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Abstract

Weuseseveralmodelsof scale-freegraphsasunderlyinginteractiongraphsfor asimple

modelof Multi-AgentSystems(MAS), andstudyhow fastthesystemreachesafixed-point,

that is, the time it takesfor the systemto get a 90% of the agentsin the samestate.The

interestof thesekind of graphsis in thefact thattheInternet,a veryplausibleenvironment

for MAS, is a scale-freegraphwith high clusteringand � knn � , the nearestneighbor

averageconnectivity of nodeswith connectivity k, followingapower-law. Ourresultsshow

that different typesof scale-freegraphsmakethe systemas efficient as fully connected

graphs,in aclearagreementwith ourpreviousresearch(Artif. Intell. 141, pp. 175-181).
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1 Introduction

It hasbeenlong sinceHuberman& collaborators[15, 16, 17] showed that the studyand/or

designof a multiagentsystems(MAS) mustpayattentionto thedynamicsof thesystem.Im-

portantaspectsof a MAS, suchasperformance,may dependon this dynamics.However, it

lookslike this topic hasnotattractedtheattentionof researchersin MAS [14, 33].

In this article we want to emphasizean importantfactor in the dynamicsof a MAS: its

topology. It is well-known that thetopologyof a MAS, thatis, thepatternof interactionto be

followedby theagents,maybehighly determinantin whatrespectsthe long-timebehavior of

a dynamicalsystem[1, 10, 12, 18, 23] andMAS areno exception.To do so,we will work in

theframework introducedby Shoham& Tennenholtz[25, 26,27,28] of simple,game-theoretic

agentstrying to reacha socialconvention,that is, thesamestatefor all agents(seebelow). We

will not furtherdiscusssocialconventions,seeShoham& Tennenholtzpapersfor details.

In thesimplestmulti-agentsystem(MAS) everyagentmayinteractwith everyotheragent.

Thismeansthattheunderlyingtopologyis agraphwith anall-to-all connectivity pattern.How-

ever, this is not very realistic,sinceMAS tendto run in an openenvironment,whereagents

have no knowledgeaboutthe whole. It is far moreaccurateto assumesomerestrictionsin

thepatternof interactionsanagentmayhave. We canthink of differentpossibilities:Regular

graphs,lattices,etc.Thishasalreadybeen(partially)analysed,sinceemergenceof conventions

in MAS with topologicalrestrictionshasbeenstudiedin regulargraphs(functionalandproduct

hierarchies,contractnets,decentralizedandcentralizedmarkets,see[28] for definitionsof these

differenttypesof graphsin thecontext of organizationtheory)andlattices[18,19,28,29]. This

work is quite interesting,sinceit shows that theunderlyingMAS topologyis importantin the

efficiency of theemergenceof conventions;however, regular topologiesarenot very realistic

either. If we payattentionto thetopologyof real networks,we will find out thatmostof them

have a very particulartopology: they arecomplex networks[2, 4, 23, 6, 10, 12, 31] with non-
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trivial wiring schemes.Notice thatoneof thepossibleenvironmentsfor a MAS, the Internet,

is amongthe mostprominentcomplex networksfound in the real world. Complex networks

arewell characterizedby somespecialproperties,suchastheconnectivity distribution (either

exponentialor power-law) or thesmall-worldproperty[23, 32].

In this articlewe will studytheefficiency of theemergenceof socialconventionsin MAS

with a scale-freeunderlyingtopology, that is, its connectivity followsa power-law P � k � ∝ k � γ.

We will follow theconceptualframework introducedby Shoham& Tennenholtzandour mea-

sureof efficiency will beoneof thoseintroducedin thework of Kittock [18]: thetime it takes

to reacha 90%of theagentsin thesystemwith thesamestate.Thiswill bedetailedbelow.

