Token Approachfor Role Allocation in ExtremeTeams:analysisand
experimental evaluation

Paul Scerri, Alessandrd-arinelli , StepherOkamoto andMilind Tambe
Carngjie Mellon University
University of Rome“La Sapienza”
University of SoutherrCalifornia
pscerri@cs.cmu.ed@lessandro.&rinelli@dis.uniromal.itsokamoto@usc.edtambe@usc.edu

Abstract

Open Computationalsystemscomprise physical enti-

ties coodinating their activitiesin dynamicernvironments.

Many exciting applicationsrequire a large numberof suc
entitiesto achieve teamcoordinationin comple missions
execution. To meetthe fundamentakhallenge of role al-
location in sud extremeteams,we proposean algorithm
called LA-DCOR that overcomesthe limitations of previ-
ousalgorithmsby incorporating three key ideas. First, we
representherole allocation problemasa DistributedCon-
straint OptimizationProblemand usetokensrepresenting
roles to minimize constaint violations. Second,we use
probabilisticinformationabouttheteamto guidethesearh
quidckly towards goodsolutionsThird, we designedhe al-
gorithm to manae constained roles. We showthat LA-
DCOP not only meetsour requitementsn extremeteams,
but also compaesfavorably againstpreviousrole alloca-
tion algorithms. LA-DCOP hasallowed an order of mag-
nitude scale-upin extremeteams,with role allocationin a
fully distributedproxy-basedeamswith upto 200membes.

1 Intr oduction

Open ComputationalSystems(OCS), comprise phys-
ical entities that have to achiese a commongoal, inter-
actingamongthemthrougha networked infrastructure[
Teamcoordinationis a key issuefor OCS and the rapid
adwancesobtainedin the designof team coordinationin-
frastructureenabledn recentyearsa wide rangeof excit-
ing applications[1]1 Typicaldomaingor OCSinvolve dis-
tributed healthcare, manufcturingcontrol, mobile robots
andsensometworks[9 5]. A key requirementn recentap-
plicationsfor suchdomainsis to effectively coordinateex-
tremeteamswhicharelargeteamahatneed(soft) real-time
responseagiven dynamictasks,and where mary resouce

limited agentshave similar functionality, but possiblyvar
ied capability For instancewhenrespondingo a disaster
re ghters and paramediccTomprisean extremeteamas
they mustrespondapidly to dynamictasks;and re ght-
erscanall extinguish res althoughtheir capabilityto ex-
tinguisha particular re quickly will dependontheirinitial
distancefrom that re. Otherexamplesof extremeteams
includemobile sensoor UAV teamsrobotteamsfor Mars
colonies,aswell aslarge-scalefuture integratedmanufc-
turing andserviceorganizations.

This paperfocuseson the critical challengeof role al-
locationin extremeteams. In generalin teamwvork, role
allocationis the problem of assigningroles to agentsso
as to maximize overall teamutility[7, 13, 14]. Extreme
teamsemphasizekey additionalrequirementsn role allo-
cation: (i) rapid role allocationas domaindynamicsmay
causetasksto disappear;(ii) agentsmay performone or
more roles, but within resourcelimits; (iii) mary agents
canful Il the samerole; (iv) inter-role constraintanay be
present. This role allocationchallengein extremeteams
will bereferredto asE-GAR asit subsumeghegeneralized
assignmenproblem(GAP), whichis NP-complete[1P

This paperfocuseson Distributed ConstraintOptimiza-
tion (DCOP)[G 1] for role allocation,as DCOP offers the
key adwantagesof distributednessand a rich representa-
tional languagewhich can considercosts/utilitiesof tasks.
DespitetheseadvantagesDCOPapproacheto role alloca-
tion suffer from threeweaknessesFirst, completeDCOP
algorithms[§ have exponentialrun-time compleity and,
thus, fail to meetthe responserequirementsof extreme
teams.Onereasorfor this is thatthe purelylocal view of
the teamthat eachagenthas,forcesthe searchto explore
mary potentialsolutionsthatareclearly sub-optimal How-
ever, teamsof agentawill oftenhavereasonablyaccuratess-
timatesof boththe situationandthe stateof theteamwhich
canbeusedto accuratelyestimatdik ely solutioncharacter
istics. For example,whenateamof re ghters responds
to a disasterit is reasonabléo assumeahatthey know the
numberof res andnumberof available re trucksto within



anorderof magnitudegventhoughthey mayhave very lit-
tle speci c knowledgeof individual res or trucks. While
relying on suchestimategreventsguaranteesf optimal-
ity, they candramaticallyreducethe searchspace.Second,
similar agentfunctionality within extremeteamsresultsin
denseconstrainigraphsincreasingcommunicatiorwithin a
DCOPalgorithm. Third, DCOPalgorithmsdo not address
theadditionalcomplicationf constraintdbetweemnoles.

