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ABSTRACT

This paperdescribeganagentapplicationfor thecoordinatiorof air-

craftrepair re t, refuel,andrearmteamsin a dynamicsetting.The
paperalsopresents new algorithmfor dynamicdistributedservice
teamcoordinatiorandcomparests performanceo anoptimalcen-
tralizedserviceteamscheduler

Categoriesand Subject Descriptors

1.2.11[Arti cial Intelligence]: DistributedAl—CoheenceandCo-
ordination, Multi-Agent Systems

General Terms
Algorithms, Experimentation

Keywords

Coordination,Multi-Agent Systems,Intelligent Agents, TAEMS,
TeamsReal-Time, Dynamic

1. INTRODUCTION

Aircraft returningfrom anengagememeedrefuelingandpoten-
tially neednewn ordinanceand repairs. The implicationsare that
multiple differentservicecrews, thathave differentcapabilitiesand
requiredifferentresourcesmust coordinateto effectively prepare
the aircraft for anothemission. For instance,t may not be desir
able to servicethe engineswhile new ordinanceis being loaded.
Similarly it may not be possibleto servicethe engineswhile refu-
eling takes place. In contrast,it may be possibleto overlapsome
actiities, e.g., replacingthe cockpit avionics while refueling the
aircraft.
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Figure 1: The Simulation Environmentand StatusDisplay

In this paper we explore the useof agenttechnologieso coor
dinateaircraftserviceteamsandpresent new TAEMS (TaskAnal-
ysis EnvironmentModeling and Simulation)[4] coordinationalgo-
rithm usedto coordinateserviceteamactiity. The performancef
the algorithmis comparedto a centralizedschedulingoraclethat
generatesptimal schedulegor the teams- thoughthe centralized
schedulingproblemis exponential the oracleprovidesa goodbasis
for comparisoron smallerprobleminstances.A screenimage of
theapplicationis shavn in Figurel. Notethe “busy” taskstructure
in thecenterof thescreen- it is partof the centralizeccoordination
problemthatthe agentssolve throughdistributedandlocal reason-
ing with partialviews (the centralizedview is thatof the simulation
ervironment). In the following sections,we specify the problem
spacede ne anew key-basectoordinationalgorithm,andcompare
thealgorithmto the centralizecbracle.

2. DYNAMIC AIRCRAFT READINESS

In this projectwe simulateaircraftreturningfrom anengagement
andneedingrepairs/ readines®perationgo be performed. Three
typesof aircraftaremodeled:F16s,A10s,andC9 suneillancecraft.
Whenan aircraftreturnsit is potentiallyin needof (to varying de-
grees):1)fuel, 2) missiles 3) repairsto engines4) repairsto cockpit
avionics,or 5) repairsto cockpitweapongontrols! Eachincoming

INotethatthisis asmallsubsebf thepossiblétemsneedingservice
or inspection-this simpli cation is alongadimensiorthatdoesnot
greatlyimpactthe uutility of the coordinationalgorithm.



Repair | Repair Repair
Engines| Avionics | WeapCtrl| Refuel | Rearm
Engines NLE NLE
Avionics NLE
WeapCitrl NLE
Refuel NLE NLE
Rearm NLE NLE

Table 1: TaskslInteractions 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 tasks can be performed to-
getherbut will slow eachother down in somequanti ed way.

aircraftis assigneda deadlineby which it is to be readyfor rede-
ployment.MissionControlis responsibldor assigninghe deadline
andfor identifyingthe areasof theaircraftthatneedservice.

Thereare veteamsonthegroundthatreadytheaircraftfor their
next mission. Eachteamis controlledby a coordinationdecision
supportagentthat usesTZAEMS agenttechnologyto reasonabout
what the teamshouldbe doing, when, and with which resources.
In this scenariahe following teamshandleaircraft preparation:1)
refuel, 2) rearm(replacegdepletedmissiles),3) avionics repair 4)
weaponsontrolsrepair and5) enginegrepaitr As aircraftlandthe
MissionControlagentnoti es theserviceteamsof theaircrafts'ser
vice needsandreadinessleadlines.The agentthencommunicate
with one anotherand reason,in a distributed fashion,abouthow
their tasksmay interactand how bestto selectand sequencep-
erationsso that the most aircraft can be readyby their respectie
launchtimes (if possible— not all probleminstancesontainfully
satis able constraints).The agentgperformthis coordinationusing
anew coordination-ky algorithmpresentedh latersections.

In this scenariadhetasksrequiredto repairanindividual planedo
not needto be performedin ary speci ¢ sequencehowever, there
are setsof tasksthat cannotbe performedsimultaneoushbecause
they involve the samegeographicregions of the aircraft. For in-
stancethe enginescannotbe servicedwhile a planeis rearmedas
both of theseactuities take placeon or nearthewings. In contrast,
avionicscanbeservicedwhile anaircraftis rearmececausevion-
ics residein the cockpitregion andthe rearmingtakesplaceon or
aboutthewings. A full speci cationof taskinteractionss shavn in
Tablel.

Thereareseveralcharacteristicsf this probleminstancehatmalke
it ahardproblem:

The situation is dynamic —it is unknawvn a priori in whatstatethe
planeswill bewhenthey returnfrom their mission. Thusthe
agentsmust coordinateand decidewhich operationgo per
formin real-time.

