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ABSTRACT
Thispaperdescribesanagentapplicationfor thecoordinationof air-
craft repair, re�t, refuel,andrearmteamsin a dynamicsetting.The
paperalsopresentsanew algorithmfor dynamicdistributedservice
teamcoordinationandcomparesits performanceto anoptimalcen-
tralizedserviceteamscheduler.

Categoriesand SubjectDescriptors
I.2.11[Arti�cial Intelligence]: DistributedAI—CoherenceandCo-
ordination,Multi-AgentSystems

GeneralTerms
Algorithms,Experimentation

Keywords
Coordination,Multi-Agent Systems,Intelligent Agents, TAEMS,
Teams,Real-Time,Dynamic

1. INTRODUCTION
Aircraft returningfrom anengagementneedrefuelingandpoten-

tially neednew ordinanceand repairs. The implicationsare that
multiple differentservicecrews, thathave differentcapabilitiesand
requiredifferent resources,mustcoordinateto effectively prepare
the aircraft for anothermission. For instance,it may not be desir-
able to servicethe engineswhile new ordinanceis being loaded.
Similarly it may not be possibleto servicetheengineswhile refu-
eling takesplace. In contrast,it may be possibleto overlapsome
activities, e.g., replacingthe cockpit avionics while refueling the
aircraft.
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Figure1: The Simulation Envir onmentand StatusDisplay

In this paper, we explore the useof agenttechnologiesto coor-
dinateaircraftserviceteamsandpresenta new TÆMS(TaskAnal-
ysisEnvironmentModelingandSimulation)[4] coordinationalgo-
rithm usedto coordinateserviceteamactivity. Theperformanceof
the algorithm is comparedto a centralizedschedulingoraclethat
generatesoptimalschedulesfor the teams– thoughthecentralized
schedulingproblemis exponential,theoracleprovidesagoodbasis
for comparisonon smallerprobleminstances.A screenimageof
theapplicationis shown in Figure1. Notethe“busy” taskstructure
in thecenterof thescreen– it is partof thecentralizedcoordination
problemthat theagentssolve throughdistributedandlocal reason-
ing with partialviews (thecentralizedview is thatof thesimulation
environment). In the following sections,we specify the problem
space,de�ne anew key-basedcoordinationalgorithm,andcompare
thealgorithmto thecentralizedoracle.

2. DYNAMIC AIRCRAFT READINESS
In thisprojectwesimulateaircraftreturningfrom anengagement

andneedingrepairs/ readinessoperationsto be performed.Three
typesof aircraftaremodeled:F16s,A10s,andC9surveillancecraft.
Whenanaircraft returnsit is potentiallyin needof (to varying de-
grees):1) fuel,2) missiles,3) repairsto engines,4) repairsto cockpit
avionics,or 5) repairsto cockpitweaponscontrols.1 Eachincoming

1Notethatthisis asmallsubsetof thepossibleitemsneedingservice
or inspection– thissimpli�cation is alongadimensionthatdoesnot
greatlyimpacttheutility of thecoordinationalgorithm.



Repair Repair Repair
Engines Avionics WeapCtrl Refuel Rearm

Engines NLE NLE
Avionics NLE
WeapCtrl NLE

Refuel NLE NLE
Rearm NLE NLE

Table 1: TasksInteractions Indicated by NLE for Non-LocalEf-
fect. In this paper, NLEs are all mutual exclusionwhere tasks
that interact cannot be performed on the sameaircraft at the
sametime (spatial + temporal MUX). Other NLEs supported
include effectslik e hindering where taskscan be performed to-
getherbut will slow eachother down in somequanti�ed way.

aircraft is assigneda deadlineby which it is to be readyfor rede-
ployment.MissionControlis responsiblefor assigningthedeadline
andfor identifying theareasof theaircraftthatneedservice.

Thereare� veteamsonthegroundthatreadytheaircraftfor their
next mission. Eachteamis controlledby a coordinationdecision
supportagentthat usesTÆMS agenttechnologyto reasonabout
what the teamshouldbe doing, when,andwith which resources.
In this scenariothe following teamshandleaircraftpreparation:1)
refuel, 2) rearm(replacesdepletedmissiles),3) avionics repair, 4)
weaponscontrolsrepair, and5) enginesrepair. As aircraft landthe
MissionControlagentnoti�es theserviceteamsof theaircrafts'ser-
vice needsandreadinessdeadlines.Theagentsthencommunicate
with one anotherand reason,in a distributed fashion,abouthow
their tasksmay interactand how best to selectand sequenceop-
erationsso that the most aircraft can be readyby their respective
launchtimes(if possible– not all probleminstancescontainfully
satis�ableconstraints).Theagentsperformthis coordinationusing
a new coordination-key algorithmpresentedin latersections.

In thisscenariothetasksrequiredto repairanindividualplanedo
not needto be performedin any speci�c sequence,however, there
aresetsof tasksthat cannotbe performedsimultaneouslybecause
they involve the samegeographicregions of the aircraft. For in-
stance,theenginescannotbe servicedwhile a planeis rearmedas
bothof theseactivities take placeon or nearthewings. In contrast,
avionicscanbeservicedwhile anaircraftis rearmedbecauseavion-
ics residein the cockpit region andthe rearmingtakesplaceon or
aboutthewings.A full speci�cationof taskinteractionsis shown in
Table1.

Thereareseveralcharacteristicsof thisprobleminstancethatmake
it ahardproblem:

The situation is dynamic – it is unknown a priori in whatstatethe
planeswill bewhenthey returnfrom their mission.Thusthe
agentsmustcoordinateanddecidewhich operationsto per-
form in real-time.