To addresgheselimitations in addressing=-GAP, we
proposea novel DCOP algorithm called LA-DCOP (Low
communicationApproximate DCOP). LA-DCOP usesa
representatiomnvhereagentsare variablesthat cantake on
valuesfrom acommonpool,i.e., thepool of rolesto beas-
signed. The mechanisnfor allocatingvaluesto variables
encapsulatethreenovel ideas. First, LA-DCOP improves
efciency by not focusingon an exact optimal reward; in-
steadby exploiting the likely characteristicef optimal al-
locations,given the available probabilisticinformation, it
focuseson maximizing the teams expectedtotal reward.
In particular the agentscomputea minimum thresholdon
the expectedcapability of the agentthat would maximize
expectedteam performance. If the agents capability to
performarole is lessthanthe thresholdcapability it does
notconsideitakingon therole, channelingherole towards
morecapableagents Secondto reducethesigni cant com-
municationoverheadslueto constraingraphdensenesso-
kensare usedto regulateaccesgo values. Only the agent
currently holding the token for a particularvaluecancon-
siderassigninghatvalueto its variable. The useof tokens
removesthepossibility of severalagentdakingonthesame
role, thus dramaticallyreducingthe needto communicate
aboutand repaircon icts. Third, to deal with groupsof
tightly constrainedoles,we introducethe ideaof allowing
valuesto berepresentethy potentialtokens Whengroups
of rolesmustbe simultaneouslyerformedjnsteadof com-
mitting to a role by assigningthe value representedby a
token,ateammemberaccepts potentialtoken. This indi-
catesthatit will accepttherole only whenall simultaneous
rolescanbeassignedWhile teammemberarebeingfound
to Il the othersimultaneousoles,ateammemberwith a
potentialtoken can perform otherroles. Only whenteam
membershave beenfound for all roleswill the holdersof
the potentialtokensactually take on the roles. This tech-
niguefreesteammembersup for otherroleswhennot all
rolesin a constrainedetcanbe lled.

Using a mixture of high andlow delity simulationen-
vironment,we have extensvely empirically evaluatedthe
LA-DCOP algorithm. Experimenton a simpli ed testbed
illustratethreekey points.First, thekey featureof thealgo-
rithm, including thresholdsand potentialtokensdo signi -
cantly improve its performance.Second,whencompared
to other DCOP algorithmson simpli ed role allocation
problems, LA-DCOP performedvery well, nding better

OtherDCOPalgorithmscannotbe easilyadaptedo E-GAP

allocationsthanotherapproximatealgorithms,while using
up to four ordersof magnitudefewer messagesThird, we
illustrate that the algorithm performswell on two realistic
domains,by embeddingt in teamwork proxies. Prior re-
searchon teamvork proxieshad demonstratedeamslim-
ited to 20 agents,partially due to limitations on the role
allocationalgorithm. In our work we dramaticallyescalate
theteamsizeto 200 proxiesandillustratethe effective role
allocationperformanceverthese200agents.

2 Problem Statement

A GAP problemis de ned by teammembersfor per
forming roles and roles to be assigned[1R Eachteam
member , is de ned by their capabilityto perform
roles, , andtheir availableresourcesThe
capability of ateammembey , to performarole, ,is
guantitatvely given by: . Capability
re ects the quality of the outputor the speedof task per
formanceor other factorsaffecting output. Eachrole re-
guiressomeresource®f the teammemberin orderto be
performed. We write the resourcerequirement®f a team

member forarole as andtheavail-
ableresource®f anagent, , as .
Following corvention,we de ne amatrix , where

is valueof the thrrow and th columnand
if isperforming otherwise

Thus,thematrix de nestheallocationof rolesto team
membersThegoalin GAP is to maximize:

suchthat

and

Intuitively this saysthatwe attemptto maximizethe ca-
pabilitiesof the agentsassignedo roles, subjectto the re-
sourceconstraintof teammembersgensuringthat at most
oneteammemberis assignedo eachrole but potentially
morethanonerole perteammember

