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Abstract world. Then, the global stateof the systemstaysun-

A new reinforcementearning(RL) methodologyis
proposedo designmulti-agentsystems.In there-
alistic settingof situatedagentswith local percep-
tion, the task of automaticallybuilding a coordi-
natedsystemis of crucialimportance We usesim-
ple reactive agentswhich learntheir own behaior
in adecentralizedvay. To copewith thedifficulties
inherentto RL usedin thatframeawork, we have de-
velopedan incrementallearning algorithm where
agentsfacemoreand more complex tasks. We il-
lustratethis generalframenork on a computerex-
perimentwhereagentshaveto coordinateto reach
aglobalgoal.

1 Intr oduction

Multi-Agent Systems(MAS) - systemswhere autonomous
entitiescalledagentdnteractwith eachother- area growing
interestin theartificial intelligencecommunity bothin terms
of researchand applications(see[Ferber 1999). Whereas
MAS areusuallybuild “by hand”usingsimulationgo tuneup
thesystemo reacha desiredglobalbehaior, this paperdeals
with a key problem: the designof MAS in an automated
fashionthroughlearning

Learningin MAS canindeedtake mary forms[Stoneand
Veloso,200d. We optedfor Reinforcement.earning(RL)
methods[Suttonand Barto, 1994 asthey do not requirea
teacherknowing beforehanda solution of the problem. An
evaluationof the currentagents’actions,usinga scalarvalue
for example,is enoughto learn.

Furthermorewe consideMulti-Agent Systemsomposed
of simple reactve situatedagentswith local perceptions.
Thus,the systemis easietto build andcanneverthelessolve
comple problemsas,in this decentralizedframework, each
agentfacessimplertasks.

As RL suffersfrom combinatorialexplosion,decentraliza-
tion of the learningprocessshouldbring the samebenefits,
i.e. eachagentlearnsits own behaior by itself which sim-
plifies the taskto be learned. Besidesiit is consistentwith
the localizedaspectof realistic situatedagents.But, in this
context, two major difficultiesburdenRL :

¢ hidden global state. Usualsituatedagentscanonly rely
on an imperfect, local and partial perceptionof their
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known, which prevents classicalRL algorithmsfrom
finding an optimal policy, as shavn by [Singhet al.,
1994.

e credit assignmentproblem. When a positive reward
is given by the ervironment,it is not alwaysevidentto
credit positively the “good” actionsthat led to this re-
ward. With mary agentsthis problemis evenmorecru-
cial aswe mustalsodecidewhich agentgo reward.

Ouranswetto theseproblemss adecentralizeihcremen-
tal learningalgorithmbasedon a classicalRL techniqueto
find stochasticpolicies. Actually, agentswith stochastide-
haviorsaremoreadaptedo the problemof partialperception.
By incrementalwe meanthatagentsareprogressiely pitted
againstharderandhardertaskssoasto progressiely learna
complex behavior. Anotheraspecbf theincrementalearning
is to begin learningwith very few agentsso asto minimize
coordinationand cross-vork actions,and then export these
basicbehaviors to taskswith more and more agents. Even-
tually, behaiors canbe further refinedby learningin these
more demandingenvironments. Thus, the originality of our
approachs twofold : learningis decentralizeéndincremen-
tal.

In thispaperwe presenbur methodfor learningin amulti-
agentsystemandanexperimentonwhichwetestedurideas.
Section? givesthedetailsof ourframawork, then,Sections3,
4 and5 describethe experimentonductedo testthe viabil-
ity of ourapproach.A discussioraboutour work followsin
Section6, highlightedby somecomparisongrom othersim-
ilar works. Futuredirectionsandconclusive remarksendthe
paperin Section?.

2 Our Framework

In this part, we first presentthe kind of agentswe consider
Thenwe shav the problemsonefaceswhenusingreinforce-
mentlearningin a multi-agentsetting. Lastly, we explain
how incrementallearning brings a partial solution to these
problems.