Agentsmust make quanti�ed / value decisions –differenttaskshave
differentvaluesandrequiredifferentamountsof time andla-
bor resources.For instance,it maynot benecessaryto refuel
theaircraftbeforethenext missionbut servicingavionicsmay
becritical.

Coordination is dynamic – theoperationsbeingperformedby the
repairteamsinteractandtheoccurrenceof theinteractionsare
alsonot known a priori . For instance,until anaircraft lands
it is not known whetheran enginewill needservicingat the
sametime that a refuelingcrew is attemptingto servicethe
aircraft.

Deadlinesare present – aircrafthave a deadlineby which repairs
mustbe completedanddifferentaircraft may have different

deadlines. Without deadlinesan inef�cient algorithm will
generallystill serviceall of the aircraft. Deadlinesrequire
the agentsto reasonaboutend-to-endprocessesand to co-
ordinatewith otheragentsto optimizetheir activities. (This
type of agentcoordinationproblemis conceptuallydynamic
distributedscheduling.)

Tasksare interdependent – tasksinteractin two different ways:
1) oversharedresourcesin aspatial/temporalfashion,2) mul-
tiple tasksmustbeperformedto accomplishagoal,e.g.,
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(thoughin TÆMSthis
generallypertainstodegreesof satisfactionratherthanaboolean
or binaryvalue).

Not alwayspossibleto meetall deadlines –notall probleminstances
aresolvable in the sensethat in a given scenario,it may be
possiblethattheoptimalsolutionis to missoneaircraftdead-
line rather than missing many deadlines. When control is
distributed, this characteristiccan make it particularlydif�-
cult to converge on a solutionbecauseit is dif�cult to know
whetheranoptimalresulthasbeenachieved(without a com-
plete,global view anda centralizedschedulingtechnology).
This characteristicmeansthat it is fairly easyfor a coordina-
tion algorithmto leadto many planesbeingpartially serviced
andnoneof themactuallymeetingtheir deadlines.

This probleminstancerequiresthreeclassesof simulationactiv-
ities: 1) simulatingtheoutcomeof thelastmissionin termsof air-
craft condition,2) simulatingtheactivities of MissionControland
the initial damageassessmentteam,3) simulatingthe activities of
therepaircrews. While detaileddescriptionis beyondthescopeof
thepaper, from a high level, theaerialbattleis simulatedusingei-
theraproblemspacegeneratoror ahumangeneratorwhoselectsair-
craft from a paletteand“breaks”theaircraft. Theactivities of Mis-
sion Control and the initial damageassessmentteamarecaptured
in TÆMStaskstructuresthatareproducedby thegenerationtools.
In essence,theMissionControlagent“sees”anaircraftfor the�rst
timeat its speci�edlandingtimeandat thatsametimeadescription
of the aircraft's serviceneedsis transmittedto Mission Control in
TÆMSformat. MissionControl thendisseminatestheinformation
to the serviceteams.The activities of the serviceteamsaresimu-
latedusingthe TÆMS agentsimulationenvironment[18]. In this
environmenttheagents,whicharedistributedondifferentmachines
andexecuteasdifferentprocesses,communicateandcarryoutsim-
ulatedtasks. The simulatedtasks,like real tasks,take a speci�ed
amountof time to executeandconsumeresources,e.g., replacing
anavionicsmoduleof type1 consumesonetype1 avionicsmodule.

Spaceprecludesa detailedspeci�cation of tasksandattributes,
however, it is importantto notethatdifferenttasksrequiredifferent
resources,differentamountsof resources,andrequiredifferenttime
to perform. For instance,refuelinganaircraft that is fully depleted
requiresmoretime andconsumesmorefuel (a resource).Otherex-
amples: repairingenginesdamagedto level 4 (heavily damaged)
requiresmoretime thanenginesthataredamagedto level 1 (lightly
damaged),rearmingfour missilesrequiresmoretimethanrearming
two missiles,etc. Similarly, differentaircraftconsumedifferentre-
sourcesandnotall aircraftneedaparticularclassof service.For in-
stance,theC9 surveillanceaircraftdoesnot carrymissilesanddoes
not containa weaponscontrolsmodule. In contrast,both the A10
andtheF16carrymissilesandbothhaveweaponscontrolsmodules
but themodulesfor thetwo aircraftaredifferentandrequirediffer-
entamountsof time to service.Theteamsthemselvesalsomaintain
different resources,e.g., the refueling teamis the only teamthat



Figure2: Portions of the TÆMS Task Structur esfor Mission Control and Thr eeof the ServiceTeamAgents

consumesthe fuel resource.However, in theprobleminstancedis-
cussedin this paperthe teamsdo not interactover consumablere-
sourcesso thecoordinationproblemis oneof spatialandtemporal
taskinteraction.

It is worthnotingthatwhile bothDARPA andHoneywell havein-
terestin this particulartypeof application,thecharacteristicsof the
applicationcanbefoundin otherproblemdomains.Theunderlying
technicalproblemis to coordinatedistributedprocessesthat affect
oneanotherwhentheenvironmentis dynamicandthecoordination
problemcannotbepredictedof�ine / a priori but insteadmustbe
solvedasit evolves.

