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ABSTRACT

We presentiframenork for aMulti-Agent System(MAS) devised
to supportthe modellingandsimulationof agent-basethodelsof
humansocialbehaior andculturechange.We setforth its main
abstractionsandtestthe usefulnessand generalityof the frame-
work by describinghow two previously publishedmodelsfrom
the literaturehave beenre-implementedn it. We arguethatour
frameawork providesfeaturesthat simplify the modelling process
of awide rangeof modelsof humansocialbehaior, beyondwhat
currentMAS accomplish.

INTRODUCTION

Humansocialbehaior andculture changeareamongsthe most
complex phenomenastudiedby science. This resultsfrom the
large numberof interactingentitieswithin a society the differ-
entneuropsychologicahechanismsinderlyinghumansocialbe-
havior, the multiple channelf informationinheritanceamongst
other factors. All of thesecontritute to createnon-trivial dy-
namicsin inter-personalrelationshipssocial structure,and col-
lective beliefsandvalueswhich requirecarefulanalysis.This has
challengednary researcher® proposeunifiedtheoreticaframe-
works, towardsa socialsciencebasedon a naturalisticinterpreta-
tion of humanbehavior andculture(Durham,1990;Boyd & Rich-
erson,1985; Laland, Odling-Smee & Feldman,2000; Barkow,
Cosmidesg& Tooby, 1992; Sperber1996). Although an agreed
languageof social phenomenas not yet available, the emeged
consensuis thatto understanthumansocietiespecialtreatments
arerequired(Gilbert,2000;Deacon,1998;Donald,1993;Mithen,
1996).(This, nonwithstandinghe commonalityto studiesof non-
humansspecies.)

In spite of this widespreadawarenessgcomputationatools em-
ployed to supportthe modellingand simulationof systemswith
mary interactingelementsoften lack featuresthat permit captur
ing humanspecifican asimplemanner For example framewnorks
like SwARM, REPAST, and AscAPe (Minar, Burkhart, Langton,
& Askenazi,1996;Collier, 2002;Brookings,2000),while largely
corvergenton the set of tools provided, do not have ary spe-

cific flexible mechanismso simplify the modellingof humanso-
cial learning(e.g. obsenational learning (Bandura,1985; Boyd

& Richerson,1985)), social relationshipsdynamics(Nowak &

Vallacher 1998), disseminatiorof values(Durham,1990),emo-
tional contagion(Doran, 2000), or non trivial behaioral control
(Bryson, 2000). This hasthe effect of makingmary interesting
modelshardto program,thuswastingaway mary advantageof

using computationamodelsasa complemento analytic mathe-
matical ones. Namely fast prototypingand analysis,andrelax-
ation of assumptiongnademostly for mathematicatractability
(e.g.focusingon equilibrium states andthe useof infinite popu-
lationssizes).

To addressheseuniquecharacteristicsye have developeda new
conceptuaframewnork and an object-orientedmplementationof
a Multi-Agent System(MAS). This framework, ETHOS, extends
the traditional featuresin MAS for agent-basednodelling, with
new abstractionspeciallydesignedo modelhumanbehaior and
culture. Theseinclude the transmissiorof information between
agentghroughobsenationof performedbehaior anddirectgen-
erationof socialstimulus,managemenf agents’socialrelation-
ships, and supportfor flexible behaior selectionmechanisms.
This allows socialscienceresearcherto startmodeldesignwith
higherlevel building-blocksthanpossiblewith currentMAS, thus
simplifying their work andfasterthe developmentycle.

This article presentghe ETHOS framework, andis organizedas

follows: Firstwe describdts mainabstractionsn termsof aclass
structureimplementedn the JAvA language Next, arepresented
two applicationcasestudies,intendedto demonstratehe useful-

nessandgeneralityof the frameawork features. The last sections
compareETHOS with other MAS, describeongoing and future

work, andpresenbur conclusions.