2.1 Theagents

We areinterestedn designingMulti-Agent SystemgMAS)
by having eachindividualagentiearnits behaior. As written
earlier we have decidedto work with very simple reactve
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agentsfor compleity reasons.Besidesijt allows usto con-
centrateon the learningaspectof the design. Among mary
possiblechoicespur agentsanbecharacterizeds:

o situated with local perception : Local perceptionsare
morethoroughlydiscussedn Section2.4.

e possibly heterogeneous throughthe learningprocess
whereagentdearnindividually, eachagentcanacquire
adifferentbehaior from the others.

e cooperative : all agentssharethe samegoal andthey
will have to coordinateto reachit.

We saynothingaboutothercharacteristicg¢for examplecom-
municationshsthey arenotimportantfor our framewnork and
couldbeeasilyincorporatednto theagents.

2.2 Limitations of classicalRL

Reinforcement_earning (RL) methodsare very appealing
ways of learning optimal memorylessbehaiors for agents
asthey only requirea scalarfeedbackrom the systemto the
agentsfor themto learn. Besides thesetechniquescanbe
usedwhenthereis uncertaintyin theworld’s evolution.

But the corvergenceof RL algorithms(like Q-Learning
or TD(\)) hasonly beenproven for Markov DecisionPro-
cessegMDP). A MDP is definedasa < S, A,T,r > tuple,
S being a finite setof statesand A a finite setof actions.
Whenthesystenis in givenstates, anactiona beingchosen,
the probability for the systemto endin states’ is given by
T(s,a,s'). After eachtransition,the ervironmentgenerates
areward given by r(s,a). The problemis thento find the
optimal mappingn (s, a) betweerstatesandactionsso asto
maximizethe reward received over time, usually expressed
asautility functionV(s) = 3.2 7% (s¢|so = s). Sucha
mappingis calleda policy.

As pointedout by [Boutilier, 1996 the evolution of the
kind of MAS we areinterestedn is aMDP. As such,it could
be solved using classicalreinforcementearningalgorithms
wherethe stateof the systemis the compositionof the states
of all agentsandanactionis ajoint actioncomposeaf all in-
dividual actionsof theagents.Thus,thenumberof statesand
actionsin a centralizedview of the problemshouldquickly
proveto betoo big for RL to beapplied,asillustratedin Sec-
tion 3.1. Besidessolving our problemthis way would mean
to solve it in a centralizedway whereaswe aim at a non-
centralizedsolutionaseachagentshouldlearnby itself.

Unfortunately asshavn by [Bernsteinet al., 2004, solv-
ing the problemin a non-centralizedvay whenthe agents
only have a partial perceptiorof the systems stateis NEXP-
complete,i.e. thereis provably no polynomialalgorithmto
solve the problem.We facetwo major difficulties:

1. Non-stationary transitions. Reactve agentswith alo-
cal view of the environmentcannot usejoint actionsto
solvetheproblem.In fact,otheragentsareunpredictable
elementsof the ervironment. As a consequencethe
transitionsfrom one stateof the systemto another as
seenby an agent,arenon-stationary. for examplethe
probability for an agentto move aheaddependgreatly
ontheactionsof otheradjacentagents.
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2. Partial obsewability. As theagents perceptionis local
they cannot know the global stateof the problem. As
such,the problemat handbelongsto the classof par-
tially observedMarkov decisionmodels(see[Littman
etal., 1995).

ClassicalstationaryPartially Obsened Markov Decision
Processearenearlyimpossibleto solve whentherearemore
than a hundredstates[Dutech,200d. The combinationof
thetwo problemg(i.e non-stationarityndpartialobsenation)
makes the problem non-sohable without using approxima-
tions.

2.3 Incrementalgradient reinforcementlearning

We proposeto find approximatesolutionsby using incre-
mentalgradientRL. The main idea of this methodologyis
to progressiely scaleup with thecompleity of theproblem.
Agentsruntheir own local versionof RL, hereagradientde-
scentdescribedn [BaxterandBartlett,1999.

