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ABSTRACT

This paperpresentghe useof automatawith multiplicities
for themodelizatiorof agentbehaiours. Geneticalgorithms
can be definedon their probabilisticforms and are able to
simulateadaptve behaiours. An applicationto a simulation
of evolutive strat@iesin gametheoryis presentedspecifi-
cally for the prisonerdilemmawhichis consideredsabasic
modelof dynamicagentsnteractionsn termsof cooperation
andcompetition.

INTRODUCTION

We focuseour attentionon the implementationof simula-
tions where automaticorganizationsappearin function of
interactionover somesystemsMany evolutive andcomplex
systemsin natural and artificial worlds producesuch dy-
namicalorganizationswhich born, grow anddie dueto the
interactionswvith eachothersandwith their environment.

Agent-basedsimulationsare constructedon decentralized
approachefr computationaimplementationsThedescrip-
tion of their entitiesin termof autonomyandcommunication
givesto thesemodelsinterestingpropertiedor decentralized
problems solvers and for computable representationof
comple systems.

The model of individual agentbehaiour is essentialfor
the representatiof its interactionwith the systemandits
autonomycharacteristic.A behaiour descriptionbasedon
operatingmodel allows to manageautomatic treatments.

In this paper we use automata-basethodel for the agent
behaiour description. Many classicaloperatorsare well-

definedand allow us to implementautomatictreatments.
Dynamicalandadaptve propertiescanbe describedn term

of specificoperatordasedn geneticalgorithms.

In thefollowing, we first presenthe basesf 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 adaptie behaiour for prisonerdilemmastrateies.
Someexperimentationf suchadaptie stratgiesarethen
shavn andconcludethis paper

AUTOMATA WITH MULTIPLICITIES FOR AGENT BE-
HAVIOUR MODEL

In multi-agentsystemsthe agentbehaiour can be imple-
mentedwith automata,well-suited for the representation
of different comportementabtatesand for the mecanisms
representationf thetransitionsbeetweerthesestates.

Thus, automatawith multiplicities (Schitzenbeger, 1961),
definedbelow, areautomatawith outputswhich belongto a
semiring. Theseautomataare usedin the studiesdescribed
in this paperbecauseof the great numbersof operations
which can be defined on them, classicalones (Duchamp
etal., 1999)aswell asevolutive agentorientedonegBertelle
etal.,2001).

An automatonwith multiplicities over a finite alphabet®
andasemiring(K, ®,®) isab —tuple (X, Q, I, T,d), with
@ afinite setof statesandI, T', § beingmappingssuchthat
I:Q—->K,T:Q—- K,andd: Q xXxQ - K. I



(resp.T’) definedinitial stateqresp.final stateslands is the
transitionfunction.

When the set of elementaryoutputsis the alphabetof a
semiring(for examplelI*, for IT analphabe), theautomaton
is reducedto a transducer So, Transducersare suitedto
modelagentbehaiours: the input alphabetcorrespondso
theagentperceptionsndthe outputalphabetorrespondso
theagentactions.

The framework of automatawith multiplicities also allows

us to model probabilisticaspectdn agentbehaiour: each
internal transition producesin outputthe probability of its

realization.Indeed a stochastidor probabilistic)automaton
is a particularcaseof multiplicities one(where K = [0, 1]).

In comparisorwith the definitiongivenabove, thetransition
functiond definedabove becomes : @ x ¥ x @ — [0,1],

with the constraint:

Va€X,VgeQ Y d(gap) =1 @
PEQ

The sumof probabilitiesof all transitionsfor eachpercep-
tion, startingfrom ary statemustbeequalto 1.

In orderto realizeoperationson automatawe usea linear
representationf automata.We describethis onebelow, es-
pecialyfor probabilisticautomata.Sucha representatiof
dimensionn (numberof states)s atriplet (A, u,y) where:

e )\ € [0,1]'%™, with > A\;; = 1, arow vectorcoding
i=1
theinput probabilities,

e v € {0,1}™*! acolumnvectorcodingthe outputprob-
abilities,

e u: ¥* — [0,1]™*™ a morphismof monoidscoding
thetransitionprobabilitiesbetweerstatedor eachletter
a € X, with thematrix u(a).

Theconstraintrepresentedly expression(1) is equivalentto

VaeZ,VgeQ > pgpla) =1 2)
PEQ

A successfupathin an automatons a pathfrom aninitial
stateto afinal one. Then,for all w € X* correspondingo a
successfupath, Au(w)~y is the probability of all successful
pathslabelledby w (it is the probability that the successful
successiomf perceptionsw, occurs).

