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ABSTRACT

Wepresentaframework for aMulti-Agent System(MAS) devised
to supportthemodellingandsimulationof agent-basedmodelsof
humansocialbehavior andculturechange.We setforth its main
abstractions,andtestthe usefulnessandgeneralityof the frame-
work by describinghow two previously publishedmodelsfrom
the literaturehave beenre-implementedin it. We arguethat our
framework providesfeaturesthat simplify the modellingprocess
of awide rangeof modelsof humansocialbehavior, beyondwhat
currentMAS accomplish.

INTRODUCTION

Humansocialbehavior andculturechangeareamongstthe most
complex phenomenastudiedby science. This resultsfrom the
large numberof interactingentitieswithin a society, the differ-
entneuropsychologicalmechanismsunderlyinghumansocialbe-
havior, themultiple channelsof informationinheritance,amongst
other factors. All of thesecontribute to createnon-trivial dy-
namicsin inter-personalrelationships,social structure,and col-
lectivebeliefsandvalues,whichrequirecarefulanalysis.Thishas
challengedmany researchersto proposeunifiedtheoreticalframe-
works,towardsa socialsciencebasedon a naturalisticinterpreta-
tion of humanbehavior andculture(Durham,1990;Boyd & Rich-
erson,1985; Laland, Odling-Smee,& Feldman,2000; Barkow,
Cosmides,& Tooby, 1992; Sperber, 1996). Although an agreed
languageof socialphenomenais not yet available, the emerged
consensusis thatto understandhumansocietiesspecialtreatments
arerequired(Gilbert,2000;Deacon,1998;Donald,1993;Mithen,
1996).(This,nonwithstandingthecommonalityto studiesof non-
humansspecies.)

In spite of this widespreadawareness,computationaltools em-
ployed to supportthe modellingandsimulationof systemswith
many interactingelementsoften lack featuresthatpermit captur-
ing humanspecificsin asimplemanner. For example,frameworks
like SWARM, REPAST, andASCAPE (Minar, Burkhart,Langton,
& Askenazi,1996;Collier, 2002;Brookings,2000),while largely
convergent on the set of tools provided, do not have any spe-

cific flexible mechanismsto simplify themodellingof humanso-
cial learning(e.g. observational learning(Bandura,1985; Boyd
& Richerson,1985)), social relationshipsdynamics(Nowak &
Vallacher, 1998),disseminationof values(Durham,1990),emo-
tional contagion(Doran,2000),or non trivial behavioral control
(Bryson,2000). This hasthe effect of makingmany interesting
modelshardto program,thuswastingaway many advantagesof
usingcomputationalmodelsasa complementto analyticmathe-
maticalones. Namely, fastprototypingandanalysis,andrelax-
ation of assumptionsmademostly for mathematicaltractability
(e.g.focusingon equilibriumstates,andtheuseof infinite popu-
lationssizes).

To addresstheseuniquecharacteristics,we have developeda new
conceptualframework andan object-orientedimplementationof
a Multi-Agent System(MAS). This framework, ETHOS, extends
the traditional featuresin MAS for agent-basedmodelling,with
new abstractionsspeciallydesignedto modelhumanbehavior and
culture. Theseinclude the transmissionof informationbetween
agentsthroughobservationof performedbehavior anddirectgen-
erationof socialstimulus,managementof agents’socialrelation-
ships, and support for flexible behavior selectionmechanisms.
This allows socialscienceresearchersto startmodeldesignwith
higher-level building-blocksthanpossiblewith currentMAS, thus
simplifying theirwork andfastenthedevelopmentcycle.

This article presentsthe ETHOS framework, and is organizedas
follows: First wedescribeits mainabstractionsin termsof aclass
structureimplementedin the JAVA language.Next, arepresented
two applicationcasestudies,intendedto demonstratethe useful-
nessandgeneralityof the framework features.The last sections
compareETHOS with other MAS, describeongoingand future
work, andpresentourconclusions.