3. TÆMS AND TÆMS AGENTS
We usetheexpressionTÆMSagentsto describeour agenttech-

nologybecausethecornerstoneof our approachis a modelinglan-
guagecalled TÆMS (Task Analysis Environment Modeling and
Simulation)[4]. TÆMSis awayto representtheactivitiesof aprob-
lem solvingagent– it is notablein thatit explicitly representsalter-
nativedifferentwaysto carryout tasks,it representsinteractionsbe-
tweenactivities,it speci�esresourceuseproperties,andit quanti�es
all of thesevia discreteprobabilitydistributionsin termsof quality,
cost,andduration.Theendresultis a languagefor representingac-
tivities that is expressive andhasproven usefulfor many different
domainsincludingtheBIG informationgatheringagent[12], theIn-
telligentHomeproject(IHome) [10], theDARPA ANTS real-time
agentsensornetwork for vehicle tracking [7], distributedhospital
patientscheduling[3], andotherslike distributedcollaborative de-
sign, processcontrol, agentsfor travel planning,agentdiagnosis,
andothers.

Figure 2 shows portionsof TÆMS task structuresfor Mission
Controlandthreeof theserviceteams.ConsidertheMissionCon-
trol taskstructure.It is a hierarchicaldecompositionof a top level
goalwhichissimplytoPrepare and Launch Aircraft . The
top level goal, or task, hastwo subtaskswhich are to Prepare
and Launch Wing1 andPrepare and Launch Wing2 . Each
of thesetasksaredecomposedinto subtasksto servicea particular
aircraftin thegivenwing, e.g.,Prepare F16.1 For Launch ,
and�nally into primitive actions. Tasksarerepresentedwith oval
boxes,primitive actionswith rectangles.Note thatmostof thede-
compositionsareomittedfrom the�gure for clarity. Thedetailsare

shown for the Prepare F16.1 For Launch task – it is de-
composedinto a singleprimitive action,Launch F16.1 , which
denotesthetime requiredfor MissionControl to launchtheaircraft
whenthe planeis ready. The operative word hereis ready. In or-
der for a given aircraft to be launchedon its next mission,it must
be serviced. The serviceactivities arenot carriedout by Mission
Control. In the �gure, Mission Control's dependenceon the ac-
tivities of the serviceagentsis denotedby the edgesleadinginto
Launch F16.1 from the actionsof other agents. Theseedges,
calledenablesin TÆMS,denotethattheotheragentsmustsuccess-
fully performtheirtasksbeforetheLaunch F16.1 activity canbe
carriedoutby MissionControl.Theseenablesarenon-local-effects
(NLEs) andidentify pointsover which theagentsmustcoordinate.
The time at which Mission Control canexecuteLaunch F16.1
is dependentonwhentheotheragentsperformtheir tasks.A differ-
enttypeof NLE existsbetweentheWeaponsControlsRepairagent
and the Avionics Repairagent– the two F16.1actionscannotbe
performedsimultaneouslyandthat is anotherpoint over which the
agentsmustcoordinate. In this problem,this spatial/temporalin-
teractionof theserviceteamsis thecoordinationproblemon which
we focus. The formerenabling-of-the-launch-taskinteractiononly
requiresthattheserviceagentsnotify MissionControlof whenthey
plan to performtheir activities becausein this applicationMission
Controlsetsandmaintainsdeadlinesandtheotheragentsnegotiate
over thetemporal/spatialMUX NLEsto satisfythestateddeadlines
if possible.Notethatwithin a taskstructuredeadlinesandearliest-
start-timesareinherited(unlessthoselower in the treearetighter)
so the temporalconstraintson Prepare and Launch Wing1
alsoapplyto Launch F16.1 . Thesamedeadlinesarepropagated
throughtheenablescoordinationto theserviceteamagents– note
thatF16.1's enginesmustbeservicedby 240also.

Note that all of the primitive actions(leaf nodes)also have Q
(quality), C (cost), and D (duration)discreteprobability distribu-
tions associatedwith them. For simplicity in this paperwe do not
useuncertaintyand all valueswill have a densityof 100%. Re-
pairing the enginesof F16.1 thus takes 200 time units while ser-
vicing theenginesof F16.2,which arelessdamaged,requires150
time units. Thetwo activities producequalitiesof 12 and9 respec-
tively. Thesum() functionundermostof theparenttasksis calleda
quality-accumulation-functionor qaf. It describeshow quality(akin
to utility) generatedat the leaf nodesrelatesto theperformanceof
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Figure3: A SingleTÆMS-basedAgent Readyto Coordinate Its
Activities With Other Agents

the parentnode. In this casewe sumthe resultantqualitiesof the
subtasks– otherTÆMSfunctionsincludemin, max,sigmoid,etc.
Quality is adeliberatelyabstractconceptinto whichotherattributes
maybemapped.In thispaperwewill assumethatquality is a func-
tion of theimportanceof therepair.2

In the sampletask structurethereis also an elementof choice
– this is a strongpart of the TÆMS constructand important for
any dynamicenvironmentin which resourcesor time may becon-
strained.TheRepair Aircraft Engines task,for example,
hastwo subtasksjoinedunderthesum() qaf. In this casetheEn-
gine Repairagentmay perform either subtaskor it may perform
both dependingon what activities it hastime for andtheir respec-
tive values. The explicit representationof choice– a choicethat
is quanti�ed by thosediscreteprobability distributionsattachedto
theleafnodes– is how TÆMSagentsmake contextually dependent
decisions.

