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Abstract
A new reinforcementlearning(RL) methodologyis
proposedto designmulti-agentsystems.In there-
alistic settingof situatedagentswith local percep-
tion, the task of automaticallybuilding a coordi-
natedsystemis of crucial importance.We usesim-
ple reactive agentswhich learntheir own behavior
in adecentralizedway. To copewith thedifficulties
inherentto RL usedin thatframework, wehavede-
velopedan incrementallearningalgorithm where
agentsfacemoreandmorecomplex tasks. We il-
lustratethis generalframework on a computerex-
perimentwhereagentshaveto coordinateto reach
a globalgoal.

1 Intr oduction
Multi-Agent Systems(MAS) - systemswhereautonomous
entitiescalledagentsinteractwith eachother- area growing
interestin theartificial intelligencecommunity, bothin terms
of researchandapplications(see[Ferber, 1999]). Whereas
MAS areusuallybuild “by hand”usingsimulationsto tuneup
thesystemto reachadesiredglobalbehavior, thispaperdeals
with a key problem: the designof MAS in an automated
fashionthroughlearning.

Learningin MAS canindeedtake many forms[Stoneand
Veloso,2000]. We optedfor ReinforcementLearning(RL)
methods[Suttonand Barto, 1998] as they do not requirea
teacherknowing beforehanda solutionof the problem. An
evaluationof thecurrentagents’actions,usinga scalarvalue
for example,is enoughto learn.

Furthermore,weconsiderMulti-Agent Systemscomposed
of simple reactive situatedagentswith local perceptions.
Thus,thesystemis easierto build andcanneverthelesssolve
complex problemsas,in this decentralizedframework, each
agentfacessimplertasks.

As RL suffersfrom combinatorialexplosion,decentraliza-
tion of the learningprocessshouldbring the samebenefits,
i.e. eachagentlearnsits own behavior by itself which sim-
plifies the task to be learned. Besides,it is consistentwith
the localizedaspectof realisticsituatedagents.But, in this
context, two majordifficultiesburdenRL :� hidden global state.Usualsituatedagentscanonly rely

on an imperfect, local and partial perceptionof their

world. Then, the global stateof the systemstaysun-
known, which prevents classicalRL algorithmsfrom
finding an optimal policy, as shown by [Singh et al.,
1994].� credit assignmentproblem. When a positive reward
is givenby the environment,it is not alwaysevident to
credit positively the “good” actionsthat led to this re-
ward.With many agents,thisproblemis evenmorecru-
cial aswemustalsodecidewhich agentsto reward.

Ouranswerto theseproblemsis adecentralizedincremen-
tal learningalgorithmbasedon a classicalRL techniqueto
find stochasticpolicies. Actually, agentswith stochasticbe-
haviorsaremoreadaptedto theproblemof partialperception.
By incremental, wemeanthatagentsareprogressively pitted
againstharderandhardertaskssoasto progressively learna
complex behavior. Anotheraspectof theincrementallearning
is to begin learningwith very few agents,soasto minimize
coordinationand cross-work actions,and then export these
basicbehaviors to taskswith moreandmoreagents.Even-
tually, behaviors canbe further refinedby learningin these
moredemandingenvironments.Thus,the originality of our
approachis twofold : learningis decentralizedandincremen-
tal.

In thispaper, wepresentourmethodfor learningin amulti-
agentsystemandanexperimentonwhichwetestedourideas.
Section2 givesthedetailsof ourframework, then,Sections3,
4 and5 describetheexperimentsconductedto testtheviabil-
ity of our approach.A discussionaboutour work follows in
Section6, highlightedby somecomparisonsfrom othersim-
ilar works. Futuredirectionsandconclusive remarksendthe
paperin Section7.

2 Our Framework
In this part, we first presentthe kind of agentswe consider.
Thenwe show theproblemsonefaceswhenusingreinforce-
ment learning in a multi-agentsetting. Lastly, we explain
how incrementallearningbrings a partial solution to these
problems.

