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Abstract

Planningfor a decentralizedeamof robotsis a fundamentallydifferent
problemfrom thatof centralizedcontrol. During decisionmaking,robotsmust
take into accountnot only their own obsenrationsof world state,but alsothe
possibleobsenationsandactionsof teammatesWhile theinterconnectedness
of suchareasoningrocesseemsdo requireanin nite recursionof beliefsto
bemodelledby eachmemberof theteam,gametheoryprovidesanalternatve
approach.Partially obsenable stochastiggames(POSGs)generalizenotions
of single-staggyamesandMarkov decisionprocesse$o both multiple agents
andpatrtially obsenableworlds. Evenif thereis only limited communication
betweenteammatesPOSGsallow robotsto comeup with policiesthat still
take into accounfpossibleieammatexperiencesvithoutthe needto explicitly
modelary recursve beliefsaboutthoseexperiences.

While a powerful modelof decentralizedeams,POSGsarecomputation-
ally intractablefor all but the smallestproblems. This dissertatiornproposes
a Bayesiarmgameapproximatiorto POSGsn which game-theoreticeasoning
aboutactionselectionis retained but robotsreasoronly a limited time ahead
aboutuncertaintyin world stateandthe experience®f their teammatesPlan-
ning and executionare interleared to further reducecomputationaburdens:
ateachtimesteprobotsperforma stepof full game-theoreticeasoningabout
their currentactionselectiongiven ary possiblehistory of obsenationsanda
heuristicevaluationof the expectedfuture valueof thosedecisions.

The Bayesiargameapproximatioralgorithm(BaGA) is ableto nd solu-
tionsto muchlarger problemsthanpreviously solved. Furthercomputational
savings aregainedby reasoningaboutgroupsof similar obsenration histories
ratherthan single histories. Finally, ef ciency and performanceare alsoim-
proved throughthe useof run-time communicatiorpoliciesthattradeoff ex-
pectedgainsin performancewith the costsof using bandwidth. In this dis-
sertationthe performancef BaGA is comparedo policiesgeneratedor full
POSGsaswell asheuristics. BaGA is also usedto develop real-timerobot
controllersfor a seriesof simulatedand physical robotic tag problemsthat
graduallyincreasean realism.
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Chapter 1
Introduction

In the eld of multi-robotsystemsresearcherseekto understandndspecifytheinterac-
tion betweernrobotsasthey cooperatdo performtasksin the realworld. It is a eld that
hasattractedesearcherBom avarietyof backgroundsgachbringingadifferent a vourto
theirapproachBehaviour-basedesearchergsethenotionof socialbehaioursto facilitate
emegentcooperationin reactve systemgMataric, 1995; Parker, 1998), while machine-
learningresearcherbave examinedissuesof multi-agentadaptionandlearning(Weil3 &
Sen,1996;Weil3,1997;Stone& Veloso,2000).0Othershave lookedattheproblemfrom the
perspectie of teamwork: the studyof socialintentions,commitmentspeliefsanddesires
(Cohen& Levesque1991;Grosz& Kraus,1996). Market-basedpproacheseattaskal-
locationasanauctionin whichrobotsbid for tasksin aneffort to maximizetheirindividual
rewards(Wellman& Wurman,1998;Gerkey & Mataric, 2002;Dias& Stentz,2003).

While it is a powerful multi-agentframavork, gametheoryis rarely usedto modelmulti-
robotproblems,jn partdueto its high computationatompl«ity. In the absencef game-
theoreticreasoninghowever, eachdecisionmalker in a decentralizednulti-robot teamis
facedwith anin nite belief/knavledgehierarcly. In the caseof two robots,Robot1's
actionsaredependenbnwhatit hasseenwhatit believesRobot2 hasseenwhatit believes
aboutRobot2's beliefsaboutwhat Robot1 hasseenandsoon. Thesebelief hierarchies
arisefrom both uncertaintyin the stateof the world aswell asin the action choicesof
teammatesBy reasoninglirectly aboutall possiblesequencesf actionsandobsenations
acrosgobotteamsgametheoryeliminategheneedfor robotsto explicitly modelthebelief
hierarchiesf theirteammate partially obsernabledomains.

In generalthefull game-theoreti@approactto the multi-agentproblemis computationally
infeasible. However, by creatingapproximatesolutionsto the gamesrepresentinghese

21



22 Chapter 1. Intr oduction

problems,this approachcan be usedto createreal-timerobot controllersfor reasonably
sizeddomains. Additionally, by understandindgnow existing algorithmsrelateto the full
game-theoretiapproachinsightis gainedinto thetradeof betweeroptimality andperfor
mancen realmulti-robotproblems.

1.1 Problem Description

This dissertationis concernedwith the problemof constructingpolicies for robotsthat
mustcoordinateheir actionselectionin tightly-coupledtaskswithin a partially obsenable
Markovian environmentwith limited communication.

1.1.1 Tightly-Coupled Tasks

Distributed robot problemscanrangefrom loosely-coupledo tightly-coupledtasks. At
one endof the spectrum,onceeachrobotis assigned task, no interactionis necessary
betweenteammatesluring task completion. An exampleof this classwould be robotic
farmingin which eachtractoris assigned different eld to plow. This type of problem
doesnotreally requiremulti-robotalgorithmsbecausepncetheinitial taskdecompaosition
is set,therobotsfunctionasindividual entities.

As taskallocationtakes on a more dynamicrole, the level of interactionbetweernrobots
startsto increase.Onecanimaginethat, shoulda robotic tractorfail, its remaining elds
mustbe reallocatecamongsthe remainingteam. Or perhapsan orderingexists between
sub-taskssuchas a rock collecting robot that cannotcompleteits task until one of its
teammate$asdiscoreredthe locationof the rock. Robotsmustnow negotiate between
eachotherto insurethatoptimaltaskallocationandreallocationtakesplace.

If robotsarelocatedphysically closein space anothertype of interactionstartsto occur;
one at a lower level of behaiour. Robotsmustnow re-planthe pathsthey take while
performingataskin orderto avoid bumpinginto theirteammates.

At thetightly-coupledendof the spectrumyobotsmustcoordinatetheir domain-level ac-
tionsin orderto achiese optimal performance .They startto functionlesslike individuals
with mutualgoalsandmorelik e a singleentity with a distributedcontroller In multi-robot
box pushing,the teammustcoordinateon actuatomplacementndforceto ensurethatthe
box takesthe correctpath(Gerkey & Mataric, 2002). In a sentryproblem(e.g.,guarding
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an art gallery or museum)robotsmustensurethat their joint pathsthroughthe galleries
leave no areaunmonitored.

It is this latter end of the spectrumwith which this thesisis concerned.This dissertation
Is focusedon distributedrobotsthat,in parallel,selectindividual actionsat every timestep
of a problem. The problemsconsistof an overall taskor goal with an associatedeward

functionthatre ects the needof individual robotsto coordinateduringactionselectiont

1.1.2 StochasticEnvironment

In the real world, robotsmust constantlydeal with uncertainty Part of this uncertainty
comesfrom robotactuatorsandthe effectsthey have on actions. Generally theseeffects
can be capturedthrough somesort of probabilistic model governing the transitionsbe-
tweenstatesin the ervironment. Furthermore for mary problemsthe Markov property
holds. The Markov propertystateghatif the currentworld stateis known, thenthe future
stateis not dependenbn ary of the previous states.Thatis, all informationnecessaryo

determinea distribution over the next setof world statesis containedentirely within the
currentstatedescription. This meanghat, given a history of paststatess’ andactionsa’,

P(st™jst al,st tat 1 ..., 80 a% = P(st™jst, al).

This dissertationis concernedwith problemsthat obey the Markov assumptiorand for

which probabilisticworld modelscanbe derived. It will be shavn, however, thatexisting

single-robotmethodsfor theseproblems,and their extensionsto handlepartial observ-
ability, arenot sufcient for modellingdecisionmakingin a teamof robotswith limited

communication.

1.1.3 Partial Observability

The secondtype of uncertaintycomesfrom how robotssensetheir ernvironments. Sen-
sorsarenot perfectandwhile impressie algorithmsfor localizationexist, thereis always
someuncertaintyinherentin determiningposition(Fox etal., 1999). Evenwith extremely
accuratesensorscomponent®f world statecanremainunobserable dueto perceptual
1Themethoddor generatingoliciesthatwill beexploredin this dissertatiorcanstill be appliedto task-
level coordination;one canreplaceactionswith speci ¢ tasks,modify reward functionsappropriatelyand
then usethe framework to assigntasksat eachtimestep. Robotscan then use precalculatecpolicies for

implementingthosetasksmuch asthey would with frameworks suchas market-basedapproachegDias &
Stentz,2003)andtheoriesof teamvork (Jennings1995; Tambe,1997).
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aliasingof sensedeaturer sensotimitations. For example,arobotcannotobsere what
is arounda corneruntil it actuallymovesaroundthe corneritself.

In partially obsernabledomainsf someaspecbf stateis not directly obsenablethenit is
consideredhiddenstate.While a robotcannotdirectly identify this hiddenstate jits obser
vationswill containinformationthatallow it to infer a setof possibleworld statesandto
generate probability distribution over thesepossiblestates.This probability distribution,
alsoknown asa belief, is updatedby the robotbaseduponits actionsandobsenationsas
it movesthroughthe ervironment. Robotscanthereforeusetheir beliefsto guide action
selectionmuchasthey would useworld statein afully obserableproblem.

In robot teamsthereare two main cateyoriesof partial obsenability: collective observ-
ability and collective partial obserability (Pynadath8& Tambe,2002)? With collective
obsenability, if robotscanshareall of their obsenationsthenworld stateis known with
certainty;however, with collective partialobsenability no assumptionaremadeaboutthe
joint obsenationsof theteam. Unlessall obsenationscanbe sharedjt is not necessarily
easierto nd solutionsto collectively obserabledomains.

If full communicatioris availablewithin ateamof robotsthenary obsenationsof world
statecanbe sharedbetweertheteam.Limited communicatioraddsanothertype of partial
obsenability. If robotsare not able to sharetheir obsenationsevery timestepthey can
only infer a distribution over the possibleexperience®f their teammatesAs aresult,the
true obsenration history of eachteammatecanbe considereainotherpartof the problems
hiddenstate.

The problemsaddressedh this dissertatiorfall into the cateyory of collective partial ob-
senability. More speci cally, theseproblemswill all include partial obserability asa
resultof limited communication.

1.1.4 Limited Communication

In generalcommunicatiorbandwidthis limited andin somedomainsnot availableat all.
For example, robotsthat function undegroundor on the surface of anotherplanetmay
be limited to point-to-pointcommunication.In theseproblems,robotsmustevaluatethe
bene t of communicatioragainstthe associatedostsof moving into a position suitable
for initiating communication.Even if communications more readily available, suchas

20Onecould alsoincludethe caseof complete,or individual, obserability in this set. If a problemhas
completeobsenability, theneachrobotknows the currentworld statewith certainty
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with indoormobilerobots,bandwidthlimitations oftenresultin lateng in communication
betweenthe robots, and critical information may not be receved in time to make deci-
sions. While bandwidthrequirementdor full communicationrmay be feasiblefor small
robotteams scalingup the numberof robotsin sucha systemwill eventuallysaturatehe
communicatiometwork.

Insteadof sharingcompletehistoriesof their actionsand obsenations, robotsshouldbe
ableto independentlyeasonaboutappropriateactionsto take in a decentralizedashion
that takes into accountboth their individual experiencesn the world and beliefs about
the possibleexperience®f teammateslf no communications available,thenthis type of
reasonings necessarjor theentiredurationof theproblem.If communications available,
but is periodic or haslateng, this reasoningallows robotsto generateoptimal policies
betweersynchronizatiorepisodegNair etal., 2004).

This dissertations concernedvith problemsthathave limited or no communicatioravail-
ableto the robot team. Robotsmustbe ableto arrive at policiesthat are optimal given
theinformationthey have availableaboutthe experience®f theirteammatesandthe ervi-
ronment.If communications available,robotsshouldbe ableto generateeommunication
policiesthattradeoff the bene ts of additionalinformationwith the costsof communica-
tion.

1.2 Probabilistic Frameworks

This sectiondiscussesow the probabilistic framewvorks of Markov decisionprocesses
(MDPs) and partially obsenable Markov decisionprocesse(POMDPs)can be usedto
solve decentralizedobot problemsif certainassumptionsre madeaboutthe world. As
the framewnvork movesfrom assumptionsf full obserability to partialobserability, more
realistic problemscan be representedhowever, even POMDPsare still insufcient for
modellingthe original problem.

1.2.1 MDP Solution

Oneof themostrestrictve assumptionsypically appliedto distributedrobotcontrolis that
theworld is fully obsenable. Thisassumptioomeanghat,at eachtimestep gvery member
of theteamknows the currentworld statewith certainty This problemcanbe modeledas
anMDP.
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An MDP is atuple (S, A, T, R) where S is a setof possibleworld states,A is a setof

actions, 7 : S A ! S is aprobabilistictransitionfunction that describeshow state
evolvesasa functionof actionsandR : S A! < istherewardfunction. MDPscanbe

de ned with a nite planninghorizonin which anagenthasa x ed numberof timesteps
in which to maximizeits reward. Alternatiely, they canbe formulatedasin nite-horizon

problemsin which theagentcontinuedo actuntil someterminalstateis reached.

Usingthe MDP model,a policy is foundfor the agentusingdynamicprogramming.This

policy isamappingbetweerthestatesn S andtheactionsin A (asshavnin Figurel.1(a))

thatattemptdo maximizecumulatve reward. For a nite horizonproblem theagenttakes

the actionat every timestepthat maximizesits currentreward plus the sumof discounted
expectedfuture rewards over the remainingtimesteps. If 7‘(s') is the action given by

policy 7 for states attimestept, thenthevalueof startingin states andexecutingr for the

remainingl’ t stepds givenby the nite-horizon Bellman's Equation:

X
Vi) = R(s' 7' (D) + oy TS (s, VI () (L.1)
SH—l
wherevy is adiscountfactor Theoptimalpolicy, 7 , andits valuefunction,V , canbefound
by maximizingEquationl.1 andapplyingbackwardsinductionfrom¢ = T'tot = 0. For
eachstates:

X
Vi(s") = max(R(s", a) + v T(s',a, Stﬂ)Vﬁ1 (st+1 ) (1.2)

andtheoptimalpolicy = is givenby:

X
7t(s") = argmax(R(s',a) + v  T(s',a, sV (). (1.3)
a St+l
For anin nite horizonproblem,Equationsl.1,1.2and1.3 canbe modi ed to re ect that
an agenttakesthe action that maximizesits currentreward plus its discountedexpected
futurereward. Ratherthan nding a policy dependenbn time, the agentis now trying to
nd thestationaryaluefunctionl” thatmaximizesBellman's equation:

X
V (s) = m;'iX(R(s,a) + v T(s,a,s9V (s9). (1.4)

S
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MDP POMDP
policy state

at estimation

a2
state space state space belief space
(a) MDP relationship (b) POMDP relationshipbetweenstate space,belief
between state space spaceandactions.
andactions.

Figurel1.1: RelationshipbetweenMDPs and POMDPs. In an MDP, a policy is a direct
mappingbetweenstatesandactions. In POMDPs,an agentno longerknows the current
statewith certaintybut insteadconstructsa probability distribution over all possiblestates.
A POMDP policy canthenbe thoughtof asa direct mappingbetweentheseprobability
distributions (a belief) and actions. Thatis, a POMDP can be thoughtof asan MDP in
belief spaceratherthanstatespace.

Dynamic programmingcan be usedto nd the x ed point, V', of Equation1.4 andits
associatedptimalpolicy 7 (Bertseka® Tsitsiklis, 1996).

To modela multi-robot problemusingthe MDP framework, the setof actionsA becomes
the setof joint actionsA = A, A,; thatis, therobotsaretreatedasa larger meta-
agentwith multiple actuators.For eachstatein S, the meta-agenselectsan actionfrom
thesetA accordingo its policy andthen tells' eachof its actuatorsvhichindividual-level
actionto implement. In practice,it is not necessaryor a centralcomputerto make these
decisions. Becausehe problemis fully obsenable, eachrobot canstorea copy of the
computedoolicy andimplementthe appropriatgortionof the selectedoint actionsat run
time (Boutilier, 1999).

1.2.2 POMDP Solution

In this section,the problemis mademorerealisticby remaving the assumptiorthat the
stateof theworld is fully obsenableby eachrobotand,instead robotsonly receve noisy
obsenationsaboutthe world. Although the problemis no longerfully obserable, it is
assumedhatfull communications availableto theteam;thatis, ary obserationmadeby
onerobotis alsoknown by the otherrobots,without lateng or further signaldegradation.
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This assumptiorof full communicatiorallows the problemto betreatedasa POMDP

Formally, a POMDP s atuple (S, A, Z, T, R,O) whereS, A, T and R areasde ned
for an MDP, 7 is a setof obserationsandO : S A Z ! [0,1]is the obsenation
emissionprobability function. Givenaninitial belief aboutthe world stateb®, the current
belief stateb (the probabilitythatanagentis in states) canbe calculatedrom the history
of actionsandobsenrationstaken by eachagent:b* = P(s'jz!,at, 2t 1,at 1, ..., 20, a9).
Updatingthe currentbelief b is known asstatetrackingor Itering, andthe new beliefcan
be constructedrom thetransitionandemissionfunctionsasfollows:

=)
O(s%a,z)  oT(s,a,s9Ys9
P(zjb, a)

W9 = P(sYz,a,b) = (1.5)

\ghereb(s) = Pﬂgjb) and P(zjb, a) is anormalizationfactorequivalentto
0 O0(%a,z) [ T(s,a,s90(s) .

Like MDP policies, POMDP policiesare universalplans: they specifyan actionto take
for ary possiblebelief state. The additionof partial obserability, however, malkesit sig-
ni cantly harderto nd policiesfor POMDPsthanit is for MDPs. Every POMDP canbe
thoughtof asanequialentbelief spaceMDP whosestatesetis the setof reachablédeliefs
of the POMDP (Kaelblingetal., 1998). Ratherthanplanin statespaceanagentplansin
belief spaceasis shavn in Figurel.1(b). Thevaluefunctionandoptimalpolicy equations
in Sectionl.2.1canbere-writtento take this dependencito account.Givenabelief b':

X X
Vi(bY) = max Vi(sHR(s',a) + v PO™Mjb, )V (1) (1.6)

st pt+l

wherethetransitionandobsenrationemissiorfunctionsareusedto calculateP(b'** ji!, a).

While exactplanningalgorithmsexist for POMDPs,(e.g.,the Witnessalgorithmof Kael-
bling etal. (1998)), nite-horizon POMDPsthemselesare PSRACE-completgPapadim-
itriou & Tsitsiklis, 1987). As a result, a numberof approximatealgorithmsfor solv-
ing POMDPshave beendevelopedsuchasthoseof Hauskrech{2000)and Pineauet al.
(2003a).

For the multi-robotversionof this problem,aswith the MDP solution,a policy for alarger
meta-agenwvith multiple actuatorssanbefound. In this solution,the actionset A consists
of all joint actionsA; A, andZ consistof all joint obsenationsZ; Z,. An
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appropriatesolutiontechniquecanthenbe applied(e.g.,an exact or approximateanethod
dependingon the size of the problem). At run time, eachrobot receves an obsenration
2!, transmitsthat signalto its teammatesypdatests belief stateb! with all obsenations
z;? 2 ' andthepreviousjoint action,andthenlooksup the optimaljoint actionfor the new
belief. Finally, it implementsts partof thatjoint action. Becausehe robotsshareall of
their obsenationsat every timestepthe robotswill alwaysselectthe samejoint actiona?
(with tiesbrokenconsistently).

Collectwvely fully obsenable POMDPsrepresent specialcaseof multi-robot POMDPs.
For theseproblemgheglobalstateof thesystenmcanbeuniquelyidenti ed from eachsetof

obserationsf 21, ..., 2! g. Full communicatiorallows problemsthatarecollectively fully

obsenableto be modeledasan MDP ratherthana POMDRP

If theassumptiorof full communicatioris removed, however, thenthe problemsuddenly
becomesnuchharder evenif it is collectively fully obserable. If no communications
available,eachrobot mustmake actiondecisionsbasedonly on its own history of obser
vationsf 22, ... z!g, actionsfa?, ..., a'g, andknown problemdynamics(i.e., T, R and
0). If it knows its teammatespolicies,thenit canfold thatinformationinto thetransition
andrewardfunctionsandmodelthe problemasa single-robotPOMDP However, because
robotsare nding their policies simultaneouslyand thosepolicies are interdependentf
eachrobotoptimizesits own policy while holdingthoseof its teammatesx ed,it cannotbe
guaranteethattheresultingpoliciesareconsistentvith eachother l.e., if roboti assumes
asetof x edpolicieso for its teammatesndthen nds an “optimal' policy =; for itself,
it cannotbe guaranteedhatthis ; is identicalto the policy thatits teammatesssignto it
during their own optimizationprocess.As a result,roboti's teammategsan nd policies
for themselesthataredifferentfrom thosein o andsothe assumptionshatroboti made
abouto areviolated. Instead whenchoosingactions,eachrobot mustreasonabouthow
the actionsits teammateshoosewould affect its own actionselectionand,in turn, how
they would effecttheteammatesactionselection.

This type of reasoningequiresa recursve modellingapproachn which eachrobotbuilds
upanin nite beliefhierarcly aboutwhatit believesis thestateof theworld, whatit believes
its teammatedelieve is the stateof the world, whatit believesaboutwhatits teammates
believe it believesis the stateof the world, and so on. Becausecommunicationis not
availableto establishobsenationsas commonknowledge,this hierarcly is in nite even
if the POMDPIitselfis nite. A singlePOMDPIs no longerarich enoughframenork to
properly modelwhatis occurringand so, game-theoretieanodelsmust be consideredn
orderto breakthein nite beliefhierarcly.
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1.3 Partially Observable StochasticGames

Stochastiggames, rst introducedby Shaplg (1953),area generalizatiorof both MDPs
to the multi-robot caseand single-stagegamesto gameswith state(Fudenbeg & Tirole,

1991). Insteadof modellinga setof agentsasa single agentthat executegjoint actions,
in astochastigameeachagentis modeledasa self-interestegblayerwho choosesctions
thatmaximizeits rewardwith respecto arewardfunction. Both reward andthe transition
betweerworld stateshowever, aredependenon the actionsselectedy all agents.Game
theory conceptdike Nashequilibria are thereforeusedto simultaneouslyde ne setsof

policiesfor all of the agents. Justas POMDPsare the extensionof MDPs to partially
obsenable domains,partially obsenable stochastiggames(POSGs)are the extensionof

stochastigamesto the caseof uncertaintyin world state.

A POSGisde nedasatuple(/,S, A, Z,T,R,0). [ = f1,..., ngisthesetof agentsand
S is the setof stateslt is importantto notethat S is notlimited to the cross-producof the
statesof the individual agents put caninclude additionalinformation. For example,in a
multi-robotmappingtaskthestateof theworld will includethepositionsof all of therobots
aswell aspositionsof arny obstaclen theervironment. A andZ arerespectrely thecross-
productof the actionandobsenation spacefor eachagent,i.e., A = A; A, and
Z=7 Z,. T isthetransitionfunction, 7 : S A! S, Ristherewardfunction,
R:S A! <,andO de nestheobserationemissionprobabilitiesO: S A Z!
[0, 1]. At eachtimestepof a POSG the agentssimultaneouslychooseactionsandreceve
areward andobsenation. Theseactionsaregiven by the solutionto the POSG,which is
a setof conditionalpolicies,m = fxq,...,m,0. Thisthesisaddressesite POSGswith
commonpayofs, i.e., R, = R;8t, j; however, the setof generaPOSGproblemsincludes
arbitraryrewardfunctionsandin nite horizonproblems?

In the POSGmodel,a policy for eachrobotin ateamcanbefoundwithoutthe needto do
ary sortof in nite reasoningr deductioroveranin nite beliefhierarcly.* A POSGpolicy,
m;, IS a universal,or conditional,plan thattells a robotwhatto do at eachtimestepasit

3While thisformalismmayappeasimilarto thatof multi-agentfPOMDPs akey differences thatin multi-
agentPOMDPseachagentis treatedasan actuatorof a larger meta-agentThis meanghatthe obsenation
2% is knawn by all agentsanda policy is amappingfrom ajoint beliefto ajoint action.In aPOSG however,
eachagentonly hasaccesgo z!. As aresult,differentsolutionmethodsare necessargndthe policy of an
agentis now a mappingfrom a history of individual obsenationsto anindividual action.

4TheproofthatthePOSGframanork is ableto implicitly represenary possiblen nite beliefhierarcly is
quitecomplex andbeyondthescopeof thegame-theoreticonceptsliscussedh thisthesis.Interestedeaders
are directedto Harsaryi (1968) and Samet(1997) for an in-depthdiscussionof the relationshipbetween
belief/knavledgehierarchiesandcommonpriors. Informally, if thereis a commonprior held by all agents
over the possiblesetof statesof the gameat ary timestep(i.e., commonknowledgeasto the POSGmodel
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acquiresadditionalobsenations.At eachtimestep, arobothasasequencef obsenrations
ht andwill executethe action given by 7;(hf), i.e., m; : Hf ! A,. Alternatiely, ;
canbe thoughtof asa policy treeasshavn in Figure 1.2: the nodesof the treeindicate
actionswhile branchesepresentlifferentobsenations. Therobot startsat the root of the
treeand, asit gathersmore obsenations, follows the associategath down throughthe
tree, executingthe actiongiven by eachnodeit passeshrough. Note thatin eithercase,
while the policy is conditionedon only a history of obsenationsh!, dueto the natureof
policy constructionjt alsoimplicitly includesinformationaboutpastactionchoices.This
is becausehe policy is a deterministicfunction of history andso, given a history h!, the

actionstakenattimestep® throught 1 canberecoveredwith certainty®

In orderto coordinatetheir actions,a teamof robotsmust nd policiesthattake into ac-
countpossibleteammatebsenationsandactions.However, the needfor reasoningabout
anin nite belief hierarcly is avoidedin POSGsby nding policiesfor all robotssimulta-
neously Givena speci ¢ setof policies, it is possibleto evaluatethe resultingexpected
reward to the team. As shavn by Nair et al. (2003),for a 2-robotgeneral-sunproblem,
thevalueto robot;: of startingin states with the obsenationhistoriesh} andh}, giventhat
bothrobotswill executer for theremainingl” ¢ stepsjs:

X
V(s B, R0) = Ri(s', fma(hy), ma(hs)g) + v T(s',fma(hl), ma(hb)g, s™)

X St+l
O(s"™ fmu(R)), ma(h) g, F 21, 2Q) Vi ("4 AR [ 21, ha [ 229) . (1.7)

21271 222 7>

The subscripti is usedto indicatethatthis value functionis de ned for roboti. As with
Equationl.1,dynamicprogramminganbeusedo nd V; , forall¢, s, hf andhj. Notethat
this processequiresteratingover all possibleone-stepxtensionf 1t andh}, yieldinga
computationatostof O(j.Sjj Z1jj Z»j) for evaluatingeachV; ,(s*, f hf, h50) pair anda cost
of O(jSj? Z1j"* [ Z,j"*) for nding V! ;. Equationl.7 canof coursebe generalizedo the
n-robotcase.

andpoliciesof eachagent),thenthis commonprior canbe decomposeéhto anin nite hierarcly by using
it to calculatethe posteriorsover all the possiblebeliefsin the hierarclty. However, in orderto prove thata
commonprior is ableto captureary in nite hierarcly of beliefs,the reversemustalsobe true. It turnsout
thatsolong asanin nite hierarcly of beliefsis consistenwith itself (i.e., doesnot include beliefsthatare
contradictory)thenit canberepresentedxactly asacommonprior.

SFor a POSGwith commonpayofs, it is only necessaryo reasoraboutdeterministicpoliciesdueto the
cooperatie natureof theteam.
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mi(ht =f210) = az mi(hd =f21,21,210) = az
mi(ht =f20) = a1 mi(h3 =121, 21, 220) = az

mi(h3 =f21,22,210) = a1
71'1'(}13' =fz1,210) = a1 ’/Tz(h? =fz1,2,220) = a1
mi(h? =f21,20) =ax  m(hd =f2,21,210) = a1
m(hf =f22,210) = ay Wl(hf’ =f22,21,220) = az
mi(h? =f22,220) = a1 (k3 =f22,22,210) = az

mi(h3 =f 22,22, 220) = a1

(a) A policy 7; for a 3-stepproblem. (b) 7; asapolicy tree.

Figure1.2: An exampleof a policy for roboti in a simple 3-stepproblem. Robot: has
two possibleobsenrations: z; and z,, andtwo possibleactions: a; anda,. In (a), 7; Is
enumeratedsa functionthatreturnsanactiongivenahistory h! of obsenationsof length
t. In (b), 7; is shavn asa policy tree. Robot: startsat the root of the policy treeand,
asit gathersmore obsenationson eachtimestep,movesthroughthe tree, executingthe
appropriateactionfor eachof thenodest reaches.

GivenEquationl.7,anexhaustve searchthroughthespaceof all possiblgoint policieswill

guaranteending theoptimaljoint policy 7 . In acommon-paydfgame,V;} (s',f hi, h50) =
V(' T hi, hh0) 8i, j, andsotheoptimalpolicy = will simplybethepolicy 7 = fmy, 729
that_mﬁoflimizesthevaluefunctionfor each(st, f ¢, htg) pair® However, aseachrobothas
jAZ-jJZ}jZiJ—l1 ! possibleindividual policies, this searchis doubly exponentialin the plan-
ning horizonof the problem.

While it is possibleto solve a POSGby performingexhaustve searchover all possible
joint policies,it seemdesselegantthanhow policiesarefoundin MDPs and POMDPSs.
In MDPs, a policy is conditionedon the states andsoit is possibleto performdynamic
programmingdirectly on Equation1.2to nd a mappingbetweenstatesandactions. In
POMDPs,anagentdoesnot have full accesgo the currentworld stateandsoa policy that
is conditionedon statealoneis not useful. Instead the agenthasa history of obsenations
and actionsthat de nes a belief over the world stateb. If the policy is conditionedon
this belief, thenthe POMDP mustbe convertedinto a belief spaceMDP beforedynamic
programmingcan be performedto nd this policy.” With a POSG,however, the policy
for eachagentis conditionedon its history hf. By itself, i doesnot de ne a unique

®In general,game-theoretigrinciplessuchas Nashequilibria, canbe usedto suggespoliciesfor each
robot given a setof V! ;(s*, h*) values. Gametheory and Nashequilibria are presentedn more detail in
Chapter2.

"While aPOMDPpolicy canbeconditionedon a historyof obsenations(andactions) this representation
is unnecessargsthebelief stateis a sufcient statisticof this information.
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joint belief over the world statebecausesucha belief is dependenbn the obsenations
andactionsof all agents.A joint belief b canonly bede ned by h* = fh},... hlg. At

best,therefore,h! de nes a probability distribution, dy:, over all possiblejoint beliefsin

which dyc(b) = P(bj ht). Following the analogyof MDPs and POMDPs,it would seem
possibleto rewrite the POSGas a d-stateMDP in which agentsplan using a stateset
equialentto all possibledistributionsover joint beliefs. The correspondingptimalpolicy

will beonein which, for eachdistributiond?, theagentgake thejoint actionthatmaximizes
theirimmediateexpected-ewardandthe sumof futureexpectedrewardovertheremaining
timestepsThatis, the optimalpolicy satis es:

ol(dh) = arg max X di(bh) X bi(sHR(s', a) + 'yx P@d*jd, a)VHt (dt*t) .
b st L

(1.8)
Unliker?, o' isamappingirom aprobabilitydistributiond to ajoint actiona® = fay, ..., a,g.
At runtime, arobotwould constructd! , look up theassociated’ usings’ andimplement
its partof thatjoint action. The problemnow becomeshow to constructi:. Asis shavnin
Figure1.3, choosingd! conditionedon %! resultsin miscoordinatiorbetweerrobotseven
if they arein agreemenasto o'. This miscoordinatiorhappensecauseas eachrobot
hasa differenthistory 1}, it will generatedifferentd’ andthereforeselecta differentjoint
action.

Thereforetheuseof Equationl.8is only valid if eachrobotusesthesamedistributiond! at
runtime. Coordinationcanbeinsuredby allowing robotsto only usecommoninformation
(suchasthe problemdynamicsgiven by T and O) to generatel’. However, the robots
would thencomeup with a policy ¢! thatdoesnot make useof ary obserationsreceved
by teammembergduring decisionmaking. While sucha policy is technicallycoordinated,
for more powerful policiesagentamustbe allowed to integratetheir own informationinto
the actionselectionprocess However, modifying Equation1.8to conditionpolicieson i!
andnot d’, effectively yieldsanexhaustve searchon Equationl.7:
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8

P

w1 (RS ) = argmax o P(E' RS ) + P(s" KD R(s, m(k"))+
wot g g PCRHIRD)VES (B1)

T'(hY) = 1.9
t t)y — P ty 1t P ty 1.t t t
(h) argmaxyt oo P(KThy) o P(sTIEY) R(s, ' (k7)) +
piot g g PR R VIS (K1)
where
X
VEiRY) = P(s'in") V(s hY). (1.10)

st

Thereareseveralthingsto noteaboutEquationsl.9and1.10: V!(s, k') is the generalized
n-robotversionof Equationl.7; V;lt% (k**1) is the value of following policy = for steps
t + 1throughT, givenajoint history k"1 ; P(s'jh!) = by (s) whereby: is thejoint belief

stateassociatewvith 2*; and P(k'jht) is the probabilityof ajoint history £* occurringgiven

that 1! occurs. Olviously, if Al is not the i-th part of £f, this probability will be zero,

otherwiseit will be dependenbn problemdynamics. The iteration over every possible
joint history k' 2 H! is a necessaryart of Equation1.9: while the goalis to nd the

optimalpolicy for aspeci c joint historyh!, eachrobot's componenof thathistory, if, can

bepartof otherjoint historiesandthe policy 7! canonly de ne oneactionto take for each
ht.

Finally, becauser’ andnotjust 7! appearsn theoptimizationstheargmax operatomust
be performedsimultaneously In otherwords,while its form might be moreanalogougo
Equationl.3, this equationis merely "hiding' the exhaustve searchrequiredby Equation
1.7. At eachtimestepthe numberof itemsin the setto be maximizedover for eachrobot
is equalto the numberof differentpoliciesit canhave attimestept which is O(j A;ji%1").
As the maximizationmustbe donesimultaneouslythe total numberof callsto nd 7 is
O jA jiZ1"  wherejZ j andjA j representhe largestobsenration and action spaceof
singlerobot. This complity renders nding = throughEquation1.9 computationally
equivalentto exhaustve search’

8Again, for general-sungamesthis operatorwould not be an arg max, but would make useof game-
theoreticconcepts.

9For the common-paydf case,this boundcan be somavhat reducedby more intelligent dynamicpro-
grammingasseenin Section7.2.
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Recastinghe problemof solvingPOSGsnto Equationl.9,thereforejs only really useful
for drawing comparisondetweenMDPs, POMDPsand POSGs. Figure 1.4, the POSG
analogyto Figuresl.1(a)and1.1(b), givesthis comparisonn a graphicalfashion. Each
robotcanuseproblemdynamicgo createa probabilitydistribution d over all possiblgoint
historiesof length’T” thatcould be held by theteam.This probability distribution de nesa
singlepointd in thespaceof all possibleistributionsover joint histories andthis pointwill
de ne acorrespondingetof plansfor eachrobot. Theseplansdo notdictateasingleaction
for eachrobot, but areconditionalandallow arobotto performa differentactionfor each
of its possibleobsenationhistoriesh!. No beliefhierarchiesarenecessarin suchamodel;
however, all informationrelevantto actionselectionthatwould be modelledexplicitly in a
belief hierarcly is still presenin a setof policies~. In otherwords,arobotcanusethose
policiesandits own obsenation historyto determinea conditionalprobability over the set
of teammatesbbsenation histories(whatit believesits teammatesav) andwhatactions
they will selectfor any timestepof the problem(whatit believesthey will do) andvice
versa.

1.3.1 Computational Tractability

Finite-horizonPOSGswith commonpayofs area very powverful way to coordinateateam
of decentralizedobots. Robotsareableto properlyintegrateboth their own obsenations
andthoseof their teammatesnto the decision-makingorocesswithout having to reason
aboutrecursve beliefsor trying to deducevhatactionstheirteammatewill take. However,
exhaustve searchmethoddor nding suchpoliciesarecomputationallyintractableasthey
requiresiteratingover O jA j"iZ 1" possibldoint policies.Do moreef cient methodsfor
solvingPOSGsxist?

Unfortunately it hasbeenshavn by Bernsteinet al. (2002) that the problemof solving
nite-horizon POSGswith commonpayofs is non-deterministieexponentialtime com-
plete (NEXP-complete).The authorsalso prove that this classof problems,even for in-
stanceghatarecollectiely fully obserable,is NEXP-hardfor two or morerobots. This
meansthat thereare exponentialmary setsof policiesto searchthroughfor the optimal
solution,andthat constructingandevaluatingeachsettakesexponentialtime. Therefore,
in theworstcase a computerwould take time doubly exponentialin the planninghorizon
T tosolvea POSG.

Unlike the caseof nite-horizon POMDPswhich are PSRACE-complete(Papadimitriou
& Tsitsiklis, 1987), it can be proved that there are no polynomial-timealgorithmsfor
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Figure 1.3: In this nave approachto decentralizedolanning, eachrobot considersall
possiblejoint beliefs consistentwith its own history of obserations ! and then plans
in the resultingdistribution over belief spaced. Thatis, it nds the point d; suchthat
d;(b) = P(bjht) 8b. However, becaus@achrobot's obsenation historyleadsto a different
d;, its selectedoint actiona’ will alsobedifferentfrom the onesselectedy its teammates
evenif they arein agreemenaboutthe mappingbetweereachd anda. This stateof affairs
leadsto miscoordinatiorbetweerrobots.
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Figure1.4: A graphicalrepresentatiomelating the conceptsof planningwith POSGsto
thoseof MDPsandPOMDPs.Eachrobotconstructghedistribution over all possiblgoint
historiesusingonly informationavailableto theentireteam.It thenconstructs conditional
planfor every robotin theteamthatallows eachrobotto take a differentactionfor eachof
its possibleobsenation histories.The plansspecifyindividual ratherthanjoint actionsfor
eachrobot, indicatedhereby the subscript. However, becauseeachrobotis planningfor
the samepoint, d, in the spaceof all possibledistributionsover joint histories,all robots
will arrive atthe samesetof conditionalplansandthereforebe coordinated.
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nding solutionsto nite-horizon POSG4i.e., it is known that P§ NEXP andthe NEXP-
completenesef the POSGholdsevenif the horizonis smallerthanthe numberof states).
Indeed,assumingeXP8 NEXP, in the worst caseary algorithmfor solvinga POSGwith
commonpayofs will bedoublyexponentialin thetime horizonof theproblem.This math-
ematicalevidencebacksup theintuition thatsolvingdecentralizegbroblemss fundamen-
tally harderthansolvingcentralizegroblemsor problemshatcanbetreatedascentralized
dueto communicationAs Bernsteiretal. (2002)pointout, this alsomeanghatthe key to
solvingPOSGsxactly doesnotlie in discoreringsomeway to corverttheminto POMDPs
andthenapplying known solutiontechniques.Instead,a differentapproachis required.
In the meantime, POSGsremaina powerful way to modeltightly-coupledproblemsin
Markovian ervironmentsandsothe pursuitof approximatealgorithmsis important.

Furthermoregvenif it is computationallyintractableto solve a POSG,knowing how a
framavork for decentralizedobotteamsrelateso this modelcanhelpprovide insightinto

algorithmsfor problemsolving. For example the solutionsgeneratedy modellingasmall
versionof the problemasa POSGcould help createheuristicsfor larger versionsof the
problem. Alternatiely, identifying whatassumption®r approximationsare madeby an
algorithmfor actionselectionlets one understandvhatits limitations arewith respecto

performanceFinally, justbecaus¢hegeneraklassof problemsas NEXP-completeit does
notmeanthatall POSGsarehardto solve. Speci ¢ domainconstraintcanleadto solution
techniqueghat are not applicablein general. Theseissueswill all be exploredin more
detailin Chapter7.

1.4 BayesianGameApproximation Algorithm

As discussedh theprevioussectiontheNEXP-compleity resultfor POSGswith common
payofs meanghatexactsolutionsfor theseproblemswill notbefoundthroughsomecon-
versionto POMDPs.While it is possibleto approximateéhesesolutionsusingPOMDPs it
requiressomemodellingof teammatesn orderto properlydeducetheir effectson action
selection. An alternatve approachto explicit teammateanodellingis onethatretainsthe
useof gametheoryto performactionselectionfor immediatetimestepshut approximates
thefuturevalueof actionsusingaheuristic.Furthermoreby interleasing planningandexe-
cution,robotscanusepastdecisiongo reducehe numberof possibleobsenationhistories
thatmustbetakeninto accountduringactionselectiomat latertimesteps.

The resultingalgorithmfor nding approximatesolutionsto POSGswith commonpay-
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offs is calledthe Bayesiangameapproximationpr BaGA. This algorithmusesa lesswell
known game-theoryconstruct,the Bayesiangame,to model eachtimestepof a POSG.
In eachof the linked Bayesiangames,robotsreasonabouttheir currentaction selection
by consideringbothimmediaterewardsand estimatesf future rewards. Theseestimates
comefrom heuristicsthatapproximatehow, for a givensetof obseration histories robots
will beableto performin thefuture. Thus,robotsonly reasonn the shorttermabouttrue
uncertaintyin theobsenationsandactionselectionof theirteammatesatradeof hasbeen
madebetweenreasoningaboutfuture uncertaintyand computationalractability How-
ever, if theheuristicfunctionaccuratelyevaluategshe expecteduturevalueof actions then
BaGAbecomesxact.

BaGA doesnotresultin a setof full universalplansfor the POSGbut rather nds condi-
tional plansfor thosepartsof the POSGthat canpossiblyoccur(given earlierdecisions)
by concatenatingogethersolutionsfrom eachof the smallerBayesiargames.By generat-
ing policiesin a forwardfashionandusingheuristicsin combinationwith game-theoretic
solutionconceptsmuchlarger problemscanbe solvedthanpreviously possible Indeed,t
will beshavn thatit is evenpossibleto generateeal-timerobotcontrollersusingBaGA.

1.5 ThesisStatement
In this dissertation] will advancethefollowing thesis:

Partially obsenable stochastigames(POSGs)are a powerful way to model
decisionmakingin ateamof robotswith limited communicationApproximate
solutionsto POSGswith commonpayofs canbe found by interleaving plan-
ning andexecution,therebytransformingthe probleminto a seriesof smaller
linked Bayesiangames. Furthermore robotscan generategood policies by
reasoningonly alimited time aheadaboutuncertaintyin bothworld stateand
theexperience®f theirteammates.

