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Abstract

Theconceptof teamformationis central to a widevari-

etyof disciplines,jncludingplanningandlearningin multi-
agentsystemsarti cial socialsystemsanddistributedarti-
cial intelligence Typically, modelsof agent-basesystems
do notfocuson the nature andstructuse of theinterconnec-
tion networkthatdictatesagentinteraction,althoughrecent
ndings sugyestthat real-world networksof manydifferent
typeshaverich, purposefuland meaningfultructues.Us-
ing a simpleagent-basedomputationamodelof teamfor-
mation,our previouswork suggeststhat organizationalnet-
work structule canhavea signi cant effectonthedynamics
of teamformation.We presentseveral strategiesfor locally
adaptingnetworkstructue in a simpleteamformationsce-
nario, and give empiricalresultsthat showthat sud adap-
tation methodsare capableof signi cantly improving orga-
nizationalef ciency. Thesemethodgroveto be especially
usefulfor adaptingagent networksin the presenceof at-
tack faults that target the mosthighly connectechodesin
thenetwork.

Keywords: teamformation,organizationalearning,adap-
tation,comple networks.

1. Intr oduction

In both real and arti cial societies effective organiza-
tions are highly dependenbn structureghat fosterthe ef-
cient formation of teamsto accomplishcomple tasks.
In mary applicationsof multi-agentsystemsagentsmust
coordinateto solve problems,dynamically distribute re-
sourcesand collaborateto achiese collective goals. Team
formationis a coreconcepfor all of theseapplications.

With the continuedgrowth of the Internetandthe tech-
nologiesof the SemanticWeb [11], agentsare requiredto
operatein expandingand increasinglycomple« environ-
ments.Agentsoperatingn thesedomainswill beunableto
maintainaworking knowledgeof all otheragentsn thedo-
main; asaresult,the network structurethatgovernsthein-
teractionsbetweenagentswill play a fundamentarole in
the effectivenesof theseagentsocieties.

Recentesearclonreal-world networkshasrevealedhat
socialsystemshave arich structurg13, 14]. In understand-
ing agent-baseteamformation,much effort hasbeende-
votedto thedynamicf individualagentsandvariousalgo-
rithmsfor forming teamsywith little focusontherole of in-
teractiontopologiesRecentvork in computationalearning
theory[4, 3], however, highlightsthe importanceof social
structureon organizationalperformancefor varioustypes
of organizationalbehaiors. Suchstudieshave shavn that
clusteredrganizationswhereagentsave few connections
but are tightly connectedare more stablethan organiza-
tions with high connectity [12]. Similarly, organizations
with uid (changeableyroupingsaremorelikely to foster
collaboration[10]. Motivatedby these ndings, this paper
provides empirical evidenceof the importanceof network
structureon multi-agentteamformation.We alsoshaw that
organizationallearning through local network adaptation
candrive agentsocietiesowardmoreef cient structures.

2. The TeamFormation Model

In the multi-agentsystemscommunity there hasbeen
a signi cant amountof researchon team formation and
self-omganization.Much of thework on teamformationfo-
cuseson the mentalstatesof the agentsandtheir willing-
nessto form teamsand collaborate[5, 18]. Thesestudies
have driventhe developmentandimplementatiorof frame-



worksin whichteamscoordinatecloselyto developandex-
ecutedistributedplans[15, 7].

We presenta simple modelthatemphasizethe dynam-
ics of multi-agentteamformation,without the overheadof
detailednegotiationsand belief modeling by the individ-
ual agents.Tasksare generatedand globally adwertisedto
theagentsn theorganization andagentsform teamsto ac-
complishthe tasks.Eachteammustconsistof a connected
subgraphof agentavho possesthe necessargkills for that
task,sothenetwork structurerestrictsagentinteractionand
participationonteams.

Teams and Tasks. The organizationin the modelconsists
of N agentsgay,as, ... ,ay, eachsituatedat a vertex in a
graph.Eachagenta; is assigneda singleskill, o; € [1,X],
whereY: is the organizationalskill diversity. In the model,
agentscanbein oneof threestatesuncommitted commit-
ted, or active. An uncommittedagentis available and not
assignedo ary task.A committedagenthaschoseratask,
but thefull teamto work onthetaskhasnotyetformed.Fi-
nally, anactiveagents amembeiof ateamthathasful lled
all of the skill requirementdor ataskandis actively work-
ing onthattask.

