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ABSTRACT

This paperpresentsthe useof automatawith multiplicities
for themodelizationof agentbehaviours.Geneticalgorithms
canbe definedon their probabilisticforms andare able to
simulateadaptivebehaviours.An applicationto asimulation
of evolutive strategies in gametheory is presented,specifi-
cally for theprisonerdilemmawhich is consideredasabasic
modelof dynamicagentsinteractionsin termsof cooperation
andcompetition.

INTRODUCTION

We focuseour attentionon the implementationof simula-
tions whereautomaticorganizationsappearin function of
interactionoversomesystems.Many evolutiveandcomplex
systemsin natural and artificial worlds producesuch dy-
namicalorganizationswhich born, grow anddie dueto the
interactionswith eachothersandwith their environment.

Agent-basedsimulationsare constructedon decentralized
approachesfor computationalimplementations.Thedescrip-
tion of theirentitiesin termof autonomyandcommunication
givesto thesemodelsinterestingpropertiesfor decentralized
problems solvers and for computable representationof
complex systems.

The model of individual agent behaviour is essentialfor
the representationof its interactionwith the systemandits
autonomycharacteristic.A behaviour descriptionbasedon
operatingmodel allows to manageautomatic treatments.

In this paper, we useautomata-basedmodel for the agent
behaviour description. Many classicaloperatorsare well-
definedand allow us to implement automatictreatments.
Dynamicalandadaptive propertiescanbedescribedin term
of specificoperatorsbasedongeneticalgorithms.

In thefollowing, we first presentthebasesof our modelsin
term of automatawith multiplicities and especialyin term
of probabilisticautomata. Then, we presentthe dilemma
prisoneras a generalmodel for competitionand coopera-
tion modelsin distributedmodelisation.So,we definedthe
geneticoperatorson probabilisticautomatawhich allow to
model adaptive behaviour for prisonerdilemmastrategies.
Someexperimentationsof suchadaptive strategiesarethen
shown andconcludethis paper.

AUTOMATA WITH MULTIPLICITIES FOR AGENT BE-
HAVIOUR MODEL

In multi-agentsystems,the agentbehaviour can be imple-
mentedwith automata,well-suited for the representation
of different comportementalstatesand for the mecanisms
representationof thetransitionsbeetweenthesestates.

Thus,automatawith multiplicities (Scḧutzenberger, 1961),
definedbelow, areautomatawith outputswhich belongto a
semiring. Theseautomataareusedin the studiesdescribed
in this paperbecauseof the great numbersof operations
which can be definedon them, classicalones(Duchamp
etal.,1999)aswell asevolutiveagentorientedones(Bertelle
et al., 2001).

An automatonwith multiplicities over a finite alphabet �
andasemiring �����	�
����
 is a ������������������������ !�#"��#$%
 , with� a finite setof statesand  , " , $ beingmappingssuchthat '&(�*)+� , ",&-�*).� , and $/&(�10/�203�4)+� .  



(resp. " ) definesinitial states(resp.final states)and $ is the
transitionfunction.

When the set of elementaryoutputs is the alphabetof a
semiring(for example576 , for 5 analphabet), theautomaton
is a transducer. So, transducersare suitedto model agent
behaviours: the input alphabetcorrespondsto the agent
perceptionsandtheoutputalphabetcorrespondsto theagent
actions.

The framework of automatawith multiplicities also allows
us to model probabilisticaspectsin agentbehaviour: each
internal transitionproducesin output the probability of its
realization.Indeed,a stochastic(or probabilistic)automaton
is a particularcaseof multiplicities one(where �98;: <=�?>A@ ).
In comparisonwith thedefinitiongivenabove,thetransition
function $ definedabove becomes$B&!�C0D�E0F�C)G: <=�H>H@ ,
with theconstraint:I JLK ��� I MNK � OPRQTS $U� M � J �V�W
X8Y> . (1)

The sumof probabilitiesof all transitionsfor eachpercep-
tion, startingfrom any state,mustbeequalto > .
In order to realizeoperationson automata,we usea linear
representationof automata.We describethis onebelow, es-
pecialyfor probabilisticautomata.Sucha representationof
dimensionZ (numberof states)is a triplet ��[\�^](�^_`
 where:a [ K : <=�?>A@Vb?c=d , with

defhg b [ b�i f 8j> , a row vectorcoding

theinputprobabilities,a _ K3k <!�H>Tl d�c�b a columnvectorcodingtheoutputprob-
abilities,a ]m&7�n6o) : <=�?>A@pd�cUd a morphismof monoidscoding
thetransitionprobabilitiesbetweenstatesfor eachletterJqK � , with thematrix ]X� J 
 .

Theconstraintrepresentedby expression(1) is equivalenttoI JqK ��� I MNK � OPrQTS ]\s i P � J 
t8u> . (2)

A successfulpathin an automatonis a pathfrom an initial
stateto a final one.Then,for all v K �n6 correspondingto a
successfulpath, [=]X�Vv�
�_ is the probability of all successful
pathslabelledby v (it is the probability that the successful
successionof perceptions,v , occurs).