In thefollowing, we shaw illustrative examplesof suchagent
modelandwe give thelinearrepresentatiofor them.

PRISONER DILEMMA : AUTOMATA BASED MODEL FOR
COOPERATION AND COMPETITION ASPECTS

In multi-agent systems,interactionscorrespondto social
behaiour. They areoftendescribedn termsof cooperation

or competition aspects. We focuse our attention with
prisoner dilemma (Axerold, 1984) which is a model for
negociation behaviour, allowing alternanceof cooperation
andcompetitionbetweeragentof the samesystem.

The prisonerdilemmais a two-playersgame where each
playerhastwo possibleactions: cooperateC) with its ad-
versaryor betrayit (C). So, four outputsare possiblefor
the global actionsof the two players. A relative payof is
definedrelatively to thesepossibleoutputs,as describedn
thefollowing tablewherethe rows correspondo oneplayer
behaiour andthe columnsto the otherplayerone.
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Tablel: Prisonedilemmapayof
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Figurel: Two prisonerdilemmastratgiesin term of tran-
ducers

In iterative version of the prisoner dilemma, successie
stepscan be defined. Eachplayer don't know the action
of its adwersaryduring the currentstepbut he knows it for
the precedentstep. So different strat@ies can be defined
for player behaiour, the goal of eachone is to obtain
maximalpayof for himself. In thefigure 1, we describewo
stratgieswith transducersEachtransitionis labeledby the
input correspondingo the player perceptionwhich is the
precedentdwersaryactionandthe outputcorrespondindo
the presenplayeraction. The only inital stateis the statel,
recognizableby the incommingarrow labeledonly by the
output. The final statesarethe statesl and2, recognizable



with the double circles. In stratgy A, the player has
systematicallythe samebehaiour as its adwersaryat the
previous step. In stratgy B, the playerchoosedefinitively
to betrayassoonashis adwersarydoesonce.

Theseprevious automatarepresentstatic stratgies and so
they arenot well adaptedor the modelizationof evolutive
stratgies. For this purposewe proposea modelbasedon a
probabilisticautomatordescribedy thefigure 2.

Cil-p4 _ C:p5

Figure 2: Probabilisticmulti-strateyies two-statesautomata
for prisonerdilemma

This automatonrepresentsll the two-statesstratayies for

cooperatior(C') andcompetitive (C') behaiiour of oneagent
againstanotherin prisonerdilemma. The transitionsare
labeledin outputby the probabilities(p;) of theirrealization.
The statel is the statereachedafter cooperatioractionand
thestate2 is reachedafterbetrayal.

For this automaton the associatedinear representationas
describedpreviously, is:

A=(p1,1—p1) v =(1,1)
| p2 1—p2
M(C)_[Pa 1—ps ]

= _ | 1—p1a pa
'u(C)_[l—Ps ps]

In the following section,we describea generalgenetical-
gorithm on probabilisticautomataand we shov how it can
be appliedfor modelling an adaptve strateyy for the pris-
onerdilemmabasedon the previous particularprobabilistic
automaton.

GENETIC ALGORITHMS ON PROBABILISTIC AU-
TOMATA

We describea geneticalgorithmmanaginga populationthat
is the agentbehaiours codedwith probabilisticautomata.
Genetic algorithmsuse individual characteristicrepresen-
tations, namedchromosomes.We definethe chromosome
for eachagentas the sequenceof all the matrices u(a)
associatedo eachperceptiona € X. In the following,
genetic algorithms will generatenew agents containing

eventually new transitionsfrom the onesincludedin the
initial agents. To authorizeonly significant behaiours,
we have to considerthe existenceof a family of boolean
transition matrices (7,)q.cx, associatedto each type of
agent, and coding its whole possibletransitionsfor each
perception. The effective transitionsmatrix associatedo
eachperceptionis a “subset” of it (in fact, eachtransition
matrix associatetb agivenperceptioru € %, denotedu(a),
is a matrix of samedimensionas7,, but with probabilistic
coeficients).

In the geneticalgorithm,eachcoupleof agentdollows are-
productioniterationbrokenup into threesteps:

e Duplicationwhereeachagentof the couplegenerates
cloneof itself;

e Crossing-@erwhereasequencef linesof eachmatrix
u(a) for all @ € X is arbitrary chosen. For eachof
thesematricesa permutatioronthelinesof thechosen
sequencés madebetweertherespectie matricesof the
two agentorrespondingo thereproductiorcouple.ln
termof automataperatoythe crossingover consistdn
the permutationof all the transitionsoutgoingfrom all
states/lineselectedby the crossecbperation.

e Mutationwherealine for eachmatrix u(a) is arbitrary
chooserand,randomly a sequencef new valuesis af-
fectedto this line, accordingto the probabilisticnature
of the matrix representedby the expression(2). The
new matrix obtainedby mutationmustrespectthe au-
thorizedtransitionsgivenby the (7, ) .cx family.

