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Abstract

Theconceptof teamformationis central to a widevari-
etyof disciplines,includingplanningandlearningin multi-
agentsystems,arti�cial socialsystems,anddistributedarti-
�cial intelligence. Typically, modelsof agent-basedsystems
donot focuson thenatureandstructureof theinterconnec-
tion networkthatdictatesagentinteraction,althoughrecent
�ndings suggestthat real-worldnetworksof manydifferent
typeshaverich, purposeful,andmeaningfulstructures.Us-
ing a simpleagent-basedcomputationalmodelof teamfor-
mation,our previousworksuggeststhatorganizationalnet-
workstructurecanhavea signi�cant effectonthedynamics
of teamformation.We presentseveral strategiesfor locally
adaptingnetworkstructure in a simpleteamformationsce-
nario, andgiveempiricalresultsthat showthat such adap-
tationmethodsarecapableof signi�cantly improvingorga-
nizationalef�ciency. Thesemethodsprove to beespecially
useful for adaptingagent networksin the presenceof at-
tack faults that target the mosthighly connectednodesin
thenetwork.

Keywords: teamformation,organizationallearning,adap-
tation,complex networks.

1. Intr oduction

In both real and arti�cial societies,effective organiza-
tions arehighly dependenton structuresthat fosterthe ef-
�cient formation of teamsto accomplishcomplex tasks.
In many applicationsof multi-agentsystems,agentsmust
coordinateto solve problems,dynamically distribute re-
sources,andcollaborateto achieve collective goals.Team
formationis acoreconceptfor all of theseapplications.

With thecontinuedgrowth of the Internetandthe tech-
nologiesof the SemanticWeb [11], agentsarerequiredto
operatein expandingand increasinglycomplex environ-
ments.Agentsoperatingin thesedomainswill beunableto
maintainaworkingknowledgeof all otheragentsin thedo-
main;asa result,thenetwork structurethatgovernsthein-
teractionsbetweenagentswill play a fundamentalrole in
theeffectivenessof theseagentsocieties.

Recentresearchonreal-world networkshasrevealedthat
socialsystemshavearich structure[13, 14]. In understand-
ing agent-basedteamformation,mucheffort hasbeende-
votedto thedynamicsof individualagentsandvariousalgo-
rithmsfor forming teams,with little focuson theroleof in-
teractiontopologies.Recentwork in computationallearning
theory[4, 3], however, highlightsthe importanceof social
structureon organizationalperformancefor varioustypes
of organizationalbehaviors. Suchstudieshave shown that
clusteredorganizations,whereagentshavefew connections
but are tightly connected,are more stablethan organiza-
tions with high connectivity [12]. Similarly, organizations
with �uid (changeable)groupingsaremorelikely to foster
collaboration[10]. Motivatedby these�ndings, this paper
providesempiricalevidenceof the importanceof network
structureonmulti-agentteamformation.Wealsoshow that
organizationallearning through local network adaptation
candriveagentsocietiestowardmoreef�cient structures.

2. The TeamFormation Model

In the multi-agentsystemscommunity, therehasbeen
a signi�cant amountof researchon team formation and
self-organization.Much of thework on teamformationfo-
cuseson the mentalstatesof the agentsandtheir willing-
nessto form teamsandcollaborate[5, 18]. Thesestudies
have driventhedevelopmentandimplementationof frame-



worksin whichteamscoordinatecloselyto developandex-
ecutedistributedplans[15, 7].

We presenta simplemodelthatemphasizesthedynam-
ics of multi-agentteamformation,without theoverheadof
detailednegotiationsand belief modelingby the individ-
ual agents.Tasksaregeneratedandglobally advertisedto
theagentsin theorganization,andagentsform teamsto ac-
complishthetasks.Eachteammustconsistof a connected
subgraphof agentswhopossessthenecessaryskills for that
task,sothenetwork structurerestrictsagentinteractionand
participationon teams.

Teams and Tasks. Theorganizationin themodelconsists
of N agents,a1, a2, . . . , aN , eachsituatedat a vertex in a
graph.Eachagentai is assigneda singleskill, σi ∈ [1,Σ],
whereΣ is the organizationalskill diversity. In the model,
agentscanbein oneof threestates:uncommitted,commit-
ted, or active. An uncommittedagentis available and not
assignedto any task.A committedagenthaschosena task,
but thefull teamto work on thetaskhasnotyet formed.Fi-
nally, anactiveagentis amemberof ateamthathasful�lled
all of theskill requirementsfor a taskandis actively work-
ing on thattask.