Stochasticbehaviors

In thecontext of partiallyobsenedMDP, stochastibehaiors
performbetterthan deterministicpolicies (see[Singhet al.,

1994). As previous experiments(see[Buffet et al., 2001])

with Q-Learningwerenotconclusveto thisregard,we chose
to work with a gradientdescenteinforcementearningalgo-
rithm especiallysuitedfor stochastipolicies. Thisalgorithm,
designedby Baxter[BaxterandBartlett, 1999 is detailedin

Section3.2.

Incrementallearning

To speedup learningandreducethe problemsof complexity
andcreditassignmentye proposea methodologyfor incre-
mentallearning. The mostobviousway is to use:

e growing number of agents: learningstartswith asmall
numberof agentsgachlearningits own strateyy. There
mustbeenoughagentdo solvetheproblem.Then,more
agentsare added,with initial policies taken from the
original agentsandrefinedthroughlearningif needed.

Incrementalearningis alsopossiblealongthe complexity di-
mensionof the problem.Agentsarepittedagainstarderand
hardertasks.Firsttasksare“near” (in termof numberof ac-
tions) positive reinforcemenpositions,thenfurther andfur-
theraway. So,we use:

e progressve tasks: learningbeginswith a very simple
versionof thetaskto be executed or with the agentbe-
ing heavily guidedto solve the task. Then,aslearning
progressesthe task is madeharderusually by giving
morefreedomof actionto theagents

2.4 On local perception

We usesituatedagentswith local perceptiongo reducethe
compleity of the problemas, very often, centralizedprob-
lemsareoftentoo hugeto be solved (seeSection3.1). This
meansthat an agentdoesnot know the global stateof the
world, which makesRL difficult to use.

However, local perceptiongreaprerequisitéor incremen-
tal learning,as behaiors of the agentscanbe basedon the
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“nearby”world. Thus,they scaleimmediatelywith the num-
ber of agentsthe dimensionof the world or the compleity
of thetask.

3 Experimenting with incrementallearning

An applicationof this generalnotion of incrementalearning
is givenin the experimentsdescribechere. After a shortde-
scriptionof the problem,we give the detailsof theincremen-
tal taskswe used: hardertasksfirst andthenmoreagents.

3.1 Problemdescription

The taskchoseninvolvesagents(eitheryellow or blue)in a
grid world whosegoal is to pushyellow cubesagainstblue
ones. Whentwo agentsoordinateheir movementdo attain
this goal -pushingtogethera pair of cubes-both cubestem-
porarily disappear Simultaneouslyagentsresponsiblefor
this fusion receve a positive reward. The goal is to memge
asmary cubesaspossiblein agiventime.

Consideringour agents’abilities, they simply have four
possibleactionscorrespondingo moving North, East,South
andWest (they alwaystry to move). Agentscanpushother
agentsand other cubesso the consequencesf their actions
are stochasticdependingon which constraintswill be con-
sideredfirst.

Agents’perceptionsasshavn onfigure 3.1, are:

e dir(oa) : directionof nearestagentfrom opposite
color(N-E-S-W,
e dir(cy) : directionof nearestellow cube

(N- NE- E- SE- S- SW W NW |

e dir(cb) : directionof nearesbluecube
(N- NE- E- SE- S- SW W NW ,

e near (cy) : isthereayellow cubein oneof theeight
nearespositions(t rue| f al se),

e near (ch) is therea blue cubein one of the eight
nearespositions(t rue| f al se) .

Combining these, there exists a maximum of 1024 obser

vations (some combinationsof perceptionsare not possi-
ble). We reducethis numberto 256 by using symmetries
of the problem. This numberis very small comparedo the

15.249.024statesof the 8 x 8 totally obsenred centralized
problem,andalsoindependentftheworld’'s size

The reward function we have choseneasesthe credit-
assignmenproblem.Only thetwo agentsdentifiedashaving
originatedthefusionof two cubesgetareward(+5), whereas
in othercaseshe rewardis zerofor all agents.A “global”
reward would not be very coherentwith agentshaving only
local informations.

We concludeby someremarksaboutthe simulationitself.
To focusonthelearningproblem we have implementedsim-
ple mechanism$o avoid somenon-significanproblems.For
example,cubescannotgo on bordercells of the grid. Simi-
larly, whencubesreappeaon the grid, they canonly be put
oninnercells.

