruntimesareshovn in Tablel.

In the table, the first columnidentifiesthe probleminstance the secondcolumn
identifiesthe numberof primitive actionsin the taskstructure the third column(UB #
R-Altg indicatesthe upperboundon the numberof root-level alternaties,the fourth
columnidentifiesthe upperboundon the numberof schedulegossiblefor the task
structure("N/C” indicatesthatthe valueis too large for the variableusedto compute
it). Thefifth column (# Alts R / Total) identifiesthe numberof alternatves actually
producedduring the schedulingrun — the first numberis the numberof alternatves
producedhttheroot noteandthe seconchumberis thetotal numberof alternatvespro-
ducedduringschedulingThefirst numberis comparabldo theupperboundsxpressed
in columnthree.The sixth columnshaws the numberof schedulesctuallyproduced.
Thecolumnlabeled# D Combinesndicategshenumberof distributioncombinatiorop-
erationsperformedduring scheduling- this is particularlyinformative becausenearly
all aspectof the schedulingprocessnvolve probability distributions ratherthan ex-
pectedvalues.Thelastthreecolumnspertainto thetime spent(in whole secondsjloing
differentactivities, namelyproducingthe setof root-level alternatves,creatingsched-
ulesfrom the alternatves,andthe total scheduleruntime (which includessomefinal
sortingandotheroutput-relatedperations)Duein partto the schedules useof a par
ticular setof clock functions,which are integer basedthereis no variancewhenthe
experimentsarerepeatedecausehe variancepertainsto lessthanwhole seconds.

Mostof thetaskstructureproducedl5 schedules-thisis thesystemdefault. When
fewer schedulesreproducedt indicatesthattherearenot suficient alternatvesat the
root level to producemore schedulesWhenmorethan 15 schedulesre produced,t
indicatesthat the scheduless terminationcriteria was not met — generallycausedoy
a large percentagef zeroquality schedule®r by therebeingalternatvesthat appear
betterthanary schedulegeneratedhusfar perthe designcriteria. The schedulemill
work beyond its presetnumberundertheseconditionsbut only to somemultiple of
thepresetTheJIL _translatedtructure for example,containssomemodelingproblems
that producea very large numberof zeroquality scheduleand DTC scheduledup to
4*15 andthenhaltedwith a smallsetof viable schedules.

With respecto schedulecomputationoverheadandonline performancethetime
requiredto scheduleghesetask structuress reasonablgiventhat the grainsizeof the
structureshemselesis muchlargerthanthe secondsequiredto performthe schedul-
ing operation(generally scheduleoverheads at most1% of the total runtime of the
agents application).Thatbeingsaid,however, being“appropriatelyfast” is not neces-



sarily the long term objective and performanceguaranteeand performancesstimates
areimportantresearclavenuedor thefuture.

Task # UB # #UB #Alts [|#Schedl #D |TProd{TProd] T

H Structure ‘Methodsi R-Alts ‘ScheduleL R/ Total | Prod. rCombinefL Alts 1 Sched TotaIH
SimplePlanTrip 10 1,023 19,864,100 53/91 15 8,686 0 1 1
HotWaterHeater1p 6 63 1,956 | 45/108 | 19 7,831 0 1 2
DishWasher1.0 | 14 16,383 N/C ]100/101§ 15 | 47,136| O 1 2
IHomeRobot 186 |2,147,483,64Ff NI/C 50/ 665 15 46,140 0 2 3
Transporiv0 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 [139/352§6 60 334,393 2 3 7

Table 1. SchedulePerformanc®n an Assortmenbf DifferentApplications

Onepromisingareaof DTC relatedresearchs anoffline contingenyg analysistool
[17,24] thatusesDTC to explore an approximationof the schedulespacefor a given
TAMS taskstructure.The useof DTC asan oracleenableghe contingenyg analysis
tool to copewith the combinatoricsof the generalschedulingproblem.The contin-
geng analysismethodologydetermineshe criticality of failureswithin a scheduleand
for critical points,evaluateshe statisticalcharacteristicef the availablerecovery op-
tions. The analysis,while expensve, is appropriatefor mission-criticalharddeadline
situationsin which a solution must be guaranteedy a particulartime. With DTC's
approachijt is possibleto startdown a solution path (thatis appealingeven with the
possibility of failure)for which thereis no mid-streanrecovery optionthatwill enable
theagento still producesomeresultby theharddeadlineDTC will alwaysrecoserand
find whatever optionsare available, but, becauset doesnot planfor contingeng and
recovery a priori, in harddeadlinesituationsin which solutionsmustbe guaranteed,
thereis somepossibility of unrecawerablefailure.

DTC hasmary differentparametesettingsnotdiscussedhereandit canbe madeto
avoid failureif possible However, while this coversacertainclassof thefunctionalities
offeredby the contingeng analysistool, the two arenot equivalent. Whereaghe best
DTC candois avoid failureif possibleor work to minimizefailure,it canonly do this
for asingleline of control. Usingthe contingeng analysistool, the agentcanselecta
high risk plan of actionthatalsohassomepotentialof a high pay off, but, it canalso
reasoma priori aboutthe ability to recover from a failure of the plan. While DTC can
be extremelyconsenative, it cannotplanfor both high-riskandrecovery concurrently
The choicebetweenDTC andthe contingenyg analysisapproachs dependenbn the
application.For online,responsie controlto unplannecdevents,DTC is mostappropri-
ate.For mission-criticalsituationscombinedwith time for a priori offline planningthe
contingeny approachs mostappropriate.
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