In thefollowing,weshow illustrativeexamplesof suchagent
modelandwegive thelinearrepresentationfor them.

PRISONER DILEMMA : AUTOMATA BASED MODEL FOR
COOPERATION AND COMPETITION ASPECTS

In multi-agentsystems,interactionsleadto socialbehaviour.
They areoftendescribedin termsof cooperationor competi-
tion aspects.We focuseour attentionwith prisonerdilemma

(Axerold,1984)which is amodelfor negociationbehaviour,
allowing alternanceof cooperationandcompetitionbetween
agentsof thesamesystem.

The prisonerdilemma is a two-playersgamewhere each
playerhastwo possibleactions:cooperate( w ) with its op-
ponentor betray it ( w ). So, four outputsare possiblefor
the global actionsof the two players. A relative payoff is
definedrelatively to thesepossibleoutputs,asdescribedin
thefollowing tablewheretherowscorrespondto oneplayer
behaviour andthe columnsto the otherplayerone. For ex-
ample,if theplayeronebetraystheotherwhich triesto col-
laboratewith him, thepayoff for thefirst playeris 5 andfor
theother0 (5,0). w ww (3,3) (0,5)w (5,0) (1,1)

Table1: Prisonerdilemmapayoff
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Strategy A : Tit-for-tat strategy
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Strategy B : Vindictive strategy

Figure1: Two prisonerdilemmastrategiesin term of tran-
ducers

In iterative version of the prisoner dilemma, successive
stepscan be defined. Each player don’t know the action
of its opponentduring the currentstepbut he knows it for
the precedentstep. So different strategies can be defined
for player behaviour, the goal of each one is to obtain
maximalpayoff for himself. In thefigure1, we describetwo
strategieswith transducers.Eachtransitionis labeledby the
input correspondingto the player perceptionwhich is the
precedentopponentactionand the outputcorrespondingto
thepresentplayeraction. Theonly inital stateis thestate1,



recognizableby the incommingarrow labeledonly by the
output. The final statesarethe states1 and2, recognizable
with the double circles. In strategy A, the player has
systematicallythe samebehaviour as his opponentat the
previous step. This strategy very simple is known as one
of the best. In strategy B, the playerchoosesdefinitively to
betrayassoonashis opponentdoesit once.

Theseprevious automatarepresentstatic strategies and so
they are not well suited for the modelizationof evolutive
strategies. For this purpose,we proposea modelbasedon a
probabilisticautomaton(seefig. 2).
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C:1−p2
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C:1−p3
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C:p3

21 1−p1p1

Figure2: Probabilisticmulti-strategiestwo-statesautomata
for prisonerdilemma

This automatonrepresentsall the two-statesstrategies for
cooperation( w ) andcompetitive( w ) behaviour of oneagent
againstanotherin prisonerdilemma. The transitionsare
labeledin outputby theprobabilities(� f ) of their realization.
Thestate1 is the statereachedafter cooperationactionand
thestate2 is reachedafterbetrayal.

For this automaton,the associatedlinear representation,as
describedpreviously, is:xNy{z}|W~	���t��|W~�� �U�`y{z����	���� zV�n�\ym� |=���t�
|=�|U���t�
|U���

� z ����ym� �X�
|���|U��X�
|U��|=� �
In the following section,we describea generalgenetical-
gorithm on probabilisticautomata.We show how it canbe
appliedfor modelling an adaptive strategy for the prisoner
dilemmabasedon the previous particularprobabilisticau-
tomaton.

GENETIC ALGORITHMS ON PROBABILISTIC AU-
TOMATA

Wedescribeageneticalgorithmmanagingapopulation,that
is the agentbehaviours codedwith probabilisticautomata.
Genetic algorithmsuse individual characteristicrepresen-
tations,namedchromosomes.We definethe chromosome

for each agent as the sequenceof all the matrices ]X� J 

associatedto eachperception JjK � . In the following,
geneticalgorithmswill generatenew automatacontaining
eventually new transitionsfrom the ones included in the
initial automata. To authorizeonly significantbehaviours,
we have to considerthe existenceof a family of boolean
transitionmatrices���=�%
^� QT� , associatedto eachtypeof agent,
and coding all its possibletransitionsfor eachperception.
Theeffectivetransitionsmatrixassociatedto eachperception
is a “subset”of it (in fact, eachtransitionmatrix associated
to a given perceptionJ�K � , denoted]X� J 
 , is a matrix of
samedimensionas � � , but with probabilisticcoefficients).

In thegeneticalgorithm,eachcoupleof agentsfollowsa re-
productioniterationbrokenup into threesteps:a Duplicationwhereeachagentof thecouplegeneratesa

cloneof itself;a Crossing-over wherea sequenceof lines of eachma-
trix ]X� J 
 for all JEK � is arbitrarychosen. For each
of thesematrices,apermutationon thelinesof thecho-
sensequenceis madebetweentherespectivematricesof
the two agentscorrespondingto the reproductioncou-
ple. In term of automataoperator, the crossingover is
thepermutationof all the transitionsoutgoingfrom all
states/linesselectedby thecrossedoperation.This per-
mutationrespectstheexpression(2).a Mutationwherea line for eachmatrix ]X� J 
 is arbitrary
chosenand,randomly, a sequenceof new valuesis af-
fectedto this line, accordingto theprobabilisticnature
of the matrix representedby the expression(2). The
new matrix obtainedby mutationmustrespectthe au-
thorizedtransitionsgivenby the ���=�%
^� QT� family.