1Colorsof agentsandcubesarenotrelatedin this problem.
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agent || dir(cy) | dir(cb) | dir(oa) | near(y) | near(cb)
yellow E ‘ SE no no

S
blue H W NW NW no yes
cy: yellowcube- cb: bluecube- oa: otheragent

Figurel: perceptionsexamplestwo agentsn asimpleworld)

3.2 Learning algorithm used

As saidearlier eachagentusests own gradientdescenalgo-
rithm to learnits policy . We preciselyuseanon-lineversion
of thealgorithm.

As proposedy Baxter[BaxterandBartlett,1999, apolicy
m depend®nasetof parameter®. Thisleadsto anexpected
utility V(me) = V(0). Thegradiendescenpermits? to find
alocally optimalpolicy by finding ©* thatmaximizesV (9).

Thesetof parametersvechosas © = {6(s,a),s € S,a €
A}, with 6(s,a) arealvaluedparameter The policy is de-
fined by the probabilitiesof makingactiona in states as:

eﬂ(s,a)

ZbEA ef(s,b)

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 reinforcemensituationsthe agentswill faceharderand
harderproblems.

mo(s,a) =

4.2 Progressve task

For our problem,thereis only one situationwhich leadsto
a positive reward. This situationis thusthe startingpoint of
incrementalearning.Agentsfaceasequencef tasksto learn
beforeendingin a standard8 x 8 ervironmentwherethey
keeplearning.

To be more precise,we definea try asa sequencef n
step$ beginning in a given situation. This try mustbe re-
peatedsuficiently (IV times)to be useful. This succession
of tries will be called an experimentfor our agents. The
trainer hasto definea sequencef progressie experiments
to helplearning.Following [Asadaetal., 1994, we designed
a training sequenceavhere starting situationsare more and

2It is trueif V only dependsn this agents policy, which is not
thecasein aMAS.
3In a step all agentamake onemove simultaneously
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Startingconfiguration| n (moves) | N (tries)
ne
6 750
m
6 500
-
10 750
.
] 20 750
o
20 750
o]
@l 100 75
0
%‘ ) 100 75

Tablel1: Thesequencef experimentsve usedfor incremen-
tal learning.

100

without help
with help

number of merges (for 1000 steps)

0 100 200 300 400 500 600
number of steps (*1000)

Figure2: 2 agents? cubes incrementals. raw learning

more“distant” from thegoal,asAsadashovedtheefficiency
of suchamethod.

Table1 shavs a sequencef experimentswve usedto help
our agentsin their training. The first starting configuiation,
onab x 3 world, needonly onemoveto reachthegoal,each
agentpushingtoward the cubes. However, they have up to
6 stepsto reachit (sothey canexplore differentmoves),and
they cantry this 750times.

Figure 2 shaws the evolutionsin the pair of agents’effi-
cieng/ whetherusingor not progressie learning. The curve
shaving the efficiency of learningafter a period of assisted
training only begins after the 60000 stepsof this training.
Once this delay elapsed,notably better performancesare
reachedvith theassistancerovided by our method.
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cubes agents
1 2 4 8 16 20
2 40.4 30.0 20.0 12.7 11.0
4 76 171 175 139 129
6 34 112 147 157 165
8 19 86 135 159 18.0
10 16 6.7 11.0 17.7 20.6

Table2: Averageefficiencies
Numberof megesfor 1000steps

5 Moreagentsand more cubes

5.1 The nextstepin incrementallearning

Until now, only two agentswvereused.More couldbeneces-
saryto reachour goalin aworld with morecubes.

In this section,we first have a look at the efficiency of a
policy learnedwith 2a2¢ andusedwith moreagentsandmore
cubes,andthenwe let agents’policies evolve in this more
populatedvorlds.

Note: Here,we useagentghathave eitheralreadylearned
apolicy throughthe2a2ccasewith helpor have neverlearned
arything atall.

