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Abstract

Open Computationalsystemscomprisephysical enti-
ties coordinating their activitiesin dynamicenvironments.
Manyexciting applicationsrequire a large numberof such
entitiesto achieve teamcoordination in complex missions
execution. To meetthe fundamentalchallenge of role al-
location in such extremeteams,we proposean algorithm
called LA-DCOP, that overcomesthe limitations of previ-
ousalgorithmsby incorporating threekey ideas. First, we
representtheroleallocationproblemasa DistributedCon-
straint OptimizationProblemand usetokensrepresenting
roles to minimizeconstraint violations. Second,we use
probabilisticinformationabouttheteamto guidethesearch
quickly towards goodsolutionsThird, we designedthe al-
gorithm to manage constrained roles. We showthat LA-
DCOP not only meetsour requirementsin extremeteams,
but also comparesfavorably againstpreviousrole alloca-
tion algorithms. LA-DCOPhasallowedan order of mag-
nitudescale-upin extremeteams,with role allocation in a
fully distributedproxy-basedteamswithupto200members.

1 Intr oduction

Open ComputationalSystems(OCS), comprisephys-
ical entities that have to achieve a commongoal, inter-
actingamongthemthrougha networked infrastructure[9].
Teamcoordinationis a key issuefor OCS and the rapid
advancesobtainedin the designof teamcoordinationin-
frastructuresenabledin recentyearsa wide rangeof excit-
ing applications[11]. Typical domainsfor OCSinvolvedis-
tributedhealthcare,manufacturingcontrol, mobile robots
andsensornetworks[9, 5]. A key requirementin recentap-
plicationsfor suchdomainsis to effectively coordinateex-
tremeteams, whicharelargeteamsthatneed(soft)real-time
responsegiven dynamic tasks,and wheremany resource

limited agentshave similar functionality, but possiblyvar-
ied capability. For instance,whenrespondingto a disaster,
�re �ghters andparamedicscomprisean extremeteamas
they mustrespondrapidly to dynamictasks;and�re �ght-
erscanall extinguish�res althoughtheir capability to ex-
tinguisha particular�re quickly will dependon their initial
distancefrom that �re. Otherexamplesof extremeteams
includemobilesensoror UAV teams,robotteamsfor Mars
colonies,aswell aslarge-scalefuture integratedmanufac-
turingandserviceorganizations.

This paperfocuseson the critical challengeof role al-
location in extremeteams. In generalin teamwork, role
allocation is the problem of assigningroles to agentsso
as to maximizeoverall teamutility[7 , 13, 14]. Extreme
teamsemphasizekey additionalrequirementsin role allo-
cation: (i) rapid role allocationas domaindynamicsmay
causetasksto disappear;(ii) agentsmay perform one or
more roles, but within resourcelimits; (iii) many agents
canful�ll the samerole; (iv) inter-role constraintsmay be
present. This role allocationchallengein extremeteams
will bereferredto asE-GAP, asit subsumesthegeneralized
assignmentproblem(GAP),which is NP-complete[12].

This paperfocuseson DistributedConstraintOptimiza-
tion (DCOP)[6, 1] for role allocation,asDCOPoffers the
key advantagesof distributednessand a rich representa-
tional languagewhich canconsidercosts/utilitiesof tasks.
Despitetheseadvantages,DCOPapproachesto rolealloca-
tion suffer from threeweaknesses.First, completeDCOP
algorithms[6] have exponentialrun-time complexity and,
thus, fail to meet the responserequirementsof extreme
teams.Onereasonfor this is that thepurely local view of
the teamthat eachagenthas,forcesthe searchto explore
many potentialsolutionsthatareclearlysub-optimal.How-
ever, teamsof agentswill oftenhavereasonablyaccuratees-
timatesof boththesituationandthestateof theteamwhich
canbeusedto accuratelyestimatelikely solutioncharacter-
istics. For example,whena teamof �re �ghters responds
to a disaster, it is reasonableto assumethat they know the
numberof �res andnumberof available�re trucksto within



anorderof magnitude,eventhoughthey mayhavevery lit-
tle speci�c knowledgeof individual �res or trucks. While
relying on suchestimatespreventsguaranteesof optimal-
ity, they candramaticallyreducethesearchspace.Second,
similar agentfunctionalitywithin extremeteamsresultsin
denseconstraintgraphsincreasingcommunicationwithin a
DCOPalgorithm. Third, DCOPalgorithmsdo not address
theadditionalcomplicationsof constraintsbetweenroles.