FRAMEW ORK OVERVIEW

The ETHOS framework providesasbasicbuilding blocksthekind
of entitiesamodeleiis likely to considemwhenthinking intuitively
abouthumansocial behaior and culture. This includesobjects
describingthe structureandtopologyof physicalspacesphysical
entitiesplacedin this space(suchas resourcesand agentswith
varying attributesand geneticmakeup), differentkinds of social
relationshipamongstagentspehaior selectionmechanismsand
mechanismsor the socialinfluencingof agents’'mentalstates.n
figure 1, we depictsomeof these andin subsequensectionswe
describein somedetail ETHOS's main abstractionsnd how they



fit togetheto createsocialsimulationmodels.Theobjectlabelsin
fig. 1 correspondo objectclassesn the presentatiorbelon. The
relationshipdetweerthemainclassess shavn in fig. 2.
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Figurel: ETHOS's Framevork Main Abstractions

Modelling the Physical and Social Envir onment

Thetop level abstractiorof ETHOS is aWorld objectcontaininga
setof oneor morephysicalspacegSpace object),whoseevents
aretimed by a universalclock. EachsuchSpace objectconsists
of a topologicalarrangementf Site objects,eachof which is a
place-holdeffor a setof physicalbodies(Body object). Sitesde-
fineaneighborhoodelationshipalongwith othersitesin thesame
spacethe detailsof which dependon selectableaspectssuchas
neighbortype (e.g. Moore or von Neumann)and spacetopology
(e.g.2Dtorus,frame,etc.). Sitescanbeasledfor thelist of neigh-
boring sites(in a specifieddistancerange)thus allowing simple
navigationbetweersites.

The bodiesin sitesmay be agentqAgent object),or otherphysi-
calentitiessuchasgrowing/consumableesourceg¢Resource ob-
ject). Agentscanmove from siteto site,while otherphysicalbod-
ies have a fixed site locationunlessactedon by anagent.Agents
live usuallyonly in onespacethroughoutheir life-span,although
they can migrate on demandbetweendifferent spacesin the
world. In additionto physical(site) neighborrelationshipsagents
may establishsocialrelationshipswith otheragents.Specifically
eachagentmaintainsalist of socialnetworks (SocialNet object),
eachcorrespondingo a differentrelationshiptype (e.g. parent-
offspring,acquaintancesexual, etc.). Eachspecificrelationshipis
codedasa Liaison object,thatholdsinformationabouta relation-
ship, suchasthe agentsnvolved, directionality andits duration.
Parent-ofspringrelationshipsare createdand managecdautomati-
cally by Ethos duringagentcreationwhile othertypesof relation-

ship aredefinedandmanagedy the simulationmodel. Different
criteria can be usedto specify which agentsare added/remeed
from a particularsocialnetwork of someagent.Agentselectionin
relationshipmanagemenfandelsevhere)is madeusingSelector
objectsthatspecifyparticularcriteriaandmodesof selection(e.g.
non-competitre, whereagentsare selectedoy a local criteria, or
competitve, whereagentsare selectecby rank). If anagentmi-
gratedo adifferentspacdn theworld, all its currentrelationships
aredeleted.This simplifiesthe distribution of a simulationworld,
asdiscussedbelow.

Agents’behaioral responsesretriggeredby stimulusgenerated
by the physicalor socialenvironment,by having a Stimulus ob-
ject associatedavith eachervironmentelement.For example,the
Stimulus objectassociatedvith an Agent describests previous
behaioral responseand the agents physicalattributes. Agents
caninteractwith otheragentsby observingeachothers behaior
(or attributes),by active transmissiorof information,or indirectly
by inspectingand manipulatingsomepart of the sharederviron-
ment. For the purposeof behaior obsenation, we arrangefor
behaioral responsesandthe setof stimulusthat have triggered
the response$o be madevisible for obsenation by otheragents.
This is conducve to implementa simple abstractionof human
psychologicaimechanismsisedin imitation andsharedattention
(Tomasello,1999/2001).The setof agentghata particularagent
choosedo obsere is usuallya subsetf the agentsin its physi-
cal or socialneighborhoodbut it canbe arbitrarily definedby the
modeler For example,if anAgent wishesto obsenre its physical
neighborst requestso the Space objectwhereit livesfor theset
of agentdliving in neighboringsites. Active socialtransmission
of informationis obtainedby having agentsperforma behaioral
responsehatsendsStimulus objectsto targetagents.Thisis use-
ful to modelsocialfeedbackof anothers actions(Bandura,1985),
transferof knowledgesuchasin an (active) teacheilearnertype
of roles(Boyd & Richerson1985),or to induceemotionalstates
in otheragentgDoran,2000).