5.2

In this part of our work, the first interestwasto checkthe
efficiency of differentnumbersof agentshaving to dealwith
differentnumberof cubegtakingthe samenumberof agents
(or cubes)of eachcolor). In this experiment,we useagents
whosefixed behaiors have beenlearnedin the 2a2¢ case,
which is not supposedo be very efficient with more cubes.
Neverthelesst gives them enoughgood reactionsto have
somegoodresults.

Severaltestswerecarriedoutwith 2,4, 6, 8 or 10cubesand
2,4,8,160r 20agentgalwaysin aworld of size10 x 10). We
usedseriesof 1000consecutie steps theseseriesbeginning
in randomconfigurations. But as blocking situationscould
sometimeoccur, 100suchseriesveremadein eachcase.

Table?2 givesthe averageefficiency in eachof the twenty-
five caseg(the efficiengy is the numberof memgesmadein
1000steps).It quickly shows thatthereseemso be an opti-
mal numberof agentdor agivennumberof cubesasdenoted
by bold numberdn Table2.

A growing numberof agentsimproves the results, until
they crampeachotherandbringtoo mary coordinatiorprob-
lems. With a growing numberof cubes,the resultsareim-
proved only up to an optimal numberbeyond which agents
hesitateon which cubesto work with andfall easilyinto os-
cillatory sequencesf moves.

After anothersetof tries, in the sameconditionsbut with
policy-lessagents,it appearghat agentswith a randombe-
havior have alwaysbadresults whateser their number

Influence of the number of agentsand cubes

5.3

With agentswvhosefixedbehaiors have beenlearnedn the2
agentsand2 cubescase(2a2c-policie$, we have seenthata
growing numberof cubesnducegproblemghatcanbesolved

Incrementallearning along number of agents
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180 T T T T T T T T T
(2a2c)

(4a4c) -
(8a8c) -

160

(16al16c) =

140

120 |

100

number of merges (for 1000 steps)

0 100 200 300 400 500 600 700 800 900 1000
number of steps (*1000)

Figure3: evolution while learningfrom scratch
(The (4a4c) and(2a2c) curvesarepracticallyconfoundedvith
abscissaxis.)

180

(2a2c)
EaaAc} -

8a8c)
160 - (16a16:
i,

number of merges (for 1000 steps)

of

0 100 200 300 400 500 600 700 800 900 1000
number of steps (*1000)

Figure4: evolutionwhile learningfrom 2a2cbehavios

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

Figures3 and4 shaw the efficienciesevolving with time
in different learning cases: different numberof objects,
and agentslearningfrom scratchor not. As shawvn 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 rate
Nobjects/ S12€grid—wortd- YWhena group of agentsseemso
have reacheda maximumefficiengy, their resultsare better
thanthe resultsobtainedin Section5.2 with the samesitua-
tion but fixed policies. This confirmsthe interestof adapta-
tion throughlearning.

One can naotice that the optimal efficiency reachedby
agentaisingincrementalearningis by farbetterthantheper
formancegseachedisinglearningfrom scratch.As forecast,
agentsusing 2a2cbehavios comewith someusefulknowl-
edgethatallows themto find a betterlocal optimum.
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6 Discussionand similar works

6.1 On explicit coordination

Our experimentsshawv that our work can benefitfrom ad-
dressingexplicitly coordinationproblems.In particulay it is
oftenthe casethattwo agentswhenplacedin a world with
morethantwo cubesarenot ableto coordinatesoasto push
the “samepair of cubes”. Moreover, whentoo mary agents
arepresentthey easilywork at cross-purpose.

In [Boutilier, 1996, Boutilier has studiedthis problem
from a theoreticalpoint of view, using Multi-agent Markov
DecisionProcessesln his framework, eachagentcancom-
putea globally optimalpolicy whereonly coordinationprob-
lemsareto besolved,i.e. whenthe optimaljoint actionis not
unigue. Suchcoordinationcanbe reachedusingsociallaws,
communicatioror alearningmechanismHowever, this cen-
tralizedplanningframework cannotbeusedfor decentralized
RL. Otherworks, like [Hu and Wellman, 1994, more ori-
entedtowardsreinforcementearning,settleon game-theory
and Nash equilibria to solve coordinationproblems. Once
again,thesetheoreticalworks aredifficult to implement,es-
peciallywith morethantwo agents.