To addresstheselimitations in addressingE-GAP, we
proposea novel DCOPalgorithmcalledLA-DCOP (Low
communicationApproximate DCOP). LA-DCOP usesa
representationwhereagentsarevariablesthat cantake on
valuesfrom a commonpool, i.e., thepool of rolesto beas-
signed. The mechanismfor allocatingvaluesto variables
encapsulatesthreenovel ideas.First, LA-DCOP improves
ef�ciency by not focusingon an exact optimal reward; in-
steadby exploiting the likely characteristicsof optimal al-
locations,given the available probabilistic information, it
focuseson maximizing the team's expectedtotal reward.
In particular, the agentscomputea minimum thresholdon
the expectedcapabilityof the agentthat would maximize
expectedteam performance. If the agent's capability to
performa role is lessthanthe thresholdcapability, it does
notconsidertakingon therole,channelingtherole towards
morecapableagents.Second,to reducethesigni�cant com-
municationoverheadsdueto constraintgraphdenseness,to-
kensareusedto regulateaccessto values. Only the agent
currentlyholding the token for a particularvaluecancon-
siderassigningthatvalueto its variable.Theuseof tokens
removesthepossibilityof severalagentstakingonthesame
role, thusdramaticallyreducingthe needto communicate
aboutand repair con�icts. Third, to deal with groupsof
tightly constrainedroles,we introducetheideaof allowing
valuesto berepresentedby potentialtokens. Whengroups
of rolesmustbesimultaneouslyperformed,insteadof com-
mitting to a role by assigningthe value representedby a
token,a teammemberacceptsa potentialtoken. This indi-
catesthatit will accepttheroleonly whenall simultaneous
rolescanbeassigned.While teammembersarebeingfound
to �ll the othersimultaneousroles,a teammemberwith a
potentialtoken canperformother roles. Only whenteam
membershave beenfound for all roleswill the holdersof
the potentialtokensactually take on the roles. This tech-
niquefreesteammembersup for otherroleswhennot all
rolesin a constrainedsetcanbe�lled.

Using a mixture of high andlow �delity simulationen-
vironment,we have extensively empirically evaluatedthe
LA-DCOP algorithm. Experimentson a simpli�ed testbed
illustratethreekey points.First,thekey featuresof thealgo-
rithm, including thresholdsandpotentialtokensdo signi�-
cantly improve its performance.Second,whencompared
to other DCOP algorithms on simpli�ed role allocation
problems,� LA-DCOP performedvery well, �nding better

�

OtherDCOPalgorithmscannotbeeasilyadaptedto E-GAP

allocationsthanotherapproximatealgorithms,while using
up to four ordersof magnitudefewer messages.Third, we
illustratethat the algorithmperformswell on two realistic
domains,by embeddingit in teamwork proxies. Prior re-
searchon teamwork proxieshaddemonstratedteamslim-
ited to 20 agents,partially due to limitations on the role
allocationalgorithm. In our work we dramaticallyescalate
theteamsizeto 200proxiesandillustratetheeffective role
allocationperformanceover these200agents.

2 Problem Statement

A GAP problemis de�ned by teammembersfor per-
forming roles and roles to be assigned[12]. Each team
member, �
	���
 , is de�ned by their capabilityto perform
roles, �������
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����� , andtheir availableresources.The
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Intuitively this saysthatwe attemptto maximizetheca-
pabilitiesof theagentsassignedto roles,subjectto the re-
sourceconstraintsof teammembers,ensuringthatat most
one teammemberis assignedto eachrole but potentially
morethanoneroleperteammember.

ExtendedGAP
Coordinationconstraints,W7X , tie groupsof rolestogether.