Population objectsare usedto aggrejateagentsand other bod-
ies into collective units, whoseevent dispatchingis coordinated
(seebelow). Population objectscan also have sub-populations
hasmembersto allow hierarchicalcontrol andfunctionalaggre-
gationof mary elements.A derived classAgentPopulation also
providesmiscellaneousperationspecificto agentssuchasmat-
ing of agentsaandgeneratiorof offspringaccordingo specifiedas-
sortmentcriteria(e.g.randomor basedon someagents attribute),
sexual recombinationtype (e.g.one sex or two sex basedrepro-
duction),and mating system(e.g. promiscuouspr monogamous
(Alcock, 1997)).

Agentsand Agents’ Brains

Agentshave a finite life-span,and may be dynamically created
andeliminatedduringa simulationrun, potentiallyleaving lasting
effectsin the spaceervironment(e.g. born offspring, transmit-
ted information, or modificationof other agents’niche (Laland
etal., 2000)). Agentshave a geneticmakeup (Genome object)
which is randomlygeneratedif createdwithout parents),or in-

heritedfrom oneor two parents.Eachagents genomecontainsa
list of geneswhosenumber datatype, andinitial valuedistribu-
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Figure2: ETHOS s ClassHierarchy

tions(whennotinherited)areselectedy themodeler Thedetails
of the geneticsystem suchastype of cross@er andmutationin-

tensitiescanbe selectedrom the onesavailableor definedby the
model designer(e.g. the top level Genome classimplementsa
multi-point cross@er, while the sub-clas$senomelPCX imple-

mentone-pointcrossaer (Goldbeg, 1989)). Theinterpretatiorof

genesvaluesis left to themodelerbut it is concevablethatin the
future we include genesinterpretedoy ETHOS's runtime system
(e.g.propertiegshatmodulateagents’behavior).

Agentshave brains(Brain object)which processncomingstimuli
andgenerateesponsesccordingto a behaior selectionmecha-
nism. Eachbrain may containa setof differenttypesof mem-
ory maps(MemoMap object), which specify the way in which
incomingstimuli areintegratedin the internal stateof the Brain.
(For simplemodelsusuallyasingleMemoMap is needed.Mem-
oMap objectscontainsetsof Memo objectswhichareconceptual
assembleof memory statevaluescompetingfor storage,activa-
tion, andvaluation(preference)n the agents brain. Thus, they
abstractpreferencadimensionssimilarly to Durhams conceptof
allomeme(Durham,1990). (We have optedfor a differentclass
nameto avoid connotationsith the word memewhich doesnot
haveyetaconsensuahterpretation/Aunger, 2000)).Derivedsub-
classof MemoMap andMemo implementdesiredsemanticsFor
example,the sub-clasObjectMemo canbe usedto representin
agents favorite valuefor a certainculturaltrait (e.g.clothe style,
or political allegiance). The more complex sub-clasd.istMemo,
ontheotherhand,storestherelative preferencesf anagents for
a culturaltrait andusessimilarity effectsin settingup preferences
(e.g.anagentmight prefermostlya carmodel/brandgsuchas“Fer-
rari”, but like morea“Lotus” thana “Mini” becausehe formeris
more perceptuallysimilar to the “Ferrari” thanthe later). In this
case,a list of Memoltems objectsis used,eachof which stores
informationrelatedto the associatedtimulus.