FRAMEW ORK OVERVIEW

TheETHOS framework providesasbasicbuilding blocksthekind
of entitiesamodeleris likely to considerwhenthinkingintuitively
abouthumansocialbehavior andculture. This includesobjects
describingthestructureandtopologyof physicalspaces,physical
entitiesplacedin this space(suchas resourcesand agentswith
varying attributesandgeneticmakeup),differentkinds of social
relationshipamongstagents,behavior selectionmechanisms,and
mechanismsfor thesocialinfluencingof agents’mentalstates.In
figure1, we depictsomeof these,andin subsequentsectionswe
describein somedetail ETHOS’s mainabstractionsandhow they



fit togetherto createsocialsimulationmodels.Theobjectlabelsin
fig. 1 correspondto objectclassesin thepresentationbelow. The
relationshipsbetweenthemainclassesis shown in fig. 2.
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Figure1: ETHOS’sFramework Main Abstractions

Modelling the Physical and SocialEnvir onment

Thetop level abstractionof ETHOS is aWorld objectcontaininga
setof oneor morephysicalspaces(Space object),whoseevents
aretimedby a universalclock. EachsuchSpace objectconsists
of a topologicalarrangementof Site objects,eachof which is a
place-holderfor a setof physicalbodies(Body object). Sitesde-
fineaneighborhoodrelationshipalongwith othersitesin thesame
space,the detailsof which dependon selectableaspects,suchas
neighbortype (e.g.Moore or von Neumann)andspacetopology
(e.g.2D torus,frame,etc.).Sitescanbeaskedfor thelist of neigh-
boring sites(in a specifieddistancerange)thusallowing simple
navigationbetweensites.

Thebodiesin sitesmaybeagents(Agent object),or otherphysi-
calentitiessuchasgrowing/consumableresources(Resource ob-
ject). Agentscanmovefrom siteto site,while otherphysicalbod-
ieshave a fixedsite locationunlessactedon by anagent.Agents
liveusuallyonly in onespacethroughouttheir life-span,although
they can migrate on demandbetweendifferent spacesin the
world. In additionto physical(site)neighborrelationships,agents
mayestablishsocialrelationshipswith otheragents.Specifically,
eachagentmaintainsa list of socialnetworks(SocialNet object),
eachcorrespondingto a different relationshiptype (e.g. parent-
offspring,acquaintance,sexual,etc.).Eachspecificrelationshipis
codedasaLiaison object,thatholdsinformationaboutarelation-
ship,suchasthe agentsinvolved,directionality, andits duration.
Parent-offspringrelationshipsarecreatedandmanagedautomati-
cally byEthos duringagentcreation,whileothertypesof relation-

shiparedefinedandmanagedby thesimulationmodel.Dif ferent
criteria can be usedto specify which agentsare added/removed
from aparticularsocialnetwork of someagent.Agentselectionin
relationshipmanagement(andelsewhere)is madeusingSelector
objectsthatspecifyparticularcriteriaandmodesof selection(e.g.
non-competitive, whereagentsareselectedby a local criteria,or
competitive, whereagentsareselectedby rank). If an agentmi-
gratesto adifferentspacein theworld, all its currentrelationships
aredeleted.This simplifiesthedistribution of a simulationworld,
asdiscussedbelow.

Agents’behavioral responsesaretriggeredby stimulusgenerated
by thephysicalor socialenvironment,by having a Stimulus ob-
ject associatedwith eachenvironmentelement.For example,the
Stimulus objectassociatedwith an Agent describesits previous
behavioral responsesand the agent’s physicalattributes. Agents
caninteractwith otheragentsby observingeachother’s behavior
(or attributes),by active transmissionof information,or indirectly
by inspectingandmanipulatingsomepart of the sharedenviron-
ment. For the purposeof behavior observation, we arrangefor
behavioral responses,andthe setof stimulusthat have triggered
the responsesto bemadevisible for observationby otheragents.
This is conducive to implementa simple abstractionof human
psychologicalmechanismsusedin imitation andsharedattention
(Tomasello,1999/2001).Thesetof agentsthata particularagent
choosesto observe is usuallya subsetof the agentsin its physi-
cal or socialneighborhood,but it canbearbitrarily definedby the
modeler. For example,if anAgent wishesto observe its physical
neighborsit requeststo theSpace objectwhereit livesfor theset
of agentsliving in neighboringsites. Active social transmission
of informationis obtainedby having agentsperforma behavioral
responsethatsendsStimulus objectsto targetagents.This is use-
ful to modelsocialfeedbackof another’sactions(Bandura,1985),
transferof knowledgesuchas in an (active) teacher-learnertype
of roles(Boyd & Richerson,1985),or to induceemotionalstates
in otheragents(Doran,2000).