Althoughonecanimagineawide rangeof constrainttypes,
here we speci�cally discussonly one type: :ZY\[ con-
straints.Whenasetof rolesare :ZY][ constrainedtheteam
only receivesvalueif all theconstrainedrolesaresimultane-
ouslybeingexecuted.We write :ZY\[ constrainedrolesas

:ZY\[
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/ areallocated.Thatis,
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most importantconsequenceof this is that we no longer
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Thus,extremeteamsmust allocateroles rapidly to ac-
cruerewards,or elseincur delaycostsat eachtimestep.

3 LA-DCOP

Given the responserequirementsfor agentsin extreme
teams,they mustsolve E-GAP in an approximatefashion.
We proposeLA-DCOP, a DCOPalgorithmfor addressing
E-GAPin a distributedfashion,which exploits key proper-
tiesof extremeteamsthatarisedueto large-scaleandsimi-
larity of agentfunctionality(e.g.,usingprobabilitydistribu-
tions),andsimultaneously, guardsagainstspecialrole allo-
cationchallengesof extremeteams(e.g.,inability of strong
decompositioninto smallersubproblems.)In DCOP, each
agentis providedwith oneor morevariablesandmustas-
sign valuesto variables[1, 15, 6]. LA-DCOP mapsteam
membersto variablesandrolesto values,asshown in Al-
gorithm1. Thus,a variabletakingon a valuecorresponds
to a teammembertaking on a role. Sinceteammembers
cantakeonmultiple roles,thevariablecantakeonmultiple
values,asin graphmulti-coloring,simultaneously.

In E-GAP, acentralconstraintis thateachroleshouldbe
assignedto only oneteammember, correspondingto each
valuebeingassignedby only onevariable. In DCOP, this
requireshaving a completegraphof not equalsconstraints
betweenvariables(or at leasta densegraph,if not strictly
E-GAP)– thecompletegrapharisesbecauseagentsin ex-
tremeteamshave similar functionality. Densegraphsare
problematicfor DCOP algorithms[6, 1], so a novel tech-
niqueis required.For eachvalue,we createa token. Only

the teammembercurrentlyholding a token representinga
valuecanassignthatvalueto its variable.If theteammem-
ber doesnot assignthe value to its variable,it passesthe
token to a teammatewho thenhasthe opportunityto as-
signthevaluerepresentedby thetoken. Essentially, tokens
deliberatelyreduceDCOPparallelismin a controlledman-
ner. Thus,theagentsdonotneedto communicateto resolve
con�icts.

Giventhetoken-basedaccessto values,thedecisionfor
theagentbecomeswhetherto assignvaluesrepresentedby
tokensit currentlyhasto its variableor to passthe tokens
on. First theagentmustcheckwhetherthevaluecanbeas-
signedwhile respectingits local resourceconstraints(Alg.
1, line 15). If the valuecannotbe assignedwithin the re-
sourceconstraintsof the teammember, it must choosea
value(s)to reject and passon to other teammatesin the
form of a token(s)(Alg. 1, lines 20 and 22). The agent
keepsvaluesthatmaximizetheuseof its capabilities(per-
formedin the MAXCAP function,Alg. 1, line 16). Notice
thatchangingvaluescorrespondsto changingrolesandmay
not bewithout cost. Also noticethat theagentis “greedy”
in thatit performstherolesit is bestat.
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Secondly, a teammembermustdecidewhetherit is in
thebestinterestsof the teamfor it to assignthevaluerep-
resentedby a tokento its variable(Alg 1, line 8). Thekey
questionis whetherpassingthetokenonwill leadto amore
capableteammembertakingon therole. Usingprobabilis-
tic modelsof the membersof the teamand the roles that
needto beassigned,theteammembercanchoosethemini-



mumcapabilitytheagentshouldhave in orderto assignthe
value.Noticethatit is thesimilarfunctionalityof theagents
in extremeteams,andtheir largenumbersthatallows usto
applyprobabilisticmodels.Intuitively, theagentestimates
the likely capability of an agentperformingthis role in a
good allocation. We refer to this minimum capability as
thethreshold. Thethresholdis calculatedonce(Alg 1, line
7), andattachedto the token asit movesaroundthe team.
Thus,theagentsmustsimplycirculatetokensuntil eachto-
kenis heldby anagentwith capabilityabove thresholdfor
the role andwithin resourceconstraints.(To avoid agents
passingtokensbackandforth, eachtokenmaintainsthelist
of agentsit hasvisited; if all agentshave beenvisited, the
tokencanrevisit agents,but only aftera smalldelay.)