Theaggreyationof Memo objectsin aMemoMap, alsoallow for
the preferencesn one dimensiontwo be affected by other due
to (spatiotemporalforrelationof stimulusattributes(e.g. an ar
bitrary objectcanbecomea culture specificstatussymboldueto
its recurrentassociationwith peoplepossessingtatus(Boyd &
Richerson,1985)). Suchholistic valuationmechanisnis imple-
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mentedin ETHOS by having Stimulus objectwhich have internal
structureandhaving the MemoMap consideringthat structurein
updatingpreferencesin generalthisis usefulto setuppreferences
by aprocessesf classicconditioningandassignmensf emotional
chagedresponsdo previously neutralstimuli (LeDoux, 1998).
The intendedbehaior of MemoMap and Memo objectscanbe
redefinecby sub-classingry of the providedclassesBrainsalso
containdrives (Drive object) which modelagents internal vari-
ablesthat changein time and that caninfluencebehaior selec-
tion. This might be usedin combinationwith memoryelements
with someactivation lateng to createcomplex temporaldynam-
icsin agents behaior.

A brain’s Control objectis usedto enactagents respostesrough
a behaior/responseselectionmechanism.A Control manages
setof Action objectswhich specify a pair of a Context object,
anda Response object. (An Action is very muchlike a produc-
tion rule or a classifierin a classifiersystem(Goldbeg, 1989)).
The Context objectrepresent condition,usuallyupontheinter-
nal stateandotherattributesof theagentandreturnsanactivation
levelwhenrequestedThedefaultbehaior is to computetheover-
all activationlevel from theindividual activation levelsof a setof
internal drives and memoryelements put this can be overrided.
The Response objectspecifieghe proceduraghatshouldbe per
formedcasethe actionis selectedor execution. Theway actions
are selectedfor executiondependsf the particular sub-classof
Control used.ListControl mantaina simplelinearlist of actions,
andtheactionsselectedor executionarethe oneswith maximum
activity. The more complex sub-classTreeControl mantainsa
tree of actionsto allow for the hierarchical‘contextual parsing”
of anagents ervironment(Bryson,2000). This is doneby mak-
ing someactionsnot having a responsefut insteadpointing to
further actions,creatinga tree of actions. Actionsthatareleaves
of thetreeareselectedvhenall intermidiateactionsup to thetop
onearehave the maximumactivation at their level. Thus,a con-
text without associatedesponsess usedasa conditionfor more
fine-grainedcontets. If aresponseés definedasrequiringonly a
fraction of the available numberof time units, several responses
with high activationcontects canbejointly producedoy the Con-
trol (e.g.socialresponsdeedbackn theform of punishmentsind
rewardscanusuallybe assumedime thrifty). Responsebave ei-
therinternalor externaleffects. Internaleffectsareusedto change
only theagents mental/brairstate while externaleffectsareused
to performactionson the ernvironment. Oncethe setof responses
anagentsbrainproducesn aspecifictime stepis computedthey
areregisteredor executionandto be madevisible to otheragents.

Event Managementand Behavioral Processes

ETHOS usesa simplediscretetime stepschemeto trigger events.
The main framewvork objects define a well-specifiedorder for
eventinvocationin their step() methodwhichis executedn each
simulationstep(of a particularsimulationrun). The World object
of a modelinvokesthe step() methodof eachof its constitutive
Space objects,which in turn do the samefor eachof its Popu-
lation objects. Population objectsrelay control to its members
to performabehavioal act. Therelay of controlto objectsdown
the structuralhierarchy is doneat eachlevel accordingto a set
schedulingpolicy. For example,it canbe specifiedwhethertheit-



eratve sequencef objectslowerin thehierarchyshouldbe made
randomat eachtime stepor fixed. (Schedulingof eventsat an
arbitrarytime stepin the futureis alsoprovidedin ETHOS using
Scheduler objects.)