The reproductionsteps generatenenv agentsbehaiours.
Genetic algorithms have to selectover thesebehaiours,
someof themwhich have the bestvaluesof a givenfunction
called fitness. In dilemma prisoner the fitness function
returns,for a givenbehaiour automatonthe corresponding
payof value.

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

1. For every coupleof agents(z, y), two childrenarecre-
atedby duplication,crossingover andmutationmecha-
nisms;

2. Thefitnessfor every agentjs computed;

3. For every4-tuplecomposeaf parentsandchildren,the
two performlessagentsjn term of fitnesscomputedn
previous step,areremoved. Thetwo agentsstill alive,
resultof the evolution of thetwo initial parents.



EVOLUTIVE ADAPTATION FOR PRISONER DILEMMA:
IMPLEMENTATION AND SIMULATION RESULTS

Geneticsolvershave yet beenexperimentedn the iterative
prisonerdilemma. In (Holland, 1995), the chromosomes
of the algorithmis a 64 positionsstring correspondingo
eachplayermemoryof the pastthreeoutputs. We propose
a more generic approachusing genetic algorithms for
prisonerdilemmaas a particularapplicationof the genetic
algorithm on generalprobabilistic automata,as described
in previous section. So, this algorithm is applied to the
particularprobabilisticautomatordescribedn figure 2. This
allows to simulateadaptve behaioursin term of evolutive
stratgjies. Implementationshave been made (Freboug,
2001), using the Madkit platform (Gutknechtand Ferber
1997) developpedin LIRMM (Montpellier - France). It
shavs adaptve stratgiesimproving the playerpayof.

A first sequencef experimentationdasbeenmade. These
experimentationgonsistin building on one hand,an adap-
tive agentgopulationdescribedy the probabilisticautoma-
ton of thefigure 2 andon the otherhand,someagentswhith

staticbehaviour. The adwersaryplayersin prisonerdilemma
arebuild from thesetwo kinds of agents Geneticalgorithms
are usedon the adaptve agentspopulationwhosefitness
is the player payof. Againstthe static tit-for-tat strateyy,

the adaptve behaiiour corverges after 250iterations,to the
stratgyy describedy thelinearrepresentation:

()= | 0-99637 0.00363
&)= 0.99259  0.00741
(©) = | 088216 0.11784
M&T=1 0.98521  0.01479

So,theemening stratey seemgo betheonewhich consists
in cooperatingvhateser the perception.— valeurmoyenne
du payof —

Anothersequencef experimentationdhasbeenmade. Two
agentgopulationsareopposedThefirst oneis composewf
12 staticstratgjies. The otheroneis composedf adaptve
agentswvhich evolve geneticallyto a stratgyy which mustbe
efficient againstmary stratayies. Thefirst resultobtainedis
a effective corvergence after 250 iterations,to the stratgy
describeddy thelinearrepresentation:

()= | 008589 0.91411
&) =1 0.93810  0.06190

(©) = | 075001 0.24998
ME) =1 037071 0.62929

This stratgy emeging from genetic algorithm is quite
differentfrom the tit-for-tat one. The agentpayof average
is 2.4 which s still worth thanthe tit-for-tat strateyy payof
(consideredik e oneof thebestone)whichis 2.6.

Thisfirst resultsshav thattheadaptve stratgyy modelization
givesa corvergentprocesableto improve the payof. Some
parametershave to be fixed like the mutationrate whose
value hasbeenfixed to 0.5% in the previous experimenta-
tions. Complementargxperimenthaveto bestudiedto con-
firm the efficient of the method.

CONCLUSION

The study presentedn this paperis basedon the use of

automatawith multiplicities for agentbehaiour modelling.

Suchautomataarerich in operatorsandallow to implement
automaticprocess. In their transducembasedformulation,

the input and ouput automataalphabetsallow to represent
respectiely agentperceptionsand actions. In their prob-

abilistic basedformulation, multi-strateies behaiours can

be modeland geneticalgorithmsdefinedon them allow to

generateadaptve behaiours. Adaptive multi-stratgjieshave

beenmodeledwith suchautomatdaor the prisonerdilemma
and genericalgorithmsallow to find automaticallyefficace
stratgies. We projectto usethis elementarymulti-strateies

adaptve automatonas a genericmodel for agentsinterac-
tionswhich areableto evolve dynamicallyfrom cooperation
to competitionor vice versa.
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