AND ConstrainedRoles
Whenthereare :ZY][ constraintsbetweenrolesthereis

thepotentialfor deadlocksor, at best,severeinef�ciencies.
Considera planthat requirestwo roles, � / and � . , to besi-
multaneouslyperformed.Whena teammember, ! , accepts
role � / , it may reject other roles that it could potentially
perform. If thereis no teammembercurrentlyavailableto
performrole �
. , ! mustsimplywait.

ALGORITHM 2: ANDMONITOR( ¨ )
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To avoid suchproblemswe introducethe ideaof poten-
tial values. A secondalgorithm,shown in Algorithm 2, runs
alongsideAlgorithm 1 andworksasfollows.Thetokensfor
all rolesin an :ZY][ constrainedsetaregivento oneteam
member. For eachof the tokensthe teammembersends
out a smallnumberof potentialtokens(Alg 2, line 3). The
potentialtokenswork in exactly the sameway as normal
tokensexceptthatwhena teammemberacceptsa potential
token it agreesto acceptthe role representedby the token
(Alg 1, line 10), only if a potentialtoken for eachof the
otherrealtokensis acceptedandmayperformotherrolesin
themeantime.

When the teammemberholding the real tokensis in-
formedthatat leastonepotentialtokenfor eachreal token
hasbeenacceptedby a teammemberit locks thegroupby
selectingtheholderof onepotentialtokenfor eachreal to-
ken and sendingthem the real token (Alg 2, line 15). A

list of agentsacceptingthe other real tokensis also sent.
Note that this mechanismguardsagainstdeadlocks. For
instance,in caseanagent! senda “Release”message�rst
andthenreceivesa“Lock” message,theentireteamwill not
deadlock;and ! is now responsiblefor sendingmessagesto
otherreceiversof the “Lock” messageto alsorelease(Alg
1, lin 32). Holdersof potentialtokensthatarenot replaced
with realtokensarereleased(Alg 2, line 19).

4 Experiments and Results

We have testedLA-DCOP extensively in threeenviron-
ments. The �rst is an abstractsimulatorthat allows us to
runmany experimentswith verylargenumbersof agents[8].
In thesimulator, agentsarerandomlygivencapabilitiesfor
eachtypeof rolewith somepercentagebeinggivenzeroca-
pability. Given many agentswith overlappingcapabilities
for role types,denseconstraintgraphsresult,wherea con-
straintensurestwo agentsdo not take the samerole. For
eachtime stepthattheagenthastherole, theteamreceives
ongoingreward basedon the agent's capability. Message
passingis simulatedastakingonetime stepandmessages
alwaysget through. New rolesappearspontaneouslyand
thecorrespondingtokensaredistributedrandomly. Thenew
rolesappearat thesameratethatold rolesdisappear, hence
keepingthetotal numberof rolesconstant.Eachdatapoint
representstheaveragefrom 20 runs.

Our �rst experimentstestsLA-DCOPagainstthreecom-
petitors. The �rst is DSA, which is shown to outperform
otherapproximateDCOPalgorithmsin a rangeof settings
[6, 1]; we chooseoptimal parametersfor DSA [15]. DSA
doesnot easilyallow multiple rolesto beassignedto a sin-
gleagentsoourcomparisonfocusesonthecasewhereeach
agentcantakeonly onerole. As abaselinewealsocompare
againsta centralizedalgorithmthatusesa “greedy”assign-
ment (similar to the one presentedin [14]) and againsta
randomassignment.Figure1(a)shows therelative perfor-
manceof eachalgorithm. Theexperimentused2000roles
over1000timesteps.They-axisshowsthetotal rewardper
agent,while the x-axis shows the numberof agents. Not
surprisingly, the centralizedalgorithm performsbest and
the randomalgorithm performsworst. LA-DCOP is sta-
tistically betterthanDSA. However, thekey is theamount
of communicationused,asshown in Figure1(b). Notice
that they-axis is a logarithmicscale,thusLA-DCOP uses
approximatelythreeordersof magnitudefewer messages
than the greedyalgorithm and four ordersof magnitude
lessmessagesthanDSA. Thus,LA-DCOP performsbetter
thanDSA despiteusing far lesscommunicationandonly
marginallyworsethanacentralizedapproach,despiteusing
only a tiny fractionof thenumberof messages.