Each agentbehavioract involves a sequenceof four eventsor
phases:inspect, feedback, respond, perform. The inspect
phaseis usedto processthe stimulus associatedvith elements
in the physicaland social ervironmentan agentis attendingto.
Thedefinition of which elementsareto be attendeds donein the
specialmethodinspectSetup(), thatis invokedat the begining of
theinspect phase.This methodis overridedby the modelerand
usescallsto tolnspect(X) method,whereX is the elementto be
inspected.Alternatively, callsto tolnspect(X) canbe performed
in responsetriggeredby the agents brain Control object. In this
latercasetheprocessingf the stimulusobjectis delayeduntil the
inspect phasein the next time step. The stimulusare processed
by the agents Brain by relayingthemto its MemoMap objects,
which procesgshemasdescribedabore. The feedback phaseis
similarto theinspect phaseandit is usedo processtimuluspre-
viously generatedy otheragentsanddirectedto the agentusing
the feedback(X) method,whereX is the stimulus. For example,
the feedbackcan be usedto implementsocial rewardsand pun-
ishmentghatmight changehe actionselectionrmechanisnof the
agentsbrainif learningby reinforcements implementedn asub-
classof Control (Goldbeg, 1989).

In therespond phaseagentsbrainsareactivatedto selectthere-
sponseso be performedbasedon stimuli recevedin theinspect
andfeedback phaseandthe consequenbrain state. At the end
of this phasegeneratednternalresponseperformchangesn the
brain’s state(if any), andotherautomaticbraininternalprocesses
arealsotriggered(e.g.time passingeffectsondrives,anddecayof
memoryactivationlevels). As a complementthe specialmethod
responseSetup() canbedefinedto setupadditionalresponseto
beperformed.Finally, in the perform phasetheeffectsontheen-
vironmentof the selectedexternalresponsesaretriggered.At the
endof this phasethe externalresponse(sperformedby anagent,
and context stimuli is madevisible to otheragents. By default,
the context stimuli include all thosereceved by the agentin the
currenttime step.

In aditionalto otherschedulingpolicies,an AgentPopulation ob-
jectcanbesettoimposesynchronousrasynchronouscheduling.
In synchronousxecution,the inspect andfeedback phasesre
executedin all agentsbeforemoving on to the respond andper-
form phases.In asynchronougxecution,eachagentexecutesall
phasesequentiallyafterwhich controlis movedto thenext agent.

Other Features

Similar to most other MAS frameworks for agent-baseanod-
elling, ETHOS providesmiscellaneougeaturedor visualizationof
the simulationstate the gatheringof statisticswith simulationre-
sultsusingseveraltypesof objectssuchasbinnersandtime-series,
a “readyto use” GraphicUserInterface(GUI) for parameteset-
ting andsimulationcontrol,andthe tailorablecreationof the sim-
ulation objects. For most core classegequiring dynamicobject
creationwe usea correspondingbjectcreatorclassto make user

derived classes®asyto integratewith ETHOS coreclasses(Thus
implementingan instanceof the well-known factory object de-
sign pattern(GammaHelm, Johnson& Vlissides,1995).) Since
thesefeaturesdo not differ significantlyfrom the onesavailable
in other MAS, we do not discussthem further. Worthy of men-
tion, though,is the parallelization/distrilntion schemeof ETHOS
which allows different simulation runs and/or parametersetting
to be run concurrentlyin differentremotesener systems. This
canbe madeeitherin batchmodeor in full control by the GUI.
The partition of a World objectinto a setof (quasi)independent
spacesalsoallows for distributed executionof eventsin distinct
spaces. Becauseagentmigration betweenspacesdeletesall re-
lationships,this makesthe simulationsemanticsn the local and
distributedcaseidentical,without the complicationsof distributed
objectpointersemantics.

DEMO APPLICATION CASE STUDIES

Totesttheusefulnessndgeneralityof ourframework, we havere-

implementedseveral agent-basedhodelsfrom theliteraturewith

someform of non-trivial social interaction. Of particularinter

estaremodelsof gene-culturelualinheritanceandinter-personal
socialdynamics sincethey constitutethe main applicationtarget
of ETHOS. In thefollowing sectionswe describehow we imple-

mentedtwo suchmodels,summarizingfirst the structureof the
models(for the sale of completeness)ollowed by a short de-
scription of how the abstractionof our MAS framework were
employed. Due to the wide varity and expressvenesof Ethos

abstractionsspecificmodelswill typically useonly a sub-setof

theonesprovided. In particulay thetwo modelsdiscussedheredo

not requirecomplex actionselectionanduseworldswith asingle
spacg(no migrationor distribution used).