Extended GAP

Coordinationconstraints, , tie groupsof rolestogether
Althoughonecanimagineawide rangeof constraintypes,
here we speci cally discussonly one type: con-
straints.Whenasetof rolesare constrainedheteam
onlyrecevesvalueif all theconstrainedolesaresimultane-
ously beingexecuted.We write constrainedolesas

. Thus, .
When , thevalueof totheteamdependn
whetherotherrolesin areallocated.Thatis,



otherwise
Notice thatif therole is unconstrained, ,
andthis degenerate$o , asabove.

To introducethe dynamicsof extremeteamsinto GAP
wemalke , , and functionsof time. The
mostimportantconsequencef this is that we no longer
needa single allocation , but a sequencef allocations,

, onefor eachdiscretetime step.A delaycostfunction,
, captureghe costof not performing attime .
Thus,the objective of the E-GAP problemis to maximize:

suchthat

and

Thus, extremeteamsmust allocateroles rapidly to ac-
cruerewards,or elseincur delaycostsat eachtime step.

3 LA-DCOP

Given the responseequirementdor agentsin extreme
teams,they mustsolve E-GAP in an approximatefashion.
We proposelL A-DCOP, a DCOP algorithmfor addressing
E-GAPIn adistributedfashionwhich exploits key proper
tiesof extremeteamsthatarisedueto large-scalendsimi-
larity of agentfunctionality(e.g.,usingprobabilitydistribu-
tions),andsimultaneouslyguardsagainstspecialrole allo-
cationchallenge®f extremeteams(e.g.,inability of strong
decompositiorinto smallersubproblems.)in DCOR each
agentis provided with oneor morevariablesandmustas-
sign valuesto variables[] 15, 6]. LA-DCOP mapsteam
memberdo variablesandrolesto values,asshavn in Al-
gorithm 1. Thus,a variabletaking on a valuecorresponds
to a teammembertaking on arole. Sinceteammembers
cantake on multiple roles,thevariablecantake on multiple
valuesasin graphmulti-coloring, simultaneously

In E-GAR acentralconstrainis thateachrole shouldbe
assignedo only oneteammembey correspondindo each
value beingassignedyy only onevariable. In DCOR this
requireshaving a completegraphof not equalsconstraints
betweervariables(or at leasta densegraph,if not strictly
E-GAP) - the completegrapharisesbecausegentsin ex-
tremeteamshave similar functionality Densegraphsare
problematicfor DCOP algorithms[6 1], so a novel tech-
nigueis required.For eachvalue,we createa token Only

the teammembercurrently holding a token representing
valuecanassignthatvalueto its variable.If theteammem-
ber doesnot assignthe valueto its variable,it passeghe
tokento a teammatewho then hasthe opportunityto as-
signthevaluerepresentetdy thetoken. Essentiallytokens
deliberatelyreduceDCOP parallelismin a controlledman-
ner. Thus,theagentsdo notneedto communicateo resohe
con icts.

Giventhetoken-base@ccesgo values the decisionfor
theagentbecomesvhetherto assignvaluesrepresentety
tokensit currently hasto its variableor to passthe tokens
on. Firsttheagentmustcheckwhetherthevaluecanbe as-
signedwhile respectingts local resourceconstraintgAlg.
1, line 15). If the value cannotbe assignedvithin the re-
sourceconstraintsof the teammembey it must choosea
value(s)to rejectand passon to otherteammatesin the
form of a token(s)(Alg. 1, lines 20 and 22). The agent
keepsvaluesthat maximizethe useof its capabilities(per
formedin the MAXCAP function, Alg. 1, line 16). Notice
thatchangingvaluescorrespondgo changingolesandmay
not be without cost. Also noticethatthe agentis “greedy”
in thatit performstherolesit is bestat.