Tasksareintroducedat �x edtaskintroductionintervals,
where the length of the interval betweentasks is given
by a parameter, µ. Tasksareglobally advertised(i.e., an-
nouncedto all agents).EachtaskT hasan associatedsize
requirement,|T |, anda |T |-dimensionalvectorof required
skills, RT . The skills requiredfor a given taskT arecho-
senuniformly from [1,Σ]. Eachtaskis advertisedfor a �-
nite numberof time stepsproportionalto its size(namely
δ|T |, whereδ is a modelparameter)to ensurethat the re-
sources(i.e., agents)assignedto the tasksare freed if the
full requirementsof thetaskcannotbemet.Similarly, teams
thatform to �ll therequirementsof agiventaskareonly ac-
tive for a �nite numberof time steps(namelyα|T |, where
α is amodelparameter).

Agent Dynamics. The organizationalnetwork structure,
representedby thegraph,dictatesthecollectionsof agents
thatcanbeon teamstogether.

Definition: A valid team is asetof agentswhose
correspondingsetof verticesinducea connected
subgraphandwhosecollectiveskill setful�lls the
skill requirementsfor agiventaskT .

Given the restrictionof teamsto connectedsubgraphs
of the organizationalstructure,agentsmust useheuristics
basedon localized knowledge to decidewhich teamsto
join. Thelocalknowledgeavailableto anagentincludesthe
numberof positionscurrently�lled oneachteam,thenum-
ber of the agent's uncommittedimmediateneighbors,and
thenumberof immediateneighborsoneachteam.Different
heuristicsfor usingthis local informationto decidewhich
teamto join yield varyingmodeldynamics[9].

3. Network Effects

In our previous work [9], we showed that the network
structureof anorganizationcanhave signi�cant effectson
the overall teamformationperformance.In this work, we
usedfour differentnetwork structuresto modeldifferentin-
teractiontopologiesamongthe agents.The graphsarede-
signedto have a �x ed density(i.e., a constantnumberof
edgesfor agivengraphsize).1

• 2-dimensionalregular lattice: In this graph,eachver-
tex is connectedto exactly four others,asin a typical
spatialagent-basedmodel.

• 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 vertices to a random vertex) with a
probability p [16, 17]. For all of the experimentsbe-
low, p = 0.05.

• Randomgraph:This is theErdos-Renyi randomgraph
model[8], wherethereis anundirectededgebetween
eachpair of verticeswith probability ρ. To approx-
imate the densityof the lattice and small-world net-
works,ρ = 2/(N − 1).

• Scale-freegraph:In this graphmodel,thegraphis it-
eratively grown. As new verticesareaddedthegraph,
they “preferentially”attachto existingverticesthatare
highly connected[1]. Theresultinggraphis a random
structurethathas“hub” vertices.To matchthedensity
of theothernetworks,2N undirectededgesareintro-
duced.

Thesenetwork structureswerechosenbecausethey arewell
studied,and becausethey are re�ective of typical agent-
basedandreal-world networks.

In order to measurecollective organizationalperfor-
mance,weusethefollowing de�nition of organizationalef-
�ciency:

ef�ciency =
# of teamssuccessfullyformed

total # of tasksintroduced
. (1)

Thismeasureprovidesaglobalview of thetaskcompletion
rateof theagentsociety. In our previouswork, we studied
how theorganizationsperformover a rangeof parameters,
wheretheagentsareembeddedin eachof thefour networks
describedabove. Eachof the graphshas100 verticesand
200 undirectededges.The experimentalresultspresented

1 Holding the graphdensityconstantallows us to focus only on the
topologyof thenetwork. In practice,graphswith higherdensitymay
be moreable to form teams,but may alsohave highercommunica-
tion andcomputationaloverhead.Determiningtheidealdensityfor an
agentsocietyis aninterestingproblem,but is beyondthescopeof this
paper.



arethe resultof 10 simulationsrun for 5000time stepsof
themodelwith δ = 2 andα = 4.
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Figure 1. Organizational ef�cienc y vs. task
intr oduction inter val for the team formation
model with N = 100, |T | = Σ = 10

Figure1 shows the effect of varying the task introduc-
tion interval on systemperformancefor eachof the four
network structures.In this experiment,agentsjoinedteams
using only information abouthow many positionson the
teamarepreviously �lled (i.e., how many agentshave pre-
viously committedto a speci�c team).Eachagentsequen-
tially considersjoining eachof the teamsto which oneof
its neighborsbelongs,in randomorder. Theagentjoins the
teamwith probability

# positions�lled on team/ teamsize

If it decidesnot to join a team,it moveson to considerthe
next candidateteam,until no optionsremain.This decision
processis performedateachtimestep.