Higgs's Mimetic Transition

Paul G. Higgs's mimetictransitionmodelis anagent-basethodel
of gene-memeo-erolution, andwas designedo studythe con-
ditions underwhich the capacityfor learningmemescanevolve,
evenwhenthereis no mechanisnto make the distinctionbetween
memeswhich increasebiological fithessand thosethat decrease
it (Higgs, 2000). The modelusesnon-overlappinggeneration®f
agentswvhich have two biological parentsanda setof culturalpar
entsfrom whichthey learnmemesywith a probabilityproportional
to their learningability. Agentscanalso,with somesmall prob-
ability, inventnew memes.Higgs's resultsshow that, for a wide
rangeof parametewalues,the capacityfor learningevolvesin a
phase-transitionwherethe capacityfor learningevolvesinitially
very slowly, but, aftera critical point,increaseseryfast.

We modelthis by usingagentbrainswith a singlesub-clas®f the
ListMemoMap object,whoseelementsaretheindividual memes
codedin a classMeme derivedfrom Memo. Sincethis modelis
very simple,we did not usea Control objectfor actionselection.
In steadtheresponseSetup() methodexecutesasingleresponse
representinghe “performance’of all the memesanagentknows,
andoccasionabeneratiorof new memes.Agentsareaggreated
in aAgentPopulation beingmatedto generaten offspringpopu-
lation, accordingo a competitive Selector object. Thisis donein
the step() methodof the AgentPopulation objectwhichis over-



written. The agentsin the offspring populationselectasteachers
a setof agentsfrom their parents’generationsetin the inspect-
Setup() method,and obsene their behaior asincoming stimu-
lus. The sub-clas®f ListMemoMap detectgheincomingstimuli
codingfor the memesand,with a probability proportionalto the
agents learning ability, storethemin memory (if unknovn be-
forehand).This is the default behavior of ListMemoMap, except
thatthe definedsub-clasoverwritesthe detect() methodto make
storageprobabilistic. Oncethe AgentPopulation for parentsas
competedts job, it is replaceby the offspringpopulation.

Although Higgs’s model doesnot requireagentsto discriminate
andselectechetweencompetingmemesijt would certainlybein-
terestingo seehow suchability influencemodelresults.Giventhe
aboremodelsetup thisextensioncouldbeeasydonein ETHOS by
replacingMeme objectswith more complex Memo sub-classes,
andhaving agentgerformingtheassociatedesponsemoreoften
thanfor lesspreferrednemes Thisis thekind of easyexperimen-
tationin modeldesignthatwe look forwardto testin Ethos.

Modelling Human Mate Choice

We alsore-implementedh setof humanmatechoicemodels,de-
velopedby usin thepastto studyhow humanmatingdemographic
patternscould be “grown” from the bottom-up,by using plausi-
ble behavior rulesinspiredby anevolutionaryfunctionalanalysis
of the task domain (Simao & Todd, 2002a,2002b). Our mod-
els assumeagentswith a finite life-span, and a (normally dis-
tributed) one-dimensionadjuality attributed. An agents goalis to
try to matewith a high quality partnerasearly aspossiblein their
life. Mating requiresmutualacceptanceandinvolvesa minimal
courtshipperiod during which agentsmay switch partner Com-
paringseveral behaioral stratgjies, we found thatthe besttypes
of stratgyies involve a combinationof partnerswitching during
courtship,andthe settingof a minimal aspirationlevel threshold,
to avoid matingwith low quality partnerqSimao& Todd,2002a).
Using thesestratejies provided an accountof several population
level patternssuchasreasonablhigh levelsof assortatie mating
for mostparametesettings andtheright-skewedbell distribution
of ageat marriage/matingime foundin awide rangeof cultures.

