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ABSTRACT

Real-timecontrol hasbecomeincreasinglyimportantastechnolo-
giesaremoved from the lab into real world situations. The com-
plexity associatedvith thesesystemsncreasesscontrolandau-
tonomyaredistributed,dueto suchissuesasprecedenceonstraints,
sharedresourcesandthe lack of a completeand consistentvorld
view. In this paperwe describea real-timeervironmentrequiring
distributed control, andhow we modified our existing multi-agent
technologiego meetthis need. Two typesof enhancementare
covered:thosewhich enableplanningto meetreal-timeconstraints,
suchasour taskrepresentatiommeta-leel costing,alternatve plan
selection,and partial-orderscheduling,and thosewhich facilitate
on-linereal-timecontrol,including schedulinglexibility, caching,
andwindowved commitments.

1. OVERVIEW

An importantaspectof mostreal-world systemss their ability
to handlereal-timeconstraints. This is not to saythatthey must
be fastor agile (althoughit helps),but thatthey shouldbe aware
of deadlineswhich exist in their environment,andhow to operate
suchthatthosedeadlinesarereasonedboutandrespecte@smuch
aspossible. This taskcanbecomeharderyet whenthe systemis
distributed,asthe ability of acomponento meetits deadlinesan
dependntheperformancef anothecomponenhotunderits con-
trol. Corversely aparticularcomponenin suchasystenshouldbe
ableto reasoraboutbothits local deadlinesandthoseimposedon
it throughinteractionswith otherpartsof the system.In this paper
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we describeour efforts to migrate our multi-agentsystemframe-
work into an ervironmentwhich requiresus to reasonaboutand
actin real-time.Someor all of thetechnologiesisedin this frame-
work have beenusedsuccessfullyin several other ervironments
[10, 9]. They have not, however, beendeplg/edin anernvironment
demandingreal-time control that includedreal-time coordination
betweeragents.

The particularervironmentwe are operatingunderconsistsof
severalsensonodesarrangedn aregion of finite area.Eachsensor
nodeis autonomousc¢apableof communicationcomputatiorand
obsenration throughthe sensoiitself. For the purposef the sce-
nariowe will assumea one-to-onecorrespondencbetweeneach
sensomodeandan agent,which seneslocally asthe operatorof
that sensar The high level goal of the scenariois to track one
or more target objectsmoving throughthe ervironment. This is
achievedby having multiple sensorgriangulatethe positionsof the
targetsin suchaway thatthe calculatedpointscanbeusedto form
estimatednovementtracks.

Thereal-timerequiremenbf thisscenarias derivedfrom thetri-
angulationprocess.Underideal conditions,threeor moresensors
will performmeasurementat the sameinstantin time. Individu-
ally, eachsensorcanonly determinghetarget'sdistanceandveloc-
ity relative to itself. Becauseeachnodewill have seenthetargetat
thesameposition,however, thesegatheredlatacanthenbefusedto
triangulatethe target’s actuallocation. In practice,exactsynchro-
nizationto an arbitrarily high resolutionof time is not possible,
dueto the uncertaintyin sensormperformanceand clock synchro-
nization. A reasonablstratey thenis to have the sensorgperform
measurementsithin somerelatively smallwindow of time, which
will yield positiveresultsaslong asthetametis nearthe sameoca-
tion for eachmeasuremenfThus,theviablelengthof this windowv
is inverselyproportionatlto the speef thetarget(in our scenarios
we useawindow lengthof onesecond).

Competingwith thetrackingmeasuremersctiity areanumber
of otherlocal goals,includingtargetdiscovery scanningdatapro-
cessingandmeasuremeriasksfor othertargets.Wedon't seethese
asseparatagentor threadsput ratherasdifferentobjectivesthat
anagentis multiplexing. Meta-level functionality suchasnegotia-
tion, planningandschedulingalsocontendfor local resourcesTo
operateeffectively, while still meetingthe deadlinesposedabore,
the agentmustbe capableof reasoningaboutandactinguponthe
importanceof eachof theseactvities.

In summary our real-timeneedsfor this applicationrequireus
to synchronizeseveral measurementsn distributedsensorswith a
granularityof onesecond A misseddeadlinemay preventthedata
from beingfused,or the resultingtriangulationmay be inaccurate
- but no catastrophidailure will occur This providesindividual
agentswith someminimal leeway to occasionallydecommitfrom
certaindeadlinespr to missthemby trivial amountsf time, with-
outfailing to achieve theoverallgoal. Thus,ournotionof real-time



hereis relatively soft, enablingthe agentso operatewith moreun-
certainty over the behaioral characteristicof computationsand
their resourcaequirements.

Thereal-timeaspect®f this problemcomedown to severalprin-
ciples. An agentmustknowv when actionsshouldbe performed,
how to scheduléats time and commitmentssuchthat they canbe
performed,andhave the necessaryesource®n handto complete
them.

Our solutionto this problemaddresseswo fronts. Thefirstis to
implementthe technologiemeededo directly reasonaboutreal-
time. We begin by accuratelymodeling the actiities the agent
may perform, which can be donea priori or througha runtime
learningprocessThisinformationis representecalongwith other
goalachiezementandalternatve planinformation,in aTAEMStask
structure[3, 5]. In additionto modelingprimitive actions,we also
modelandscheduleneta-level activities, suchasnegotiation. This
permitsusto cost-outthe characteristicef theseactiities, allow-
ing the agentto, for instance directly reasonaboutwhat sort of
negotiationis appropriatefor the given context. A planningcom-
ponenttheDesign-to-Criterisschedule(DTC) [17, 19], useghese
TAMS task structuresalongwith the quantitatve knowvledge of
actioninterdependencanddeadlinesto selectthe mostappropri-
ateplangiven currentervironmentalconditions. This planis then
givento a partialorderschedulingprocesswhich determinesvhen
individual actionsshouldbe performed givenprecedencandrun-
time resourceconstraintsIn generalwe feel thatreal-timecanbe
addressedby throughthe interactionsof a seriesof components,
operatingat differentgranularities speedandsatisficing(approxi-
mate)behaiors.

