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ABSTRACT
Real-timecontrolhasbecomeincreasinglyimportantastechnolo-
giesaremoved from the lab into real world situations.The com-
plexity associatedwith thesesystemsincreasesascontrol andau-
tonomyaredistributed,dueto suchissuesasprecedenceconstraints,
sharedresources,andthe lack of a completeandconsistentworld
view. In this paperwe describea real-timeenvironmentrequiring
distributedcontrol,andhow we modifiedour existing multi-agent
technologiesto meetthis need. Two typesof enhancementsare
covered:thosewhichenableplanningto meetreal-timeconstraints,
suchasour taskrepresentation,meta-level costing,alternativeplan
selection,andpartial-orderscheduling,andthosewhich facilitate
on-linereal-timecontrol,includingschedulingflexibility , caching,
andwindowedcommitments.

1. OVERVIEW
An importantaspectof mostreal-world systemsis their ability

to handlereal-timeconstraints.This is not to saythat they must
be fastor agile (althoughit helps),but that they shouldbe aware
of deadlineswhich exist in their environment,andhow to operate
suchthatthosedeadlinesarereasonedaboutandrespectedasmuch
aspossible.This taskcanbecomeharderyet whenthe systemis
distributed,astheability of a componentto meetits deadlinescan
dependontheperformanceof anothercomponentnotunderits con-
trol. Conversely, aparticularcomponentin suchasystemshouldbe
ableto reasonaboutbothits localdeadlines,andthoseimposedon
it throughinteractionswith otherpartsof thesystem.In this paper
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we describeour efforts to migrateour multi-agentsystemframe-
work into an environmentwhich requiresus to reasonaboutand
actin real-time.Someor all of thetechnologiesusedin this frame-
work have beenusedsuccessfullyin several other environments
[10, 9]. They have not,however, beendeployed in anenvironment
demandingreal-timecontrol that includedreal-timecoordination
betweenagents.

The particularenvironmentwe areoperatingunderconsistsof
severalsensornodesarrangedin aregionof finite area.Eachsensor
nodeis autonomous,capableof communication,computationand
observation throughthesensoritself. For thepurposesof thesce-
nario we will assumea one-to-onecorrespondencebetweeneach
sensornodeandan agent,which serveslocally asthe operatorof
that sensor. The high level goal of the scenariois to track one
or more target objectsmoving throughthe environment. This is
achievedby having multiplesensorstriangulatethepositionsof the
targetsin sucha way thatthecalculatedpointscanbeusedto form
estimatedmovementtracks.

Thereal-timerequirementof thisscenariois derivedfrom thetri-
angulationprocess.Underidealconditions,threeor moresensors
will performmeasurementsat the sameinstantin time. Individu-
ally, eachsensorcanonly determinethetarget’sdistanceandveloc-
ity relative to itself. Becauseeachnodewill have seenthetargetat
thesameposition,however, thesegathereddatacanthenbefusedto
triangulatethe target’s actuallocation. In practice,exactsynchro-
nization to an arbitrarily high resolutionof time is not possible,
due to the uncertaintyin sensorperformanceandclock synchro-
nization.A reasonablestrategy thenis to have thesensorsperform
measurementswithin somerelatively smallwindow of time,which
will yield positiveresultsaslongasthetargetis nearthesameloca-
tion for eachmeasurement.Thus,theviablelengthof this window
is inverselyproportionalto thespeedof thetarget(in ourscenarios
we usea window lengthof onesecond).

Competingwith thetrackingmeasurementactivity areanumber
of otherlocal goals,includingtargetdiscovery scanning,datapro-
cessingandmeasurementtasksfor othertargets.Wedon’t seethese
asseparateagentsor threads,but ratherasdifferentobjectivesthat
anagentis multiplexing. Meta-level functionalitysuchasnegotia-
tion, planningandschedulingalsocontendfor local resources.To
operateeffectively, while still meetingthedeadlinesposedabove,
theagentmustbecapableof reasoningaboutandactinguponthe
importanceof eachof theseactivities.

In summary, our real-timeneedsfor this applicationrequireus
to synchronizeseveralmeasurementson distributedsensorswith a
granularityof onesecond.A misseddeadlinemaypreventthedata
from beingfused,or the resultingtriangulationmaybe inaccurate
- but no catastrophicfailure will occur. This provides individual
agentswith someminimal leeway to occasionallydecommitfrom
certaindeadlines,or to missthemby trivial amountsof time,with-
out failing to achievetheoverallgoal.Thus,ournotionof real-time



hereis relatively soft,enablingtheagentsto operatewith moreun-
certainty

�
over the behavioral characteristicsof computationsand

their resourcerequirements.
Thereal-timeaspectsof thisproblemcomedown to severalprin-

ciples. An agentmust know whenactionsshouldbe performed,
how to scheduleits time andcommitmentssuchthat they canbe
performed,andhave thenecessaryresourceson handto complete
them.

Our solutionto this problemaddressestwo fronts.Thefirst is to
implementthe technologiesneededto directly reasonaboutreal-
time. We begin by accuratelymodeling the activities the agent
may perform, which can be donea priori or througha runtime
learningprocess.This informationis represented,alongwith other
goalachievementandalternativeplaninformation,in aTÆMStask
structure[3, 5]. In additionto modelingprimitive actions,we also
modelandschedulemeta-level activities,suchasnegotiation.This
permitsus to cost-outthecharacteristicsof theseactivities, allow-
ing the agentto, for instance,directly reasonaboutwhat sort of
negotiationis appropriatefor the given context. A planningcom-
ponent,theDesign-to-Criteriascheduler(DTC) [17,19], usesthese
TÆMS taskstructures,alongwith the quantitative knowledgeof
actioninterdependenceanddeadlines,to selectthemostappropri-
ateplangivencurrentenvironmentalconditions.This plan is then
givento a partialorderschedulingprocesswhichdetermineswhen
individual actionsshouldbeperformed,givenprecedenceandrun-
time resourceconstraints.In general,we feel thatreal-timecanbe
addressedby throughthe interactionsof a seriesof components,
operatingat differentgranularities,speedandsatisficing(approxi-
mate)behaviors.

