Multi-agent Reinforcementlearning for Planning and SchedulingMultiple Goals

SachiyoArai

Katia Sycara

Terry R. Payne

TheRoboticsinstitute
Carngjie Mellon University
5000ForbesAvenue Pittshurgh, PA 15213USA
E-Mail: {sachiyokatia,terryp}@cs.cmu.edu

1. Intr oduction

Recently reinforcementearninghasbeenproposedas
an effective methodfor knowledgeacquisitionof the mul-
tiagentsystems. However, mostresearchesn multiagent
systemapplying a reinforcementearningalgorithmfocus
onthe methodto reducecompleity dueto the existenceof
multiple agents[§ andgoals[§. Thoughthesepre-defined
structuresucceedeéh puttingdown the undesirableffect
dueto theexistenceof multiple agentsthey wouldalsosup-
pressthe desirableemegenceof cooperatie behaiors in
the multiagentdomain. We shaw thatthe potentialcooper
ative propertiesamongthe agentareemeged by meansof
Profit-sharing[®3] whichis robustin thenon-MDPs.

2. ExtendedPursuit Game

This paperusesan extendedPursuitGamewherethere
exist multiple preys and multiple huntersas shavn in
Figurel(a).Eachhunteris assumedo be alearningagent,
whereaghe prey doesnotlearnandmovesrandomlyin the
ervironmentwhich consistf triangularcellsto reducethe
size of the statespacewherethreehuntersarerequiredto
capturea prey. A huntercanknow the locationof a prey
only whenthe prey is in the hunters sight which is lim-
ited asshowvn in Figure1(b).The sight of hunteris decom-
posedinto 15 differentareasand eacharearepresentsts
statusin termsof {vacang, existenceof the hunter exis-
tenceof the prey} (Note: other hunters and preys are distinguishable
fromeach other.) Thefinal goal of the agentss to captureall
the preys in the ervironment. Undertheseconditions,the
huntersneednot only to find the pathto the prey but also
to decideeachtamget prey which shouldbe commonto the
hunters. As far asfinding a pathto the prey, the hunters
mustcomecloseto thetamgetprey. Onthe otherhand,de-
ciding which prey to tarmget for capturerequiresadditional
cooperatiorto form consensusn the sequencef captur
ing the preys. Therefore we needto takeperceptual alias-
ing problem andthe agents concurrent learning [5][1] into
consideration.

(a) Extended Pursuit Game (b) Huntets Sight
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Figure 1. Pursuit Game of Multiple Preys

3. Profit-sharing Approach

The most important differencebetweenProfit-sharing
approachand the DP-basedreinforcementiearning algo-
rithms, suchasQ-learning[1 and TemporalDifference[6],
is that Profit-sharingdoesnot useOne-step backup andnot
needeligibility traceto treata delayedreward. Therefore,
it is robust againstthe problemsdue to the existence of
multiple agentssuchasconcurrent learningandperceptual
aliasing. In addition,it cansave arequiredmemory-space
becausdt doesnot needto keep eligibilities and whole
state-spaceshichtheagentexperienced.

First, whena hunterobsenres currentstateo,, it checks
its lookuptablao searchthe matchedstateaso; andgetsits
actionset A, = {lefi, right, straight.stay}, which con-
sistsof availableactionsat time ¢. The actionis selected
by the rouletteselection soft-greedymethod,in which the
selectionrate of the actionis in proportionto its current
weight. This selectionmethodmakeshunterbehae under
the stochastigolicy andexplore its stratgy. After hunter



outputsthe selectedactiona., it checksf arewardis given
or not. If thereis no reward afteranactiona; , the hunter
storeghestate-actiompair (o;, a;) into its episodic-memory
asarule, andcontinueghe samecyclesuntil gettingthere-
ward R. We call the periodfrom the startto the getting R,
anepisode.

Secondwhenthe huntergot thereward R, it reinforces
rules which are storedin the episodic-memonyaccording
to a creditassignmenfunction f( R, ¢) which satisfiesthe
“Rationality Theorem([3]". For example,the geometrically
decreasindunctionf = R(1/(L—1))" =" (T: timeatgoal,
t=0: time at initial state)is satisfiedthis Theorem. The
gist of this Theoremis thatthe reward shouldnot be given
to anineffective actionwhich makesagentmove in aloop
pathmorethanto theeffective actionwhichmakegheagent
move straight.

4. Experimentsand Discussion

Required Number of Steps Av.(S.D)
After 5,000  After 50,000 After 500,000 After 1,000,000
Episode: Episodes Episodes Episodes
To capture 3 preys Without Global| 762.9(186.4) 155.1(7.2) 84.5(3 4) 76.2(1.8)
To capture 3 preys With Global 136.4( 32.6) 69.3(7.8) 59.6(7.1) 59.4(6 4)
To capture 1 prey With Global 49.5(_ 9.8) 286(4.3) 24.7(3.7) 22.1(2.6),
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Figure 2. With-Global v.s. Without-Global

We use function f(R,t) = R(0.3)7~" to assigna
reward(R) to eachstate-actiomair of theepisodic-memory
In eachexperimentalcondition, hunterslearn 1,000,000
episodessatrial, the lookuptableof eachhunteris reset
aftereachtrial, anditerated10 trials to evaluatethe average
andstandardieviation.

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-agentis
given the information aboutthe location of all the preys

lcommonratiois decidedoy 1/(Z — 1) (L: the numberof available
actionsateachtime step).
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and hunters, then selectsa target prey by Prey; =
argmin;e,,.,. » ; distance(Prey;, Hunter;). Then,all
hunterdocuson thetametprey, whichtheglobal-agentie-
cidedto capture andneglecttheotherpreys. In thiscasea
hunterignoresthe otherpreys althoughthey couldbein its
sight. After capturingthe 1stprey, theglobal-agentiecides
the next targetandhuntersrepeatthe sameprocedureuntil
capturingwholepreys.

Figure2shaws the learningcurvesof the requiredsteps
to capturethe 3 preys and1 prey, labeledH3P3andH3P1
respectiely. The x-axis indicatesthe numberof episodes
and the y-axis indicatesthe averageof requiredstepsin
10 trials. The with-global-agent conditionshovs more ef-
fective performancethan without-global-agent to capture
whole preys becausedhe hunters’tamget is alwaysconsis-
tentamongthem. In thewith-global -agent method thestate
spacesizeof eachhuntersis constan{(((H unters — 1) +
1))1%), regardles®f numberof preys. And alsotheacquired
policy of capturingthe 1st prey could reuseto capturethe
secondand third prey. However, what we notice hereis
that the requiredstepsto capturethe 1 prey in the H3P3-
with-globalis larger thanthatin the H3P1-without-glolal
condition. This factimpliesthathuntersin the H3P3-with-
globalseemto be thrown into a kind of perceptuahliasing
andto be compelledthemto move unnaturalway because
they areconcealechon-taget prey from their sights. And
in with-globalmethod the hunterscould not pursuemulti-
ple preys opportunisticy which is realizedin the without-
global-method.
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