The secondpart of our solution attemptsto optimize the run-
ning time of our technologiesto male it easierto meetdeadlines.
The partial order scheduleprovides an inherentlyflexible repre-
sentation. As resourcesand time permit, elementsin the sched-
ule canbe quickly delayed,reorderedbr parallelized. New goals
canalsobe incorporatedpiecemeal ratherthanrequiringa com-
putationallyexpensve processnvolving re-analysisof the entire
schedule.Together thesecharacteristicseducethe needfor con-
stantre-planning,in additionto makingthe schedulingprocesst-
self lessresource-intenge. Learningplays an importantrole in
thelong-termviability of anagentrunningin realtime, taking ad-
vantageof the repetitive natureof its actwities. Schedulesnaybe
learnedandcachedgeliminatingthe needto reirvoke the DTC pro-
cesswhensimilar taskstructuresare produced.andthe execution
historyof individual actionamaybeusedo moreaccuratelypredict
their future performanceBecauséhe planningandexecutionpro-
cessesredistinct,afeedbackoop wasaddedto provide the plan-
nerwith informationdescribingwhich actionsmay potentiallyrun
in parallelin a given ervironmentalor resourcecontext. This ef-
fectively reduceghetimeit takesto performasequencef actions,
which permitsthe plannerto explore and suggestmore sophisti-
catedplans. Finally, the notion of a “windowed” commitment,as
seenin the synchronizatiorprocessabore, permits agentssome
measureof flexibility whensatisfyingcommitmentsreducingthe
needfor rengyotiation.In theremaindeof this paperwvewill cover
the functional detailsof the architecturediscussthe needfor the
variousoptimizationsthat have beenadded,anddescribeour per
formanceexperiencesvith the new design.

2. REAL-TIME CONTROL ARCHITECTURE

Ourpreviousagentcontrolarchitectureusedexclusively in con-
trolled time ervironmentswasfairly large grained.As goalswere
addressedtby the problemsolvingcomponentthey would be used
to generateaask structurego be analyzedby the DTC scheduler
Theresultinglinear schedulewvould thenbe directly usedfor exe-
cution by the agent. Taskstructurescreatedtio addressew goals
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Figure 1: High-level agentcontrol architecture.

would be meilged with existing task structurescreatinga mono-
lithic view of all the agents goals. This combinedview would

thenbe passedagainto DTC for a completere-planningand re-

scheduling. Executionfailure would alsolead to a completere-

planningandre-schedulingThistechniqudeadso “optimal” plans
and schedulesat eachpoint if meta-leel overheadsare not in-

cluded. As will be shavn in section2.2, hawever, the combina-
toricsassociateavith suchlarge structuresangetquitehigh. This

madeagentgponderousvhenworking with frequentgoalinsertion
or handlingexceptions becausef the needto constantlyperform
theexpensie DTC processln areal-timeernvironment,wherethe
agentmust constantlyreevaluatetheir executionschedulein the
faceof varied action characteristicsthis sort of control architec-
turewasimpractical.

In our new architectureywe have attemptedo make the schedul-
ing and planning processmore incrementaland compartmental-
ized. New goalscanbeaddedpiecemeato the executionschedule,
withouttheneedto re-planall theagents activities, andexceptions
canbetypically behandledthroughchangeso only asmallsubset
of theschedule Figurel shavs the new agentcontrolarchitecture
we have developedto meetour soft real-timeneeds.We will first
presentanoverview of how it functions,andcover the implemen-
tation in more detail in later sections. In this architecture goals
canarrive at ary time, in responseo environmentalchangejocal
planning,or becausef requestfrom anotheragents.The goalis
usedby the problemsolvingcomponento generatea TAEMStask
structure,which quantitatvely describeghe alternatve ways that
goalmaybeachieved. The TAEMS structurecanbe generatedn a
variety of ways; in our casewe usea TAMS “template” library,
which we useto dynamically instantiateand characterizestruc-
turesto meetcurrentconditions.This structureis thenusedby our
Design-D-Criteria(DTC) planningcomponentalongwith criteria
suchas potential deadlines,maximum cost, and minimum qual-
ity, to selectan appropriateplanto achieve the goal. The planning
procesdtself is expensve, so a cachingschemehasbeendevised
which retrievespastplanningresultsfrom a cachewheneer possi-
ble, bypassingheDTC call.

Theresultingplanis usedto build a partially orderedschedule,
which will usestructuredetailsof the TAMS structureto deter
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Figure2: An exampleTAEMS task structur e for tracking.

mine precedenceonstraintsand searchfor actionswhich canbe
performedin parallef. Several componentsare usedduring this

final schedulingphase. A resourcemodelingcomponents also
usedduringthis analysigo ensurghatresourceonstraintarealso
respected.A conflict resolutionmodulereasonsaboutmutually-
exclusive tasksandcommitmentsdetermininghebestwayto han-
dle conflicts. Finally, a taskmeiging moduleallows the partial or-

derscheduleto incorporatethe actionsderived from the new goal

with existing schedulesFailuresin this processarereportedo the
problemsolver, which is expectedto handlethem(by, for instance,
decommiting'rom the goal causingthefailure).