The secondpart of our solution attemptsto optimize the run-
ning time of our technologies,to make it easierto meetdeadlines.
The partial order scheduleprovides an inherentlyflexible repre-
sentation. As resourcesand time permit, elementsin the sched-
ule canbe quickly delayed,reorderedor parallelized.New goals
canalsobe incorporatedpiecemeal,ratherthanrequiringa com-
putationallyexpensive processinvolving re-analysisof the entire
schedule.Together, thesecharacteristicsreducetheneedfor con-
stantre-planning,in additionto makingtheschedulingprocessit-
self lessresource-intensive. Learningplays an importantrole in
thelong-termviability of anagentrunningin real time, takingad-
vantageof therepetitive natureof its activities. Schedulesmaybe
learnedandcached,eliminatingtheneedto reinvoke theDTC pro-
cesswhensimilar taskstructuresareproduced,andthe execution
historyof individualactionsmaybeusedto moreaccuratelypredict
their futureperformance.Becausetheplanningandexecutionpro-
cessesaredistinct,a feedbackloop wasaddedto provide theplan-
nerwith informationdescribingwhich actionsmaypotentiallyrun
in parallel in a given environmentalor resourcecontext. This ef-
fectively reducesthetime it takesto performasequenceof actions,
which permitsthe plannerto explore andsuggestmoresophisti-
catedplans. Finally, the notionof a “windowed” commitment,as
seenin the synchronizationprocessabove, permitsagentssome
measureof flexibility whensatisfyingcommitments,reducingthe
needfor renegotiation.In theremainderof thispaperwewill cover
the functionaldetailsof the architecture,discussthe needfor the
variousoptimizationsthathave beenadded,anddescribeour per-
formanceexperienceswith thenew design.

2. REAL-TIME CONTROL ARCHITECTURE
Ourpreviousagentcontrolarchitecture,usedexclusively in con-

trolled time environments,wasfairly largegrained.As goalswere
addressedby theproblemsolvingcomponent,they would beused
to generatetaskstructuresto be analyzedby the DTC scheduler.
Theresultinglinearschedulewould thenbedirectly usedfor exe-
cution by the agent. Taskstructurescreatedto addressnew goals
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Figure1: High-level agentcontrol architecture.

would be mergedwith existing task structures,creatinga mono-
lithic view of all the agent’s goals. This combinedview would
then be passedagainto DTC for a completere-planningand re-
scheduling. Executionfailure would also lead to a completere-
planningandre-scheduling.Thistechniqueleadsto “optimal” plans
and schedulesat eachpoint if meta-level overheadsare not in-
cluded. As will be shown in section2.2, however, the combina-
toricsassociatedwith suchlargestructurescangetquitehigh. This
madeagentsponderouswhenworking with frequentgoalinsertion
or handlingexceptions,becauseof theneedto constantlyperform
theexpensive DTC process.In a real-timeenvironment,wherethe
agentmust constantlyreevaluatetheir executionschedulein the
faceof variedactioncharacteristics,this sort of control architec-
turewasimpractical.

In ournew architecture,wehaveattemptedto make theschedul-
ing and planning processmore incrementaland compartmental-
ized.New goalscanbeaddedpiecemealto theexecutionschedule,
without theneedto re-planall theagent’sactivities,andexceptions
canbetypically behandledthroughchangesto only asmallsubset
of theschedule.Figure1 shows thenew agentcontrolarchitecture
we have developedto meetour soft real-timeneeds.We will first
presentanoverview of how it functions,andcover the implemen-
tation in moredetail in later sections. In this architecture,goals
canarrive at any time, in responseto environmentalchange,local
planning,or becauseof requestsfrom anotheragents.Thegoal is
usedby theproblemsolvingcomponentto generatea TÆMStask
structure,which quantitatively describesthe alternative waysthat
goalmaybeachieved. TheTÆMSstructurecanbegeneratedin a
variety of ways; in our casewe usea TÆMS “template” library,
which we use to dynamically instantiateand characterizestruc-
turesto meetcurrentconditions.This structureis thenusedby our
Design-To-Criteria(DTC) planningcomponent,alongwith criteria
suchas potentialdeadlines,maximumcost, and minimum qual-
ity, to selectanappropriateplanto achieve thegoal. Theplanning
processitself is expensive, soa cachingschemehasbeendevised
which retrievespastplanningresultsfrom acachewhenever possi-
ble,bypassingtheDTC call.

Theresultingplan is usedto build a partially orderedschedule,
which will usestructuredetailsof the TÆMS structureto deter-
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mine precedenceconstraintsandsearchfor actionswhich canbe
performedin parallel1. Several componentsare usedduring this
final schedulingphase. A resourcemodelingcomponentis also
usedduringthisanalysisto ensurethatresourceconstraintsarealso
respected.A conflict resolutionmodulereasonsaboutmutually-
exclusivetasksandcommitments,determiningthebestwayto han-
dle conflicts. Finally, a taskmerging moduleallows thepartialor-
derschedulerto incorporatetheactionsderivedfrom thenew goal
with existing schedules.Failuresin this processarereportedto the
problemsolver, which is expectedto handlethem(by, for instance,
decommitingfrom thegoalcausingthefailure).