A key featureof extremeteamsdomainsis thattheroles
to be assignedchangerapidly and unpredictably. In Fig-
ure 2a,we show that LA-DCOP performswell evenwhen



(a) (b)

Figure 1. (a)comparingtheaverageoutputperagentver-
susthenumberof agents.(b) thenumberof messagessent
versusthenumberof agents

the changeis very rapid. The four lines representdiffer-
entratesof change,with 0.01meaningthatevery time step
(i.e., thetime it takesto sendonemessage)1% of all roles
arereplacedwith rolesrequiringa differentcapability. At
middlingcapability(50%),with a1%dynamics,LA-DCOP
loses10%of reward/agentonaverage,but completeDCOP
algorithmstodaycannotevenhandledynamics.

Finally, Figure2b shows theutility of theuseof poten-
tial tokenswhengroupsof rolesareAND constrained.In
the�gure, 60%of all roles(900roles)areAND constrained
into groupsof � ve roles.Unlessanagentwith non-zeroca-
pability is assignedto eachrole in the group,the teamre-
ceivesno reward. It is clearthatpotentialtokenshelpsince
the lowestoutput is received without the potentialtokens
(labeled“None”). Moreover, allowing agentsto have up
to � ve potentialtokens(labeled“Retain5”) leadsto better
performancethanallowing themto haveonly onepotential
token(labeled“Retain1”). Theeffect is mostpronounced
whenabout40%of agentshavenon-zerocapabilitybecause
this is thecasewhenmostdeadlocksandidlenessoccur.

(a) (b)

Figure 2. (a) shows the effectsof differentproportions
of roleschangingeachstep. The y-axis shows the output,
x-axisshows thepercentageof agentswith capability ×

•

.
(b) shows theeffectof retainers,with thelinesrepresenting
no retainers,oneretainedrole per agentand � ve retained
rolesperagent.

In our secondset of experiments,we used 200 LA-
DCOP enhancedversionsof Machinettaproxies[11], dis-

(a) (b)

Figure 3. (a) shows thenumberof �res extinguishedby
200 �re trucks versusthreshold(b) shows the numberof
targetshit by UAVs versusthreshold.

tributedoveranetwork, executingplansin two simplesim-
ulation environments. To the bestof our knowledge,this
is larger thanany publishedreporton complex multiagent
teams,certainlyan orderof magnitudejump over the last
publishedreportsof teamwork basedon proxies[11]. The
�rst environment is a version of a disasterresponsedo-
main where�re trucksmust �ght �res. Capability in this
caseis thedistanceof thetruck from the�re, sincethis af-
fectsthe time until the �re is extinguished.Hence,in this
case,the thresholdcorrespondsto the maximumdistance
the truck will travel to a �re. Figure4(a) shows the num-
berof �res extinguishedby the teamversusthreshold.In-
creasingthresholdsinitially improves the numberof �res
extinguished,but too high a thresholdresultsin a lack of
trucksacceptingroles and a decreasein performance.In
theseconddomain,200simulatedunmannedaerialvehicles
(UAVs) exploreda battlespace,destroying targetsof inter-
est. While in this domainLA-DCOP effectively allocates
rolesacrossa largeteam,thresholdsareof no bene�t. The
key point of theseexperimentsis to show that LA-DCOP
canwork effectively, in afully distributedenvironmentwith
realisticdomainsandlargeteams.