Agentsmust make quanti ed / value decisions —differenttaskshave

differentvaluesandrequiredifferentamountsof time andla-
bor resourcesFor instancejt may not be necessaryo refuel
theaircraftbeforethenext missionbut servicingavionicsmay
becritical.

Coordination is dynamic —theoperationdeingperformedoy the
repairteamsnteractandtheoccurrenc®f theinteractionsare
alsonot known a priori. For instanceuntil anaircraftlands
it is not knovn whetheran enginewill needservicingat the
sametime that a refuelingcrew is attemptingto servicethe
aircraft.

Deadlinesare present — aircrafthave a deadlineby which repairs
must be completedand differentaircraft may have different

deadlines. Without deadlinesan inef cient algorithm will

generallystill serviceall of the aircraft. Deadlinesrequire
the agentsto reasonaboutend-to-endprocessesndto co-
ordinatewith otheragentsto optimizetheir actvities. (This
type of agentcoordinationproblemis conceptuallydynamic
distributedscheduling)

Tasksare interdependent — tasksinteractin two differentways:
1) oversharedesourcedn aspatial/tempordlashion 2) mul-
tiple tasksmustbe performedo accomplishagoal,e.qg.,

(thoughin TAEMS this
generallypertaindo degreesof satishctionratherthanaboolean
or binaryvalue).

Not always possibleto meetall deadlines —notall probleminstances
aresolhablein the sensethatin a given scenarioit may be
possiblethatthe optimalsolutionis to missoneaircraftdead-
line ratherthan missingmary deadlines. When control is
distributed, this characteristiccan male it particularly dif -
cult to converge on a solutionbecauset is dif cult to know
whetheran optimalresulthasbeenachiezed (without a com-
plete,global view anda centralizedschedulingtechnology).
This characteristianeanghatit is fairly easyfor a coordina-
tion algorithmto leadto mary planesbeingpartially serviced
andnoneof themactuallymeetingtheir deadlines.

This probleminstancerequiresthreeclasse®f simulationactiv-
ities: 1) simulatingthe outcomeof thelast missionin termsof air-
craft condition, 2) simulatingthe actiities of Mission Control and
theinitial damageassessmerteam,3) simulatingthe actiities of
therepaircrens. While detaileddescriptionis beyond the scopeof
the paper from a high level, the aerialbattleis simulatedusingei-
theraproblemspacegeneratoor ahumangeneratowho selectsir-
craftfrom a paletteand“breaks”the aircraft. The actiities of Mis-
sion Control andthe initial damageassessmerteamare captured
in TEEMStaskstructureghatare producedy the generatiortools.
In essencethe Mission Controlagent‘sees”anaircraftfor the rst
time atits speci edlandingtime andatthatsametime adescription
of the aircraft's serviceneedsis transmittedto Mission Controlin
TAMSformat. Mission Controlthendisseminatethe information
to the serviceteams. The actities of the serviceteamsare simu-
lated usingthe TAEMS agentsimulationervironment[18]. In this
ervironmenttheagentswhich aredistributedon differentmachines
andexecuteasdifferentprocesseg;ommunicateandcarry out sim-
ulatedtasks. The simulatedtasks,like real tasks,take a speci ed
amountof time to executeand consumeresourcese.g., replacing
anavionicsmoduleof type 1 consumesnetype 1 avionicsmodule.

Spaceprecludesa detailedspeci cation of tasksand attributes,
however, it is importantto notethatdifferenttasksrequiredifferent
resourceslifferentamountsf resourcesandrequiredifferenttime
to perform. For instance refuelinganaircraftthatis fully depleted
requiresmoretime andconsumesnorefuel (aresource)Otherex-
amples: repairingenginesdamagedo level 4 (heaily damaged)
requiresmoretime thanengineshataredamagedo level 1 (lightly
damaged)rearmingfour missilesrequiresmoretime thanrearming
two missiles,etc. Similarly, differentaircraftconsumedifferentre-
sourcesandnotall aircraftneeda particularclassof service.For in-
stancethe C9 suneillanceaircraftdoesnot carry missilesanddoes
not containa weaponscontrolsmodule. In contrast,boththe A10
andtheF16 carrymissilesandbothhave weaponontrolsmodules
but the modulesfor thetwo aircraftaredifferentandrequirediffer-
entamountof time to service.Theteamshemselesalsomaintain
differentresourcese.g., the refuelingteamis the only teamthat



Figure 2: Portions of the TAEMS Task Structur esfor Mission Control and Thr eeof the Sewice TeamAgents

consumeshe fuel resource However, in the probleminstancedis-
cussedn this paperthe teamsdo not interactover consumablee-
sourcesso the coordinationproblemis oneof spatialandtemporal
taskinteraction.

It is worth notingthatwhile bothDARPA andHoneywell havein-
terestin this particulartype of application the characteristicef the
applicationcanbefoundin otherproblemdomains.Theunderlying
technicalproblemis to coordinatedistributed processeshat affect
oneanothemwhenthe environmentis dynamicandthe coordination
problemcannotbe predictedof ine / a priori but insteadmustbe
solvedasit evolves.