1.6 ThesisContrib utions and Outline

This dissertatiorpresentsan overvien of the BaGA algorithm. Quantitatve experiments
compareheperformancef BaGAto thesolutionsof full POSGsandbasicheuristicsona
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variety of abstracandreal-world problems.The corecontritutionsof this dissertatiorcan
be summarizedsfollows:

Familiarizingtheroboticscommunitywith the POSGframavork andits usein mod-
eling the problemof decentralizealecisionmakingfor teamsof robotswithout full
communication.

Theobsenationthat,if aPOSGis to beapproximatedn aforwardfashiontheneach
timestepmustberepresentedsaBayesiargamein orderto keeprobotscoordinated.
ThebasicBaGA algorithmfor nding approximatesolutionsto POSGss theresult
of this obsenation.

An extensionto BaGA which reasonsover clustersof obsenation historiesrather
thanevery possiblehistory leadingto computationakavingswithout lossof perfor
mance.

The useof BaGA to generaterun-time communicationpolicies that improve both
computationakf ciency andthe expectedperformancef arobotteam.

An implementatiorof BaGA on ateamof physicalrobots,which validatesBaGA as
areal-timerobotcontrollet

Becauseseveral game-theoreticonceptsareimportantto the developmentof the BaGA
algorithm,the body of this dissertatiorstartswith anovervien of gametheoryratherthan
moving directly to the BaGA algorithmitself. Due to the similarity betweenPOSGsand
extensve-formgamesthe rst partof Chaptel2 is devotedprimarily to solutiontechniques
for thesegametrees. Bayesiangamesare thenintroducedand discussedn detailin the
latter half of the chapter It is very importantthatthe readerunderstand8ayesiangames
beforeproceedingpecaus¢hesegamesform the building blocksof the BaGA algorithm.

After all necessaryame-theoryconceptshave beenpresentedthe basicversionof the
BaGA algorithmis introducedin Chapter3. BaGA is analyzedwith respecto computa-
tional savings andthe levels of approximationt makesin orderto nd tractablesolutions
to POSGswith commonpayofs. Experimentatesults validatingBaGA, arepresentedor

threedomainsof varioussize. In Chapterst and5, two extensiongo the basicalgorithm
that decreaseomputationakostsare introduced: clusteringtogetherof similar histories
andtheadditionof communicatioracts.
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Thebasicalgorithmandits two extensionsarebroughttogetherin Chapter6 to shav how

arelatively abstrachotion of control,gametheory canbe usedto developreal-timerobot
controllers. In this chaptey a seriesof large, realistic robot tag problemsare described
andimplementedn a high- delity simulatorandon a physicalrobotteam.BaGA is able
to successfullycontrolthe robotsin realtime andshavs performancemprovementsover

commonheuristicsusedfor robot control. Chapter6 closeswith a discussiorof how the

BaGA algorithm meetsthe requirementf a software framework for robust, real-time
multi-robotcontrol.

While POSGghemselesarenotanovel contritution of this thesis thetermPOSGis still
relatvely unknawn in the elds of multi-agentand multi-robot control (with the excep-
tionsbeingeconomicsaandgametheory).Over the pasttenyears mary differentdecision-
theoreticframavorkshave beenproposedor controllingdecentralizeégentsn stochastic
environments. However, analysisof the parameter&and constraintsof theseframewnorks
revealsthat they areactually equivalentto varioussub-classesf POSGs. In Chapter?7,
this pantheorof framewvorksandtheir relationshipto POSGswith commonpayofs is dis-
cussedas are approximationalgorithmsfor eachof the framevork andhow they relate
to BaGA. Chapter7 alsoincludesa discussiorof several alternatvesto decision-theoretic
decentralizedlecisionmaking: joint intentions,behaiour-basedapproachesand market-
basedapproaches.The waysin which robotstake their teammatesnto accountduring
decisionmakingin theseframenorksareanalyzedandrelationshipsetweerthesemodels
andPOSGsddenti ed. Finally, in Chapter8, someconcludingremarksaremade.






Chapter 2
Game Theory and Bayesian Games

This chapterprovides a broad overviev of key representationand solution techniques
In non-cooperatie gametheoryin orderto provide the readerwith enoughgame-theory
backgroundto understandBaGA, the POSGapproximationalgorithm presentedn this

dissertationlt maybe safelyskippedby thosefamiliar with gametheory Readergamiliar

with basicgametheory but not with Bayesiangamescan nd thatinformationin Section
2.2.1.

Non-cooperatie gametheoryis thestudyof stratgic decisionmaking: how self-interested
agentschooseactionsin the presencef otheragentswho arealsochoosingactions.In a
gamewith commonpayofs, eachagenthasthe samerewardfunctionand,despiteselecting
actionsin a self-interestedashion,canstill act cooperatrely with others. Becausethis
thesisdealswith robotteamsthis chaptemwill focuson gameswith commonpayofs and,
assuch,is notintendedto be an exhaustve overvien of the entire eld. Therearemary
texts that provide a goodintroductionto gametheory including Owen (1968), Basar&
Olsder(1982)andFudenbeg & Tirole (1991).

Information plays an integral role in choosingactionsand this resultsin two different
classeof games:gamesof imperfectinformationand gamesof incompleteinformation.
Gamesof imperfectinformationaregamesin which all theaspect®of thegameareknown
to every player While a player might not know what speci c actionsother playerswill

take, it doeshave accesgo all the informationuponwhich thosedecisionswill be made.
Extensve-form and normal-formgamesfall into this cateyory asdo POSGs. Gamesof
incompleteinformationaregamesin which playersdo not have accesgo informationcru-
cial to thedecision-makingrocessof otherplayers.This includessituationsin which the
numberof playersin the game,the reward functionsof certainplayersor eventhe game

43
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itself is unknavn to atleastoneplayetr A combinationof gametheoryanddecisiontheory
leadsto a solutiontechniquefor theseproblemsknown asBayesiargames.

BecausdBayesiangamesform the basicbuilding blocksof the BaGA algorithm,it is im-
portantto understandow they work. First, however, anovervienv of gamesof imperfect
informationandtheir solutiontechniqueswill be presented.This is doneto provide the
necessaryoundationfor understandinghe morecomplex Bayesiargame.

2.1 Gamesof Imperfect Information

Thissectiondescribeshemostcommontypesof games:extensve andnormal-formgames.
Extensve-formgamesandPOSGsareactuallyquite similar; the majordifferencebetween
thesetwo framaworksis thatwhile POSGsncludethe notion of world statein their de -
nitions, extensve-formgamesdo not. Becauseof this similarity, mary of theissuesabout
solvingPOSGghatwereaddresseth Chapterl alsocomeupin thesimplerextensve-form
model. Thesequencéorm, presentedh Section2.1.5,is amorecompactepresentatioof
amulti-stagegamethatwasdevelopedto alleviate someof the dif culties of solvinglarge
extensve-formgames(Koller etal., 1996;von Stengel 1996). This techniquewill alsobe
usedin Section3.1to construcianalgorithmfor nding approximatesolutionsto anentire
POSGat once. While this algorithmis not asef cient asthe BaGA algorithm, it will be
usefulfor evaluatingthe performancef BaGA.

Thissectionendswith adiscussiorof correlatedequilibriaandsub-gameperfectequilibria.
Theseconceptaredescribedandtheir relevanceto common-paydfgamesandthis thesis
discussed.

2.1.1 The Extensive Form

Classichoardandcardgamesdfollow a distinctpattern.Playergake turnsselectinga move

from a rangeof possibilitiesuntil the gameis over andoneplayeris declaredhe winner.

In somegames chancemovescanoccurdueto theroll of adie or the shufing of adeck
of cards. In boardgames,the entire stateof the gameis usually visible to all players,
while in cardgamesmuchinformationis hidden. All of thesegameswith their different
variationsn chancemovesandvisibility, canbeintuitively representedith atreestructure
calledthe extensiveform. Theroot of thetreeindicatesthe startingconditionof the game
andeachleaf represents terminal condition (with an associategbayof). Internalnodes
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are separatednto chancenodesand player nodes,and representlecisionpoints for the

associateghlayers.Verticesbhetweemodesaremovesamongsiwhich a player(or chance)
may decide. A vertex associateavith a chancenodegenerallyhasa probability assigned
to it thatindicatesthe probability thatthe associatednove will occur Thesechancenodes
canalsobethoughtof asnodesassociateavith the playerNature.

Theactualplay of the gameis representetly a singlepaththroughthetreethatre ects all
of theactionstakenby the playersandarny outcomef the chanceslementsTheoutcome
of thegameis givenby the payof associatedavith theterminalnodereached.

If aplayercannotdistinguishbetweertwo or morenodesn thetree,thosenodesarejoined
togetherinto aninformationsetandthe playermustmalke the samedecisionfor all of the
nodesin that set. For example,if it is a players turn in Bridge, thenall of the possible
handsthat are consistentvith the cardsshewasdealtarerepresentedtby a singlenodein

the tree. Becauseshecannotview the cardsof the other players,shecannotdistinguish
betweerary of thesehandsandsoshemustmalke the samedecisionfor all of them.

Figure 2.1 (a) shaws the extensve-form representatiorfior a very simple card gamethat
capturesll of theseideas.Therearetwo players,eachwith a singleturn. A cardis dravn
from a standarddeckof cardsat randomandthe rst playermakesa guessat its colour.
After hearingPlayerl's action(her guess)Player2 thenguesseshe colour of the card.
If both playerscorrectly guessthe samecolourthenthey both geta payof of 1. If only
oneis correct,thensheor he getsa payof of 3 andthe othera payof of 0, andif they
both guesshe samecolourincorrectlythenthey bothgeta payof of -1. This gameis not
a common-paydfgamebut rathera geneal-sumgamebecausehe playershave different
reward functionsand thoserewardsdo not add up to a constantsum (what would be a
zelo-sumgame).

In this game,Playerl hastwo nodesin thetree,onein which aredcardis dravn andone
in which a blackcardis drawn, but only oneinformationsetbecauseshedoesnot actually
know which cardwasdrawvn. Player2 hasfour nodesn thetree,onefor eachcombination
of Playerl's guessandthe colour of the card. However, asPlayer2 only knows what
Playerl's actionwas,thesenodesnustbe groupednto two informationsets:onefor each
of Playerl'sactions.

If thisgamewereto be extendednto alargergame,perhapswith playersgettinga chance
to amendtheir guessesifter hearingthe otherplayers guessthenthe treewould simply
increasen size. Eachplayerwould have two decision-makingpointsin the game: she
would make a guessin the rst roundandthena secondguessin the secondround after
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(a) Extensve-formrepresentation.

Player 2
RR RB BR BB
Player1 R | (0,0) | (0,0)( (1.5,12.5)| (1.5,1.5)
B | (1.5,1.5)| (0,0) | (1.5,1.5)| (0,0)

(b) Normal-formrepresentation.

Figure 2.1: Exampleof the extensve-form (a) and normal -form (b) gamesfor a very
simple2-playerproblem.In thegametreetherootnodeN representshedrawing of acard
from the deckat randomby the Natureor chanceplayer Playerl thenguessesvhether
or not the cardis red (R) or black (B). Shehasoneinformationsetindicatedby the two
nodeswithin thedashedox. Player2, afterhearingPlayerl's guessthenmakeshis own
guess.He hastwo informationsets,onefor eachguessof Playerl. His two information
setsconsistof his shadecandunshadedhodesrespectrely. The payofs to the two players
areshown at the terminalnodeswith the payof to Playerl given rst. The normalform
gameis represente@sa matrix M of payofs to eachplayer For example,the stratgy
pair (R,BR) hasthe outcome(3,0) if Natureselectsaredcard,but (0,3)if a blackcardis
chosenTheexpectedvalueof this strategy pairis thereforg(1.5,1.5)asthecardcanbered
or blackwith equalprobability.
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hearingthe otherplayer's selection.The speci ¢c guessespr actions,madeby a playerare
known asthe players strategy. A stratgy is a planthattells a playerwhatactionit will
selectfor eachinformationsetin thetree. In extensve-formgamestherearetwo typesof
strat@ies: a pure strategy anda behaviourstrategy. A purestratgy is a stratgy in which
only oneactionis playeddeterministicallyat eachinformationset. For example,if Player
1 decidesto always guessred thensheis playing a pure stratgy. A behaiour stratgy
is usedto describedrandomizedstratgies. In thesestratgjies a probability distribution
over the actionsetof eachplayeris de ned for eachinformationset. If aninformationset
Is reachedduring gameplay, thena playerwill randomlyselectone of its actionsusing
the givendistribution. For example,Playerl could have a behaiour strateyy for heronly
information setthat assignsa probability distribution of f0.5,0.5 to the guesse®f red
andblackrespectiely. While shewill only play oneof thesetwo actionsduringanactual
instanceof the game,if the gamewereto berepeatednultiple timesthen,on average she
would guesgedandblackroughlyanequalnumberof times.

Thecriteriafor decisionmakinghasnotyetbeenaddressedndsoadiscussiorof whatthe
optimalstratey for eachplayerwould bein sucha gameis left until later.

2.1.2 The Normal Form

In an extensve-form representatioof a game,eachplayeris thoughtof asnot makinga
decisionuntil it reaches speci ¢ informationsetduringthe courseof play. However, for
mary gamesaplayerdoesnot have to wait until thatpointto make adecision.For example,
in thecardgamein Figure2.1, Player2 doesnot needto wait until Playerl hasselectech
move to choosehis own move. Instead he candecideaheadof time on a planfor how he
will reactto Playerl. This planwill be conditionalasit will tell the playerwhich action
hewill selectin responséo eachpossibleactionof Playerl. For example,his planmight
beto guesgedif Playerl guesseblack andblackif Playerl guessesed. Playerl can
alsomake sucha plan beforethe gamebggins. As in extensve-form games,theseplans
arecalledstratgyiesandeachstratgy assignsa move to eachinformationsetthatcanbe
encounteredby a playerduringthe entirecourseof thegame.

In this simplecardgame,Playerl hastwo purestratgjies: play redor play black (R or B).
Shehasonly two possiblestratgiesbecauseshehasonly oneinformationsetat which to
make a decisionandonly two possibleactionchoices. Player2, however, hastwo infor-
mationsets,eachof which hastwo possibleactions(R or B), yielding four possiblepure
stratgiesfor the game. If the rst elementrepresentsvhathewill do if Playerl selects
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R andthe secondf Playerl selectsB, thenthesefour stratgiesare: RR,RB,BRandBB.
For example thestratgy in which Player2 alwaysmakesthe oppositeguesgo Playerl is
givenby BR.

The normal-formrepresentationf a gameis a takulation of the expectedpayofs to each
playerfor eachpossiblecombinatiorof purestratgies. Thepayof for a pairof stratgiesis
determinedy the expectedvalueof theterminalnode(syeachedy following the path(s)
indicatedby the stratgiesthroughthe gametree. For example,asshavn in Figure2.1,the
stratgy pair (R, BR) hastwo possiblepathsthroughthetree: onein whichthecardselected
is red, Playerl guessesed andPlayer2 guesse®blackleadingto a payof of (3,0) anda
secondoathin which the cardselecteds black,Playerl choosesedandPlayer2 chooses
black leadingto a payof of (0,3). As eachpathoccurswith equalprobability of 0.5, the
overall payof to the playersis (1.5,1.5). Thetwo playersmake the sameactionselections
in eachpathbecausélayerl's stratgy dictateshatonly oneaction,R, will be playedand
Player2's conditionalplanalsoyieldsthesameactionbothtimesbecausélayer2's choice
is conditionedonly on Playerl's choice.

As in extensve-formgames,n normal-formgamesa purestratey is a stratgy in which
only oneactionis selectedat eachinformationset. In this case,Player2 hasfour pure
stratgieswhile Playerl hastwo purestratgies. Randomizatiorover purestratgies,how-
ever, resultsin mixedstrategiesratherthanbehaiour stratgies. A mixedstratgy consists
of a single probability distribution over all of the possiblepure stratgies for the game.
Beforegameplay starts,a playerrandomlyselectsoneof herpurestratgiesaccordingto
this probability distribution. During gameplay, shethenfollows that pure strategy with
no furtherrandomizationFor example,a mixed stratgy for Player2 mightbef 0.35,0.2,
0.15,0.3g whichmeanshewill play RR 35%of thetime, RB 20%of thetime, etc.

As opposedto behaioural stratgies, which only involve independentandomizations,
mixed stratgiespermitcorrelationsacrossnformationsets. For this reasona behaiour
stratgy canbe achiezed by a mixedstratgy (by morethanone,in somecasesput not ev-
ery mixedstratgy canbeachiezedby a behaiour stratgy. In gamesof perfectrecall(i.e.,
no playerforgetsanactionor obsenationmadein a previousround),mixedandbehaiour
stratgiesareinterchangeablasary probability distribution over outcomeswvhich canbe
achievedby onecanbeachiezed by the other
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2.1.3 Formal De nitions

A general-sum-playernormal-formgameis de ned asatuple (7, A, R) where! is a set
of playersl throughn, A = fA4,..., A,gis asetof actionchoicesfor eachplayerand
R = fRy,..., R,gis asetof payof functions. The payof function R;(a4, ..., a,) gives
the payof to player: for eachcombinationof actionsa,, .. ., a, takenby all players. A
2-playernormal-formgameis generallyrepresentedsa setof matricesf My, M,g. Each
elememr;lk of matrix M; correspondto thepayof to player: whenPlayerl selectstratgy
a; 2 A; andPlayer2 strat@y a, 2 A,. Thatis, eachrow of the matrix representshe
payofs for a stratgy for Playerl andeachcolumnthe payofs for a stratgy for Player2.

A strat@y is a function that assignsan actionto eachinformationsetof a player There
arethreetypesof stratgjies: pure,behaiour andmixed. A policy in a normal-formgame
for playeri, 7;, is de ned to be a probability distribution over its setof strategies. If the
gameinvolvesonly oneinstanceof actionselectionper player(a single-stge game),then
this setof stratgiesis the setof actionsA;. A pure stratgy is representedby a policy
m; iIn which only one elementis non-zerowhile a mixed stratgy is representedby ary
probabilitydistribution. Undera mixedstrateyy, the probability of playingaspeci ¢ action
a; is givenby 7;(a;).

The expectedpayof to playeri underpolicy 7;, assumingthat the other playersadopt

policiesmy, ..., m; 1,m+1, ..., T, IS givenby the expectedvalueof R; whenweightedby
the probabilitiesof eachactioncombinationgivenby = = f7y,..., 7,0
X Y
Rz(ﬂ—) = Trj(aj) Ri(a’l7 B 7an) (21)
a2A  j=1

wherea; is theindividual actionof player; in thejoint actiona.

A general-sum-player gamewith multiple action selectionsfor eachplayeris de ned
similarly to a single-stagenormal-formgame, but it alsoincludesinformationaboutthe
numberof stepsin the game,who makes decisionsat which points, and the action set
availableto eachplayerat eachof their decisionpoints. In a mixed stratgy for sucha
game theprobabilityof playingthespeci c sequencef actionss; (i.e.,aspeci c strat@y)
is givenby ;(s;). Therewardfor a setof strat@gies, R;(s), is simply the sumof rewards
over the sequencef actionchoices. The expectedpayof to player:, given a sequence
actionchoices canthereforebe de ned by replacingthe actiona; with the stratgy s; in
Equation2.1.
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A behaiour stratgy for anextensve-formgame,asstatedearlier is a probability distribu-
tion over the actionsetfor eachpossibleinformationset. Thatis, it is a setof probability
distributions=; = foy,..., 0,0 Whereos, de nesa probability distribution over the possi-
ble actionsatinformationsetk . Similarly to anormal-formgame for a purestratgy each
of theseprobability distributionswill have only onenon-zercelement.

2.1.4 Solution Techniques

While the de nitions of a stratgy andpolicy for extensie- andnormal-formgameshave
beengiven,whatis meantby a solutionto the gamehasnotyetbeende ned. A solutionto
agameis asetof policies,r, which dictatehow eachplayershouldplay the gamein order
to optimizesomecriterion.

First,thenotionof abest-espons@olicy mustbede ned. A best-responsgolicy ; isthe
policy for player: thatmaximizests expectedewardgivenasetof known policiest ; for
all otherplayers!

™= argmﬂaxRZ-(m,w i)
|

Thebene t of playingmixedstratgiesnow startsto make senseif any otherplayerknows
exactly whatstratgy player: will selectthenshecanguarante@layingherbest-response
to thatspeci c stratgy. If player: insteadplaysaccordingto a mixed stratey, the other
playerscanonly selectpoliciesthat are bestresponsesn expectation. Thatis, player:
cannow hide its speci ¢ stratgy selectionfrom the other playersin orderto achiee a
higherpayof for itself (randomizatioralsohasotherbene tsin a general-sungame). A
basicrequiremenfor a stablesolutionto a gameis that the setof policies be a setof
best-responsstratgies.

Therearevarioussolutionconceptdor games the mostwell known of which is the Nash
equilibrium (Nash,1950). Every normal-formgamehasat leastone setof best-response
policiesm suchthatno player: canimprove its expectedpayof by unilaterallychanging
its policy 7, . Thatis:

Ri(m;,m ;) Ri(m,m ;) 8m,i2l.

1Thesubscript i refersto all playersotherthani. For example,m ; = m1,..., 7 1,Ti+1 .., Tn.
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TheseequilibriapointsarecalledNashequilibria. While somegamescanhave Nashequi-
libria in purestratgies,every gameof this form is guaranteedo have atleastone mixed-
stratgy Nashequilibria (Nash,1950). A game may have multiple Nashequilibria and
selectingan appropriateoneto play canbecomepart of the decision-makingorocesdor
certaingames.Unfortunatelyit is very dif cult to nd Nashequilibriafor general-sum-
playergames(seeMcKelvey & McLennan(1996)for anoverview of solutiontechniques
including approximationtechniques).Gameswith commonpayofs, however, have nice
propertiegshatmalke themeasierto solve.

First, in gameswith commonpayofs, thereis no bene t to hiding one's stratgy from
teammate®r for randomizingaction choicesand so the Nashequilibrium solutionscan
be foundin purestratgies. Furthermorenot only cana Nashequilibrium be found, but
the setof Pareto-optimaNashequilibriacanalsobe found. In general,a Pareto-optimal
Nashequilibrium point is onein which it is not possiblefor one playerto be betteroff
without harmingthe performancef ary otherplayers? For common-paydfgamesjn the
Pareto-optimaNashequilibriumeachplayeris receving its highestpossiblepayof out of
all possibleNashequilibriaof thegame.If it werenotthecaseandthereis anotherquilib-
rium in which oneplayercouldreceve a higherpayof, thentheremustbeanequilibrium
in which all playersreceve a higherpayof becausehey have the samereward function.
Becausall playersreceve this higherpayof, no playersareharmedoy moving to the new
equilibrium point. But, by de nition, the original Nashequilibrium could not have been
Pareto-optimal. Therefore the setof Pareto-optimalNashequilibriafor common-paydf
gamescorrespondo the setof Nashequilibriawith highestpossiblepayof to eachplayer

FurthermorethesePareto-optimaNashequilibriacanbede nedto betheactionset(s)that
correspondo the maximumelement(syn R.2 If multiple Pareto-optimaNashequilibria
exist, thenplayerswill requiresomeform of coordinationstratgy (e.g.,Boutilier (1996);
von Stengel& Koller (1997);Wang& Sandholn(2002))to ensurdhatthey selecthesame
equilibrium. Without this coordination,playersmight selecttheir actionsfrom different
equilibriumpointsandthe resultingplay is generallysub-optimal(i.e., not anequilibrium
pointitself).

Solutionsto extensie-form gamesare much harderto nd. If eachinformationsetcol-

2Not every Nashequilibriumis Pareto-optimal.Considera casewith two Nashequilibria with payofs
1.0and2.0to all players respectiely. While consideringhe rst Nashequilibrium,Playerl cannotreceve
moreby unilaterallychangingts policy; hawever, shecoulddobetterif everyonewereto switchto thesecond
equilibrium point, makingthis secondonePareto-optimafor the problem.

3Forafully obserable,multi-stepcommonpayof game thesePareto-optimaNashequilibriacorrespond
to the optimal solutionthatwould be foundfor the MDP formulationof the problemin joint-actionspace.
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lapsedo asinglenodein thetreethenasolutioncanbefoundthroughbackwardinduction,
startingat theterminalnodesof thetreeandworking upward (Fudenbeg & Tirole, 1991).
Backward induction fails if information setscontain multiple nodesas the sameaction
mustbe selectedor eachnodein the set. Instead a generalizatiorof backwardinduction,
sub-gameperfectioncanbeusedto nd policies(Fudenbeay & Tirole, 1991).

Two alternatvesexist for nding solutionsto extensve-formgames.The rst is to corvert
the gameinto its normal-formequivalentandto then nd optimalpolicies. In generalthe
resultingpolicieswill bemixedstratgiesratherthanbehaiour or purestratgies;however,

in common-paydf games,the solutionswill correspondo pure stratgjies. The problem
with this methodis thatthe numberof possiblepurestratgiesthatmustbe representeds

exponentiain thesizeof thegametreeand,asthesizeof thegametreeincreasest rapidly
becomesomputationallyinfeasibleto solve the correspondinghormal-formgame. This

exponentialscalingaffects not just general-sungamesbut also common-paydf games;
while it is easierto solve thecommon-paydfcase conversionto normalform still requires
aniterationover every combinationof possiblepurestratgjies?

For example,considerthe gamein Figure2.2. In this common-paydfgameeachplayer
hastwo turnsin whichto selectbetweertheactionsA andB. In the rst round,eachplayer
selectsan actionsimultaneouslythenin the secondroundthey areinformedof the other
players previous selectionand,usingthatinformation,onceagain selectanactionsimul-
taneously The playersboth receve a payof of 1 for eachroundin which they selectthe
sameactionanda payof of 1 for eachroundin whichthey do not. Eachplayerhas ve
uniqueinformationsets:aninitial informationsetin which shehasnoinformationandthen
four informationsets,eachone correspondingo a combinationof her rst move andthe
otherplayers rst move, to representhe secondound. For eachof these veinformation
sets,the playerhastwo actionchoicesandtherefore2® differentpossiblepure strateyies.
The normal-formmatrix representinghis gamewould be 32 32 If the gamewereex-
pandedo includea third roundtheneachplayerwould have anadditional16 information
setsleadingto atotal of 22! purestratgjieseach.

In generaljf eachplayerhasthe sameactionsetwith sizej Aj andhask possibleinforma-
tion setsduring the game,theneachplayerhasjAj* differentpossiblepurestratgiesand
determiningthe Pareto-optimaNashequilibriumwill requirerepresentingAj*" takulated

4This statementloesnot contradictChu & Halperns (2001) NP-completenesgroof for nding the op-
timal solutionto a common-paydfextensve-form game. While straightforvard, corversionto the normal
form is notthe mostef cient methodfor solving extensie form games.In Section2.1.5,the sequencéorm
is presentedcand an algorithmfor nding solutionsto common-paydf problemsusing this more ef cient
representatiodiscussedThis latteralgorithmis moreconsistentvith Chu& Halperns result.
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Figure2.2: A morecomplicatedgametree shaving a gamewith two turnsper player In
this common-paydfgame thetwo playersselectbetweertwo actionsA and B simultane-
ously areinformedof eachothers actionchoiceandthenselectbetweernthe two actions
again simultaneouslyEachplayerhas ve uniqueinformationsets.Nodeswithin adashed
box indicate one information set. The playersreceve a reward of 1 for eachroundin
which they selectthe sameaction,andarewardof -1 for eachroundin which they do not.
Thehighlightedpaththroughthe treeindicatesthe pathrealizedby the sequencel B 4 for
Playerl.
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payofs. While k£ may be low for gameswith only onedecisionpoint, asthe numberof
timesa playermakesa decisiongrows, sodoesk. For example,if the playerseachselect
anactionattimestept andknow the actionstakenby all playersattimesl,...,t 1then
by timestept eachplayerwill have:

Xt ,
k= A
j=1
whichmakesthenumberof possiblepurestratgiesperplayerfor this type of gamedoubly
exponentialin the numberof players.

Thealternatve is to cornvertthe gameinto its correspondingequencéorm andthen nd a
solutionto thenew game.

2.1.5 The Sequencd~orm

The sequencdorm is designedo nd equilibrium policiesin extensive-form gamesthat
aretoolargeto solve by conversionto normalform (Koller etal., 1996;von Stengel 1996).
Speci cally, for 2-playergames pncethe gamehasbeencorvertedinto its sequencéorm,

it canbesolvedasalinearcomplementarityproblem.For n-playercommon-paydfgames
in sequencérm, analternating-maximizatioalgorithmcanbeusedo nd locally optimal

solutions.

The sequencéorm of a gameis similar to the normalform of a gameexceptthat,instead
of usingpurestratgiesastheactionsetof eachplayet sequenceareused.A sequencef

actionSU;'. is the seriesof choicesmadeby playeri at eachinformationsetit encounterss
it traversesa singlepath; throughthe gametree. Naturally this sequence&anonly occug

or berealized,if all otherplayersandNaturealsomake selectionghatlie on the path;.

For eachplayerthereareat mostasmary sequenceastherearenodesin thetree,andso
thesequencéorm s linearin the sizeof the gametree(insteadof exponential).

A sequencef movesis highlightedin Figure2.2. It correspondso Playerl's sequence
of actions: AB4 (play action A andthenplay action B if Player2 playsaction A in the
rst round). This speci ¢ sequencehowever, is only realizedif Player2 hasa seriesof
actionsthat startswith action A andthenmakes an action choice conditionedon Player
1's rst actionof A; otherwise,t cannotoccur Player2 actuallyhastwo sequencethat
permitPlayerl's sequenceto berealized: AA, and AB 4, both of which arepartof the
highlightedpath.
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In generalfor thesequencéorm, if aplayerhask informationsetsthenshehaskjAj + 1

sequence@headditionalsequenceés aemptysequence,, usedfor the purposeof building

constraintsandthe setof sequencescludesall sub-sequences)or the examplegame,
the total numberof sequences exponentialin the numberof players,becausé: is expo-
nentialin the numberof players. Unlike the total numberof pure stratgies, however, it

is not doubly exponential. For the gamein Figure2.2,the sequencdéorm has11 possible
sequenceperplayer:;, A, B, AA,, AAg, ABs, ABg, BAy, BAg, BB, andBBg. In

contrastthereare32 differentpurestratagies.If thegameis extendedo athird round,then
thenumberof sequencess 41 comparedo the 22! purestratgiesof the normalform.

If o, representa sequencef actionsthatlead up to informationsetu, theno,a is the
sequencef actionsthatincludesthe actionchoiceof a atinformationsetu. A realization
plan = correspondgo a behaiour stratgy for a playerin which actiona is playedat
informationsetu with probability z(o.,,a) /z(o,) (Koller etal., 1996). Thegoal of solving
agamein sequencéormisto nd arealizationplanz for Playerl andarealizationplany
for Player2 thatcorrespondo a Nashequilibrium.

An equilibriumis formedby the realizationplansx andy if eachof the plansis a best
responsdo the other In orderto solve for the optimal x andy simultaneouslythe lin-
earcomplementarityproblemthat simultaneouslymaximizesthe payofs to both players
subjectto constraintoon  andy mustbe createdandsolved, for example,usingLemke's
algorithm. The payofs to Playersl and2 aregivenby the matricesB andC respecitirely.
Eachelementof B, b;;, is the expectedpayof to Playerl if shetakesthe pathgiven by
hersequencg while Player2 takesthe pathgivenby hissequencé. Thereareconstraints
Er = eandFy = f thataredesignedo ensurethatanactionis selectedor eachinfor-
mationsetandthatthe sumof the probabilitiesof reachingthe childrenof aninformation
setis equalto the probability of reachingthatinformationset. Underthe realizationplans
r andy, the expectedpayof to Playerl is 27 By andto Player2 is z7'Cy. The optimal
solutionmaximizesthefollowing two equationssubjectto the givenconstraints:

max  z7(By) (2.2)
subjectto 27 ET = T

20

and:
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max (z7C)y (2.3)
Y
subjectto Fy = f
y 0.

SeeKoller etal. (1996)andvon Stengel1996)for moredetailson this algorithm.

Solvingthe sequencéorm is non-triial for arbitraryn-playergameshowever, a setof lo-

cally optimal best-responsstratgjies for common-paydf gamescan be found using an

alternating-maximizatioralgorithm. Holding the realizationplans, = ;, of all but one
player x ed,linearor dynamicprogrammingcanbeusedto nd abestresponselanz; for

theremainingplayer Optimizationis donefor eachplayer in turn, until no playerwishes
to changeits realizationplan (this processwill eventually corverge for common-paydf
gamesbecausdhe policies are deterministic). The resultingequilibrium pointis a local

optimum, but randomrestartscan be usedto further explore the stratgy space. During

this optimizationprocessit canbeensuredhatplayershave realizationplansequivalentto

purestratgjiesratherthanbehaiour stratgiesby usingsomerule for breakingiiesbetween
actionsthatareequvalentin reward.

For a 2-playergamethis algorithmis equwvalentto repeatedlyperformingthe maximiza-
tionsgivenby Equations2.2 and2.3 but insteadof doing so simultaneously rst y is held
x edwhile 2T (By) is maximizedandthenz is held x edwhile maximize(xz* B)y is max-
imized.

2.1.6 Alter nate Solution Concepts

In general-sungames,correlatedequilibria (Aumann,1974) are gaining popularity over
Nashequilibria. In aNashequilibrium,eachplayerde nesanindependenprobabilitydis-
tribution over whatactionsto play. In correlatedequilibria,however, playerscancondition
their actionselectionon an externalsignalin orderto achiese higherpayofs. The bene-
ts of acorrelatedequilibriacanbe easilyseenin the classicBattle of the Sexesproblem.
In this 2-playergame,eachplayerselectsfrom actionsA and B. Playerl hasa stronger
preferencdor action A andPlayer2 for action B, but both preferto play the sameaction
aseachotherleadingto the payof functionin Figure2.3. This gamehastwo purestrategy
Nashequilibria: (m, = 1,09, 7, = f1,0g) and(w, = f0,1g, 7, = f0,1g). Theseequilib-
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Player 2

A B

Player1 A | (2,1)| (0,0)
B | (0,0)] (1,2

Figure2.3: Exampleof a general-sungamewith a payof structureequivalentto that of
Battle of the Sexes. Eachplayerhasa preferencdor a differentactionchoicebut overall
prefersto choosethe sameactionasits opponent.

rialeadto unequapaymentdo thetwo players:eachplayergets2 or 1 dependingonwhich
equilibriumis selected A mixed Nashequilibriumsolutionhaseachplayerindependently
de ne a probability distribution over their individual actionchoicesin proportionto how
muchheprefersoneactionto theother Themixedstratey equilibriumof =, = f2/3,1/3g
andm, = f1/3,2/3g generateanexpectedreward of 2/3 to eachplayer Eventhoughthis
equilibriumgenerates lower outcometo bothplayers,t couldbeconsidereanorefair be-
causdt doesnotfavour oneplayerover the other Additionally, if eachplayeroptsto play
accordingto the purestratgy Nashequilibriumthatfavoursher, thentheresultingactions
donotform aNashequilibriumatall (i.e., AB or BA) andeachplayerwould receve only
0.

During gameplay, evenif playersselecttheir actionsaccordingto their mixed strateies,
dueto the independencef the probability distributions, the sub-optimaljoint actionsof

AB or BA canoccur If, instead,actionchoicesareallowed to be conditionedon some-
thing like a coin- ip (the outcomeof which is obsened by eachplayer),thenplayerscan
de ne equilibrium policiesthat only resultin situationsin which AA or BB areplayed.
For example,if the coin is Heads,both playersplay A, otherwiseB. In this correlated
equilibrium,their expectedpayof is now 3/2 which s clearly betterthanthatgivenby the

mixed Nashequilibrium solution(andis equvalentto the playersalternatingbetweerthe

two purestratgy Nashequilibria). Playerswill follow thepoliciesinducedby thecorrelat-
ing device becauséhey do nothave ary incentve to deviate: if Player2 knowsthatPlayer
1 will play A if thecoinis Heads his bestresponseés to alsoplay A.

Correlatedequilibriaareequvalentto Nashequilibriain alargerversionof the gamethat
includesinformationaboutthe correlatingdevice. Sothe Nashequilibria of the original
gamewill alsoappeain thesetof correlatingequilibria. It is possibleto de ne auniversal
correlatingdevice, ratherthanrely on an external device, in which a trustedthird party
givesadviceonwhatactionsto play. As with arandomizecdtorrelatingdevice, playerswill

have no incentve to deviate from the given advice. The correlatedequilibriumin which
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the payof to eachplayeris maximizedcanbefoundin polynomialtime by constructinga
linearprogramwith theappropriateconstraintge.g.,thatthe sumof eachplayer's payof is
optimized). However, constructingconstraintghat expressthe incentivesthateachplayer
hasto play accordingto the correlatedequilibrium still requiresenumeratiorover all the
possiblgoint actionsor joint stratejies.

In common-paydfgamesthe algorithmusedto nd Nashequilibriaandto resohe con-
icts betweermultiple possibleNashequilibriacanbe thoughtof asa correlatingdevice.
Additionally, asbothNashandcorrelatecequilibriawill existin purestratgies,therewould
be no gain in rewardto be achiezed by switchingfrom one solutionconceptto the other
(i.e.,aseachprobability distribution is a point distribution, no farthercorrelationsarenec-
essaryy. Thereforejt is notnecessaryo usecorrelatecequilibriaasa solutionconcepfor
thesetypesof problemsunlessit simpli es the searchfor a Pareto-optimaNashequilib-
rium. For thisreasonthis thesiswill focussolelyonNashequilibria.

2.1.7 Sub-GamePerfect Equilibria

For gameswith multiple turns,theissueof sub-gameperfectequilibriamustbeaddressed.
For extensve-form gamessolved using backward induction or sub-gameperfectionthen
thisissueis moot; however, if thegameis solvedby corversionto normalor sequencéorm
thenit is important. Basically while a stratgy for a playerde nes whatit would do for
everyinformationsetin thegame,it is possiblethatdecisiongnadeearlyduringgameplay
will renderpartsof the gametree (i.e., sub-games)unreachablé. Becauseary decisions
madein theseunreachablg@ortionswill have no effect on the expectedvalue of the game
(if calculatedusingthennormalor sequencéorm), their effecton Nashequilibriastratgies
is unusual;itherecannow be multiple Nashequilibriathat make the samedecisions(and
thereforehave the sameexpectedvalue)for all the reachablegpartsof the gametree but
make differentactionchoicesn theunreachablgortions.Which Nashequilibriumis more
desirable®or general-sungamesthenotionof crediblethreatsmakesit importantto play
sub-gameperfectequilibria. However, for acommon-paydfgame,if onetruly believesthat

5If the policies of the agentsare stochastic then correlatedequilibria may have higher payofs. See
Bernsteiretal. (2005)for anexampleof using nite-memory stochasticontrollersthatincludea correlating
device to approximatehe solutionsto in nite-horizon commonpayof POSGs.

6By unreachableit is meantonly thosepartsof the gametree that areimpossiblegiven ary common
informationratherthanthoseinformationsetsoff of the currentpathof play. For example,in Figure2.2,

if Playerl policy selectsaction A in the rst roundthen,for the secondround,it is known thatary of the
sub-gameshatwould bereachedy Playerl selectingaction B in the rst roundarenow unreachable.
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thoseportionsof the gametreewill never be visited (becausehey represensub-optimal
play), thenit is perhapshotimportant. But if a mistale could occut eitherduring action

selectionor actionexecution,thenthe stratgiestaken by playersin thesenow reachable
partsof thegametreeareimportant.

A sub-gameperfectequilibrium (sometimegeferredto asa perfectequilibrium) de nes
stratgiesfor eachplayerthatarein equilibriumevenfor thosepartsof the gametreethat
cannever be reacheddueto earlierdecisions.Thatis, while ary stratgy de nes whata
playerwould do for eachinformationset,only a sub-gameperfectequilibriais guaranteed
to be madeup of stratgiesthatarebestresponse$o eachotherat every pointin thetree.
It is an extremelystablesolutionconceptbecauset ensureghatplayerswill recorer and
play optimallyin thefuture,evenif somemistale is madeby aplayeratanearliertimestep.
Mostof thesolutionmethoddookedatin thisthesiswill not,in generalgeneratsub-game
perfectequilibria. Thisis becausefrom the point of view of thenormalor sequencéorm,
a sub-game perfectequilibrium and an equilibrium that de nes identical action choices
for all reachablgortionsof thetree(but differentactionsfor unreachablsub-games)will
generatehesamesxpectedvalueandsothemore optimal’ of thetwo cannotbeidenti ed.
Therefore,if the domainis suchthat noisy actionscanoccur this will bere ectedin the
problemdynamics.

2.2 Gamesof Incomplete Information

This sectiondescribesanexampleof anincompletenformationgame:the Bayesiargame.
In gamesof incompleteinformation, playersdo not have accesgo information crucial
to the decision-makingorocessof other players. While POSGsare gamesof imperfect
information, if one approximatesa POSGby interleaving planningand execution, then
eachtimestepmustberepresentedsa Bayesiargamein orderto guarante¢hattheagents
remaincoordinated.This obsenationis the cornerstonef the BaGA algorithmwhich is
presentedh Section3.2. Becauseainderstandin@ayesiargamess crucialto therestof the
thesis,this sectionincludesa high-level overview of this kind of game,a formal de nition
andasimple2-robotexample.
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2.2.1 BayesianGames

Bayesiargamesmodelsinglestateproblemsn which eachplayerhasprivateinformation
aboutsomethingrelevant to the decision-makingorocess(Harsaryi, 1968). While this
privateinformationcanrangefrom knowledgeaboutthe numberof playersin the gameto
theactionsetof the otherplayers,in generait canberepresentedsuncertaintyaboutthe
utility (or payofs) of thegame.In otherwords,utility depend®nthis privateinformation’

The gamesshovn in Figures2.1(a)and2.2 do not have this type of privateinformation;
while the playersmay not know the actionstaken by the otherplayet they do have access
to all informationrelevantto the decision-makingrocess.Eachplayerknows the payof
functionsfor all playersthe actionsavailableto all playersandthe dynamicsof the game.
Using this information, eachone can solve the gamein parallelto nd a policy for all
playersand, provided that thereis a way to breakties betweendifferentNashequilibria,
they areguaranteedo nd thesamepolicy .