2.1 The agents
We areinterestedin designingMulti-Agent Systems(MAS)
by having eachindividualagentlearnits behavior. As written
earlier, we have decidedto work with very simple reactive

833MACHINE LEARNING AND DATA MINING



agentsfor complexity reasons.Besides,it allows us to con-
centrate� on the learningaspectof the design. Among many
possiblechoices,our agentscanbecharacterizedas:� situated with local perception : Local perceptionsare

morethoroughlydiscussedin Section2.4.� possibly heterogeneous: throughthe learningprocess
whereagentslearnindividually, eachagentcanacquire
a differentbehavior from theothers.� cooperative : all agentssharethe samegoal and they
will have to coordinateto reachit.

Wesaynothingaboutothercharacteristics(for examplecom-
munications)asthey arenot importantfor our framework and
couldbeeasilyincorporatedinto theagents.

2.2 Limitations of classicalRL

ReinforcementLearning (RL) methodsare very appealing
ways of learningoptimal memorylessbehaviors for agents
asthey only requirea scalarfeedbackfrom thesystemto the
agentsfor themto learn. Besides,thesetechniquescan be
usedwhenthereis uncertaintyin theworld’sevolution.

But the convergenceof RL algorithms(like Q-Learning
or TD(� )) hasonly beenproven for Markov DecisionPro-
cesses(MDP). A MDP is definedasa ���	��
���
������ tuple,� being a finite set of statesand 
 a finite set of actions.
Whenthesystemis in givenstate� , anaction � beingchosen,
the probability for the systemto end in state ��� is given by
���������������� . After eachtransition,the environmentgenerates
a reward given by ����� ���!� . The problemis then to find the
optimalmapping"#�$� ���!� betweenstatesandactionssoasto
maximizethe reward received over time, usually expressed
asa utility function %�������&('*)+-,/.10 + �$� +32 � . &4��� . Sucha
mappingis calleda policy.

As pointedout by [Boutilier, 1996] the evolution of the
kind of MAS weareinterestedin is aMDP. As such,it could
be solved usingclassicalreinforcementlearningalgorithms
wherethestateof thesystemis thecompositionof thestates
of all agentsandanactionis ajoint actioncomposedof all in-
dividualactionsof theagents.Thus,thenumberof statesand
actionsin a centralizedview of the problemshouldquickly
proveto betoobig for RL to beapplied,asillustratedin Sec-
tion 3.1. Besides,solvingour problemthis way would mean
to solve it in a centralizedway whereaswe aim at a non-
centralizedsolutionaseachagentshouldlearnby itself.

Unfortunately, asshown by [Bernsteinet al., 2000], solv-
ing the problemin a non-centralizedway when the agents
only have a partialperceptionof thesystem’s stateis NEXP-
complete,i.e. thereis provably no polynomialalgorithmto
solve theproblem.We facetwo majordifficulties:

1. Non-stationary transitions. Reactive agentswith a lo-
cal view of theenvironmentcannot usejoint actionsto
solvetheproblem.In fact,otheragentsareunpredictable
elementsof the environment. As a consequence,the
transitionsfrom onestateof the systemto another, as
seenby an agent,arenon-stationary: for examplethe
probability for anagentto move aheaddependsgreatly
on theactionsof otheradjacentagents.

2. Partial observability . As theagent’sperceptionis local
they cannot know the global stateof the problem. As
such,the problemat handbelongsto the classof par-
tially observedMarkov decisionmodels(see[Littman
et al., 1995]).

ClassicalstationaryPartially Observed Markov Decision
Processesarenearlyimpossibleto solvewhentherearemore
than a hundredstates[Dutech,2000]. The combinationof
thetwo problems(i.enon-stationarityandpartialobservation)
makes the problemnon-solvablewithout using approxima-
tions.

2.3 Incrementalgradient reinforcementlearning
We proposeto find approximatesolutionsby using incre-
mentalgradientRL. The main idea of this methodologyis
to progressively scaleupwith thecomplexity of theproblem.
Agentsrun their own local versionof RL, hereagradientde-
scentdescribedin [BaxterandBartlett,1999].

Stochasticbehaviors
In thecontext of partiallyobservedMDP, stochasticbehaviors
performbetterthandeterministicpolicies(see[Singhet al.,
1994]). As previous experiments(see[Buffet et al., 2001])
with Q-Learningwerenotconclusiveto this regard,wechose
to work with a gradientdescentreinforcementlearningalgo-
rithmespeciallysuitedfor stochasticpolicies.Thisalgorithm,
designedby Baxter[BaxterandBartlett,1999] is detailedin
Section3.2.