Previous experimentalwork by one of the authors[13] showed that a particulartype of

scale-freegraphs(generatedfollowing thework of Barab́asiandcollaborators[7, 3], seebelow)

makethesystembehave in a way quitesimilar to theoptimalunderlyingtopology, that is, the

completegraph. However, thosegraphslack somepropertiesthat have beenobserved in the

Internet,particularly, they lack a certainkind of correlationsamongnodesandthesmall-world

property. In thisarticlewecontinuethatexplorationby performingthesameexperimentalwork

on different typesof moresophisticatedscale-freegraphs. Readersof both papers(this one

and[13]) will find someredundancy in the introductorypartandtheplaceswherewe describe

thesystemwhich we usedto performtheexperiments,but this is unavoidablesincethis oneis

a sequelof [13].

2 Graph Models

As we pointedout in theintroduction,recentdiscoverieson realnetworksleadusto think that

regularand/orpurely randomgraphsarenot themostrealisticenvironmentfor MAS. Lots of

realnetworkshave beenstudied[4, 5, 6, 8, 12,23,31] thoughthemostinterestingresultfor us

is thattheInternetis a complex network,a scale-freegraphwith small-worldproperties[2, 4].

SincetheInternetis aquitereasonableenvironmentfor aMAS, andsincetheunderlyingtopol-
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ogy is importantfor theefficiency of theemergenceof conventions(asshown by Kittock [18]),

it is quiteclearthatthestudyof theefficiency of theemergenceof conventionsin differenttypes

of scale-freenetworkswill providemorerealisticresults.

Albert, Barab́asi andJeonghave recentlyproposeda setof differentmodelsfor scale-free

graphs,basedon the growing processof the Internetandother real complex networks. We

have usedtheAlbert-Barab́asi[3] extendedmodelasmodelof scale-freegraphs,sinceit gives

ussomecontrolover theexponentγ of thegraph. Theunderlyingideais thatof growth with

preferentialconnectivity, wherethe most“popular” nodesget mostof the links. This model

wasbuilt on a simplerone[7], ableto generategraphswith exponentγ � 2 � 9 	 0 � 1 (by setting

p � q � 0 in the algorithmdetailedbelow we recover this previous model). We will define

preciselythesegraphsby giving analgorithmto build them.

Thealgorithmdependson 4 parameters:m0 (initial numberof nodes),m (numberof links

addedand/orrewired at every stepof the algorithm), p (probability of addinglinks) and q

(probabilityof edgerewiring). Theprocedureis: Startthe algorithmwith m0 isolatednodes,

andperformat everysteponeof thesethreeactions:

1 With probability p addm ( 
 m0) new links. We pick two nodesrandomly. Thestarting

point of the link is chosenuniformly andthe endpoint of the new link will be chosen

accordingto thefollowing probabilitydistribution:

Πi � ki � 1

∑ j � k j � 1 

whereΠi is the probability of selectingthe i-th node,andki is the numberof edgesof

nodei. Thisprocessis repeatedm times.

2 With probabilityq, medgesarerewired. Thatis, werepeatm times:Choose(uniformly)

at randomonenodei anda link l i j . Deletethis link. Chooseanother(different)nodek

with probability � Πl � l � 1 �����N andaddthenew link l ik.
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3 With probability1 � p � q addanew nodewith m links. Thesenew links will connectthe

new nodeto mothernodeschosenaccordingto � Πl � l � 1 ����� N.

Oncewe getthedesirednumberN of nodes,we stopthealgorithm.Thegraphsgeneratedwith

thisalgorithmarescale-freerandomgraphs,thatis, therearenocorrelationsamongedges[24].

It canbeshown that in the limit of largeN, when p � q, this algorithmendsup with a graph

with connectivity distribution

P � k � ∝ � k � 1 ��� � 2m� 1  p!#" 1  2p
m $ 1%

thatcanbeapproximated,whenk &'& 1,by P � k � ∝ k � γ whereγ � 2m( 1 � p) $ 1 � 2p
m � 1. Thegraphs

in our experimentsareno larger thanN � 105, thereforethetheoreticalexponentsuffers from

finite-sizeeffectsandmustbecomputednumerically. (seefigure1).
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Figure1: This figureshows theconnectivity distributionof a graphgeneratedwith theAlbert-
Barab́asi extendedmodel (seetext). ParametersareN � 5 . 104, p � q � 0 / 4, m0 � 4 and
m � 2, sotheexponentshouldbeγ � 2 / 3. As we seein theplot, the realexponentis γ 0 2 / 5.
Thedatawerelogarithmicallybinned.