Oncetheschedulehasbeencreated,anexecutionmoduleis re-
sponsiblefor initiating thevariousactionsin theschedule.It also
keepstrackof executionperformanceandthestateof actions’pre-
conditions,potentiallyre-invokingthepartialorderschedulerwhen
failedexpectationsrequireit. A learningcomponentalsomonitors
executionperformance,potentiallyupdatingthe TÆMS template
library whennew trendsareobserved.

To betterexplain our architecture’s functionality, we will work
througha integratedexample in the next several sections,using
simplified versionsof taskstructuresin the actualsensornetwork
application.At time 0 theagentrecognizesits first goal- to initial-
ize itself. After startingthe executionof the first scheduleit will
receive anothergoal to track a target and sent the resultsbefore
time 2500. Later, a third goal, to negotiatefor delegatingtracking
responsibility, is received. We will show how thesevariousgoals
maybeachieved,andtheir variousconstraintsandinterdependen-
ciesrespected.

2.1 TÆMS Generation
Beforeprogressing,we mustprovide somebackgroundon our

taskdescriptionlanguage,TÆMS.TÆMS,theTaskAnalysis,En-
vironmentalModelingandSimulationlanguage,is usedto quanti-
tatively describethealternative waysa goalcanbeachieved[3, 5].
A TÆMStaskstructureis essentiallyanannotatedtaskdecompo-
sition tree. Thehighestlevel nodesin thetree,calledtaskgroups,
representgoalsthat an agentmay try to achieve. The goal of the
structureshown in figure2 isTask2. Below ataskgrouptherewill
bea setof tasksandmethodswhich describehow that taskgroup
may be performed,including sequencinginformation over sub-
tasks,dataflow relationshipsandmandatoryversusoptionaltasks.
Tasksrepresentsub-goals,whichcanbefurtherdecomposedin the
samemanner. Task2, for instance,canbeperformedby complet-
ing Set-Parameters, Track, andSend-Results. Meth-
ods,on theotherhand,areterminal,andrepresenttheprimitiveac-
tionsanagentcanperform. Methodsarequantitatively described,
with probabilisticdistributionsof their expectedquality, costand
duration. Set-Parameters, then,would be describedwith its
�
Fromprivateconversations,it appearsthat the techniqueusedto

generatethis scheduleis similar to thatseenin theDRU scheduler
from theDECAF framework [4], a systemdevelopedconcurrently
with theresearchpresentedhere.

expecteddurationandquality, allowing the schedulingandplan-
ning processesto reasonabouttheeffectsof selectingthis method
for execution. The quality accumulationfunctions(QAF) below
a task describeshow the quality of its subtasksis combinedto
calculatethe task’s quality. For example,theq min QAF below
Task2 specifiesthat the quality of Task2 will be the minimum
quality of all its subtasks- so all the subtasksmust be success-
fully performedfor theTask2 taskto succeed.On theotherhand,
the q max below Track saysthat its quality will be the maxi-
mum of any of its subtasks- the agenthas a choice of one or
more alternatives to completeTrack (completedescriptionsof
theseandother QAFs can be seenin [5]). Interactionsbetween
methods,tasks,andaffectedresourcesarealsoquantitatively de-
scribedas interrelationships.Theenables interrelationshipsin
figure2 representprecedencerelationships,which in this casesay
thatSet-Parameters, Track, andSend-Results mustbe
performedin-order. lock2 andrelease2 areresourceinterre-
lationships,describing,for instance,the consumesand produces
effectsmethodSend-Results hason theresourceRF. We will
seein later sectionshow the different partsof a structureaffect
planningandscheduling.

Theproblemsolver is responsiblefor translatinghigh-level goals
into TÆMS, which serves as a more detailedrepresentationus-
ableby otherpartsof the agent. This could be doneby building
TÆMSstructuresin thesourcecode,but this tendsto beimpracti-
cal for all but themosttrivial goals.Ontheotherhand,theproblem
solver couldreadstaticstructuresfrom a planlibrary, selectingthe
onedesignedto addresstheparticulargoalin question.Thisworks
well, exceptit lackstheflexibility to easilyhandletheminorvaria-
tionsin structureneededwhenenvironmentalconditionsshift. We
developeda hybrid scheme,which usesa library of TÆMS tem-
plates,which aredynamicallyinstantiatedat runtime, taking into
accountthe agent’s currentworking conditions. In this way we
canhandlesuchthingsasvaryingexecutionperformance,negotia-
tion partnersandcommitmentdetails.For instance,in figure2, the
Send-Results methodmustspecifywhich agentin thesystem
the resultsshouldbesentto. Similarly, if the learningcomponent
determinedthatTrack-Mediumwastakinglongerthanexpected,
this informationcanbefed into thetemplateto reflectthatchange.

At time 0 theagentwill useits templatelibrary to generatethe
initializationstructureseenin figure4A. In thisstructure,theagent
mustfirstInit andthenCalibrate its sensor. Propertiespassed
into thetemplatespecifyingthespecificvaluesusedin Init, and
thenumberof measurementsusedduringCalibrate. As speci-
fiedby theenablesinterrelationship,Init mustsuccessfullycom-
pletebeforethe agentcanSend-Message-1, reportingits ca-
pabilities to its local manager. Send-Message-1 alsousesre-
sourceinterrelationshipsto obtainanexclusivelockontheRF com-
municationresource. Only one action at a time can useRF to
sendmessage,so all messagingmethodshave similar locking in-
terrelationships.As we will seelater, this indirect interactionbe-
tweenmessagingmethodscreatesinterestingschedulingproblems.
Task2 andTask3, shown in figures2 and4B, respectively, are
generatedlaterin therun in asimilar manner.