Population objectsareusedto aggregateagentsandotherbod-
ies into collective units, whoseevent dispatchingis coordinated
(seebelow). Population objectscan also have sub-populations
hasmembers,to allow hierarchicalcontrol andfunctionalaggre-
gationof many elements.A derivedclassAgentPopulation also
providesmiscellaneousoperationsspecificto agents,suchasmat-
ing of agentsandgenerationof offspringaccordingto specifiedas-
sortmentcriteria(e.g.randomor basedonsomeagent’sattribute),
sexual recombinationtype (e.g.onesex or two sex basedrepro-
duction),andmatingsystem(e.g.promiscuous,or monogamous
(Alcock, 1997)).

Agentsand Agents’ Brains

Agentshave a finite life-span,and may be dynamicallycreated
andeliminatedduringasimulationrun,potentiallyleaving lasting
effects in the spaceenvironment(e.g. born offspring, transmit-
ted information, or modificationof other agents’niche (Laland
et al., 2000)). Agentshave a geneticmakeup(Genome object)
which is randomlygenerated(if createdwithout parents),or in-
heritedfrom oneor two parents.Eachagent’s genomecontainsa
list of genes,whosenumber, datatype,andinitial valuedistribu-
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Figure2: ETHOS’sClassHierarchy

tions(whennot inherited)areselectedby themodeler. Thedetails
of thegeneticsystem,suchastypeof crossover andmutationin-
tensitiescanbeselectedfrom theonesavailableor definedby the
model designer(e.g. the top level Genome classimplementsa
multi-point crossover, while thesub-classGenome1PCX imple-
mentone-pointcrossover(Goldberg,1989)).Theinterpretationof
gene’svaluesis left to themodeler, but it is conceivablethatin the
future we includegenesinterpretedby ETHOS’s runtimesystem
(e.g.propertiesthatmodulateagents’behavior).

Agentshavebrains(Brain object)whichprocessincomingstimuli
andgenerateresponsesaccordingto a behavior selectionmecha-
nism. Eachbrain may containa set of different typesof mem-
ory maps(MemoMap object), which specify the way in which
incomingstimuli areintegratedin the internalstateof the Brain.
(For simplemodelsusuallyasingleMemoMap is needed.)Mem-
oMap objectscontainsetsof Memo objectswhichareconceptual
assembleof memorystatevaluescompetingfor storage,activa-
tion, andvaluation(preference)in the agent’s brain. Thus, they
abstractpreferencedimensionssimilarly to Durham’s conceptof
allomeme(Durham,1990). (We have optedfor a differentclass
nameto avoid connotationswith theword meme, which doesnot
haveyetaconsensualinterpretation(Aunger, 2000)).Derivedsub-
classof MemoMap andMemo implementdesiredsemantics.For
example,thesub-classObjectMemo canbeusedto representan
agent’s favorite valuefor a certaincultural trait (e.g.clothestyle,
or political allegiance).Themorecomplex sub-classListMemo,
on theotherhand,storestherelative preferencesof anagent’s for
a culturaltrait andusessimilarity effectsin settingup preferences
(e.g.anagentmightprefermostlyacarmodel/brandsuchas“Fer-
rari”, but like morea“Lotus” thana “Mini” becausetheformer is
moreperceptuallysimilar to the “Ferrari” thanthe later). In this
case,a list of MemoItems objectsis used,eachof which stores
informationrelatedto theassociatedstimulus.