By establishingadomainindependentlanguage(TÆMS)for rep-
resentingagentactivity, wehavebeenableto designandbuild acore
setof agentconstructioncomponentsandreusethemonavarietyof
differentapplications(mentionedabove). TÆMSagentsarecreated
by bundlingour reusabletechnologieswith a domainspeci�c com-
ponent,generallycalledadomainproblemsolver, thatis responsible
for knowing andencapsulatingthedetailsof aparticularapplication
domain. For this paperit is suf�cient to know that TÆMS agents
have componentsfor schedulingandcoordinationthatenablethem
to 1) reasonaboutwhat they shouldbe doingandwhen,2) reason
aboutthe relative valueof activities, 3) reasonabouttemporaland
resourceconstraints,and4) reasonaboutinteractionsbetweenac-
tivities beingcarriedout by differentagents.A high-level view of a
TÆMSagentis shown in Figure3; everythingexceptfor thedomain
problemsolver is reusablecode.Notethateachmoduleis aresearch
topic in its own right. Theagentscheduleris theDesign-to-Criteria
[14, 19,20] schedulerandthecoordinationmoduleis derivedfrom
GPGP[3]. Othermodules,e.g.,learning,canbeaddedto thisarchi-
tecturein asimilar(conceptual)plugandplayfashion.In theaircraft
serviceapplicationtherearetwo typesof domainproblemsolvers,
thosethat managethe serviceteamsand the problemsolver that
handlesmissioncontrol. The differenceis becauseMission Con-
trol hasuniqueresponsibilities(initial assessment,informationdis-
semination,andcontrol over deadlinerelaxation– not usedin the
experimentspresentedhere).

4. COORDINATION VIA KEYS
The goals of coordinationin this applicationare: 1) to adapt

to a dynamicsituation,2) to maximizethe numberof planesthat
arecompletelyrepairedby their respective deadlines,3) to provide
mutualaccessto sharedphysicalresources,4) achieve globalopti-
mizationof individual serviceteam(agent)schedulesthroughlocal

2Beyondthescopeof thispaperis theuseof qualityfor commitment
satisfactionin this applicationandits role in thecontrolheuristics.

mechanismsand peer-to-peercoordination. When examining the
coordinationproblem,it becameclearthat this applicationdomain
hasa uniquepropertynot generallyfoundin TÆMSagentapplica-
tions– for agentswhosetasksinteract,all of theirtaskswill interact.
By wayof example,all of theenginerepairtasksinteractwith all of
therefuelingtasksinteractwith all of therearmingtasks.Similarly
for the tasksthatpertainto the cockpit. All avionics tasksinteract
with all weaponscontrolstasks.

The implicationsof this property for coordinationare that: 1)
thereis noreasonfor aserviceteamthatoperatesonthewing region
to interactwith ateamthatoperatesin thecockpitandviceversa3, 2)
agentsthatoperateon thesamespatialarea(wing or cockpit)must
alwayscoordinatetheiractivities. This translatesinto adiscretepar-
titioning of the agentsinto coordination sets, i.e.,
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. Within eachcoordi-
nationset the tasksof the memberagentsform a fully connected
graphvia TÆMS non-local-effects. This meansthat for any agent
of agivenset,e.g.,theenginerepairagentof

�
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, to sched-
ule a repairtaskit mustdialog with theotheragentsto ensurethat
mutualexclusionover thesharedresource,e.g.,the wing on plane
F16.1,is maintained.

This coordinationproblemcould be solved in typical GPGP[4,
3, 11] fashion.However, GPGPoperatesin a pairwisepeer-to-peer
fashion. For agentsin
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this meansthat coordination
couldrequirea signi�cant amountof time to propagateandresolve
the interactingconstraintsand it is uncleargiven the dynamicsof
theenvironmentandthespeedwith which coordinationmustoccur
whetherconvergenceonareasonable,if suboptimal,solutionwould
ever occur.4 Becauseof the stronginterconnectednessof the tasks
andthepartitioningof agentsinto coordinationsets,we developed
a new algorithmfor problemclassesof this type.5

Thealgorithmusesacoordinationkey datastructureandconcepts
from token-passing[17, 8] algorithmsto coordinatetheagents.The
generaloperationof thealgorithmis that thereis onecoordination
key percoordinationsetthat is passedfrom agentto agentin a cir-
cular fashion. Whenan agentis holding the coordinationkey for
its coordinationset, it can1) declareits intendedcourseof action
/ schedules,2) evaluateexisting proposalsfrom otherotheragents,
3) con�rm or negateproposalsof otheragents,4) make its own pro-
posals,or 5) readcon�rmationsor negationsof its own proposalsby
otheragents.Thecoordinationkey itself is thevehicleby whichthis
informationis communicated.Eachkey containsintendedcourses
of action,proposals,andproposalresponses,andthis informationis
modi�ed astheagentscirculatethegivenkey. Thepseudo-codeof
thealgorithmis shown in Figure4.

Thecoordinationkey algorithmis effective but approximateand
heuristic. The crux of the matteris that in order for the agentsto
coordinateoptimally over a singleissue,e.g.,whenagentX should
performtask "$# , thekey mustcirculatethroughthecoordinationset
multiple times. Thenumberof timesthateachagentmusthold the

3An indirectinteractionoccurswhentheprobleminstancecontains
deadlinesthatcannotbemet. In suchcasesbothwing andcockpit
agentsshouldforgowork onselectedplanesin orderto avoid having
anentire�eet of aircraft thatarepartially complete,noneof which
arereadyfor their next mission. This interactionis dealtwith us-
ing valuefor commitmentsatisfactionandalgorithms/experiments
pertainingto that topic mustbe presentedseparatelydue to space
limitations.
4Note that this would alsoapply to otheragentsetsif theproblem
wereexpanded.
5Comparisonbetweenthe new key algorithmanda pairwisetech-
niqueis discussedin theconclusion.