2.2 DTC Planner / Initial Scheduler
Design-to-Criteria(DTC)schedulingis thesoftreal-timeprocess

of evaluatingdifferentpossiblecoursesof actionfor an intelligent
agentandchoosingthecoursethatbestfits theagent’s currentcir-
cumstances.For example,in a costconstrainedsituationtheagent
may be unableto purchasedesireddataand may thus be forced
to spendmoretime doing its own local processingto producethe
samequality result.Or, in a differentsituationwhenbothtime and
costareconstrained,the agentmay have to sacrificesomedegree
of solutionquality in orderto meetits deadlineor costlimitations.
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Figure3: Real-Time Control for DTC

Design-to-Criteriais aboutevaluatingan agent’s problemsolving
optionsfrom anend-to-endview anddeterminingwhich tasksthe
agentshouldperform,whento performthem,andhow to go about
performingthem.

As TÆMS task structuresmodel a family of plans, the DTC
schedulingproblemhasconceptuallycertaincharacteristicsin com-
mon with planningandcertaincharacteristicsof moretraditional
schedulingproblems,andit suffersfrompronouncedcombinatorics
onbothfronts.Thescheduler’sfunctionis to readasinputaTÆMS
taskstructure(or asetof taskstructures)andto 1) decidewhichset
of tasksto perform,2) decidein what sequencethe tasksshould
be performed,taking advantageof soft relationshipswherepossi-
ble,3) to performthefirst two functionssoasto addresshardcon-
straints,e.g.,deadlinesontasks,andto balancethesoftdesign/goal
criteriaspecifiedby theclient, to do this computationin soft real-
time sothatit canbeusedonline.

Thetypesof constraintsthatmaybepresentin TÆMS andthe
existenceof interactionsbetweentasks(andthedifferentQAFsthat
definehow to achieve particulartasks),prevent a simple,optimal
solutionapproach.DTC copeswith the high-ordercombinatorics
usinga batteryof techniques.Spaceprecludesdetaileddiscussion
of these,however, they aredocumentedin [17]. Froma very high
level, the schedulerusesgoal directedfocusing, approximation,
schedulingheuristics,andscheduleimprovement/repairheuristics
[22, 14] to reducethe combinatoricsto polynomial levels in the
worstcase.

TheDesign-to-Criteriaschedulingprocessfalls into thegeneral
areaof flexiblecomputation[6], but differsfrom mostflexiblecom-
putationapproachesin its useof multiple actionsto achieve flex-
ibility (oneexceptionis [7]) in contrastto anytimealgorithms[2,
13, 8]. We have found the lack of restrictionon the propertiesof
primitive actionsto beanimportantfeaturefor applicationin large
numbersof domains.Anothermajordifferenceis that in DTC we
not only propagateuncertainty[21], but we canwork to reduceit
whenimportantto theclient.

Until recently, DTC suppliedonlinescheduling/planningservices
to othercomponentsby being“f astenough”for theactivitiesbeing
scheduled.For example,in the BIG informationgatheringagent

[10], scheduling/planningaccountedfor lessthan1%of theagent’s
executiontime. However, in hardreal-timesituations,beingfast
enoughis not sufficient, asdiscussedin [19]. Thecurrentgenera-
tion schedulersupportshardreal-timedeadlinesat thegrainsizeaf-
fordedby theunix/Linux operatingsystem.Thecontrolalgorithm
usedby thescheduleris shown in Figure3. To meetharddeadlines
on the amountof time the schedulercantake to plan/schedule,it
first relaxes constraintsthat are likely to produceworst-casebe-
havior andschedules.It thenrecordsthemosthighly ratedsched-
ule, restoresa portionof theconstraints,andschedulesagain.This
scheduleis also recorded. The schedulerthen lessensits degree
of focusing,thusenablingit to explore a larger percentageof the
schedulesolutionspace,andreschedules.The resultingschedule
is then recorded,the degreeof focusingis decreasedagain,and
the scheduleragainreschedules.This processcontinuesuntil the
hard-deadlineis met or the schedulerexploresthe entireschedul-
ing space.If theharddeadlineoccursbeforethescheduleris able
to producea singleviableschedule,no scheduleis returnedto the
client.

As with most hard real-timeapplications,thereis a minimum
temporalgrainsizebelow whichnosolutionswill beproduced.With
TÆMS scheduling,theminimumtemporalfloor is definedby the
characteristicsof the probleminstance,e.g.,numberandtypesof
interdependencies,constrainttightness,existenceof alternative so-
lutionmethods,classesof quality-accumulation-functions,etc.Pre-
dictability [15] in ahardreal-timesenseis thusstill lacking.In gen-
eral,theissuereturnsto thegrainsizeof theproblem.For someap-
plications,a hardschedulingdeadlineof onesecondis reasonable
whereasfor others,twenty secondsmay be requiredto producea
viable result. In the distributedsensorapplication,the scheduler
grainsizeis too great,particularly when reschedulingoccursfre-
quently, asdiscussedbelow. Thus,additional,secondarymeasures
wereneededto decreasethenumberof timesDTC is invoked(see
section3.2.

Returningto our example,DTC is usedto selectthe mostap-
propriateset of actionsfrom the initialization task structure. In
this case,it hasonly one valid plan: Init, Calibrate, and
Send-Message-1. A somewhatmoreinterestingtaskstructure
is seenin Task2 from figure2,whichhasasetof alternativemeth-
odsunderthe taskTrack. A deadlineis associatedwith Send-
Result, correspondingto thedesiredsynchronizationtime spec-
ified by the agentmanagingthe tracking process. In this case,
then,DTC mustdeterminewhich setof methodsis likely to ob-
tain themostquality, while still respectingthatdeadline.Because
TÆMSmodelsdurationuncertainty, the issueof whetheror not a
taskwill missits deadlineinvolvesprobabilitiesratherthansimple
discretepoints.Thetechniquesusedto reasonabouttheprobability
of missinga harddeadlinearepresentedin [19]. It selectsfor exe-
cutiontheplanSet-Parameters,Track-Medium, andSend-
Results. After they areselected,theplanswill next beusedby
thepartialorderschedulerto bothevaluateprecedenceandresource
constraints,anddetermineexactlywhenindividualmethodswill be
performed.