An exampleof agamein which playersdo have privateinformationwould beanartauction
in whicheachplayerhasrecevedanappraisafor apaintingfrom adifferentappraiserThe
playersmustnow decideuponabid usingonly their own evaluationof the painting’s worth
andnot thoseof otherplayers. If Playerl makesassumptiongboutthe valuesheld by
otherplayers perhapsavely assuminghey arethe sameasherown, thenshewill create
andsolve agameG; to nd asetof policiesw!. Player2, however, following the same
reasonindut having adifferentevaluationwill createandsolwe adifferentgameG, to nd
72. Theplayersareno longerplayingthe samegameandsowill nolongerplay according
to anequilibrium solution. This situationleadsto sub-optimalperformanceon the partof
oneor bothplayers.The Bayesiargameframewvork, however, is ableto properlyrepresent
theinformationknown by eachplayerandguarante¢hateachplayeris onceagain playing
thesamegame.Generally it doessoby makingthe assumptiorthata commonprior over
all possibleinstantiationf joint privateinformationis availableto all players.

Gameswith incompleteinformation suchas this auctionmight lead one to think about
solutionsin termsof in nite hierarchieof beliefs: Playerl hasbeliefsabouttheevaluation
of the painting,shehasbeliefsaboutthe otherplayer's evaluationof the painting,shehas
beliefsaboutthe otherplayers beliefsaboutherselfandso on. Usingthisin nite belief
hierarcly, one could imagineeachplayerbeingableto constructthe same,albeit large,

"In general,utility will be usedin this thesisto refer to the payof or reward function for a problem

modelledasa Bayesiangame. This choicewas madeto keepthe discussionin line with the game-theory
literature.
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gameand nd a solution. Luckily, this in nite belief hierarcly canbe replacedwith a
probability distribution over the spaceof all possiblgoint setsof privateinformation.

While eachplayerhasreceveda differentevaluationof the painting,thoseevaluationsare
not completelyindependentsthey are baseduponthe samepainting. This allows the
assumptiorto be madethat, basedon somepublicly known facts(e.g., sumsfor which
paintingsby the sameartistwerepreviously auctioned)the playerscandeterminea prob-
ability distribution over the setof all possiblecombinationsof painting evaluationsfor
Playerl and Player2. For example,the combinationof evaluationsf $100,$90g hasa
higher probability of occurringthanf $100,$5g if previous paintingswerevaluedin the
rangeof $95. Furthermorethe assumptionis madethat eachplayer calculatesghe same
probability distribution over the joint setof evaluations(this assumptiorwill be explained
in moredetail later). Eachplayercannow createa larger gamein which pure stratgies
de ne anactionchoicefor eachpossibleevaluationshecanhold for the painting. To keep
thingssimple,assumehatplayerscaneitherbid anamountequalto thevaluethey holdfor
thepainting(B) or notbid (N), andthatthey eitherhave ahigh evaluationor low evaluation
for the painting. An examplepurestratey for Playerl would be BN, in which shebidsif
shehasa high evaluationfor the paintingandotherwisedoesnot bid. Therewardreceved
for this stratgyy dependshot only on the payofs of the gamebut alsoon the distribution
over possibleevaluations.

In thegame-theoryiterature the privateinformationheld by a playeris calledits type and
it encapsulateall non-commonly-knan informationto which the playerhasaccessThe
setof possibletypesfor aplayercanbein nite, butthisthesiswill belimited to gameswith
nite sets. Eachplayerknows its own type with certaintybut not thoseof otherplayers.
Beliefs aboutthe typesof othersare given by a commonlyheld probability distribution
over joint types.Solong asthetype spacameetscertainconsisteng requirementsin nite
recursionaboutbeliefs aboutthe beliefs of otherscanbe modelledasa prior over joint
typesratherthanexplicitly asa hierarcly. Thatmeanshat,for eachplayet the subjectve
probabilitydistribution over otherplayersthatwould arisefrom reasoningaboutanin nite
hierarcly of beliefsis the sameasthe conditionalprobability distribution generatedby the
commonprior over joint types(Harsari, 1968).

The assumptiorof a commonprobability distribution over joint typesis actuallynotare-
guirementfor Bayesiangames(seeSalovics (2001)for an exampleof work thatdoesnot
make this assumption)however, it makesthe gamesmucheasierto solve. Furthermore,
for thecommon-paydfgamesfor which this frameavork will beused;t is notanunreason-
ableassumptiorio make asall playershave accesgo the sameproblemdynamicsandare
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functioningasateam.

If 7 = f1,...,ngis thesetof players,f; is a speci c type of playeri and ; is the set
of all possibletypesfor playeri suchthatf; 2 ;, thenajoint type6 is 64,...,6, and
thejoint-typespaces = 2.2 0 ; isthetypeof all playersbut i, and
is de ned similarly. A probability distribution, P 2 () , overthejoint-typespace is
usedto assigrtypesto playersandthis probabilitydistributionis assumedo becommonly
known. Fromthis probabilitydistribution, themarginal distribution overeachplayerstype,
P;2 ( ;) canberecoveredascanthe conditionalprobability P;(6 ;j6;).

The utility (or payof) u of actiona; to a playeris dependenbn the actionsselectedby
all otherplayersaswell ason their joint type, andis de ned asu;(a;,a ;, (6;,60 ;)). By
de nition, a players stratgy m; mustde ne anactionfor every oneof its possibletypes
eventhoughat run-timeit will only be assignednetype. This constraintfollows because
thesolutionto thegameis asetof best-responsgolicies.In orderfor player: to know what
its bestresponsés to theotherplayersjt mustsimultaneouslgolve for policiest; andr ;.
Therefore;r ; muststatewhatplayers @ will dofor any oneof theirtypesbecause does
not know their speci c types. In turn, players i arealsosimultaneouslynding policies
m ; andr;. Becausdhey do not know whattype playeri is, 7; mustde ne what: would
dofor eachof its possibletypes.As theplayersaretrying to nd thesamer; andr ;, each
player's policy mustthereforebe conditionalover her entire possibletype space ;. If a
players stratey is givenby ;, thenthe probability distribution over actionsit assigngor
its typed; is givenby P(a;j0;) = m;(6;).

Formally, a Bayesiangameis a tuple (I, , A, P,u) whereA = A, A, u =
fuy,...,u,gandl, andP areasde nedabove. Giventhecommonlyheldprior P()
overthedistributionoverplayers'types,eachplayercancalculatea Bayesian-Nasbkquilib-
rium policy. A Bayesian-Naslequilibriumis a setof bestresponsestratgies,, in which
eachplayermaximizesits expectedutility conditionedon its probability distribution over
the otherplayers'types,andin which no playercando betterby unilaterallychangingits
stratgy. In thisequilibrium,the policy 7; maximizeshe expectedvalue:

X
wi(mi, 05, ) = PO 3j0)ui(mi(0:), 7 (0 3),(0:,0 1))

6 i2 i

for eachd; 2 ;, givenw ;. Notethatthe conditionalprobability P(6 ;j#;) comesfrom

81n game-theoryiterature,ajoint typeis alsoreferredto asatypepro le. In thisthesisjoint typeis used
becausdt is amoreconsistentith termsfrom multi-agentcontrol (e.g.,joint action,joint obsenration).
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the maginals of the prior P() . By usingthe maginalsin this way, eachplayercan
determine,in expectation,the bestactionto take for eachof its typeswithout having to
recursen nitely onwhattypetheotherplayersare.Usedin this way, the prior guarantees
thateachplayerwill solvethesamegamewhile still beingableto comeupwith conditional
policies.

In general,one nds the setof Bayesian-Naslequilibriain the sameway one nds the
setof Nashequilibriafor a normal-formgame. It follows becausehe Bayesiangameis
representedsa normal-formgamewith a setof purestratgiesthatde ne whatactionto
take for eachpossibletype. However, like the exponentialexplosionin the corversionof
anextensve-formgameto a normal-formgame,asthe numberof possibletypesincreases,
thenumberof purestratgiesgoesup exponentially

In thisthesis Bayesiargamesaresolvedby transformingheminto their sequencéorm. If
playeri hasasetof types ; andanactionsetA;, theneachtyped; canbethoughtof asan
informationset. This transformatiorresultsin jA;jj ;j possiblesequencefor eachplayer
For common-paydfBayesiargamesin which«,; = u; 81, j, the alternating-maximization
algorithmdescribedn Section2.1.5canbeappliedto nd thesetof realizationplansz that
correspondo alocally optimalsetof stratgies.

For common-paydfgamesalternatingnaximizationwill nd asetof locally optimalbest-
responsepoliciesthat correspondo a Bayesian-Naslequilibrium. Multiple restartsmust
thereforebe usedto determineif thereare other Bayesian-Naskequilibrium with higher
payofs to the team. The global optimumof this searchproblemis equvalentto the set
of Pareto-optimalBayesian-Naskequilibria. Alternatingmaximizationasappliedto this
Bayesiangamerequiresthat the expectedpayof of arny combinationof joint sequences
be evaluated.If eachagenthasjA;jj ;j sequenceghenthis algorithmhascomputational
complity with anupperboundof O jA j*j |j* whereA and arethelargestaction
andtype space®f ary player

2.2.2 Example BayesianGame

Considera very simple 2-robot task-allocationproblem. In this problem,thereare two
differenttypesof tasks:simpleandcomplec. A simpletaskcanbecompletedy onerobot
while acomplec taskrequiresbothrobots.A taskis generateavith probabilityp, andwith
probability ¢ it will bea simpletaskandwith probabilityl ¢ acomple task. Thereare
threepossibletasksor world states:no-task simple-taskand comple-taskwith the prior
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Table2.1: Rewardfunctionfor the 2-robottaskallocationproblem.

‘ State ] Action ‘ Reward ‘
* <do-nothingdo-nothing> 0
no-task <do-nothingdo-task> f
no-task <do-taskdo-nothing> f
no-task <do-taskdo-task> 2f
simple-task <do-nothingdo-task> s f
simple-task <do-taskdo-nothing> s f
simple-task <do-taskdo-task> s 2f
comple-task | <do-nothingdo-task> f
comple-task | <do-taskdo-nothing> f
comple-task <do-taskdo-task> c 2f

Table2.2: Emissionprobabilitiesfor tasksignals.

‘ State ‘ No-Signal ‘ Simple-Signal ‘ Complex-Signal ‘

no-task 1.0 0.0 0.0
simple-task 0.2 0.5 0.3
comple-task 0.2 0.3 0.5

probability of eachoccurringbeingl p, pg andp(l ¢q), respectrely. Eachrobotmust
selectbetweeroneof two actions:do-nothinganddo-task.Therewardfunctionis givenin

Table2.1. A robotincursno costsf it doesnothing,but hasafuel costof f for doingatask.
A simpletaskhasarewardof s while acomple taskhasarewardof c. It is assumedhat
¢ 2f > s > f. Finally, therobotsdo not know the actualtaskor world state,but they

do eachreceve anindependentbut correlated)obsenation of that state. Therearethree
possiblesignals: no-signal simple-signabbnd comple-signalwith emissionprobabilities
asshowvnin Table2.2.

In thisexample theprivateinformationrecevedby eachrobotis its obseration: ; =f no-
signal simple-signal comple-signaly. Using the prior over the threeworld statesand
the emissionprobabilitiesof the obsenations,the setof conditionalprobabilitiessuchas
P;(no-signal ;jno-signal) can be calculated,as canthe probability distribution over
which consistsof nine possiblejoint types. Thesevaluesareshavn in Tables2.3 (a) and
(b), assumingavalueof 0.3for p and0.5for q.
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Table2.3: Commonprior overjoint types(a), theresultingconditionalprobabilities(b), and
theutility function(c) for a2-robottaskallocationproblem.Thesevalueswerefoundusing
theemissiorprobabilitiesgivenin Table2.2andthe prior probabilityoverworld stateswith
p = 0.3andqg = 0.5. In (b) eachelements interpretedas P;(row-entry ;jcolumn-entry).

no-signab | simple-signa | complex-signal
no-signah 0.328 0.056 0.056
simple-signaj 0.056 0.119 0.105
complex-signal 0.056 0.105 0.119

(a) Commonprior.

no-signal, | simple-signal] | complex-signal
no-signal ; 0.745 0.127 0.127
simple-signal ; 0.2 0.425 0.375
complex-signal ; 0.2 0.375 0.425

(b) Conditionalprobabilities.

Joint Type Joint Action

<do-nothing,do-task- or <do-task,do-nothing- <do-task,do-task
(no-signal,no-signa) 0.043s f 0.043s + 0.043¢ 2f
(no-signal,simple-signal 0.625s f 0.625s + 0.375¢ 2f
(no-signal,complex-signal 0.375s f 0.375s + 0.625¢ 2f
(simple-signal,no-signal 0.625s f 0.625s + 0.375¢ 2f
(simple-signal,simple-signal 0.735s f 0.735s + 0.265¢ 2f

(simple-signal,complex-signal 0.5s f 0.5s+ 0.5¢ 2f
(complex-signal,no-signal 0.375s f 0.375s + 0.625¢ 2f

(complex-signal,simple-signal 05s f 0.5s+ 0.5¢ 2f
(complex-signal,complex-signal 0.265s f 0.265s + 0.735¢ 2f

(c) Utility function. Theutility for performing<do-nothingdo-nothing>is always0.0.
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In this problem,the utility of taking a setof actionsgiven a setof typesis the expected
rewardof takingthoseactionsgiventhebeliefoverworld statesnducedby thosetypes.For

example,f thejoint typef simple-signalcomple-signaty leadsto aprobabilitydistribution

over the threeworld statesof  0.0,0.5,0.§ thenthe utility of taking actionsf do-nothing

do-taskg is 0.5(s f) + 0.5( f) = 05s f. Thisis a common-paydfgameandso
uy = up = u with thecompletepayof functiontatulatedin Table2.3(c).

Thenormal-formrepresentatioof this gamehaseight purestratgiesperplayer In order
to simplify notation,D N and DT representheactionsdo-nothinganddo-taskrespectrely
andn,s andc representhe obserationsno-signal simple-signaandcomple-signal An
examplepurestratgy is then DN,, DN, DT, which correspondso a stratgy of only per
forming the taskif the playerhearsthe comple-signal As eachentryr;; in the normal
form representtheexpectedrewardof takingthe purestratgies; andk, thecalculationof
eachentryinvolvesiteratingover the eight possiblecombinationsof obsenationsandthe
resultingactionstakenby thetwo players.

The sequence-formepresentatiorhowever, hassevendifferentsequenceper player(six

plus the null sequence asa placeholdemusedfor the purposeof building constraints).
An example sequencas ; DN, which meansthe playerwill do-nothingif it hearsthe

obsenationno-signal If thepayof matrix B is talkulatedfor thesequencéorm, eachentry
b;, requiresthe evaluationof takingsequenceg andk: if thetwo sequencesannotoccur
togetherthenthe entry hasvalue0.0, otherwiseit is the expectedoutcomeof takingthose
actionsgiven the associateaignals(given by Table 2.3 (c)), weightedby the probability
of thosesignalsoccurring(given by Table2.3 (a)). Thefull payof matrix canbe seenin

Table2.4.

In orderto solvefor thelocally optimalsetof realizatiornplans thealternating-maximization
algorithmis appliedto matrix B usinga setof randominitial plansx andy. If valuesfor
f, s andc of 2.0,3.0and10.0aresubstitutedhen,usingrandom-restartshe bestplansare
x=1f DN,,; DT, ; DI.gandy = f; DN,,; DT, ; DT.g with anexpectedvalueof 1.02
to theteam(notationhasbeenalusedsomevhatto only shav the sequencewith weights
of 1.0). Thisresultcorrespond$o a policy in which eachrobotwill do thetasksolongas
it recevesthe simple-signabr comple-signal
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Table2.4: The payof matrix B for the sequencéorm of the 2-robottaskallocationprob-
lem. Playerl's sequenceareshavn astherows andPlayer2's ascolumns.Sequencefor
the sameinformationsetaregroupedtogether Becauset is a commonpayof game,the
solutionfor eachplayerrequireshatsheselectsonesequenceergroup.

) ; DNp ; DT ; DNs ; DTs ; DN¢ , DT

| X 0.0 0.0 0.0 0.0 0.0 0.0 0.0
“DN, | 0.0 0.0 0.014s 0.328f 0.0 0.035s 0.056f 0.0 0.021s 0.056f
DT, 0.0 0.014s 0.014s + 0.014c 0.035s 0.035s + 0.021c 0.021s 0.021s + 0.035¢
»Zdn : 0.328f 0.656f 0.056f 0.112f 0.056f 0.112f
“DNs | 0.0 0.0 0.035s 0.056f 0.0 0.087s 0.119f 0.0 0.053s 0.105f
DT, 0.0 0.035s 0.035s + 0.021c 0.087s 0.087s + 0.032¢ 0.053s 0.053s + 0.053¢
s : 0.056f 0.112f 0.119f 0.238f 0.105f 0.21f
“DN; | 0.0 0.0 0.021s 0.056f 0.0 0.053s 0.105f 0.0 0.032s 0.119f
DT, 0.0 0.021s 0.021s + 0.035¢ 0.053s 0.053s + 0.053¢ 0.032s 0.032s + 0.087c
e | 0.056f 0.112f 0.105f 0.21f 0.119f 0.238f

2.3 Summary

This chapterhasprovided a summaryof differentrepresentationandsolutiontechniques
usedin gametheory both for gamesof imperfectinformation and gamesof incomplete
information. Becausehis informationis intendedo provide thereademwith thenecessary
backgroundor understandin@aGA, its focushasbeenon gameswith commonpayofs.

Therearetwo key conceptsaddressedh this chapterthatare of particularimportanceto
therestof this dissertatiorand, therefore shouldbe understoodeforecontinuing. First,
POSGsandextensve-form gamesarevery similar, with the primary differencebeingthat
aPOSGincludesstatein its modelparametersvhile anextensve-formgamehasno notion
of state.As aresult,mary of theissueghatarisewhen nding policiesfor extensve-form
gamesalsooccurin POSGsIn Section2.1.5,thesequencéorm, analternatve representa-
tion of an extensve-form game,waspresentegndsolutiontechniquegsliscussedUnlike
the normalform, the sequencdorm is linear in the size of the gametree and not expo-
nential. The spaceandtime sarings afforded by usingthe sequencdorm allows larger
extensve-formgamesto be solved. In thefollowing chapterthis sequence-formpproach
to solvingextensve-formgameswill alsobeappliedto smallPOSGsn orderto nd locally
optimalpolicies.

Thesecondkey concepis thatof Bayesiargames.In Bayesiargamesplayershave private
informationthatis crucialto the decision-makingprocessof otherplayers. Thesegames
usea commonprior to implicitly representhein nite belief/knavledgehierarcly about
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private informationandto nd a setof best-responseolicies for all players. Because
Bayesiargameswill beusedasthebuilding blocksof theBaGA algorithmpresentedh the
following chaptey Section2.2.1,which describedBayesiangames wasvery detailedand
anexampleBayesiargameis presentedndsolvedin Section2.2.2.



Chapter 3

Approximate Solutions for POSGs with
Common Payoffs

This chaptempresentanalgorithmfor nding approximatesolutionsto a POSGwith com-
mon payofs that transformsthe original probleminto a sequenceof smaller Bayesian
gamesthat are computationallytractable(Emery-Montemerlcet al., 2004). So long as
eachrobotis ableto build andsolve the samesequencef gamestheteamcancoordinate
on actionselection. This Bayesiangameapproximationalgorithm (BaGA) allows oneto

handle nite horizonproblemsof inde nite lengthby interleaving planningandexecution.

Beforepresentinghe BaGA algorithm,it will be shavn how thealternating-maximization
algorithmof the previous chaptercanbe usedto nd locally optimal solutionsto the full
POSG.It is, however, only appropriatefor very small problemsdueto its computational
overhead.

3.1 Alter nating-Maximization Approximation

In Sectionl.3,aPOSGwasformally de ned asatuple(/, S, A, Z, T, R, O). Accompaly-
ing thisde nition wasadecision-theoretianalysigor nding optimalsolutionsfor POSGs
with commonpayofs; however, aPOSGcanalsobe analyzedrom a game-theoretiwiew.
While the POSGtuple parametersreavery compactepresentatiora POSGcanbe more
intuitively thoughtof asanextensive-formgame? In thisrepresentatioragametreeis built

!As mentionedn Chapter2, the major differencebetweenextensie-form gamesand POSGss thatthe
latterincludesstatein its de nition. This stateinformation,however, canbefoldedinto the gametree.

69
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upin whichrobotssequentiallynake decisionsaboutwhatactionsto take anda playerrep-
resentingNatureis usedto generatehe different possibleobsenation historiesfor each
robot.

In this extensve-formrepresentationf a POSG denti cation of the differentinformation
setsis very importantto properly representwhat informationis known to eachrobot at
eachof its decisionnodes.If arobothasonly accesgo its own obsenrationsof the global
stateandits own actions(i.e., no communicatiorand no knowledgeof the actionstaken
by otherrobotsthroughobsenation of the reward function etc.), then agimestept it has
jAijt 1jZ;jt differentpossiblenformationsets.Overtheentiretree,it has thl jAijt Y Zijt

informationsets,eachof which haswell de ned relationshipdetweenitself andthe other
sets(suchas which information setsare children of otherinformation sets). Finding a
solutionto suchanextensve-formgameis nottrivial: convertingit to anormal-formgame
andthensolvingtheresultinggamewould requireasmuchcomputatiorasthe exhaustve
searchover all possiblejoint policiesdescribedn Sectionl1.3. However, asdiscussedn

Section2.1.5,onecan nd alocally optimal solutionto a common-paydfextensve-form
gameby corvertingit to thesequencéorm andapplyingalternatingmaximization.

Giventheinformationsetsof a POSGdescribedabove, eachrobothasp thl JAj4 Zijt or
O (jAijiZij)* possiblesequencesDe ning a startingpolicy (i.e., realizationplanz;) for
eachrobottakesexponentialtime asit requiresa weight, x;(o,a), to be assignedo each
possiblesequence,a (i.e.,O n(jAijjZij)* ). Notethatthis setof sequencemcludesall
sub-sequenceandnotjustthoseof length7". Oncethisis done,alternatingmaximization
requiresthateveryjoint sequencef length7 be evaluatedn orderto nd thebestactions
for robot to take at the nal timestep. Thosevaluesarethenbacled up usingdynamic
programming.

The expectedvalue of a joint sequenceés the sum of expectedrewardsfor its associated
joint actionsat eachtimestep,multiplied by the probability of the joint sequencetself
occurring(notethatthis de nition doesnot take into accountary future rewardif the se-
guencds smallerthanlengthT’). Providedthatthe setof possiblesequencesf lengtht are
constructedncrementallyfrom the setof sequencesf lengtht 1, thentheseexpected
rewardsandprobabilitiescanalsobe calculatedncrementally Giventhatit takesO(j Sj?)
to calculatethesevaluesfor eachjoint sequencef lengtht, nding the expectedvalue
of all joint sequencesf lengthT hasanoverall costof O( jSj? jA jjZ j " Duringthe
seconddynamic-programmingpartof thealternating-maximizatioalgorithm,constraints
on informationsetsare usedto evaluatethe expectedfuture value of sequencesf length
t < T. As aresultthe computationtime requiredby oneiteration of alternatingmaxi-
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mizationhastwo parts:the rst is O jSj2 jA i Z | nr , Which allows the bestsequences
of lengthT to be found, while the seconds O (jA jjZ j)*** , which backsthe valuesat
timestept + 1 upto timestept.?

Assumingthat a boundednumberof iterationsof policy evaluationis requiredto nd a
x ed-pointsetof best-responsgolicies,thenoverallthisalgorithmis O jSj? jA jjZ j nr
and,therefore requirestime exponentialin the horizonandnumberof robotsto nd alo-
cally optimalsolution. This proceduras repeatec constannumberof timeswith random
startingpoliciesin orderto searchthe spaceof locally optimalsolutions.

In contrast,the exhaustve searchapproachto solving POSGspresentedn Sectionl1.3
is O(jSj3Z j"TjA j"iZ 1"} andthereforerequirestime doubly exponentialin the planning
horizon. This exhaustve searchhowever, is guaranteedo nd the globally optimal solu-
tion ratherthanjust a locally optimalone. It is possibleto guaranteghatthe alternating-
maximizationapproximatioralso nds the globally optimal solutionby restartingit suf-
ciently mary times.However, theresultingalgorithmwould becomedoublyexponentiain
the planninghorizonbecausell combinationsof possiblestartingpolicieswould needto
beconsidered.

3.2 BayesianGameApproximation

In theprevioussectionocally optimalpolicieswerefoundby usingthesequencéorm and
applyingalternatingmaximizationto the entire POSGat once. This useof the sequence
form resultsin alargecomputationasavingsover exhaustve searchhowever, it is possible
to de ne anapproximatioralgorithmfor POSGghatrequiresavenlesscomputationatime
by interlearing planningandexecution.

Whenthe POSGis thoughtof asalargetree,thenanoptimalpaththroughthetreeis found
by nding thebestactionto take attheleavesandthenbackingup thosevaluesthroughthe
tree takingcareto obey theconstraint®f information: robotsmustmake thesamedecision
atall pointsin thetreebetweenwhich they cannotdistinguish.Oncethe valueshave been
bacled up throughthe tree, the optimal policy canthenbe foundin a forward fashionby

2To nd out which sub-sequences bestfor eachof the information setsat timestept, the algorithm
mustevaluateeachof the (jA jjZ j)! sequencesThevalueof eachsequencés its immediatevalueplusthe
expectedvalueof eachpossiblenext sequenceln generalthis meandooking atthe payof generatedby each
ofitsjA jjZ j child sequencesBookkeeping however, canbeusedto look only atthosechild sequencethat

have positive probability of beingplayed.This approachreduceghe calculationof expectedfuture payof to
O jZ j ,andreducegheoverall compleity of this calculationby afactorof jA jto O jA jjZ j*t .
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myopicallyselectinghebestactionfor eachinformationset. Thisactionselectionnvolves
game-theoreticeasoningaboutthe actionstaken by the othermembersf theteam.

This approachhowever, whetherdoneapproximatelythroughalternatingmaximizationor
exactly, requiresall actionsto be evaluatedat the leavesof the treeandtheir valuesto be
bacled up evenif anactionchoiceat an early timestepmeansthat hugepartsof the tree
will notbevisited. Thatis, evenfor nding locally optimalsolutions,alot of computation
timeis spentevaluatingthe effectsof actionsfor informationsetsthatwill ultimatelynever
bereached. If onecouldinsteadsolve the gamein a forward fashion,thencomputation
time could be focusedon only therelevantpartsof the gametree. Of course withoutloss
of optimality, thiswould requirea utility functionthatreturnstheexactvalueof theinternal
nodesof the treewhich is impossibleunlessone hasalreadysolved the entire gametree.
However, solutionsthatarelocally optimalwith respecto a given utility functioncanstill
befound.

This thesisproposesa Bayesiangameapproximation(BaGA) algorithmthat generates
solutionto aPOSGby myopicallyselectingactionsat eachtimestepusingheuristicvalues
for the internalnodesratherthantheir true values. Interleaving planningand execution,
a Bayesiangameis constructedor eachtimestepin the problemand solved, with the
resultingpolicies, 7!, concatenatetbgetherto form an overall policy 7 for the problem.
Thistransformations similarto theclassicone-stepookaheadtratagy for fully obsenable
games(Russell& Norvig, 2002): the robotsperformfull, game-theoreticeasoningabout
their currentknowledgeand rst actionchoice,but thenusea prede nedheuristicfunction
to evaluatethequality of theresultingoutcomesA very similarapproachproposedy Shi
& Littman(2001),isusedto nd nearoptimalsolutionsfor ascaled-dan versionof Texas
Hold'Em.

In Figure 3.1 a high-level diagramof the BaGA algorithmis shawvn. If oneconsiderghe
full POSGgametreeto be representedy the large triangle, thenthe BaGA algorithm
works by constructinga smallergameat eachtimestepthatapproximateshe optimal pol-
icy. Usinginformationcommonto theteam,suchasproblemdynamicge.g.,7 andO) and
the policiesfound at previoustimestepsthe robotsareableto ignorepartsof thetreethat

3The degreeto which a child (or grandchildetc.) information set affects the action taken at a parent
informationsetdependon theratio of the immediateexpectedreward that the actionyields the parent,to
ary resultingfuturerewardfrom theappropriatehildren.For mary problemstherearepartsof thegametree
that canbe safelyignoredwithout worrying abouttheir effect on parentinformationsets. For example,if a
teamof robotsis operatingn anenvironmentwith a clearlyidenti able ight of stairs,thenno policy should
directamemberof theteamto take anactionthatwould leadit to fall down the stairs.All child information
setsthatwould follow from sucha decisioncanclearly be ignoredduring policy constructiorbecausehey
have essentiallyno effect onimmediateexpectedreward: oncearobotis dead,it is dead.
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A one-step
full POSG
~

lookahead game
for timestep t

/

Figure3.1: A highlevel representationf the BaGA algorithmfor approximating?OSGs.
If all agentknow every otheragents historyof obsenationsandactionsattimestept, then
eachone-stegamewould be representedsa triangle. As this is not the case eachone-
stepgameis depictedasa trapezoid.Somepruningof the gametree,however, is possible
becausef commonknowledgeaboutthe policiesfoundat earliertimesteps.

would never bevisited dueto previousdecisions.In this way, eachgamemodelsa subset
of the possibleexperienceoccurringup to thatpointandthen nds a one-stedookahead
policy for eachrobotcontingenton thatsubset.

Thesolutionto a POSGis a setof policiesthatguaranteg¢hatthe robotsarefully coordi-
natedduringtaskexecution.Eachrobotindividually constructshe samegameandsolves
it usingthesamealgorithmresultingin thesamesetof policiesfor theentireteam.In order
for the BaGA algorithmto guaranteghat robotswill remaincoordinatedjt mustensure
that eachrobot builds and solvesthe exact samesequenc®f Bayesiangames. This con-
straintis especiallyimportantasinformationaboutprevious policiesis usedto keepfuture
gamessmall: shouldrobotsnot constructthe samegameat timestept, theneachwill use
adifferentsetof policies=*! to build a new gameattimestept + 1, leadingto a different
gamebeingconstructecndfurthercompoundinduture differences.

3.2.1 ConversionfromaPOSGto a Seriesof BayesianGames

In orderto modeleachtimestepof the full POSGasa Bayesiangame,the conversionbe-
tweenthetwo framavorksmustbede ned. In orderto modelasingletimestepof thegame
it is necessaryo be ableto represeneachsub-paththroughthe treeup to thattimestepas
asingleentity. A singlesub-paththroughthe tree correspondso a speci ¢ setof obser
vationsand actionsup to timestept for all robotsin the team. If all robotsknow thata
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speci ¢ pathhasoccurredthenthe problembecomedully obsenableandthe payofs of
taking eachjoint actionat timestept areknown with certainty This is analogougo how
utility in Bayesiangamesis conditionedon speci ¢ joint types,which is why a Bayesian
game ratherthana gameof imperfectinformation,hasbeenselectechsthemodelfor each
smallergame.

Eachpathin the POSGof lengtht is representeds a speci c joint type, 6%, with the
type of eachrobot, correspondingdo its own obsenationsandactions,asthe type 6. A
single#! may appearin multiple joint types. With this de nition of the type spacein the
Bayesiangame,robotsare ableto conditiontheir policieson their individual obsenation
andactionhistoriesasthey doin theoriginal POSG Thereare,however, still two piecesof
the Bayesiargamemodelleft to de ne beforethesepoliciescanbefound.

First,the Bayesiargamemodelrequiresrobotsto have acommonprior over thejoint-type

space . If it isassumedhatall robotshave commonknowledgeof the startingconditions
of the original POSG,i.e., a probability distribution P(s°) over possiblestarting states,
thenthe algorithmcaniteratively nd both ! andP( ') usinginformationfrom ¢,

P( Y, A, T, ZandO. Additionally, because¢he solutionof agame,r, is a setof policies

for all robots, eachrobot not only knows its own next-steppolicy but alsothoseof its

teammatesandthis informationcanbe usedto updatethe joint-type space.Thatis, ary

type 6! thathasrobot: performa differentactionat timestept 1 thanthe actiongiven

by the policy 7! * canberemovedfrom ! becauseét haszero probability of occurring.

Becausdhe setof all possiblehistoriesat timestept canbe quite large, the initial BaGA

algorithmdiscardsall joint types(or joint histories)with prior probability lessthansome
thresholdandthenrenormalizes®( !). By usingtheprior probability, it canbeguaranteed
thatall robotsdiscardthe samesetof joint histories.

The nal pieceof the Bayesiargamemodelthatmustbede ned is thatof the utility func-
tion u that representshe payof of actionsconditionedon the joint-type space. Ideally,
a utility functionshouldrepresennot only theimmediatevalue of a joint actionbut also
its expectedfuture valuebecausein general POSGsareusedfor multi-stepproblems.In
nite horizonMDPsandPOMDPs,thesefuture valuesarefound by backingup thevalue
of actionsatthe nal timestepthroughtime. In BaGA, nding thesevaluescorresponds$o
nding thesolutionto the Bayesiargamerepresentinghe nal timestep!” of the problem,
usingthatasthe future value of the gameattimestepl” 1, solvingthat Bayesiangame
andso-onuntil the rst timestepis reached.Unfortunately this approachs intractable:it
requiresBaGA to do asmuchwork assolvingthe original POSGbecause speci ¢ prob-
ability distribution over 7 is not known until the gameis solved for timestep< through
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T 1. In addition,unlike the proposedhlgorithmthatinterleavesplanningandexecution,

no advantagecould be taken of ary reductionin the sizeof * thatwould arisethrough
applyingcommonknowledgefrom #¢ 1. Instead,BaGA performsa one-stedookahead
usinga heuristicfunctionfor u, resultingin policiesthatarelocally optimal with respect
to that heuristic. BaGA usesheuristicfunctionsthattry to capturesomenotion of future

valuewhile remainingtractableto calculate. Thoseheuristicsaredomain-dependent.

Now thatall parametersf the Bayesiargamehave beende ned, therobotscaniteratively

build andsolve thesegamesfor eachtimestep. The ¢-th Bayesiangameis corvertedinto

its correspondingequencéorm andalocally optimalBayesian-Naskquilibriumis found

usingalternatingnaximization? Onceasetof best-responsstrat@iesis foundattimestep
t, eachroboti matchests true historyof obsenationsandactions !, to oneof thetypesin

its typespace ! andthenselectsanactionto executebasednits policy 7! andtype!.®

BaGA runsin parallelon all robotsin the teamas shaowvn in Figure 3.2. Solong asa

mechanisnmexists to ensurethat eachrobot nds the sameset of best-responspolicies
7', theneachrobot will maintainthe samejoint-type spacefor the teamaswell asthe

sameprobability distribution over that joint-type spacewithout having to communicate.
This conditionensureghatthe commonprior assumptiorof the Bayesiangamemodelis

alwaysmet. Shadingis usedin Figure3.2to indicatewhich stepsof the BaGA algorithm
shouldresultin the sameoutputfor eachrobot. Robotsrun the algorithmin lock-step
and a synchronizedandom-numbegeneratolis usedto ensurethat all agentscomeup

with the samesetof best-responspoliciesusingthe alternating-maximizatiomalgorithm.
It is assumedhatthe robotshave somesort of locker-room agreementhat providesthis

synchronizationLockerroomagreementsanbe usedto eliminateor reducethe needfor

communicatiorby specifyinghow agentswill actin a certainscenario(Stone& Veloso,
1999). For example,if two joint actionsin a decentralizedVIDP have the exact same
value,a locker-room agreementvould specifywhich of the two actionsshouldbe taken

(e.g., selectthe actionthat occurs rst in an agreedordering). In this case,the locker-

roomagreemenspeci eseitherthe pseudo-randomumbergeneratoseedor sequencef

randomnumberdo be usedfor arny randomizatiorcallsin BaGA.

Only commonknowledgearisingfrom the policiesfor previoustimestepor domainspe-
ci ¢ information(e.g.,robotsmight alwaysknow the positionof their teammatedrom a

“Note thatthis instanceof alternatingmaximizationis not the sameasthe alternating-maximizatioap-
proximationof Section3.1, which was appliedto the entire POSGat once. This instanceof alternating
maximizationis appliedonly to the Bayesiargamerepresentatioof timestept.

5If therobot's true history hasbeenpruned thenthe actualhistory is mappedo the neareshon-pruned
historyusingHammingdistance A bettermethodof mappingwill bede nedin Chapter4.
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Robot 1

Initialize

t=0, hy={},Q"P(Q)
p’=solveGame(Q’,P(Q")

Robot 2

Initialize

t=0, ho=0,Q"P(Q))
p’=solveGame(Q’,P(Q")

Robot n

. Make observation

hi=z{Ua Uh

Initialize

t=0, hy={},Q",P(Q)
p° soIveGame(Q P@QY)

. Make observation

y

h,=z,Ua," Uhy*

Make observation

Match history to type
qi = bestMatch(h;, Q)

A

hi=z Ua*uh™

y

Match history to type
o3 = bestMatch(h;,QJ)

A

Execute action

a,=p, (0)

A

Match history to type
as = bestMatch(h,,Qr)

Execute action

a,=p,(02)

Propagate forward
Qt+1' P(Qt+1)

Execute action

a,=p,(a)

Propagate forward
Qtﬂ, P (Qt+1)

Find policy for t+1

E[)‘*l—solveGame(Q P@QY)

Propagate forward

Qtﬂ, P (Qt+l)

Find policy for t+1

pt)‘”—solveGame(Q P@QY)

Flnd policy for t+1

Ft) EsolveGame(Q P@Q))

Figure3.2: A diagramshawing the paralleInatureof BaGA. Shadedoxesindicatesteps
thathave the sameoutcomefor eachrobot.
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commonobsenation signal)is usedto updateindividual- andjoint-type spaces.This in-

cludespruningof typesdueto low probability becausgruningthresholdsarecommonto

theteam.Theshadedoxesof Figure3.2indicatestepsn whichrobotswill have thesame
outcome:they all solve the sameBayesiangameand nd the samepolicy 7'*1. Thenon-
shadedboxes of Figure 3.2 indicate stepsin which robotswill have differentoutcomes:
eachrobotwill matchits true obsenation andactionhistory, !, to a type modeledin the
gameandthenexecutethe actiongivenby thattype,a! = 7! (6?).

3.2.2 Implementation Issues

In practicetherearetwo possibledif culties with usingthe BaGA algorithmfor approxi-
matingthefull POSG.The rst is thatthejoint-typespace ! canbeextremelylarge,and
the seconds thatit canbedif cult to nd agoodheuristicfor u. A systemdesignercan
exert somecontrol over the sizeof the joint-type spacehroughthe selectionof the proba-
bility thresholdfor pruningunlikely histories.The bene t of usingsuchalargetype space
is thatit canbeguaranteethateachrobothassufcient informationto independentlyon-
structthe samesetof joint historiesgivenby * andthe sameprobability distribution over

¢ ateachtimestept. In thefollowing chapterstwo additionalapproachearedescribed
for reducingthesizeof ¢ while still doinga goodjob of representinghetruedistribution
overjoint histories.

Findinga goodutility functionu thatallows to Bayesiargameto nd high-qualityactions
is moredif cult becausét dependn the systemdesigners domainknowledge. For real

robot problems,goodresultshave beenachiezed with a @) ,,pp heuristic(Littman et al.,

1995). Q. pp is avery simpleto calculatePOMDP approximation.In the @y, pp utility

function, u(a, 0) is thevalueof thejoint actiona whenexecutedn the belief statede ned

by 6, assuminghattheproblembecomedully obserableafteronetimestep.Thisis equi-

alentto the Q,,pp valueof thatactionin thatbelief state.To calculatethe Q ,,pp valuesit

is sufcient to nd Q-valuesfor afully obsenableversionof the problem.TheseQ-values
can be found by dynamicprogrammingor Q-learningwith either exact or approximate
Q-valuesdependingiponthe natureandsizeof the problem.

Perhapsa betterutility functionis onethatis basedon the POMDP solutionof a version
of the problemin whichtherobotscanshareall obsenations.Thatis, insteadof assuming
thattheproblembecomedully obsenrablein thenext timestepijt is assumedhattherobots
have full communicatioron the next stepwhile retainingthe partially obsenable quality
of the world. However, even the smallestof the robot problemsexaminedin this thesis
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aretoo largeto solve usingapproximate®OMDPtechniquesuchasthoseof Pineauet al.
(2003a). Section3.4.1.2,however, presentexperimentalresultscomparinga variety of
differentheuristicsfor a small problemin which the POMDP solutioncould be found for
thejoint-actionand-statespacesHand-codedheuristicsaarecomparedvith thosethatmake
useof aPOMDPsolutionthatassumesherobotswill beableto shareall obsenationsafter
thecurrenttimestep.

3.3 Algorithms for the BayesianGame Approximation

Algorithms shaving how to implementBaGA aregivenin Algorithms3.1and3.2. Algo-
rithm 3.1takestheparametersf theoriginal POSG(theinitial joint-typespaces generated
usingtheinitial distribution over S) andbuilds up a seriesof one-steppolicies,r’. In par
allel, eachagentwill: solve the Bayesiangamefor timestept to nd =!; matchits current
history of experiencego a speci ¢ type 6! in its type space;matchthis type to an action
asgivenby its policy 7; andthenexecutethataction. Algorithm 3.2 providesanimple-
mentationof how to solve a Bayesiargamegiventhe dynamicsof theoverall POSGanda
speci ¢ joint-type spaceanddistribution over that space.It alsopropagtesthe joint-type
spaceandits prior probabilityforward onetimestepbasedn thethe solutionto thatgame.
Notethatthequantity P(z, aj#) in Algorithm 3.2is the probabilityof anobsenration z and
anactiona occurringasthe one-stepextensionto thetype# andwill thereforedependooth
on problemdynamicsaswell asthe policy justfoundfor theteam.

Additionalvariablesusedn thesealgorithmsare:r istherewardto theteam,rs isarandom
seed; is agenericstrat@y, ¢ agenerictype,andsuperscriptseferto thetimestepunder
considerationThefunctionbeliefStaté)) returnsthe belief stateover S givenby thejoint
history of obsenationsandactionsde ned by thejoint typed. In Algorithm 3.2,aQ ypp
heuristicfor calculatingutility is usedbut any otherheuristiccould be substituted.