3. TAEMS AND TAEMS AGENTS

We usethe expressionT £MSagentsto describeour agenttech-
nology becausehe cornerstonef our approachis a modelinglan-
guagecalled TEMS (Task Analysis Environment Modeling and
Simulation)[4]. TAEMSis awayto representheactiities of aprob-
lem solvingagent-it is notablein thatit explicitly representslter
native differentwaysto carryouttasksit representmteractionse-
tweenactiities, it speci esresourcaisepropertiesandit quanti es
all of thesevia discreteprobability distributionsin termsof quality;
cost,andduration.Theendresultis alanguagédor representingc-
tivities thatis expressve and hasproven usefulfor mary different
domainsncludingtheBIG informationgatheringagent12], theln-
telligentHome project(IHome) [10], the DARPA ANTS real-time
agentsensometwork for vehicle tracking[7], distributed hospital
patientscheduling3], andotherslik e distributed collaboratve de-
sign, processcontrol, agentsfor travel planning, agentdiagnosis,
andothers.

Figure 2 shaws portionsof TAEMS task structuresfor Mission
Controlandthreeof the serviceteams.Considerthe Mission Con-
trol taskstructure.lt is a hierarchicaldecompositiorof a top level
goalwhichissimplytoPrepare and Launch Aircraft . The
top level goal, or task, hastwo subtaskswhich areto Prepare
and Launch Wingl andPrepare
of thesetasksare decomposedhto subtaskdo servicea particular
aircraftin thegivenwing, e.g.,Prepare  F16.1 For Launch,
and nally into primitive actions. Tasksarerepresentedvith oval
boxes, primitive actionswith rectangles.Note that mostof the de-
compositionsareomittedfrom the gure for clarity. Thedetailsare

shavn for the Prepare F16.1 For Launch task- it is de-
composednto a single primitive action,Launch F16.1 , which
denoteghetime requiredfor Mission Controlto launchthe aircraft
whenthe planeis ready The operatve word hereis ready In or-
derfor a given aircraftto be launchedon its next mission,it must
be serviced. The serviceactvities are not carriedout by Mission
Control. In the gure, Mission Control's dependencen the ac-
tivities of the serviceagentsis denotedby the edgesleadinginto
Launch F16.1 from the actionsof otheragents. Theseedges,
calledenablesn TAMS,denotethatthe otheragentamustsuccess-
fully performtheirtasksbeforetheLaunch F16.1 actiity canbe
carriedout by Mission Control. Theseenablesarenon-local-efects
(NLEs) andidentify pointsover which the agentsmustcoordinate.
The time at which Mission Control canexecuteLaunch F16.1
is dependenbn whentheotheragentperformtheirtasks.A differ-
enttypeof NLE existsbetweerthe Weapon<ontrolsRepairagent
andthe Avionics Repairagent— the two F16.1actionscannotbe
performedsimultaneoushandthatis anotherpoint over which the
agentsmust coordinate. In this problem, this spatial/temporain-
teractionof the serviceteamss the coordinationproblemon which
we focus. The former enabling-of-the-launch-tashteractiononly
requireshatthe serviceagentsotify Mission Controlof whenthey
planto performtheir actiities becausen this applicationMission
Control setsandmaintainsdeadlinesandthe otheragentanegotiate
overthetemporal/spatiaMUX NLEsto satisfythe stateddeadlines
if possible.Notethatwithin ataskstructuredeadlinesaandearliest-
start-timesareinherited(unlessthoselower in the treearetighter)
sothe temporalconstraintson Prepare and Launch Wingl
alsoapplyto Launch F16.1 . Thesamedeadlinesarepropagated
throughthe enablescoordinationto the serviceteamagents- note
thatF16.15 enginesmustbe servicedby 240also.

Note that all of the primitive actions(leaf nodes)also have Q
(quality), C (cost),and D (duration)discreteprobability distribu-
tions associateavith them. For simplicity in this paperwe do not
use uncertaintyand all valueswill have a densityof 100%. Re-

and Launch Wing2. Each pairing the enginesof F16.1thus takes 200 time units while ser

vicing the enginesof F16.2,which arelessdamagedrequires150
time units. Thetwo actiities producequalitiesof 12 and9 respec-
tively. Thesum() functionundemostof theparentaskss calleda
quality-accumulation-functioaor gaf. It describefion quality (akin
to utility) generatedat the leaf nodesrelatesto the performanceof
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Figure3: A SingleTAMS-basedAgent Readyto Coordinate Its
Activities With Other Agents

the parentnode. In this casewe sumthe resultantqualitiesof the
subtasks- other TZAEMS functionsinclude min, max, sigmoid, etc.
Quality is adeliberatelyabstractoncepinto which otherattributes
maybemappedIn this papemwe will assumeahatquality is afunc-
tion of theimportanceof therepair?

In the sampletask structurethereis also an elementof choice
— this is a strong part of the TAMS constructand importantfor
ary dynamicervironmentin which resource®r time may be con-
strained.The Repair  Aircraft Engines task,for example,
hastwo subtaskgoined underthesum() qaf. In this casethe En-
gine Repairagentmay perform either subtaskor it may perform
both dependingon what actwities it hastime for andtheir respec-
tive values. The explicit representatiomf choice— a choicethat
is quanti ed by thosediscreteprobability distributions attachedo
theleafnodes- is how TAEMS agentanake contectually dependent
decisions.