2.3 Partial Order Scheduler
DTC wasdesignedfor usein both singleagentsandagentssit-

uatedin multi-agentenvironments.Thus,it makesno assumption
about its ability to communicatewith other agentsor to “force”
coordinationbetweenagents.It is usedasan oracleby otherco-
ordinationcomponents,duringagentcommunicationandnegotia-
tion. This designapproach,however, leadsto complicationswhen
working in a real-time,multi-agentenvironmentwheredistributed
resourcecoordinationis an issue.Whenresourcescanbeusedby
multiple agentsat thesametime, DTC lackstheability to request
communicationfor the developmentof a resourceusagemodel.
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Figure4: Two TÆMS task structur es,abstractionsof thoseusedin our agents.

This is thetaskof anothercontrolcomponentthatformsscheduling
constraintsbasedon an understandingof resourceusage.In most
applications,theseconstraintsareformedby reschedulingto ana-
lyze the implicationsof particularcommitments.In the real-time
sensorapplication,the reschedulingoverheadis too expensive for
formingthesetypesof relationships.Thesolutionwehaveadopted
is to usea subsetof DTC’s functionality, andthenoffloading the
distributedresourceandfine grainedschedulinganalysisto a dif-
ferentcomponent- thepartialorderscheduler. Specifically, DTC is
usedin this architectureto reasonabouttradeoffs betweenalterna-
tive plans,respectorderingrelationshipsin the structure,evaluate
the feasibility of soft interactions,andensurethat hard duration,
quality andcostconstraintsaremet.

DTC presentsthepartialorderschedulerwith a linearschedule
meetingtherequesteddeadline.Timing details,with theexception
of harddeadlinesgeneratedby commitmentsto otheragentsand
overall goaldeadlines,areignoredin theschedule,which is essen-
tially usedasa plan. Thepartialorderschedulerusesthis to build
a partially orderschedule,onewhich includesdescriptionsof the
interrelationshipsbetweenthescheduledactionsin additionto their
desiredexecutiontimes. In this partially orderedschedule,we ex-
plicitly representprecedencerelationshipsbetweenmethods,con-
straintsanddeadlines.This informationarisesfrom commitments,
resourceandmethodinterrelationships,andtheQAFsassignedto
tasks.Muchof thisinformationcanbedirectlydeterminedfrom the
TÆMStaskstructure.Resources,however, mustbeanalyzedin a
more robust fashion,becauseof potentialinteractionsfrom other
activities,bothlocally andthoseto beperformedby otheragents.

In order to bind resources,we usedanothercomponentcalled
theresourcemodeler. Thepartialorderschedulerdoesthis by first
producinga descriptionof how a givenmethodis expectedto use
resources,if at all. This descriptionincludessuchthings as the
length of the usage,the quantity that will be consumedor pro-
duced,andwhetheror not the usagewill be donethroughoutthe
method’s executionor just at its startor completion. The sched-
uler thengivesthis descriptionto theresourcemodeler, alongwith
someconstraintson whenthemethodcanstartor finish, andasks
it to find apoint in timewhenthenecessaryresourcesareavailable
to beused.

As with mostelementsin TÆMS the resourceusageis proba-
bilistically described,so the schedulermustalsoprovide a mini-
mum desiredchanceof successto the modeler. Whensearching,
theresourcemodelertakesinto accountall theresourceusagesthat
it hasbeenpreviously told about.At any potentialinsertionpoint,
themodelercomputestheaggregateaffectsof thenew resourceus-
age,alongwith all prior usagesupto thelastknown actualvalueof
theresource.Theexpectedusagefor a giventime slot canbecome
quiteuncertain,astheprobabilisticusagesarecarriedthroughfrom
eachprior slot. If theprobabilityof successfor thisaggregateusage

lies above the rangespecifiedby the scheduler, thenthe resource
modelerassumesthe usageis viable at that point. Sincea given
usagemay actually take placeover a rangeof time, this checkis
performedfor all otherpoints in that rangeaswell. If all points
meetthesuccessrequirement,theresourcemodelerwill returnthe
valid point in time. After this, the schedulerwill insert theusage
into themodel,whichwill thenbetakeninto accountin subsequent
searches.

Oncepotentialinteractions,throughinterrelationships,deadlines
or resourceuses,are determined,the partial order schedulercan
evaluatewhat the bestorderof executionis. Wherever possible,
actionsareparallelizedto maximizetheflexibility of theagent.In
suchcases,methodsrun concurrentlyrequirelessoverall time for
completion,andthusoffer moretime to satisfyexisting deadlines
or takeonnew commitments.Oncethedesiredscheduleorderingis
determined,thenew schedulemustbeintegratedwith theexisting
setof actions.