ALGORITHM 1: VARMONITOR( )
@)

) while true

(3)

4) if msgis token

(5) ,

(6) if

(@) token.threshold= COMPUTETHRESHOL D(token)
(8) if

9) if

(10)

(11) SENDM SG( , “retained”)
(12) else

(13)

(15) if

(16) MAXxCAP(Values)

17) foreach

(18) if v.potential

(29) SENDM SG( , “released”)
(20) PassON(new token(py potential))
(21) else

(22) PASSON(new token(v))

(23)

(25) else

(26) PAssON(token) /* Cap  thresholdt/
27) elseif msgis “lock "

(28) if

(29)

(30)

(31) else

(32) SENDMSG( , “release”)

(33) elseif msgis “release ”

Secondly a teammembermust decidewhetherit is in
the bestinterestsof the teamfor it to assignthe valuerep-
resentedby atokento its variable(Alg 1, line 8). The key
guestions whethermassinghetokenonwill leadto amore
capableaeammembertakingontherole. Using probabilis-
tic modelsof the membersof the teamandthe rolesthat
needto beassignediheteammembercanchoosehe mini-



mumcapabilitytheagentshouldhavein orderto assigrthe
value.Noticethatit is thesimilarfunctionalityof theagents
in extremeteams andtheir large numberghatallows usto
apply probabilisticmodels. Intuitively, the agentestimates
the likely capability of an agentperformingthis role in a
good allocation. We refer to this minimum capability as
thethreshold Thethresholds calculatedonce(Alg 1, line
7), andattachedo the token asit movesaroundthe team.
Thus,theagentamustsimply circulatetokensuntil eachto-
kenis held by anagentwith capabilityabove thresholdfor
the role andwithin resourceconstraints.(To avoid agents
passingokensbackandforth, eachtokenmaintainghelist
of agentst hasvisited; if all agentshave beenvisited, the
tokencanrevisit agentsput only aftera smalldelay)

AND Constrained Roles

Whenthereare constraintdetweerrolesthereis
the potentialfor deadlo&sor, atbest,severeinef ciencies.
Considera planthatrequirestwo roles, and , to besi-
multaneouslyperformed.Whenateammembey , accepts
role , it may rejectotherrolesthatit could potentially
perform. If thereis no teammembercurrentlyavailableto
performrole , mustsimplywait.

ALGORITHM 2: ANDMONITOR( )

1) foreach

) for 1 to No. PotentiaValues

3) PassON(new token(vpotential))
(5) /* Wait to acceptpotentialtokens*/
(6) while

(1)

(8) if msgis “retained ”

©) o

(10) elseif msgis “release ”

1y

(13) /* Sendrealtokens*/

(14) foreach

(15)

(16) foreach

a7 SENDMSG( , “lock 7, )
(18) foreach

(29) SENDMSG( , “release )

To avoid suchproblemswe introducethe ideaof poten-
tial values A secondalgorithm,shavnin Algorithm 2, runs
alongsideAlgorithm 1 andworksasfollows. Thetokensfor
all rolesin an constrainedsetaregivento oneteam
member For eachof the tokensthe teammembersends
outa smallnumberof potentialtokens(Alg 2, line 3). The
potentialtokenswork in exactly the sameway as normal
tokensexceptthatwhenateammemberaccepts potential
tokenit agreego acceptthe role representedby the token
(Alg 1, line 10), only if a potentialtoken for eachof the
otherrealtokensis acceptedndmayperformotherrolesin
themeantime.

When the teammemberholding the real tokensis in-
formedthatat leastone potentialtokenfor eachreal token
hasbeenacceptedy ateammemberit locksthe groupby
selectingthe holderof onepotentialtokenfor eachrealto-
ken and sendingthem the real token (Alg 2, line 15). A

list of agentsacceptingthe otherreal tokensis also sent.
Note that this mechanisnmguardsagainstdeadlocks. For
instancejn caseanagent senda“Release’messagerst
andthenreceivesa“Lock” messageheentireteamwill not
deadlockand is now responsibldéor sendingmessage®
otherreceversof the “Lock” messagdo alsoreleasgAlg
1, lin 32). Holdersof potentialtokensthatarenotreplaced
with realtokensarereleasedAlg 2, line 19).

4 Experimentsand Results

We have testedLA-DCOP extensvely in threeerviron-
ments. The rst is an abstractsimulatorthat allows us to
runmary experimentswith verylargenumberf agents[§
In the simulator agentsarerandomlygivencapabilitiesfor
eachtype of role with somepercentagéeinggivenzeroca-
pability. Given mary agentswith overlappingcapabilities
for role types,denseconstraintgraphsresult,wherea con-
straintensuregwo agentsdo not take the samerole. For
eachtime stepthattheagenthastherole, theteamreceves
ongoingreward basedon the agents capability Message
passings simulatedastaking onetime stepandmessages
always get through. New roles appearspontaneoushand
thecorrespondingokensaredistributedrandomly Thenew
rolesappeaiatthe sameratethatold rolesdisappearhence
keepingthe total numberof rolesconstant Eachdatapoint
representsheaveragefrom 20 runs.