Theaggregationof Memo objectsin aMemoMap, alsoallow for
the preferencesin one dimensiontwo be affectedby other due
to (spatiotemporal)correlationof stimulusattributes(e.g. an ar-
bitrary objectcanbecomea culturespecificstatussymboldueto
its recurrentassociationwith peoplepossessingstatus(Boyd &
Richerson,1985)). Suchholistic valuationmechanismis imple-

mentedin ETHOS by having Stimulus objectwhich have internal
structureandhaving theMemoMap consideringthatstructurein
updatingpreferences.In general,thisis usefulto setuppreferences
byaprocessesof classicconditioningandassignmentof emotional
charged responseto previously neutralstimuli (LeDoux, 1998).
The intendedbehavior of MemoMap andMemo objectscanbe
redefinedby sub-classingany of theprovidedclasses.Brainsalso
containdrives(Drive object) which modelagent’s internalvari-
ablesthat changein time and that can influencebehavior selec-
tion. This might be usedin combinationwith memoryelements
with someactivation latency to createcomplex temporaldynam-
ics in agent’sbehavior.

A brain’sControl objectis usedto enactagent’s respostestrough
a behavior/responseselectionmechanism.A Control managesa
set of 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(Goldberg, 1989)).
TheContext objectrepresenta condition,usuallyupontheinter-
nalstateandotherattributesof theagent,andreturnsanactivation
level whenrequested.Thedefaultbehavior is to computetheover-
all activationlevel from theindividualactivationlevelsof a setof
internaldrivesandmemoryelements,but this canbe overrided.
TheResponse objectspecifiestheprocedurethatshouldbeper-
formedcasetheactionis selectedfor execution.Theway actions
areselectedfor executiondependsof the particularsub-classof
Control used.ListControl mantaina simplelinearlist of actions,
andtheactionsselectedfor executionaretheoneswith maximum
activity. The more complex sub-classTreeControl mantainsa
treeof actionsto allow for the hierarchical“contextual parsing”
of anagent’s environment(Bryson,2000). This is doneby mak-
ing someactionsnot having a response,but insteadpointing to
furtheractions,creatinga treeof actions.Actions thatareleaves
of thetreeareselectedwhenall intermidiateactionsup to thetop
onearehave themaximumactivationat their level. Thus,a con-
text without associatedresponsesis usedasa conditionfor more
fine-grainedcontexts. If a responseis definedasrequiringonly a
fraction of the availablenumberof time units, several responses
with highactivationcontextscanbejointly producedby theCon-
trol (e.g.socialresponsefeedbackin theform of punishmentsand
rewardscanusuallybeassumedtime thrifty). Responseshave ei-
therinternalor externaleffects.Internaleffectsareusedto change
only theagent’smental/brainstate,while externaleffectsareused
to performactionson theenvironment.Oncethesetof responses
anagent’sbrainproducesin aspecifictimestepis computed,they
areregisteredfor executionandto bemadevisible to otheragents.

Event Managementand Behavioral Processes

ETHOS usesa simplediscretetime stepschemeto triggerevents.
The main framework objects define a well-specifiedorder for
eventinvocationin theirstep() method,which is executedin each
simulationstep(of aparticularsimulationrun). TheWorld object
of a model invokesthe 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 performa behavioral act. Therelayof control to objectsdown
the structuralhierarchy, is doneat eachlevel accordingto a set
schedulingpolicy. For example,it canbespecifiedwhethertheit-



erativesequenceof objectslower in thehierarchyshouldbemade
randomat eachtime stepor fixed. (Schedulingof eventsat an
arbitrarytime stepin the future is alsoprovided in ETHOS using
Scheduler objects.)

Eachagentbehavioract involves a sequenceof four eventsor
phases: inspect, feedback, respond, perform. The inspect
phaseis usedto processthe stimulusassociatedwith elements
in the physicalandsocial environmentan agentis attendingto.
Thedefinitionof which elementsareto beattendedis donein the
specialmethodinspectSetup(), thatis invokedat thebeginingof
the inspect phase.This methodis overridedby the modelerand
usescalls to toInspect(X) method,whereX is the elementto be
inspected.Alternatively, calls to toInspect(X) canbe performed
in responsestriggeredby theagent’s brainControlobject. In this
latercase,theprocessingof thestimulusobjectis delayeduntil the
inspect phasein the next time step. The stimulusareprocessed
by the agent’s Brain by relayingthemto its MemoMap objects,
which processthemasdescribedabove. The feedback phaseis
similar to theinspect phase,andit is usedto processstimuluspre-
viously generatedby otheragentsanddirectedto theagentusing
the feedback(X) method,whereX is thestimulus. For example,
the feedbackcanbe usedto implementsocial rewardsandpun-
ishmentsthatmightchangetheactionselectionmechanismof the
agent’sbrainif learningby reinforcementis implementedin asub-
classof Control (Goldberg,1989).