By establishingadomainindependentanguag&T/AMS)for rep-
resentingagentactiity, we have beenableto designandbuild acore
setof agentconstructiorcomponentandreusethemon avariety of
differentapplicationdmentionedaborve). TEMSagentsarecreated
by bundling our reusableechnologiesvith a domainspeci ¢ com-
ponentgenerallycalledadomainproblemsolver, thatis responsible
for knowing andencapsulatinghedetailsof a particularapplication
domain. For this paperit is sufcient to know that TZ/EMS agents
have componentdor schedulingandcoordinationthatenablethem
to 1) reasonaboutwhatthey shouldbe doingandwhen,2) reason
aboutthe relative value of actvities, 3) reasomabouttemporaland
resourceconstraintsand4) reasonaboutinteractionsbetweenac-
tivities beingcarriedout by differentagents A high-level view of a
TAMSagents shovn in Figure3; everythingexceptfor thedomain
problemsolveris reusableode.Notethateachmoduleis aresearch
topicin its own right. The agentscheduleis the Design-to-Criteria
[14, 19, 20] scheduleandthe coordinationmoduleis derived from
GPGP[3]. Othermodulesg.g.,learning,canbeaddedo this archi-
tecturein asimilar(conceptualplugandplayfashion.In theaircraft
serviceapplicationtherearetwo typesof domainproblemsolvers,
thosethat managethe serviceteamsand the problem solver that
handlesmissioncontrol. The differenceis becauseMission Con-
trol hasuniqueresponsibilitieqinitial assessmeninformationdis-
seminationand control over deadlinerelaxation— not usedin the
experimentgpresentediere).

4. COORDINATION VIA KEYS

The goals of coordinationin this applicationare: 1) to adapt
to a dynamicsituation, 2) to maximizethe numberof planesthat
arecompletelyrepairedoy their respectre deadlines3) to provide
mutualaccesdo sharedphysicalresources4) achieve global opti-
mizationof individual serviceteam(agent)scheduleshroughlocal

2Beyondthescopeof this papetis theuseof quality for commitment
satishctionin this applicationandits role in the control heuristics.

mechanismsand peerto-peercoordination. When examining the
coordinationproblem,it becameclearthatthis applicationdomain
hasa uniquepropertynot generallyfoundin TAEMS agentapplica-
tions—for agentsvhosetasksinteract,all of theirtaskswill interact.
By way of example,all of theenginerepairtasksinteractwith all of
therefuelingtasksinteractwith all of therearmingtasks.Similarly
for the tasksthat pertainto the cockpit. All avionics tasksinteract
with all weapongontrolstasks.

The implications of this propertyfor coordinationare that: 1)
thereis noreasorfor aserviceteamthatoperate®nthewing region
to interactwith ateamthatoperatesn thecockpitandviceversd, 2)
agentghat operateon the samespatialarea(wing or cockpit) must
alwayscoordinateheiractiities. Thistranslatesnto adiscretepar
titioning of the agentsinto coorination sets i.e.,

where . Within eachcoordi-

nation setthe tasksof the memberagentsform a fully connected
graphvia TAEMS non-local-efects This meansthatfor ary agent
of agivenset,e.g.,theenginerepairagentof , to sched-
ule arepairtaskit mustdialog with the otheragentsto ensurethat

mutual exclusionover the sharedresourceg.g.,the wing on plane
F16.1,is maintained.

This coordinationproblemcould be solved in typical GPGP[4,
3, 11] fashion.However, GPGPoperatesn a pairwisepeerto-peer
fashion. For agentsin this meansthat coordination
couldrequirea signi cant amountof time to propagateindresohe
the interactingconstraintsandit is uncleargiven the dynamicsof
the ervironmentandthe speedwith which coordinationrmustoccur
whetherconvergenceon areasonablef suboptimalsolutionwould
ever occur* Becauseof the stronginterconnectednessf the tasks
andthe partitioningof agentsnto coordinationsets,we developed
anaw algorithmfor problemclasse®f this type®

Thealgorithmusesacoodinationkey datastructureandconcepts
from token-passing17, 8] algorithmsto coordinateheagentsThe
generaloperationof the algorithmis thatthereis onecoordination
key percoordinationsetthatis passedrom agentto agentin a cir-
cular fashion. Whenan agentis holding the coordinationkey for
its coordinationset, it can 1) declareits intendedcourseof action
/ schedules?) evaluateexisting proposalsrom otherotheragents,
3) con rm or negateproposal®of otheragents4) make its own pro-
posalspr 5) readcon rmationsor negationsof its own proposaldy
otheragents.Thecoordinatiorkey itself is thevehicleby whichthis
informationis communicated Eachkey containsintendedcourses
of action,proposalsandproposaresponsesandthisinformationis
modi ed asthe agentscirculatethe givenkey. The pseudo-codef
thealgorithmis shavn in Figure4.

The coordinationkey algorithmis effective but approximateand
heuristic. The crux of the matteris thatin orderfor the agentsto
coordinateoptimally over asingleissue.e.g.,whenagentX should
performtask , thekey mustcirculatethroughthe coordinatiorset
multiple times. The numberof timesthateachagentmusthold the

3An indirectinteractionoccurswhenthe probleminstancecontains
deadlineghat cannotbe met. In suchcaseshoth wing andcockpit
agentshouldforgowork onselectelanedn orderto avoid having

anentire eet of aircraftthatarepartially complete honeof which

arereadyfor their next mission. This interactionis dealtwith us-

ing valuefor commitmentsatisfctionandalgorithms/gperiments
pertainingto that topic mustbe presentedseparatelydueto space
limitations.