To modelthis with ETHOS, we definedthreesocialnetworks for
agentodedasSocialNet objects.OneSocialNet representshe
setof oppositesex agentsagivenagenis sociallyacquainteavith.
Anotherincludesonly oneLiaison objectusedto representhere-
lationshipwith the agentbeingcurrently courted(this modelim-
posesdatingexclusiity). And athird SocialNet is usedastem-
porary subsetof the acquaintancean agentwill interactwith in
a specifictime step. Agentsare addedto the acquaintanceSo-
cialNet accordingto a Selector objectthatrequiresmeetagents
to be of the oppositesex. After the interactionSocialNet is ini-
tialized at eachtime step,the agentselectsvhich memberof the
socialinteractionnetwork the agentproposedo date,employing
the specifiedstratgyy anddependingon the quality of the agents
currentdating partner(if any), andon the quality of the alterna-
tive agentacquaintancesThe responseSetup() methodis used
to produceresponsespecifyingthe setof memberdo proposeto.
In the step() methodof the AgentPopulation thataggregatesall
agents,a procedureis executedto updatethe dating SocialNet

objectsof all agentspasedon the setof datingproposalsrom all
agents.

DISCUSSION

ETHOs currentlyaddsthreemainmodellingconstructgo theones
provided by widely usedMAS frameworksfor agent-basedod-
elling, suchas SWARM (Minar et al., 1996), REpasT (Collier,

2002),and AscAPE (Brookings,2000). Namely socialtransmis-
sion, relationshipmanagementand behavior selection. The so-
cialtransmissiomechanisnprovidesaprincipalmannerfor mod-
elling inter-agenttommunicationwithout requiringadhocimple-

mentationsby model developers. As differentmechanismsvith

well documentedsemanticsare provided, this will allow model-
ersto experimentwith themandseein whatscientificallyrelevant
waysthat affects simulations’results. For example,MemoMap

and Memo objectwith newv semanticscan be usedto specify
how social stimulusare recordedand valuatedin memory So-
cial relationshipsarepartly supportedn theseotherMAS through
genericgraphlik e datastructureshut Ethos takesthis a stepfur-

ther Giving a semanticinterpretationto agents’social relation-
ships,permitsthe automationof someprocessessuchasparent-
offspringrelationshipsnanagemertr the dynamicsof socialnet-
work growth. ETHOS is uniqguecomparedwith theseother MAS

in providing integratedbehavior selectionmechanismsWhile all

suchfeaturescanpotentiallybeimplementedn top of theseother
MAS, providing them“off the shelf’ simplifies modelers'work.

Finally, with respecto theeventmanagemergchemewe provide
astructurehanSWARM andREPAST, which is basedn schedul-
ing of eventfor arbitrary pointsin time, while not being so re-

strictedas A SCAPE thatimposesterationof behavior rulesatthe
grainof agentaggreyates.In ary casewe planto bridgeETHOS's

corefeatureswith otherMAS becaussomeusersmightprefer(to

continue)to usethem.

To keeptestingthe usefulnes®f ETHOS mainabstractiongpossi-
bly extendingandrefiningthem),we planto implementadditional
modelsof humansocialbehaior, eitherfrom the literatureor de-
signedspecificallyfor our future studies.Our designphilosophy
is thatafeatureshouldbeincorporatedn ETHoOS only if it usedby

awiderangeof modelsandif its availability considerablysimpli-

fiesmodeldevelopmentandtesting.Althoughscientificallyuseful
modelsshouldbekeptsimple,it is our corviction thatsometypes
of modelsbenefitfrom additionalabstractionshanthat provided
by currentMAS. Sitill, further work is requiredto seewhich of

ETHOS featuresare mostuseful. ETHOS is currentlyin prototyp-
ing stage,andwe planto deliver a publicly available versionon

theWeb duringthe secondrimesterof 2003.,

CONCLUSIONS

In this article, we describedETHOS, a MAS framework devised
to supportthe developmentof agent-basediodelsof humanso-
cial and culture change.We describedts main abstractionsand
how they fit together To testthe usefulnes®f the framewvork we
describeddriefly haw two modelspublishedin theliteraturehave
beenre-implementedn ETHOS. We have arguedthat ETHOS's
featuressimplify the modellingprocessof a wide rangeof agent-
basednodelsintendedto studyhumansocialbehaior.
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