In therespond phase,agents’brainsareactivatedto selectthere-
sponsesto beperformedbasedon stimuli receivedin the inspect
and feedback phase,andthe consequentbrain state. At the end
of this phase,generatedinternalresponsesperformchangesin the
brain’s state(if any), andotherautomaticbraininternalprocesses
arealsotriggered(e.g.timepassingeffectsondrives,anddecayof
memoryactivation levels). As a complement,thespecialmethod
responseSetup() canbedefinedto setupadditionalresponsesto
beperformed.Finally, in theperform phase,theeffectsontheen-
vironmentof theselectedexternalresponsesaretriggered.At the
endof this phase,theexternalresponse(s)performedby anagent,
andcontext stimuli is madevisible to otheragents. By default,
the context stimuli includeall thosereceived by the agentin the
currenttimestep.

In aditionalto otherschedulingpolicies,anAgentPopulation ob-
jectcanbesetto imposesynchronousor asynchronousscheduling.
In synchronousexecution,the inspect and feedback phasesare
executedin all agentsbeforemoving on to the respond andper-
form phases.In asynchronousexecution,eachagentexecutesall
phasessequentiallyafterwhichcontrolis movedto thenext agent.

Other Features

Similar to most other MAS frameworks for agent-basedmod-
elling, ETHOS providesmiscellaneousfeaturesfor visualizationof
thesimulationstate,thegatheringof statisticswith simulationre-
sultsusingseveraltypesof objectssuchasbinnersandtime-series,
a “readyto use”GraphicUserInterface(GUI) for parameterset-
ting andsimulationcontrol,andthetailorablecreationof thesim-
ulation objects. For mostcoreclassesrequiringdynamicobject
creation,weuseacorrespondingobjectcreatorclassto makeuser

derivedclasseseasyto integratewith ETHOS coreclasses.(Thus
implementingan instanceof the well-known factory object de-
signpattern(Gamma,Helm,Johnson,& Vlissides,1995).)Since
thesefeaturesdo not differ significantly from the onesavailable
in otherMAS, we do not discussthemfurther. Worthy of men-
tion, though,is the parallelization/distribution schemeof ETHOS

which allows different simulationruns and/orparametersetting
to be run concurrentlyin different remoteserver systems.This
canbe madeeither in batchmodeor in full control by the GUI.
The partition of a World objectinto a setof (quasi)independent
spaces,alsoallows for distributedexecutionof eventsin distinct
spaces.Becauseagentmigration betweenspacesdeletesall re-
lationships,this makesthe simulationsemanticsin the local and
distributedcaseidentical,without thecomplicationsof distributed
objectpointersemantics.

DEMO APPLICATION CASE STUDIES

To testtheusefulnessandgeneralityof ourframework,wehavere-
implementedseveralagent-basedmodelsfrom the literaturewith
someform of non-trivial social interaction. Of particularinter-
estaremodelsof gene-culturedualinheritance,andinter-personal
socialdynamics,sincethey constitutethemainapplicationtarget
of ETHOS. In thefollowing sections,we describehow we imple-
mentedtwo suchmodels,summarizingfirst the structureof the
models(for the sake of completeness),followed by a short de-
scription of how the abstractionsof our MAS framework were
employed. Due to the wide varity andexpressivenessof Ethos
abstractions,specificmodelswill typically useonly a sub-setof
theonesprovided.In particular, thetwo modelsdiscussedheredo
not requirecomplex actionselection,anduseworldswith asingle
space(nomigrationor distributionused).