“Note that this would alsoapply to otheragentsetsif the problem
wereexpanded.

SComparisorbetweenthe new key algorithmanda pairwisetech-
nigueis discussedn the conclusion.



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 Individual Agent's Coordination
Reasoning

key is dependenbn the changesnadeduring eachiteration. In the
worstcaseeachagenwill havetore-sequenceachofits —actvities
oncefor every changethatis made,but thesechangegropagate¢o
the otheragentsso the circulation-to-comergencefactoris
ratherthan (where is a constant). The coordinationkey
algorithmabore multiplexeschangesothatin agivenpasshrough
a coordinationsetmultiple changesreconsideredy the agentsat
once.

We hypothesizedhat in someprobleminstanceghe algorithm
would fail to nd an optimal solution but that in most problem
instancest would performwell. To testthis hypothesiswe cre-
ateda centralizedglobal schedulethat createsscheduledor all of
the agentteamsvia exhaustve search.The centralizedscheduling
problemis exponential,however, for instancesaving lessthan11
total repairsthe exhaustve scheduleiis responsie enoughfor ex-
perimentatiorf. Becausethe probleminstancepresentedereuses
a subsetof TAEMS featuresthe centralizedscheduleris designed
to solve a representationf exactly the subsetneededj.e., it does
not performdetailedT £AMSreasoningut insteadmaintainghere-
quiredconstraintge.g.,deadlinesearlieststarttimes,serviceteams
canonly serviceone aircraft at a time, andonly one serviceteam
canwork in a cockpit or the wing region at a given pointin time).
The centralizedscheduleralgorithmis outlinedin Figure5. The
functionof the centralizedscheduleis twofold. First, it determines
the minimum numberof aircraft deadlinesthat will be missedby
anoptimal solution. In somecasesll deadlinesanbe metandin
othersaircraftdeadlinesepresentinsatis ableconstraintsThesec-
ondrole of thecentralizedscheduleis to determingherelative size
of the differentsolution spaces.For instance for a given problem

5The centralizedschedulerequireson the orderof 10 minutesto
schedulell repairson a dual-processoXenon 2Ghz linux work-
station. A probleminstanceof thatsizewill generateon or about
241,920schedulesomesubsebf which areunique.

Figure 5: The Centralized Exhaustive Scheduling Oracle Has
An Omnipotent View — Figure Shows One SchedulingInstance

theremay be zerosolutionsthatdon't missary deadlinesX (opti-
mal) solutionsthatmissoneaircraftdeadline,Y solutionsthatmiss
two aircraftdeadlinesZ solutionsthatmissthreeaircraftdeadlines,
etc. By tahulating this informationwe can determinea percentile
rankingfor the solutionsproducedby the distributed coordination
key algorithm.Thecentralizedscheduledoesnotcompetewith the
distributed coordinationkey algorithmon a completelylevel play-
ing eld. Thecentralizedscheduleseesall the repairsthatwill be
neededfor all planeson a given probleminstanceat time 0. The
agentsn thedistributedsystemonly seerepairsastheaircraftland.
Thus, for the instanceshavn in Figure5, the serviceteamagents
will notseeaircraftA10.1until time 25 (whenit lands).At thistime
they maybecommittedto asuboptimatourseof actionthatthecen-
tralizedomnipotentschedulewill avoid becausét canseeA10.1's
repairsat time 0 alongwith all of the otherrepairsthatwill need
to be scheduled.This differenceis dueto a needto keepthe cen-
tralized scheduledevelopmentcostsdovn andhasits rootsin de-
sign/implementatioiissueswith the simulationenvironment. A re-
latedbiasin favor of the centralizedscheduleis thatthedistributed
coordinationmechanismperatein the samesimulatedclock as
therepairsthemseles. This enableghe simulationenvironmentto
controlandmeasurecoordinationcostsbut causes skew in terms
of the apparentostof coordinationrelative to domaintasks,e.g.,
in somecaseshe ten clicks (about5 secondsn wall clock time)
that the agentsrequireto coordinatewill take as muchsimulation
time asit takesthe serviceteamgo rearmonemissileon anaircraft.
The skew is of primary relevancewhen comparingthe distributed



Mean# SolutionsPossible Characteristicef SolutionGeneratedy CoordinationKeys
Expmnt| Num Missing X Aircraft Deadlines Median | StdDer | %-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 |109| .75 | .31 | .13 0 0 1.13 1.0 1.0 0 .80 0 .20
B 32 .31 2 31| 36 | 29 0 0 15 .98 1.0 A2 .58 .02 41
C 32 0 32| 13 [ 24.1| 16.3| 253| 4 2.1 .97 1.0 .08 .38 .03 .62
D 28 0 3.1 |16.8|33.0|496| 36.3| 2.7 2.4 .98 1.0 .04 .26 .02 .73

Table 2: ResultsComparing Coordination Keysto Exhaustive and Optimal Centralized ScheduleGeneration

algorithmto the centralizedschedulerandis lessof anissuewhen
comparingdifferentdistributedalgorithms.