If (coordinationKey is not null) and

   (needCoordinate or coordianationKey.othersNeedCoordinate) {


primarySchedule = evaluate(taems,

coordinationKey.getPrimaryDontCommitments());


if (coordinationKey.getSecondaryDontCommitments()

    interractWith taems.getDeadlineCommitments()) {


secondarySchedule = evaluate(taems,

coordinationKey.getSecondaryDontCommitments());


if (primarySchedule.quality > secondarySchedule.quality) {

preferredSchedule = primarySchedule;


                  coordinationKey.discardSecondaryDontCommitments();

} else {


preferredSchedule = secondarySchedule;

coordinationKey.replacePrimary-


DontCommitmentsWithSecondaryDontcommitments()

}


} else {

preferredSchedule = primarySchedule;


}

taems.setSchedule(preferredSchedule);

violatedDeadlines = taems.getViolatedDeadlines(preferredSchedule);

newViolatedDeadlines = violatedDeadlines.getNewDeadlines();

whatifDontCommitments = coordinationKey.getPrimaryDontCommitments();

whatifDontCommitments.discardInteractions(newViolatedDeadlines);

whatifSchedule = evaluate(taems, whatifDontCommitments);

if (whatifSchedule != preferredSchedule)


coordinationKey.addSecondaryDontCommitments(whatifSchedule);

whatifViolatedDeadlines = taems.getViolatedDeadlines(whatifSchedule);

taems.markAsOldDeadlines(whatifViolatedDeadlines)


}

oldViolatedDeadlines = violatedDeadlines.getOldDeadlines();

communicateDeadlineViolation(oldViolatedDeadlines);


Figure 4: Pseudo-codeof an Indi vidual Agent's Coordination
Reasoning

key is dependenton thechangesmadeduringeachiteration. In the
worstcaseeachagentwill haveto re-sequenceeachof its

'

activities
oncefor every changethat is made,but thesechangespropagateto
the otheragentsso the circulation-to-convergencefactor is �

	�-

�

�

ratherthan �

	�'����

(where
-

is a constant).The coordinationkey
algorithmabovemultiplexeschangessothatin agivenpassthrough
a coordinationsetmultiple changesareconsideredby theagentsat
once.

We hypothesizedthat in someprobleminstancesthe algorithm
would fail to �nd an optimal solution but that in most problem
instancesit would perform well. To test this hypothesiswe cre-
ateda centralizedglobalschedulerthat createsschedulesfor all of
the agentteamsvia exhaustive search.The centralizedscheduling
problemis exponential,however, for instanceshaving lessthan11
total repairsthe exhaustive scheduleris responsive enoughfor ex-
perimentation.6 Becausethe probleminstancepresentedhereuses
a subsetof TÆMS features,the centralizedscheduleris designed
to solve a representationof exactly the subsetneeded,i.e., it does
notperformdetailedTÆMSreasoningbut insteadmaintainsthere-
quiredconstraints(e.g.,deadlines,earlieststarttimes,serviceteams
canonly serviceoneaircraft at a time, andonly oneserviceteam
canwork in a cockpit or thewing region at a given point in time).
The centralizedscheduleralgorithm is outlined in Figure 5. The
functionof thecentralizedscheduleris twofold. First, it determines
the minimum numberof aircraft deadlinesthat will be missedby
anoptimalsolution. In somecasesall deadlinescanbemetandin
othersaircraftdeadlinesrepresentunsatis�ableconstraints.Thesec-
ondroleof thecentralizedscheduleris to determinetherelativesize
of the differentsolutionspaces.For instance,for a given problem

6The centralizedschedulerrequireson the orderof 10 minutesto
schedule11 repairson a dual-processorXenon2Ghz linux work-
station. A probleminstanceof that sizewill generateon or about
241,920schedulessomesubsetof whichareunique.

Figure 5: The Centralized Exhaustive SchedulingOracle Has
An Omnipotent View – FigureShowsOne SchedulingInstance

theremaybezerosolutionsthatdon't missany deadlines,X (opti-
mal) solutionsthatmissoneaircraftdeadline,Y solutionsthatmiss
two aircraftdeadlines,Z solutionsthatmissthreeaircraftdeadlines,
etc. By tabulating this informationwe candeterminea percentile
ranking for the solutionsproducedby the distributedcoordination
key algorithm.Thecentralizedschedulerdoesnotcompetewith the
distributedcoordinationkey algorithmon a completelylevel play-
ing �eld. Thecentralizedschedulerseesall therepairsthatwill be
neededfor all planeson a given probleminstanceat time 0. The
agentsin thedistributedsystemonly seerepairsastheaircraftland.
Thus, for the instanceshown in Figure5, the serviceteamagents
will notseeaircraftA10.1until time25(whenit lands).At this time
they maybecommittedto asuboptimalcourseof actionthatthecen-
tralizedomnipotentschedulerwill avoid becauseit canseeA10.1's
repairsat time 0 alongwith all of the other repairsthat will need
to be scheduled.This differenceis dueto a needto keepthe cen-
tralizedschedulerdevelopmentcostsdown andhasits rootsin de-
sign/implementationissueswith thesimulationenvironment.A re-
latedbiasin favor of thecentralizedscheduleris thatthedistributed
coordinationmechanismsoperatein the samesimulatedclock as
therepairsthemselves. This enablesthesimulationenvironmentto
controlandmeasurecoordinationcostsbut causesa skew in terms
of the apparentcostof coordinationrelative to domaintasks,e.g.,
in somecasesthe ten clicks (about5 secondsin wall clock time)
that the agentsrequireto coordinatewill take asmuchsimulation
timeasit takestheserviceteamsto rearmonemissileonanaircraft.
The skew is of primary relevancewhencomparingthe distributed



Mean# SolutionsPossible Characteristicsof SolutionGeneratedby CoordinationKeys
Expmnt Num MissingX Aircraft Deadlines Median StdDev %-tile %-tile %-tile
Class Trials X=0 X=1 X=2 X=3 X=4 X=5 X=6 Mean %-tile %-tile of %-tile Same Better Worse

A 32 .31 1.09 .75 .31 .13 0 0 1.13 1.0 1.0 0 .80 0 .20
B 32 .31 2 3.1 3.6 2.9 0 0 1.5 .98 1.0 .12 .58 .02 .41
C 32 0 3.2 13 24.1 16.3 2.53 .4 2.1 .97 1.0 .08 .38 .03 .62
D 28 0 3.1 16.8 33.0 49.6 36.3 2.7 2.4 .98 1.0 .04 .26 .02 .73

Table 2: ResultsComparing Coordination Keysto Exhaustive and Optimal Centralized ScheduleGeneration

algorithmto thecentralizedschedulerandis lessof an issuewhen
comparingdifferentdistributedalgorithms.