Albert-Barab́asi’s scale-freegraphsaresimplemodelsthatlack someof thecharacteristics

of theInternet.Pastor-Satorrasetal. [24] madesomemeasuresonrealsamplesof theInternet,
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showing a largeclustering,anexponentγ 1 2 2 25 andthepresenceof correlationsin the form

of a power-law dependencein the nearestneighborsaverageconnectivity of nodeswith con-

nectivity k (quantitythey called 3 knn 4 ). Albert-Barab́asigraphshave low clusteringandno

correlations,sowewill work with two moremodelsof scale-freegraphs.

First, theWalshmodelof scale-freegraphswith high degree[30]. This model is a varia-

tion of the Albert-Barab́asimodelwe have seen,but with parametersp 5 q 5 0 anda rule to

connectanew nodethatreadsasmin6 1 7 mki 8 ∑i ki 9 . Graphsgeneratedwith theAlbert-Barab́asi

model,dueto theprobabilitydistributionthey useto modelpreferentialattachment,differ from

the Internet,amongotherthings,in that theclusteringof the Internetis muchhigherthanthe

clusteringof thesemodels.Walshmodificationis ableto inducehighdensitygraphs,with large

clustering,maintainingthescalefreepropertywith anexponentγ : 2 2 9.

Second,theBianconi-Barab́asimodel[8], very similar to theAlbert-Barab́asimodel(also

with p 5 q 5 0) but introducinga parametercalledfitness, associatedto every node.This new

parameteris introducedto accountfor the evidencethat evolving systemswith a scale-free

topologyareoftencompetitivesystems:notall nodesareequallysuccessfulin acquiringlinks.

Thus,they definethenew ruleof connectivity as

Πi 5 ηiki 8 ∑
j

η jk j

for everynodei 5 1 2;2;2 N. In ourcase,wehavechosenηi uniformly fromtheunit interval. These

graphsaregeneralizedscale-freegraphs,sinceits distribution follows P 6 k 9 ∝ k < γ 8 log 6 k 9 for

γ : 2 2 25 (anexponentvery similar to that foundfor theInternet[24]). Thesegraphsareinter-

estingsincetheir correlation 3 knn 4 scalesfollowing a power-law, asdoesthe Internet[24].

Let Sk bethesetof nodeswith k neighbors,Nk thecardinalof Sk, Vj thesetof neighborsof node

j andci thenumberof neighborsof nodei. We define 3 knn 4 :

3 knn 4 5 1
Nk

∑
j = Sk

1
k ∑

i = Vj

ci
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Wecanseein figure2, > knn ? measuredfor our threemodelsof scale-freegraphs.Weseethat

only thefitnessmodelhascorrelationssimilar to theonesmeasuredin theInternet[24].

Thus,we will work with scale-freegraphsof theAlbert-Barab́asitype,andtwo variations:

theWalshtype,with a higherclusteringandtheBianconi-Barab́asi(fitness)type,with > knn ?
following a power-law. TheWalshmodelandtheAlbert-Barab́asimodelhave no correlations

atall. However, only theWalshmodelhashighclustering.

10@ 100@ 1000@
k

10

100

1000

<k
nn

>

Albert−Barabasi
A

Fitness

Walsh
B

Figure2: Thisfigureshows > knn ? for our threemodelsof scale-freegraphs.Parametersare:
N C 104, m0 C 9 andm C 8 for all graphs.Besides,p C q C 0 D 4 for theAlbert-Barab́asimodel.
We observenocorrelationsfor theWalshmodelandtheAlbert-Barab́asimodel.