Oncethe schedulehasbeencreated an executionmoduleis re-
sponsiblefor initiating the variousactionsin the schedule.lt also
keepstrackof executionperformancendthe stateof actions’pre-
conditions potentiallyre-invokingthepartialorderschedulewhen
failed expectationgequireit. A learningcomponentlsomonitors
execution performance potentially updatingthe TAEMS template
library whennew trendsareobsenred.

To betterexplain our architectures functionality, we will work
through a integratedexamplein the next several sections,using
simplified versionsof taskstructuresn the actualsensometwork
application.At time O theagentrecognizests first goal - to initial-
ize itself. After startingthe executionof the first schedulet will
receve anothergoal to track a target and sentthe resultsbefore
time 2500. Later, athird goal,to negotiatefor delegatingtracking
responsibility is receved. We will shav how thesevariousgoals
may be achieved, andtheir variousconstraintandinterdependen-
ciesrespected.

2.1 TAMS Generation

Before progressingwe mustprovide somebackgroundon our
taskdescriptionanguage TAMS.TAMS, the TaskAnalysis,En-
vironmentalModeling and Simulationlanguageis usedto quanti-
tatively describethe alternatve waysa goalcanbeachieved|[3, 5].
A TAEMStaskstructureis essentiallyan annotatedaskdecompo-
sition tree. The highestlevel nodesin thetree,calledtaskgroups,
represengoalsthatan agentmay try to achieve. The goal of the
structureshavnin figure2is Task 2. Below ataskgrouptherewill
be a setof tasksand methodswhich describehow thattaskgroup
may be performed,including sequencingnformation over sub-
tasks,dataflow relationshipsandmandatorywersusoptionaltasks.
Tasksrepresensub-goalsyhich canbefurtherdecomposeih the
samemanner Task2, for instancecanbe performedby complet-
ing Set - Par anet er s, Tr ack, and Send- Resul t s. Meth-
ods,ontheotherhand,areterminal,andrepresenthe primitive ac-
tions anagentcanperform. Methodsare quantitatvely described,
with probabilisticdistributions of their expectedquality, costand
duration. Set - Par anet er s, then,would be describedwith its

1From private corversationsjt appearshatthe techniqueusedto
generatehis schedulés similar to thatseenin the DRU scheduler
from the DECAF framework [4], a systemdevelopedconcurrently
with theresearcipresentedhere.

expecteddurationand quality, allowing the schedulingand plan-
ning processeo reasoraboutthe effectsof selectingthis method
for execution. The quality accumulationfunctions (QAF) below
a task describeshow the quality of its subtasksis combinedto
calculatethe task’s quality. For example,the g_m n QAF below
Task?2 specifiesthatthe quality of Task?2 will be the minimum
quality of all its subtasks so all the subtaskanustbe success-
fully performedfor the Task2 taskto succeedOntheotherhand,
the g_max belov Tr ack saysthatits quality will be the maxi-
mum of ary of its subtasks the agenthasa choice of one or
more alternatves to completeTr ack (completedescriptionsof
theseand other QAFs can be seenin [5]). Interactionsbetween
methods tasks,and affectedresourcesre also quantitatvely de-
scribedasinterrelationships.The enabl es interrelationshipsn
figure 2 represenprecedenceelationshipswhich in this casesay
thatSet - Par anet er s, Tr ack, andSend- Resul t s mustbe
performedin-order | ock2 andr el ease2 areresourcenterre-
lationships,describing,for instance,the consumesand produces
effectsmethodSend- Resul t s hason the resourceRF. We will
seein later sectionshow the different partsof a structureaffect
planningandscheduling.

Theproblemsolweris responsibldor translatinchigh-level goals
into TAEMS, which senes as a more detailedrepresentatiorus-
able by otherpartsof the agent. This could be doneby building
TAMS structuresn the sourcecode,but this tendsto beimpracti-
calfor all butthemosttrivial goals.Ontheotherhand,theproblem
solver couldreadstaticstructuredrom a planlibrary, selectinghe
onedesignedo addressheparticulargoalin question.This works
well, exceptit lackstheflexibility to easilyhandlethe minor varia-
tionsin structureneededvhenernvironmentalconditionsshift. We
developeda hybrid schemewhich usesa library of TEMS tem-
plates,which are dynamicallyinstantiatedat runtime, taking into
accountthe agents currentworking conditions. In this way we
canhandlesuchthingsasvarying executionperformancenegotia-
tion partnersandcommitmentetails.For instanceijn figure 2, the
Send- Resul t s methodmustspecifywhich agentin the system
the resultsshouldbe sentto. Similarly, if the learningcomponent
determinedhatTr ack- Medi umwastakinglongerthanexpected,
this informationcanbefed into thetemplateto reflectthatchange.

At time 0 the agentwill useits templatelibrary to generatehe
initialization structureseerin figure4A. In this structuretheagent
mustfirst] ni t andthenCal i br at e its sensorPropertiepassed
into the templatespecifyingthe specificvaluesusedin | ni t , and
the numberof measurementssedduringCal i br at e. As speci-
fied by theenablesnterrelationship| ni t mustsuccessfullycom-
plete beforethe agentcan Send- Message- 1, reportingits ca-
pabilitiesto its local manager Send- Message- 1 alsousesre-
sourcenterrelationship$o obtainanexclusive lock onthe RF com-
municationresource. Only one action at a time can use RF to
sendmessageso all messagingnethodshave similar locking in-
terrelationships.As we will seelater, this indirect interactionbe-
tweenmessagingnethodsreatesnterestingschedulingproblems.
Task2 andTask3, shavn in figures2 and4B, respectiely, are
generatedaterin therunin asimilar manner

2.2 DTC Planner/ Initial Scheduler

Design-to-CriterigDTC) schedulings thesoftreal-timeprocess
of evaluatingdifferentpossiblecoursef actionfor anintelligent
agentandchoosingthe coursethatbestfits the agents currentcir-
cumstanceskor example,in a costconstrainedsituationthe agent
may be unableto purchasedesireddataand may thus be forced
to spendmoretime doingits own local processingo producethe
samequality result. Or, in adifferentsituationwhenbothtime and
costareconstrainedthe agentmay have to sacrificesomedegree
of solutionquality in orderto meetits deadlineor costlimitations.
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Figure 3: Real-Time Control for DTC

Design-to-Criterias aboutevaluatingan agents problemsolving
optionsfrom an end-to-endview anddeterminingwhich tasksthe
agentshouldperform,whento performthem,andhow to go about
performingthem.