Thepartialorderschedulermakesuseof two othertechnologies
to integratethe new goal with existing scheduledtasks. The first
is a conflict resolutionmodule,which determineshow bestto han-
dle unschedulableconflicts,given the informationat hand. Most
time-constrainedtasksin the agentareaddedthroughnegotiation
with otheragents,which will have assignedan importancevalue
to theirparticularcommitment.Thisvalueremainsassociatedwith
thetaskstructureandscheduledmethodsasthey arecreated.Thus,
whenschedulingconflictsarise,theconflict resolutioncomponent
cancomparetherelative importanceof theconflictingactions,and
remove theoneof lesserpriority. If suchadecommittalis made,or
if novalid resolutioncanbefound,theproblemsolvingcomponent
is notified of the situationso that it can take appropriateaction.
A secondcomponenthandlesthe job of merging the new goal’s
schedulewith thoseof prior goals.Thespecificmechanismusedis
identicalto thatwhich determinesorderof execution. Interdepen-
denciesbetweenthis largesetof methods,eitherdirector indirect,
areusedto determinewhich actionscanbe performedrelative to
oneanother. This information is thenusedto determinethe final
desiredorderof execution.

To this point in our example,theagenthasbeenasked to work
towardsthreedifferentgoals,eachwith slightly differentexecution
needs.Task1 allows somemeasureof parallelismwithin itself,
asInit andCalibrate canrunconcurrently. Task2, received
sometime later, mustbe run sequentially, andits methodSend-
Resultmustbecompletedby time2500.Task3 is receivedlater
still, andalsomustberun sequentially. All three,however, require
theuseof theRF resource,for communicationneeds,andarethus
indirectly dependenton oneanother. The partial orderscheduler
producesthescheduleseenin figure5A, whereall theknown con-
straintsaremet.Somemeasureof parallelismcanbeachieved,seen
with Set-Parameters andSend-Message-1, andalsobe-



tweenTrack Medium andthemethodsin Task3. Notethat the
resourceÃ modelerdetectedtheincompatibilitybetweenthemethods
usingRF (shadedgray),however, andthereforedonot overlap.

Supposenext thatNegotiate Tracking is takinglongerthan
expected,forcing the agentto dynamicallyrescheduleits actions.
Becausethe methodSend Tracking Info cannotstartbefore
the completionof Negotiate Tracking, due to the enables
interrelationshipshown in figure 4B, the partial order scheduler
mustdelaythestartof Send Tracking Info. A naiveapproach
would simply delaySend Tracking Info by a corresponding
amount. This hasthe undesirableconsequenceof also delaying
Send-Result, becauseof the contentionover theRF resource.
This will causeSend-Result to miss its deadlineof 2500, as
shown in theinvalid scheduleseenin figure5B.

Fortunately, the partial order schedulerwas able to detectthis
failure,becauseof thepropagationof executionwindows. Send-
Result wasmarked with a lateststarttime equalto 2000. This
causedthepartialorderscheduleto try otherpermutationsof meth-
ods,which resultedin thescheduleshown in figure5C, which de-
lays Send Tracking Info in favor of Send-Result. This
allows theagentto proceedsuccessfullydespiteits failedexpecta-
tions.

3. OPTIMIZA TIONS
Thehigh-level technologiesdiscussedabove addressthe funda-

mentalissuesneededto run in real-time. Unfortunately, even the
bestframework will fail to work in practiceif it doesnot obtain
theprocessortimeneededto operate,or if activity expectationsare
repeatedlynot met. A goodexampleof this is the executionsub-
system.It maybethatplanningandschedulinghave successfully
completed,anddeterminedthata particularmethodmustrun at a
particular time in order to meet its deadline. If, however, some
otheraspectof theagenthascontrolof theprocessorwhentheas-
signedstartimearrives,themethodwill not bestartedon time and
maythereforefail to meetits deadline.

3.1 Meta-Level Accounting
Several issuescausethis problemdescribedabove. Of primary

concernin this exampleis thefactthat theagentis not accounting
for andschedulingall theactivities theagentis performing.Many
systemsonly schedulefor the low-level tasksthey perform- the
actionswhich directly andtangiblyaffect thegoalat hand.At the
sametime, however, thereis an entireclassof actionswhich the
agentis performing,andthereforecompetefor the sameprocess-
ing time, which arenot accountedfor. Suchtasksincludemany
elementsseenin figure 1: communication,negotiation, problem
solving,planning,schedulingandthelike. Theseso-called“meta-
level” activities canconstitutea significantfraction of the agent’s
runningtime,but arenotbeingdirectly scheduled.

In this researchwe have addedmeta-level accountingof com-
municationandnegotiation.To do this,we first modeledtheseac-
tivities with TÆMStaskstructures.Froma planningandschedul-
ing point of view, thereis no differencebetweenlow and meta-
level actions,so to accountfor this time we needjust an accurate
model and a componentcapableperformingtheseactionsin re-
sponseto a methodexecution.Giventhis, we canuseour existing
TÆMS processingcomponentsto correctlyaccountfor this time.
The task structurefrom our running example,seenin figure 4B,
modelsboth negotiation and communicationactivities. The du-
ration of a negotiation task is relatively deterministic,or at least
canbe describedwithin somebounds,so creatingthe taskstruc-
tureswas a matterof learningthe characteristicsof our negotia-
tion scheme.An additionalbenefitof describingtheseactivities in
TÆMS is that it permitsthe planningcomponentto reasonabout
theselectionof negotiationschemes.Considerasystemwhereone

hadseveral differentways to negotiateover a particularcommit-
ment,eachwith differentquality, costanddurationexpectations.
By describingthesein TÆMS , we cansimply passthe structure
the genericDTC planningcomponent,which will determinethe
mostappropriatenegotiationschemefor thecurrentenvironmental
conditions. Furthermore,oncea given schemeis selected,it can
potentiallybeparallelizedby thepartialorderschedulerfor greater
efficiency.