Table2 presentstheresultsof comparingthecoordinationkey al-
gorithm to the optimal andexhaustive centralizedscheduler. Each
row is thestatisticalaggregationof onesetof trials whereeachset
of trials is drawn from onedif�culty class.Therows lower in theta-
blerepresentincreasinglymoredif�cult probleminstances– aircraft
having more repairsand tighter deadlinesrelative to their landing
timesandthe time requiredfor their repairs7. All rows exceptfor
the last represent32 randomtrials. Row D contains28 becauseof
theoccasionalexceptionthrown by theexhaustive schedulercaused
by runningout of RAM. As the dif�culty increases,note that the
densityof thesolutionspaceincreasesandshifts right. This is rep-
resentedby the columnsX=0, X=1, ..., which contain the mean
numberof solutionsproducedby the oraclethat miss0 deadlines,
1 deadline,etc., respectively. As the probleminstancesget harder
moreaircraftarelikely to missdeadlines.Notethatthecoordination
key algorithmgenerallyperformswell for all of the testedcondi-
tions.TheMeanvaluedenotestheaveragenumberof aircraftdead-
linesmissedduringa batchof trials. Themoredescriptive statistics
arethoseaboutthepercentilerankingof thesolutionsgeneratedby
coordinationkeys. This is becausehow well thekeysalgorithmper-
formsis determinednotby theabsolutenumberof misseddeadlines
(theaverageof which is presentedin themeancolumn)but instead
by thesolutionspossiblefor agiventrial. For instance,in sometrials
thebestsolutionpossiblemaymisstwo deadlines.As thedif�culty
increasesthe meanvaluefor the keys algorithmincreasesbecause
therearemoreinstanceswheretheoptimal solutionis to missone
deadline,or two deadlines,etc.Lookingat thepercentiles,in exper-
imentclassA thekeys algorithmperformedin the100thpercentile,
in experimentclassB the98thpercentile,in experimentclassC the
97th percentile,and in classD (the mostdif�cult class),the 98th
percentile.Thepercentileratingis computedasfollows:

� The centralizedschedulergeneratesall of the uniquesched-
ulesthatexist for a givenindividual trial.

� Theseschedulesarebinnedaccordingto thenumberof dead-
linesmissed,e.g.,in X of theschedules0 aircraftmissadead-
line, in Y of theschedules1 aircraftmissesa deadline,in Z
of theschedules2 of theaircraftmissa deadline,etc. Think
of thecentralizedschedulerasproducinga histogramof pos-
sible solutionswheresolutionsarebinnedby the numberof
deadlinesmissed.
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bethenumberof aircraftdeadlinesmissedby
thecoordinationkey algorithmin trial i.
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misseddeadlines).

7Theseventrial parametersare:(1) landtime,(2) takeoff timedead-
lines, (3) level of avionics damage,(4) level of weaponscontrol
damage,(5) level of enginesdamage,(6) level of rearmdamage,
and(7) refuellevel.
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betheoverall percentile
rankingfor onebatchof 32 trials.

In all casesthe medianpercentileis 100%andthe standardde-
viation is low. Becausetherearegenerallymultiple solutionsthat
performaswell asthesolutionsactuallygeneratedby thecoordina-
tion keys, its percentileis brokendown in thelast threecolumnsof
Table2. Thecolumnmarked%-tile Sameindicatesthemean% of
possiblesolutionsthat missexactly asmany deadlinesasthe keys
algorithm did. %-tile Better indicatesthe numberthat performed
strictly better (missingfewer aircraft deadlines)and%-tile Worse
indicatethenumberthatperformedstrictly worse.Notethatasthe
problemspacegetsharderthenumberof solutionspossiblethatare
worsethanthosefoundby thekeysalgorithmincreases.At thesame
time thebandof solutionsasgoodasthosegeneratedby keys nar-
rows,asdoesthebandof solutionsthatarestrictly betterthanthose
foundby thekeysalgorithm.

While thedatasuggeststhat thealgorithmperformswell on av-
erage,thereare circumstanceswherethe algorithm performsless
well. We examinedseveral suchinstancesin detail andwhile we
have intuitions aboutwhenthe algorithmwill performin a subop-
timal fashion,theexperimentsin which performanceis suboptimal
pertainto a morebasicissue. To illustrate let us assumea three-
aircraftprobleminstancewith thefollowing characteristics:

� Aircraft F16arrivesattime15with adeadlineor take-off time
of 400andrequiresrepairof enginesdamagedto level 2 (the
durationof this repairis 100).

� Aircraft A10 arrives at time 18 with a deadlineof 450 and
requirescompleterefueling(thedurationof this taskis 100).

� Aircraft C9 arrivesat time 24 with a deadlineof 240andre-
quiresrepairof enginesdamagedto level 2 (the durationof
this repairis 100)andrefuelingof a quartertank(durationof
this tank25).