3 Social Conventions in MAS

Our MAS will consistof N agentson a graph,whereevery agentwill be locatedon a nodeof

the graph. Its adjacentagentswill be calledits neighbors. Every agentwill be in oneout of

two states(or actions),calledA andB. Thesystemwill evolve in time, andat eachtime step

oneagentwill beselectedat random,for stateupdating.Thedynamicsweuseis asynchronous,

following previous work [18, 19, 27]. We will departfrom Walker & Wooldridge[29] for-
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malizationbecausethedynamicsthey useimposesa synchronousdynamics,whereall agents

interactat once,thoughit is well known thatsome“emergent” propertiesof synchronoussys-

temsarenot dueto thesystemitself, but to globalcorrelationsintroducedby this synchronous

update[16, 21]. Dif ferentrulesto updateagent’sstatewill definedifferentsystems.As in [13],

wewill studythehighestcurrentreward (HCR)ruleandthegeneralizedsimplemajority(GSM)

rule.

We definea socialconventionasin [27]: A sociallaw is a restrictionon thesetof actions

availableto agents.A sociallaw that restrictstheagents’behavior to oneparticularactionis

calleda socialconvention. In our casea socialconventionwill be reachedif all theN agents

areeitherin stateA or in stateB.

From [18] we will get the performancemeasurewe useto evaluatehow fast conventions

arisein our systems,it is the convergencetime Tc: the convergencetime for a given level of

convergencec is theearliesttime at whichCt E c, whereCt is theconvergenceof a systemat

timet, thatis, thefractionof agentsusingthemajorityaction(eitherAor B). In thisnotewewill

focusonthestudyof theaveragetime to afixedconvergence(wesetc to 90%,following [18]).

3.1 The Generalized Simple Majority rule

This rule wasintroducedin ourpreviouswork [13]. Ourdeparturepoint is thesimplemajority

rule,asdefinedby Walker& Wooldridge[29], generalizedin sucha way thatnow theamount

of neighborsin acertainstatedoesnotdetermineachangeof state,but thischangeis stochastic.

Let us assumethat a node i is in a stateS FHG A I BJ and hask neighbors. Let S̄ be the

complementarystateandkS̄ thenumberof neighborsin stateS̄. Then,agenti will changeto

stateK̄ SL with probability:

fβ K kS̄LNM 1

1 O e2β P 2kS̄Q k R 1S
Thisrulegeneralizessimplemajoritysincefor β T ∞ werecover thechangeof stateonly when

morethank U 2 neighborsarein stateS̄.
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Thereis no theoremassuringconvergencein the emergenceof conventionsin the system

definedwith theGSM rule,but we providedsomeanalyticalevidencethatthis is thecase[13]

(in thispaperwe setβ V 10).

3.2 The Highest Current Reward rule

Theframework in whichwewill work herewasintroducedby Shoham& Tennenholtz[25, 26,

27, 28] sometime ago,thoughit is in frequentusenowadays(see[9, 11] for example). It is

muchmoresophisticatedthanthepreviousone(theGSM rule), so it will needsomedetailed

explanations.In this notewe will adaptfrom Shoham& Tennenholtz[27] thedefinitionsand

theoremswe need,not dwelling on justificationsof this formal framework (it waseloquently

donethere). We will focus on coordination games[20] A payoff matrix G 2 W 2 definesa

2-person2-choicesymmetriccoordinationgameif G hastheformX
x u
v y Y

wherex Z v andy Z u.

Essentiallythe idea is that every playerhastwo availableactions,sayA andB. If both

playersplay A, both playersreceive a payoff of x. If they play B they receive a payoff of

y. When the playersdo not agree,for example,player1 playsA andplayer2 playsB, the

formerreceivesa payoff of u andthelattera payoff of v; theremainingsituationis symmetric.

Theconditionon theentriesof G makesclearthat to play thesameactionis the bestchoice.

Specifically, wewill usethepurecoordinationgame[20] G, wherex V y V\[ 1 andu V v V^] 1.

