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1. Intr oduction

Recently, reinforcementlearninghasbeenproposedas
aneffective methodfor knowledgeacquisitionof themul-
tiagentsystems.However, most researcheson multiagent
systemapplyinga reinforcementlearningalgorithmfocus
on themethodto reducecomplexity dueto theexistenceof
multiple agents[4] andgoals[8]. Thoughthesepre-defined
structuressucceededin puttingdown theundesirableeffect
dueto theexistenceof multipleagents,they wouldalsosup-
pressthe desirableemergenceof cooperative behaviors in
themultiagentdomain.We show that thepotentialcooper-
ative propertiesamongtheagentareemergedby meansof
Profit-sharing[2][3] which is robustin thenon-MDPs.

2. ExtendedPursuit Game

This paperusesanextendedPursuitGamewherethere
exist multiple preys and multiple hunters as shown in
Figure1(a).Eachhunteris assumedto bea learningagent,
whereastheprey doesnot learnandmovesrandomlyin the
environmentwhichconsistsof triangularcellsto reducethe
sizeof the statespacewherethreehuntersarerequiredto
capturea prey. A huntercanknow the locationof a prey
only when the prey is in the hunter’s sight which is lim-
ited asshown in Figure1(b).Thesightof hunteris decom-
posedinto 15 differentareasand eacharearepresentsits
statusin termsof � vacancy, existenceof the hunter, exis-
tenceof theprey � (Note: other hunters and preys are distinguishable

from each other.) Thefinal goalof theagentsis to captureall
the preys in the environment. Under theseconditions,the
huntersneednot only to find the pathto the prey but also
to decideeachtargetprey which shouldbecommonto the
hunters. As far as finding a path to the prey, the hunters
mustcomecloseto the targetprey. On theotherhand,de-
ciding which prey to target for capturerequiresadditional
cooperationto form consensuson the sequenceof captur-
ing thepreys. Therefore,we needto takeperceptual alias-
ing problem andtheagents’ concurrent learning [5][1] into
consideration.
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The number {1,2,3,4,5} and
simbol {S,L,R} indicate the dis-
tance from the hunter, and  the
direction{Straight, Left, Right}
respectively.

Hunters sight is decomposed into
 15 different areas,
 {{1L,2L,3L,4L,5L},
{1R,2R,3R,4R,5R},
{1S,2S,3S,4S,5S}}.
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(a) Extended Pursuit Game (b) Hunter’s Sight
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Figure 1. Pursuit Game of Multiple Preys

3. Profit-sharing Approach

The most important differencebetweenProfit-sharing
approachand the DP-basedreinforcementlearningalgo-
rithms,suchasQ-learning[7] andTemporalDif ference[6],
is thatProfit-sharingdoesnot useOne-step backup andnot
needeligibility traceto treata delayedreward. Therefore,
it is robust againstthe problemsdue to the existenceof
multipleagents,suchasconcurrent learningandperceptual
aliasing. In addition,it cansave a requiredmemory-space
becauseit doesnot needto keep eligibilit ies and whole
state-spaceswhich theagentexperienced.

First, whena hunterobservescurrentstate� � , it checks
its lookuptableto searchthematchedstateas � � andgetsits
actionset ���	�
� � � 
 � � � � � � � � � � � � � � � � � � � � � � , which con-
sistsof availableactionsat time � . The action is selected
by therouletteselection,soft-greedymethod,in which the
selectionrate of the action is in proportionto its current
weight. This selectionmethodmakeshunterbehave under
thestochasticpolicy andexplore its strategy. After hunter



outputstheselectedaction � � , it checksif a rewardis given
or not. If thereis no rewardafteranaction � � , thehunter
storesthestate-actionpair � � � � � � � into its episodic-memory
asarule, andcontinuesthesamecyclesuntil gettingthere-
ward � . We call theperiodfrom thestartto thegetting � ,
anepisode.

Second,whenthehuntergot thereward � , it reinforces
rules which are storedin the episodic-memoryaccording
to a credit assignmentfunction � � �!� " � which satisfiesthe
“Rationality Theorem[3]”. For example,thegeometrically
decreasingfunction �$#%�'&� ( ) � *,+-( � � . / � (T: timeatgoal,
t=0: time at initial state)is satisfiedthis Theorem1. The
gist of this Theoremis that therewardshouldnot begiven
to anineffective actionwhich makesagentmove in a loop
pathmorethanto theeffectiveactionwhichmakestheagent
move straight.

4. Experimentsand Discussion

Comparison : with-Global v.s. without-Global
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Figure 2. With-Global v.s. Without-Global

We use function � � �!� " �~#�� &� � � � � . / � to assigna
reward(� ) to eachstate-actionpairof theepisodic-memory.
In eachexperimentalcondition, hunterslearn 1,000,000
episodesasa trial, the lookup tableof eachhunteris reset
aftereachtrial, anditerated10 trials to evaluatetheaverage
andstandarddeviation.

To evaluateperformanceof the hunterswithout global
knowledge, we comparedwith the baseline condition
in which a single global-agentschedulesthe ordering
of prey capture. In this case, the global-agent is
given the information about the location of all the preys

1commonratio is decidedby � � � �,�'� � (L: the numberof available
actionsateachtimestep).

and hunters, then selects a target prey by ��� � � ��#� � ���$� � � � � � � � � � � ¡ ¢ £ " � ¤¦¥ � � ��� � � � � §©¨ª¤ª" � � � � . Then, all
huntersfocuson thetargetprey, whichtheglobal-agentde-
cidedto capture,andneglecttheotherpreys. In thiscase,a
hunterignorestheotherpreys althoughthey couldbein its
sight.After capturingthe1stprey, theglobal-agentdecides
thenext targetandhuntersrepeatthesameprocedureuntil
capturingwholepreys.

Figure2shows the learningcurvesof therequiredsteps
to capturethe 3 preys and1 prey, labeledH3P3andH3P1
respectively. The x-axis indicatesthe numberof episodes
and the y-axis indicatesthe averageof requiredstepsin
10 trials. Thewith-global-agent conditionshows moreef-
fective performancethan without-global-agent to capture
whole preys becausethe hunters’target is alwaysconsis-
tentamongthem.In thewith-global-agentmethod,thestate
spacesizeof eachhunter’s is constant( � � §©¨ª¤ª" � � £ + ( � «( � � ¬ ­ ), regardlessof numberof preys. And alsotheacquired
policy of capturingthe 1st prey could reuseto capturethe
secondand third prey. However, what we notice here is
that the requiredstepsto capturethe 1 prey in the H3P3-
with-global is larger thanthat in the H3P1-without-global
condition.This fact impliesthathuntersin theH3P3-with-
globalseemto bethrown into a kind of perceptualaliasing
andto becompelledthemto move unnaturalway because
they areconcealednon-target prey from their sights. And
in with-globalmethod,thehunterscouldnot pursuemulti-
ple preys opportunisticly which is realizedin the without-
global-method.
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