For alternatingmaximization,shavn in its dynamic-programmin@orm in Algorithm 3.3,

randomrestartsare usedto move the solution out of local maxima. In orderto ensure
that eachagent nds the sameset of policies, BaGA synchronizeghe randomnumber
generatiorof eachagent.For eachBayesiargame,alternatingmaximizationis appliedfor

only asingletimestepandso,unlike Section3.1,it is notnecessaryo backup valuesfrom

timestept + 1tot.
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Algorithm 3.1: PolicyConstruction AndExecution

1,0° A, P(©°),7,S,T,R,0
Output: 7, st, ¢, 8t

begin
h; ) 78’L' 217
r 0
initializeState(s®)

fort 0tot,,q, do
for i 2 I do (in parallel)
set RandSeed(rst)
7t, 0" P(O")  BayesianGame(I,0! A, P(0"),2,8,T,R,O,rs")
hi  hi[ 2] ab?
0t matchToType(h;, ©F)

t t(pt
ai  m(0;)
[*all agents execute their action af?*

s T(stab, ..., al)

Y n

| r  r+R(s"di,...,al)

end

3.3.1 Computational Complexity

For a problemin which the type spaceof a robot consistsof its history of obsenationsof
theglobalstateandactionsup to timestep (i.e., robotscannotobsere the actionsof their
teammates}thenthesizeof thattypespacej j, wouldbejA;jt 1jZ;j if nopruningof the
gametreewasdone.BaGA, however, doespruneaway partsof thegametreethatall agents
know will neverbevisitedin thefuturedueto previouspolicy decisionsBasically because
BaGA ensureshatpoliciesaredeterministicfor all types! * 2 ¢ !, only thoseone-step
extensionsof typed! ! thatincludethe actiongivenby 7! (6 *) will beincludedin the
type spaceat timestept. This constraintmalkesthe size of its type spacehave an upper
boundof j !  jZj* asfurther pruningmay be possibledueto problemconstraintsor
othercommonknowledgesuchasa pruningthreshold.

Eachtimestepof the BaGA algorithmrequiresa Bayesiangameto be solved, which, us-
ing the sequencdorm and alternatingmaximization,hasa computationacompleity of
O (jAjj 'j))" . Dueto pruning,this compl&ity hasanupperboundof O jA j*jZ j** .
Solving this game,however, alsorequiresthatthe utility functionfor eachf #?, ag pairto
bede ned. With aheuristiclike Q,,pp, thisprocedurgequireg Sj operationgerjoint se-
guencejeadingto anoverall compleity of O jSjjA j*jZ j™* . Finally, for eachtimestep
of thealgorithm¢ 6 T, thejoint-type spaceandthe probabilitydistribution over it mustbe
generatedor ¢t + 1. Generatinghe new joint-type spacerequiresiteratingover all possi-
ble(jA jjZ j)™ one-stegxtensionf each ¢ ' andcalculatingthe probabilityof suchan
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Algorithm 3.2: BayesianGame
Input: 1,0, A, P(©), Z, 5, T, R, O, randSeed
Output: 7, 0% P(Q9
begin
setSeed(randSeed)
fora2 A,02 ©do
| u(a,0) gmdpValue(a,beliefState(6))

7w  findPolicies(I,0, A, P(©),u)

oo :

09 1,821

for020©,22 Z,a2 Ado
¢ 0[ z2[a

P(¢)  P(z,4j0)P(0)
if P(¢) > pruningThesholdthen

° ¢
P(#°)  P(¢)
Q0 Qo ¢°

Q% o[ M8i21

end

Algorithm 3.3: findPolicies
Input: 1,0, A, P(O),u
Output: 7;,8: 2 I
begin
forj  0tomaxNumRestarts do
o; random,8i2 I
while lconverged(n) do
fori2 Ido
L for0; 2 ©, do

L O'Z‘(Qi) argma:c[ 0.2 P(H ijGi)ui(Ji(Hi),a 1(9 l),(é’lﬂ z))]

if bestSolutiorthen
|_ T 0y, 821

end
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extensionrequiresO(j.Sj2) operations.

If thehorizonof theproblemis 7', thenaltogethethe BaGA algorithmhasanupperbound
oncompleity of O jSj?jA j"jZ j» , whichis atleastafactorof A™” 1 lessthanthatof
performingalternatingmaximizationon the entire POSGat once. In practice,this factor
canbeevenlargerdueto ary furtherreductionsn the sizeof thetype space.

It is importantto notethatfor mary problemsthe sizeof the global statespacejSj, actu-
ally senesasafairly looseupperboundin thesecalculationsdueto problemconstraints.
For example, considera robotic tag problemin which the type of eachrobot speci es
its actions, position, and ary obsenationsof its teammatesand the opponent. l.e., Z;

includesthe position of roboti. Ratherthaniterateover all statesin S, for eachjoint

type 6!, only thoseelementof S thatareconsistentith the associatedobot positionsat

timestept needto be consideredvhendeterminingthe probability and utility of 6. If S

Is the cross-producof the robots' positions(RT) andthe opponent position(Opp), i.e.,

1S) = JRT)™Oppj, thenthe upperboundon the compleity of the problemwould actually
beO jOppi3jA j"jZ j*T , whichis muchsmallerthanO jSj?jA j*jZ " .

3.3.2 BaGA for POSGswith Limited Communication

While POSGscanmodelproblemswith any degreeof communicationin this chapterand
the onefollowing it, the BaGA algorithmis developedfor solving POSGswithout com-
munication.Theadditionof periodiccommunicatiorcanonly improve the performancef
theteamasit would allow robotsto sharetheir speci ¢ informationhistoriesandtherefore
make decisionsconditionedon the true joint history of the teamratherthana probability
distribution over the setof possiblejoint histories. In this way, POSGswith no commu-
nicationprovide a lower boundon the performanceof a robotteamwhile thosewith full
communicationmodeledasPOMDPsfor alargermeta-agentprovide anupperbound. A
POSGwith arbitrary but limited communicationwill have performancesomeavherebe-
tweenthetwo.

If a POSGhasa x ed communicatiorpolicy in which robotssharetheir obserationsat
periodicintervals thenthe BaGA algorithm canbe modi ed to incorporatethis commu-
nicationby treatingthe communicatednformationascommonknowledgethatis usedto
affect the setof joint types ! andthe probability distribution over them P( *). For ex-
ample,if theteamcommunicatesvery = timestepsthenfor ¢ = cz, the setof joint types
would containjustoneelementthetruejoint historyof theteamé?, andthis elementvould



82 Chapter 3. Approximate Solutionsfor POSGswith Common Payoffs

have probabilityof 1.0 of occurring®

The generationof dynamiccommunicationpolicies, in which robotsmake decisionsto
communicatdasecdn speci ¢ obsenationhistoriesjs amuchhardemproblemandwill be
examinedin moredetailin Chapters.

3.3.3 Levelsof Approximation

In BaGA, therearetwo mainlevelsof approximatiorusedo nd thesolutionto theoriginal
POSG.First, alternatingmaximizationis usedto nd a locally optimal Bayesian-Nash
equilibrium of the one-stepgamerepresentinghe currenttimestep. This equilibrium is
notguaranteedb bethe Pareto-optimaBayesian-Naskquilibriumbecaus@nly alimited
numberof randomrestartsare usedto move out of local maxima. Unlessone wereto
exhaustvely searchthe spaceof all policies,onecannotguaranteehatthe Pareto-optimal
equilibrium hasbeenfound, nor place useful boundson how much worsethe expected
payof of a locally optimal policy is thanthat of the Pareto-optimalpolicy. Worst-case
boundscould be found by comparingthe optimal joint actiongiven full obsenrability to
the expectedvalueof thefoundequilibriumpoint; however, in practice the Pareto-optimal
Nashequilibrium would not be ableto achieve this fully obsenable value dueto partial
obsenrability.

If the expectedfuture value of actions,given the currenttimestep,were knowvn with cer
tainty, thenusingalternatingmaximizationto nd the one-steppolicy would be the only
placein which approximatiorwasintroducednto the algorithm;however, asthis function
is not known (it would involve solvingthe original problem),further approximations in-
troducedthroughthe useof heuristicsto estimatethis function. Again, error boundson
performancentroducedthroughthis secondevel of approximationcannot,in generalbe
found. Assumptionganbe madeon the problemdomainthatrenderthe heuristicscorrect,
suchasrobotsbeingableto shareall obsenationson the following timestep.An example
would be problemswith somesortof delayedcommunicationyobotshave full communi-
cationbut the communicatednformationtakesonetimestepto reachthe restof theteam.
In practice however, theseassumptionarenotvalid in mary interestingoroblems.

The effectsof thesetwo levels of approximatiorcanbe mitigatedat the expenseof greater
computation. First, alternatingmaximizationcan be replacedwith an algorithmthat has

6If robotscanonly sharepartialinformationthenthis informationis simply treatedascommonknowledge
andusedto updatethe commonprior over the setof possiblejoint typesasappropriate.
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guarantee®n the global optimality of the found policies, suchas an exhaustve search
methodthatwoulditerateover all possiblgoint policies. For common-paydfgamesmov-
ing from a (BayesianNashequilibriumto a correlatedequilibrium solutionconceptdoes
notreducethecompleity of thissearch Althoughacorrelatecequilibriumthatmaximizes
thepayofs to all robotscanbefoundin polynomialtime throughlinearprogramminggcon-
structingthe constraintof this linear programstill involvesenumeratingver all possible
joint policies’

The effect of the secondevel of approximationis affectedby the quality of the heuristic
used. Improving the quality of the heuristiccaninvolve more off-line computationsuch
assolving smallerhorizonversionsof a problemin orderto estimatethe future value of
actionsratherthanrelyingona @ ,;pp heuristic. Regardlessof heuristicquality, BaGAis
effectively doinga one-stedookaheadn orderto evaluatethe effectsof takingan action.
Using the sameheuristic, solution quality could be improved, at an increasein on-line
computationatosts by moving to multi-steplookahead.

In multi-steplookaheadratherthandoing game-theoreticeasoningover only the current
actionchoice,robotswould nd locally optimal policiesof lengthn. Givena type space
equalto thesetof all possiblgoint historiesattimestept, robotswould considersequences
of actionsfor the next n timestepsasthe building blocksof their policiesratherthanjust
singleactions. Thesesequencesanbestbe thoughtof asn-steppolicy trees:the root of
the tree gives the immediateactionfor a robot to take while action choicesfor the next
n 1 stepsareconditionedon possiblefuture obsenations. The expectedvalueof sucha
policy treewould be the expectedsumof theimmediaterewardsover then stepsplusthe
expecteduturevalueof thelastaction(leaf of thetree)asgivenby a heuristic.A policy r*
now tells robotswhich policy treeto follow for eachof their possibletypesat timestept.
To selectanaction,arobotusesr! to nd thepolicy treewhichis assignedo its (true)type
0t andthenimplementsthe actiongiven by theroot of thatpolicy tree. At timestept + 1,
robotsconstructanew gameto nd anew policy of lengthn ratherthanre-usingary of the
previously found policy treesbecauséhe expectedvalueof the new policy treeprovidesa
moreaccurateestimateof the expectedpayofs of actionsattimestept + 1. Thisapproach,
sometimecalled receding-horizorcontrol, reduceghe negative effects of approximating

/It actuallyrequiresenumeratiorover all joint strat@ieswhereastratey is anassignmenof anactionto
eachpossibletype. For general-sunproblems a stratgy is deterministicwhereasa policy is notandsothe
setof all joint policiesis muchlargerthanthesetof joint stratgies. For acommon-paydfproblem however,
thereis no needto randomizeover actionsand so only deterministicpoliciesare considered.In this case,
policiesandstratgiescanbe thoughtof asequivalentandsothe setof all possiblgjoint policiesis equalin
sizeto the setof all joint stratgjies.
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thefuturevalueof actionsasn | T, thehorizonof the problem.

In additionto thesetwo mainkinds of approximationthe pruningof low-probability joint

histories(i.e., joint types)resultsin additionalapproximationbecauseall possiblejoint

historiesareno longerrepresentetty BaGA. However, unlike the othertwo levels of ap-
proximation,the effectsof low-probability pruningcanbe easilynegatedby reducingthe
pruningthresholdo zero.Alternatively, moreprincipledmethoddor reducingthe number
of joint historiesthataremaintainedoy BaGA canbeapplied. Thesemethodsarethefocus
of Chapter4.

3.3.4 Sub-GamePerfect Equilibria

In Section2.1.7 thenotionof asub-gameperfectequilibriumwasintroduced.In sub-game
perfectequilibria, the stratgjiesof robotsareguaranteedo bestresponseso eachotherat
all partsof the tree,evenin thosesub-gamesthat cannot be reacheddueto earlierdeci-
sions® While alternatingmaximizationis ableto nd alocally optimal equilibriafor the
full POSG,in generaljt is notableto nd asub-gmeperfectequilibria. This propertyre-
sultsfrom the combinationof usingthe sequencéorm anddynamicprogrammingo solve
the problem. In the sequencdorm, the expectedvalue of a joint sequencehat haszero
probabilityof occurringis 0.0. Thereforeduringa dynamic-programmingack-up theal-
gorithmcannotdistinguishbetweenra joint sequencéhathaszeroprobability of occurring
but would resultin optimalrewardif it could occurandonethatalsohaszeroprobability
but hasa lower reward. As a result, it will selectbetweenthe two in an arbitrary fash-
ion. Evenif thedynamic-programminglgorithmwereto resultin a setof stratgiesthat
area sub-gameperfectequilibrium (dueto how randomchoicesweremade) thosestrate-
gieswill have the sameexpectedvalueasary othersetof stratgjiesthatarethe samefor
thereachableortionsof the tree (but differentfor the unreachablgarts). The algorithm
therefore cannotidentify which of thetwo setsof stratejiesis superior

The BaGA algorithmalsodoesnot nd sub-gameperfectequilibria. By de nition, a sub-
gameperfectequilibriumwill de ne asetof best-responsstratgiesfor every sub-gameof
thetree.But, BaGA only generatestratgjiesfor reachablesub-gamesof thetree.Indeed,

8The only reasorthatan equilibrium point for a multi-stagegamewould not satisfysub-gameperfection
would beif it wasfound by solvinga normalor sequence-formrersionof the original game. As explained
in Chapter2, in thesetwo forms a sub-game perfectequilibrium policy and a policy that is identical for
reachablesub-gamesof thetreebut differentfor non-reachablsub-gameshave identicalevaluationsandso
bothsatisfythetheequationdor nding best-responspolicies. Differencesetweerthetwo policieswould
thereforebeapparenbnly to a humanandnota machine.
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partof its computationakavings resultsfrom pruningout partsof the treethatare com-
monly known to be unreachableTherefore becauset doesnot de ne actionsto take for
unreachablsub-gamesjt cannotby de nition, nd sub-gameperfectequilibria. Further
more,becausef thatpruning,if somethingvereto occurthatwould make anunreachable
sub-gameof the tree suddenlypossible,BaGA would not be ableto properly represent
the problem. However, for the type of problemsexaminedin this thesis,the inability of
BaGAto nd sub-gameperfectequilibriais notimportantbecauseinreachablgortions
of the gametreeremainunreachablelf thereis the possibility of noisy actions(e.g.,in a
real robot problem),thenthat noiseis takeninto accountin the problemdynamics’ This
propertyallows BaGAto retaintheappropriatgoint typesandstill generatevalid solutions.

3.4 Experimental Results

In this section,experimentalresultsare presentedor threedifferentdomains.The rst is
that of the Lady and the Tiger, which is a 2-agentproblemfor which the full POSGcan
be solved for smalltime horizons. The solutionquality and computationatompleity of
BaGA is comparedo that of the full POSG.Additionally, the effects of differentutility
functionson the performanceof BaGA is analyzed.The seconddomainlooked at is that
of the Multiple AccesBroadcastChannel Like the Ladyandthe Tiger, the full POSGof
this n-agentproblemcanbe solved for smalltime horizons. It is includedto demonstrate
hov BaGA handlesproblemswith morethantwo agents.The nal domainis anabstract
2-robotTag problemandis muchlargerin sizethanthe previoustwo problems. The full
POSGcannotbe constructedor RoboticTag andso, instead the performanceof BaGA s
comparedo thatof well known heuristics.

3.4.1 Lady and The Tiger

TheLadyandtheTiger problemis a multi-agentversionof theclassictiger problem(Kael-
bling et al., 1998)createdoy Nair et al. (2003). In this two-state, nite-horizon problem,
two agentsarefacedwith the problemof openingone of two doors. Onedoor hasatiger
behindit, andthe othera treasure.Wheneer a door is openedthe locationof the tiger
is randomlyresetandthe gamecontinuesuntil the x edtime haspassed.The crux of the

9This is somevhatrelatedto the notion of “trembling hands”which canbe usedto resole the sub-game

perfectequilibrium problem (Selten,1975). However, applying “trembling hands” unilaterally to BaGA
would resultin greatlyreducedruningandsonoisyactionexecutionis only modelledasnecessary



86 Chapter 3. Approximate Solutionsfor POSGswith Common Payoffs

Ladyand TheTiger problemis thatneitheragentcanseethe actionsor obserationsmade
by its teammatenor canit obsere therewardsignalandtherebydeducehatthe gamehas
beenreset.lt is, however, necessaryor eachagentto reasoraboutthis information.

The setof statesis S = ftiger-left, tiger-rightg, which indicateswhetheror not the tiger
is behindthe left or right door. The initial distribution over S is f0.5,0.5g. Eachagent
hasthreeactions, A, = flisten open-left,open-righg, andtwo possibleobsenations,
Z; = fhearleft, hearrightg. Thetransition,reward andobsenration emissiondunctions,
T, R andO aregivenin Table3.1. The reward functionis suchthatit is always better
for the agentsto selectthe sameaction;a POMDP formulation of the problemin which
agentscansharetheir obsenationsleadsto only the actions<listen, listen>, <open-left
open-left- and <open-right open-right- beingused(i.e., the remainingjoint actionsare
dominated)If agentannottcommunicatethenthey mustreasoraboutwhatactionis best
to take givenwhatobsenationsandactionstheir teammatanay have taken. For example,
if adooris openediy Agent1 attimestept, thenthe problemis resetdrasticallychanging
theemissionprobabilitiesfor Agent2. If Agent2 doesnotreasoraboutthe possibilitythat
adoorwasopenedjt will placetoo high aweighton its obseration at timestept during
futuredecisionmaking.

3.4.1.1 Comparisonto Full POSG

While the Ladyandthe Tiger problemis small,it allows the policiesconstructedy build-
ing the full extensve-form gameversionof the POSGto be comparedo thosefrom the
BaGA approximation. It alsoshavs how even a very small POSGquickly becomesn-
tractable.Table 3.2 comparegerformanceand computationatime for this problemwith
varioustime horizons. The full POSGversionof the Lady and the Tiger was solved us-
ing the dynamic-programmingersionof alternatingmaximizationon the sequencdéorm
with 20 randomrestarts.Increasinghe numberof restartsdid not resultin highervalued
policies.

For the BaGA algorithm,eachagents type at timestept consistsof its entireobsenation
and action history up to that point. For example,a possibletype at timestep4 is <lis-
ten hearleft, listen hearright, listen, hearright>. Eachjoint type § completelyde nes
a belief b, over world state. Joint typeswith probability lessthan 0.000005are pruned
duringthe constructiorof thetypespace ! andthe probabilitydistribution over thejoint-
type spacerenormalized.If anagents true historyis pruned,thenfor actionselectionit
is assignedhe closestmatchedypein . This matchis found usingHammingdistance.
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Table 3.1: Transition, reward and obsenation emissionfunctionsfor the Lady and the
Tiger problem. All functionsaresymmetricwith respecto the agentsandsoonly half of
the joint actionshave beenshavn (e.g., <open-left open-right- and <open-right open-
left> resultin the sameoutcome). Becauseopeningthe door resetsthe tiger's position,
usefulobsenationsareonly madeif bothagentgperformthelistenactionatthesametime.

| State | Action | tiger-left | tiger-right |

tiger-left | <listen listern> 1.0 0.0
tiger-right | <listen listern> 0.0 1.0
* <open-left*> 0.5 0.5

* <open-right * > 0.5 0.5

@T
| State | Action | Reward |

* <listen listern> -2.0

tiger-left <open-left listen> -101.0
tiger-left <openright, listern> 9.0
tiger-left <open-left open-left- -50.0

tiger-left | <open-leftopen-right- | -100.0

tiger-left | <open-right open-right- 20.0
tiger-right <open-left listern> 9.0
tiger-right <openright, listern> -101.0
tiger-right | <open-leftopen-left- 20.0
tiger-right | <open-leftopen-right- | -100.0
tiger-right | <open-right open-right- | -50.0

(b) R
| State | Action | hear-left | hear-right |
tiger-left | <listen listern> 0.85 0.15
tiger-right | <listen lister> 0.15 0.85
* <open-left*> 0.5 0.5
* <open-right * > 0.5 0.5

(O
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Table 3.2: Computationabnd performanceesultsfor the Lady and the Tiger. Expected
rewardandcomputatiortimeis shavn for thefull POSGsolution. For theBaGAalgorithm,
rewardsare averagedover 100000trials with 95% con denceintervals shavn. Timing

experimentswere performedon a Intel Pentium4, 2.80 GHz machine. Memory, rather
thancomputatiorrequirementspreventedthefull POSGfrom beingsolvedfor thehorizon
7 problem.

Time Horizon Full POSG BaGA
ExpectedReward \ Time(ms) | AverageReward \ Time(ms)
3 5.19 50 5.18 0.15 1
4 4.80 1000 4,77 0.07 5
5 7.02 25000 7.10 0.12 20
6 10.38 900000 10.28 0.21 50
7 10.00 0.17 200
8 12.25 0.19 700
9 15.28 0.26 3500
10 15.07 0.23 9000

At eachtimestepalternatingmaximizationwith 20 randomrestartds usedfor policy con-
struction. The heuristicusedto calculatethe utility of actionsfor the resultsshavn in
Table 3.2 wasexperimentallyhand-tunedo maximizeperformanceand makesuseof the
performanceof policiesfoundfor shorterhorizons. This heuristicis actuallya collection
of heuristicswith the one that maximizedperformancebeingusedfor eachhorizon. In
thefollowing section the effectsof speci ¢ heuristicson performancas investigatedmore
closely

For thosetimestepsfor which the full POSGcould be solved, BaGA was ableto nd
policiesthatresultedn similar performanceout at a fraction of the computatiortime. For
thosetimestepsn which thefull POSGwasnot solved, the overall performancef BaGA
could not be directly evaluated. One could comeup with an estimationof the expected
performancef thefull POSGhy splittingup aproblemwith ahorizonof » into two or more
smallerhorizon problemsandthenapplyingtheir policiesconsecutiely. For example,a
problemwith a horizon of 9 could be consideredas three consecutie instancesof the
horizon 3 problemor as an instanceof the horizon 4 problemfollowed by a horizon 5
problem.Policiesthatconcatenatéogethersmallerpoliciesin this way canberepresented
by thechosertypespaceandthereforecanmake up partof valid solutionsto this problem.

For example,apolicy calculatedor ahorizonof 6 is shovn in Figure3.3(a). Theequilib-
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rium pointwith highestexpectedvaluefoundfor boththefull POSGandtheBaGAwith the
comple heuristicis madeup of anidenticalpolicy for eachagentthatcanbe describedy

thepolicy treein Figure3.3(a). In this policy eachagentperformsthe listenactiontwice,

andthen,if it recevesthe sameobsenationtwice in a row it opensthe appropriatedoor,

andotherwiseit choosedistenagain. Regardlessof whatactionwasselectedn the third

timestepthe agentdistenonthefourth and fth timesteps.Then,usingonly obserations
gatheredon thosetwo timestepseachagentwill openthedoorif its lasttwo obsenations
arethe same.In otherwords,evenif theagentdoesnot opena dooronthethird timestep,
it still ignoresthe obsenationsit receveson thattimestepbecausdhe eventthatat least
oneagenthasopeneda door hashigh enoughprobability to make this a bad obsenration
uponwhich to conditiondecisions Becausdhe agentsgnorethis information,onemight
interpretthis overall policy astheagentdollowing theirhorizon3 policy treefor threesteps
andthen,onthefourthtimestep simply re-startingat theroot of this policy tree.

Using a lesscomple heuristic, suchas someof thosediscussedn the next section,a

differentlocal optimumwasfoundin which eachagentlistensfor the rst ve timesteps
andthen,if it hearsfour or ve of the sameobsenrations,opensthe appropriatedoor. This

policy is shavn asapolicy treein Figure3.3(b). Thispolicy illustratesoneof thedownfalls

of usinga heuristicto evaluatethe future value of actions. In this case the heuristicused
is overly optimisticbecausagentsassumehey will beableto shareall obserationsin the

future. Therefore whenmakinga decisionat timestep3, agentsbelieve they will be able
put off openingthe doorfor anothertimestep(in orderto make a moreinformeddecision
aboutwhich door to open),but still have enoughtime to get the obserationsneededo

openadooronthe nal timestep.However, oncethefourth timesteps reachedtheagents
have a betterestimateof the factthatopeninga doornow andthenperformingalistenon

the fth timestepwill notyield enoughinformationto opena dooron the nal step. As

a resultthey do not openthe door on the fourth or fth timestepseither With a better
heuristic,agentsareableto evaluatethe bene ts of openinga doortwice, eachtime onthe

basisof lessinformation (andthereforewith lower expectedreward), againstopeningthe

dooronly oncebut with higherquality information.

BaGA requiredmuchlesstime to arrive at the 6-steppolicy than performingalternating
maximizationover the full POSGbecausat hadto keeptrack of a fraction of the num-
ber of obseration histories. In the full POSG,therewere over a thousandnformation
setsin its tree representation.Thus, the evaluationof the leaves (all policies of length
6) requiredevaluatingroughly nine million joint sequencebeforethatinformationcould
be bacled up to earliertimesteps. In contrast,BaGA resultedin type spaceswith size
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of j j =f1,2,4,8,16,38 for eachagentmeaningthat the most expensve alternating-
maximizationstep,which wason the nal timestep,only hadto evaluate1024 joint se-
qguences.

As thehorizonof theproblemincreasesthe pruningthresholdof 0.000005startsto reduce
the numberof joint types,which in turn reduceghe numberof individual typesfor each
agent.For example,while the upperlimit onthetypespaceof a 10-stepproblemisj j =
2! 1, in practicethe sizesof the type spacesverej !j =f1,2,4,8,16,32,52,104,208,44.6
which helpedto keepthe problemmanageable.

3.4.1.2 Heuristic Function Evaluation

In orderto evaluatethe effectsof the heuristicfunction upon performancefour different
utility functionswere usedin the BaGA algorithm. A sel sh versionof eachof these
heuristicswasalsoimplementedn orderto judgehow performances improved by doing
afull stepof game-theoreticeasoningon the currentactionselection.In a sel sh policy,

eachagentconstructsa belief stateusingonly its own obsenationsandthenuseshatbelief
stateto evaluatethe expectedreward of actionsgiventhe currentheuristic. Theagentthen
implementsvhatit believesto bethe bestaction.

The rst of thefour utility functions simple-heuristicis asimpli ed versionof theheuristic
usedthe previous section. This heuristicis also baseduponthe performanceof policies
foundfor shortertime horizons,but hasnot beenhand-tunedor eachhorizonvalue(i.e.,
ratherthanhave a differentheuristicfor eachhorizon,the single heuristicthat performed
bestfor the mosthorizonswaspicked). This heuristicmakesthe assumptiorthat, afterthe
currenttimesteptheagentswill playaccordingo apreviously foundapproximatesolution.

The secondutility function, coop-POMDER usesa heuristicthat assumeshat the agents
will be ableto fully communicateafter the next timestep. This heuristicwas calculated
usingthe publicly availablepomdp-solvéCassandral 999)to solve the POMDPin which
ameta-agenhasanactionandobsenationspacesqualto thejoint-actionand-obsenration
spaceof the original problem. The utility of a joint-action,joint-type pair, f a, 6g, is the
expectedmmediatereward for thatjoint actiongiventhe belief by, plusthe sumover the
expectedfuture valueof eachpossibleoutcomeof thejoint actionasgivenby the POMDP
solution.Forthesel shapplicationof this heuristic,eachagentsimply constructsts current
beliefandthenappliedts partof thebestoint actionasgivenby thePOMDPsolution. This
approachs an exampleof anextremelyoptimistic heuristic,which resultsin sub-optimal
policiessuchasthe oneshavn in Figure3.3. The over-estimationof future reward causes
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Figure 3.3: Examplepoliciesgeneratedor a 6-stepversionof the Lady and the Tiger problem. The policiesgeneratedising
alternatingmaximizationonthefull POSGwerethe samefor eachagentandsoonly oneis shavn (asapolicy tree)in (a). While
BaGAis ableto nd the samepolicy treesusingthe heuristicdescribedn Section3.4.1.1andthe single-POMDP(pessimistic)
heuristicof Section3.4.1.2,otherheuristicsresultin a locally optimal policy in which both agentshave a policy given by the
policy treein (b). The actionandobsenationssetsareshavn using<L,OL,OR> and <HL,HR> respectely in orderto save

space.
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the agentsto not opena door at a (riskier) earlier stepbut ratherto put off openingthe
dooruntil they becomemorecon dentaboutthetiger'slocation.Dueto themisconception
thatfuture obsenationswill be pooled(andtherefore notasmary stepswill be neededo
determinghetiger's new position),the agentdelieve they still have time to openthedoor
twice eventhoughit is nolongertrue.

The nal two utility functions,single-POMDHRoptimistic)andsingle-POMDRpessimistic),
make the assumptiorthat while the agentswill not be ableto communicatefterthe next
step,the otheragentwill be passve. As with coop-POMDR the utility of a joint-action,
joint-type pair is the expectedimmediatereward for the joint action, plus the sumof the
expectedvalueof eachpossibleoutcomeof the joint actiongiventhe POMDPsolutionfor
eachresultingbelief. The POMDP formulationusedto constructtheseutility functions
only usestheindividual actionsetof an agentandits obsenations(andassociate@mis-
sion probabilities). Thereward functionused,however, re ects whetheror not the second
agentis assumedo pick the sameaction (optimistic) or only pick listen (pessimistic).In
theformercasetherewardfunctionis overly optimisticbecausét assumeshattheagents
will alwaysopendoorstogether while in the latter it is overly pessimisticasit assumes
the agentswill never opena door together What makesthe single-POMDP(optimistic)
utility function differentfrom that of coop-POMDPis that only individual obsenations
andtheir emissionprobabilitiesare usedto solve the POMDR For the POMDP solution,
it meansmorelisten actionsarerequiredto generatebeliefsfor which openinga dooris
optimal,andfor BaGA it meanghatagentsarenotasproneto over-estimatingheamount
of rewardthatthey canreceve in asmallnumberof timesteps.

For theseproblemsBaGA ran with 200 randomrestartsastime was not an issue. The
single-POMDP(pessimistic)utility functionwasalsorun with a quasiadditionalstepof

lookahead. It was not a true 2-steplookaheadversionof BaGA. Instead,the function,

whenevaluatingthe expectedfuture valueof a <listenlisten> action,propa@tesforward

all possibleobsenationsandthen, ratherthan corverting thosedirectly into belief states
and looking up their value in the POMDP solution, calculateswvhat happensn the true
reward spacef theagentsareableto coordinatein the next timestep.Regardlessof what
actionis taken in this hypotheticalsecondstep, the outcomesare corvertedinto belief
statesandtheir expectedfuture valuesarelooked up in the POMDPsolution. Theresultis

a fth utility heuristicthatfalls somevherebetweercoop-POMDPandsingle-POMDP it

assumeshattheagentswill beableto communicat€dandthereforecoordinatepnthenext

timestepbut will notbeableto communicatevith eachotherafterthat.

As shavn in Figure 3.4, in all but the single-POMDP(pessimistic)case,BaGA clearly
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performsbetterthanthe sel sh policy thatusesthe sameutility function. The onestepof
game-theoreticeasoningover the obsenationsand action selectionof otheragentssub-
stantiallyimprovesthe quality of the resultingpolicy. As expected the sel shimplemen-
tationof single-POMDP(pessimisticdoesmuchbetterthanthe othersel shimplementa-
tions, becausehe single-POMDP(pessimisticutility functionprovidesa decentestimate
of how well a singleplayercando. The POMDP solutionis constructedisingonly a sin-
gle agents obsenation emissionprobabilitiesandusesa reward functionthatassumeshe
otheragentwill never openadoor. As aresult,asel sh agentis muchmoreconserative
(performsmorelistenactionsbeforeopeninga door) whenusingthis heuristicthanit is in
the otherthreecases.While no oneinstanceof BaGA outperformedhe sel sh heuristic,
BaGA achieredbetterperformancen alternatdimestepswith eitherthe basicheuristicor
with a versionthat simulatedanothedookaheadn reward space. This resultre ects the
cyclical natureof the problemandhow on certaintimestepst paysto bemoreconsenrative
whenestimatingfuture rewvard thanon others(seethe discussiorin Section3.4.1.1onthe
optimal 6-steppolicy for anexample).

Theseresults,however, do not meanthatthe BaGA approachs invalid, it justemphasizes
thatthe choiceof heuristicis importantto the overall solutionquality. Evenwith a lower
quality heuristic(e.g.,onethat overemphasizefuture coordination),BaGA canresultin
muchhigherperformancehanasel sh approachn whichthereis no attemptto modelthe
decision-makingrocesof the otheragents.

3.4.2 Multiple AccessBroadcastChannel

The Multiple AccesBroadcastChannelproblem(MABC) is designedo simulatea com-
municationsnetwork in which thereare multiple nodes,eachof which canreceve and
transmitmessagedn this network, only onemessageanbe transmittecat a time andthe
overall goal of the systemis to maximizethe throughput,or numberof messagesuccess-
fully transmitted.Eachnodehasa buffer thatis limited to containonly one messagelf
node;'s buffer is emptyattimestept, thenanew messagevill arrive ontimestept+ 1 with
probability p;,. Thereis no communicatioravailableto the nodesandso eachnodemust
independentlglecidewhento transmitamessagetHowever, nodegeceve (possiblynoisy)
obsenationsaboutwhetheror notamessagés successfullfransmittedthey areinformed
if acollisionoccurredjf a messagevassuccessfullyfransmittedor if the systemwasidle
(no nodetransmitteda message)lf a collision doesoccut thenany messageswvolvedin
thecollision arelost.
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Figure 3.4: Comparisorof differentutility functionsfor the Lady and the Tiger. For all
casesjoint typeswith probability lessthan0.000005were prunedand performancevas
averagedover 100000trials with 95% con denceintervalsshawn. In (d), the performance
of boththebasicutility functionandonethatattemptdo simulatea 2-steplookaheadn the
rewardspaceareshavn. BaGA used200randomrestartdo nd eachpolicy.
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Table3.3: Thelocal transitionfunction for the Multiple AccesBroadcastChannelprob-
lem. This function governsthe transitionsbetweenthe local stateof agent: with new
messageatep;.

| Local State | Local Action | full | empty]

full transmit pi | 1.09;
full idle 1.0 0.0
empty idle pi | 1.09;

This canonicaldecentralizedABC problemwas formulatedby Ooi & Wornell (1996)
andlaterrecastasafully cooperatte POSGby Hanseretal. (2004).In this latterversion,
nodesareonly informedif a collision occurredor did not occur;they cannotdistinguish
betweenthe systembeingidle anda successfutransmissiorby a singlenode. It is this
reducedbsenationsetthatis usedin this thesis.This problemhasbeenincludedbecause
it is anexampleof an-agentPOSG.

The statespacefor this domainis the cross-producof the buffer statesof eachof the
n agents,S; = ffull,empty, which hasa size of 2. In this versionof the problem,
the initial global stateis unknavn. Eachagenthastwo possibleobsenations, collision
and no-collision in additionto full knowledge of its own local state. The obsenation
spacas Z; = f collisionno-collisiorg  f full,empty exceptfor the rst timestepn which
Z; = ffull,empty asno obsenationaboutcollisionshasyet beenreceved. This problem
Is implementedwith no noisein the obsenationsandso eachagentrecevesanidentical
obsenation of eitherno-collisionor collision. The problem,however, is still partially ob-
senablebecausen additionto having only knowledgeof its local stateandown action,an
obsenation of no-collisiondoesnot, by itself, allow a singleagentto distinguishbetween
ateammatesuccessfullysendinga messager no onesendinga message.

Eachagenthastwo possibleactions, A; = ftransmit idleg; however, if anagenthasa
local stateof empty it canonly choosetheidle action. This restrictionis usedto reduce
the overall numberof actionchoicesthatmustbe representedndre ects thefactthatthe
transmitactionhasno effect on an emptybuffer. The local statetransitionof eachagent
is shavn in Table 3.3. The teamreceves a reward of 1 for eachmessagesuccessfully
transmittedandotherwiseit recevesnothing.

Like the Lady and the Tiger problem,MABC is small enoughto allow the full POSGto
be constructedand solved for shorttime horizons. The full POSGwas solved usingthe
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dynamic-programmingersionof alternatingmaximizationon its sequencéorm with 10
randomrestarts.Table3.4 compareperformanceindcomputationatime for this problem
with variousnumbersf nodestime horizonsandtwo setsof nev messageatesp;.

For the BaGA algorithm,eachagents type at timestept consistsof its entireobsenation
andactionhistory up to that point. For example,a possibletype at timestep3 is <f full,
transmig, f no-collision, emptyidleg, f no-collision fullg>. Eachjoint typed completely
de nesastatein S, sy, becausehe problemis collectively fully obsenable. Obsenations
arethereforeusedascommonknowledgeto help pruneimpossiblgoint types. For exam-
ple, it is commonknowledgethatall agentseceve the sameobsenationandsoary joint
type with con icting obserationshaszeroprobability Furthermorejf the policy found
attimestept 1 hasonly oneagenttransmitting,thenit is impossiblefor a collision to
have occurredandsoary joint typewith the obsenrationcollision canbecut. Additionally,
joint typeswith probability lessthan0.000001are prunedduring the constructionof the
typespace ' andtheprobabilitydistribution over thejoint-type spacaenormalizedIf an
agents true history is pruned,thenfor actionselectionit is assignedhe closestmatched
typein % This matchis found usingHammingdistance. At eachtimestepalternating
maximizationwith 20 randomrestartds usedfor policy construction

Threedifferent heuristicfunctionswere consideredor evaluatingthe utility of actions.
Themostsimpleof the heuristicsgreedy de nesthevalueof ajoint actiona to beonly its
immediatevaluegiventhe globalstatede ned by thejoint type#. This heuristicis de ned
entirely by therewardfunction. The secondheuristicfunction, fully-coopeative, assumes
that after the currenttimestep,the agentswill have full communication.The utility of a
joint action, joint type pair, f a, 6g, is thereforethe immediatereward for thatjoint action
giventhe statesy, plusthe sumover the future value of eachpossiblenext global states)
asgivenby the solutionto afully obsenableversionof the problem.

The nal heuristic,no-communicatiormakesno assumptionsntheinformationavailable
to the teamafter the currenttimestep. As with fully-coopeative the expectedvalue of
fa,0g at timestept is de ned to be the immediatereward given the global states, plus
the sumover the expectedvalue of eachpossiblenext states). Unlike fully-coopentive,
this expectedvalue of s9 doesnot comefrom the fully obserable problem, but rather
from the solution to the full POSGwith startingconditionss) and a horizonof ¢ 1.
Thesolutionsto full POSGgepresentingll possiblestartingconditionsandtime horizons
wereprecalculatedh orderto implementthis heuristic.lt waspossibleo dosobecausghis
heuristicdoesnot requirethe mostcomputationallyexpensve conditionsof fn = 3,7 =

4gorfn = 4 T = 3gto be calculatedor eachpossibleglobal statesbut ratheronly for
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fn=3T=3gandfn= 4T = 2g.

As with Ladyand TheTiger, asel shversionof eachheuristicfunctionwasalsoevaluated.
For the sel sh policy, eachagentconstructsa belief stateover the the global stateS based
on its own local stateandthe nev messageatesof its teammatesy ;. Usingthatbelief

state theagenichooseshejoint actionwith highestexpectedeward,giventheappropriate
heuristicfor evaluatingutility, andthenimplementsts partof thatjoint action.

Usingthe no-communicatiomeuristicfor a utility function,BaGA s ableto performsim-
ilarly to the full POSG,but at a fraction of the computationatost. As seenin Table 3.4,
thesavingsin time is a directeffect of the smallersetof joint typesthatarerepresenteth

theBaGA algorithm.Unlike thefull POSG BaGA interlearesplanningandexecution,and
soit is ableto pruneaway large partsof the gametreedueto early decisions.It alsodoes
not needto represenjoint typesthatit knows to be impossiblesuchasthosethatinclude
a collision obsenation eventhoughonly onenodetransmitted.If the nev messageates,
p;, aresuchthatonenodehasa muchhigherprobability of receving a messagehanthe
othernodes,thenthe optimal solutionto the POSGhasonly that one nodetransmitting.
The othernodesare alwaysidle in orderto avoid a collision. This type of policy allows
BaGA to pruneaway morejoint typesthanin the casewherep, = p; for alli 6 j. The
sequencéorm for thefull POSG however, cannotbene t from this pruning.

Theno-communicatioheuristicis very accurateit usessmallerversionsof thefull POSG
to evaluatethefuture expectedvalueof takingactions.As anticipatedastheheuristicused
for the utility function increasesn accuray, the overall performanceof BaGA alsoin-
creasesThisfactcanbeseenn Table3.5in whichthe performancef thethreeheuristics,
greedy fully-coopeative, andno-communicatiorecompared Resultsfor the sel shim-
plementatiorof eachpolicy arealsoincludedto shav how onestepof game-theoreticea-
soningimprovesperformancever blindly applyingthebaseheuristic. Thegreedyheuristic
is the leastaccurateof the threeheuristicsbecauset only usesimmediaterewardto eval-
uateactions,but it is alsothe easiesto evaluate. The fully-coopeative heuristicis more
accuratédecausét includesanestimationof future expectedreward. It canthereforeden-
tify whenit is advisablefor a nodeto hold off on transmittingon the currenttimestepin
orderto transmiton a future timestep. The estimateof future expectedreward, however,
assumeshatthe nodeswill have full communicatiorafterthe currenttimestep.It is there-
fore lessaccuratehanno-communicationin which thefuture expectedvalueis calculated
usingtheoriginal problemdynamics.However, it is mucheasieito evaluatethe solutionto
afully-cooperatve versionof thegamethanit is to solve thefull POSGwith horizonT 1
for eachpossibleglobalstate.
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Table3.4: Computationahndperformanceesultsfor MABC whentheinitial globalstate
is unknavn. Expectedreward andcomputatiortime is shavn for the full POSGsolution.
For the BaGA algorithm, rewardsfor the no-communicatiowitility heuristicareaveraged
over 10000trials with 95% con denceintervalsshavn. Theaveragenumberof joint types
ateachtimesteps shavn for BaGA and,unlessstatedotherwise 95%con denceintenals
were0.0050r smaller Timing experimentsvereperformedonalntel Pentiumd, 2.80GHz

machine.
Parameters Full POSG BaGA
Exp. | Time(ms) jOf Avg. Time(ms) jOY
Reward Reward
n=21T=25, 2.96 243000 f4,100, 2.96 35 f4,12,36,
p=10.4,0.4g 2704, 0.02 107.99
73984, 0.01,323.96
2027776 0.04
n=21T=35, 3.77 243000 f4,100, 3.77 30 f4,12,32,
p=10.7,0.39 2704,73984, 0.02 80,239.91
202777@ 0.04
n=31T=3, 1.82 36000 f8,1000, 1.84 90 8,36,144g
p=10.4,0.4,0.49 140608 0.02
n=31 =3, 2.44 36000 f8, 1000, 2.40 85 f 8, 36,
p =10.75,0.5,0.259 140608 0.01 136.92
0.1
n=3,1T =4, 2.61 6960000 f8,1000, 2.62 370 8, 36,144,
p=10.4,0.4,0.4g 140608, 0.02 576.99
20123648 0.01g
n=3,1T =4, 3.31 6960000 f8,1000, 3.31 330 8,36,
p =10.75,0.5,0.25g 140608, 0.01 128.05
20123648 0.02,
480.12
0.0y
n=4,T =3, 1.90 5570000 | f16,10000, 1.91 6700 16,144,
p=10.4,0.4,0.4,0.49 731161¢ 0.01 864y
n=4,T =3, 2.60 5570000 | f16,10000, 2.58 1800 16,108,
p=10.8,0.6,0.4,0.2g 7311616 0.01 575.72
0.0




Table 3.5: Comparisorof threedifferentutility functionsfor MABC: greedy fully-coopeative andno-communicationFor all
casesjoint typeswith probability lessthan 0.000001were prunedand performancevas averagedover 10000trials with 95%
con denceintervalsshavn. Theaveragesumof joint typesover eachtimesteps shovn for BaGAwith 95%con denceintervals.