Now, oncedefinedthegamewe needto definetheplayers.Our MAS will becomposedof

N agents(everyagentis a player)thatwill interactwith otheragents,playingthegameG once

perinteraction.Whatweareinterestedin is whetherthedynamicsof this systemmakesall the

agentsreacha socialconvention. In our particularsetting,this meansthat we want to know

whetherall theagentswill endupplayingoneof thetwo possibleactionsof thegameG, sayA

andB.
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Following [18], every agent,saythek-th, will becharacterizedby a memoryMk of sizeM

(samesizefor all theagents)andanactionak (to play thenext time agentk is selected,sothe

valueof ak is eitherA or B). ThememoryMk will recordsomeinformationon theM lastplays

of theagentk: Thevalueof thepositioni of thememoryMk will bea tuple _ ai
k ` pi

k ` t i a where

t i is the time the i-th play took place,ai
k is the actionplayedby agentk and pi

k is the payoff

received (1 b i b M). However, in this work we will not studythe effect of memory, setting

M c 1.

Now we mustdefinethe dynamicsof the system(a variantof n d k d g stochasticsocial

games[27] wherewe will takeinto accounttheunderlyingtopology). At every time stept, a

pairof agentswill beselectedto play thegameG, whereoneof themwill berandomlychosen

andtheotherwill beoneof its neighbors,accordingto theunderlyinggraph.They will receivea

payoff (either e 1 or d 1) dependingontheiractions.Let usassumethatat timet, agentsk (with

memoryMk andactionak) and l (with memoryMl andactional ) arechosento play. Every

agentwill receive a certainpayoff, saypk andpl . Now, agentk mustdecidewhich actionit is

goingto playnext timeit is chosen,asafunctionof its memoryMk, theactionak playedandthe

payoff received pk. It usestheHighestCurrentReward rule. Agentk will computethepayoff

receivedfor usingactionA in the lastM playsin which it hasbeeninvolved: Pk
A c ∑i:ai

k f A pi
k,

wherePk
B is definedin thesameway. Agentk will addpk to eitherPk

A or Pk
B, dependingon ak.

Now, agentk candecide:Next timeit is chosento play, theactionchosenby theagentk will be

eitherA if Pk
A
a Pk

B, B if Pk
B
a Pk

A or ak otherwise.Finally agentk updatesits memory, deleting

the oldestentryandaddingthe tuple _ ak ` pk ` t a (agentl will do thesamething, the restof

the systemwill do nothing). Shoham& Tennenholtz[26, 27] provide a generaltheoremthat

guaranteestheconvergenceof this systemto astablesocialconvention.

Kittock [18] studiednumericallytheefficiency of theemergenceof conventionsin regular

graphs.His mainresultwasthattheunderlyingtopologyhasaprofoundeffectontheefficiency

with which conventionsemerge,andheconjecturedthatthis efficiency dependsessentiallyon
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thediameterof thegraph.So,theoptimalgraphwill bethegraphwith anall-to-all connectivity

pattern(whichwewill call KN).

4 Results: T90% vs. N

Onceweknow thatsocialconventionswill emergein thesystemsweareinterestedin, wewould

like to know how fasttheseconventionswill bereached.

Theresultsof our experimentscanbeseenin figure3 andfigure4. We performedexperi-

mentsanalogousto thoseof [13]. WemeasuredT90%vs. N in systemsusingtheHCRruleor the

GSMruleandour threemodelsof scale-freegraphs:Albert-Barab́asimodels,Walshmodeland

Fitnessmodel. For every N, we ran25 simulationsof thesysteminitialized randomly(agents

with randominitial state,eitherA or B with probability0 g 5), averagingtheresults.Seetablefor

graphparameters.

Fig 3 & 4 GraphParameters
KN Noneneeded

S2 h 72
N m0 i 4, m i 1, p i q i 0 g 4

S2 h 55
N m0 i 4, m i 2, p i q i 0 g 4

S2 h 52
N m0 i 6, m i 3, p i q i 0 g 4

SN Walsh m0 i 6, m i 4
SN Fitness m i 4

Fromournumericalwork (thesefiguresarerepresentativeof resultsobtainedwith different

setsof parameters)weobservethatTHCR
90% i O j N logN k andTGSM

90% i O j N k for scale-freegraphs.