Tasksareintroducedat x edtaskintroductionintervals
where the length of the interval betweentasksis given
by a parameteru. Tasksare globally adwertised(i.e., an-
nouncedo all agents) EachtaskT hasan associatedize
requirement|T’|, anda |T'|-dimensionalectorof required
skills, Rr. The skills requiredfor a giventaskT arecho-
senuniformly from [1, ]. Eachtaskis adwertisedfor a -
nite numberof time stepsproportionalto its size (hamely
0|T|, whered is a model parameter}o ensurethatthe re-
sourceq(i.e., agents)assignedo the tasksare freedif the
full requirementsf thetaskcannotemet.Similarly, teams
thatformto Il therequirementsf agiventaskareonly ac-
tive for a nite numberof time steps(namely«|T|, where
« is amodelparameter).

Agent Dynamics. The organizationalnetwork structure,
representedyy the graph,dictatesthe collectionsof agents
thatcanbeonteamstogether

Definition: A valid team is asetof agentsvhose
correspondingetof verticesinducea connected
subgaphandwhosecollective skill setful lls the

skill requirementgor a giventaskT’.

Given the restriction of teamsto connectedsubgraphs
of the organizationalstructure,agentsmust use heuristics
basedon localized knowledge to decide which teamsto
join. Thelocalknowledgeavailableto anagentincludesthe
numberof positionscurrently lled oneachteam,thenum-
ber of the agents uncommittedimmediateneighbors and
thenumberof immediateneighborson eachteam.Different
heuristicsfor usingthis local informationto decidewhich
teamto join yield varyingmodeldynamicg9].

3. Network Effects

In our previous work [9], we shaved that the network
structureof an organizationcanhave signi cant effectson
the overall teamformation performanceln this work, we
usedfour differentnetwork structurego modeldifferentin-
teractiontopologiesamongthe agents.The graphsare de-
signedto have a x ed density(i.e., a constantnumberof
edgedor agivengraphsize)?!

e 2-dimensionategular lattice: In this graph,eachver-
tex is connectedo exactly four others,asin atypical
spatialagent-basechodel.

e 2-dimensional small-world network: This net-
work is derived from the 2-dimensionallattice de-
scribed above. The small-world network is formed
by randomly “rewiring” each edge (i.e., chang-
ing one of its verticesto a randomvertex) with a
probability p [16, 17]. For all of the experimentsbe-
low, p = 0.05.

e Randomgraph:Thisis the Erdos-Rewgi randomgraph
model[8], wherethereis anundirectededgebetween
eachpair of verticeswith probability p. To approx-
imate the density of the lattice and small-world net-
works,p =2/(N —1).

e Scale-freggraph:In this graphmodel,the graphis it-
eratvely grown. As new verticesareaddedthe graph,
they “preferentially” attachto existing verticesthatare
highly connectedl]. Theresultinggraphis arandom
structurethathas“hub” vertices.To matchthe density
of the othernetworks, 2NV undirectededgesareintro-
duced.

Thesenetwork structuresverechoserbecause¢hey arewell
studied,and becausehey are re ective of typical agent-
basedandreal-world networks.

In order to measurecollective organizational perfor
mancewe usethefollowing de nition of organizationakf-
ciency:

# of teamssuccessfullyformed
total # of tasksintroduced

efciency = Q)
This measurgrovidesaglobalview of thetaskcompletion
rate of the agentsociety In our previous work, we studied
how the organizationgperformover a rangeof parameters,
wheretheagentsareembeddedh eachof thefour networks
describedabove. Eachof the graphshas100 verticesand
200 undirectededges.The experimentalresultspresented

1 Holding the graphdensity constantallows us to focus only on the
topologyof the network. In practice,graphswith higherdensitymay
be more able to form teams,but may also have higher communica-
tion andcomputationabverheadDeterminingtheidealdensityfor an
agentsocietyis aninterestingproblem,but is beyondthe scopeof this
paper



aretheresultof 10 simulationsrun for 5000time stepsof
themodelwith § = 2 anda = 4.