As TAEMS task structuresmodel a family of plans,the DTC
schedulingoroblemhasconceptuallycertaincharacteristics com-
mon with planningand certaincharacteristic®f more traditional
schedulingoroblemsandit suffersfrom pronounced¢ombinatorics
onbothfronts. Theschedulesfunctionis to readasinputaTAEMS
taskstructureg(or asetof taskstructurespndto 1) decidewhich set
of tasksto perform, 2) decidein what sequencehe tasksshould
be performed taking advantageof soft relationshipsvherepossi-
ble, 3) to performthefirst two functionssoasto addres$iardcon-
straints,e.g.,deadline®ntasksandto balancehesoftdesign/goal
criteria specifiedby the client, to do this computationin softreal-
time sothatit canbe usedonline.

Thetypesof constraintghat maybe presenin TAEMS andthe
existenceof interactiondetweertasks(andthedifferentQAFsthat
definehow to achieve particulartasks),prevent a simple, optimal
solutionapproach.DTC copeswith the high-ordercombinatorics
usinga batteryof techniques Spaceprecludedetaileddiscussion
of these however, they aredocumentedn [17]. Fromavery high
level, the schedulerusesgoal directedfocusing, approximation,
schedulingheuristics,and schedulémprovement/repaiheuristics
[22, 14] to reducethe combinatoricsto polynomial levels in the
worstcase.

The Design-to-Criterisschedulingorocesdalls into the general
areaof flexible computatiori6], but differsfrom mostflexible com-
putationapproachesn its useof multiple actionsto achieve flex-
ibility (oneexceptionis [7]) in contrastto anytimealgorithms|2,
13, 8]. We have foundthe lack of restrictionon the propertiesof
primitive actionsto be animportantfeaturefor applicationin large
numbersof domains.Anothermajor differenceis thatin DTC we
not only propagataincertainty{21], but we canwork to reduceit
whenimportantto theclient.

Until recently DTC suppliedonlinescheduling/planningervices
to othercomponentby being“f astenough™for theactivities being
scheduled.For example,in the BIG information gatheringagent

[10], scheduling/planningccountedor lessthan1% of theagents
executiontime. However, in hardreal-timesituations,beingfast
enoughis not sufiicient, asdiscussedn [19]. The currentgenera-
tion schedulesupportshardreal-timedeadlinestthegrainsizeaf-
fordedby the unix/Linux operatingsystem.The control algorithm
usedby theschedulers shawvn in Figure3. To meetharddeadlines
on the amountof time the schedulercantake to plan/scheduleit
first relaxes constraintsthat are likely to produceworst-casebe-
havior andscheduleslt thenrecordsthe mosthighly ratedsched-
ule, restoresa portion of the constraintsandschedulesgain. This
scheduleis alsorecorded. The scheduletthen lessensts degree
of focusing,thusenablingit to explore a larger percentagef the
schedulesolution space andreschedulesThe resultingschedule
is thenrecorded,the degreeof focusingis decreasedgain,and
the schedulermgainreschedulesThis processcontinuesuntil the
hard-deadlines metor the scheduleexploresthe entire schedul-
ing space.If the harddeadlineoccursbeforethe scheduleis able
to producea singleviable scheduleno schedulds returnedto the
client.

As with mosthard real-timeapplications thereis a minimum
temporalgrainsizebelov whichnosolutionswill beproducedWith
TAMS schedulingthe minimumtemporalfloor is definedby the
characteristic®f the probleminstancee.g.,numberandtypesof
interdependenciespnstraintightnessgexistenceof alternatve so-
lution methodsc¢lassesf quality-accumulation-functionstc. Pre-
dictability [15] in ahardreal-timesensas thusstill lacking.In gen-
eral,theissuereturnsto thegrainsizeof the problem.For someap-
plications,a hardschedulingdeadlineof oneseconds reasonable
whereador others,twenty secondsnay be requiredto producea
viable result. In the distributed sensorapplication,the scheduler
grainsizeis too great, particularly when reschedulingoccursfre-
guently asdiscussedelav. Thus,additional,secondaryneasures
wereneededo decreas¢he numberof 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 onevalid plan: I ni t, Cal i brate, and
Send- Message- 1. A somavhatmoreinterestingtaskstructure
is seerin Task?2 fromfigure2, whichhasasetof alternatve meth-
odsunderthetaskTr ack. A deadlineis associateavith Send-
Resul t , correspondingdo the desiredsynchronizatiortime spec-
ified by the agentmanagingthe tracking process. In this case,
then, DTC mustdeterminewhich set of methodsis likely to ob-
tain the mostquality, while still respectinghatdeadline.Because
TAMS modelsdurationuncertainty the issueof whetheror nota
taskwill missits deadlineinvolvesprobabilitiesratherthansimple
discretepoints. Thetechniquesisedto reasoraboutthe probability
of missinga harddeadlinearepresentedn [19]. It selectdor exe-
cutiontheplanSet - Par anet er s, Tr ack- Medi um andSend-
Resul t s. After they areselectedthe planswill next be usedby
thepartialorderscheduleto bothevaluateprecedencandresource
constraintsanddeterminesxactly whenindividual methodswill be
performed.