Incr ementallearning
To speedup learningandreducetheproblemsof complexity
andcredit assignment,we proposea methodologyfor incre-
mentallearning.Themostobviousway is to use:� growing number of agents: learningstartswith asmall

numberof agents,eachlearningits own strategy. There
mustbeenoughagentsto solvetheproblem.Then,more
agentsare added,with initial policies taken from the
originalagentsandrefinedthroughlearningif needed.

Incrementallearningis alsopossiblealongthecomplexity di-
mensionof theproblem.Agentsarepittedagainstharderand
hardertasks.First tasksare“near” (in termof numberof ac-
tions)positive reinforcementpositions,thenfurtherandfur-
theraway. So,we use:� progressive tasks : learningbeginswith a very simple

versionof thetaskto beexecuted,or with theagentbe-
ing heavily guidedto solve the task. Then,aslearning
progresses,the task is madeharderusually by giving
morefreedomof actionto theagents

2.4 On local perception
We usesituatedagentswith local perceptionsto reducethe
complexity of the problemas,very often, centralizedprob-
lemsareoften too hugeto besolved(seeSection3.1). This
meansthat an agentdoesnot know the global stateof the
world, which makesRL difficult to use.

However, localperceptionsareaprerequisitefor incremen-
tal learning,asbehaviors of the agentscanbe basedon the
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“nearby” world. Thus,they scaleimmediatelywith thenum-
ber of5 agents,the dimensionof the world or the complexity
of thetask.

3 Experimenting with incrementallearning
An applicationof this generalnotionof incrementallearning
is given in theexperimentsdescribedhere.After a shortde-
scriptionof theproblem,we give thedetailsof theincremen-
tal tasksweused: hardertasksfirst andthenmoreagents.

3.1 Problemdescription

The taskchoseninvolvesagents(eitheryellow or blue) in a
grid world whosegoal is to pushyellow cubesagainstblue
ones1. Whentwo agentscoordinatetheirmovementsto attain
this goal -pushingtogethera pair of cubes-bothcubestem-
porarily disappear. Simultaneously, agentsresponsiblefor
this fusion receive a positive reward. The goal is to merge
asmany cubesaspossiblein agiventime.

Consideringour agents’abilities, they simply have four
possibleactionscorrespondingto moving North,East,South
andWest(they alwaystry to move). Agentscanpushother
agentsandothercubesso the consequencesof their actions
arestochastic,dependingon which constraintswill be con-
sideredfirst.

Agents’perceptions, asshown on figure3.1,are:� dir(oa) : directionof nearestagentfrom opposite
color(N-E-S-W),� dir(cy) : directionof nearestyellow cube
(N-NE-E-SE-S-SW-W-NW),� dir(cb) : directionof nearestbluecube
(N-NE-E-SE-S-SW-W-NW),� near(cy) : is thereayellow cubein oneof theeight
nearestpositions(true|false),� near(cb) : is therea blue cubein oneof the eight
nearestpositions(true|false).

Combining these,there exists a maximum of 6�7 8:9 obser-
vations (somecombinationsof perceptionsare not possi-
ble). We reducethis numberto 8�;:< by using symmetries
of the problem. This numberis very small comparedto the
15.249.024statesof the =?>@= totally observed centralized
problem,andalsoindependentof theworld’s size.

The reward function we have choseneasesthe credit-
assignmentproblem.Only thetwo agentsidentifiedashaving
originatedthefusionof two cubesgetareward( AB; ), whereas
in othercasesthe reward is zerofor all agents.A “global”
reward would not be very coherentwith agentshaving only
local informations.

We concludeby someremarksaboutthesimulationitself.
To focusonthelearningproblem,wehave implementedsim-
plemechanismsto avoid somenon-significantproblems.For
example,cubescannotgo on bordercells of the grid. Simi-
larly, whencubesreappearon thegrid, they canonly beput
on innercells.