Organizational Efficiency vs. Task Introduction Interval - N=100, k=s=10

Figure 1. Organizational efcienc y vs. task
intr oduction inter val for the team formation
model with N =100, |T| =X =10

Figure 1 shaws the effect of varying the taskintroduc-
tion intenal on systemperformancefor eachof the four
network structuresin this experiment,agentgoinedteams
using only information abouthow mary positionson the
teamarepreviously lled (i.e.,how mary agentshave pre-
viously committedto a speci ¢ team).Eachagentsequen-
tially considergoining eachof the teamsto which one of
its neighborshelongsin randomorder The agentjoins the
teamwith probability

# positionslled onteam/teamsize

If it decidesnotto join ateam,it moveson to considerthe
next candidatdeam,until no optionsremain.This decision
processs performedat eachtime step.

Although the scale-freenetwork dominates,there are
severalimportantperformancalifferencesamongthe other
structures First, in general,the more stochasticnetwork
structuredi.e.,thescale-freeandtherandomnetworks) ap-
pearto consistentlyoutperformthe more regular network
structures(i.e., the lattice and the small-world). Second,
within the“regular” graphsthe small-world network (—o-)
outperformghelattice network structure despitetheir high
degreeof similarity. In theseexperimentsthe small-world
network was constructedoy simply rewiring edgesof the
lattice network with a fairly low probability p = 0.05.
Therefore 95%of theedgesn thesewo network structures
areidentical,yet the small-world network shows a statisti-
cally signi cant improvementin organizationalef ciency
overthelatticestructure.

In the other experimentswe performed—arying net-
work size, team size, skill diversity and agentdecision

stratgies—the results were similar: scale-freenetworks
dominatedfollowed by random,small-world, andthenlat-
tice network structures. Otherresearcherbave foundthat
similarresultshold for theadoptionof socialconventionsin
agentsocietied6].

4. Organizational Learning

The resultspresentedabove demonstratehat the net-
work structurecan have a substantialeffect on organiza-
tional performanceandthat somenetwork structurescon-
sistentlyoutperformothersin considerindhow to applythis

nding to the implementationof multi-agentsystemsthe
obviouschoiceis to usethenetwork structurethatperforms
the best,but this implies that the designerhasknowledge
of all possiblenetwork structureslt alsoignoresthe possi-
bility of agenffailures,which canleadto a substantiatrop
in performanceScale-freenetworks, which have nodesof
very high degree,areparticularlysusceptibldo targetedat-
tack faults,aswe discusdater To addresgheseissueswe
proposea setof stratgiesfor network adaptationThe re-
sults we presenthere suggesthat organizationallearning
(i.e., improvementin organizationalef ciency) canbe ac-
complishedhroughlocalizednetwork adaptation.

Adaptationdecisionsoccuron alocal level: whenadap-
tationoccurs,eachagentis responsibldor decidingwhich,
if any, of its incidentedgesshouldhave its otherendmoved,
andto which otheragentit shouldbe attachedFor the sale
of simplicity, in the work presentechere,adaptationsc-
curin abatchscenarioput theresultsshouldbe applicable
to anonline scenario Sinceagentsdecidelocally whether
or not to join a forming team,it makes senseto adaptlo-
cally aswell.

The performanceof nodesand edgesis assesseas a
tradeof betweentheir rate of successfullyforming teams
andtheirrateof joining failedteams Speci cally, eachtime
ateamsucceedsgachof its verticesandedgeshasits per
formancemeasuréncremented+1); eachtime ateamfails,
the performanceof eachof its verticesandedgess decre-
mented(-1).

To studytheeffectivenes®f theadaptatiorstrategies,we
modelfailuresin the simulationervironmentby construct-
ing faulty graphs.Thesearecreatedcby rst constructinga
graphof somenetwork structure thenselectinga subsebf
the verticesto be deletedfrom the graph(alongwith their
incidentedges)The fault rate of a graphis the fraction of
verticesthatareremoved. We focuson a scenariowith at-
tack faults,asintroducedby Albert et al. [2]. Suchfaults
simulatea maliciousattackon a network, wherethe attack-
ersspeci cally targetthemostimportantagents-i.e., those

2 Theseresultswill be presentedn moredetailin a paperin prepara-
tion, to be submittecto the Journalof Arti®cial IntelligenceResearch
(JAIR).



with highestdegree.This scenariocould alsobe seenasa
morebenign“wear-and-tear’situation wherethemostcon-
nectedverticesaremoreproneto failure simply becausef
theinherentaddedstressaandtraf c volume.Verticesarese-
lectedfor deletionby selectingarandomedgein the graph
and thendeletingone of its incident vertices;as a result,
theprobability of avertex failureis proportionato thatver-
tex'sdegree.