2.3 Partial Order Scheduler

DTC wasdesignedor usein both singleagentsandagentssit-
uatedin multi-agentervironments. Thus,it makesno assumption
aboutits ability to communicatewith other agentsor to “force”
coordinationbetweenagents. It is usedas an oracleby otherco-
ordinationcomponentsguring agentcommunicatiorand negotia-
tion. This designapproachhowever, leadsto complicationsvhen
working in areal-time,multi-agentervironmentwheredistributed
resourcecoordinationis anissue.Whenresourceganbe usedby
multiple agentsat the sametime, DTC lacksthe ability to request
communicationfor the developmentof a resourceusagemodel.



9_min

enablesl

Calibrate | | Send-Message-1 |

0.0/1000.0/1000.0

A) Initialization taskstructure.

| Negotiate-Tracking |

(Task3)

q_min

Send-Tracking-Info

0.0/1000.0/1000.0

B) Trackinggoalnegotiationtaskstructure.

Figure 4: Two TAEMS task structur es,abstractionsof thoseusedin our agents.

Thisis thetaskof anothercontrolcomponenthatformsscheduling
constraintdbasedon an understandin@f resourceusage.ln most
applicationstheseconstraintsare formed by reschedulingo ana-
lyze the implicationsof particularcommitments.In the real-time
sensorpplication,the reschedulingoverheads too expensve for
forming thesetypesof relationshipsThesolutionwe have adopted
is to usea subsetof DTC's functionality andthen offloadingthe
distributedresourceandfine grainedschedulinganalysisto a dif-
ferentcomponent thepartialorderschedulerSpecifically DTC is
usedin this architectureo reasorabouttradeofs betweeralterna-
tive plans,respeciorderingrelationshipsn the structure evaluate
the feasibility of soft interactions,and ensurethat hard duration,
quality andcostconstraintaaremet.

DTC presentghe partial orderschedulemwith a linear schedule
meetingtherequestedieadline.Timing details,with the exception
of hard deadlineggeneratecdby commitmentsto otheragentsand
overall goaldeadlinesareignoredin the scheduleywhichis essen-
tially usedasa plan. The partial orderscheduleusesthis to build
a partially orderschedulepnewhich includesdescriptionsof the
interrelationshipetweerthescheduledctionsin additionto their
desiredexecutiontimes. In this partially orderedschedulewe ex-
plicitly represenprecedenceelationshipsetweenmethodscon-
straintsanddeadlinesThis informationarisesfrom commitments,
resourceand methodinterrelationshipsandthe QAFs assignedo
tasks.Much of thisinformationcanbedirectlydeterminedrom the
TAMS taskstructure.Resourceshowever, mustbe analyzedn a
more robust fashion,becausef potentialinteractionsfrom other
actiities, bothlocally andthoseto be performedby otheragents.

In orderto bind resourceswe usedanothercomponentcalled
theresourcanodeler The partialorderscheduledoesthis by first
producinga descriptionof how a given methodis expectedto use
resourcesjf atall. This descriptionincludessuchthings asthe
length of the usage,the quantity that will be consumedor pro-
duced,andwhetheror not the usagewill be donethroughoutthe
methods executionor just at its startor completion. The sched-
uler thengivesthis descriptionto theresourcenodeler alongwith
someconstraintoon whenthe methodcanstartor finish, andasks
it to find apointin time whenthe necessaryesourcesireavailable
to beused.

As with mostelementsn TAMS the resourceusageis proba-
bilistically describedso the schedulemustalso provide a mini-
mum desiredchanceof succesgo the modeler Whensearching,
theresourcenodelertakesinto accountall theresourcausageshat
it hasbeenpreviously told about. At ary potentialinsertionpoint,
themodelercomputeghe aggreateaffectsof thenew resourceus-
age,alongwith all prior usagesip to thelastknown actualvalueof
theresource The expectedusagefor a giventime slotcanbecome
quiteuncertainastheprobabilisticusagesrecarriedthroughfrom
eachprior slot. If theprobabilityof succes$or thisaggreateusage

lies abore the rangespecifiedby the schedulerthenthe resource
modelerassumeshe usageis viable at that point. Sincea given
usagemay actuallytake placeover a rangeof time, this checkis
performedfor all otherpointsin that rangeaswell. If all points
meetthe successequirementthe resourcanodelemwill returnthe
valid point in time. After this, the schedulemwill insertthe usage
into themodel,whichwill thenbetakeninto accounin subsequent
searches.

Oncepotentialinteractionsthroughinterrelationshipsjeadlines
or resourceuses,are determined the partial order schedulercan
evaluatewhat the bestorder of executionis. Wherever possible,
actionsareparallelizedto maximizethe flexibility of theagent.In
suchcasesmethodsrun concurrentlyrequirelessoverall time for
completion,andthusoffer moretime to satisfyexisting deadlines
or take onnew commitmentsOncethedesiredschedul@rderingis
determinedthe new schedulemustbe integratedwith the existing
setof actions.