1Colorsof agentsandcubesarenot relatedin this problem.

yellow

blue

agent dir(cy) dir(cb) dir(oa) near(cy) near(cb)
yellow S E SE no no
blue W NW NW no yes

cy : yellowcube- cb : bluecube- oa : otheragent

Figure1: perceptions’examples(two agentsin a simpleworld)

3.2 Learning algorithm used
As saidearlier, eachagentusesits own gradientdescentalgo-
rithm to learnits policy . We preciselyuseanon-lineversion
of thealgorithm.

AsproposedbyBaxter[BaxterandBartlett,1999], apolicy" dependsonasetof parametersC . This leadsto anexpected
utility %D�E"GF#�H&*%D�ICB� . Thegradientdescentpermits2 to find
a locally optimalpolicy by finding CKJ thatmaximizes%D��CB� .

Thesetof parameterswechoseis C*&MLONG�$� ���!�P�Q�KRS�	���SR
UT , with NV�$� ���!� a real valuedparameter. The policy is de-
finedby theprobabilitiesof makingaction � in state� as:

"GF��������!�#& W
X3Y[Z�\ ]P^

'*_a`�b W
XcYdZQ\ _ ^

4 The 2-agentand 2-cubecase
4.1 Reducedproblem
The first stepin our incrementallearningschemeis to use
small sizedworld with a minimal numberof agents: one
agentandonecubeof eachcolor. Then,beginningwith pos-
itive reinforcementsituations,theagentswill faceharderand
harderproblems.

4.2 Progressive task
For our problem,thereis only onesituationwhich leadsto
a positive reward. This situationis thusthestartingpoint of
incrementallearning.Agentsfaceasequenceof tasksto learn
beforeendingin a standard=e>f= environmentwherethey
keeplearning.

To be more precise,we definea try as a sequenceof g
steps3 beginning in a given situation. This try must be re-
peatedsufficiently ( h times) to be useful. This succession
of tries will be called an experimentfor our agents. The
trainer hasto definea sequenceof progressive experiments
to helplearning.Following [Asadaetal., 1996], wedesigned
a training sequencewherestartingsituationsare more and

2It is true if i only dependson this agent’s policy, which is not
thecasein a MAS.

3In a step, all agentsmake onemove simultaneously.
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Startingconfiguration n (moves) N (tries)

6 750

6 500

10 750

20 750

20 750

100 75

100 75

Table1: Thesequenceof experimentsweusedfor incremen-
tal learning.

0

20

40

60

80

100

0 100 200 300 400 500 600

nu
m

be
r 

of
 m

er
ge

s 
(f

or
 1

00
0 

st
ep

s)

j

number of steps (*1000)

without help
with help

Figure2: 2 agents,2 cubes: incrementalvs. raw learning

more“distant” from thegoal,asAsadashowedtheefficiency
of suchamethod.

Table1 shows a sequenceof experimentswe usedto help
our agentsin their training. The first starting configuration,
ona <	>lk world, needsonly onemoveto reachthegoal,each
agentpushingtoward the cubes. However, they have up to
6 stepsto reachit (so they canexploredifferentmoves),and
they cantry this 750times.

Figure2 shows the evolutions in the pair of agents’effi-
ciency whetherusingor not progressive learning.Thecurve
showing the efficiency of learningafter a periodof assisted
training only begins after the 60000stepsof this training.
Once this delay elapsed,notably better performancesare
reachedwith theassistanceprovidedby ourmethod.

cubes agentsm
2 4 8 16 20

2 40.4 30.0 20.0 12.7 11.0
4 7.6 17.1 17.5 13.9 12.9
6 3.4 11.2 14.7 15.7 16.5
8 1.9 8.6 13.5 15.9 18.0
10 1.6 6.7 11.0 17.7 20.6

Table2: Averageefficiencies
Numberof mergesfor 1000steps

5 Mor e agentsand more cubes

5.1 The next stepin incremental learning

Until now, only two agentswereused.More couldbeneces-
saryto reachourgoalin a world with morecubes.

In this section,we first have a look at the efficiency of a
policy learnedwith 8:�!8�n andusedwith moreagentsandmore
cubes,and thenwe let agents’policiesevolve in this more
populatedworlds.

Note: Here,weuseagentsthathaveeitheralreadylearned
apolicy throughthe2a2ccasewith helporhaveneverlearned
anythingat all.