In thecaseof theHCRrulethisfactis remarkable,sincethisO j N logN k behavior isnotfoundin

regulargraphs(thatfollow aO j N3 k law [18, 13])andit is thelowerboundpredictedanalytically

in [27].

In agreementwith ourpreviousresults[13], thegrowth of T90% is identical(asymptotically)

to theoptimalgrowth of O j N logN k (HCR rule) andO j N k (GSM rule) observedin thesystem

with theKN graphasunderlyingtopology. Thiscase,providedKittock conjectureiscorrect(the

growth dependson thediameterof thegraph[18]), is theoptimalcase.This identicalbehavior
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Figure3: HCR rule: T90% vs. N, averagedover 25 samplesfor eachN. Severalgraphshave
beenused(seetext andtablefor parameters;Sizes:N r 1 s 2 t 5 s 5 s 7 t 5 s 10s 25 u 103).

is obtainedwith graphswhoseconnectivityis muchsmallerthanN v 1 (correspondingto graphs

KN), sothatwehave atopologythatmakesthesystemmoreefficientata lowercost(wherethe

costwouldbeameasureof thestructureof thegraph,in this case,theconnectivity).

However, in [13] weputforwardthehypothesisthatwhatwasreallyimportantin accounting

for the growth of T90% observed in our simulationswasthe randomnessof the graph,that is,

theabsenceof any kind of correlations.Themainmotivationof this work hasbeento verify

this hypothesisby usinggraphswith the scale-freepropertybut someaddedstructure. Our

resultsseemto point out that the phenomenonobserved is somewhat morecomplicatedthan

weconjectured,sinceweobserve analmostidenticalbehavior usingeithertheAlbert-Barab́asi

extendedmodelor theWalshmodel(with constantw knn x ) andtheFitnessmodel(with w knn x
following a power-law). Thedataobtainedwouldsupportthehypothesisthatmerelythescale-

freepropertyis enoughto accountfor theobservedresults.Notethatthisremarkdoesnotaffect

the fact that our resultsareconsistentwith Kittock conjecture[18], that is, the growth of the
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Figure4: GSM rule: T90% vs. N, averagedover 25 samplesfor eachN. Severalgraphshave
beenused(seetext andtablefor parameters;Sizes:N z 1 { 2 | 5 { 5 { 7 | 5 { 10{ 25{ 50{ 75{ 100 } 103).

efficiency of theemergenceof socialconventionsdependsmainlyonthediameterof thegraph.

The questionhereis that the growth of the diameterof the scale-freegraphswe usedis still

logarithmic,despitetheaddedstructurethey mayhave.

Finally, we do not mentionthe slight differencesbetweenthe resultsfound with the par-

ticular graphswe used(seefigures3 and4) sincewe have usedgraphsof differentaverage

connectivities, which is importantin relationto thediameterof thegraph.Therelevantinfor-

mation,discussedabove, is thegrowth law of T90% vs. N.

5 Summary and Prospects

In this paperwe continuedthework initiated in [13], investigatingtheefficiency of theemer-

genceof socialconventionsin simple,game-theoreticmulti-agentsystemswith realisticunder-

lying topologies.Our resultsarein completeagreementwith theresultsobtainedin [13].

Kittock conjecture[18] thatthegrowth of theefficiency of theemergenceof socialconven-
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tionsdependsmainly on thediameterof thegraphis consistentwith our results.However, the

importancewe attributedto randomnessin [13] looksnow lessrelevant, in favour of whether

thegraphis or is not scale-free.

Therearesomeimmediatewaysto continuewith our investigation:wecouldmeasureT90%

dependingon thememoryof theagents(for theHCR rule) or theuncertaintyof statechanges

(differentβ in theGSM rule), we couldrepeatthesamework with cooperation games[1, 18,

27].

Furtherwork mayalsobedonewith mobileagents,sincesystemswith agentsthatareable

to move maydisplaycomplex behavior [22].

Acknowledgements: This work has beenpartially supportedby MCyT project TIC2002-

04498-C05-03.This article hasbenefitedfrom discussionswith RomualdoPastor-Satorras,

BartoloLuqueandSusannaC. Manrubia.