The partialorderschedulemakesuseof two othertechnologies
to integratethe new goal with existing scheduledasks. The first
is a conflictresolutionmodule,which determinesiow bestto han-
dle unschedulableonflicts, given the information at hand. Most
time-constrainedasksin the agentare addedthroughnegotiation
with otheragentswhich will have assignedan importancevalue
to their particularcommitment.This valueremainsassociateavith
thetaskstructureandschedulednethodsasthey arecreated Thus,
whenschedulingconflictsarise,the conflict resolutioncomponent
cancomparetherelative importanceof the conflictingactions,and
remove theoneof lesserpriority. If suchadecommittais made,or
if novalid resolutioncanbefound,theproblemsolvingcomponent
is notified of the situationso that it cantake appropriateaction.
A secondcomponenthandlesthe job of memging the new goal's
schedulewith thoseof prior goals.The specificmechanisnusedis
identicalto thatwhich determinerderof execution. Interdepen-
denciesbetweerthis large setof methodsgitherdirector indirect,
are usedto determinewhich actionscanbe performedrelative to
one another This informationis then usedto determinethe final
desiredorderof execution.

To this pointin our example,the agenthasbeenasled to work
towardsthreedifferentgoals,eachwith slightly differentexecution
needs. Task1 allows somemeasureof parallelismwithin itself,
asl ni t andCal i br at e canrunconcurrently Task2, receved
sometime later, mustbe run sequentiallyandits methodSend-
Resul t mustbecompletedytime2500.Task3 is receivedlater
still, andalsomustberun sequentially All three,however, require
the useof the RF resourcefor communicatiomeedsandarethus
indirectly dependenbn one another The partial orderscheduler
produceghe scheduleseenin figure5A, whereall the knovn con-
straintsaremet. Somemeasuref parallelismcanbeachieved,seen
with Set - Par anet er s andSend- Message- 1, andalsobe-



tweenTr ack _Medi umandthe methodsn Task3. Notethatthe
resourcenodelerdetectedheincompatibilitybetweerthemethods
usingRF (shadedyray),however, andthereforedo not overlap.

Supposeext thatNegot i at e_Tr acki ng istakinglongerthan
expected forcing the agentto dynamicallyrescheduléts actions.
Becausehe methodSend_Tr acki ng_l nf o cannotstartbefore
the completionof Negot i at e_Tr acki ng, dueto the enables
interrelationshipshavn in figure 4B, the partial order scheduler
mustdelaythestartof Send_Tr acki ng_l nf 0. A naiveapproach
would simply delaySend_Tr acki ng_I nf o by a corresponding
amount. This hasthe undesirableconsequencef also delaying
Send- Resul t , becauseof the contentionover the RF resource.
This will causeSend- Resul t to missits deadlineof 2500, as
shavn in theinvalid scheduleseenin figure 5B.

Fortunately the partial order schedulemwas able to detectthis
failure, becaus®f the propagatiorof executionwindows. Send-
Resul t wasmarked with a lateststarttime equalto 2000. This
causedhepartialorderscheduldo try otherpermutation®f meth-
ods,which resultedin the scheduleshawvn in figure 5C, which de-
lays Send_Tr acki ng_l nf o in favor of Send- Resul t . This
allows the agentto proceedsuccessfullydespiteits failed expecta-
tions.

3. OPTIMIZA TIONS

The high-level technologiegliscusse@bore addresghe funda-
mentalissuesneededo run in real-time. Unfortunately even the
bestframevork will fail to work in practiceif it doesnot obtain
the processotime neededo operatepr if actvity expectationsare
repeatedlynot met. A goodexampleof this is the executionsub-
system.It may bethat planningandschedulinghave successfully
completedanddeterminedhat a particularmethodmustrun at a
particulartime in orderto meetits deadline. If, however, some
otheraspecbf the agenthascontrol of the processowhenthe as-
signedstartime arrives,the methodwill notbestartedontime and
maythereforefail to meetits deadline.

3.1 Meta-Level Accounting

Severalissuescausethis problemdescribedabore. Of primary
concernin this exampleis thefactthatthe agentis not accounting
for andschedulingall the actities the agentis performing. Many
systemsonly schedulefor the low-level tasksthey perform- the
actionswhich directly andtangibly affect the goalat hand. At the
sametime, however, thereis an entire classof actionswhich the
agentis performing,andthereforecompetefor the sameprocess-
ing time, which are not accountedor. Suchtasksinclude mary
elementsseenin figure 1: communicationnegotiation, problem
solving, planning,schedulingandthelike. Theseso-called'meta-
level” actiities canconstitutea significantfraction of the agents
runningtime, but arenot beingdirectly scheduled.

In this researchwe have addedmeta-level accountingof com-
municationandnegotiation. To do this, we first modeledtheseac-
tivities with TAEMS taskstructures 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-
sponseo a methodexecution. Giventhis, we canuseour existing
TAMS processingcomponentgo correctlyaccountfor this time.
The task structurefrom our running example, seenin figure 4B,
modelsboth negotiation and communicationactiities. The du-
ration of a negotiationtaskis relatively deterministic,or at least
can be describedwithin somebounds,so creatingthe task struc-
tureswas a matterof learningthe characteristicof our negotia-
tion scheme An additionalbenefitof describingtheseactiities in
TAMS s thatit permitsthe planningcomponento reasonabout
theselectionof negotiationschemesConsidera systemwhereone

had several differentwaysto negotiateover a particularcommit-

ment, eachwith differentquality, costand durationexpectations.
By describingthesein TEMS, we cansimply passthe structure
the genericDTC planningcomponentwhich will determinethe

mostappropriateegotiationschemeor the currentervironmental
conditions. Furthermore pncea given schemeis selectedjt can

potentiallybe parallelizedby the partialorderschedulefor greater
efficiengy.