Our rst experimentgestsLA-DCOP againsthreecom-
petitors. The rst is DSA, which is shovn to outperform
otherapproximateDCOP algorithmsin a rangeof settings
[6, 1]; we chooseoptimal parametergor DSA [15]. DSA
doesnot easilyallow multiple rolesto be assignedo a sin-
gleagentsoour comparisorfiocusenthecasenvhereeach
agentcantake only onerole. As abaselinave alsocompare
againsta centralizedalgorithmthatusesa “greedy” assign-
ment (similar to the one presentedn [14]) and againsta
randomassignmentFigure 1(a) shavs the relative perfor
manceof eachalgorithm. The experimentused2000roles
over 1000time steps.They-axisshawvs thetotal reward per
agent,while the x-axis shavs the numberof agents. Not
surprisingly the centralizedalgorithm performsbestand
the randomalgorithm performsworst. LA-DCOP is sta-
tistically betterthanDSA. However, the key is the amount
of communicationused,as shavn in Figure 1(b). Notice
thatthe y-axisis a logarithmicscale,thusLA-DCOP uses
approximatelythree ordersof magnitudefewer messages
than the greedyalgorithm and four ordersof magnitude
lessmessagethanDSA. Thus,LA-DCOP performsbetter
than DSA despiteusing far lesscommunicationand only
mauginally worsethanacentralizechpproachdespiteusing
only atiny fractionof the numberof messages.

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



() (b)

Figure 1. (a)comparingheaverageoutputperagentver-
susthe numberof agents.(b) the numberof messagesent
versusthenumberof agents

the changeis very rapid. The four lines representiffer-
entratesof changewith 0.01meaningthatevery time step
(i.e.,thetime it takesto sendonemessagel % of all roles
arereplacedwith rolesrequiring a differentcapability At
middling capability(50%),with a1%dynamics| . A-DCOP
loses10%of reward/agenbn average but completeDCOP
algorithmstodaycannotevenhandledynamics.

Finally, Figure 2b shaws the utility of the useof poten-
tial tokenswhengroupsof rolesare AND constrained.In
the gure, 60%of all roles(900roles)areAND constrained
into groupsof veroles.Unlessanagentwith non-zeroca-
pability is assignedo eachrole in the group,the teamre-
ceivesno reward. It is clearthatpotentialtokenshelpsince
the lowest outputis receved without the potentialtokens
(labeled“None”). Moreover, allowing agentsto have up
to ve potentialtokens(labeled‘Retain5") leadsto better
performancehanallowing themto have only onepotential
token (labeled“Retain 1"). The effectis mostpronounced
whenabout40%of agentdhave non-zeracapabilitybecause
thisis the casewhenmostdeadlocksaindidlenessoccut

(@) (b)

Figure 2. (a) shaws the effects of different proportions
of roleschangingeachstep. The y-axis shavs the output,

x-axis shawvs the percentagef agentswith capability

(b) shaws the effect of retainersith thelinesrepresenting
no retainers,oneretainedrole per agentand ve retained
rolesperagent.

In our secondset of experiments,we used 200 LA-
DCOP enhancedrersionsof Machinettaproxies[1], dis-

(@) (b)

Figure 3. (a) shavsthe numberof res extinguishedby
200 re trucksversusthreshold(b) shavs the numberof
targetshit by UAVs versusthreshold.

tributedover a network, executingplansin two simplesim-
ulation ervironments. To the bestof our knowledge, this
is largerthanary publishedreporton complex multiagent
teams,certainly an order of magnitudejump over the last
publishedreportsof teamwork basedon proxies[11]. The
rst ernvironmentis a versionof a disasterresponsedo-
main where re trucksmust ght res. Capabilityin this
caseis the distanceof thetruck from the re, sincethis af-
fectsthe time until the re is extinguished.Hence,in this
case,the thresholdcorrespondgo the maximumdistance
thetruck will travel to a re. Figure4(a) shavs the num-
berof res extinguishedby the teamversusthreshold.In-
creasingthresholdsnitially improvesthe numberof res
extinguished,but too high a thresholdresultsin a lack of
trucks acceptingroles and a decreasen performance.In
thesecondlomain,200simulatedunmannederialvehicles
(UAVs) exploreda battlespacedestrying targetsof inter-
est. While in this domainLA-DCOP effectively allocates
rolesacrossalargeteam,thresholdsareof nobene t. The
key point of theseexperimentsis to showv that LA-DCOP
canwork effectively, in afully distributedernvironmentwith
realisticdomainsandlargeteams.