Anotherfield of researctdealswith explicitly takinginto
accountotheragentswhenlearning,or planning,in a MAS
(see[Carmeland Markovitch, 1994 or [Vidal and Durfee,
1997). Usually, anagentbuilds a modelof the otheragents,
soasto estimatetheir next actions.But, in the generalcase,
it seemghatnot modelingthe othersis betterthanhaving a
badmodelandmodelizationeadsto morecomplex agents.

Communicatiorcouldalsobeusedto solve the problemof
explicit coordination. But attentionmustbe paid to the fact
thatcommunicatiorin itself hasa cost[Xuanetal., 2004. Is
it worthwhile to pay this costwhereassimply putting more
agentsseemsenoughto increasethe performanceseven if
the coordinationproblemof two particularagentsis not re-
ally andexplicitly solved? This is one of the questionswe
would like to studyin the nearfuture. On the samesubject,
we would lik e to investigatehe useof shorttermmemoryto
provide our agentwith attentionmechanism&ndhelp them
to coordinate.

6.2 Reward

Mataric, in herwork with multi-robotssystemgsee[ Mataric,
1997), took the option of adaptingthe reward function and
theagents'actionsandperceptionso usea simplereinforce-
mentalgorithm. Therewardis notthekind of boolearprocess
we have (noreward/ big rewardatgoal)but ratherasmoother
reward adaptedo give very frequenthintsto eachindividual
agent.By usingbehaiors, thatcanbe seerasmacro-actions,
thesizeof stateandactionspaces greatlyreducechndlearn-
ing is easier On the otherhand,this kind of specialization
is very task-dependenvhereasour agentscould be madeto
learnanothertaskwithout changingvery muchthe agentsor
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 functionsand clustersof agentsto build
a subworld-factoed system Dealing with our problem, it
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would meancreatingonly one sub-groupsharingthe same
reward,andotherexperimentsve conductedshow thatlearn-
ing becomedifficult andslonv. Whereaghis framework is
useful for finding “independent’sub-groupsof agents,our
ideasseembetteradaptedor in-grouplearning.

6.3 Automatic incrementallearning

As explainedin 2.3, we needto decomposéhe problemat
handin more and more comple< tasks. The startingpoints
of this decompositiorarepositive rewardsituations.The de-
compositionprocesscould be automaticallyperformedon-
line by thelearningagents.In additionto classicalmethods,
the agentscould randomlyexplore their environment, mark
“interestingsituations”andthenwork aroundthem. Knowl-
edgethuslearnedcouldthenbetransferedo otheragents.

7 Conclusion

In this papemwe have addressethe problemof automatically
designinglarge Multi-Agent Systems. Our framework is
basedn eachindividualagentusinga Reinforcementearn-
ing algorithmto adaptits behaior to the desiredglobaltask.
This learningproblemis generallyunsohable becausef its
decentralizedhspectand more classicallimitations like par
tial obsenability of state,creditassignmenand combinato-
rial explosion. To that effect, we have emphasizedhe useof
anincrementalearningschemavheremoreandmoreagents
arefacedwith harderand harderproblems. This methodis
verygenericasit canbeadaptedo ary taskwithoutadapting
theagentgo the particularproblemat hand.

We have testedour approacthon a simulatedervironment
whereagentshave to coordinatein orderto reacha shared
goal: thefusionof differentcoloredcubes.The experiments
give creditto our framework asthey shawv the efficiency of
incrementallearning. Incrementallearning leadsto better
learningratesthanraw unassistedearning. Furthermorejt
is moreefficientto learna morecomplec taskafteraninitial
stageof incrementalearningthanlearningdirectly this more
comple taskfrom scratch.As awhole,ourframewvork 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 oscillatorybehaiors and
policy-searchreinforcementearningasapossiblymoreade-
guatelearningalgorithm. We have alsoconsiderednodeling
the behavior of the other agentsasa meanto predicttheir
actionsandthusimprove the behavior of agents.
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