In future researchwe hopeto modelothermeta-level actiities,
suchas schedulingand planning. Thesetopics are more compli-
cateddueto their non-deterministiciature,i.e. the agentdoesnot
necessarilknow apriori how longit will take to scheduleanarbi-
trary setof interdependerdctions.In addition,the needto quickly
scheduleandplanin the faceof unanticipatedevents,andthe po-
tential needto schedulethe schedulingof actiities itself makes
theseprocesseparticularly difficult to accountfor. We currently
handlethetime for theseactvities implicitly by addingslacktime
to eachscheduleThisis accomplishedby reasoningvith the max-
imum expecteddurationtime for a given scheduleratherthanthe
averagetime.

3.2 Plan Caching

A secondissueaffecting the agents real time performances
thatmeta-level taskstake significanttime in thefirst place.In sys-
temswhich run outsideof real-time the durationperformancef a
particularcomponentill generallynot affect the succesr fail-
ure of the systemas a whole - at worst it will male it slow. In
realtime, this slovdown canbecritical, for thereasongited previ-
ously Thus,aspartof developingthis controlarchitectureywe have
looked into optimizing the meta-level performanceof our compo-
nents.

Oneparticularcomputationallyexpensve processor our agents
is planning,primarily becausehe DTC plannerrunsasa separate
processandrequiresa pair of disk accesset use.Unfortunately
this is an artifact causedby DTC’s C++ implementation;the re-
mainderof the architectures in Jasa. We noticedduring our sce-
nariosthat a large percentagef the task structuressentto DTC
weresimilar, oftendifferingin only their starttimesanddeadlines,
andresultingin very similar plan selections.This is madepossi-
ble by the factthat DTC is now usedon only onegoal at a time,
asopposedo our previous systemsvhich manipulatedstructures
combiningall currentgoals.To avoid this overheada plancaching
systemwasimplementedshavn asabypasdlow in figure 1. Each
taskstructureto besentto DTC is usedto generate key, incorpo-
rating several distinguishingcharacteristicef the structure.If this
key doesnot matchonein the cache the structureis setto DTC,
andtheresultingplan readin, andaddedto the cache.If the key
doesmatchone seenbefore,the planis simply retrieved from the
cache,updatedto reflectary timing differencesbetweenthe two
structures andreturnedbackto the caller. This hasresultedin a
significantperformanceémprovementin our agentswhich leaves
moretime for low-level actiities, andthusincreaseshelik elihood
that a given deadlineor constraintwill be satisfied. Quantitatve
effectsof thecachingsystemwill becoveredin sectior4.

3.3 Learning

Much of the material discussedn previous sectionsassumes
thatthe TAEMS modelsdescribingour actiities arefaithful to real
world performancelt shouldbeclearthatwithoutaccuratenodels,
it will be quite difficult for the agentto correctlyallocateits time.
In prior research8], somequantitatve andstructuralelementsof
TAMS structureshave beenshavn to be learnableusing off-line
analysisof a large corpusof results. While this techniquewould
work to a certainextentfor our application we aremoreinterested
in usingalightweightruntimelearningcomponento give theagent
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Figure 5: A) Initial scheduleproducedafter all the goalshave beenreceied, B) Invalid scheduleshawing the deadline constraint
broken by a method executiontaking too long, C) Corr ectedschedulerespectingall constraints.

the capabilityto dynamicallyadaptto changingconditions.

Our currentlearningsystemautomaticallymonitorsall method
executionsin the agent,and maintainsa setof the last n results.
Whenqueried,the componenusestheseresultsto computea du-
ration distribution for the particularmethodin question.This data
canthenbe usedto conditionnew taskstructuresimproving their
predictive accurag andthusimproving theagents ability to sched-
uleits time.

3.4 Commitment Windows

Despitetheimprovementdistedabore, it is still difficult to model
andexecuteactionsto a millisecondresolutionin a complex agent
runningon top of anuncontrolledervironment(e.g. Java, generic
kernelwith competindocal processes)Thus,ourtechniquesnust
be ableto toleratethe variability in executiontime inherentin the
realtime ervironment.

We have previously discussedhe importanceof the partial or-
der schedulerwhich facilitatesthe efficient shifting of scheduled
methodsasdictatedby temporalneeds Wherever possible we of-
fer similar flexibility in our commitmentstructuresby specifying
negotiatedtaskswith windows of executiontime, ratherthanjust
fixed deadlines.This correspondsvell to our problemdomain,as
commitmentover scanningandtrackingtasksnaturallyhave win-
dows of time wherethey may be successfullyperformed. As ac-
tions arescheduledr shifted, the window provides someleevay
in whena time-constraineanethodcan be performed,giving the
agentthe potentialto locally resole conflicts arising from failed
expectationsandnev commitments.In addition,the notion of an
executionwindow providesa clearmetricusablefor therelaxation
or tighteningof constraintoccurringduring negotiatior?.

Our commitmentsare typically deliveredin the form of a pe-
riodic task anactionwhich shouldbe performedrepeatediyover
somespecifiedperiod. Again, this notion mapswell to our sensor
ervironmentwhereagivennodemaybeneededo performaseries
of measurement®r scanningor tracking. This hasthe quality of
reducingcoordinationoverheadjmportantin our communication-
limited ervironment.More germaneo thetopic at hand,however,
is the periodictasks predictive capacity By explicitly specifying
a seriesof desiredactions,the agentis ableto schedulethe peri-
odic taskoutto anarbitrarypoint on its time horizon. Thisin turn

Zlmplementationof this schemewas done by Jiaying Shenand
RogerMailler.

betterequipsthe agentto reasoraboutandnegotiateover potential
actionsandcommitmentsn thefuture.

4. PERFORMANCE

Weimplementthis architecturdo beableto trackavehiclemov-
ing usingdistributedradarsensorsin this sectionwe will describe
therealtime ervironmentour systemoperatesn, andpresenfper
formanceresults.