Higgs’sMimetic Transition

PaulG. Higgs’smimetictransitionmodelis anagent-basedmodel
of gene-memeco-evolution, andwasdesignedto studythe con-
ditions underwhich the capacityfor learningmemescanevolve,
evenwhenthereis nomechanismto makethedistinctionbetween
memeswhich increasebiological fitnessandthosethat decrease
it (Higgs,2000). Themodelusesnon-overlappinggenerationsof
agentswhichhavetwo biologicalparentsandasetof culturalpar-
entsfrom whichthey learnmemes,with aprobabilityproportional
to their learningability. Agentscanalso,with somesmall prob-
ability, inventnew memes.Higgs’s resultsshow that, for a wide
rangeof parametervalues,the capacityfor learningevolvesin a
phase-transition,wherethecapacityfor learningevolvesinitially
very slowly, but, afteracritical point, increasesvery fast.

We modelthisby usingagentbrainswith asinglesub-classof the
ListMemoMap object,whoseelementsaretheindividual memes
codedin a classMeme derivedfrom Memo. Sincethis modelis
very simple,we did not usea Control objectfor actionselection.
In stead,theresponseSetup() methodexecutesasingleresponse
representingthe“performance”of all thememesanagentknows,
andoccasionalgenerationof new memes.Agentsareaggregated
in aAgentPopulation beingmatedto generateanoffspringpopu-
lation,accordingto acompetitiveSelector object.This is donein
thestep() methodof theAgentPopulation objectwhich is over-



written. Theagentsin theoffspringpopulationselectasteachers
a setof agentsfrom their parents’generation,setin the inspect-
Setup() method,andobserve their behavior as incomingstimu-
lus. Thesub-classof ListMemoMap detectstheincomingstimuli
codingfor thememes,and,with a probabilityproportionalto the
agent’s learningability, storethem in memory(if unknown be-
forehand).This is thedefault behavior of ListMemoMap, except
thatthedefinedsub-classoverwritesthedetect() methodto make
storageprobabilistic. Oncethe AgentPopulation for parentsas
competedits job, it is replaceby theoffspringpopulation.

Although Higgs’s modeldoesnot requireagentsto discriminate
andselectedbetweencompetingmemes,it would certainlybein-
terestingto seehow suchability influencemodelresults.Giventhe
abovemodelsetup,thisextensioncouldbeeasydonein ETHOS by
replacingMeme objectswith morecomplex Memo sub-classes,
andhaving agentsperformingtheassociatedresponsesmoreoften
thanfor lesspreferredmemes.This is thekind of easyexperimen-
tationin modeldesignthatwe look forwardto testin Ethos.

Modelling Human Mate Choice

We alsore-implementeda setof humanmatechoicemodels,de-
velopedby usin thepastto studyhow humanmatingdemographic
patternscould be “grown” from the bottom-up,by usingplausi-
ble behavior rulesinspiredby anevolutionaryfunctionalanalysis
of the task domain(Simão & Todd, 2002a,2002b). Our mod-
els assumeagentswith a finite life-span, and a (normally dis-
tributed)one-dimensionalquality attributed.An agent’sgoal is to
try to matewith a high quality partnerasearlyaspossiblein their
life. Mating requiresmutualacceptance,andinvolvesa minimal
courtshipperiodduring which agentsmay switch partner. Com-
paringseveral behavioral strategies,we found that the besttypes
of strategies involve a combinationof partnerswitching during
courtship,andthesettingof a minimal aspirationlevel threshold,
to avoid matingwith low qualitypartners(Simão& Todd,2002a).
Using thesestrategiesprovidedan accountof several population
level patterns,suchasreasonablyhigh levelsof assortativemating
for mostparametersettings,andtheright-skewedbell distribution
of ageat marriage/matingtime foundin a wide rangeof cultures.