References

[1] Abramson,G. & Kuperman,M., SocialGamesin a SocialNetwork.PhysicalReview E,

63 (2001)030901(R).

[2] Adamic,L.A., TheSmallWorld Web,in Research andAdvancedTechnologyfor Digital

Libraries(S.Abiteboul& A.-M.Vercoustre, eds.)LectureNotesin ComputerSciencevol.

1696(1999),443- 452.Springer-Verlag.

[3] Albert, R. & Barab́asi,A.-L., Topologyof Evolving Networks:LocalEventsandUniver-

sality. PhysicalReview Letters, 85 (2000),5234- 5237.

[4] Albert, R., Jeong,H. & Barab́asi,A.-L., TheDiameterof theWorld Wide Web. Nature,

401(1999),130- 131.

14



[5] Albert,R.,Jeong,H. & Barab́asi,A.-L., ErrorandAttackToleranceof Complex Networks.

Nature, 406(2000),378- 381

[6] Barab́asi,A.-L. & Albert, R., Emergenceof Scalingin RandomNetworks.Science, 286

(1999),509- 512.

[7] Barab́asi,A.-L., Albert, R. & Jeong,H., Mean-fieldTheoryfor Scale-freeRandomNet-

works.PhysicaA, 272(1999),173- 187.

[8] Bianconi, G. & Barab́asi, A.-L., Competitionand Multiscaling in Evolving Networks.

EurophysicsLetters, 54 (2001),436-442.

[9] Bourne,R.A., Excelente-Toledo,C.B. & Jennings,N.R., Run-timeSelectionof Coordi-

nationMechanismsin Multi-Agent Systems,in 14thEuropeanConf. on Artificial Intelli-

gence,ECAI 2000(Werner, H. ed.)(2000),348- 352.IOSPress.

[10] Caldarelli,G., Marchetti,R. & Pietronero,L., The FractalPropertiesof Internet.Euro-

physicsLetters, 52 (2000),386- 390.

[11] Coen,M.H., Non-deterministicSocialLaws, in Proceedingsof AAAI’00 (2000),15 - 21.

AAAI Press.

[12] Cohen,R., Erez,K., ben-Avraham,D. & Havlin, S.,Resilenceof theInternetto Random

Breakdowns.PhysicalReview Letters, 85 (2000),4626- 4628.

[13] Delgado,J. Emergenceof SocialConventionsin Complex Networks.Artificial Intelli-

gence, 141(2002),171-185.

[14] Ferber, J.LesSyst̀emesMulti-Agents. InterEditions1997(Paris).

[15] Huberman,B.A. (ed.).TheEcologyof Computation. Elsevier Science,1988(North Hol-

land).

15



[16] Huberman,B.A. & Glance,N.S.,EvolutionaryGamesandComputerSimulations.Pro-

ceedingsof theNationalAcademyof Sciences, 90 (1993),7716- 7718.

[17] Huberman,B.A. & Hogg,T. ThePerformanceof Cooperative Processes.PhysicaD, 42

(1990),38-47.

[18] Kittock, J.E.,EmergentConventionsandthe Structureof Multi-agentSystems,in 1993

Lecturesin Complex Systems(L. Nadel& D. Stein,eds.)(1995),SFI Studiesin the sci-

encesof complexity, Addison-Wesley.

[19] Kittock, J.E., The Impact of Locality and Authority on Emergent Conventions: Initial

Observations,in Proceedingsof AAAI’94 (1994),420- 425.AAAI Press.

[20] Lewis, D.K., Convention:A PhilosophicalStudy, HarvardUniv. Press,1969.

[21] Lumer, E.D. & Nicolis, G., Synchronousvs. AsynchronousDynamicsin SpatiallyDis-

tributedSystems.PhysicaD, 71 (1994),440- 452.

[22] Manrubia,S.C.,Delgado,J. & Luque,B., Small-World Behavior in a Systemof Mobile

Elements.EurophysicsLetters, 53 (2001),693- 699.
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