Table2 presentsheresultsof comparinghe coordinatiorkey al-
gorithmto the optimal and exhaustve centralizedscheduler Each
row is the statisticalaggr@ationof onesetof trials whereeachset
of trialsis drawn from onedif culty class.Therowslowerin theta-
blerepresenincreasinglymoredif cult probleminstances-aircraft
having more repairsandtighter deadlinesrelative to their landing
timesandthe time requiredfor their repairs’. All rows exceptfor
the lastrepresenB2 randomtrials. Row D contains28 becausef
theoccasionaéxceptionthrowvn by theexhaustve schedulecaused
by running out of RAM. As the dif culty increasesnotethatthe
densityof the solutionspaceincreasesndshiftsright. Thisis rep-
resentedby the columnsX=0, X=1, ..., which containthe mean
numberof solutionsproducedby the oraclethat missO deadlines,
1 deadlineetc.,respectiely. As the probleminstancegetharder
moreaircraftarelik ely to missdeadlinesNotethatthecoordination
key algorithm generallyperformswell for all of the testedcondi-
tions. The Meanvaluedenoteghe averagenumberof aircraftdead-
linesmissedduringa batchof trials. The moredescriptve statistics
arethoseaboutthe percentilerankingof the solutionsgeneratedy
coordinatiorkeys. Thisis becauséow well thekeys algorithmper
formsis determinedhotby theabsolutenumberof misseddeadlines
(the averageof which is presentedn the meancolumn)but instead
by thesolutionspossibldor agiventrial. Forinstancein sometrials
the bestsolutionpossiblemay misstwo deadlinesAs the dif culty
increaseshe meanvaluefor the keys algorithmincreasedecause
thereare moreinstancesvherethe optimal solutionis to missone
deadline or two deadlinesetc. Looking atthe percentilesin exper
imentclassA thekeys algorithmperformedn the 100thpercentile,
in experimentclassB the 98th percentilejn experimentclassC the
97th percentile,andin classD (the mostdif cult class),the 98th
percentile. The percentileratingis computedasfollows:

The centralizedscheduleigeneratesll of the uniquesched-
ulesthatexist for agivenindividualtrial.

Theseschedulesrebinnedaccordingo the numberof dead-
linesmissedg.g.,in X of theschedule® aircraftmissadead-
line, in Y of the scheduled aircraft missesa deadline,in Z

of the schedule of the aircraftmissa deadline.etc. Think

of the centralizedscheduleasproducinga histogramof pos-
sible solutionswheresolutionsare binnedby the numberof

deadlinesnissed.

Let bethenumberof aircraftdeadlinesnissedby
thecoordinationkey algorithmin trial i.

Let _ denotethe histogrambin in which
falls (the bin thatpertaingo misseddeadlines).

"Theseventrial parameterare: (1) landtime, (2) takeof time dead-
lines, (3) level of avionics damage,(4) level of weaponscontrol
damage(5) level of enginesdamage(6) level of rearmdamage,
and(7) refuellevel.

Let oo bethe of thedensitiesf solu-
tionsthatarein bins or to _ . Bins _
represensolutionsthatareworsebecausehey entailmissing
moredeadlines.

Let - = - - -

, where is thetotal numberof solutionsgeneratedby
thecentralizedschedulefor trail i. - is
the percentilerankingfor the coordinationkey algorithmfor
trial i of thesetof 32.

Let - -
_ bethe overall percentile
rankingfor onebatchof 32 trials.

In all caseshe medianpercentileis 100% and the standardde-
viation is low. Becausehereare generallymultiple solutionsthat
performaswell asthe solutionsactuallygeneratedy the coordina-
tion keys, its percentileis brokendown in the lastthreecolumnsof
Table2. The columnmarked %-tile Sameindicatesthe mean% of
possiblesolutionsthat miss exactly asmary deadlinesasthe keys
algorithmdid. %-tile Betterindicatesthe numberthat performed
strictly better (missingfewer aircraft deadlines)and %-tile Worse
indicatethe numberthat performedstrictly worse. Note thatasthe
problemspacegetsharderthe numberof solutionspossiblethatare
worsethanthosefoundby thekeys algorithmincreasesAt thesame
time the bandof solutionsasgoodasthosegeneratedy keys nar
rows, asdoesthe bandof solutionsthatarestrictly betterthanthose
foundby thekeys algorithm.

While the datasuggestghat the algorithm performswell on av-
erage,thereare circumstancesvherethe algorithm performsless
well. We examinedseveral suchinstancesn detail and while we
have intuitions aboutwhenthe algorithmwill performin a subop-
timal fashion,the experimentsin which performances suboptimal
pertainto a more basicissue. To illustratelet us assumea three-
aircraftprobleminstancewith thefollowing characteristics:

Aircraft F16arrivesattime 15with adeadlineor take-off time
of 400andrequiresrepairof engineslamagedo level 2 (the
durationof thisrepairis 100).

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

Aircraft C9 arrivesat time 24 with a deadlineof 240 andre-
quiresrepairof enginesdamagedo level 2 (the durationof
this repairis 100) andrefuelingof a quartertank (durationof
thistank25).