Although the scale-freenetwork dominates,there are
several importantperformancedifferencesamongtheother
structures.First, in general,the more stochasticnetwork
structures(i.e., thescale-freeandtherandomnetworks)ap-
pearto consistentlyoutperformthe more regular network
structures(i.e., the lattice and the small-world). Second,
within the“regular” graphs,thesmall-world network (–o–)
outperformsthelatticenetwork structure,despitetheirhigh
degreeof similarity. In theseexperiments,thesmall-world
network wasconstructedby simply rewiring edgesof the
lattice network with a fairly low probability, p = 0.05.
Therefore,95%of theedgesin thesetwo network structures
areidentical,yet thesmall-world network shows a statisti-
cally signi�cant improvementin organizationalef�ciency
over thelatticestructure.

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

strategies—theresults were similar: scale-freenetworks
dominated,followedby random,small-world, andthenlat-
tice network structures.2 Otherresearchershave foundthat
similarresultsholdfor theadoptionof socialconventionsin
agentsocieties[6].

4. OrganizationalLearning

The resultspresentedabove demonstratethat the net-
work structurecan have a substantialeffect on organiza-
tional performance,andthat somenetwork structurescon-
sistentlyoutperformothers.In consideringhow toapplythis
�nding to the implementationof multi-agentsystems,the
obviouschoiceis to usethenetwork structurethatperforms
the best,but this implies that the designerhasknowledge
of all possiblenetwork structures.It alsoignoresthepossi-
bility of agentfailures,whichcanleadto a substantialdrop
in performance.Scale-freenetworks,which have nodesof
veryhighdegree,areparticularlysusceptibleto targetedat-
tack faults,aswe discusslater. To addresstheseissues,we
proposea setof strategiesfor network adaptation.The re-
sults we presentheresuggestthat organizationallearning
(i.e., improvementin organizationalef�ciency) canbe ac-
complishedthroughlocalizednetwork adaptation.

Adaptationdecisionsoccuron a local level: whenadap-
tationoccurs,eachagentis responsiblefor decidingwhich,
if any, of its incidentedgesshouldhaveits otherendmoved,
andto whichotheragentit shouldbeattached.For thesake
of simplicity, in the work presentedhere,adaptationsoc-
cur in a batchscenario,but theresultsshouldbeapplicable
to an online scenario.Sinceagentsdecidelocally whether
or not to join a forming team,it makessenseto adaptlo-
cally aswell.

The performanceof nodesand edgesis assessedas a
tradeoff betweentheir rate of successfullyforming teams
andtheirrateof joining failedteams.Speci�cally, eachtime
a teamsucceeds,eachof its verticesandedgeshasits per-
formancemeasureincremented(+1);eachtimeateamfails,
theperformanceof eachof its verticesandedgesis decre-
mented(-1).

Tostudytheeffectivenessof theadaptationstrategies,we
modelfailuresin thesimulationenvironmentby construct-
ing faulty graphs.Thesearecreatedby �rst constructinga
graphof somenetwork structure,thenselectinga subsetof
the verticesto be deletedfrom the graph(alongwith their
incidentedges).The fault rateof a graphis the fractionof
verticesthatareremoved.We focuson a scenariowith at-
tack faults,as introducedby Albert et al. [2]. Suchfaults
simulateamaliciousattackonanetwork, wheretheattack-
ersspeci�cally targetthemostimportantagents– i.e.,those

2 Theseresultswill be presentedin moredetail in a paperin prepara-
tion, to besubmittedto theJournalof Arti®cial IntelligenceResearch
(JAIR).



with highestdegree.This scenariocould alsobe seenasa
morebenign“wear-and-tear”situation,wherethemostcon-
nectedverticesaremoreproneto failuresimply becauseof
theinherentaddedstressandtraf�c volume.Verticesarese-
lectedfor deletionby selectinga randomedgein thegraph
and then deletingone of its incident vertices;as a result,
theprobabilityof avertex failureis proportionalto thatver-
tex's degree.