The reproductionsteps generatenew agentsbehaviours.
Geneticalgorithmshave to selectamongthesebehaviours,
someof oneswhich have thebestvaluesof a givenfunction
called fitness. In dilemma prisoner, the fitness function
returns,for a givenbehaviour automaton,thecorresponding
payoff value.

Finally, thewholegeneticalgorithmschedulingfor afull pro-
cessof reproductionover all the agentsis the evolutionary
algorithm:

1. For every coupleof agents,two childrenarecreatedby
duplication,crossingoverandmutationmechanisms;

2. Thefitness,for everyagent,is computed;

3. For every4-tuplecomposedof parentsandchildren,the
two performlessagents,in term of fitnesscomputedin
previousstep,areremoved. Thetwo agents,still alive,
resultof theevolution.



EVOLUTIVE ADAPTATION FOR PRISONER DILEMMA:
IMPLEMENTATION AND SIMULATION RESULTS

Geneticsolvershave yet beenexperimentedon the iterative
prisonerdilemma. In (Holland, 1995), the chromosomes
of the algorithm is a 64 positionsstring correspondingto
eachplayermemoryof the pastthreeoutputs. We propose
a more generic approach using genetic algorithms for
prisonerdilemmaasa particularapplicationof the genetic
algorithm on generalprobabilistic automata,as described
in previous section. So, this algorithm is applied to the
particularprobabilisticautomatondescribedin figure2. This
allows to simulateadaptive behaviours in term of evolutive
strategies. Implementationshave been made (Frebourg,
2001), using the Madkit platform (Gutknechtand Ferber,
1997) developpedin LIRMM (Montpellier - France). It
showsadaptivestrategiesimproving theplayerpayoff.

A first sequenceof experimentationshasbeenmade.These
experimentationsconsistin building on onehand,an adap-
tiveagentspopulationdescribedby theprobabilisticautoma-
ton of the figure2 andon the otherhand,someagentswith
staticbehaviour. Theopponentplayersin prisonerdilemma
arebuilt from thesetwo kindsof agents.Geneticalgorithms
areusedon the adaptive agentspopulationwhich fitnessis
the playerpayoff. Against the static tit-for-tat strategy, the
adaptive behaviour converges, after 250 iterations, to the
strategy describedby thelinearrepresentation:� zV�n��y��
�%� �?���? r¡¢�%� ���� ?�� �%� �?�r£?¤?�¥�%� ���r¡A¦ � �� z �n��y�� �%� §?§r£ � �¥�%� ��� ¡H§?¦�%� �?§r¤?£ � �%� � � ¦r¡?� �
So,theemergingstrategy seemsto betheonewhichconsists
in cooperatingwhatever the perception. The agentpayoff
averageassociatedto this emergingstrategy is 3.

Anothersequenceof experimentationshasbeenmade.Two
agentspopulationsareopposed.Thefirst oneis composedof
12 staticstrategies. The otheroneis composedof adaptive
agentswhich evolve geneticallyto a strategy which mustbe
efficient againstmany ones. The first result obtainedis an
effectiveconvergence,after250iterations,to thestrategy de-
scribedby thelinearrepresentation:� zV�n��y��
�%� �?§r¤H§��¥�%� � � ¦ ����%� �? �§ � �¥�%� ��� � ��� �� z �n��y��
�%� ¡?¤?�?� � �%� £H¦r�?��§�%�  �¡?��¡ � �%� �r£?��£?� �
Theagentpayoff averageis here2.4.

Thesefirst resultsshow that theadaptive strategy modeliza-
tion gives a convergent processable to improve the pay-
off. Someparametershave to befixedlike themutationrate

whosevaluehasbeenfixed to 0.5%in the previousexperi-
mentations.Complementaryexperimentshave to bestudied
to confirmtheefficiency of themethod.

CONCLUSION

The study presentedin this paper is basedon the use of
automatawith multiplicities for agentbehaviour modelling.
Thegreatnumberof operatorsdefinedon theseautomataal-
lowsusto implementautomaticprocessonagentbehaviours.
In transducerbasedformulation, the input and ouput al-
phabetsgive a representationof agentperceptionsand ac-
tions. In probabilistic basedformulation, multi-strategies
behaviourscanbe modelandgeneticalgorithmsdefinedon
themallow to generateadaptivebehaviours.Adaptivemulti-
strategieshavebeenmodeledwith suchautomatafor thepris-
oner dilemmaand efficient strategies can be automatically
found with geneticalgorithms. We project to use this el-
ementarymulti-strategies adaptive automatonas a generic
model for agentsinteractionswhich areable to evolve dy-
namicallyfrom cooperationto competitionor viceversa.
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