In future researchwe hopeto modelothermeta-level activities,
suchasschedulingandplanning. Thesetopicsaremorecompli-
cateddueto their non-deterministicnature,i.e. theagentdoesnot
necessarilyknow a priori how long it will take to scheduleanarbi-
trary setof interdependentactions.In addition,theneedto quickly
scheduleandplan in the faceof unanticipatedevents,andthepo-
tential needto schedulethe schedulingof activities itself makes
theseprocessesparticularlydifficult to accountfor. We currently
handlethetime for theseactivities implicitly by addingslacktime
to eachschedule.This is accomplishedby reasoningwith themax-
imum expecteddurationtime for a givenschedule,ratherthanthe
averagetime.

3.2 Plan Caching
A secondissueaffecting the agent’s real time performanceis

thatmeta-level taskstake significanttime in thefirst place.In sys-
temswhich runoutsideof real-time,thedurationperformanceof a
particularcomponentwill generallynot affect the successor fail-
ure of the systemas a whole - at worst it will make it slow. In
realtime,thisslowdown canbecritical, for thereasonscitedprevi-
ously. Thus,aspartof developingthiscontrolarchitecture,wehave
looked into optimizing themeta-level performanceof our compo-
nents.

Oneparticularcomputationallyexpensive processfor ouragents
is planning,primarily becausetheDTC plannerrunsasa separate
process,andrequiresa pair of disk accessesto use.Unfortunately,
this is an artifact causedby DTC’s C++ implementation;the re-
mainderof thearchitectureis in Java. We noticedduringour sce-
nariosthat a large percentageof the task structuressentto DTC
weresimilar, oftendiffering in only their starttimesanddeadlines,
andresultingin very similar plan selections.This is madepossi-
ble by the fact that DTC is now usedon only onegoal at a time,
asopposedto our previous systemswhich manipulatedstructures
combiningall currentgoals.To avoid thisoverhead,aplancaching
systemwasimplemented,shown asabypassflow in figure1. Each
taskstructureto besentto DTC is usedto generatea key, incorpo-
ratingseveraldistinguishingcharacteristicsof thestructure.If this
key doesnot matchonein the cache,the structureis setto DTC,
andthe resultingplan readin, andaddedto the cache. If the key
doesmatchoneseenbefore,theplan is simply retrieved from the
cache,updatedto reflectany timing differencesbetweenthe two
structures,andreturnedbackto the caller. This hasresultedin a
significantperformanceimprovementin our agents,which leaves
moretimefor low-level activities,andthusincreasesthelikelihood
that a given deadlineor constraintwill be satisfied. Quantitative
effectsof thecachingsystemwill becoveredin section4.

3.3 Learning
Much of the material discussedin previous sectionsassumes

thattheTÆMSmodelsdescribingour activities arefaithful to real
world performance.It shouldbeclearthatwithoutaccuratemodels,
it will bequitedifficult for theagentto correctlyallocateits time.
In prior research[8], somequantitative andstructuralelementsof
TÆMS structureshave beenshown to be learnableusingoff-line
analysisof a large corpusof results. While this techniquewould
work to a certainextentfor ourapplication,wearemoreinterested
in usingalightweightruntimelearningcomponentto givetheagent
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Figure 5: A) Initial scheduleproducedafter all the goalshave beenreceived, B) Invalid scheduleshowing the deadline constraint
brokenby a methodexecutiontaking too long, C) Corr ectedschedulerespectingall constraints.

thecapabilityto dynamicallyadaptto changingconditions.
Our currentlearningsystemautomaticallymonitorsall method

executionsin the agent,andmaintainsa setof the last n results.
Whenqueried,thecomponentusestheseresultsto computea du-
rationdistribution for theparticularmethodin question.This data
canthenbeusedto conditionnew taskstructures,improving their
predictiveaccuracy andthusimproving theagent’sability to sched-
ule its time.

3.4 Commitment Windows
Despitetheimprovementslistedabove,it is still difficult tomodel

andexecuteactionsto a millisecondresolutionin a complex agent
runningon top of anuncontrolledenvironment(e.g. Java, generic
kernelwith competinglocalprocesses).Thus,our techniquesmust
beableto toleratethevariability in executiontime inherentin the
realtime environment.

We have previously discussedthe importanceof the partial or-
der scheduler, which facilitatesthe efficient shifting of scheduled
methodsasdictatedby temporalneeds.Wherever possible,we of-
fer similar flexibility in our commitmentstructuresby specifying
negotiatedtaskswith windows of executiontime, ratherthanjust
fixeddeadlines.This correspondswell to our problemdomain,as
commitmentsover scanningandtrackingtasksnaturallyhave win-
dows of time wherethey may be successfullyperformed.As ac-
tions arescheduledor shifted,the window providessomeleeway
in whena time-constrainedmethodcanbe performed,giving the
agentthe potentialto locally resolve conflictsarising from failed
expectationsandnew commitments.In addition,the notion of an
executionwindow providesa clearmetricusablefor therelaxation
or tighteningof constraintsoccurringduringnegotiation2.

Our commitmentsare typically delivered in the form of a pe-
riodic task, an actionwhich shouldbe performedrepeatedlyover
somespecifiedperiod. Again, this notionmapswell to our sensor
environment,whereagivennodemaybeneededto performaseries
of measurementsfor scanningor tracking. This hasthequality of
reducingcoordinationoverhead,importantin our communication-
limited environment.More germaneto thetopic at hand,however,
is the periodictask’s predictive capacity. By explicitly specifying
a seriesof desiredactions,the agentis able to schedulethe peri-
odic taskout to anarbitrarypoint on its time horizon.This in turn

Ë
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betterequipstheagentto reasonaboutandnegotiateover potential
actionsandcommitmentsin thefuture.

4. PERFORMANCE
Weimplementthisarchitectureto beableto trackavehiclemov-

ing usingdistributedradarsensors.In this sectionwe will describe
thereal time environmentour systemoperatesin, andpresentper-
formanceresults.