Resultsarealsoincludedfor the sel sh applicationof eachheuristic.

Parameters greedy fully-cooperative no-communication
BaGA p sel sh BaGA p sel sh BaGA p sel sh
Avg. i T Avg. Avg. it Avg. Avg. [ Avg.
Reward Reward Reward Reward Reward Reward

n=2T=5, 2.40 0.02 | 1364.00 0.00 2.38 0.02 || 296 0.02 483.98 0.02 234 0.02 || 296 0.02 484.85 0.05 241 0.02

p= 0.4,0.49

n=2T=5 3.74 0.02 367.32 0.11 290 0.02 || 3.77 0.02 367.89 0.05 290 0.02 || 3.77 0.02 367.91 0.04 2,90 0.02

p=10.7,0.3g

n=3,T=3, 1.77 0.02 272.18 0.03 129 0.02 || 1.76 0.02 272.00 0.00 1.27 0.02 || 1.84 0.02 188.00 0.00 1.29 0.02

p=10.4,0.4,0.4g

n=3T=3 241 0.01 181.06 0.16 122 0.17 || 2.40 0.01 180.93 0.16 122 0.02 || 240 0.01 180.92 0.16 1.21 0.02
p= f0.75,0.5,0.259

n=3,T= 4, 253 0.02 | 1137.84 0.24 1.72 0.02 || 2.63 0.02 763.99 0.01 1.71 0.02 || 2.62 0.02 763.99 0.01 1.74 0.02

p=10.4,0.4,0.4g

n=3,T=4, 3.24 0.02 694.79 0.74 163 0.02 || 3.32 0.01 652.12 0.07 163 0.02 || 3.31 0.01 652.17 0.08 1.61 0.02
p= f0.75,0.5,0.259

n=4,T=3, 1.89 0.02 | 1024.00 0.00 1.03 0.02 || 1.89 0.02 | 1024.00 0.00 1.03 0.02 || 1.91 0.02 | 1024.00 0.00 1.03 0.02
p=10.4,0.4,0.4,0.49

n=4,T=3, 258 0.01 699.73 0.08 0.75 0.01 || 259 0.01 699.69 0.09 0.74 0.01 || 258 0.01 699.72 0.08 0.74 0.01
p= f0.8,0.6,0.4,0.2g
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Thelower performancef thegreedyheuristiccomparedo theothertwo is mostnoticeable
in the casewhenall nodeshave the samenen messageate. Unlike the casein which one
node hasa much higher p; thanthe rest (and thereforeleadsto a policy in which it is

the only nodeto transmit),all nodeshave equalstatusandso the future effectsof actions
becomesnoreimportant. Additionally, because, is setfairly low, it is now possiblefor a
solutionto have policiesin which two nodestransmittingmessagesn the sametimestep.
Thesepoliciesdo not actuallyresultin alot of collisionsbecauséhe probability thatboth

nodeshave afull buffer (andthereforeactuallytransmitat the sametime), is very low.

For themostpart,thefully-coopertiveandno-communicatioheuristicgperformsimilarly
with the only exceptionbeingthen = 3,7 = 3, p;, = 0.4 casein which no-communication
outperformgheothertwo heuristics.Thisresultis promisingbecause¢hefully-coopeative
heuristicis easierto computeandsoit canbe more easily be extendedto problemswith
longertime horizonsaswill bedonein thefollowing chapter

In all theresultspresentedthe network startsout with anunknawvn globalstate. Thisleads
to policiesin which, if onenodehasa muchhighernev messageate,it is the only one
which ever implementsa transmitaction. If BaGA (or alternatingmaximizationon the
full POSG)is startedwith a known global state(suchas all nodeshaving full buffers),
thenthe optimal policy changes.For example,if n = 3,7 = 3 andall nodesstartwith

full buffers, thenregardlessof the new messageate of eachnode,a differentnodewill

transmiton eachtimestepleadingto a guaranteedeward of 3. In this fashion,BaGA is
ableto generateoliciesthat performedequialently to theresultsin Hanseret al. (2004)
forn=2p=10901g9, 7 4, andaknown initial globalstate(e.g.,all buffersfull).

3.4.3 Robotic Tag

The RoboticTag domainis a 2-robotversionof Pineauet al.'s (2003a) Tag problem. In
this problem,two robotshave 100timestepgo herdandcapturean opponenthat moves
with a known stochastigolicy in the discreteervironmentshovn in Figure3.5. Oncethe
opponentis herdedinto the goal cell, the two robotsmust coordinateon a tag actionin
orderto receve arewardand nish thetask.

The statespacefor this problemis the cross-producbof the two robot positions,r; =

fso,...,s280, andthe opponentstateop = fso,..., 28, S1ag0ead- The size of the state
spaceS = r; 1, opis 25230states.All threeagentsstartin independentlyselected
randompositionsandthe gameis over whenop = s,,4.4. Eachrobothas ve actions,
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A; = fnorth, south,east,west,tagg, andall actionshave deterministiceffects (e.g.,an

action of eastwill always move the robot right a cell unlessthe robotis at the eastern
boundaryof the ervironment). A sharedreward of -1 is imposedfor eachrobot's motion

actionwhile thetag actionresultsin a reward of +10 to the teamif bothrobotsselecttag

andthe conditionsshowvn in Figure3.5 aremet. Otherwise this actionresultsin a reward

of -10to theteam.

Eachrobotis ableto detectits currentcell positionwith certaintyandso hasfull observ-
ability of its own local state.Eachrobothowever, is only ableto senseonly its currentcell
andsothe positionof the opponenis completelyunobserable unlessthe opponents in
the samecell asthe robot. Two versionsof this problemare considered:in the rst, the
positionof the two robotsarefully obserableto eachother(known-teammate-positipn
andin thesecondarobotonly obsenesits teammates positionif they arein thesamecell
(unknown-teammate-positiphereis no communicatiorbetweertherobotsandsothey
cannotshareobsenations, nor their positionin the caseof unknown-teammate-position
The startingpositionof eachrobotis, however, alwaysknown with certainty The oppo-
nentalways selectsactionswith full knowledgeof the positionsof the robotsand hasa
stochasti@olicy thatis biasedtowardsmaximizingits distanceto the two robots. In this
fashion,even thoughmultiple agentscanbe locatedin the samecell, the robotteamcan
still move in suchaway asto in uence the positionof the opponent.

This problemis interestingwith respecto decentralizedlecisionmakingfor severalrea-
sons. First, it is a muchlarger problemthanthat traditionally looked at in the POSGlit-

erature.Secondpecausehe opponents attemptingto maximizeits distanceto the robot
teamthe robotsmustcoordinatetheir actionsin orderto “herd' the opponentowardsthe
goalcell. This coordinatecherdingis necessargvenin afully obserableversionof the
problemandis only madeharderby the robotshaving suchlimited sensors.Finally, the
robotsmustalso coordinateon selectingthe tag actionat the sametime andin the right
placein orderto win.

A fully obsenablepolicy wascalculatedor arobotteamthatcouldalwaysobsene the op-
ponentusingdynamicprogrammingandassuminganin nite-horizon versionof the prob-
lem with a discountfactorof 0.95. The Q-valuesgeneratedor this policy werethenused
asa @,/ pp heuristicfor calculatingutility in theBaGA algorithm. This utility functionas-
sumeghat, afterthe game-theoreticeasoningf the currenttimesteptherobotswill have
full obsenrability of the problem.

In the rst versionof the problem known-teammate-positiothe setof types, ;, for each
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Figure3.5: AbstractWeanHall ernvironmentfor RoboticTag. This pictureshavs the en-
vironmentin which the two robotsare trying to capturethe opponent. They canonly
successfullyagthe opponenif it is in the cell markedwith the starandat leastoneof the
robotsis alsoin thatcell with the otherrobotin oneof Cells25,27 or 28.

17 18 19

robotconsistsof all possiblehistoriesof obsenationsof the opponent.It is not necessary
to include information aboutthe actionstaken by eachrobot becausédheir positionsare
completelyknown to theteamandactionsaredeterministiqandthereforeary joint history
that hasan actionfor a robotgiven by = thatis inconsistenwith the robot's positionat
timestept + 1 canbe pruned)!® While this versionof the problemhasa branchingfactor
with anupperboundof three(on eachtimestepthereareasmary asthreetimesthenumber
of possiblejoint histories,or types,astherewere on the previous timestep),in practice
mary fewer typesarekeptateachtimestep.Thecommonknowledgeof teammatgoosition
allows ary type for which the policy assignsan action that doesnot matchthe robot's
currentpositionto be prunedfrom further considerationBecausef this pruning,the size
of thetypespacdor arobotrarelygotabove 20in theexperimentatunsandwasfrequently
muchsmaller As aresult,eachrobotactuallyhasafairly goodideaof whatobsenrations
its teammatdasmade.

0alternatively, onecanconsidetthelocal stateof eachrobotto be partof its obsenationsabouttheglobal
stateof the problemandaugmenthetype spaceaccordingly All typesthatdo not conformto thetruelocal
stateof therobot, however, will be prunedbecausén the known-teammate-positiorersionof this problem
this local stateinformationis known to be commonknowledge.
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In unknown-teammate-positipa history tracksthe robot's position and action taken at
eachtimestepaswell asits obsenationsof its teammatendtheopponentThisinformation
allowsthe probabilitydistribution over joint typesto bemodi ed bothby usingthepolicies
m; computedby BaGA andthroughmutualobsenrations(or lack thereof). This versionof
theproblemalsohasabranchingactorwith anupperboundof three(dueto perfectsensing
of boththeteammatendopponent) however, thereis no longerthatcommonknowledge
of teammatepositionto keepthe size of the type spacebounded.Instead,over time, the
sizeof thetypespaceggrows. In theexperimentaluns,ahigherpruningthresholdof 0.0025
wasusedfor the unknown-teammate-positi@onditionbut still, the total numberof types
wasaboutanorderof magnitudegreaterthanthatof the known-teammate-positiomriant.

For eitherversionof the problem,eachjoint typef containsenoughinformationto de ne a

beliefstateb, overthepositionof theopponenin theervironmentandthe positionsr; and
ro. It is possible however, thatf is nota valid joint historyandsoduringthe construction
of the setof possiblegjoint historiesat timestept + 1, ary joint historythatdoesnot result
in avalid belief stateis pruned(i.e., its probability of occurringis zero).For example,two

historiesthathave the robotsseeingthe opponenin two differentcells cannotcombineto

createa valid joint history If obsenationsof theteammateare partof the histories,then
a valid joint history will have teammateobsenationsthat are consistenwith the robot's

positionas given by their histories. Note that this is a direct consequencef the sensor
modelbeingusedin this domainandis nottruefor all problems.

Givenavalid joint type, 8, the utility of takingtheactionsa;andas is:

X
u(as, az,0) = bo(s)Q(f 1,72, 59, a1, azQ)

52 s0p

whereQ(fry, 2, g, f ay, a»Q) is the Q-valueof takingthejoint actionf a4, a,g in the state
givenby thepositionsry, 7, andop = s. Becausehede nition of aQ-valueis therewardin
thecurrentstateplusthediscounteduturereward (assuminganoptimalpolicy is followed
from thenon), this heuristiccombinegheimmediateexpectedreward of takingtheactions
a; anda, with the future expectedrewardratherthancalculatingthemseparatelyFor this
problem,joint historieswith probabilitylessthan0.00025wereprunedfrom consideration
in the known-teammate-positiamaseand0.0025in the unknown-teammate-positi@ase.
If arobot's true history is prunedaway thenit implementsthe actionfor the type with
whichit hasthe smallestHammingdistance.ln the next chapteya bettermethodfor type
matchingis discussed.
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Two commonheuristicsfor partially obserable problemswereimplementedn addition
to BaGA. In thesetwo heuristics,eachrobot maintainsan individual belief statebased
only uponits own obsenationsandusesthatbelief stateto make joint actionselectionslt
thenimplementdts half of the joint actionit selected.In the caseof unknown-teammate-
position eachrobot alsomaintainsa believed positionof its teammatehatit updatesoy
assuminghatits teammatewill implementthe other half of the joint actionit selectsat
eachtimestepandby usingary positive obsenationsof its teammatdthe only information
aboutactionselectionto which it hasaccess).That believed positionis thenusedasthe
valuefor r ; in its action-selectiomprocess.

In the Most Likely State(MLS) heuristic,a robot selectsthe mostlikely opponentstate
from its belief stateandthenimplementsits half of the bestjoint actionfor that stateas
givenby thefully obserablepolicy. In the Q,,;pp heuristic,therobotimplementgts half
of the joint actionthat maximizesits expectedreward givenits currentbelief state. This
Qnpp heuristicis similar to the sel sh applicationof the Lady and The Tiger's utility

functionsin thateachrobotimplementshe actiongiven by the BaGA utility function but
for its independentlgonstructedelief state.

Table 3.6 comparesthe performanceof MLS, @Q,,pp and BaGA for both the known-
teammate-positioandunknown-teammate-positi@onditions. Successs the percentage
of trialsin whichtheopponents caughtwithin 100timestepsAlso includedis how ateam
with full individual obsenrability of the problemperforms. While this is an upperbound
on performancan this domain,it is not intendedas a realistic estimateof how the opti-
mal solutionto this problem giventhetrueindividual partialobsenrability, would perform.
A morerealisticboundwould be found by solving the fully cooperatre POMDP version
of this problem;however, the problemis too large to do so using currentapproximation
techniques.

With anopponenthattriesto maximizeits distancefrom the team,a goodstrateyy is for
eachrobotto go towardsdifferentendsof the maincorridorandthen herd' the opponent
towardsthegoalcell. Herdingcanbeaccomplishedavithouteveractuallymakingapositive
identi cation of the opponent position. For example,usingthe BaGA policy, eachrobot
makesits way down to one of the two endsof the corridor and then waits a couple of
timestepantil its teammateeacheshe otherend. By thistime, it is highly likely that, if
theopponentvasin this corridor, it would have startedo make its way towardsthemiddle.
Therobotsthenstartto move towardsthe middle of the corridorin lock-step,driving the
opponenup into theroomat thetop. Therobotsthenmove into this roomin suchaway
asto forcethe opponeninto theupperright corner
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Table 3.6: Resultsfor RoboticTag in the WeanHall ernvironment. Averagecumulatve
reward for the teamaswell asaveragenumberof iterationsto capturethe opponentare
shavn with resultsaveragedover 10000trials with 95% con denceintervals shavn. %
successs thepercentagef trialsin whichtheopponentvassuccessfullyaggedwithin 100
timestepsResultsarealsoshavn for the performancef thefully obsenablepolicy under
full obsenrability. In the known-teammate-positiorariation, joint typeswith probability
lessthan0.00025areremoved from the type spaceandin the unknown-teammate-position
this thresholdwasraisedto 0.0025.

| Algorithm | AverageReward | Averagelterations | % Success

known-teammate-positia@ondition

Fully Obserable| -17.61 0.24 14.80 0.12 100.0%
BaGA -73.26 1.32 39.24 0.59 86.8%
MLS -106.32 1.51 54.72 0.11 74.2%
Qupp -168.70 1.48 78.88 0.57 41.0%

unknown-teammate-positi@ondition
BaGA -88.15 1.52 45.69 0.67 77.5%
MLS -186.85 1.63 82.74 0.64 23.4%
Qumpp -202.04 0.81 96.23 0.33 4.9%

Dependingon the startingconditionsof the two robots,BaGA doesnot alwaysfollow this
policy exactly. For example,considerthe robottrajectoriesshovn in Figure 3.6. In this
case the two robotsstartnearthe top room, andso they move towardsthe goalcell in an
attemptto quickly catchthe opponent(Figure3.6 (a)). If the opponentwvastherethenit

would be capturedhowever, it is not, andsothe robotsmove backdown into the corridor
(Figure 3.6 (b)) andstartherdingthe opponentowardsthe goal (Figures3.6 (c) through
(f)). While this sortof stratgy paysoff enoughto make it worth while in expectation,if

theopponenis notin thetop roominitially, the discovery of this factusuallycomesatthe
costof afailedtag actioninitiated by therobotthatis notin thegoalcell.

In otherruns,becausé¢he opponent behaiour is only biasedowardsmoving away from
the team, the low-probability event of the opponentnot moving away from the end of a
corridorcausegherobotthatis handlingthatendof the corridorto startto move towards
the middle without herdingthe opponenin front of it. If therobotseeghe opponenit is
ableto correctits policy; otherwise,oncethis it discoveredthrougha miscoordinatiorof
thetagactionatthegoalcell, therobotsgo backandaresuccessfulA robot,however, does
wait multiple timestepsat the endof a corridor, which minimizesthe probability thatthe
opponentvill notmove. Overall, therobotsareableto capturethe opponentabout87% of
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thetime within 100stepsaveraging40 timestepon successfulrials.

With the MLS heuristic,the robotswill only pick coordinatecactionsif they have similar

belief states. If they do have similar beliefs, thenthey will both selectsimilar statesas
the mostlikely positionfor the opponentandfollow a similar herdingstrategy to the one
above, but modi ed to take into accountwherethey think the opponentactuallyis. For

example,if they startin the middle of the corridor, thenthe belief aboutthe opponens

positionquickly becomesri-modal asthe opponentwill move away into eitherthe room

or opposingendsof the corridor Dependingon which modehashigher probability the

robotswill eithersweeptowardsthe endsof the hall or into the roomdirectly. As more
obsenationsaremade the distribution over the modeswill shift, which cancausea robot
to decidethata new locationis morelikely. For example,if arobotis moving towardsthe

left endof thecorridorbecausét believesoneof thosepositionsto bethe mostlik ely state
for the opponentut thenswitchesto believing theroomis morelikely, it will notgo right

to the endof the corridor but insteadturn around.Therefore jf the opponentvasactually
at the end of the corridor, it will not be herded. Furthermorejf the robotsstartin very

differentlocations,their belief stateswill still be multi-modal, but canbe quite different
from eachother leadingeachrobotto selecta differentpositionfor the opponentandasa

resultbe lesseffective with its herding. Eventually asmoretime passesthe belief states
of therobotswill becomemoreaccurateallowing themto capturethe opponent.It takes
aboutl5 moretimestepson averagefor MLS to do sothanit doesBaGA.

Qnpp alsoresultsin robotscreatingmulti-modal beliefs aboutthe opponent position;
however, becausesachrobotwill pick the joint actionwith highestexpectedreward, this
heuristiccanfall into the commontrap of usingsuchanapproach.As discussedy Cas-
sandra(1998),Q,pp assumeshatarny uncertaintywill disappeaafterthe currentaction
is executedandsoif thereis oneactionthatis essentiallyreward neutral(recevessimilar
reward for eachpossiblestate),thenit will be selectedby @ ,;pp becausdhe algorithm
thinksit canstill dowell onthefuture (fully obsenable)steps.But of coursejf thataction
haslittle or no effect on the belief statethenit will continueto be selectedcausinga lack
of progressowardsthegoal. For RoboticTag, if thebestactionfor eachmodeof thebelief
is very different,thenno singleactionis bestfor all casesandso actionswhich have the
robotsstayin their currentpositionsor move towardsthe centerof the ervironmentappear
better(i.e., arereward neutral). As a resultthereare certainrobot positionsor sequences
of actionsthatleadthe teamto stop moving or to oscillatebetweentwo locations. This
behaiouris re ectedin themuchlower successateof ) y;pp. MLS doesnotfall into this
sametrap becauséherobotsalwayschooseactionsthatarebestfor a singleposition. Un-
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Figure 3.6: Exampleof a BaGA policy for the known-teammate-positiovariation of
RoboticTag. The trajectoriestaken by the robotsdemonstratdow the teamcoordinates
to capturethe opponentwithout any communication.Therobots rst searchthetop room
andthenmove out into the endsof the corridors.Membersof therobotteamareshavn as

thesolid circles.
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lessthis mostlikely opponenpositionrapidly ip- ops betweertwo locations therobots
areableto make progressWhile BaGA doesuse( ,;pp asits heuristic,for themostpart,
the additionalstepof game-theoreticeasoningon top of Q) ;pp preventstherobotsfrom
engagingin thistypeof behaiour. Thereis, however, onecon gurationthatdoescausehe
robotsto stopmoving or oscillate.It occurswhenonerobotis in Cell 7 andthe otherin Cell
20andandis causedy how thecell con guration,sensomodelandtheopponent policy
interactwith eachotherto createbelief states.The majority of thetrialsin whichtheteam
doesnot catchthe opponentseemto be causedby the robotsenteringthis con guration,
andnotbeingableto leave it.

Theunknown-teammate-positiomodi cation highlightstheimportanceof reasoningabout
the actionsandexperience®f others.With MLS and@ ,pp, the robotsassumehattheir
teammatevill implementthe otherhalf of thejoint actionthey selectandusethatassump-
tion to updatea believed position of the teammateusedfor future actionselection. This
incorrectassumptioimakesthe believedpositionof theteammateyuickly divergefrom the
true positionwith only positive obsenationsof the teammateableto rectify the situation.
In this problem,however, robotsrarely move into the samecell. Furthermoregachrobot
mustusethis believedlocationof its teammateo propagteits beliefabouttheopponent
positionbecause¢he opponents trying to move away from theteam.As aresult,unlike in
the known-teammate-positiorersion,robotsmight actuallyhold a belief aboutthe oppo-
nents positionthatis totally inconsistentvith its true position. For example,arobotmight
believe thatthe opponenis in the top room becausat is at oneendof the corridorandit
believesits teammatas atthe other In reality, if theteammatesrebesideeachother(but
in separateells), thereis alsoa high probability thatthe opponenis just at the otherend
of the corridor ratherthanthe low (or sometimesero) probability believed by the robot.
Thisis aself-reinforcingproblem:asthebelief stateof thetwo robotsstartsto diverge, the
joint actionsthey selectdiffer leadingthemto updatethe believed positionof theteammate
incorrectly whichin turn causegsheir belief statedo diverge from eachotherevenmore.

As the believed teammateand opponentposition becomesnore and moreincorrect,the
joint actionselectedoy a robotbecomedessappropriateandlesslikely to matchthe one
selectedby its teammatewhich leadsto sub-optimalbehaiour. For example,in MLS
and @, pp robotsfrequentlygo down the samebranchof the hallway becausehey both
incorrectlymake the assumptionthattheir teammatevill go down the otherbranch.

With BaGA andits maintenanceof a probability distribution over joint types, however,
the robotsare ableto bettertrack the true position of their teammateallowing themto
effectively maintainconsistenbelief statesover the opponent positionandthereforeco-
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ordinatetheir actions. As a result, while MLS and Q) ,;pp controllersfor the unknown-
teammate-positionaseshav a hugedegradationin performanceBaGA doesnot. Instead,
it performsmuchmoresimilarly to how it did in known-teammate-positipboth with re-

spectto the percentag®f successfutunsandaveragereward. If oneexaminesthe joint

typethatis mostprobablegiventhetruetype of arobot,thatjoint typewill usuallyre ect

thetrue positionof its teammateventhoughthe robotshave never seeneachother(aside
from commonknowledgeof startingpositions).Becauseeachrobothasa very goodidea
aboutwhereits teammatas, they arestill ableto performthe herdingmaneuer required
to sweepthe opponeninto thegoalcell.

An exampleof aBaGA policy for theunknown-teammate-positi@ases shavn in Figure
3.7.In Figures3.7 (a) and(b), the memberof theteammale their way to the endsof the
corridors. This drivesthe opponentbut of the right-handcorridorandup towardsthe top

room. After a few timestepsthe robotsstartto make their way backtowardsthe center
of the environment(Figures3.7 (c) and(d)), andthenup into the top room. Finally, they

coordinateon trappingthe opponentandtaggingit (Figure3.7 (f)).

3.5 Summary

In this chaptertwo algorithmsfor nding approximatesolutionsto POSGswith common
payofs werepresented.The rst, an alternating-maximizatiomlgorithm,is usedto nd
locally optimal solutionsto anentirePOSGat once.While it canbeusedto nd solutions
for small problemslik e the Lady and the Tiger and MABC, this algorithmstill hashigh
memoryandcomputationatosts makingit inappropriatdor biggerproblemdik e Robotic
Tag.

ThesecondalgorithmpresentedBaGA, is the corecontrikution of this thesis.BaGA nds
approximatesolutionsto a POSGby transformingthe original probleminto a sequence
of Bayesiargamesrepresentingachtimestep.Iln eachof thesesmallergamestherobots
reasoraboutall possiblgoint historiesof obsenationsandactionghatmighthave occurred
in orderto nd policiesfor eachmemberof team.Eachpolicy is amappingfrom arobot's
setof possibleindividual historiesto its setsof actions.Solong aseachrobot builds and
solvesthe samesequencef games,the teamcan coordinateon action selectionevenin
the absenceof communication. Heuristic evaluationsof expectedfuture reward andthe
pruningof low-probabilityjoint historiesareusedto helpkeepcomputatiortractable.This
processresultsin policiesthat are locally optimal with respectto the heuristicfunction
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Figure 3.7: Exampleof a BaGA policy for the unknown-teammate-positiomariation of
RoboticTag. The trajectoriestaken by the robotsdemonstratdow the teamcoordinates
to capturethe opponenteven whenthe robotsdo not know wheretheir teammatas with
certainty Membersof therobotteamareshavn asthe solid circles.
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used.

ThisbasicBaGA algorithmis ableto nd solutionsfor Ladyandthe Tiger andMABC that
performcomparablyto thosegeneratedby alternatingmaximization.For thelargerRobotic
Tag domain,thetrajectoriesaken by BaGA-controlledrobotsdemonstratéov BaGA re-
sultsin bettercoordinatiorthantwo commonheuristicdor decision-theoreticontrol. Over
thenext two chaptersadditionalre nementswill bemadeto BaGA in orderto furtherim-
proveits ef ciency andperformance.






Chapter 4
Improving Efficiency with Clustering

The bene t of usingBaGA over the full POSGfor robot controllersis thatit calculates
a goodapproximationof the optimal policy tractably The overall desirability of this ap-
proximationis thereforecloselytied to how fastBaGA canconstructthesepolicies. The
requiredcomputationtime, however, is directly relatedto the numberof individual and
joint historiesthataremaintainedn thetypeandjoint-type spacesLimiting thealgorithm
to useonly arepresentatie fractionof thetotal numberof historiesis key to improving the
overallef ciency of BaGAand,thereforeto applyingthisapproacho realrobotproblems.

In this chaptey differentwaysof limiting the numberof historiesmaintainedn the joint-
type spaceby the BaGA algorithmare compared. The simplestof thesemethodsis the
pruningusedoy BaGAto remove joint typesfrom * thathave probabilitylowerthansome
threshold While thisschemas anef cient meanof keepingthenumberof types,or histo-
ries,low, it generatea crudeapproximatiorof therealjoint-historyspace Commonsense
dictatesthatbetterperformancevould be achiezed by groupingtogethersimilar histories;
afterall, whenhumanamake decisionghey do not considerthe exactsequencef actions
and obsenationsthey have madesincebirth, but only thosefeaturesthat are relevant to
their currentdecision.BaGA-Clustercaptureghatintuition by groupingtogethetrhistories
thatresultin the samedecisionsbeingmadenow andin the future (Emery-Montemerlo
etal., 2005).

For example,in the Lady andthe Tiger problem,BaGA appliedto a 6-stepversionof the
problemresultsin a policy in which anagentlistenstwice, opensa doorif it recevesthe
sameobsenationof thetiger's position,listenstwice again andthenagain opensadoorif it
recevedthe sametwo obsenationsof thetiger's position. For all historiesin which Agent
1 opensadooronthethird timestephy thetime thelasttimestegs reachedthebestaction

113
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for it to take will not be basedon ary of the obserationsit madein timestepsl through
3, becauseif a door is opened,thenthe tiger's positionis resetand thoseobsenations
provide no usefulinformation. This notion extendsto Agent2's actionselection.Agent 2

doesnot have to worry aboutthe actualobsenationsmadeby Agent 1 beforetimestep3:

givenAgent1 openedhedoor, thoseobsenrationshave no bearingon the currentposition
of thetigerandsothey all leadto thesameoint beliefwhencombinedwith any oneAgent
2'sown individual histories.Thereforethey alsoall have the samempacton the expected
valueof actions. The only importantthing from Agent2's perspectie is, givenoneof its

obsenation histories,whatis the probability that Agent 1 openeda door on timestep3?
This quantity can be found by summingthe conditionalprobabilitiesof all of Agent1's

historiesin whichit doesopenthedoor.

This ideacanbe extrapolatedto ary sequencef obsenationsandactionsthat endswith
a door beingopened.Regardlessof what thoseobsenationswere, for all thosehistories
the agentcurrently believesthatthe tiger hasjust resetits position. For ary instantiation
of thosepastobsenationsandactions,the sameactionwould be now be selectedoy the
agent:to listen Thesehistoriesalsohave similar effectsonthedecision-makingprocesof
theteammateA greatdealof computationasavingscouldbe madeif, insteadof reasoning
aboutall of thosepossiblehistoriestheagentandits teammategouldgroupthemtogether
Of course statingthatsimilar historiesshouldbe groupedogetheris a nelulousstatement
thatrequiresaformal de nition of whatis meantby “similar'.

4.1 Low-Probability Pruning

In the original implementationof BaGA, the numberof typesmaintainedper robot was
kept manageabléy pruningout low-probability joint types. If the probability of a joint
type, P(6"), wasbelonv somethreshold,it wascut andthe probability over the remaining
joint types,P( '), renormalized The allowableindividual typesfor eachrobotwerethen
takento bethosethatexistedin the setof remainingjoint types.

At runtime, a robot's true individual history may be representedby one of the typesthat
waspruned. In this case the bestmatchto the true historyis found amongsthe retained
types,andtherobotactsasif thisbestmatchwasthehistoryof obsenationsandactionsthat
occurredinstead.In BaGA, this matchwasoriginally madeusingthe Hammingdistance.
Therearebetterwaysto de ne the bestmatch. A simpleonethatworkswell is to look at
reward pro les: therewardpro le for anindividualtyped! is thevectorr® whoseelements
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are:

= B(u(a, 0)j00). (4.1)

Thatis, er Is the robot's belief abouthow muchrewardit will receve, both now andin
thefuture,whentheteamperformsthejoint actiona, givenits historyasrepresentety 6!
andthe utility functionu. This expectationis calculatedusingthe conditionalprobability
distribution P( *j#!) inducedover the setof joint typesby 6%. Similarly, if thereis atrue
history Al for whichthereis noassociated! becaus®f low-probabilitypruning,its reward
pro le i canbe found. This approachhowever, requiresmorework asthe probability
distribution P( ‘jhl) mustbecalculated.

Giventhereward pro les for thetrue history k! andsomecandidatematché?, thetwo are
comparedisingtheir worst-casereward difference

maxijr raioj 4.2)

a2 A
and the matchthat hasthe smallestworst-casereward differencefrom the true history
selected At run time, the robot executeshe actiongiven by w}f(@?) if 0%is the bestmatch
accordingto this criterion. Reward pro les are usedbecausea history shouldonly be
matchedo atype for which the sameactionwould be selectechow andin the future. In
comparisongdirectly comparingthe expectedrewardsof types(i.e., the reward generated
by the bestindividual actionto take for eachtype)doesnot meetthis requiremenbecause
differentactionscan leadto the samepayofs. For example,in the Lady and the Tiger
problem,thetypesf listen hearleft, listen, hearleftg andf listen, hearright, listen,hear
rightg both leadto an agentopeninga door The immediateexpectedvalue of opening
the (best)dooris the samefor bothtypes,andthe expectedfuture rewardis alsothe same
becausein both casesthe position of the tiger will be reset. The actualdoor to open,
however, is very different. If anagents true historyis f listen hearleft, listen, hearleftg,
andit usesonly expectedrewardto matchthat history to one of thesetwo types,thenthe
agentcouldmatchits historyto thewrongoneandendup openingtheleft door, eventhough
it shouldopentherightdoor By comparingewardpro les, however, thisdifferencewould
beidenti ed.
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4.1.1 Limitations of Low-Probability Pruning

Low-probability pruningis a very simpleway to reducethe numberof typesmaintainedat
eachtimestepof the BaGA algorithm. It requiresno additionalstepso the basicalgorithm
givenin Algorithm 3.2,which alreadyincludesa pruningThesholdparameterThiskind of
pruningcanbeeffectivein smalldomainssuchastheLadyandTheTiger becauseelatively
few joint historieshave to be prunedto keepcomputationmanageablehowever, it is a
crudeapproximatiorto pretendthata history's importancefor planningis proportionalto
its probability Whentherearealarge numberof historiesthateachhave alow probability
of occurringbut togetherepresena substantiafractionof thetotal probabilitymassjow-
probability pruningcanremove all of themandcausea signi cant negative changen the
predicatecdbutcomeof thegame.

4.2 Clustering

Insteadof blindly removing low-probability histories, it is necessaryo make surethat
eachhistory that is prunedcan be adequatelyepresentedby someother similar history
thatis retainedin the setof types. Thatis, historiesneedto be clusterednto groupsthat
have similar predictedoutcomesandthena representate history for eachgroupusedto

build up the type spacefor eachrobot. If doneproperly the probability distribution over

theseclustersshouldbe anaccurateepresentatioof thetruedistribution over the original

histories.As theexperimentakesultswill shav, makingsureto retainarepresentate type

from eachclusterof obsenationhistoriescanyield asubstantiaimprovementn thereward

achieved by the teamover retainingonly higherprobabilitytypes.In fact,improvementis

seenevenin runsin which therobots' true historieswerenot pruned:the performanceof

theteamdependshot just on whatthe robotshave seenbut alsoon how well they reason
aboutwhatthey mighthave seen.

At eachtimestept, the BaGA-Clusteralgorithmstartswith the setof joint types, * ! and,
usingthe associategoint history representedby eachd’ !, constructsall one-stepexten-
sionsby appendingeachpossiblegjoint actionandobsenration. Fromthesejoint histories
of lengtht, all possibleindividual historiesfor eachrobotareidenti ed. Clusteringis then
performedontheseindividual historiesto producea nal setof historyclustersC? for step
t. Eachhistoryclusterc! is representetly anexemplarhistory k! (generallytheindividual
history within the clusterwith highestprobability), andthis setof representate individ-
ual historiesbecomeshe type space ! for eachrobot. Unlike low-probability pruning,
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clusteringoperate®n individual historiesratherthanjoint types.This way, eachrobotcan
determine without communicationfo which clusterits true history belongs. The corre-
spondingrepresentatk joint histories,or joint-typespace !, is thecrossproductof all of
theexemplardsfor eachhistorycluster

Onceclusteringhasbeencompleteda reducedayesiangameis constructedisingthose
historiesthatnov make up *. It is solvedto nd apolicy for eachrobotthatassignsan

actionto eachof its history clusters.As with low-probability pruning,at run time, worst-

caserewarddifferences usedto matchthetrue history of arobotto oneof its clustersand

selectanaction(with aquick, rst passdoneto seeif arobot'struehistorydirectly matches
oneof theexemplarhistoriesexactly) !

Thereare mary differenttypesof clusteringalgorithms(Everitt et al., 2001), but in this
thesisa versionof agglomeratie clusteringis used.In BaGA-Cluster eachhistory starts
off in its own clusterandthensimilar clustersaremeigedtogethemntil a stoppingcriterion
ismet. The nal setof clustershecomeshetypespace ! for therobot. Similarity between
clustersis determinedoy comparingthe reward pro les eitherof representate elements
from eachcluster(i.e., its exemplarhistory)or of theclustersasawhole. Therewardpro le
for aclusterc;, r“ is de ned by a straightforvard generalizatiorof Equation4.1:

ri = B(ritihi 2 ¢) = B(u(a, hjc).

If eachclusterc; is initialized to containonly onehistory h; thenr< = " and P(c;) =
P(h;). Thisinitialization allows therewardpro le of thelargerclusterc; [ <?to becalcu-
latedas:

it = [Ple)rs + PQr)/IP(e) + P(A].

Worst-caseewarddifferenceasde nedin Equatiord.2,couldbeusedfor determininghe
similarity two clusters However, becausé¢hereis informationabouttheprior probability of
bothclustersj.e., P(c;) andP(c9), worst-casexpectedossis usedinsteadthe probability

L Alternatively, thealgorithmcouldkeeptrackof all historiesthatarecontainedvithin eachclusteranduse
thatinformationto matcharobot'strue historyto a clusteratruntime. However, in orderto keepthis match-
ing processa simplelook up, thesetof historiesmakingup eachclusterwould have to be propagtedforward
for eachtimestep.While therewould still be computationasavzingsfrom usingonly the exemplarsfor build-
ing andsolvingthe Bayesiargameat eachtimestep(andfor generatinghe next setof clusters) maintaining
the setof all possibleindividual historiesand their associatedlustersrequiresO(j A;jj Z;j) operationsor
eachof theO(j Z;j* 1) possibleindividual historiesof eachrobot.
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Algorithm 4.1: High-level overview of the BaGA-Clusteralgorithm. Elementsshavn in
bold arethosethatrepresenthangedgrom the basicBaGA algorithmof Chapter3.

1: Construc1al| p033|ble]omth|stor|esfromtheset0f individual exemplar historiesgivenby 0 L and
thepolicy 7t 1. Updatethe probability distribution over the set.

2: For eachrobot construct the setof all individual histories H! and their probability distrib ution.

3: Cluster togetherall individual historieswith similar expectedreward pro les until no more
clustering canbe done.

4: Constructandsolve the correspondin@®ayesiargame,BG*, usingthe nal clusters,C!, asthe type
space©?.

5: Find thebestmatchto thetruehistory ! from the setC?. The robot's matching type 6! is the type
representingct.

6: Implementtheactiongivenby thesolution,a! = 7! (6?).

of arobot's true obsenation history is not available at run time andso worst-caseeward
differenceis still usedfor matchinga true history to a cluster). Worst-casexpectedoss
betweertwo historiesh; andh?is de nedto be:

max [P(r)jrle oot i PO P T R

" 0
Worst-casexpectedossbetweenwo clusterss de ned analogouslyn termsof rala

max [P(c)jr] i+ P(Qirs U/ IP(e) + P(ED)]

Worst-casexpectedossis a goodmeasuref the similarity of the reward pro le for two

clustersbecausat indicateshow muchlossin reward one could expectby meging the
clusterstogether As with histories,it is importantto determineif two clustershave sim-
ilar reward pro les (ratherthanjust similar expectedreward) becauseaobotswill endup
performingthe sameactionfor eachelementof the cluster Furthermoreaugmentinga
comparisorof expectedreward with a checkto make sureit wasgeneratedy the same
actionis not sufcient. The expectedvalue of non-optimalactionscangive anindication
of whetheror not thereare someother differencesbetweenthe historiesworth preserv-
ing, especiallyasthe quality of the heuristicusedfor calculatingthe future expectedvalue
of actionsin u degrades. A high-level overvien of the clusteringalgorithmis shavn in

Algorithm 4.1.

Two differentalgorithmsfor selectingandmerging pairsof clustersvereconsideredThese
algorithmsarelow-probabilityclusteringandminimum-distancelustering.Low-probability
clusterings designedo besimilarto thelow-probabilitypruningalgorithm,while minimum-
distanceclusterings designedo producea betterclusteringata highercomputationatost.
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4.2.1 Low-Probability Clustering

In low-probability clustering,the setof clusters(eachone containinga single history) is
orderedrandomlyandthena single passis madethroughthe list of clusters.Eachcluster
is testedto determinewhetherits probabilityis belov athresholdjf so,it is removedfrom
thelist andmemgedwith its nearestemainingneighbourasdeterminedyy the worst-case
expectedossbetweertheirexemplarhistories.The neighbours exemplarhistorystaysthe
sameandits probabilityis incrementedy the probability of the clusterbeingmemgedin.

Thisclusteringmethodreliesonrandomizationsothesynchronizatiorof therandomnum-
bergeneratoref therobotsis crucialto ensurehateachrobotperformsthe sameseriesof

clusteringoperationsandarrivesat identical nal clusters. This synchronizatiorrequire-
ment,however, is alreadymetby the original BaGA algorithmbecausef the alternating-
maximizationalgorithm's dependencen randomization.

Low-probability clusteringhassomesimilaritiesto low-probability pruning. In both ap-
proachesa historyis consideredsa candidatdor pruningor clusteringif it is lesslikely
to occur As aresult,arobot's true historyis muchmorelikely to matchoneof the exem-
plar historiesat executiontime. Like low-probability pruning,low-probability clustering
hasthe dravbackthatall low-probability historiesmustbe matchedo anotherclustereven
if they arefar away from all other candidates.Unlike pruning, however, it maintainsa
distribution over joint historiesthatmorecloselymatcheghe original distribution. By ran-
domly orderingthesetof candidateclustersit is alsopossiblethatindividual historiesthat,
on their own, have too low a probability to keep,will have otherlow-probability histories
matchedwith themandthereforesurvive to the nal setof histories.