4.1. The Adaptation Process

Therearetwo majoraspectsof eachadaptationstrategy.
First, a strategy mustspecifywhich agentswill beallowed
to adapt.Theoptionsthatweexploredfor thisaspectare:

• Random:Allow arandomsetof agentsto adapt(move
anedge).Thenumberof adaptationsNA is givenasa
parameterto thesystem.(In theexperimentsdescribed
here,NA = N .)

• TeamFailure:Whenateamfails to �nish, allow oneof
its agentsto adapt(move anedge).

• NodeFailure: Whenan agentfails, allow eachof its
neighborsto adapt(replacethe “lost” edge).This has
the effect of replacingmost of the edgeslost due to
failure.Theonly edgeswhich will not bereplacedare
thosewherebothincidentverticeshave failed.

Second,a strategy mustde�ne an initial pool of candidate
neighborsfor eachadaptingagent.Theoptionsweexplored
are:

• All: All agentsmaybenew neighbors

• Teammate:Only ex-teammatesmaybenew neighbors

• Referral:Neighborsof neighborsmay be new neigh-
bors

Thesetwo aspectsyield ninedifferentadaptationstrategies,
whichcoverawiderangeof possiblescenarios.Therealism
andrequirementsof eachwill bediscussedlater, but exam-
ining all of thesepossibilitiesshouldgive a senseof which
methodsaremostpromising.

Someof the strategiesrequireprior knowledgeregard-
ing teammateandperformancehistories.This datais col-
lectedin a preliminarysimulation;adaptationis thenper-
formedin abatchstep.Theperformanceresultsin Section5
arebasedon thenetwork's performancein a secondsimu-
lation following thebatchadaptation.

TheRandomandTeamFailurestrategiesrequirean in-
cident edgeto be deletedbeforecreatinga new edge.In
this case,the edgewith the worst performanceis chosen
for deletion,with tiesbrokenrandomly. (In theNodeFail-
ure strategy, edgesarereplacedwhenoneof their vertices
fails.)

New neighborsareselectedthrougha four-stepprocess
that �lters an initial pool of candidatesdown to a �nal

new neighbor. Due to spacelimitations, we brie�y sum-
marizethesestepshere.First, thecandidatepool is created
using the currentstrategy (All, Teammate,or Referral,as
describedabove), excluding any potentialcandidatesthat
arealreadyneighbors.Second,an optionalstructure �lter -
ing maybeperformed,basedon theoriginal network type.
For example,in a lattice graph,the only candidateskept
arethosedirectly above, below, to the left, or to the right,
andhaving no otherverticesin between.Third, a skill �l-
tering stepretainsonly candidateswith a skill that is cur-
rentlyunder-representedamongtheagentandits neighbors.
Finally, a degree �ltering stepis performed,keepingonly
thosecandidateswith the single highestdegree.The idea
behindthis�lter is thatawell connectedagentis mostlikely
to have neighborswhich could completea forming team.
This �lter primarily servesasa tiebreaker amongpromis-
ing candidates.If morethanonecandidatestill remainsaf-
ter this �lter , tiesarebrokenrandomly.

5. Resultsand Discussion

Figure5 shows empiricalresultsfor thenineadaptation
strategies.As in Section3, eachof thegraphshas100ver-
ticesand200undirectededges.Eachpoint in thegraphsis
the averageof ten 5000-stepsimulationswith δ = 2 and
α = 4.

CandidatePool Strategies The “All” candidategeneration
strategy performedwell, andthe “Referral” strategy man-
agedto outperformtheunadaptedgraphby at leasta small
margin.

Only the“All” strategy enablesanagentto reconnectto
a different(andlarger)componentof thenetwork, if it be-
comesdisconnectedasthe resultof agentfailures.Two of
the “Referral” strategiesmanagedto succeedevenwithout
thiscapability, suggestingthatconnectingbetweendifferent
network componentsis notacritical partof agoodstrategy.

The“Teammate”strategy did not succeedat all. This is
a little surprising,sincethe “Teammate”approachseems
very intuitive, andsinceit allows agentsto �nd moredis-
tantneighborsthantheReferralstrategy. In thecurrentim-
plementation,teammatesareidenti�ed by runninga simu-
lation after thefaultsareintroduced,but beforeadaptation.
If the teammatestrategy wasmodi�ed to rememberteam-
matesfrom beforethe failure incident,it might show bet-
ter results,sinceteammatesthatendedup in othercompo-
nentsof thefaultygraphwouldstill beavailable.