RoboCup RescueExperiments

We alsotestedour approachn the RoboCuprescueen-
vironment[3]. RoboCupRescuerovidesanideal,realistic
testinggroundfor LA-DCOP in allocatingrolesto an ex-
tremeteamcomprisedf re engines.

Figure 4. LA-DCOP ghts res twice as fast

as SD



In previous work, researcherdave documentedthe
failure of auctionbasedalgorithmsfor role allocationin
RoboCupRescue[}, dueto the high communicationre-
quirements.To testwhetherLA-DCOP canallocateroles
within the communicatiorandtime limitation of RoboCup
Rescuave comparedgainst shortestlistancebasedstrat-
egy, which exploits domaincharacteristicssimilar to top-
performing RoboCupRescueteams. We testedthe LA-
DCOPwith andwithout the useof thresholds.Agentsca-
pabilities are computedconsideringwhetherthe agentis
blockedor not andits currentdistancefrom the re.

We comparedhe stratgjieson threedifferentinitial sit-
uations:i) situationl has10 agentsand18 ignition points
uniformly distributed. ii) situation2 has10 agentsand18
ignition pointsbut re brigadesareconcentratedh two re-
gionsof themapand res areconcentrateth athird region.
iii) situation3 hasl5agentsand27 ignition points, res are
concentrateéh two regionsof themapwhile agentsarepo-
sitionedin otherthreeregions. Notice that situation2 and
situation3 arequiterealistic.

Theresultsareshavn in Figure4. The x-axisshavs the

differentsituations;in the fourth casewe have loweredthe
extinguishingpower of eachtruck. They-axisshavstheex-
tinguishtime for LA-DCOP without usingthresholdusing
thresholdLA-DCOP-TH (thresholdis setto 300 meters),
and shortestdistancestratgly SD. The graph shows that
for the rst situationwhen res and re brigadesarenicely
spreadall overthecity map,the SD allocationhave similar
performancevith respecto LA-DCOP andLA-DCOP-TH.
However, In the othertwo scenarioswhere res and re
ghters are not uniformly spread;he LA-DCOP and LA-
DCOP-THareat leasttwice asfastin extinguishing res;
andwhenextinguishingpower is diminished LA-DCOP is
10timesfaster

5 Summary and RelatedWork

Coordinationfor extremeteamsin OCSdomainsposes
novel and challengingissues. In particular the system
shouldbeableto adaptto the continuouschangingerviron-
mentalconditionsandto work with a dynamicnetwork in-
frastructurewhile ensuringglobalcoherencef the mission
to beachieved. In this paperwe have describecanovel and

e xible approachto role allocationin extremeteamsthat
cansuccessfullpperatén OCSdomains.OurDCOPbased
approachwasshawn to substantiallyout-performotherap-
proximateDCOPalgorithms,reducingthe numberof mes-
sagedy upto four ordersof magnitudewhile handlingad-
ditional challenge®f extremeteam. We shovedthe effec-
tivenes®f LA-DCOP by testingit in threedistinctdomains
with teamsan order of magnitudebigger than previously
published. An importantkey to the algorithmwasthe use
of probabilisticmodelsaboutthe stateof theteam.

Roleallocationis anextensvely studiedareawith work

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

A numberof approachehave beendevelopedspeci -
cally for dynamicteams:SFAM allocategesourceso tasks
usingaheuristicDCOPalgorithm[4. Whenappliedto dis-
tributedsensomets,SFAM hasbeenshawn to be effective
in sparseconstraintgraphs.It thuscomplimentsour work,
which focuseson moredensegraphs.Otherrole allocation
techniquefiave beendevelopedfor swarm-like groups[10,
but thesetechniquesuseonly local sensingandarenot ap-
plicableto widely distributedteams.

As futureworks,animportantstepwould be to testhow
our approachbehareswhenthe teamconnectiontopology
changesdynamically during mission executionand when
messagesangetlost dueto communicatiorerrors.
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