4.1. The Adaptation Process

Therearetwo majoraspect®f eachadaptatiorstratayy.
First, a stratgy mustspecifywhich agentswill be allowed
to adapt.The optionsthatwe exploredfor this aspectare:

e Random:Allow arandomsetof agentdo adapt(maove
anedge).Thenumberof adaptationsV 4 is givenasa
parameteto the system(In theexperimentdescribed
here, Ny = N.)

e TeamFailure:Whenateamfailsto nish, allow oneof
its agentgo adapt(move anedge).

e Node Failure: When an agentfails, allow eachof its
neighborsto adapt(replacethe “lost” edge).This has
the effect of replacingmost of the edgeslost due to
failure. The only edgeswhich will notbereplacedare
thosewherebothincidentverticeshave failed.

Seconda stratggy mustde ne aninitial pool of candidate
neighbordor eachadaptingagent.Theoptionswe explored
are:

e All: All agentanaybenew neighbors
e TeammateOnly ex-teammatesnaybenew neighbors

e Referral:Neighborsof neighborsmay be new neigh-
bors

Thesetwo aspectyield ninedifferentadaptatiorstrateies,
which coverawiderangeof possiblescenariosTherealism
andrequirement®f eachwill bediscussedater, but exam-
ining all of thesepossibilitiesshouldgive a senseof which
methodsaremostpromising.

Someof the stratgjies requireprior knowledgeregard-
ing teammateand performancehistories.This datais col-
lectedin a preliminary simulation;adaptations thenper
formedin abatchstep.Theperformanceesultsin Sections
arebasedon the network's performancen a secondsimu-
lation following the batchadaptation.

The Randomand TeamFailure stratgjiesrequireanin-
cident edgeto be deletedbefore creatinga new edge.In
this case,the edgewith the worst performances chosen
for deletion,with ties brokenrandomly (In the Node Fail-
ure stratgyy, edgesarereplacedwhenone of their vertices
fails.)

New neighborsare selectedhrougha four-stepprocess
that Iters an initial pool of candidatesdown to a nal

new neighbor Due to spacelimitations, we briey sum-
marizethesestepshere.First, the candidatepool is created
usingthe currentstratgy (All, Teammatepr Referral,as
describedabore), excluding ary potential candidateghat
arealreadyneighborsSecondan optionalstructue lter -
ing may be performed basedon the original network type.
For example,in a lattice graph,the only candidateskept
arethosedirectly above, below, to theleft, or to theright,
and having no otherverticesin between.Third, a skill I-
tering stepretainsonly candidatewith a skill thatis cur-
rently underrepresentedmongtheagentandits neighbors.
Finally, a degree ltering stepis performed keepingonly
thosecandidateswith the single highestdegree. The idea
behindthis Iter isthatawell connectedgentis mostlikely
to have neighborswhich could completea forming team.
This Iter primarily senesasa tiebrealer amongpromis-
ing candidateslf morethanonecandidatestill remainsaf-
terthis lter, tiesarebrokenrandomly

5. Resultsand Discussion

Figure5 shavs empiricalresultsfor the nine adaptation
stratgjies.As in Section3, eachof the graphshas100ver-
ticesand200undirectecedgesEachpointin the graphsis
the averageof ten 5000-stepsimulationswith § = 2 and
a = 4.

CandidatePool Strategies The “All” candidategeneration
stratgy performedwell, andthe “Referral” stratgyy man-
agedto outperformthe unadaptedjraphby at leasta small
mauigin.

Only the“All” strat@y enablesanagentto reconnecto
a different(andlarger) componenof the network, if it be-
comesdisconnecte@sthe resultof agentfailures.Two of
the “Referral” stratgiesmanagedo succeedven without
this capability suggestinghatconnectingoetweerdifferent
network componentss notacritical partof agoodstratayy.

The “Teammate’stratgy did not succeedat all. Thisis
a little surprising,sincethe “Teammate”approachseems
very intuitive, andsinceit allows agentsto nd moredis-
tantneighborghanthe Referralstrategy. In the currentim-
plementationfeammatesreidenti ed by runninga simu-
lation afterthe faultsareintroduced put beforeadaptation.
If theteammatestrategy wasmodi ed to remembeteam-
matesfrom beforethe failure incident,it might shav bet-
ter results,sinceteammateshatendedup in othercompo-
nentsof thefaulty graphwould still be available.