5.2 Influenceof the number of agentsand cubes

In this part of our work, the first interestwas to checkthe
efficiency of differentnumbersof agentshaving to dealwith
differentnumbersof cubes(takingthesamenumberof agents
(or cubes)of eachcolor). In this experiment,we useagents
whosefixed behaviors have beenlearnedin the 8��!8:n case,
which is not supposedto be very efficient with morecubes.
Neverthelessit gives them enoughgood reactionsto have
somegoodresults.

Severaltestswerecarriedoutwith 2,4,6,8 or 10cubesand
2,4,8,16or 20agents(alwaysin aworld of size 6O7#>o6�7 ). We
usedseriesof 1000consecutivesteps,theseseriesbeginning
in randomconfigurations.But asblocking situationscould
sometimeoccur, 100suchseriesweremadein eachcase.

Table2 givestheaverageefficiency in eachof thetwenty-
five cases(the efficiency is the numberof mergesmadein
1000steps).It quickly shows that thereseemsto beanopti-
malnumberof agentsfor agivennumberof cubesasdenoted
by boldnumbersin Table2.

A growing numberof agentsimproves the results,until
they crampeachotherandbringtoomany coordinationprob-
lems. With a growing numberof cubes,the resultsare im-
proved only up to an optimal numberbeyond which agents
hesitateon which cubesto work with andfall easilyinto os-
cillatory sequencesof moves.

After anothersetof tries, in the sameconditionsbut with
policy-lessagents,it appearsthat agentswith a randombe-
havior havealwaysbadresults,whatever their number.

5.3 Incrementallearning alongnumber of agents

With agentswhosefixedbehaviorshavebeenlearnedin the2
agentsand2 cubescase(2a2c-policies), we have seenthata
growingnumberof cubesinducesproblemsthatcanbesolved
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Figure4: evolutionwhile learningfrom 2a2cbehaviors

with a sufficient numberof agents. The incrementallearn-
ing solutionis to improvethepoliciesby keepingon learning
with moreagents.

Figures3 and4 show the efficienciesevolving with time
in different learning cases: different number of objects,
andagentslearningfrom scratchor not. As shown on fig-
ure 3, agentslearning from scratchhave a slow evolution
if there are only a few objects (agentsand cubes)in the
grid-world. But their learning speedrises with the rategxw _ry�z�{ + Zc| �O}�~ W��P���d�O��� w ����� . Whena groupof agentsseemsto
have reacheda maximumefficiency, their resultsarebetter
thanthe resultsobtainedin Section5.2 with the samesitua-
tion but fixed policies. This confirmsthe interestof adapta-
tion throughlearning.

One can notice that the optimal efficiency reachedby
agentsusingincrementallearningis by farbetterthantheper-
formancesreachedusinglearningfrom scratch.As forecast,
agentsusing2a2cbehaviors comewith someusefulknowl-
edgethatallows themto find a betterlocaloptimum.

6 Discussionand similar works
6.1 On explicit coordination
Our experimentsshow that our work can benefit from ad-
dressingexplicitly coordinationproblems.In particular, it is
often the casethat two agents,whenplacedin a world with
morethantwo cubes,arenot ableto coordinatesoasto push
the “samepair of cubes”. Moreover, whentoo many agents
arepresent,they easilywork at cross-purpose.

In [Boutilier, 1996], Boutilier has studied this problem
from a theoreticalpoint of view, usingMulti-agentMarkov
DecisionProcesses.In his framework, eachagentcancom-
putea globallyoptimalpolicy whereonly coordinationprob-
lemsareto besolved,i.e. whentheoptimaljoint actionis not
unique.Suchcoordinationcanbereachedusingsociallaws,
communicationor a learningmechanism.However, this cen-
tralizedplanningframeworkcannotbeusedfor decentralized
RL. Other works, like [Hu and Wellman, 1998], more ori-
entedtowardsreinforcementlearning,settleon game-theory
and Nashequilibria to solve coordinationproblems. Once
again,thesetheoreticalworksaredifficult to implement,es-
peciallywith morethantwo agents.