To modelthis with ETHOS, we definedthreesocialnetworks for
agentscodedasSocialNet objects.OneSocialNet representsthe
setof oppositesex agentsagivenagentis sociallyacquaintedwith.
Anotherincludesonly oneLiaison objectusedto representthere-
lationshipwith the agentbeingcurrentlycourted(this modelim-
posesdatingexclusivity). And a third SocialNet is usedastem-
porarysubsetof the acquaintancesan agentwill interactwith in
a specifictime step. Agentsareaddedto the acquaintancesSo-
cialNet accordingto a Selector objectthat requiresmeetagents
to be of the oppositesex. After the interactionSocialNet is ini-
tializedat eachtime step,theagentselectswhich membersof the
social interactionnetwork the agentproposesto date,employing
thespecifiedstrategy anddependingon thequality of theagent’s
currentdatingpartner(if any), andon the quality of the alterna-
tive agentacquaintances.The responseSetup() methodis used
to produceresponsespecifyingthesetof membersto proposeto.
In thestep() methodof theAgentPopulation thataggregatesall
agents,a procedureis executedto updatethe dating SocialNet

objectsof all agents,basedon thesetof datingproposalsfrom all
agents.

DISCUSSION

ETHOS currentlyaddsthreemainmodellingconstructsto theones
providedby widely usedMAS frameworksfor agent-basedmod-
elling, such as SWARM (Minar et al., 1996), REPAST (Collier,
2002),andASCAPE (Brookings,2000). Namely, socialtransmis-
sion, relationshipmanagement,andbehavior selection. The so-
cial transmissionmechanismprovidesaprincipalmannerfor mod-
elling inter-agentcommunication,withoutrequiringadhocimple-
mentationsby modeldevelopers. As differentmechanismswith
well documentedsemanticsareprovided, this will allow model-
ersto experimentwith themandseein whatscientificallyrelevant
waysthat affectssimulations’results. For example,MemoMap
and Memo object with new semantics,can be usedto specify
how social stimulusare recordedand valuatedin memory. So-
cial relationshipsarepartlysupportedin theseotherMAS through
genericgraphlike datastructures,but Ethos takesthis a stepfur-
ther. Giving a semanticinterpretationto agents’social relation-
ships,permitstheautomationof someprocesses,suchasparent-
offspringrelationshipsmanagementor thedynamicsof socialnet-
work growth. ETHOS is uniquecomparedwith theseotherMAS
in providing integratedbehavior selectionmechanisms.While all
suchfeaturescanpotentiallybeimplementedontopof theseother
MAS, providing them“off the shelf” simplifiesmodelers’work.
Finally, with respectto theeventmanagementscheme,weprovide
a structurethanSWARM andREPAST, which is basedon schedul-
ing of event for arbitrary points in time, while not being so re-
strictedasASCAPE that imposesiterationof behavior rulesat the
grainof agentaggregates.In any case,weplanto bridgeETHOS’s
corefeatureswith otherMAS becausesomeusersmightprefer(to
continue)to usethem.

To keeptestingtheusefulnessof ETHOS mainabstractions(possi-
bly extendingandrefiningthem),weplanto implementadditional
modelsof humansocialbehavior, eitherfrom theliteratureor de-
signedspecificallyfor our future studies.Our designphilosophy
is thatafeatureshouldbeincorporatedin ETHOS only if it usedby
awiderangeof models,andif its availability considerablysimpli-
fiesmodeldevelopmentandtesting.Althoughscientificallyuseful
modelsshouldbekeptsimple,it is ourconviction thatsometypes
of modelsbenefitfrom additionalabstractionsthanthatprovided
by currentMAS. Still, further work is requiredto seewhich of
ETHOS featuresaremostuseful. ETHOS is currentlyin prototyp-
ing stage,andwe plan to deliver a publicly availableversionon
theWebduringthesecondtrimesterof 2003.,

CONCLUSIONS

In this article, we describedETHOS, a MAS framework devised
to supportthe developmentof agent-basedmodelsof humanso-
cial andculturechange.We describedits main abstractionsand
how they fit together. To testtheusefulnessof theframework we
describedbriefly how two modelspublishedin theliteraturehave
beenre-implementedin ETHOS. We have arguedthat ETHOS’s
featuressimplify themodellingprocessof a wide rangeof agent-
basedmodelsintendedto studyhumansocialbehavior.
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