TheF16landsat time 15 andtheengineserviceteamobtainsthe
coordinationkey andschedulestheenginerepairof theF16 to run
from time 17 to 117. TheA10 landsat time 18 andat time 19 the
refuelteamgetsthecoordinationkey andschedulesrefuelingof the
A10 to lastfrom 19to 119.WhentheC9landsattime24theengine
serviceteamis thusoccupiedwith theF16until time117andthere-
fueling teamis occupiedwith theA10 until time119.To respondto



the C9's landingandrepairneeds,theengineserviceteamobtains
the coordinationkey at time 25 and schedulesC9's repair to run
from time117to time 217.At asubsequenttime-step,therefueling
teamattemptsto scheduleC9'srefueling,however, becausebothre-
fueling andenginerepairaremutually exclusive tasks,the earliest
time the refueling teamcanschedulethe C9 is at time 217. This
meansit is impossibleto servicethe C9 by its deadline(take-off
time) of 240. In responseto this pendingfailure, therefuelservice
teamattemptsto negotiatewith theengineserviceteamvia theco-
ordinationkey to obtaina wing accessslot between119 and217.
However, theengineserviceteamneedsthat time slot to complete
its portionof theC9's enginerepairson time. Theendresultis that
the C9's deadlinecannotbe met. For this sameprobleminstance,
however, thecentralizedschedulerwasableto produceasolutionin
which all of thedeadlinesaremet.

Theunderlyingissueis thatserviceactivitiesarenot interruptible
in this probleminstance– otherwiserepair teamscould run from
aircraft to aircraft and the optimizationproblemwould be much
simpler. If activities were interruptible,when the C9 �rst landed
eithertheengineserviceteamor therefuelserviceteamcoulddis-
engagefrom their respective currentactivities (servicingtheF16or
theA10) andattendto theC9,which is theaircraftwith thetightest
deadline.Thereasonthecentralizedscheduleris ableto producea
bettersolution in this probleminstance– a solutionwhich eludes
thedistributedcoordinationapproach– is thatthecentralizedoracle
seesall of therepairtasksa priori . It thusconsidersthepossibility
of not servicingthe F16 or A10 immediatelyuponarrival so that
theC9canbeservicedby enginesor refuelingimmediatelyuponits
arrival andall deadlinescanbemet.

Thisparticularperformanceissuederivesfrom thesomewhatim-
balancedplaying�eld (discussedearlier)betweenthedistributedal-
gorithm andthe centralizedoracle. Interestingly, we canhypothe-
sizetwo instanceswherethe distributedalgorithmwill fail to per-
form well, even on a level playing �eld, but suchinstancesoccur
infrequentlyin randomlygeneratedprobleminstances– eventhose
with tight deadlineconstraintsandnumerousrepairsperaircraft.8

Oneinstancewherethe thecoordinationkey algorithmwill per-
form lesswell entailssemi-independentcoordinationproblemsthat
occursimultaneouslyin thecoordinationsetof morethantwo agents.
Imaginea coordinationsetof the rearm,refuel, andenginerepair
agents.Let thekey passfrom agentto agentin thefollowing order:
rearmto refuel to engine(thenthe cycle repeats).Now, let us as-
sumethatat time

�

therearmagentneedsa time slot that is heldby
theengineagent,andthatrefuelneedsa timeslot thatis heldby the
rearmagent.Theimplicationsarethatmultiple unrelatedproposals
mustresideononekey for partof thecoordinationsettraversal,i.e.,
the proposalfrom rearmto engineandtheproposalfrom refuel to
rearmboth resideon the key during the refuel to engineto rearm
circuit. The key algorithm is designedwith the assumptionthat,
in general,multiple proposalswill pertainto a single (sometimes
multi-step)coordinationprocess.Therefore,whentheengineagent
receives the coordinationkey it eitheracceptsor rejectsthe setof
currentproposals(from therearmandrefuelagents)enmasseeven
thoughit mayonly beaffectedby therearmagent'sproposal.In this
case,whenthesetof proposalsarrivesandtheengineagentdeter-
minesthat it cannotsatisfythe rearmagent's request,it rejectsthe
proposalsen masseandthe proposalfrom refuel to rearmis never
evaluatedby the rearmagent. This may result in a missedoppor-
tunity for therefuelagent.Theshortcomingdescribedherecanbe
�x edby makingtheagentsmoreselective in proposalrejection.

8If therepairsarespreadoveralargenumberof aircraftthereis little
spatialresourcecontentionandserviceteamscanbasicallyfunction
in parallel.

Anotherinstancewherethecoordinationkey algorithmmayper-
form lesswell is whena long chainof multi-stepinter-locking re-
sourcereleasesarerequired. The factorat work is the algorithm's
approximatelimited-cycle-to-actionmodel.However, asnoted,nei-
therclassof problemsoccurfrequentlywith randominstances.We
arecurrentlyexploring creatinga generatorandexperimentsto test
performanceunderthesecircumstances.

5. RELATED WORK
The TRACE system[5] alsodealswith distributed taskperfor-

mancethoughthe focusof TRACE is on task allocationto agent
organizations.Like our problemspace,TRACE taskshave dead-
lines and requireddurations. The importantdifferenceis that in
TRACEthetasksareindependent– they donot interactover shared
resourcesat run or performancetime nor aresetsof themrequired
to solve somelargerobjective (e.g.,in our applicationthereis con-
ceptuallyan

�.'
�

function over the setof servicetasksrequiredto
preparetheplanefor its next launch).