TheF16landsattime 15 andthe engineserviceteamobtainsthe
coordinationkey andscheduleshe enginerepairof the F16to run
from time 17 to 117. The A10 landsat time 18 andat time 19 the
refuelteamgetsthe coordinatiorkey andschedulesefuelingof the
Al10to lastfrom 19to 119. Whenthe C9landsattime 24 theengine
serviceteamis thusoccupiedwith the F16until time 117andthere-
fuelingteamis occupiedwith the A10 until time 119. To respondo




the C9's landingandrepairneeds the engineserviceteamobtains
the coordinationkey at time 25 and schedule<C9's repairto run
fromtime 117to time 217. At asubsequenime-steptherefueling
teamattemptdo scheduleC9'srefueling,however, becauséothre-
fueling andenginerepairare mutually exclusive tasks,the earliest
time the refuelingteamcan schedulethe C9 is at time 217. This
meansit is impossibleto servicethe C9 by its deadline(take-off
time) of 240. In responseo this pendingfailure, the refuel service
teamattemptsto negotiatewith the engineserviceteamvia the co-
ordinationkey to obtaina wing accessslot between119 and217.
However, the engineserviceteamneedshattime slot to complete
its portion of the C9's enginerepairson time. The endresultis that
the C9's deadlinecannotbe met. For this sameprobleminstance,
hawever, thecentralizedschedulewasableto producea solutionin
which all of thedeadlinesaremet.

Theunderlyingissueis thatserviceactivities arenotinterruptible
in this probleminstance- otherwiserepairteamscould run from
aircraft to aircraft and the optimization problemwould be much
simpler If actwvities wereinterruptible,whenthe C9 rst landed
eitherthe engineserviceteamor the refuel serviceteamcould dis-
engagdrom their respectie currentactiities (servicingthe F16 or
the A10) andattendto the C9, whichis theaircraftwith thetightest
deadline.Thereasorthe centralizedscheduleis ableto producea
bettersolutionin this probleminstance— a solutionwhich eludes
thedistributedcoordinatiorapproach- is thatthecentralizecbracle
seesall of therepairtasksa priori. It thusconsiderghe possibility
of not servicingthe F16 or A10 immediatelyupon arrival so that
the C9 canbeservicedby enginesr refuelingimmediatelyuponits
arrival andall deadlinesanbe met.

This particularperformancessuederivesfrom the somavhatim-
balancedglaying eld (discusse@arlier)betweerthedistributedal-
gorithm andthe centralizedoracle. Interestingly we canhypothe-
sizetwo instancesvherethe distributed algorithmwill fail to per
form well, even on a level playing eld, but suchinstancesccur
infrequentlyin randomlygenerategrobleminstances- eventhose
with tight deadlineconstraintsandnumerougepairsperaircraft®

Oneinstancewherethe the coordinationkey algorithmwill per
form lesswell entailssemi-independerttoordinationproblemsthat

occursimultaneouslyn thecoordinatiorsetof morethantwo agents.

Imaginea coordinationsetof the rearm,refuel, and enginerepair
agentsLet thekey passfrom agentto agentin thefollowing order:
rearmto refuelto engine(thenthe cycle repeats).Now, let us as-
sumethatattime therearmagentneedsatime slotthatis heldby
theengineagentandthatrefuelneedsatime slotthatis held by the
rearmagent.Theimplicationsarethatmultiple unrelatedoroposals
mustresideon onekey for partof thecoordinatiorsettraversal,i.e.,
the proposalfrom rearmto engineandthe proposalfrom refuel to
rearmboth resideon the key during the refuelto engineto rearm
circuit. The key algorithmis designedwith the assumptiorthat,
in general,multiple proposalswill pertainto a single (sometimes
multi-step)coordinationprocess Thereforewhenthe engineagent
recevesthe coordinationkey it eitheracceptsor rejectsthe setof
currentproposalgfrom therearmandrefuelagentsenmassesven
thoughit mayonly beaffectedby therearmagents proposalln this
casewhenthe setof proposalsarrivesandthe engineagentdeter
minesthatit cannotsatisfythe rearmagents requestijt rejectsthe
proposalsen masseandthe proposalfrom refuel to rearmis never
evaluatedby the rearmagent. This may resultin a missedoppor
tunity for the refuelagent. The shortcomingdescribecherecanbe
x edby makingthe agentsnoreselectve in proposakejection.

81f therepairsarespreacbveralargenumberof aircraftthereis little
spatialresourcecontentionandserviceteamscanbasicallyfunction
in parallel.

Anotherinstancewherethe coordinatiorkey algorithmmay per
form lesswell is whena long chainof multi-stepinter-locking re-
sourcereleasesrerequired. The factorat work is the algorithm's
approximatdimited-cycle-to-actiormodel. However, asnoted,nei-
ther classof problemsoccurfrequentlywith randominstancesWe
arecurrentlyexploring creatinga generatoandexperimentso test
performanceainderthesecircumstances.

5. RELATED WORK

The TRACE system[5] alsodealswith distributed task perfor
mancethoughthe focus of TRACE is on task allocationto agent
organizations.Like our problemspace TRACE taskshave dead-
lines and requireddurations. The importantdifferenceis thatin
TRACE thetasksareindependentthey do notinteractover shared
resourcest run or performanceime nor are setsof themrequired
to solve somelarger objective (e.g.,in our applicationthereis con-
ceptuallyan function over the setof servicetasksrequiredto
preparethe planefor its next launch).