4.2.2 Minimum-Distance Clustering

Like low-probabilityclusteringminimum-distancelusteringdoesnot operate®n clusters
of joint historiesbut rathergroupsof individual histories.In minimum-distancelustering,
the two mostsimilar clustersare repeatedlyfound and memged together The similarity
measureusedis that of worst-casesxpectedloss betweenthe two reward pro les. The
algorithm stopswhen the closestpair of clustersis too far apart,or when a minimum
numberof clusterss reachedBy settingthemaximum-allavabledistanceébetweerclusters
for which memging will still occur atradeof betweenthe amountof lossin reward oneis
willing toincurandcomputationaspeedminimizing thenumberof clusterscanbemade.
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Theexemplarhistoryfor eachclusteris simply the highestprobabilityindividual historyin
thatcluster This representate elements only usedfor generatinghe setof all possible
joint historiesat the next timestep;clustermeiging and matchingof the true obsenation
historyto a clusterareboth doneusingthe clusters'reward pro les.? Thatis, atruntime,
eachrobotmatchests truehistoryh! to thetypewith whichit hastheminimumworst-case
rewarddifference:

. . At ot .
arg min(maxjry'  74])
9}2 If a2 A

t

whereeachtype 6! correspond$o a clusterc! andrf = ¢,

Unlike single-pasdow-probability pruning, minimum-distanceclusteringis a multi-pass
algorithmandthereforerequiresmore computationtime thanlow-probability pruning. It
does,however, resultin a moreaccurateepresentationf the original type spacebecause
outliersin reward-pro le space,regardlessif they are high or low probability are still
maintained With respecto picking oneof thesetwo typesof clustering,onemusttradeoff
betweerthe speedf clusteringwith the quality of theresultingclusters.t is alsopossible
to combineclusteringwith low-probability pruning by removing ary joint history with
probability lessthansomethresholdfrom the setof all possiblejoint historiesof lengtht
beforeconstructinghe setof clusters.

Table4.1providesacomparisorof low-probability pruning,low-probability clusteringand
minimum-distancelustering.Thekey differencebetweerpruningandclusterings thatthe
formeroperate®njoint historieswhile thelatteroperate®n the setof individual histories
for eachrobot. BaGA-Clustey therefore requireseachrobot to clusternot only its own
histories,but alsothoseof its teammates$n orderto guaranteeghat eachrobot constructs
andsolvesthe sameBayesiargameat timestepr.

2With respecto implementationthe matchingprocessactuallyhasa rst passin which eachexemplar
historyis comparedo the true obsenration history to seeif they areidentical. If this passis unsuccessful,
thentherewardpro le for thetrue obsenation historyis generated@ndreward pro le matchingperformed.
Generatinghis reward pro le, however, is expensve andso the succes®of the rst passis maximizedby

settingthe exemplarof eachclusterto beits highestprobabilityindividual. Theoretically otheralternatves,
suchasthe historythatminimizesintra-clusterexpectedoss,couldbeused.



Table 4.1: Comparisonof the different methodsfor limiting the size of the joint-type space. Low-probability pruning, low-
probabilityclusteringandminimum-distancelusteringarecomparedvith respecto thespaceauponwhichthey act,theparameter
usedto selectan elementof that spacefor pruning/clusteringthe outcomeof the operation,the complity of the operation
and, nally, the advantagesanddisadwantagef eachapproach.In all casesthe matchingof the true obsenration historyto a
maintainechistoryis doneby nding thebestmatchin reward-pro le space.

| Method | Space | Parameter | Outcome | Complexity | Advantages | Disadvantages |
Low-Probability Joint Prior probability of Jointhistorynotmeeting No additionalcosts,occurs | Fast Poorapproximatiorof
Pruning histories joint history9, i.e., parametethresholds duringgeneratiorof all original distributions,
P(0) givenP() removedfrom space possiblgoint histories Low-probabilityevents
still have impacton
expectedperformance
Low-Probability Individual Prior probability of Individual history not Singlepassoncesetof all Singlepass, Low-probability outliersin
Clustering histories individual history 6; , meetingparameter individual historiescreated | Groupsof low-probability | reward-pro le spacecan
i.e., P(6;) given thresholds memgedwith from setof joint histories historiesthatareclose belost
P() nearesheighbourin enoughcancluster
rewardspace togetherandsurvive
Minimum-Distance Individual Maximumexpected If distancebetweertwo Multi-passoncesetof all Outliersin reward-pro le Multi-pass
Clustering histories lossbetweertwo closestlusterss below individual historiescreated | spaceemainevenif low

historyclustersc; and
c2

parametethresholdthen
clustersaremeged

from setof joint histories

probability,
More intuitive parameter
to set

BunLIsn|D Z'y

12T
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Algorithm 4.2: BayesianGameW ithClustering
Input: I,0,A,P(0©),Z,5,T,R,O,randSeed
Output: 7, 0% P(Q°

begin
setSeed(randSeed)
fora2 A,62 ©do
| u(a,0)  heuristicValue(a, belie f State())

7 findPolicies(I,0,A, P(0),u)
e°P(eY MinimumDistanceClustering(I,0, A, P(©),m,u, Z,S,T, R, O)
end

4.3 Algorithms for Minimum-Distance Clustering

Algorithms for the implementationof minimum-distanceclusteringare shavn in Algo-
rithms 4.2, 4.3 and 4.4. As with BaGA, the outer loop of BaGA-Clusteris given by
Algorithm 3.1; however, Algorithm 3.2, BayesianGames replacedwith Algorithm 4.2,
BayesianGamelitiClustering The functionmatdToTypeis alsoassumedo usereward-
pro le spacematchingratherthan Hammingdistanceasit did in Chapter3. In the al-
gorithm BayesianGameMfiClustering a Bayesiangameis constructecand solved using
the dynamicsof the overall POSG,a speci ¢ joint-type space , andthe probability dis-
tribution over thatspaceP() . The nal stepin the algorithmis to createthe joint-type
spaceanddistribution over that spacefor the next timestepof the problem. In this case,
minimum-distancelusteringis usedto createof this space.

Algorithm 4.3, MinimumDistanceClusteringeneratesill possibleone-stepextensionsof

eachjoint typef 2  andstoresthemin the setof proposedoint types andproposed
individual types ;. A clusterc, is thencreatedfor eachof arobot's types~; 2 ;. The
exemplarhistoryfor clusterc, is setto ~; andtheclusters rewardpro le r* calculatedn

is usedin thesecalculationgo represent genericmemberof ). Then,Algorithm 4.4is

usedto repeatedlyidentify the two closestclusters,c; andc,, by nding the pair of clus-
terswithin setC; with the smallestmaximumexpectedossthatwould occurif they were
meimged. If this maximumexpectedlossis smallerthana speci ed threshold,threshold

thetwo clustersaremeigedtogetherlf ¢; hashigherprobabilityof occurring,thenthe ex-

emplarhistory ¢; is adoptedasthe exemplarhistory of the melgedcluster Otherwise the

exemplarhistoryof clusterc, is used.Whenthis algorithmterminatesthe exemplarhisto-

riesin eachof the remainingclustersandthe probability distribution over themis copied
into thesetof nal types %and nal joint types °

If low-probability clusteringwereto be usedinsteadof minimum-distancelustering,Al-
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Alg

orithm 4.3: MinimumDistanceClustering

Input: 1,0, A, P(©),m,u,Z,S,T,R,O
Output: ©° P(Q9
begin

r ;

r; 1,821
for020©,22 Z,a2 Ado
v 0[z[a

P(y)  P(zai0)P()
r I'[~
/*initializing clusters*/
fori2 I'do

z 0

c;, 0

for~; 2 T'; do

(& Vi P

P(C$) 772 M= Y P(n)
fora2 A d'g

| e p2 Pmivi)ui(a,n)
Ci CZ [ Cx
T r+1

[*performing clustering?*/

fori2 I'do

while minDist < threshold do

c1,c2;minDist  TwoClosestClusters(Cy, 1)
if P(c1) < P(cz) then

P(Cl) P(C]_) +P(62)

fora2 Ado

Ci Oz C2
P(Cz) 0
forc ;2 C ;do

Plec ;[ o) 0

else
P(Cz) P(Cz) + P(Cz)
fora2 Ado

Ci Ci Cc1
P(Cl) 0
forc ;2 C ;do

P(CZ‘[Cl) 0

Lorat (Plea)rgt + Plea)re?)/(Plea) + P(cz2))

L Pc il a) Ple il e1)+Plc i[ e2)

L ore (Plea)rgt + Plea)re?)/(Plea) + P(ez))

L P(c ;[ c2) Plc ;[ aa)+P(e i[ ¢2)
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Algorithm 4.4: TwoClosestClusters
Input: C,r
Output: ¢z, co, minDist
begin
minDist 0
forc, 2 C'do
forc, 2 C'do
expectedLoss 0
fora2 Ado
el (Plea)r + Pley)rd ) /(Plea) + Plcy)
| ewpectedLoss  maxfexpectedLoss, P(c, )jre roxl Yj+ P(cy)jra roxd Yig

J—

expectedLoss < minDist then
minDist  expectedLoss
C1 (&

C2 Cy

end

gorithm 4.3would bemodi ed to performasinglepasshroughthesetof possibleclusters
C; of eachrobot. If aclusterc, is below the pruningthresholdthenits closestmatchce,
is foundin the setC;. Any probability massis transferredo c, andc, is removed from
C;. Low-probability pruningoccursduring the constructionof all one-stepextensionsof
thejoint typesof timestept. If aproposechew joint type~ hasprobability lower thanthe
thresholdjt is simply notaddednto theset .

4.3.1 Computational Complexity

All threeways of reducingthe numberof typesrequiresthe enumeratiorof all possible
one-stepextensionsto the joint-type spaceof the previous timestep,which hasa costof

i ¢ YiZiiAjoranupperboundof O(j * Yj jZ jjA | ") (reminderthesubscript denotes
the biggestset of ary onerobot). Low-probability pruning doesnot require additional
computationasit prunesduringtheconstructiorof . Clusteringhowever, does.

Minimum-distanceclusteringrequiresthe reward pro le of eachclusterto be calculated.
As eachclusteris initialized with one of a robot's possibletypes,eachrobot startswith
i =1 ! %YizijAi clustersThealgorithmmusttheniterateoverall possibleypesin
in orderto calculateherewardpro le for aclusterleadingto anoverallcostofj ™. Each
iterationof clusteringtselfrequiresD jC j?) operationgo nd thetwo closestlusters.On
the rst iteration,jC' j = j jandonthek-thiterationjC'j=]j | k+ 1. Intheworstcase,
therewill beonlyone nal clusterandsoj | 1literationswill berequired.Asaresult,the
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upperboundonthecostof minimum-distancelusteringisj "+ n ‘k:l‘ 1(j i k)2
whichisO j j*+nj j°.

Low-probability clusteringalso requiresthe reward pro le of clustersto be calculated,;
however, only a single passwill donethroughthe setof clustersfor eachrobot. This
procedureesultsin acostof O j j*+ nj j? .

4.3.2 Additional Issues

It is possibleto constructproblemsin which therewill betwo clusterswith identical (or

nearlyidentical)reward pro les thatshouldnot be meigedtogether This situationwould
occurif the two clustersleadto very differentconditional probability distributions over
teammatesclustersbecauseat suggestghat, in the future, differencesbetweenthe two

clustersneedto be presered. For example,considerthe casewhereRobot1 hastwo clus-
ters,a andb, andRobot2 hastwo clustersc andd. Clustersa andb have identicalreward
pro les; however, while thejoint typesf a,ay andf b,dg arevalid, thejoint typesf a,dg and
f b,og arenot because¢hey aremadeup of individual typesthatareinconsistentvith each
other For example,in RoboticTag ajoint typein whichtherobotsobsere theopponenin

differentcellsor obsene ateammaten acell thatdoesnot correlateto theteammatestrue
positionis notvalid. A validity vectorcanbe de ned for eachclusterin which aoneor a
zerois assignedo eachpossiblesetof teammatestlustersindicatingwhetheror not the
robot's currentclusterresultsin avalid or non-\alid joint typein combinatiorwith them.

Generally non-\alid joint typesdo not exist in the setof all possiblejoint typesbecause
they have zeroprobability of occurring. It is only during the clusteringprocesghat one
startsto considerthembecausehe nal setof joint typesis the cross-producof the nal
setof clustersfor eachrobot. So, if clustersa andb are melgedtogether becauseheir
reward pro les arethe same then(assuminghat a becomegshe exemplarof the cluster)
bothf a,og andf a,dg would have to be consideredsalid joint typesor someinformation
will belost. Clearly, the solutionis to not mergea andb, leadingto to anadditionalcheck
duringtheclusteringprocessn which, if two clustersdo not have the samevalidity vector
thenthey cannotbea candidatdor meiging no matterhow similartheirrewardpro les are.

This problemis actually not just limited to whetheror not two clustersleadto similar
validity vectors,but whetheror not the two clustersleadto similar conditionalprobabil-
ity distributions over joint types. However, one canthink of thesevalidity vectorsasa
thresholdedcapproximationof theseprobability distributions. To fully addresghis issue,
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agglomeratie clusteringcould be replacedwith divisive clusteringin which clustersare
repeatedlysplit if elementswithin the clustersleadto differentreward pro les or differ-

entprobability distributionsover the clustersof others® Divisive clusteringwould require
multiple passesnot just within the setof clustersfor eachrobot but also over the setof

robotsbecauseaplitting onerobot's clustermayleadto splitsin anotherobot's clusters.

It shouldbenotethatin thetypesof problemsaxaminedin this thesis clusterswith similar
rewardpro les generallydo have similar distributionsover the clustersof others.Usually,
unlessa problemhasbeenspeci cally constructedo highlight this issue,differencesn
probability distributionstranslatento differencesn expectedreward andreward pro les.
For thisreasonagglomeratie clusteringhasbeenused with the additionalvalidity vector
checkfor theMABC androbotictagdomains.

4.4 Experimental Results

In orderto testthe effectivenesf BaGA-Clusterthe algorithmwasimplementedn two

domains: the Lady and the Tiger andthe Multiple AccessBroadcastChannelproblems
of Section3.4. In this section the performanceof policiesusinglow-probability pruning,
low-probability clusteringandminimum-distancelusteringis analyzed.

4.4.1 Lady and The Tiger

Table4.2 shavs the performanceof BaGA andBaGA-Clusterfor a 10-stepversionof the
LadyandtheTiger. In all casesthesimple-heuristiof Section3.4.1.2wasusedo evaluate
thefutureexpectedvalueof actionsandalternatingnaximizationrwasrunwith 200random
restartsBaGAwas rst runwith no pruningor clusteringto determinethe total numberof
joint typesmaintainedover the 10 stepsof the problem.It took about30 minutesonanin-
tel Pentium4, 2.8 GHz machineto generate solutionthathadanaveragerewardof 10.68
to theteam. In Table4.2, the percentagef true historiesretainedindicateswhat fraction
of the time an agents true history of obserationswaspresentn its setof types. As the
low-probability pruningthresholds raisedfrom 0.000001to 0.001,it canbe seenthatre-
moving too mary joint typesfrom consideratiomegatively impactsperformanceNegative
3This type of clusteringcanbe thoughtof asan extensionof the work on modelminimizationin MDPs

(Dean& Givan, 1997)and POMDPs(Pineauet al., 2003b)to Bayesiangamesbecausét groupstogether
typeswith the sameactionpayofs andinducedprobability distributionsover the typesof others.
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outcomesnccurevenif the actualobsenationsof the agentsalwaysmatchexactly to one
of the retainedhistoriessuchasthe casewherethe thresholdis 0.000005.As previously
discussedthis situationis dueto low-probability eventsthat do not necessarilyoccurin
practice but canstill impactdecisionmaking.

If low-probability clusteringis applied, mary fewer historiescan be maintainedwithout
compromisingperformance.For example,low-probability clusteringwith a thresholdof
0.05(i.e.,atypeis prunedif it occurswith probability lessthan0.05) resultsin about2%
of thetotal numberof possiblgoint types.Eachagents true history of obsenationscanbe
foundamongstheretainedypesabout70% of thetime with rewardpro le matchingused
the other30%. The resultingperformancas still equivalentto thatof the full algorithm,
but at a fraction of the computationakost. If the probability thresholdis settoo high,
however, performancealoesstartto degrade. The distribution over joint typesis no longer
beingapproximatedvell becauséistoriesthataretoo differentarebeingaliasedtogether
Minimum-distanceclusteringis ableto avoid this problemat a higherlevel of clustering
becausét letsthe systemclustermorehistoriestogetherwhile still representinghe joint-
history spacewell. UsingBaGA-Clusterthetotal numberof joint typescanbedroppedo
aslow as 109, with only 55% of the true obsenration historiesappearingasexemplarsin
thetypespacewithoutlossin performanceAn additionaladvantageof minimum-distance
clusterings thatits parametemaximum-allavableexpectedoss,is easieto interpretthan
the probabilitythresholdusedin low-probability clustering.For example,if the minimum-
distancethresholds setto 0.1 it meanghatoneis willing to acceptupto 0.1 pertimestep
in lostrewardin returnfor savzingsin computatiortime.

With this domain, it is not possibleto seethat low-probability clustering,for the same
numberof candidatelypes,runsfasterthanminimum-distancelustering;however, in the
tagproblemdookedatin Chapters, it is indeedthe case.

In Figure 4.1, an example of the computationaland spacesavings of BaGA-Clusteris
shawn for a 6-stepversionof the Ladyandthe Tiger. At the rst timestepgeachagentonly
hasone possiblehistory, andthereforeone cluster becauset hasno obsenationsabout
theworld. After performinga listen action,the agentnow hastwo possibleobserations
histories: f listen, hearleftg andf listen hearrightg. Again, no clusteringcan be done
because¢hesewo historieshave very differentrewardpro les. Onthethird timestephow-
ever, somehistoriescanbe clusteredogethemwith nolossof expectedreward. Because¢he
agenknowsthatits teammatéaslistenedonthe rst two timestepgfrom 7! and=?, which
only includelistenactions) theonly importantpieceof informationfor decisionmakingis
whetheror notit heardthe sameobsenationtwice and,if so,whichoneobsenrationit was.
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Table4.2: Clusteringand performanceaesultsfor a 10-stepversionof the Lady and the
Tiger problem. Resultsare averagedover 100000trials with 95% con denceintervals
shavn. The numberof joint historiesis the sumof all of the joint historiesmaintained
over the 10 steps. Policy computationtime is the percentagef time takento computea

solutionrelative to the rst conditionin which all historiesaremaintaineda runningtime

of 199018n9. The % of true historiesretaineds the percentagef stepsin whichthetrue
agents historyis presentn thesetof retainecdhistory. Performancés notdependenbnthis

value but ratheron how well the entire setof possiblehistoriesis approximated.Timing

experimentsvereperformedon a Intel Pentium4, 2.80GHz machine.

| Condition | Reward [ #Joint Types | Computation Time | % True History Retained |
[ Al possiblejoint historiesmaintained [ 10.68 0.10 | 231205 | 100.00% | 100.0% |
Low-proh pruningwith cutoff of 0.000001 | 10.66 0.10 74893 56.28% 100.0%
Low-proh pruningwith cutoff of 0.000005 9.89 0.13 34600 51.98% 100.0%
Low-proh pruningwith cutoff of 0.001 5.32 0.26 1093 1.54% 93.8%
Low-proh clusteringwith threshold0.01 10.69 0.09 7715 4.81% 91.3%
Low-proh clusteringwith threshold).05 10.68 0.10 563 0.25% 71.2%
Low-proh clusteringwith threshold0.1 6.38 0.21 201 < 0.10% 63.3%
Min.-distanceclusteringwith max.loss0.01 | 10.58 0.10 335 < 0.10% 56.4%
Min.-distanceclusteringwith max. loss0.1 10.72 0.09 177 < 0.10% 56.1%
Min.-distanceclusteringwith max.l0ss0.5 10.69 0.10 109 < 0.10% 55.1%

If theagenthearstwo differentobsenrations,it doesnot matteratthis pointin which order
thoseobsenationsweremade andsothehistoriesf listen, hearleft, listen,hearrightg and
f listen hearright, listen,hearleftg aregroupedogether

For timestep4, ratherthangenerateaall possibleone-stepextensionsof the original four
historiesfrom timestep3, only thoseextensionsof the nal setof clustersfor timestep3
needto be propagtedforward. So,insteadof startingthe next stepof clusteringwith all
of the eight possiblehistoriesof lengthfour, thereare only six candidates.If a door is
openedasit is with four of the possibletypesat timestep4, the problemis reset,sothe
obsenation receved by the agentis irrelevant. This situationallows, without arny lossin
expectedreward, for all of thosetypesto be groupedtogether Furthermoreregardlessof
whattheteammatestypeis, any oneof thosefour typesresultin thesameoint belief. The
last two candidatetypescannotbe groupedtogetherbecausehey leadto differentjoint
beliefsandthereforedifferentrewardpro les.

Onthe fth timestepno clusteringcanbe done,althoughclusteringon previoustimesteps
hasreducedthe numberof typesto six from the sixteenpossiblehistoriesof length ve.
Whatis perhapsot obviousis why the typesf listen, hearright, listen, hearleft, listen,
hearright, listen,hearleftg andf listen,hearright, listen,hearleft, listen,hearleft, listen,
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Figure 4.1: Clusteringexamplefor a 6-stepversionof the Lady and the Tiger. These
are the clustersthat are generatedor eachtimestepduring the generationof the policy

treeshavn in Figure 3.3, with the clusterexemplarshovn in eachcase.In orderto save

space the obsenation andactionsetare shovn as <HL,HR> and <L,OL,OR> respec-
tively with ; astheemptyobsenationset. Without clustering the sizeof thetype spacds

j 1j=f1,2,4,8,16,38 andwith clusteringitisj ‘j= 12 3 3 6,9g.
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hearrightg have not beengroupedtogether;afterall, eachonehastwo instanceof each
possibleobsenationandattimestep2, obsenationorderwasfound notto matter On this
timestephowever, orderdoesmatterbecausehesetwo typesleadto very differentbeliefs
whenpairedwith a teammates type in which a dooris openedon the third timestep. In

thiscasetheonly relevantobsenationof thetiger's currentpositionis thelastobsenation,
which is differentin the two cases However, two typesof length5 thatdo have the same
obsenation on the last timestepare also not groupedtogether:if eitheris pairedwith a
type in which the teammatedoesnot opena door, thenall obsenationscanbe valid and
a differentjoint belief will occur Thesedifferencesn joint beliefsleadto differencesn

rewardpro les, which preventthe clusteringfrom beingdone.

By the last timestep,thereare only twelve surviving candidatetypesratherthanthe 32
possiblehistoriesof length six. Thesetypescan be groupedinto nine clustersas now,
regardlessof whethempairedwith atypein whichadooris openedr not, thespeci c order
of thelasttwo obsenrationsno longermatters.

4.4.2 Multiple AccessBroadcastChannel

Table 4.3 shaws the performanceof BaGA-Clusterfor variousconditionsof the Multiple

AccessBroadcastChannelproblem. In all casesthe full-coopeative heuristicof Section
3.4.2wasusedo evaluatethefutureexpectedvalueof actionsandalternatingnaximization
wasrunwith 20 randomrestarts While no-communicatiomwasfoundto beaslightly more
accurateheuristicfor utility evaluation,it wasnot usedfor BaGA-Clusterbecausef the

prohibitive costof precalculatingthe requiredvaluesfor 7" < 9 that would have been
necessaryor the problemswith time horizon 10. As the purposeof this experimentis

to analyzehow the performanceof BaGA-Clusterchangessthe numberof joint typesis

decreasedhespeci c heuristicusedis notasimportantasis the consistentiseof thesame
heuristic.

In Table 4.3, low-probability pruning with a thresholdof 0.000001is comparedto that
with athresholdof 0.01. While low-probability pruningwith the higherthresholds ableto
generatsolutionsfasterasevidencedoy thesmallemumberof totaljoint typesmaintained
by BaGA, thosesolutionsare not as high quality, becausehe remainingjoint typesare
no longerrepresentate of the true distribution over possiblejoint types. This effect can
especiallybe seenin thecaseof n = 4,7 = 10,p;, = 0.4 in which, for about85% of
trials, low-probability pruningwith a thresholdof 0.01resultedin all possiblejoint types
beingprunedbeforethe nal timestep.Thisresultoccurswhen,baseduponthejoint types



Table 4.3: Comparisonof differentclusteringresultsfor MABC using the fully-coopeative utility function. Performances
averagedover 10000trials with 95%con denceintenalsshaovn. Theaveragesumof joint typesover eachtimestepis shavn for
BaGA with 95% con denceintenals. Pruningrefersto low-probability pruningwith a cutoff asshavn while clusteringrefers
to minimum-distancelusteringwith a maximium-allavableexpected-losshresholdasshavn. If memoryrestrictionsprevented
the calculationof a solutionfor a certainclusteringcondition,it is indicatedwith a* .

Parameters pruning, cutoff 0000001 pruning, cutoffd.01 clustering, max. lgsszero clustering, max. lgss0.01
Avg. Reward | [ Avg. Reward | [ Avg. Reward | i Avg. Reward | i Y
n=2T=05, 296 0.02 483.98 0.02 297 0.02 112.00 0.00 295 0.02 138.96 0.02 2.96 0.02 20.00 0.00
p=10.4,0.4g
n=2T=05, 3.77 0.02 367.89 0.05 3.62 0.02 | 114.00 0.00 3.77 0.02 76.00 0.00 3.79 0.02 20.00 0.00
p= £0.7,0.3g
n=3T=3, 1.76 0.02 272.00 0.00 1.65 0.02 58.00 0.00 1.77 0.02 196.92 0.01 1.56 0.02 24.00 0.00
p= £0.4,0.4,0.4g
n=3,T=3 240 0.01 180.93 0.16 2.37 0.01 64.00 0.00 239 0.01 24.00 0.00 240 0.01 24.00 0.00
p= £0.75,0.5,0.259
n=3,T= 4, 2.63 0.02 763.99 0.01 2.61 0.02 96.00 0.00 2.60 0.02 458.36 1.55 2.60 0.02 32.00 0.00
p= £0.4,0.4,0.4g
n=3,T=4, 3.32 0.01 652.12 0.07 3.24 0.02 96.00 0.00 3.31 0.01 32.00 0.00 3.30 0.01 32.00 0.00
p= £0.75,0.5,0.259
n=3,T= 10, 7.31 0.03 256.02 0.01 7.29 0.03 80.00 0.00
p= f0.4,0.4,0.4g
n= 3,T = 10, 8.38 0.03 | 315.05 0.02 8.63 0.02 80.00 0.00 8.62 0.02 80.00 0.00
p= £0.75,0.5,0.259
n=4T= 3, 1.89 0.02 1024.00 0.00 1.59 0.02 50.00 0.00 1.87 0.02 868.02 0.96 1.67 0.02 48.00 0.00
p=10.4,0.4,0.4,0.49
n=4,T=3 2,59 0.01 699.69 0.08 255 0.01 69.99 0.00 2.60 0.01 507.20 0.20 2,59 0.01 48.00 0.00
p= £0.8,0.6,0.4,0.29
n=4,T = 4, 2.02 0.03 96.01 0.00 2.67 0.02 4581.54 3.80 2.33 0.03 64.00 0.00
p=10.4,0.4,0.4,0.49
n=4,T= 4, 3.38 0.01 99.25 0.02 3.46 0.01 | 149459 1.23 3.48 0.01 64.00 0.00
p= £0.8,0.6,0.4,0.29
n=4,T = 10, 6.88 0.1 | 213.29 0.08 6.72 0.06 | 160.00 0.00
p=10.4,0.4,0.4,0.49
n=4,T = 10, 8.70 0.03 | 307.49 0.09 9.11 0.02 | 159.76 0.03
p= 10.8,0.6,0.4,0.29g

a85% of the runsusingthis conditionactuallyresultedn all joint typesbeingprunedandsoresultsareaveragedover the remainingl15%.
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thatarebelievedpossibleby BaGA, an impossible'obsenationis recevedby atleastone
agent.Of course suchanobsenationis not really impossible;it is theresultof too mary

joint typesbeingprunedfrom considerationWhile theremainingl5%of thetrials for this

pruningthresholdandparameterslid resultin viablesolutionsto theproblem thisexample
underlineshow importantit is to maintaina goodapproximatiorof thetrue setof possible
joint types.

If minimum-distancelusteringis usedinsteadof low-probability pruning,thena smaller
numberof joint typescanberepresentewvithout adwerselyaffectingthe quality of the so-
lutions. The MABC domainhasaninterestingpropertythat, unlessa maximum-allovable
expected-losshresholdof zerois used,eachagenthasonly two clusterspertimestep:one
torepresenall typeswith afull buffer atthattimestepandoneto represenall thosewith an
emptybuffer (i.e., this type of clusteringoccurswhetherthe expectedossparameters set
to 0.01asin Table4.30r 0.0001 etc.). This characteristiproducesan extremelycompact
representationf the type space.It does,however, leadto somelossin performanceges-
peciallywhenall agentshave the samenew messageate,becausalifferenttypeswith the
samecurrentbuffer statefor anagentcanstill leadto differentprobabilitydistributionsover
thetypesof othersbasedon the agents previousbuffer states.In turn, thesedifferencesn
probabilitydistributionsleadto differencesn expectedrewardpro les. Evenwith thisloss
in performancetheresultingclustersareamuchmorecompactandintuitive representation
of the true joint-type spaceof the problemthanthatachieved by low-probability pruning
with a thresholdof 0.01. With a singleexception(n = 3,7 = 3,p; = 0.4), minimum-
distanceclusteringwith a thresholdof 0.01 alsooutperformghis low-probability pruning
condition.

If a maximum-allovable expected-losghresholdof zerois used,only thosetypeswith
identicalexpectedreward pro les will be meged,andno lossin performancas obsened
comparedo low-probability pruningwith a thresholdof 0.000001. The amountof clus-
teringdoneby BaGA-Clustemwith this thresholdvariesbaseduponthe new messageates
of the agents.If oneagentshasa highernew messageate then more clusteringoccurs.
Indeed,n thecaseof n = 3,p = 0.75,0.5,0.25g, thetypesareclusterednto thosewith a
full buffer on the currenttimestepandthosewith anemptybuffer asthey werefor BaGA-
Clusterwith a maximum-allevable expectediossof 0.01. This type of clusteringis why
BaGA-Clustemwith amaximum-allevableexpectedossof zerocangenerate solutionto
then = 3,7 = 10,p = f0.75 0.5,0.25g scenaridout notthatof n = 3,7 = 10 p; = 0.4,
which would requiretoo mary clustersto be computationallyiable. While this BaGA-
Clusterconditionresultsin excellentperformancegverallit usesamuchhighernumberof
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clusterghanminimum-distancelusteringwith athresholdgreaterthanzeroandsocannot
beappliedto thelargestproblemssuchasn = 4,7 = 10. As such therelatively smallloss
in reward generatedy increasingthe maximum-allavable expectedloss seemsa worth-
while tradeof for theincreasan computationabndspacesavings. BaGA-Clustemwith a
maximum-allovableexpectedossof 0.01alsohasthe bene t thatthe numberof clusters
peragentis time invariantunlike the otherpruningandclusteringconditionsexaminedin

this section.Thisinvariancewould allow it to be appliedto problemsof inde nite length.

4.5 Summary

In this chapterthe ef ciency of BaGA wasimprovedthroughthe additionof historyclus-
tering. Ratherthanreasonover the setof all possiblehistories,BaGA-Clustergroupsto-
gethersetsof historiesthathave the same or similar, expectedrewardpro les. Policiesfor
the robotsarenow conditionedon theseclustersof histories. Computationakavings are
achievedbecaus@aGA nolongerhasto reasorover all possiblehistoriesbut insteaddoes
soover areducechumber

Threedifferentmethodswere implementedor achieving this reduction: low-probability
pruning,low-probability clusteringandminimum-distancelustering.While eachmethod
hasits own adwantagesanddisadwantagesminimum-distancelusteringgenerateshe set
of clusterghatbestrepresentshe overall historyspace.

The computationabkarings of clusteringis phenomenalBaGA-Clustelis ableto generate
solutionsto LadyandTheTiger in lessthan0.1%of the processingime requiredoy BaGA,
withoutary lossin performanceSimilar resultsareobsenedin MABC.






Chapter 5

Extending BaGA to Robot Teams with
Communication

In this chaptey communicationis usedto both improve the performanceof a robotteam
andto further reducethe computationakostsof the BaGA algorithm. While the BaGA
algorithm,aspresentedn Chapters3 and4, solvesproblemsin which no communication
Is availableto the team,it canbe appliedto a wider rangeof communicatiorproblems.
The previousfocuswason problemswithout any communicationthe additionof commu-
nicationcanonly improve performanceof the teamasit allows the robotsto synchronize
their obsenationhistories.Asidefrom x edcommunicatiorpolicies,the BaGA algorithm
canalsobe usedto generaterun-time communicatiorpolicies becauset helpsto deter
mine bothwhento communicatendwhatto communicateln this chaptera modi cation
of BaGA-Clusteris presentedn which a few, but critically placed,communicatiomacts
greatlyimprove the overall performanceof the systemat a fraction of the computational
costof thefull POSGsolution.

In orderto make the mostef cient useof bandwidth,the questionsof whenandwhatto
communicatenustbe answeredCommunicatioractsthatimprove the quality of decision
makingaredesirablewhile thosethatdo not shareimportantinformationbetweernrobots
arenot necessaryif communicatiorpoliciesarenot ef cient, thenthe overall systemwill
suffer from scalabilityproblemswhile the currentbandwidthmight be sufcient to handle
full communicatiorbetweenrobots,increasingthe numberof robotswill placetoo large
a burdenon the communicatiorframenvork. A dynamiccommunicatiorpolicy thatmakes
run-timedecisiongn a principledmanneris betterableto exploit the gainsin performance
affordedby speci c communicatioractsthana staticpolicy.

135
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5.1 Run-Time Communication Policies

The mostolbviousway to generateptimal communicatiorpoliciesfor a POSGis to aug-
mentthe action set A to include communicationactionsin additionto domainactions.
Thesecommunicatioractionsmay take the placeof domainactions(or-communicatiop
or they canbe chosenin combinationwith domainactions(and-communication)in this
thesis,only and-communicatiois consideredthatis, robotswill alwaysselectadomain
actionat eachtimestepbut arealsofreeto communicate At timestept, robots rst decide
whetheror notto communicatiorandthen,if any communicatioractionshouldtake place,
all robotson the teamare ableto implementa domainactionconditionedon the speci c
informationreceved. Otherwise,robotswill implementa domainactionconditionedon
their own obsenrationhistory,

A globally optimal run-time communicationpolicy can be found by building a POSG
thatrepresentsll possibleand-communicatioactsat eachtimestepandthensolvingthat
POSGexactly. Theresultis apolicy tree(or conditionalplan)for eachrobotthat,givenan
obsenationhistory !, tells therobotwhetheror notto communicateandthentells it what
actionto take in responséo eachpossiblesetof communicatednformationthattherobot
canreceve from its teammatesT his optimal policy allows for multiple robotsto commu-
nicateat onceor for no robotsto communicatet all dependingon what obsenationsare
actuallymade.By nding sucha policy in abackwardfashion(i.e., sub-gameperfection),
communicatioractionsareonly takenif they resultin higherexpectedoayof to theteam.

While theinclusionof communicatioractionsinto theactionsetseemsrelatively straight-
forward way to generatecommunicatiorpolicies, it is alsonot feasibleto nd the corre-
spondingglobally optimalpolicy. POSGsarealreadycomputationallyintractablejncreas-
ing the size of the actionsetto include communicatioractionsonly makesthe problem
harder Furthermoredirectly applyingthe BaGA-Clusteralgorithmto sucha POSGdoes
notaddresshedif culties thatarisethroughtheincreasedctionset. As discusseah previ-

ouschaptersthecomputationatequirement®f eachBayesiargamearedominatedy the
numberof histories(or clustersof histories)representedh the type space.Theinclusion
of communicatioractionsvia and-communicatioimcreaseshe total numberof possible
historiesby a factorexponentialin the numberof agentsbecausesachhistory mustnow

alsoinclude aninstantiationof the possibleinformationreceved from eachteammateat
timestept (with anull placeholder; , to indicateno communicatednformationreceived) !

11t is possiblethattherearedomainsin which thesizeof thetypespacewill remainsmallenoughto allow
for BaGA-Clusterto be performeddirectly. In generalmostof the historiesgeneratedttimestept will not
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Instead the BaGA-Commalgorithmcomputesiomainpoliciesandthe expectedvalue of
thosepolicies both with andwithout communication.In this approachyobotsno longer
createuniversalcommunicatiorpolicies(i.e.,acommunicatiorpolicy conditionedoneach
possiblehistory) but ratherdetermine at run time, if communicatiorof their currentob-
senationhistorywill make a differencein the performancef theteam.If communication
is warrantedbasedupon a given criterion (e.g., increasein expectedperformance)then
the robot transmitsinformation to the restof the team. Upon receving any communi-
catedinformation, eachrobot createsand solvesa nal Bayesiangamethatre ects ary
sharedinformation. Section5.2.1 discusseshe complity of using this BaGA-Comm
approachandcomparest to usingBaGA-Clusterto solve a POSGthatincludesall and-
communicatioracts.

Finally, with all communicatiorpoliciestherearetwo questionghat mustbe answered:
whatto communicatendwhento communicate Generally the secondjuestionis easier
to answerandin mary implementedsystemshe communicatednformationis left overly
inclusive in orderto avoid leaving out ary importantinformation (e.g., Gutmannet al.
(1999);Bruse etal. (2001);Emeryetal. (2001);Khoo & Horswill (2002)). Thisapproach
Is not the mosteffective useof bandwidthandthe clusteringversionof the BaGA-Cluster
algorithmoffersasimple,yet elegant, solutionto the problemof bandwidthutilization.

5.1.1 What To Communicate

The purposeof clusteringis to grouptogethersetsof obserationandactionhistoriesthat
leadto similar expectedreward pro les whencombinedwith the historiesof otherrobots.
Thatis, it identi es a setof groupsthataredistinctin someimportantway (e.g.,expected
reward pro les). If robotstransmitthe cluster(i.e., the identifying numberof the type 6!
to which their obsered history bestmatches)ratherthanthe obsenred history itself, two
problemsaresolved. First, transmittingan identifying type numbertakeslessbandwidth
thantransmittinga history of all obsenationsandactionsmadesincethe last communi-
cationact (especiallyasthe lengthof the problemincreases)lt is guaranteedhata nite
numberwill be usedby limiting the maximumnumberof clustersthat canbe generated
andthereforethesizeof thetypespacqg .

survive to timestept + 1 becausenly thoseextensionghatincludethe informationactuallycommunicated
at timestept will have positive prior probability The problemis that eachsurviving history still hasan

exponentialnumberof possibleone-stepextensions. Domainswith a high level of additionalconstraints
(e.g.,knowing the positionof all teammatesinay still remainmanageable.
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Secondyia its constructiongachclusterencapsulatesll informationpertinentto decision
makingandallows the robotsto ignoreary aspectof historythatareirrelevant. For ex-

ample,considerthe Lady andthe Tiger problemin which anagentis decidingwhatto do
two timestepsafterit hasopeneda door The obsenrationsit receved beforeopeningthe
doorarenow irrelevantto the decision-makingrocessasthey give no informationabout
the currentpositionof the tiger; only the obsenationsmadeon a following listen action
mayhave relevance? As aresult,whenimplementinghe BaGA-Clusteralgorithmall pos-
sible historiesfall into only oneof two clusters:the agenteitherreceved the obsenration
hearleft or the obserationhearright afterits mostrecentliistenaction.

By makinguseof the work alreadydoneby BaGA-Cluster it is not necessaryo decide
what subsetof an agents obsenation history will lead to the largestinformation gain.
Instead the agentonly transmitsthe informationthat makes a differencewith respecto
policy generatiorandexpectedreward: thecluster or type,number With theLadyandthe
Tiger problem this approacthallows ateammateo ignoretheirrelevantinformation: what
obsenationsweremadebeforethedoorwasopenedandfocusontherelevantinformation:
therobothassinceperformeda listenactionandheardobsenationx. This approachs not
theonly way to answelithe questionof whatto communicatgfor exampleseeRosencrantz
etal. (2003)andNettletonetal. (2003)),but it is awayto answethequestiorthatleverages
work alreadydoneby BaGA-Cluster

Communicatioractsareassumedo be broadcasto the entireteamandnot just robot-to-
robot. They do not, however, force a synchronizatiorbetweenthe entireteam: if robot:
informsthe teamof its history's cluster the restof the teamdoesnot have to inform ¢ of
their histories'clusters.

5.1.2 When To Communicate

Informally, the BaGA-Commalgorithmhaseachrobot nd a policy for the teamgiven
communicationis not possibleandthe policy for the teamgiven everyoneknows its true
cluster Therobotthencompareghosetwo policiesandcommunicategs clusternumber
if appropriateBaGA with clusteringis usedto build andsolve eachof thesetwo games.

In BaGA-Clusterattimestept, robotsconstructhe setof all possiblgoint historiesbased
on anexemplarhistory from eachclusterattimestept 1, thepolicy #* * andary infor-
mationcommunicatedt timestept 1. Minimum-distanceclusteringis thenperformed

2In turn, their relevancedepend®n whetheror not theteammatepeneda doorat the sametime.
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on eachsetof possibleindividual historiesto constructthe nal setof clustersfor each
robot,C?. A BayesiargameBG" is constructedisingthe setC* asits joint-typespace *
anda proposedolicy 7! found. If no communications permitted,a robotwould match
its obseredhistory h! to the mostappropriateclusterin C'! andthenimplementthe action
givenby its policy for thecorrespondindype,a’ = =£(6}). This processs thenrepeatedht
timestept + 1.

Instead,with BaGA-Comm,the robotsdecideif communicatingwith their teammatess

bene cial. As before,eachrobotmatchests obseredhistory 4! to oneof its clustersc! in

C!. It thencreatesa new Bayesiangame, BGC!, usingthe setf ¢!, C* .g asthejoint-type

space . In this Bayesiangame,robot: hasonly one possibletype, its currentcluster

while the otherrobotsstill have all of their possibleclusters. The probability distribution

over this subsetof joint typesis found by normalizingthe probability distribution over

the setof joint typesin which i's components equalto ¢!. This gameis smallerthan
the original Bayesiangameandthereforefasterto solve. The outcomeof this gameis a

proposedolicy, o*t, for theentireteam.A superscripbf i hasbeenaddedo indicatethat

eachrobotwill constructa differentgame BGC! andtherefore nd a differentproposed
policy o,

After nding %' eachrobotdecidespasedupon=! ands®!, whetheror notto communi-
cate. This communicatiordecisioncanbe basedon mary differentfactorsbut only four

typesof communicatiorpolicieswill beconsideredhere.The rst isa x edcommunication
policy in which robotscommunicatesvery x steps. This type of policy doesnot actually
requirethe generatiorof both ! ando*!. Insteadeachrobotcanwait to receve thetype

numberof eachof its teammate&ndthen constructa Bayesiangameconsistingonly of

thosetypes. In fact, this gameis no longera Bayesiangamebut a regular normal-form
gamebecausehejoint-type spacecontainsonly oneelement.