The goal of this applicationwas to track one or more targets
moving throughthe sensorenvironment. The radarsensormea-
surementsconsistof only amplitudeand frequency values,so no
onesensorhasthe ability to preciselydeterminethe locationof a
targetby itself. Thesensorsmustthereforebeorganizedandcoor-
dinatedin a mannerthatpermitstheirmeasurementsto beusedfor
triangulation. In the abstract,this situationis analogousto a dis-
tributedresourceallocationproblem,wherethe sensorsrepresent
resourceswhich mustbeallocatedto particulartasksat particular
times,in orderfor thetasksto beeffectively coordinated.

Theavailablesensorplatformshavethreescanningregions,each
a 120degreearc encirclingthe sensor. Only oneof theseregions
canbeusedto performmeasurementsat a time. Thecommunica-
tion mediumusesa low-speed,unreliable,radio-frequency (RF)
systemover eight separatechannels. Messagescannotbe both
transmittedandreceived simultaneouslyregardlessof channelas-
signment,andno two agentscan transmiton a singlechannelat
thesametime without causinginterference.Thesensorplatforms
arecapableof locally hostingoneor moreprocesses,whichsharea
commonCPU.Our solutionpopulateseachsensorplatformwith a
singleagentprocess.Targetsmove throughtheenvironmentin an
arbitrarypatternasthescenarioprogresses.Weassumethatagents
have basicknowledgeof themselves(i.e. position,orientation,ca-
pabilities, etc.). Unlessspecified,all other information must be
communicatedby otheragentsover theRF medium.

Theneedto triangulateatarget’spositionrequiresfrequent,closely
coordinatedactionsamongsttheagents- ideally threeor moresen-
sorsperformingtheir measurementsat thesametime. In orderto
produceanaccuratetrack,thesensorsmustthereforeminimizethe
amountof time betweenmeasurementsduring triangulation,and
maximizethenumberof triangulatedpositions.

To testour architecture,we usedbotha simulatedenvironment,
RADISM3, and a physicalhardware platform. More detailson
Ì
RADISM wasdesignedandbuilt by RomeLabs.



Component Num. Calls ExecutionTime
DTC Scheduler 72.14 300ms
DTC Caching 31.12 74ms

PartialOrderScheduler 531.03 36ms

Table 1: Averageresultsover 1077runs of 180seconds.

theseexperimentscanbefoundin [16]. Theconfigurationweused
hadfour sensors,usingfour PCsrunningLinux assensor’s hosts,
andonesingletarget. The targetwasmoving at 1 foot/sec.RMS
error, whichcalculatesthedifferencebetweenthemeasuredandac-
tual tracks,is usedasaroughmetricto determinetheeffectiveness
of theagent’s synchronization(severalotherfactorsaffect RMS as
well). In thesimulator, we wereableto achieve anRMS error of
1.68feetaveragedover 1077runswith reliablecommunication.In
this case,theagentswereableto synchronizetheir measurements
within an averagewindow sizeof 58 ms. To put this value into
perspective, theaverageexecutiontime for thosemeasurementsis
about1500ms.Table1 showsothertiming measuresusedto deter-
minehow effective ouroptimizationtechniqueswere.Thecaching
systemin thesetestswasableto avoid calling DTC 43.13%of the
time. It is also interestingto note that our agentcalls the partial
orderscheduleralmostat every cycle, to updateandmaintainthe
currentschedule.With anaveragenumberof call 531.03per run,
we arecalling this componentevery 338ms.

5. FUTURE WORK
It is importantto notethat the architecturepresentedherefalls

into the soft real-timecomputationclass. In contrastto architec-
tureslike CIRCA [11], we cannotmake performanceguarantees
[15] aboutagentcontrol. However, in contrastto CIRCA, theap-
proachpresentedhereoperateson multiple distributedagentsand
thestatistically“f astenough”modeladdressestherequirementsof
this application.In the future,hardreal-timeapproachesfor mul-
tiple distributedagentsmay be possible,but, currently, the com-
plexity of thedistributedagentcontrolproblem,particularlywhen
agentshave complex activities andaresituatedin dynamicandun-
certainenvironments,preventssuchapproaches.It is alsounclear
for other applications,e.g., information gatheringvia the net, if
hardreal-timeguaranteesareusefulor needed.

Therearenumberof technicaldirectionsthat we think are im-
portantin developingthis framework further. Oneinvolvesdevel-
oping a betterunderstandingof how to make choicesat the DTC
level, given that in somecasesthe primitive methodscan be ex-
ecutedin parallel if resourcesareavailable. We currentlycando
someof this reasoningat theDTC level [18] but it is doesnot use
informationfrom the detailedresourcemodeler, andfor that rea-
son we don’t currently exploit this capability of DTC. Thus, the
decisionsat theDTC level areoverly conservative aboutwhatplan
alternative is most appropriatefor accommodatethe given dead-
line. We would thuslike to createadditionalmechanismsto make
betterpredictions.Along this line, we would alsolike to develop
anefficientmeta-metareasoningcomponentin orderto decidehow
mucheffort shouldwe allocateto theDTC componentin thecur-
rentsituationgiventheability of theDTC componentto work in an
anytime mode. Anotherrole for this new componentis to decide
whereandhow muchslackto put in thescheduleto accommodate
unexpectedmeta-controlactivities. As we discussedearly in the
paper, we don’t explicitly allocateslacktime for unexpectedmeta-
control eventssuchasplanningandschedulingfor new goalsor
revisionsto existing schedules.Anotheraspectof the framework
thatwe would like to extendis theconflict resolutioncomponent.
Onedirectionis to make it moresophisticatedin its understanding

exactly what previously scheduledevent(s) is responsiblefor the
conflict.
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