The intelligent home,or IHome [10] project, also had resource
coordinationissuedo resole. The SHARPprotocolusedin IHome
wasimplementedn both centralizedanddistributedversions.The
distributedversionis themostrelevantfor comparisorthoughit dif-
fersfrom the key algorithmin severalways. First, SHARPrelieson
client assignedrioritiesto determinewhich agentshouldhave ac-
cesso agivenresourcef thereis contention.Secondjn thelHome
actiities are x ed temporally e.g., the humanusertakes his/her
shawer at a particulartime of day soif thereis a con ict, the prior-
ity measurealonedeterminegroperresolution. SHARPalsodoes
not partition the agentsso agentsthat did not consumeresourceX
would still coordinateover the usageof resourceX. SHARPalso
usesa generabroadcasmodelwhich meansnteractingissuescan
bebroadcastoncurrently-we believe this would notwork well for
con ict resolutionin adomainwithout hard-sepriority measures.

Work in economicagentsystemdrequentlyentailsprotocolde-
velopmente.g.,[9, 2]. Theissuesaddressethy suchprotocolsare
generallya differentclass.Insteadof the global optimizationof in-
teractingtaskswith resourceand temporalconstraints,suchwork
generallyrelatesto fairness bidding stratgjieswithin the problem
space andobtainingequilibrium. Suchwork alsogenerallyentails
a centralizationmechanisme.g., an auctioneernot presentin the
distributeddynamiccoordinationof this paper Note thatcombina-
torial auctions[15] exhibit intractabilityin muchthe sameway as
distributed scheduling-esqueoordinationwork like that presented
heredo.

Peerto-peerauctiong13] in which biddingis distributedalsoex-
hibit propagation-to-carergenceproperties.However, becaus¢he
attributesbeingmodi ed arethe bid and ask prices,andtheseare
not x edtemporallythe way repairtasksare situatedin our prob-
leminstancetheparallelsaregenerallysurfacelevel.

OtherTA£MScoordinatiortechnologiegxist andhave beenused
on relatedproblems. In the distributed sensometwork [7] agents
coordinateo trackvehiclesthroughasensogrid. This problemand
the control regime differ becausehe problemfocuseson periodic
tasks. Another exampleis distributed hospital patientscheduling
[3]. The coordinationmechanismsisedin that applicationarethe
traditional GPGPpairwise mechanismshat we believe would not
sene well in the aircraft serviceproblemspacedueto the higher
degreeof interdependenc@iscussiorcontinuesn the conclusion).

With respecto the communityat large, thereare somesimilari-
tiesbetweerour work andthatdealingwith teamwork [16] or joint
problemsolving formalisms[6]. Ourwork differsin its distributed
dynamicschedulingocusandits implicit, ratherthanexplicit, use
of joint goalconstructs(More detailsarein [11].)



The coordinationkey algorithm has someconceptsin parallel
with token basednetworking [17, 8]. One parallelis that the co-
ordination setof agentsform a virtual ring aroundwhich the key
is passed.The key, like the token in networking, givesthe agent
holdingthe key the ability to enterits conceptuacritical section.In
networking, the critical sectionis actually the network bandwidth
— in our coordinationalgorithmthe critical sectionis the ability to
proposechangesndthe ability to respondo otherproposals.Our
work differsin thatthe key representshe ability to male high level
changeghatimpactthe other nodesandthat the key itself carries
proposalsresponseso proposalsandothercoordinationdata.

6. LIMIT ATIONS AND FUTURE WORK

In the future, we would like to comparethe coordinationkey al-
gorithm to a distributed pairwise (classicGPGPstyle) algorithm.
We believe the key-basedapproachwill performbetterbut this is
only conjectureat this point. Becausethe charactemf the spatial
interactionsin this problemdiffers from that typically modeledin
TAMS the standardGPGP coordinationtechniquescould not be
employed without modi cations to TAEMS. Due to time and re-
sourceconstraintsanda desireto comparedistributedcoordination
to acentralizecbptimaloracle resourcesveredirectedin thatfash-
ion.

Heretounmentioneds the possibility of creatingan ef cient op-
timal centralizedschedulefor the serviceteams. As presentedhere
thetaskspaceappearsufciently constrainedo lenditself to cen-
tralized approacheshat do not require exhaustve search. This is
partly an artifact of the task spaceas framedfor this application
—we areusinga smallsubsef TAEMSfeaturesandthe non-local-
effects(NLEsor taskinteractionspresentedéh this paperall involve
mutualexclusion. In the generalkase taskinteractionamayimpact
eachothers quality, cost,anddurations(not just dictatemutualex-
clusion) andthe elementof choiceis larger than presentedhere—
thesecharacteristicsombinedwith differing deadlineoftenthwart
typical non-exhaustve centralizedschedulingnethodologiesMore
importantly howvever, is themotivationfor distribution. Distribution
enablesncrementabhdditionof repairteams giveseachteamlocal
autonomy(if the simulatedteamswerehuman,they could exercise
their own judgmentandthe TAEMS technologiesvould coordinate
with the humans choiceswhenthe coordinationrecommendation
is over-ridden),removesa centralpoint of failure,andremovesthe
issueof computationabr communicatioroverheadhatoccurswith
one centralizedschedulingnode. In the broadersensecentraliza-
tion is often not possibleor not desirabledueto privagy concerns,
the needto avoid a centralpoint of failure, scalabilityissuespr the
potentialprocessinglelay In mary instancesit is alsonotrequired
— considetthediscretespacesepresentedly thedifferentcoordina-
tion setsin thisapplicationbut imagineanetwork of 100,000agents
— not all of thesewould needto interact, coordinate,or even be
awareof oneanother
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