Adaptation Source Strategies Of the three strategies for
choosingagentsto adapt,the “TeamFailure” strategy per-
formedbest.The“Random”strategy wasfairly successful,
which is interestingbecauseit was performing far fewer
adaptationsthan the “TeamFailure” strategy: the former
performedabout100adaptations,while thelatterperformed
about 500. Thesevalues were given as parameters(the



numberof randomadaptationsto performandtheteamfail
queuelimit). Increasingthe amountof randomadaptation
couldleadto betterperformancefor therandomstrategies.

The “Node Failure” strategy performedpoorly, espe-
cially consideringthat its resultinggraphscanpotentially
have many moreedgesthanthosefrom theotherstrategies.
Perhapsits poorperformancecouldbeblamedon thecan-
didatepools,sinceit performedalmostaswell asthe oth-
ers underthe “All” strategy. The “Nodefail, All” strategy
hassomevery unusualbehavior, whereits performanceac-
tually increaseswith the fault rate, to a point. This is be-
causethe“Node Failure” strategy only allows neighborsof
afailedvertex to adapt;theextremelylow fault ratessimply

have too little adaptationto achieve thefull bene�t. Whena
singleagentfails,only its neighborsmayadapt.

The “Team Failure” strategy has a distinct advantage
over the others,in that it is much more sensitive to the
real performanceof the graph,and is able to speci�cally
target problematicareas.It even performswell on a fault-
freegraph,achieving a signi�cant performancegain. In the
“TeamFailure” charts,the “Scale-free(w/ Performance)”
datashowsamodi�cation of theteamfailureschemewhere
thebestperformingteammemberis chosenfor adaptation,
ratherthanarandomteammember. In general,thisvariation
performsverywell, thoughit failswhenusedin conjunction
with the “Teammate”candidatepool strategy. (While the



adaptationmechanismswere being developed,it was ob-
served informally that if the worst performingteammem-
bersarechosen,performancefallsnearto or below thecon-
trol data.)

6. Futur eWork

Futuredirectionson this work fall into four main cat-
egories: further investigation and data gathering for the
strategiesdescribedin thispaper;studyingadaptednetwork
structuresand characteristics;developing new adaptation
methods;andexploringmethodsfor onlineadaptation.

Gatheringadditional data and running further experi-
mentswould enableusto betterexplain our results.In par-
ticular, to understandtheperformancedifferencesbetween
theadaptationstrategies,it would beusefulto gathermore
statisticsabouttheadaptationprocess.Datasuchasthesize
of thecandidatepoolaftereach�ltering step,thenumberof
adaptationsperformed,and the distribution of adaptations
amongthe agentscould help indicatewhy somestrategies
outperformedothers.Wealsoplantovarytheparameterset-
tings(numberof adaptations,sizeof teammatehistory list,
etc.)in orderto studytheir in�uence on theadaptationpro-
cess.

Furtheranalysisof theadaptednetworkstructuresis war-
ranted.Given that somestrategiesachieved a performance
gain in a fault-freeenvironment,characterizingthosere-
sulting structurescould leadto betterteamformationnet-
works in general.Perhapsanoptimalnetwork structurefor
theteamformationenvironmentcouldbediscovered,which
would be an importantresult with many interdisciplinary
applications.

Many other local adaptationstrategies are possible.In
particular, given that many of the current strategies and
mechanismsoperatedeterministically, it would beinterest-
ing to investigatemoreweightedprobabilisticapproaches.
For example,the degree�lter will eliminatea candidateif
its degreeis just onelessthanthemaximum,even if it is a
very goodcandidatein otheraspects.Relaxingthis behav-
ior could allow the adaptationmechanismto tradeoff dif-
ferentfactors.

The current implementationtakes a “single-shot” ap-
proachto adaptation.We plan to study the applicationof
similar strategies in an online adaptationscenario,where
thenetwork structureis graduallychangedover time.

7. Conclusions

We have shown that network structurescanhave a sig-
ni�cant effectonorganizationalteamformationin asociety
of agents.Theseresultssupporttheconclusionthat the in-
teractiontopologyshouldbe a considerationin the design

and function of multi-agentsystems,especiallythosethat
areembeddedin largeandexpandingdomains.

Our empirical resultsshowed that organizationalef�-
ciency canbe improved by allowing agentsto adapttheir
local interactions.Althoughmany avenuesremainto beex-
plored,we believe that our initial resultspoint the way to
many interestingopportunitiesfor futurework in thisarea.
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