RoboCup RescueExperiments
We alsotestedour approachin theRoboCuprescueen-

vironment[3]. RoboCupRescueprovidesanideal,realistic
testinggroundfor LA-DCOP in allocatingrolesto an ex-
tremeteamcomprisedof �re engines.

Figure 4. LA­DCOP �ghts �res twice as fast
as SD



In previous work, researchershave documentedthe
failure of auctionbasedalgorithmsfor role allocation in
RoboCupRescue[7], due to the high communicationre-
quirements.To testwhetherLA-DCOP canallocateroles
within thecommunicationandtime limitation of RoboCup
Rescuewecomparedagainstashortestdistancebasedstrat-
egy, which exploits domaincharacteristics,similar to top-
performingRoboCupRescueteams. We testedthe LA-
DCOPwith andwithout theuseof thresholds.Agentsca-
pabilities are computedconsideringwhetherthe agentis
blockedor notandits currentdistancefrom the�re.

We comparedthestrategieson threedifferentinitial sit-
uations:i) situation1 has10 agentsand18 ignition points
uniformly distributed. ii) situation2 has10 agentsand18
ignition pointsbut �re brigadesareconcentratedin two re-
gionsof themapand�res areconcentratedin athird region.
iii) situation3 has15agentsand27ignition points,�res are
concentratedin two regionsof themapwhile agentsarepo-
sitionedin otherthreeregions. Notice that situation2 and
situation3 arequiterealistic.

Theresultsareshown in Figure4. Thex-axisshows the
differentsituations;in thefourth casewe have loweredthe
extinguishingpowerof eachtruck. They-axisshowstheex-
tinguishtime for LA-DCOP without usingthreshold,using
thresholdLA-DCOP-TH (thresholdis set to 300 meters),
and shortestdistancestrategy SD. The graphshows that
for the�rst situationwhen�res and�re brigadesarenicely
spreadall over thecity map,theSD allocationhave similar
performancewith respectto LA-DCOPandLA-DCOP-TH.
However, In the other two scenarios,where�res and �re
�ghters arenot uniformly spread,the LA-DCOP andLA-
DCOP-THareat leasttwice asfast in extinguishing�res;
andwhenextinguishingpower is diminished,LA-DCOP is
10 timesfaster.

5 Summary and RelatedWork

Coordinationfor extremeteamsin OCSdomainsposes
novel and challengingissues. In particular, the system
shouldbeableto adaptto thecontinuouschangingenviron-
mentalconditionsandto work with a dynamicnetwork in-
frastructurewhile ensuringglobalcoherenceof themission
to beachieved.In thispaper, wehavedescribedanoveland
�e xible approachto role allocationin extremeteamsthat
cansuccessfullyoperatein OCSdomains.OurDCOPbased
approachwasshown to substantiallyout-performotherap-
proximateDCOPalgorithms,reducingthenumberof mes-
sagesby upto four ordersof magnitude,while handlingad-
ditional challengesof extremeteam.We showedtheeffec-
tivenessof LA-DCOPby testingit in threedistinctdomains
with teamsan order of magnitudebigger than previously
published.An importantkey to the algorithmwasthe use
of probabilisticmodelsaboutthestateof theteam.

Roleallocationis anextensively studiedareawith work

ranging from high complexity, forward looking optimal
models[7] to symbolic matchingthat ignorescost[13] to
centralizedauctions[2]. However, noneof theseapproaches
dealwith full rangeof issuesseenin E-GAP.

A numberof approacheshave beendevelopedspeci�-
cally for dynamicteams:SPAM allocatesresourcesto tasks
usingaheuristicDCOPalgorithm[4]. Whenappliedto dis-
tributedsensornets,SPAM hasbeenshown to beeffective
in sparseconstraintgraphs.It thuscomplimentsour work,
which focuseson moredensegraphs.Otherrole allocation
techniqueshavebeendevelopedfor swarm-likegroups[10],
but thesetechniquesuseonly local sensingandarenot ap-
plicableto widely distributedteams.

As futureworks,animportantstepwould beto testhow
our approachbehaveswhenthe teamconnectiontopology
changesdynamicallyduring missionexecutionand when
messagescangetlost dueto communicationerrors.
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