The intelligent home,or IHome [10] project,alsohadresource
coordinationissuesto resolve. TheSHARPprotocolusedin IHome
wasimplementedin bothcentralizedanddistributedversions.The
distributedversionis themostrelevantfor comparisonthoughit dif-
fersfrom thekey algorithmin severalways.First,SHARPrelieson
client assignedpriorities to determinewhich agentshouldhave ac-
cessto agivenresourceif thereis contention.Second,in theIHome
activities are �x ed temporally, e.g., the humanuser takes his/her
shower at a particulartime of daysoif thereis a con�ict, theprior-
ity measurealonedeterminesproperresolution.SHARPalsodoes
not partition theagentsso agentsthatdid not consumeresourceX
would still coordinateover the usageof resourceX. SHARPalso
usesa generalbroadcastmodelwhich meansinteractingissuescan
bebroadcastconcurrently– webelieve thiswouldnotwork well for
con�ict resolutionin a domainwithouthard-setpriority measures.

Work in economicagentsystemsfrequentlyentailsprotocolde-
velopment,e.g.,[9, 2]. The issuesaddressedby suchprotocolsare
generallya differentclass.Insteadof theglobaloptimizationof in-
teractingtaskswith resourceand temporalconstraints,suchwork
generallyrelatesto fairness,bidding strategieswithin the problem
space,andobtainingequilibrium. Suchwork alsogenerallyentails
a centralizationmechanism,e.g.,an auctioneer, not presentin the
distributeddynamiccoordinationof this paper. Notethatcombina-
torial auctions[15] exhibit intractability in muchthe sameway as
distributedscheduling-esquecoordinationwork like thatpresented
heredo.

Peer-to-peerauctions[13] in whichbiddingis distributedalsoex-
hibit propagation-to-convergenceproperties.However, becausethe
attributesbeingmodi�ed arethe bid andaskprices,andtheseare
not �x ed temporallythe way repairtasksaresituatedin our prob-
lem instance,theparallelsaregenerallysurfacelevel.

OtherTÆMScoordinationtechnologiesexist andhavebeenused
on relatedproblems. In the distributedsensornetwork [7] agents
coordinateto trackvehiclesthroughasensorgrid. Thisproblemand
the control regime differ becausethe problemfocuseson periodic
tasks. Another exampleis distributed hospitalpatientscheduling
[3]. The coordinationmechanismsusedin that applicationarethe
traditionalGPGPpairwisemechanismsthat we believe would not
serve well in the aircraft serviceproblemspacedueto the higher
degreeof interdependence(discussioncontinuesin theconclusion).

With respectto thecommunityat large, therearesomesimilari-
tiesbetweenour work andthatdealingwith teamwork [16] or joint
problemsolvingformalisms[6]. Our work differs in its distributed
dynamicschedulingfocusandits implicit, ratherthanexplicit, use
of joint goalconstructs.(Moredetailsarein [11].)



The coordinationkey algorithm has someconceptsin parallel
with token basednetworking [17, 8]. Oneparallel is that the co-
ordination setof agentsform a virtual ring aroundwhich the key
is passed.The key, like the token in networking, gives the agent
holdingthekey theability to enterits conceptualcritical section.In
networking, the critical sectionis actually the network bandwidth
– in our coordinationalgorithmthecritical sectionis the ability to
proposechangesandtheability to respondto otherproposals.Our
work differsin thatthekey representstheability to make high level
changesthat impact the othernodesandthat the key itself carries
proposals,responsesto proposals,andothercoordinationdata.

6. LIMIT ATIONS AND FUTURE WORK
In the future,we would like to comparethecoordinationkey al-

gorithm to a distributed pairwise(classicGPGPstyle) algorithm.
We believe the key-basedapproachwill performbetterbut this is
only conjectureat this point. Becausethe characterof the spatial
interactionsin this problemdiffers from that typically modeledin
TÆMS the standardGPGPcoordinationtechniquescould not be
employed without modi�cations to TÆMS. Due to time and re-
sourceconstraints,andadesireto comparedistributedcoordination
to acentralizedoptimaloracle,resourcesweredirectedin thatfash-
ion.

Heretounmentionedis thepossibilityof creatinganef�cient op-
timal centralizedschedulerfor theserviceteams.As presentedhere
the taskspaceappearssuf�ciently constrainedto lend itself to cen-
tralizedapproachesthat do not requireexhaustive search. This is
partly an artifact of the task spaceas framedfor this application
– we areusinga smallsubsetof TÆMSfeaturesandthenon-local-
effects(NLEsor taskinteractions)presentedin thispaperall involve
mutualexclusion.In thegeneralcase,taskinteractionsmayimpact
eachother's quality, cost,anddurations(not just dictatemutualex-
clusion)andthe elementof choiceis larger thanpresentedhere–
thesecharacteristicscombinedwith differingdeadlinesoftenthwart
typicalnon-exhaustive centralizedschedulingmethodologies.More
importantly, however, is themotivationfor distribution. Distribution
enablesincrementaladditionof repairteams,giveseachteamlocal
autonomy(if thesimulatedteamswerehuman,they couldexercise
their own judgmentandtheTÆMStechnologieswould coordinate
with the human's choiceswhenthe coordinationrecommendation
is over-ridden),removesa centralpoint of failure,andremovesthe
issueof computationalor communicationoverheadthatoccurswith
onecentralizedschedulingnode. In the broadersense,centraliza-
tion is often not possibleor not desirabledueto privacy concerns,
theneedto avoid a centralpoint of failure,scalabilityissues,or the
potentialprocessingdelay. In many instances,it is alsonot required
– considerthediscretespacesrepresentedby thedifferentcoordina-
tion setsin thisapplicationbut imagineanetwork of 100,000agents
– not all of thesewould needto interact,coordinate,or even be
awareof oneanother.
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