Adaptation Source Stratggies Of the three stratgjies for
choosingagentsto adapt,the “TeamFailure” stratgy per
formedbest.The “Random” strateyy wasfairly successful,
which is interestingbecausdt was performingfar fewer
adaptationghan the “Team Failure” stratgy: the former
performedaboutlO0adaptationsyhile thelatterperformed
about 500. Thesevalues were given as parametergthe
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numberof randomadaptationgo performandthe teamil
queuelimit). Increasingthe amountof randomadaptation
couldleadto betterperformancédor therandomstratayies.
The “Node Failure” stratgy performedpoorly, espe-
cially consideringthat its resultinggraphscan potentially
have mary moreedgeghanthosefrom the otherstratajies.
Perhapsts poor performancecould be blamedon the can-
didatepools,sinceit performedalmostaswell asthe oth-
ersunderthe “All” stratgy. The “Nodefail, All" stratgy
hassomevery unusuabehaior, whereits performanceac-
tually increaseswith the fault rate,to a point. This is be-
causethe“Node Failure” stratgy only allows neighborsof
afailedvertex to adapttheextremelylow faultratessimply

have toolittle adaptatiorto achieve thefull bene t. Whena
singleagentfails, only its neighboramayadapt.

The “Team Failure” stratgy has a distinct advantage
over the others,in that it is much more sensitve to the
real performanceof the graph,andis able to speci cally
target problematicareaslt even performswell on a fault-
freegraph,achiering a signi cant performancegain. In the
“TeamFailure” charts,the “Scale-free(w/ Performance)
datashavs amodi cation of theteamfailureschemevhere
the bestperformingteammembelis choserfor adaptation,
ratherthanarandonmteammemberin generalthisvariation
performsverywell, thoughit failswhenusedn conjunction
with the “Teammate”candidatepool stratgy. (While the



adaptationmechanismsvere being developed,it was ob-
senedinformally thatif the worst performingteammem-
bersarechosenperformancéalls nearto or belov thecon-
trol data.)

6. FutureWork

Futuredirectionson this work fall into four main cat-
egories: further investigation and data gathering for the
stratgiesdescribedn this paper;studyingadaptedetwork
structuresand characteristicsgeveloping nenv adaptation
methodsandexploring methoddor onlineadaptation.

Gatheringadditional data and running further experi-
mentswould enableusto betterexplain our results.In par
ticular, to understandhe performancalifferencesetween
the adaptatiorstratgies,it would be usefulto gathermore
statisticsaboutthe adaptatiorprocessDatasuchasthesize
of thecandidatepool aftereachItering step,thenumberof
adaptationgperformed,and the distribution of adaptations
amongthe agentscould help indicatewhy somestratgies
outperformedthers We alsoplanto varytheparameteset-
tings (humberof adaptationssizeof teammatehistorylist,
etc.)in orderto studytheirin uence on the adaptatiorpro-
cess.

Furtheranalysisof theadaptedetwork structuress war
ranted.Given that somestratgiesachieved a performance
gain in a fault-free environment, characterizinghosere-
sulting structurescould lead to betterteamformation net-
worksin general Perhapsn optimal network structurefor
theteamformationernvironmentcouldbediscosered which
would be an importantresult with mary interdisciplinary
applications.

Many otherlocal adaptationstratgies are possible.In
particular given that mary of the current stratgies and
mechanism@peratedeterministicallyit would beinterest-

ing to investigate moreweightedprobabilisticapproaches.

For example,the degree lter will eliminatea candidatef
its degreeis just onelessthanthe maximum,evenif it is a
very goodcandidaten otheraspectsRelaxingthis beha-
ior could allow the adaptatiormechanisnto tradeoff dif-
ferentfactors.

The currentimplementationtakes a “single-shot” ap-
proachto adaptationWe plan to study the applicationof
similar stratgiesin an online adaptationscenario,where
thenetwork structureis graduallychangedvertime.

7. Conclusions

We have shaovn that network structurescanhave a sig-
ni cant effecton organizationateamformationin asociety
of agentsTheseresultssupportthe conclusionthatthe in-
teractiontopology shouldbe a consideratiorin the design

and function of multi-agentsystemsgspeciallythosethat
areembeddedh large andexpandingdomains.

Our empirical results shaved that organizationalef -
cieng/ canbe improved by allowing agentsto adapttheir
localinteractionsAlthoughmary avenuesemainto be ex-
plored,we believe that our initial resultspoint the way to
mary interestingopportunitiedor futurework in this area.
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