The goal of this applicationwas to track one or more targets
moving throughthe sensorervironment. The radarsensormea-
surementgonsistof only amplitudeand frequeng values,so no
onesensorthasthe ability to preciselydeterminethe locationof a
targetby itself. The sensorsnustthereforebe organizedandcoor
dinatedin amannerthatpermitstheir measurement® be usedfor
triangulation. In the abstracthis situationis analogougo a dis-
tributedresourceallocationproblem,wherethe sensorgepresent
resourcesvhich mustbe allocatedto particulartasksat particular
times,in orderfor thetasksto be effectively coordinated.

Theavailablesensoplatformshave threescanningegions,each
a 120 dggreearc encirclingthe sensar Only oneof theseregions
canbe usedto performmeasurementst a time. The communica-
tion mediumusesa low-speed,unreliable,radio-frequeng (RF)
systemover eight separatechannels. Messagesannotbe both
transmittedandreceved simultaneouslyegardlesof channelas-
sighment,and no two agentscantransmiton a single channelat
the sametime without causinginterference.The sensoiplatforms
arecapableof locally hostingoneor moreprocessesyhich sharea
commonCPU. Our solutionpopulateseachsensomplatformwith a
singleagentprocess.Targetsmaove throughthe ervironmentin an
arbitrarypatternasthe scenarigprogressesWe assumehatagents
have basicknowledgeof themseles(i.e. position,orientation,ca-
pabilities, etc.). Unlessspecified,all otherinformation must be
communicatedy otheragentsover the RF medium.

Theneedo triangulateatarget’'s positionrequiresrequentclosely
coordinatedactionsamongstheagents ideally threeor moresen-
sorsperformingtheir measurementat the sametime. In orderto
produceanaccuratdrack,the sensorsnustthereforeminimizethe
amountof time betweenmeasurementduring triangulation,and
maximizethe numberof triangulatedoositions.

To testour architecturewe usedboth a simulatedenvironment,
RADISM?, and a physical hardvare platform. More detailson

3RADISM wasdesignedandbuilt by RomeLabs.



Component Num. Calls | ExecutionTime
DTC Scheduler 72.14 300ms
DTC Caching 31.12 74ms
Partial OrderScheduler] 531.03 36ms

Table 1: Averageresultsover 1077runs of 180seconds.

theseexperimentanbefoundin [16]. The configurationwe used
hadfour sensorsusingfour PCsrunningLinux assensors hosts,
andonesingletarget. Thetargetwasmoving at 1 foot/sec. RMS
error, which calculateshedifferencebetweerthemeasure@dndac-
tual tracks,is usedasaroughmetricto determinghe effectiveness
of theagents synchronizatior{several otherfactorsaffect RMS as
well). In the simulator we wereableto achieve an RMS error of
1.68feetaveragedover 107 7runswith reliablecommunicationin
this case the agentswereableto synchronizeheir measurements
within an averagewindow size of 58 ms. To put this value into
perspectie, the averageexecutiontime for thosemeasurementis
about1500ms. Tablel1 shavs othertiming measuresisedto deter
mine how effective our optimizationtechniquesvere. The caching
systemin thesetestswasableto avoid calling DTC 43.13%of the
time. It is alsointerestingto notethat our agentcalls the partial
orderschedulermlmostat every cycle, to updateand maintainthe
currentschedule.With an averagenumberof call 531.03perrun,
we arecalling this componentvery 338 ms.

5. FUTURE WORK

It is importantto notethat the architecturepresentecherefalls
into the soft real-timecomputationclass. In contrastto architec-
tureslike CIRCA [11], we cannotmale performanceguarantees
[15] aboutagentcontrol. However, in contrastto CIRCA, the ap-
proachpresentedhereoperateson multiple distributedagentsand
thestatistically“f astenough”modeladdressetherequirementof
this application. In the future, hardreal-timeapproache$or mul-
tiple distributed agentsmay be possible,but, currently the com-
plexity of thedistributedagentcontrol problem,particularlywhen
agentshave comple actiities andaresituatedn dynamicandun-
certainernvironments preventssuchapproachesilt is alsounclear
for other applications,e.g., information gatheringvia the net, if
hardreal-timeguaranteeareusefulor needed.

Thereare numberof technicaldirectionsthat we think areim-
portantin developingthis framework further Oneinvolvesdevel-
oping a betterunderstandingf how to make choicesat the DTC
level, given thatin somecasesthe primitive methodscan be ex-
ecutedin parallelif resourcesre available. We currentlycando
someof this reasoningatthe DTC level [18] but it is doesnot use
informationfrom the detailedresourcemodeler andfor that rea-
sonwe dont currently exploit this capability of DTC. Thus, the
decisionsatthe DTC level areoverly conserative aboutwhatplan
alternatve is mostappropriatefor accommodatéhe given dead-
line. We would thuslik e to createadditionalmechanisms$o make
betterpredictions. Along this line, we would alsolike to develop
anefficientmeta-metaeasoningomponentn orderto decidehow
mucheffort shouldwe allocateto the DTC componenin the cur
rentsituationgiventheability of the DTC componentowork in an
arytime mode. Anotherrole for this nev componenis to decide
whereandhow muchslackto putin the scheduldo accommodate
unexpectedmeta-controlactiities. As we discussecearly in the
paperwe don't explicitly allocateslacktime for unexpectedmeta-
control eventssuchas planningand schedulingfor newv goalsor
revisionsto existing schedules.Anotheraspectof the framevork
thatwe would like to extendis the conflict resolutioncomponent.
Onedirectionis to make it moresophisticatedn its understanding

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