For this x ed communicatiorpolicy, if a robot hasonly one clusterandthereforetype,
thereis no needto transmitthatinformationasall therobotswill alreadyknow its type.In
practice it meanghatthetotal numberof communicatioractsfor eachrobotundersucha
policy canbefewerthanT'/x whereT is thetotal numberof timestepsn the problem.

The rst of the dynamiccommunicatiorpolicies considereds thatin which a robot de-
cidesto communicatef the differencebetweerthe expectedvalueof the policiess** and
7!, giventheclusterits currentobsenationhistoryfallsinto, is greatetthanthe costof com-
munication.If therobot'struehistoryh! fallsinto theclusterc!, whichisin turnrepresented
by thetype 6! thenthis decisionis equivalentto decidingif:



140 Chapter 5. Extending BaGA to Robot Teamswith Communication

JE u(a?'(8Y),0Mj0!  E u(xl(8Y),0Mj6! j > commCost.

This expected-alue-diferencecommunicationpolicy, EVD, is ableto tradeoff the ex-
pectedgainin performanceo the teamwith the costof communication As with the x ed
communicatiorpolicy, nothingis communicatedf the robotonly hasonecluster While
this robotdoesnot have to constructBGCY, all of its teammatesvill unlessthey too only
have onepossibletype.

The seconddynamiccommunicatiorpolicy considereds thatin which a robotcommuni-
catesf it calculatesa policy 0% thatis differentfrom the policy = for eitheritself or ary
of its teammatesIn otherwords,communicatioris promptedif eitherz/(6") 6 o*(6?)
or mi(05) 6 o—;‘.’t((ﬁ.), 8j 2 [and8¢; 2 .. Thisruleis a policy-difference,or PD,
communicatiordecision.lt doesnottake into accounthe costof communicatiorbut looks
only atdifferencesn actions.Themotivationfor theuseof PDis thatBaGA-Commusesa
heuristicto calculateheexpecteduturevalueof policies: shouldthatheuristicnotbeaccu-
rateenoughto properlyevaluatethetruedifferencein expectedvaluebetweemolicieso
andz! (andthereforedeterminef thatdifferenceis really greatetthanthe communication
cost), but still be accurateenoughto maintainthe properorderingbetweenthe two (i.e.,
that E(c*') 6 E(r')), thenthis type of communicatiordecisionstill makesappropriate
decisions.

The nal type of dynamiccommunicationpolicy is one that looks at the computational
costsassociatedvith nding «* andit canbe usedin combinationwith EVD or PD. If
jC!j, the nal numberof clustersfor robot: attimestep, is greatethansomethresholdk,
thenthe robot communicatests best-matchealusters numberto the team. Becausahe
time requiredto solve aBayesiargameis directly relatedto thenumberof differenthistory
clusterstracked for eachrobot, this decisiongeneratesommunicatiorpoliciesthattrade
off bandwidthconstraintsvith computatiorconstraints.

Onceall communicatiordecisionshave beenmade thoserobotsthathave decidedo com-
municatebroadcastheir currenttype to theteam. In BaGA-Comma robot mustcommu-
nicateinformationto the entireteamandnot just to a subsebf its teammatesn orderto
satisfy the assumptiorof this thesisthat communications a sourceof commonknowl-

edge. BecauseBaGA-Clusterrequiresthat only commonknowledgebe usedduring the
constructiornof the Bayesiangameat eachtimestep,f only a subsebf therobotsknow a
pieceof information,it cannotbe usedby themto modify the prior probability over the set
of possiblgoint types.
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Algorithm 5.1: High-level overview of thedynamiccommunicatiordecisionalgorithmfor
BaGA-Comm.Elementsshavn in bold arethosethat representhangesrom the BaGA-
Clusteralgorithmof Chapter4. The criterion for communicatiorusedis anincreasen
expectedreward (EVD).

1: Constructall possiblgoint historiesfrom the setof historyclustersgivenby ©} ! thepolicy »t 1, and
any communicatedinformation attimestept 1. Updatethe probability distribution over the set.

2: For eachrobot,constructhe setof all individual historiesH/ andits probability distribution.

3: Clustertogetherall individual historieswith similar expectedrewardpro les until no moreclustering
canbedone.

4: Constructandsolve thecorrespondinddayesiargame, BG?, usingthe nal clustersC!, asthetype
spaced?.

5: Find thebestmatchto thetruehistoryh! from thesetC} andcalculatethe expectedreward for the
cluster ct.

6: Construct and solve a new Bayesiangame, BGC!, in which robot i hasonly onetype 6! = ¢! but
all other robotshave the type setgivenby 0! , = C* ,.

7: If the expectedreward for the new game(including communication costs)is greaterthan that
found in Step6, communicated! to the restof the team.

8: If any communicationtakesplace,constructand solvea nal Bayesiangame,BG?, using
communicatedtypesand the modi ed probability distrib ution that the communicatd knowledge
inducesover the joint set®?.

9: Implementtheactiongivenby thesolution,at = 7% (6?).

Providedthatthereis atleastonecommunicatioract,eachrobotconstructs nal Bayesian
gameBG? usinga joint-type spacebasedon the setf c, Clg, wherej is the setof robots
thatcommunicatedheir clusternumberand! is the setof robotsthatdid not. The solution
to thisgameis the nal policy 7% andeachrobotexecutests actiona! = 7%(6?). If nonew

informationis recevedby arobot, BG® doesnothave to beconstructedasthe nal policy

7% is simply equalto the policy 7*. The processs thenrepeatedattimestept + 1.

Algorithm 5.1 givesa high-level overview of this communicatioralgorithm. With respect
to implementationthis type of communicationcanbe thoughtof ashaving two phases:
eachrobot plans,waits a (short) setlengthof time to seeif it will receve ary new infor-
mationandtheneitherimplementsts original, no-communicatiorpolicy or usesthe new
informationto re-plan.If suchawaittimeis notfeasiblefor thedomain thenrobotssimply
usetheir no-communicatiorpolicies. The resultingrun-time communicatiorpoliciesare
robustto communicatiorfailuressolong astherobotsareableto detectthatcommunica-
tion failed® The robustnesdollows becausehe robotsnot receiing the communication
will user?’ by default andthe communicatingobot, uponrealizingthefailure of its team-
mateto receve its messagesanswitchbackto usingz?. The POSGframenork allows the
3Examplesof sucharobustcommunicatiorprotocolcanbefoundin Stone& Veloso(1998),Bartuceanu

& Fox (1995)andEmeryetal. (2002).Usingtheseprotocols robotsareableto detectfailed communication
acts.A similar systemcouldbe usedin BaGA-Comm.
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robotsto continueto make useof their obserations,evenif communicatiorfails.

5.2 Algorithms for Run-Time Communication

Algorithms 5.2 through5.5 detailhow BaGA-Comm nds run-timecommunicatiorpoli-
cies. At eachtimestepa Bayesiargameis constructecandsolved usingBaGA-Clusterto
generatea proposedolicy 7!, andjoint-type spacefor thenext timestep **'. Eachrobot
then nds the bestmatchto its currenthistory 6!, in reward-pro le space. Using 6, it
thenmakesa communicatiordecisionw?. If w! is true,thenroboti communicate®! to
all the otherrobotsin theteam. Eachrobotmaintainsa vector ¢!, of ary typesthathave
beencommunicatedo it and,uponreceiptof ary 67, eachrobotupdates)®! to included’.
Finally, if any robot communicatedthenAlgorithm 5.5is usedto nd a new policy and
joint-type spacefor theteamthattakesinto accountary communicatednformation. Each
robotthenimplementsheactiongivenby policy ! for type#:.

Algorithm 5.3 is responsiblédor makingthe communicatiordecisionand,asshowvn, does
sousingthe policy-differencecondition.It rst constructsa setof joint typesusingthe set
of clusteredypes * passedntoit, aswell astheknown typeof roboti, 6! (whichis passed
into Algorithm 5.3 asthe parameter);). The new setof joint types, , only includesthose
joint typesthathave 6! asanelement.y is usedto represena genericelementof  during
probability renormalizatiorover the nal setof joint types. Algorithm 5.4 is thenusedto
nd aproposedolicy o using . JustSolveBayesianGanlgorithm 5.4)is usedrather
thanBayesianGamelttiClusteringbecausehe proposedype spacdor the next timestep,
°. is never going to be usedby Algorithm 5.2 andso it doesnot needto be generated.
If the policy o is differentthanthe onefound without the teammembersknowing robot
1's type, theni's decisionis to communicateand so w; is setto true. Obviously, the PD
conditioncanbe replacedwith arny otherrun-timedecisionsuchasEVD or evena x ed
communicatiordecisionsuchascommunicatingevery = timesteps.

Findingthe nal policy is very similar to makingthe communicatiordecision,only Algo-
rithm 5.5 takesin an entirevectorof any communicatedndividual typesandusesall of
themto constructa new setof possiblejoint types !. Giventhis setandthe probability
distribution over it, BayesianGameMiClusteringis usedto nd a policy o andthe joint-
typespace °for the next timestep.Finally, Algorithm 5.2 usesthis informationto setthe
joint-typespace ‘! equalto °andpolicy 7! equalto o.
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Algorithm 5.2: PolicyConstruction And ExecutionWithCommunication

1,0° A, P(©°),7,S,T,R,0
Output: 7, st, ¢, 8t

begin
h; ) 78’L' 217
r 0
initializeState(s®)

fort 0tot,,q, do

for i 2 I do (in parallel)

set RandSeed(rst)

[*set all known types to null?*

for j 2 I do
Lt
7.1,157 @t+1 ,P(@Hl )
BayesianGameWithClustering(I,0!, A, P(0%), Z,S,T, R, O, rs')
T 0
¢ matchToType(h;, )
I )
w!  CommunicateDecision(1,i,0!,0', A, P(©"),2,S,T,R,O,n",rs")
if w! = true then
I*broadcast 6! to all other robots?*

for j 2 Ido
|t e

SIS

for ¢ 2 I do (in parallel)
if 9i such that w! = true then
setRandSeed(rs')
\; 7t 0t P(O%l)  FindFinalPolicy(I,v%t, 0! A, P(0"),Z,S,T,R,O,rs')

a; 7 (6;)

st T(stdb,...,al)

| v r+R(shdl,...,al)

end

5.2.1 Computational Complexity

Thesecommunicatiorpolicieshave two levelsof approximatiorwith respecto theoptimal
communicatiorpolicy describedatthe startof Section5.1. First, BaGA-Commmalkesuse
of heuristicsfor calculatingthe future value of actionsratherthanbackingup the optimal
policy. SecondlyratherthaneachrobotgeneratingaBayesiargameapproximatinghet-th
stepof aPOSGthatmodelsall possiblecommunicatioranddomainactions(andtherefore
all possiblecombinationsof communicatiorandno communication)eachrobotgenerates
two Bayesiangames: one with no communicationfactoredin and onein which all its
teammateknow its clusterbut it receves no informationfrom them. Therefore,if the
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Algorithm 5.3: Communicate Decision
Input: I,4,;,0,A, P(©),Z,5,T,R,O,r,randSeed

Output: w;
begin
w;  false
r

[*add all joint types to I' that have %; as an individual type for i*
for6 2 © do
if 0; = P; then

v 60
L P(y)  P(09)

r I'[~y
forv2 I'"do
L P() PO)/ ., PO
[*note that ©, and therefore I', already clustered?®
o JustSolveBayesianGame(I,I', A, P(I"), Z,S,T, R, O, randseed)
if ! = mwthen
L w; true

end

Algorithm 5.4: JustSolve BayesianGame
Input: 1,0, A, P(©),Z,5,T,R,O,randSeed
Output: 7
begin

setSeed(randSeed)

fora2 A,62 ©do

| u(a,0) gmdpValue(a,beliefState(8))

7 findPolicies(I,0, A, P(0),u)

end
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Algorithm 5.5: FindFinal Policy
Input: I,w,v¢,0, A, P(©),2,5,T, R,O, randSeed
Output: o, T% P(T°)
begin
r
/*add all joint types to I' that contain any individual types given by
Ul
for62 © do
add  true
1=0
while add = true && i < jIj do
| add  false
L ¢ 41
add then

=

T Tl
fo_r ~v2T'do
L Py Po) L, P

[*Need to find ¢ but also generate set of types for next time-step?*

o,T° P(I'%  BayesianGameW ithClustering(I,T', A, P(T"), Z, S, T, R, O, randseed)

end

performanceof the teamcanonly be improved by all robotscommunicatingandnot just
one,thatcommunicatiorpolicy will notbegenerated.

The calculationof theserun-time communicatiorpoliciesare, however, computationally
ef cient comparedo the optimal communicatiorpolicy: at worstthreeBayesiangames
must be constructedand solved, BG?, BGC! and BG%. BGC! is smallerthan BG?

and BGY is guaranteedo be no larger than BG*. The solutionto BG! is found using
a sequence-formepresentatiof the Bayesiangameand alternatingmaximization. As

describedn Section2.2.1,for an arbitrary Bayesiangame,eachrobotwill have jA;jj ;]

differentpossiblesequenceslif the utility functionrequireslineartime to compute,then
alternatingmaximizationhascomputationatompleity of O( jA jj | ™).

Solving BG* hasan upperboundon computationatompleity of O (jA jjC*j)™* where
jC'j the size of the largestsetof clustersof ary robot (in generaljC?j is exponentialin
t).* Alternatively, if onetried to constructa Bayesiangamerepresenting timestepof the
POSGthatincludesall possibleand-communicatioactions,thenthe numberof possible

“Notethatthis formulais the computationatompleity for solving BG* anddoesnotincludethe costof
nding thetypes/clusterfor timestept + 1. SeeSection3.3.1for moredetails.
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sequence®r eachrobotis increasedy afactorexponentialin the numberof robots. This
Bayesiangamewould actuallybe solved asa 2-stepgame: the resultingpolicy tells each
robot whetherto communicatets clusteror not, and then, basedon whatever informa-
tion it recevesfrom the team,whatdomainactionto do. As describedn Section2.1.5,
sucha multi-stepgamerequiresa sequencéo be createdandevaluatedfor every possible
paththroughthe "game-tree’. Constraintsarethenusedduring policy constructiorno en-
forcethe requirementhatrobot: mustmake the samecommunicatiordecisionfor every
sequencehat includesthe sameclusterct. In this case,a singlerobot's pathincludesa
communicatiorandactiondecisionfor every possiblef cluster informationrecevedfrom
teammateg pair. If teammatg hasjC’j possibleclusters,it can Sitherbroadcasbne of
thoseclusternumbersor notbroadcasary informationleadingto = ,, ;(jC7j + 1) differ-
entpossiblecombinationsof receved informationfor i. As aresult,roboti hasanupper
boundon its numberof possiblef cluster informationreceved from teammates pairs of
jCl(jCtj+ 1) 1. With two possiblecommunicatioractionsandj A;j domainactions each
robothasatmost(2j A;j)[jC!j(jC?j+ 1)* 1] differentpossiblesequencesgsultingin anup-
perboundon the computationatompleity for nding thesolutionof O (2jA j)*jCtj™ .
This quantityis a factorof 2"jC*j" greaterthanthe computationgperformedby BaGA-
Commfor the sametimestepof the problem.

As a nal note,thecomputationakavingsby BaGA-Comms myopicapproacldoesmean
thatrobotscannotmale useof “negative information’. In the optimalcommunicatiorpol-
icy, if arobotdoesnotcommunicatehenthatinformationis usedby theteamto adjustthe
probability distribution over future possibleobsenation histories(i.e., theteamcanignore
historiesfor which thatrobotwould have communicatedsit is commonknowledgethat
they have not occurred). In orderfor BaGA-Commto make similar useof this negative
information,eachrobotwould have to know whetheror not eachof its teammatesvould
communicatdor eachoneof their possibleclusters(i.e., nd a clusterto-communication
mapping).Thisapproactwouldrequireeachrobotto notonly build thegameBGC! to nd
its own communicatiordecision,but to alsobuild andsolve the seriesof gamesBGC? in
whichall robotsknow thatrobot;'shistoryis in clusterc;. Eachrobotthenappliesthecom-
municationcriterionto BG" andeachBG(J; to comeup with a clusterto-communication
policy for eachof its teammates.So long asthe algorithmis constructedsuchthat each
robot nds the samepolicies,theteamcannow incorporateboth positve andnegative in-
formation.Like before,if arobotcommunicatess clusternumberattimestept, thenonly
thosejoint historiesthatincludethat clusterwill have non-zeroprior probability timestep
t + 1. However, if arobotdoesnotcommunicatethenall joint historiesthatcorrespondo
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clusterdor whichit would communicatewill have zeroprior probabilityattimestept + 1.
While this approachwould allow for negative informationto be included,insteadof just
solvingonegameof theform BGC}, eachrobotmustnow solve BGCY for all its possible
clustersandfor all of its teammatespossibleclusters.This increasaaisesthe numberof
gamedo besolvedfrom 1to O(jC*j™), bringingthecompleity of suchanalgorithmcloser
to thatof applyingBaGA-Clusterto the POSGthatincludesand-communicatioacts. For
thisreasonnegative informationis notusedin BaGA-Comm.

5.3 Experimental Results

In order to testthe effectivenessof the dynamic communicationpolicies generatedy
BaGA-Comm,the algorithmwas testedin two domains: the Lady and the Tiger prob-
lem andthe RoboticTag problemof Section3.4.3.In this section the performancef both
x edandrun-timecommunicatiorpoliciesin thesedomaings analyzed.

5.3.1 The Lady and The Tiger

A x ed communicatiorpolicy in which agentscommunicateheir clusternumberevery
x stepswas rst implemented. Communicationis assigneda costof 1.0 (i.e., the same
as a listen action) and agentsdo not communicateon the rst timestepof the problem
(becausdhey have no obsenrations), nor if they only have onecluster An z of 1 is
usedto representhe caseof no communication.Performancevascomparedo a sel sh
implementationalsousingthe x ed communicatiormpolicy, for both the simple-heuristic
andcoop-POMDPutility functions.Resultscanbeseenn Figuress.1and5.2respectrely.
In both casesBaGA-Commwasimplementedusingminimum-distancelusteringwith a
maximum-allevable expected-losshresholdof 0.01. A communicatioractin the sel sh
versionconsistsof transmittingall obsenationsandactionssincethe lastcommunication
act;however, it is assumedo have the samecostastransmittinga clusternumber

With this type of x ed communicatiorpolicy, both BaGA-Commandthe sel sh imple-
mentationperformbestwith full communicatiorandworstwith no communicationgven
whenthe costsof communicatiorarefactoredinto reward. With BaGA-Comm,however,
theagentsarestill ableto properlyreasoraboutthe otheragents actionsandobsenations
in betweercommunicatioractsandthereforeperformanceloesnot drop off asquickly as
x increasesn value,asit doeswith the sel sh version. With the coop-POMDPheuristic,
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averagereward doesnot decreasenonotonicallyasz is increasedFor the sel sh version,
performancas de nitely betterwith certainvaluesof x, while BaGA-Commdoesbetter
with x = 5thanit doeswith = = 4.

This resultmakes sensebecausein this domain,communicatingat certaintimescanbe
betterthanothers.For example,if anagentis aboutto opena door, thensharingobsenra-
tionswith its teammatesvill eithercausebothagentso openthe samedoor or neitherto
openadoor. Overall, this behaiour will increaseaveragereward. If thevalueof x is such
thatagentsdo not happeno communicateon thesekinds of timestepsthenlower perfor
manceoccurs. As expected,this effect on performancas mostapparentwith the sel sh
applicationof the coop-POMDPheuristicbecausefor this heuristic,sel sh agentsopen
doorsthe mostfrequently Therefore,they will be impactedthe mostby the correlation
betweendifferentvaluesof  andonwhich timestepshey opendoors.

If it is the casethat whenandnot just how often an agentcommunicatesffects perfor

mance thenrun-time communicatiordecisionsbecomevery important. Table5.1 shovs

the performancef the EVD andPD communicatiordecisiondor BaGA-Comm.BaGA-

Comm was implementedwith minimum-distanceclusteringwith a maximum-allevable
expected-losghresholdof 0.01. EVD andPD resultin similar performanceand number
of communicatioractsto eachother For the Lady and the Tiger domain,the policy o*!

tendsto satisfyboththe EVD andPD conditionsat the sametime. The resultof sucha
communicatioractis to eithercoordinatehe agentson openingthe samedooror to inform

themthatthey have con icting obsenationsandthatno doorshouldbe opened.

If onewereto look at the policiesgeneratedy simple-heuristicor coop-POMDPIn the
absenceof communicationthey areactuallyquite similar. Eachagentneedsto receve a
majority of obsenationsof onekind beforeit will committo openingadoor, andeachagent
will listenfor mary moretimestepsn a row thanit doesin the communicatingoolicies.
Becausesachagentcannotdirectly poolits obsenationswith its teammateit canonly in-

fer aprobability distribution over the setof all possiblgoint-obsenration historiesandwill

thereforebe moreconserative andrequirehigherquality evidenceof its own beforecom-
mitting to openinga door. It is thereforeinterestingthat, whencommunications added,
coop-POMDPperformsbetterthansimple-heuristic This is, however, aresultof how the
two utility functionsestimatethe future expectedvalueof actions.While coop-POMDPis

very optimistic, simple-heuristicdoesnot assumehatin the future agentswill be ableto

sharetheir obsenations.As aresult,simple-heuristicéeadsto policiesin which agentsare
moreconserative aboutwhenthey would opendoorsbecausét doesnot overestimatehe
numberof timesthatthey will beableto opendoorsin theremainingtimestepsIf commu-
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Figure 5.1: Fixed communicationpolicy resultsfor a 10-stepversionof the Lady and
TheTiger. The BaGA-Commandsel sh algorithmsusedthe simple-heuristidor estimat-
ing the future value of actions. Each x ed communicatiorpolicy communicategvery x
steps,with z = 1 meaningnever communicate.BaGA-Commwas implementedwith
minimum-distanceclusteringwith a thresholdof 0.01 and used200 randomrestartsfor
alternating-maximizatiogalls. The averagecumulatve rewardto the teamwithout com-
municationcostsfactoredn is shavn in (a), while theaveragerewardwith communication
costsincludedin shavn in (b). (c) shavs the averagenumberof communicatioractsfor
the teamover the 10 timesteps.The differencein the numberof communicatioractsfor
thex = 1 cases causedy a BaGA-Commcontrolledagentnot needingto communicate
onthosetimestepsn whichit hasonly onetype. All resultsareaveragedver 10000trials,
and95%con denceintenalsareshavn aserrorbars.
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Figure5.2: Fixed communicatiomolicy resultsfor a 10-stepversionof the Ladyand The
Tiger. The BaGA-Commandsel sh algorithmsusedcoop-POMDPfor estimatingthe fu-
ture valueof actions.Each x ed communicatiorpolicy communicategvery x stepswith
x = 1 meaningnever communicate.BaGA-Commwas implementedwith minimum-
distanceclusteringwith a thresholdof 0.01and200 randomrestartsusedfor alternating-
maximizationcalls. The averagecumulatve reward to the teamwithout communication
costsfactoredin is shavn in (a), while the averagereward with communicatiorcostsin-
cludedin shavn in (b). (c) shavs the averagenumberof communicatioractsfor theteam
over the 10 timesteps.The differencein the numberof communicatioractsfor thexz = 1
caseis causedby a BaGA-Commcontrolledagentnot needingto communicateon those
timestepsn whichit hasonly onetype. All resultsareaveragecdver 10000trials,and95%
con denceinternvalsareshovn aserrorbars.
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Table5.1: Run-timecommunicatiorpolicy resultsfor a 10-stepversionof theLadyandthe

Tiger. BaGA-Commwasimplementedvith minimum-distancelusteringwith athreshold
of 0.01 and 200 randomrestartsfor eachinstanceof alternatingmaximization. All re-

sultsareaveragedover 10000trials with 95% con denceintervals shavn. Figures5.3and

5.4 comparethe performanceof BaGA-Commwith EVD to various x ed communication
policies.

| Algorithm | #Comm.Acts | Reward | Reward+Comm.Costs | Average# Clusters |
simple-heuristic
EVD 5.16 0.02 38.97 0.30 33.81 0.30 20.59 0.05
PD 5.13 0.02 39.05 0.31 33.92 0.31 20.62 0.05
sel sh, justaboutto opendoor 494 0.01 39.74 0.10 34.80 0.10 n.a.
coop-POMDP
EVD 9.79 0.01 57.53 0.54 47.74 0.54 16.92 0.03
PD 9.79 0.01 57.79 0.53 48.00 0.53 16.93 0.03
sel sh, justaboutto opendoor 9.71 0.01 58.45 0.17 48.74 0.17 n.a.

nicationis allowed, however, theassumptiongoverningthe coop-POMDPRutility function
becomemorerealisticasagentswill beableto sharefuture obserations.coop-POMDPs
run-timecommunicatiompoliciesarethereforemoreaggressie andinvolve morecommu-
nication.

For example,with coop-POMDR the agentscommunicateheir clusternumberafter re-
ceiving asingleobsenation. If their obsenationsmatchthenthey both openthe appropri-
atedoor. At besttheagentswill beableto open vedoorsoverthe10 stepsof theproblem.
Eventhoughopeningdoorsbasedon the evidenceof just two obsenationsis riskier than
gatheringmore evidence,the averageperformanceof sucha policy is quite high. With
simple-heuristicthe agentswait until they have recevedtwo obsenationsbeforecommu-
nicating. If threeout of thesefour total obserationsare the same,thenthe agentswill
opentheappropriataloor. With this policy, theagentswill only have threechanceso open
thedoorandsodo not have asmary opportunitiego achiere high reward. They do, how-
ever, actuponhigherquality information(asit incorporatesnoreevidence)andsotheloss
in averagereward comparedo coop-POMDPis lessthanthatwhich would be gainedby
openingonemoredoor.

BaGA-Commwith eithersimple-heuristior coop-POMDRs very aggressie in thenum-
ber of communicatioractsit makeswith both EVD andPD. As a result, the type space
of eachagentstaysvery small andit was not necessaryo implementary communica-
tion decisionsbasedon the size of this space.With simple-heuristichecauseeachagent
communicatesfter two listen actions,the size of the type spaceof eachagentdoesnot
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grow above threefor ary singletimestepwhile for coop-POMDRPhetype spacehasasize
limited to two.

Regardlessof the utility functionchosengachpolicy takesthe form of anagentgathering
someamountof information(thatamountbeingdependenbn the utility functionchosen)
andthensharingthatinformationwith its teammateo decidewhetheror notto openadoor.
The agentsasaresult,alwaysselectthe sameaction: they eitherbothlisten or bothopen
the samedoor Thesejoint actionscorrespondo the joint actionsthatarenon-dominated
in aPOMDPversionof the problemin which all obsenationsaresharedetweertheteam
(by non-dominatedt is meantthat,in sucha POMDR only thesgoint actionswill everbe
executed).Thesames nottrue of BaGA-Clustemwhentheagentscouldnot communicate.
However, intuitively, asmore communications addedinto the POSGmodel, the agents
shouldstartto act more and more asthey would in the POMDP versionof the problem
with full communicationAs expectedthe BaGA-Commpoliciessatisfythis intuition.

The policies generatedby BaGA-Comminspireda communicationheuristicfor sel sh
agentsin which an agentwill communicatdts obsenration history to its teammateif it
hasreceved enoughinformationto bewilling to opena door. Thatway, solong asit does
not have con icting information,the teammatewill alsoopenthatdoor. If theteammate
doeshave con icting obsenations(for example,it hasheardthetiger behindtheleft door
twice while the otheragentheardit behindtheright doortwice), thenit generallyhasalso
decidedto opena doorandsowill communicatehatinformationto the original agentas
well. In this case the two agentswould thenboth pick thelistenactionin orderto gather
moreevidence.ln otherwords,agentswill alwaysperformthe sameaction. Thiscommu-
nicationheuristic whencombinedwith thesel shimplementatiorof eitherutility function,
performsextremelywell. The averagereward achiezed by theteam,oncecommunication
costshave beenfactoredin, is the sameor similar than how it did with full communi-
cation(x = 1) but with lessthan half the numberof communicationractsneeded.Even
without communicatiorcostsfactoredin, this communicatiorheuristicoutperformedhe
x edcommunicatiorpolicy with ary valueof x greaterthanl. This heuristicis alsoable
to achieve performancesqualor betterthanthat of BaGA-Commusing eitherthe EVD
or PD communicationdecisionat a fraction of the computationalcost. Of course,this
heuristicdoesnot attemptto make ary tradeofs betweencommunicationcostsand per
formancehowever, it doesshav thatrun-timecommunicatiompoliciesgeneratedhrough
BaGA-Commcanbe usedto inspirecommunicatiorheuristicshatwork very well.
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Figure5.3: Effectsof varying the communicatiorcostsfor a 10-stepversionof the Lady
and TheTiger. The performancef both x ed communicatiorpoliciesandEVD arecom-
pared. All policiesusesimple-heuristidor estimatingthe future value of actions. Each
x edcommunicatiorpolicy is to communicatevery x stepswith z = 1 meaningnever
communicateBaGAwasimplementedvith minimum-distancelusteringwith athreshold
of 0.01and200randomrestartsusedfor alternatingmaximization. The averagecumula-
tive rewardto theteamwith communicatiorcostsfactoredn is shavnin (a). (b) shavsthe
averagenumberof communicatioractsfor the teamover the 10 timesteps All resultsare
averagedover 10000trials but the error barsrepresentind5% con denceintenals have
beenomittedin orderto improve clarity.

5.3.1.1 Varying Communication Cost

Up to this point, communicationcostshave beenheld x ed at 1.0. Figures5.3 and5.4

graphthe effects of varying communicationcosts. The performanceof both x ed com-

municationpoliciesandBaGA-Commwith the EVD conditionarecomparedor a 10-step
versionof theLadyandtheTiger. Asthecostof communicationncreasesBaGA-Commis

ableto reducethe numberof communicatioractionsit takesuntil it startsto performmore
similarly to BaGA withoutcommunicatior(indicatedby thex = 1 case).The x edcom-
municationpolicies,however, arenot ableto take the costof communicatiorinto account
andsotheir performancealropsoff drastically

Figure 5.3 (a) shavs the averagereward, including communicationcosts,generatedy
thesepolicies using the simple-heuristiautility. The averagenumberof communication
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Figure5.4: Effectsof varying the communicatiorcostsfor a 10-stepversionof the Lady
and TheTiger. The performancef both x edcommunicatiorpoliciesandEVD arecom-
pared.All policiesusecoop-POMDPfor estimatinghe futurevalueof actions.Each x ed
communicatiorpolicy is to communicatevery x stepswith = 1 meaningnever com-
municate.BaGA wasimplementedvith minimum-distancelusteringwith a thresholdof
0.01and200randomrestartsusedfor alternatingmaximization. The averagecumulatve
reward to the teamwith communicationcostsfactoredin is shovn in (a). (b) shaws the
averagenumberof communicatioractsfor theteamover the 10 timesteps All resultsare
averagedover 10000trials but the error barsrepresentind@5% con denceinternvals have
beenomittedin orderto improve clarity.
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actsis shavn in Figure5.3 (b). The x ed communicatiorpolicy of communicateavery
stepbut the rst, i.e.,z = 1, averagesl0.87 communicatioractsperrun (ratherthanthe
expectedl8.00), becausagentglonotneedto communicatéf they have only onepossible

type.

Thesimple-heuristiaitility wasdesignedor the caseof nocommunicatiorandasaresult,
doesnot accuratelymodelfuture expectedreward whenthe agentsare ableto communi-
catefrequently Thereforethe x edcommunicatiorpoliciesof x = 1 andxz = 2 dobetter
thanEVD whencommunicatiorcostszeroor 1.0 peract. EVD, however, performssimi-

larly to thexz = 3 casefor thesecommunicatiorcosts,eventhoughit performsonefewer

communicatioract per run. As the costof communicationncreasego 2.0, EVD starts
to performaswell asthex = 2 case,andby thetime communicatiorcostshave reached
3.0,it is performingsimilarly to thex = 1 case.lt is postulatedhatthe slightincreasan

communicatioractswhencommunicatiorcosts3.0is causedy EVD communicatingat

differenttimestepdor certainsetsof obsenations(e.g.,if EVD pusheff communication
atanearliertimestepthis will effectwhatactionsaretakenlaterand,for certainhistories,
actuallyendup triggeringthe EVD conditionmoreoften).

By thetime communicatiorcostsareincreasedo 5.0,EVD is barelycommunicatingandit
stopsentirelywhenthecostsareraisedto 10.0. At this pointits performances equivalentto
BaGA-Clustemwithout any communication.BaGA-Clusterwithout communicationz =
1 ) doesnot entirely provide a lower boundon the performanceof EVD (asseenwhen
communicationgosts5.0), becaus®f EVD's myopicnatureandthe useof a heuristicfor
the utility function. EVD's successs dependenbn beingableto accuratelycomparean
expectedncreasen performanceavith thecostof communicationAt somepoint, however,
unlessheheuristicusedto calculatethis distances exact, EVD will errandresultin either
moreor fewer communicatioractsthanis “optimal'. For simple-heuristicthis pointseems
to occurwhencommunicatiorcosts5.0. Oncethecostis raisedto 10.0,theseinaccuracies
have lesseffect.

A comparisorof the performancef thesepolicieswasalsomadeusingthe coop-POMDP
heuristicfunction,andcanbe seenin Figure5.4. As coop-POMDPIs a muchbetteresti-
mateof futurerewardwhenagentcancommunicateEVD performssimilarlytothex = 1
casefor communicatiorcostsof 1.0,2.0and3.0. As communicatiorcostsincreaseabove
3.0,EVD outperformsall of the x edcommunicatiorpolicies. By this point, EVD hasre-
ducedits averagenumberof communicatioractsby aboutthree.As with simpleheuristic
theperformancef BaGA-Clustewithoutcommunicatiordoesnotentirelyprovide alower
boundto the performancef EVD. Whencommunicatiorcosts10.0,EVD still communi-
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catesl.92timeson average . However, by thetime communicatiorhasincreasedn costto
15.0,EVD stopscommunicatingandbehaeslikethez = 1 case.

5.3.2 Robotic Tag

Communicatiorpolicieswere alsoimplementedor the unknown-teammate-positioer-
sion of RoboticTag. This variantwasselectedbecausdBaGA requiresa large numberof
typesin orderto nd goodsolutionswithout communicationandsoit is agoodcandidate
for communicatiordecisionsdesignedo reducecomputationatosts. BaGA-Commwas
usedwith acombinatiorof low-probabilitypruningwith a cutoff of 0.00025%andminimum-
distanceclusteringwith a thresholdof zero, exceptfor the caseof no communicationn
whichtheseparametersvere0.0025and0.0001respectiely (in this lattercasethelack of
communicatiorrequiredthatthe pruning/clusteringparameter®e raisedin orderto keep
thejoint-typespacemanageable).

First, the x ed communicatiormpolicy of broadcastingnformationevery = timestepsvas
implementedwith resultsshavn in Figure5.5 for both BaGA-Commandthe MLS and

@y pp heuristics.As with the Lady and the Tiger domain,communications assumedo

have a costof 1.0regardlessf it is the broadcasof a clusternumberor, asin the caseof

MLS andQ,/pp, the history of obserationsandactionsmadesincethe lastcommunica-
tion act. In BaGA-Comm,evenfor x = 1, arobotdoesnot communicatesvery timestep
becausehereis no needto do soif it only hasonecluster For this reasonthe numberof

communicatioractsperformedoy BaGA s alwayslessthantwice the numberof iterations
takento capturethe opponentMLS and(@ ,,;ppr, however, do not have arnything similar of

which to take advantageandtherebyreduceoverall communication.

MLS and @Q,;pp, afteraninitial increasein averagereward (with communicationcosts
included), experiencea rapid drop-of in performanceasthe numberof communication
actsdecreasesAs discussedn Section3.4.3,the coordinationof the teambecomesom-
promisedif the robotsdo not have an accurateidea of wheretheir teammatds located.
While communicatioris ableto re-syncthe believed positionof theteammatewith its true
position,in betweencommunicatioractsthesepositionswill startto drift apartagain. As
x increasesthe robotsspendmoreof their time uncoordinatecndthereforeperformance
suffers.

For valuesof = greaterthan1, BaGA-Commis ableto reasomabouthistoriesin between
communicatioracts.If onelooksattheaveragerewardwith communicatiorcostsfactored
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in, BaGA-Comm(and, to a limited extent, the othertwo heuristics)performsbetterwith
fewer communicatioracts. In fact, BaGA-Commis fairly stablewith respecto average
reward and numberof iterationstaken to capturethe opponent,even as the numberof
communicationactsdecreasesl.t is, however, a resultof usinga x ed communication
policy, becausehe robotsdo not necessarilycommunicateat key pointsin the problem.
For this domain,a critical decision-makingpointis whenthe two robotsare positionedto
tagthe opponenin the goal cell but the opponenis not actuallythere. Oneof therobots
will be aware of this fact and the communicationof this piece of information makes a
differenceto the overall performanceof the game. While a x ed communicatiorpolicy
cannotmalke the decisionto communicateat this critical time, a run-timecommunication
policy can.

The rst type of run-time communicatiorexaminedis thatof EVD. The EVD communi-
cationpolicy takesaboutthreetimestepamoreto capturethe opponenthana x ed com-

municationpolicy with x = 1, but it leadsto a higher averagereward oncethe cost of

communicatioris factoredin. With EVD, the averagenumberof communicatioractsper

trial is lessthanone (comparedo about23 for thex = 1 policy). If onelooks atwhen

the robotsdo communicateusing EVD, the primary time they do so is whenthe robots
aresetup to tag the opponentandonerobotis in the goal cell. If the opponents there,
it is not necessaryor the robotin that cell to transmitthat informationto its teammate
solong asthe policy for theteammater® ;, hasit alsoperforminga tag actionwith high

probability. If thetag actionwill not be performedwith high enoughprobability thenthe

robotin thegoalcell doestransmittherelevantinformation(i.e., its clusternumberthaten-

capsulateshatinformation)sothatthey will bothdotag. If the opponenis notthere,but

theteammatewill be performinga tag actionwith high probabilityaccordingto 7* ,, then
therobottells its teammatats clusternumberandthe miscoordinatiorof thetag actionis

avoided. Becauseamiscoordinatingon the tag actionhasa penaltyof 10 while the costof

communicatioris 1.0, thesetypesof scenariogriggerthe EVD condition. EVD will also

betriggeredif arobotis in the samecell asthe opponenturing an early timestepof the

problem.

EVD wasalsocombinedwith the computational-tradebfdecisionin which robotscom-
municateif their currentnumberof clustersexceedsa thresholdof £ = 20. Adding the
additionalclusterthresholdconditionto EVD doesnot resultin the teamcatchingthe op-
ponentfaster but it doesgreatly reducethe total numberof clustersmaintainedoy each
robot,which translatego fasterplanning.On its own, the clusterthresholdconditiondoes
performbetterthanno communicatiorat all, but not nearlyaswell asEVD or PD, which
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Figure5.5: Fixed communicatiorpolicy resultsfor the unknown-teammate-positiwari-
ationof RoboticTag. Each x ed communicatiorpolicy communicategvery x stepswith
x = 1 meaningnever communicateBaGA-Commwasimplementedvith a combination
of low-probability pruningwith a cutoff of 0.00025andminimum-distancelusteringwith
a thresholdof zero(i.e., two clustersare only meigedif they have identicalreward pro-
les), exceptfor the caseof x = 1 in whichthoseparametersvere0.0025and0.0001,
respectrely (theparametersvereraisedin this lattercaseto helpkeepthejoint-type space
manageable).The averagecumulatve reward to the teamwithout communicationcosts
factoredn is shovn in (@), while theaveragerewardwith communicatiorcostsincludedis
shawvn in (b). (c) shavs the averagenumberof communicatioractsfor the teamover the
length of the task, while (d) shows the averagenumberof timestepgaken to capturethe
opponentAll resultsareaveragedover 10000trials with 95% con denceinternvalsshawn.
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Table 5.2: Run-time communicationpolicy resultsfor the unknown-teammate-position
variationof RoboticTag. All resultsareaveragedover 10000trials with 95% con dence
intenals shavn. The averagenumberof clustersis thelgverageof the summednumber

of clustersmaintainedby a robot at eachtimestep,i.e.,

.iC?j. BaGA-Commwasim-

plementedwith a combinationof low-probability pruning with a cutoff of 0.00025and
minimum-distancelusteringwith a thresholdof 0.00exceptfor the caseof no communi-
cation,in which casethoseparametersvere0.0025and0.0001,respectrely. Resultsfor
x edcommunicatiorpoliciesareincludedfor comparisorpurposes.

Policy Capture Time | #Comm. Acts Reward Reward+Comm. Average# % Success
Costs Clusters
BaGA-Comm
nocomm. 45.69 0.67 n.a. -88.15 1.52 n.a. 1032.81 77.5%
27.86
xed,z=1 38.67 0.61 23.06 0.21 -67.06 1.29 -90.11 1.40 50.20 0.67 85.6%
xed,z= 2 40.23 0.24 16.57 0.17 -72.71 1.34 -89.28 1.42 62.14 0.74 84.7%
EVD 41.73 0.64 0.89 0.02 -73.65 1.36 -74.53 1.37 742.46 26.91 82.1%
EVD + 41.41 0.64 2.43 0.04 -72.94 1.36 -75.37 1.37 248.02 3.45 82.5%
jCij > 20
PD 38.91 0.61 6.45 0.08 -67.51 1.28 -73.96 1.31 171.27 3.42 85.7%
PD+jCij > 20 38.86 0.61 6.57 0.08 -67.41 1.28 -73.98 1.32 152.19 2.49 86.0%
jCij > 20 42.84 0.63 2.38 0.04 -80.32 1.39 -82.70 1.41 287.98 3.66 82.5%
Sel sh Heuristic
MLS, nocomm. 82.74 0.64 n.a. -186.85 1.64 n.a. n.a. 23.4%
MLS, x ed 39.63 0.52 79.26 1.03 -68.02 1.07 -147.28 2.10 n.a. 93.5%
r=1
MLS, x ed 40.61 0.53 41.12 0.53 -72.74 117 -113.61 1.70 n.a. 92.4%
r=2
MLS, 64.16 0.66 7.21 0.12 -131.98 1.66 -139.19 0.12 n.a. 60.1%
unexpected- no
sync
MLS, 48.84 0.60 4.40 0.07 -89.81 1.29 -94.21 1.34 n.a. 85.5%
unexpected
forcedsync
Qmbpp,NO 96.23 0.34 n.a. -202.05 0.81 n.a. n.a. 4.9%
comm.
Qmpbpp, Xed 36.93 0.60 73.93 1.19 -63.44 1.25 -137.37 2.44 n.a. 87.3%
r=1
Qmpbpp, Xed 39.12 0.58 39.73 0.58 -70.85 1.24 -110.59 1.81 n.a. 86.6%
r= 2
QM DP s 76.35 0.61 14.78 0.18 -159.78 1.41 -174.57 1.54 n.a. 46.3%
unexpected- no
sync
QMDP » 56.28 0.65 8.10 0.14 -110.14 1.41 | -118.23 1.46 n.a. 70.6%
unexpected
forcedsync
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wasthe secondype of run-timecommunicatiorpolicy tested.