Anotherfield of researchdealswith explicitly taking into
accountotheragentswhenlearning,or planning,in a MAS
(see[Carmeland Markovitch, 1996] or [Vidal and Durfee,
1997]). Usually, anagentbuilds a modelof theotheragents,
soasto estimatetheir next actions.But, in thegeneralcase,
it seemsthatnot modelingthe othersis betterthanhaving a
badmodelandmodelizationleadsto morecomplex agents.

Communicationcouldalsobeusedto solvetheproblemof
explicit coordination.But attentionmustbe paid to the fact
thatcommunicationin itself hasacost[Xuanetal., 2000]. Is
it worthwhile to pay this costwhereas,simply putting more
agentsseemsenoughto increasethe performances,even if
the coordinationproblemof two particularagentsis not re-
ally andexplicitly solved ? This is oneof the questionswe
would like to studyin the nearfuture. On the samesubject,
we would like to investigatetheuseof shorttermmemoryto
provide our agentwith attentionmechanismsandhelp them
to coordinate.

6.2 Reward
Mataríc, in herwork with multi-robotssystems(see[Mataríc,
1997]), took the option of adaptingthe reward function and
theagents’actionsandperceptionsto usea simplereinforce-
mentalgorithm.Therewardisnotthekindof booleanprocess
wehave(noreward/ big rewardatgoal)but ratherasmoother
rewardadaptedto give very frequenthintsto eachindividual
agent.By usingbehaviors,thatcanbeseenasmacro-actions,
thesizeof stateandactionspaceis greatlyreducedandlearn-
ing is easier. On the otherhand,this kind of specialization
is very task-dependentwhereasour agentscouldbemadeto
learnanothertaskwithout changingvery muchtheagentsor
thelearningprocess.

The COIN framework [Wolpert et al., 1999] (COllec-
tive INtelligence) is similar to our framework : designing
MAS throughlearning. The main ideasbehindtheir work
is to adaptreward functionsandclustersof agentsto build
a subworld-factored system. Dealing with our problem, it
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would meancreatingonly one sub-groupsharingthe same
reward,� andotherexperimentsweconductedshow thatlearn-
ing becomesdifficult andslow. Whereasthis framework is
useful for finding “independent”sub-groupsof agents,our
ideasseembetteradaptedfor in-grouplearning.

6.3 Automatic incrementallearning
As explainedin 2.3, we needto decomposethe problemat
handin moreandmorecomplex tasks. The startingpoints
of this decompositionarepositive rewardsituations.Thede-
compositionprocesscould be automaticallyperformedon-
line by thelearningagents.In additionto classicalmethods,
the agentscould randomlyexplore their environment,mark
“interestingsituations”andthenwork aroundthem. Knowl-
edgethuslearnedcouldthenbetransferedto otheragents.

7 Conclusion
In thispaperwehaveaddressedtheproblemof automatically
designinglarge Multi-Agent Systems. Our framework is
basedoneachindividualagentusingaReinforcementLearn-
ing algorithmto adaptits behavior to thedesiredglobaltask.
This learningproblemis generallyunsolvablebecauseof its
decentralizedaspectandmoreclassicallimitations like par-
tial observability of state,credit assignmentandcombinato-
rial explosion.To thateffect,we have emphasizedtheuseof
anincrementallearningschemewheremoreandmoreagents
arefacedwith harderandharderproblems. This methodis
verygenericasit canbeadaptedto any taskwithoutadapting
theagentsto theparticularproblemat hand.

We have testedour approachon a simulatedenvironment
whereagentshave to coordinatein order to reacha shared
goal: thefusionof differentcoloredcubes.Theexperiments
give credit to our framework asthey show the efficiency of
incrementallearning. Incrementallearning leadsto better
learningratesthanraw unassistedlearning. Furthermore,it
is moreefficient to learna morecomplex taskafteraninitial
stageof incrementallearningthanlearningdirectly thismore
complex taskfrom scratch.As awhole,our framework ledus
to concludethat“the morethebetter”.

Still, thereis room for improvement. We have discussed
several waysto overcometheselimitations, like usingcom-
municationfor addressingexplicit coordination,short-term
memoryandintentionsto dealwith oscillatorybehaviorsand
policy-searchreinforcementlearningasapossiblymoreade-
quatelearningalgorithm.We havealsoconsideredmodeling
the behavior of the other agentsas a meanto predict their
actionsandthusimprovethebehavior of agents.
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