PD resultsin similar performanceto communicatingevery timestepbut at a quarterof

the numberof communicationacts. With communicationcostsfactoredin, its average
cumulatve reward is similar to that of the EVD communicationpolicy. This resultis a
re ection of how the EVD policy actuallytradesoff communicationcostsand expected
increasan reward whereaghe PD policy doesnot. Again, addingthe additionalcluster

thresholdconditionto PD did not greatly affect performancebut it reducedthe average
numberof total clustersmaintainedy eachrobot,therebyimproving computatiortime.

While PD is triggeredby every situationin which EVD would be triggered(asa policy

differences whatleadsto anexpecteddifferencein performance)it will alsobetriggered
by casesin which a policy differencewould occur as the result of communicationbut

with no restrictionson the resultingdifferencein expectedreward. Theseadditionalcases
arewhy PD resultsin aboutsix timesthe numberof communicatioracts. For example,
PD will betriggeredif arobotis in the goal cell, regardlessof whetherthe opponents

thereor not, or it will betriggeredif bothrobotsappeaiin Cell 24 at the sametime. It is

postulatedhatthislasteventresultsin apolicy changebecausé is oneof thefew positions
in the grid in which robotssometimesappearsimultaneously While eachrobotwill see
its teammateit is not assumedo be commonknowledge(i.e., thatrobot: knows thatits

teammateseedt andthatits teammate&nows that: knows thatits teammateseest andso

on), thereforeby establishinghis informationascommonknowledge(achiezedby sharing
clusternumbers)the probability distribution over the setof joint typesis changedomuch
thatpolicy changesvould alsooccur

Theconditionsunderwhich EVD andPD leadto communicatioractswereusedto createa
run-timecommunicatiorneuristicfor MLS and@ ,,pp. Essentiallythis heuristiccaptures
theideathatin BaGA-Commrobotscommunicateavhensomethingunexpectedhappens.
For example,if the opponenis notin the goalcell but the joint-type spaceof the teamis
suchthatamiscoordinatioronthetag actionis likely to occut thenbothEVD andPD will
communicateRatherthanjusthave thecommunicatiorheuristicbe speci ¢ to unexpected
eventsconcerninghegoalcell, it wasexpandedFor example,if arobotfollowing theMLS
heuristicor ), pp heuristicdetermineshatthemaostlik ely positionfor theopponenbnthe
next timestepis cell y but, uponmoving into thatcell itself, doesnot detectthe opponent,
it will communicate.Similarly, a robotmoving into the goal cell thatdoesnot detectthe
opponentvould broadcasits obserationandactionhistoryto its teammatgit would not
have moved into that cell unlessit believed with high probability that the opponentwas
there). Otherunexpectedeventsarewhena robot doesnot detectits teammaten the cell
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in which it believesits teammatedo bein.

Thisunexpecteccommunicatiorheuristicwasimplementedothwith andwithoutaforced
synchronizatiobetweertherobots.If arobotdecidegso communicateit tellsits teammate
its obsenationandactionhistory In the forced-synccase jts teammatemustthentell its
own historyback. Both approachesesultedn betterperformancehanif thereis nocom-
municationavailableto the team. As anticipatedthe forced-syncversionof the heuristic
workedbetterfor bothMLS and@ ,pp becausenary of theunexpectedeventsthattrigger
a communicatiordecisionactuallyinvolve a robot needinginformation(suchasits team-
mates true positiongiventhattherobot's believed positionof it mustbewrong). For both
MLS andQ@,,pp, theforced-syna@wommunicatiorheuristicresultedn performanceimilar
or betterthanary of the x ed communicatiorpoliciesoncethe costof communicatioris
factoredn. Withoutcommunicatiorcostsfactoredn, they bothperformedsimilarly to the
x = 5 case but with fewer thanhalf the numberof communicatioracts. If synchroniza-
tion is not forced, the communicatiorheuristicdoesnot leadto suchgood performance.
Only the caseof = = 1 is now outperformedwith respectto averagereward including
communicatiorcosts.

5.4 Summary

In this chapter BaGA is extendedto handlerobot teamswith communication.In order
to nd optimalrun-timecommunicatiorpoliciesit is necessaryo includecommunication
actsin the actionset. Unfortunately doing so increaseshe numberof historiesthat must
betrackedby the BaGA algorithmby afactorexponentialin the numberof robots.Rather
than nd suchan optimal universalplan, BaGA-Commgeneratesun-time communica-
tion decisionsmyopically: eachrobot computesdomainpolicies both with and without
communicatiorand,basedn their differencescommunicates.

Variouscriteria can be usedto determinewhento communicateBaGA-Commincludes
decisionsbhasedon expectedimprovementsn performanceaswell asdecisionshasedon
computationatequirementsTheserun-timecommunicatiorpoliciesnotonly improve the
performanceof the robotteamin domainslike Lady and the Tiger and RoboticTag, but
alsoreducecomputationatosts. By usingrun-timecommunicatiordecisionsratherthan
x ed communicatiorpolicies,robotscanadapttheir behaiour to accommodatelifferent
communicatiorcosts.






Chapter 6

Real-Time Robot Controllers

This chapterdiscussetiow theBaGA algorithmscanbeusedto implementreal-timerobot
controllers. Realisticrobot problemsgenerallyrequiremore sophisticatedtatetransition
and obsenation modelsin orderto take into accountnoisy sensorsand actuators.As a
result, a large numberof obsenation and action historiesmustbe tracked by the BaGA
algorithm. In orderto examinethe effectsof morecomplex models,a gameof robotictag
in the GatesBuilding at StanfordUniversityis presentedSeveralversionsof the gameare
consideredwhich graduallyincreasen realism.

In thesegames,a robot teamis trying to coordinateandtag an opponentthatis moving
aroundanof ce building. Evenif only onerobotis requiredto tagthe opponenttheteam
is penalizedor movement,andso robotsmuststill coordinatetheir searchesThe robots
only have 100timestepsn whichto tagtheopponenin ary locationin the ervironment.

6.1 Simple GatesTag

In themostabstractersionof this problem,the A Wing of the GatesBuilding is corverted
into agrid world by discretizingthefreespacanto a seriesof cellsthatareroughly1.0m
3.5m. Two robotsare huntingfor an opponentwithin this grid world asshovn in Figure
6.1(a). The statespacefor this problemis the cross-producof two robot positionsr; =
ro = fso,..., 5250 andthe opponentstateop = fso,. .., 525, Si490c¢d aNdhasa total of
18252states.All threerobotsstartin randomlyselecteccells andthe gameis over when
o0p = Siwgged- EAChrobothas ve actionsA; = fnorth, south,east,west,tagg and all
actionshave deterministicoutcomes.A sharedpenaltyof 1 isincurredfor eachmotion
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action. The tag actionresultsin a reward of +10 to the teamif the robot performingthe
tag actionis in the samecell astheopponen{(r; = op anda; =tag), otherwiseit resultsin
a penaltyof -10. The opponenimoveswith Brownian motion andat eachtimestepeither
doesnot move or movesinto oneof its adjacentellswith known probability

Eachrobotis ableto obsere theopponenbnly if they arein thesamecell; otherwiset re-
ceivesanull obsenationof theopponenteadingto anobserationsetZ; = fsg, ..., sss,;9.t
For this variationof GatesTag, therobotshave no communicatiorandso cannotshareob-
senationsof the opponentbut they do know the exact position of themseles andtheir
teammaté. As aresult,a history §; for arobotincludesonly the obserationsit hasmade
of the opponent. After constructinghe policy 7t, ary joint historiesthathave a robotim-
plementan actionfrom this policy thatis not consistenwith its currentpositioncanbe
removedfrom consideratiorattimestept + 1.

As with the RoboticTag problemof Chapter3, the utility functionfor BaGA comesfrom
the Q-valuesfor thefully obsenableversionof the problem,which werefound usingdy-
namicprogrammingdor anin nite-horizon versionof the problemwith adiscountfactorof
0.95.Thevalueof takingasetof actionsf a1, a,0, giventhejoint historyd andtheresulting
belief stateby it inducesover the positionof theopponenin theenvironment,is:

X
u(alya279) = b@(S)Q(f r1, 72, Sg7falaazg)

52 sop

whereQ(fry, rp, 59, f a1, ayg) is the Q-valueof takenthejoint actionf a4, a>g in the state
givenby thepositionsry, r, andop = s.

With respecto the numberof joint historiesthat mustbe tracked by the BaGA algorithm
at eachtimestep,SimpleGatesTag hasan upperboundon the branchingfactorof three?
Thatis, the numberof possiblejoint historiesat timestept + 1 is at mostthreetimesthat

Technically Z; is actually the cross-produciof the two robots' positions and the obseration set
fso,...,s25,;9 becauseeachrobotknows bothits own positionandthat of its teammatethe notationhas
beenakusedfor simplicity. However, it is importantto remembethatjZ,j is actuallymuchgreaterthan27
whenconsideringupperboundson j©’j suchasthosediscussedh Sections3.3.1and4.3.1.

2In all of the domainsexaminedin this chaptey the assumptioris madethat robotscanalwaysidentify
their currentcell with certainty This assumptionis valid for thesereal-world problemsbecausehe local-
ization algorithmusedin the high- delity simulationandon the real robotsis very accurate(Montemerlo
etal., 2002). In all experimentsun for this chapteythe mappingbetweerarobot's localizedpositionin the
continuouswvorld anda discretegrid cell wasalwayscorrect.

3Dueto constraint®n obsenationswith respecto the positionsof eachrobot(for example,if bothrobots
arein thesamecell, thenthey musthave the sameobsenrationof theopponenor, if they arein differentcells,
they cannotbothseethe opponent)thebranchingfactoris notfour.
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Figure6.1: TheGatesBuilding ervironmentfor robotictag. Thediscreteervironmentused
for obtainingstatisticalresultsis shavn in (a). Theopponentanbe caughtby eitherrobot
in ary cell. A mapof aportionof the physical GatesBuilding thatwasusedfor simulation
andphysicalrobotrunsis shovn in (b) andoneof the Botrics Obotd100robotsusedfor

thereal-robotrunsis shavnin (c).
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Table6.1: Resultsfor SimpleGatesTag in the grid world ervironment.BaGA wasimple-
mentedwith alow-probability pruningwith a cutoff of 0.001. Averagecumulatve reward
andthe averagenumberof iterationsto capturethe opponentareshavn. % successs the
percentagef trials in which the opponentwas successfullytaggedwithin 100 timestep.
Resultsarealsoincludedfor the performancef thefully obserablepolicy underfull ob-
senability. All resultsareaveragedver 10000trialswith 95%con denceintenalsshavn.

Algorithm | AverageReward | Averagelterations | % Success
Fully Obsenable 1.18 0.11 5.41 0.06 100.00%
BaGA -18.22 0.55 15.10 0.27 99.86%
MLS -21.04 0.56 16.52 0.28 99.95%
Qumpp -38.56 1.11 25.01 0.54 95.40%

at timestept. For this reason,the BaGA algorithm can be implementedwith just low-
probability pruningwith a cutoff of 0.001. To farthercut down on the numberof joint
typestracked, ary joint type thatleadsto a policy in which a robot implementsthe tag
actionwhile in the samecell asthe opponentat timestept 1 wascut from ary future
possibletypes.Actionsaredeterministicandobsenationsnever noisyandsoif arobotdid
executethetag actionin this situation thentheproblemwould have ended As the problem
hascontinuedon to anothertimestep,this event could not have happened.Becauset is
mutualknowledgethat the taskis not complete this commonknowledgecanbe usedto
updatethe setof possiblgoint types.

In additionto the BaGA controller the MLS and(@ ,,;pp heuristicswerealsoimplemented
for this ervironmentin an identical fashionas how they were donefor Robotic Tag in
Section3.4.3.Resultsfor thethreecontrollerscanbefoundin Table6.1,ascantheresults
for a fully obsenable versionof the problemusingthe policy given by taking the joint
actionwith highestQ-valuefor eachstate. Therandomnatureof the opponenimeanghat
all thecontrollersarealmostalwaysableto completehetaskwithin 100timestep$ecause,
evenif therobotswereto never move, the opponentwould eventually stumbleinto them.
The performancelifferencestherefore,comefrom how the controllersmake the robots
exploretheervironment.

In BaGA, the robotssplit the environmentbetweenthem, with robotsexploring different
endsof thehallway. Furthermorewhile onerobotmovesaroundtheloopin theright-hand
sideof theenvironmenttheotherrobotwill move backandforth in front of theintersection
to thatloop. If the opponents in the loop, theneitherit will be discoseredby the robot
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moving aroundtheloop or by therobot "guarding'the entrancdo theloop. Becausenly
onerobotis necessaryo tag the opponentsplitting up the ervironmentin this fashionis
efcient.

With the MLS heuristic,therobotshave atendeng to follow eachotheraround.Provided
thatthetwo robotsgenerate similar belief state they will bothselectsimilar locationsas
themostlik ely positionfor theopponentBy thentreatingthe problemasfully obserable,
it is logical for bothrobotsto move towardsthe samédocationbecauséhe rewardfunction
Is suchthatthe teamwantsto minimize opponentapturetime. However, asthe problem
is not really fully obsenable,this schemds not anef cient useof resourceseadingto a
slightly longercapturetime thanBaGA.

The@,pp heuristictakeslongeron averageto capturetheopponenthanotherapproaches
becauseéhe robotshave a tendenyg to get ‘trapped'in cells nearthe middle intersection.
During atrial, therobotswill move towardsthisintersectiorandthenstopmoving because
amulti-modalbelief stateleadsno singleactionto have highestexpectedreward. A similar
misbehaiour arosewith the ), pp heuristicin the RoboticTag problemof Section3.4.3.
The reasonhowever, that ) ,,pp managedo successfullycapturethe opponentmost of
the time in this problemis becausehe opponentis hot moving away from the teambut
rathermoving randomly In caseswherethe robotsdo not get trappednearthe middle
of the ervironment,,,pp doesresultin robotssplitting the environmentbetweenthem
and adoptingsimilar pathsto thosetaken by BaGA. This behaiour is expectedbecause
BaGAuses),,pp asits utility functionfor actions.Unlike @, pp, however, BaGArarely
getstrappedbecausehe onestepof game-theoreticeasoningallows robotsto avoid these
situations.

6.1.1 High-Fidelity Simulation and Physical Robot Results

After testingthe controllerin thediscretizedrersionof theervironment,policieswerethen
executedin both a high- delity simulatorandon physical robots. The mappingbetween
the grid world andthe real GatesBuilding andtwo Botrics Obot d100 robotswas done
using the Carmensoftware packagefor low-level control (Montemerloet al., 2002). In
this mapping,obsenationsandactionsremaindiscreteandthereis anadditionallayerthat
convertsfrom the continuousworld to the grid world andbackagain. Figure6.1 (b) shavs
ascreershotfrom the simulatorandFigure6.1 (c) shovs oneof therobotsused.

Localizedpositionsof the robotswithin the mapof the GatesBuilding areusedto calcu-
late their speci ¢ grid-cell positions. Robotsnavigate by corverting the actionsselected
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by BaGA into goallocations.In orderto ensurerobotsalwaysplanandexecuteactionsin

lockstep(becausen the grid-world modelrobotsmove at the sametime), robotswill not
executetheir next actionsuntil amessagéasbeenrecevedby a centralcontrollerindicat-
ing thatall robotshadreachedheir lastgoallocation. For runsin the real ernvironment,
no opponentwas usedin orderto obsere how the teamcoordinatedo searchthe area.
Therobots,therefore alwaysrecevedano-opponent-presepbsenation. As aresult,the
robotswould continueto huntfor anopponenuntil stoppeddy a humanoperator

Figures6.2,6.3 and6.4 shav the trajectoriesaken by robotsin a simulationof this envi-
ronmentasthey attemptto captureandtaga (non-&istent) opponentwhile controlledby
threedifferentcontrollers. The reward functionfor this problemhasnot beendesignedo
encourageherobotsto ef ciently covertheervironmentin thesearcHor theopponentput
ratherto minimize opponentcapturetime. However, whenthereis no opponentactually
presentn theernvironment,onecangetafeel for how well therobotteamactuallysearches
for the opponentasopposedo taking advantageof the randomnatureof the opponent.it
shouldbe notedthat, given the sensoiimitations imposedon the robotsfor this problem
andthe structureof the environment,it is impossiblefor two robotsto cover the erviron-
mentin sucha way asto guaranteeaptureof an opponent(speci cally, moving into the
middle corridorallows anopponento “sneak'by theteam).

In the simulationruns,bothrobotsstartedat the far right of the top corridor (Cells 22 and
23). With thesestartingconditions,the two robotswill initially have very similar belief
statesaboutthe opponent positionandthis conditionwill persistsolong asthey remain
physically close. With the MLS controller shavn in Figure 6.2, the two robotsfollow
eachotheracrosshetop corridor, down the middle corridorandinto the bottomcorridor.
Therobotsalmostgo entirelyinto the far left sideof the corridor beforeturningaroundto
traversetheloop on theright-handsideof the ervironment.If they have still notfoundthe
opponentthey thenmove backinto theuppercorridorandthenstartto retracetheir steps.

Therobotsdo notgo entirelyinto theendsof the corridorwith MLS becausgenerally by
thetime they getinto Cells 23 and 1, the probability that the opponents in Cell 24 or 0
is low enoughthatsomeothercell is picked asthe mostlikely positioncausingthe robots
to turn around.This type of behaiour is alsoexhibitedby @ ,,pp andBaGA; however, as
time progresseandthe opponenthasstill not beenfound, the controllersaremorelikely
to move into theendcells.

Thetrajectoryfor Q) ,pp underthesestartingconditionsshavn in Figure6.3,demonstrates
how this controllercausesherobotsto stopmoving. After following eachotherout of the
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(e) ()

Figure6.2: Exampleof MLS-controlledrobottrajectoriesor SimpleGatesTag. TheMLS

heuristicresultsin pathswheretherobotsfollow eachotherandsodo not cover the space
well. In this, andall following gures, the currentgoallocationof eachrobotis shavn by

the palecircles. Robotsthemselesarerepresentetdy darker circleswith aline indicating
heading.
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(e) (f)

Figure6.3: Exampleof Q) ,pp-controlledrobottrajectoriedor SimpleGatesTag. With the
Qnpp heuristic,therobotsstartto cover the spacewell but, aftera few moves,therobots
gettrappedanddo not make ary moreprogress.
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(e) ()

Figure6.4: Exampleof a BaGA-controlledrobottrajectoriesfor SimpleGatesTag. With
the BaGA algorithm,the robotsdo a betterjob of covering the spacethanthey did when
controlledwith MLS or Q y/pp.
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uppercorridor, onerobot movesdown the middle corridor while the otherone staysnear
the top intersection. Onceits teammatereacheghe bottom of the middle corridor, the
robotseffectively stopmaoving (with someoscillationin the positionof the bottomrobot
betweenCells 6 and5). With an opponenthatis moving randomly thesearerelatively
goodpositionsto bein as,with high probability, the opponenwill eventuallycrossoneof
theseintersections.

BaGA startsoff similarly to Q,pp, however, the robot that staysat the top continuesto
move into the loop while its teammateoscillatesbetweenCells 5 and 6 at the bottom of
the middle corridor (Figures6.4 (a) and (b)). Onceits teammatehasalmostcompletely
traversedtheloop, thisrobotthenmovesinto the bottomcorridor The otherrobot nishes
traversingthe loop beforemoving backup the middle corridortowardsthe upperleft cor-
ridor (Figure 6.4 (c)). If the opponenthasstill not beenfound, the robotin the bottom
corridorturnsaroundandstartsto traversetheloop counterclockwise,while its teammate
clearstheuppercorridorandthenmovesbackdown to "guard'thelowerintersectiorof the
middlecorridor (Figure6.4 (d) and(e)). It will nally moveinto thebottomcorridorwhen
its teammatenishes traversingtheloop andmovesinto theuppercorridor (Figure6.4 (f)).

Runson the physical robots generatedsimilar pathsfor the sameinitial conditions. A
slight modi cation to theinterleaving of planningandexecutionwasmadewith respecto
the physicalrobotsin orderto improve therunningtime of BaGA. After the rst timestep,
robotsconstructhe setof possiblgoint typesandsolwe the correspondindg@ayesiargame
for timestept + 1 while executingthe actionfound for timestept. If for somereasonthe
actionfails to executeproperly(e.g.,the low-level controllercannotcalculatea pathfrom
onecell to anotherso the robot doesnot move), the robotsreconstructhe setof possible
joint types takingtheirtrue currentpositionsinto accountandthenre-plan.Thisapproach
allows a robot to usea policy that was constructedassumingdeterministicactionsin a
world whereactionsfail a small fraction of the time. It only worked, however, because
the robotsalways knew their teammatestrue positions. In orderto properly modelary
non-deterministieffectsof actionsin real robots,the modelmustbe enrichedto include
noisy actions. This andotherchangedeadto the RealisticGatesTag problem,described
next.
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6.2 RealisticGatesTagA andB

Theseawo variantsof RealisticGatesTag capturethefactthateachphysicalrobotusedfor

experimentshasonly onelaserrange nder andsowhile eachrobotcanseeforward (and
to someextentto the sides),it cannotseebackwards. This additionto the modelresults
in amuchlarger stateandobsenation space:eachrobot's statenow includesbothits cell

locationanda discreteheading(orientation). Along a corridor, a robotcanfacein either
direction,while atanintersectiont canhave a headingn all four cardinaldirections.The
opponents still modelledasin SimpleGatesTag. This additionalstatevariablefor each
robotincreaseshesizeof the problemfrom the 18252world statesof SimpleGatesTag to

97200states.

Robotscanno longermove in the four cardinaldirectionsbut insteadhave the actionset
A; = fdo-nothing move-forwad, turn-clokwise turn-counteclodkwise tagg. As ex-
pectedthe do-nothingactionresultsin no changen therobot's state while move-forwand
movesthe robotforward onecell in the directionit is facingunlessthereis a wall in the
way. Theturn-clokwiseandturn-counteclodkwiseactionscauseherobotto turnin place
andchangéts heading.Along a corridor, thesetwo actionshave the sameeffect, while at
anintersectiornthey allow the robotto selectthe directionit rotates. If a robotwishesto
turn 180’ at anintersectionjt mustselecteitherturn-clodkwiseor turn-counteclockwise
twicein arow. Thetag actionandthe opponenpolicy areasin SimpleGatesTag. Unlike
SimpleGatesTag, however, all actionsexceptfor tag have a known, non-zeroprobability
of failing.

To take into accountthe effects of headingon obsenations, a robot can now senseits
currentcell locationandthe cell immediatelyin front of it. This model correspondgo
robotsthat have a sensingrangeof about5m. As with SimpleGates,robotsstill have
perfectknowledgeof their own cells.

In the rst variationof this problem,RealisticGatesTag A, obsenationsarenoisy The
robotsstill know the stateof their teammatgboth position and heading),but they may
not sensethe opponenteven if it is within their visible range. Positve detectionsof an
opponenthowever, arealwayscorrect. Thistype of obserationnoisewaschoserbecause
it modelgthefactthattherobot'slasersonly haveal8Q eld of view andso,if theopponent
movesinto a cell behinda robot, the robot may not seeit. If the opponenis detectedoy
the laser however, it is really there. This obsenation model,in combinationwith noisy
actions,resultsin anupperboundon the branchingfactorof joint historiesof seven. That
is, attimestep + 1 thereis atmostseventimesthenumberof possiblgoint typesthatthere
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wereattimestept. This numberis morethantwice the branchingfactorof SimpleGates
Tag.

The secondvariation of this problem, RealisticGatesTag B, looks at the effects of not
knowing the locationof one's teammate Therobots' sensorarenot noisyin this version
(helpskeepthe problemmore manageable)ut the robotsdo not know the stateof their

teammatebeyondits initial state unlesshey sensat. Theassumptions madethatsensing
the teammateprovides enoughinformationto infer bothits headingandits cell location.
This combinatiorresultsin a branchingfactorof up to twenty, makingRealisticGatesTag

B substantiallylargerthanvariationA.

Thefully obserablepolicy of Section6.1wasrecalculatedo take into accounthe effects
of noisyactions.The Q-valuesgeneratedby this policy wereusedfor the utility functionof
BaGA aswell asfor the MLS and(@,,pp controllers.In the caseof variationB, thesetwo
heuristiccontrollersrequiretherobotsto maintainanestimategositionof theirteammate.
This estimateis updatedusingthe joint action selectedoy the controllerfor the robot at
eachtimestep(i.e., therobotassumes#s teammatevill implementthe samejoint actionas
it) andary positve obsenationsof theteammate.

Dueto thelargersizeof theseproblems BaGA-Clustewasusedto reducethe numberof
historiesrackedateachtimestepandthereforekeepthecontrollersoperatingn realtime or
better For VariationA, low-probability pruning,low-probability clusteringandminimum-
distanceclusteringwereall implementedThethresholdoarameteusedfor eachcondition
wasselectedsuchthatsimilar performancavasgeneratedor all threecasesTheresulting
parametershowever, generatea very differentnumberof historiesbeingmaintainedor
eachrobotover the problem. As shavn in Table 6.2, minimum-distancelusteringwith a
maximume-allevableexpected-losghresholdf 0.05wasthemostcomputationallyef cient

of the threeconditions,aseachrobot maintainedon average,about50 historiesover the
entireproblem.In comparisonjow-probability pruning(with a thresholdof 0.00025)had
to maintainabout167 typesperrobotto achiere the sameperformance All threeBaGA-
Clusterconditionsoutperformedthe MLS and Q,,pp conditionsgiven randomstarting
locationsfor therobotsandopponent.

BaGA-Clusterand(,,pp dobetterin RealisticGatesTag A thanthey did in SimpleGates
Tag. In VariantA, therobotscannow seetheopponentf it isin thecellin front of themand
not just their own cell. This additionhelpsreducethe numberof con gurationsin which
robotsget trapped'dueto the multi-modalnatureof the belief state whichin turnimpacts
overall performance.As aresult,BaGA-Clustercaughtthe opponentn abouttwo fewer
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stepson averagewhile @ ,,pp improved dramaticallyby almost10 steps.MLS, however,
performedaboutthe same. It haslessto gain from the increasedbsenation capabilities
thanBaGA-Clusterand @, pp becausein both typesof tag, the MLS-controlledrobots
follow eachotheraroundratherthantakingdifferentpathsfrom eachother

RealisticGatesTag B is a muchlarger problemwith respectto the numberof histories
that mustbe tracked for eachrobot. As a result, BaGA-Clusterwas implementedwith
a combinationof low-probability pruningwith a cutoff of 0.0005and minimum-distance
clusteringwith a thresholdof 0.001in orderto keepthe numberof maintainedhistories
manageable-urthermorebecauseheresultingcontrollerrunsin realtime (andnotfaster
asin VariationA), only onestartingconditionwasused:onerobotstartsin Cell 6 looking
down andthe otherin Cell 18 facingright with the opponenin Cell 12 In about3% of
thetrials, however, BaGA-Clusterstill ran out of memorybeforethe taskwascompleted.
Theresultsshavn in Table6.2for this conditionarethereforeaveragedvertheremaining
successfulrials. This startingconditionis very dif cult for the MLS and@ »;pp heuristics
which is re ected in their poor performancen comparisorto BaGA-Cluster In the next
section,exampletrajectoriesare given that shov how this startingcondition exposesthe
weaknessem thetwo heuristics.

With both RealisticGatesTag A and B, minimum-distanceclusteringhad the effect of
groupingtogethembsenationandactionhistoriesthatweresimilar with respecto reward.
The resultsof this clusteringis similar to how a humanwould manuallygroup together
histories.For example,a historyin which arobotin Cell 10 facingwestseesanopponent
in Cell 9is clusteredogethemwith a historyin which arobotin Cell 22 facingeastseeghe
opponenin Cell 21. In both casesthe robotmustmove forwardto capturethe opponent.
They bothalsohave a similar distanceto anintersectiorpoint andthereforesimilar future
actionsshouldthe opponentmove away from the robot. By increasingthe maximum-
allowableexpected-losshresholdhistorieswith robotpositionsthatareonly similarin the
shorttermwill alsobegroupedogether For example,arobotin Cell 19 facingeastseeing
anopponenin Cell 18 will only generatesimilar actionsto a historyin which arobotis in
Cell 7 facingwestandseeinganopponenin Cell 6 for immediatetimesteps.

Communicationwas also addedto RealisticGatesTag B at a costof 1.0 per communi-
cationact (i.e., the samecostas a move action) in orderto improve the computational
requirement®f this controller In additionto x ed communicatiorpoliciesof communi-

4The numberof trials requiredto generatestatisticallysigni cant resultsfor randomizedstartingcondi-

tionsis muchgreaterthanthatrequiredif only onestartingconditionis used.Becausehis controllerrunsat
realtime, it wasnotfeasibleto run therequirednumberof trials.
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Table6.2: RealisticGatesTag resultswith 95% con denceintervals shavn. Resultsare
averagedover 10000trials exceptfor minimum-distancelusteringin RealisticGatesTag
B, whichis over 1000trials. Averageiterationsis the numberof stepsit takesto capture
the opponent.Total numberof typesperrobotis the averagenumberof individual types
or clustersmaintainedor eachrobot. The numberof historiesnot retainedis the average
numberof timestepseitherrobot's true history wasnot in the maintainedset. The initial
robotpositionsfor RealisticGatesTag B hasonerobotstartingin cell 6 facingdovn andthe
otherin cell 18facingright. Theopponenstartsin cell 12. BaGA-Clustemusedalternating
maximizationwith 200randomrestartso nd policies.

Iterations

Algorithm [ Reward | | #TypesPer Robot | # Histories Not Retained |
Realistic GatesTag A: know teammatestate, noisy obsewations, random starting positions

Fully Obsenrable -2.51 0.15 6.91 0.08 n.a. n.a.
BaGA, low proh pruning, -15.19 043 | 13.09 0.21 166.73 4.17 0.31 0.05
cutoff 0.00025

BaGA, low proh -15.48 0.43 | 13.24 0.22 118.68 2.71 0.32 0.03
clustering thresholdd.0025

BaGA-Clustermin.dist. -15.20 0.43 | 13.10 0.21 50.45 0.87 1.54 0.08
clusteringmax.loss0.05

MLS -21.13 0.51 | 16.02 0.25 n.a. n.a.
QM DP -19.91 0.58 | 15.45 0.29 n.a. n.a.

RealisticGatesTag B: do not know teammatestate, noise-freeobsemwations, xed starting positions

Fully Obsenrable -3.68 0.08 745 0.04 n.a. n.a.
BaGA-Clusterlow proh -12.84 1.46 | 11.57 0.51 463.40 78.41 5.13 0.79
pruning0.0005,min.dist.

clusteringmax.10ss0.001,

MLS -58.92 0.52 | 32.30 0.21 n.a. n.a.
Qmbrp -72.82 1.00 | 41.44 0.48 n.a. n.a.
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Table6.3: RealisticGatesTag B communicatiorresults.Resultsareaveragedover 10000
trials with 95% con denceintervals shavn. Reward is the averagereward with commu-
nicationcostsof 1.0 percommunicatioractfactoredin. Averageiterationsis the number
of stepsit takesto capturethe opponent.Total numberof clustersperrobotis the average
numberof clustersmaintainedfor eachrobot. BaGA-Commusedalternatingmaximiza-
tion with 200randonmrestartdo nd policiesanda combinationof low-probabilitypruning
with a thresholdof 0.0005and minimum-distanceclusteringwith a maximum-allovable
expected-losshresholdof 0.001.

Communication Decision

Algorithm

Reward

Iterations

#Comm. Acts | # Clusters Per Robot |

Fixed starting conditions, robotsin cells6 and 18, opponentin cell 12

Communicatevery BaGA-Comm | -35.11 0.52 | 11.53 0.12 | 23.02 0.25 43.06 0.45
timestep MLS -93.24 059 ] 26.30 0.16 | 52.31 0.30 n.a.
Qumbp -35.08 0.49 | 11.54 0.12 | 23.09 025 na.
Communicatevery BaGA-Comm | -19.89 0.30 | 11.33 0.11 8.22 0.08 97.53 0.95
third timestep MLS -60.88 0.43 | 26.70 0.16 | 18.46 0.11 n.a.
Qumbp 2193 0.36 | 1210 0.14| 874 0.09 n.a.
jCTj>20 BaGA-Comm | -15.09 0.25 | 11.24 0.11 3.59 0.03 119.95 1.33
PD BaGA-Comm | -18.72 0.44 | 11.30 0.11 6.97 0.08 103.62 1.47
badmatch BaGA-Comm | -13.70 0.26 | 11.75 0.12 1.23 0.03 301.40 4.37
Random starting conditions
Communicatevery BaGA-Comm | -35.49 0.79 | 11.65 0.19 | 23.20 0.38 46.50 0.72
timestep MLS -42.73 0.90 | 1351 0.22 | 27.03 0.45 n.a.
Qubp -35.61 0.72 | 11.68 0.18 | 23.36 0.36 n.a.
Communicatevery BaGA-Comm | -19.19 0.50 | 11.06 0.19 8.07 0.12 101.35 1.75
third timestep MLS -26.13 0.62 | 13.64 0.23 9.79 0.15 n.a.
QmpbDP -20.80 0.49 | 11.66 0.18 8.47 0.12 n.a.
jCtj>20 BaGA-Comm | -15.94 0.44 | 11.43 0.19 4.03 0.07 142.49 2.48
PD BaGA-Comm | -20.37 0.89 | 11.46 0.19 7.61 0.15 138.19 2.76
badmatch BaGA-Comm | -14.47 0.39 | 11.91 0.18 2.12 0.05 347.87 7.22
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catingeverytimestepor everythird timestepthreerun-timecommunicatiordecisionavere
alsoimplementedThe rst wasthe clusterthresholdconditionin whicharobotcommuni-
catesf it hasmorethan20 historyclustersonthecurrenttimestep(jC?j > 20). Thesecond
is the policy-difference(PD) conditionin which a robotcommunicates doingsowould
resultin a differentpolicy for eitheritself or its teammateFinally, a third communication
decisionwasimplementedn which a robot initiates a forced synchronizationf thereis
no goodmatchbetweerits true history andoneof its retainedhistories. This "badmatch’
conditionis triggeredif the differencebetweenthe reward pro les of thetrue history and
its bestmatchamongsthe history clustersis larger thana speci ¢ threshold. Unlike the
previouscommunicatiordecisionsif thebadmatchconditionis triggeredarobotdoesnot
tell its teammatehe clusterto which its true history belongs.Ratherit tells its teammate
its true historyand,in turn, its teammatdells it the teammates true history. This sharing
resultsin therobotshaving identicalinformationaboutthe currentsituation(i.e., onejoint
type). While it is a more expensve operation,eachrobot still only incursa costof 1.0
eachif sucha forcedsynchronizatioroccurs. This communicatiorconditionwas consid-
eredbecauset canhelp compensatéor the aggressie low-probability thresholdusedfor
BaGA-Comm:if arobot'struehistoryhaseffectively beenprunedfrom consideratiorthen
it can re-initialize' the setof possibleindividual andjoint types. Experimentafesultsare
not includedfor expectedvalue difference(EVD) for this problembecauset resultedin
communicatiorsorarely (i.e., communicatiordoesnot have a big effect on performance
in this domainso EVD wasrarely triggered),that the trials took too long to run. EVD
wasrunin combinatiorwith thecommunicatef jC!j > 20 conditionfor the x edstarting
conditions;however, this latter conditiontriggeredall of the communicatioractsandthe
outcomewasessentiallyidenticalto simply applyingcommunicatef jCfj > 20by itself.

While for theinitial startingcon guration, communicatiorof ary kind doesnot resultin
BaGA-Commcapturingthe opponentary sooney asseenin Table 6.3, it doesresultin
mary fewer clustersbeingtracked for eachrobot. Without communicationgeachrobot
mustmaintainabout450 clustersover the courseof the problem.Whencommunications
added this numberdropsto aslow as43 for the communicate-eery-time-stepcondition.
It is not surprising,however, thataddingcommunicatiordoesnot affect thetime takento
capturethe opponent.Unlike the RobotTag problemof Section5.3.2,only onerobotis
requiredto tag the opponentandthe opponents moving randomly Therefore knowing
the clusterto which its teammates true history belongshaslessof animpacton a robot's
decisionghanit did in the RoboticTag case.

Theresultsshavn in Table 6.3 factorthe costof communicationnto the averagereward
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achieved by eachalgorithmfor the team. The bad-matchcommunicatiordecision,while
retainingthe greatesinumberof historiesand thereforebeing the most computationally
expensve, alsoresultsin the leastnumberof communicatiomractsand thereforehasthe
highestaveragerewardfor any of the BaGA-Commcommunicatiorconditions.Out of all
the conditions jC!j > 20is ableto strike a goodbalancebetweencomputationatequire-
mentsandnumberof communicatioracts.

MLS and@,;pp aremoreaffectedthanBaGA-Commby the additionof communication
every timestepor every third timestep.Without communicationjt takesMLS about32.3
iterationsto catchthe opponentout with a x ed communicatiorpolicy this performance
improvesto about26 iterations. QQ,,pp Shavs an even more drasticimprovementfrom
anaverageof 41.4timestepgo aboutl12. For both of theseheuristics communicatiordi-
rectly affectsthe belief statebuilt up by eachrobot andthereforehasa biggerimpacton
actionselectiorthanit doesfor BaGA-Comm.For example,with this speci ¢ startingcon-
dition, Q ypp Withoutany communicatiorsuffersfrom the oscillatingproblempreviously
describechsaweaknessf Q) ,pp in general By sharingobsenationsfrom thevery begin-
ning, robotsareableto avoid the belief statethatleadsto this problemandmalke progress
towardsthegoal.

Theresultingspeed-upn planninggeneratedhy addingcommunicatiorallows BaGAto be
run for randomstartingconditionsandnotjustthesingle x edstartingconditionstestedn
the no-communicatiortase.As with the x ed startingconditions,BaGA-Commwasrun
with low-probability pruningandminimum-distancelusteringwith parametersf 0.0005
and0.001,respectrely. For the x ed communicationdecisions BaGA-Commperforms
aswell as, or betterthan ,;pp, andmuch betterthan MLS. This nding makes sense
becaus®aGA-Commis usingQ, pp asits utility functionfor approximatingheexpected
futurevalueof actions.As with the x ed startingconditions the run-timecommunication
decisionof jC?j > 20represents. goodcompromisebetweercomputationatequirements
andoverall performance While it cannotbe veri ed, it is believed that,aswith the x ed
startingconditions,communicatiordoesnot have a greatimpacton the overall time taken
to capturethe opponentfor this domain, but insteadjust reduceshe numberof clusters
tracked by the algorithm. This reductiondirectly translatego a reductionin algorithm's
computationabverheadallowing the controllersto runfaster



180 Chapter 6. Real-Time Robot Controllers

6.2.1 High-Fidelity Simulation and Physical Robot Results

As with SimpleGatesTag, the BaGA controllerwasexecutedn botha high- delity simu-
lator andon physical robotsusingthe Carmensoftware packagdor low-level control. As
in SimpleGatesTag, anadditionallayerwasusedto mapbetweerthegrid world andcon-
tinuousworld. The headingof eachrobot, asdeterminedy its localizedpositionwithin
the map of the GatesBuilding, was corvertedinto one of the allowable cardinaldirec-
tions asgiven by its correspondingell in the grid world. While actionswere modelled
asnoisy in the grid-world versionof this problem,no arti cial noisewasaddedinto ac-
tionsin the simulatoror on the real robots. For the speci ¢ startingconditionsusedfor
RealisticGatesTag, actionsrarelyfailedin the simulatorandnever onthe physicalrobots.
Therefore,while the robotsstill tracked historiesin which actionsfailed, robotsrarely
hadtrue historiesfor which this occurred. This doesnot negatethe validity of modelling
non-deterministi@ctions:previous experiencewith SimpleGatesandthe physical robots
indicatethatmodellingthis noiseis importantin general.

Overall, the BaGA controllersfor RealisticGatesTag A and B shav somesimilar be-
haviour to thoseof SimpleGatesTag. For example,onerobotwill “guard'theintersection
while the otheronetraversegheloop. Figures6.5,6.6 and6.7 shav thetrajectoriesaken
by the robotteamin simulationfor the x edinitial startingconditionsof RealisticGates
Tag B with no communicationThe opponenis not presenin this speci ¢ setof runsasit

allows oneto understandhow theteamsearcheshe spacefor theopponent.

This startingconditionis very dif cult for the MLS and(@ ,,pp heuristics.With MLS, the
two robotshave someavhat similar startingbelief statesand so follow eachotheraround.
As aresult,they continueto have similar belief statesandcontinueto follow eachother As
seenin Figure6.5,thetwo robotsmove into the bottomleft corridor beforeretracingtheir
stepsto the intersectionand moving aroundthe loop. Finally, they move into the upper
left corridor Unlessthe opponentstartsin the bottomleft corridor, this pathis a fairly
inef cient way to move aroundthe spaceandgivesthe opponentots of waysin which to
move aroundthe ervironmentwithout encounteringrobot.

With the Q,,pp heuristic,shaovn in Figure6.6,thetwo robotsturn to facethe centerof the
ervironmentandthennever move again. They eachnow have a multi-modalbelief state
thatresultsin the do-nothingactionhaving the bestexpectedreward. In part, this starting
conditionwaschoserbecausét soclearlyshavsthis aw of the@ ,,pp heuristic.

While BaGA-Clustemuses) ,, pp asautility function,theadditionalstepof game-theoretic
reasoningallows the robotsto overcomethis “trap' asshown in Figure6.7. Instead,the
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(e) ()

Figure6.5: Exampleof MLS-controlledrobot trajectoriesfor RealisticGatesTag B (no
communication).The MLS heuristicresultsin pathswherethe robotsfollow eachother
andsodo notcoverthespacewell.
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(e) (f)

Figure6.6: Exampleof @ ,,pp-controlledrobottrajectoriedor RealisticGatesTag B (no
communication).With the Q) ,,pp heuristicthe robotsstopmoving afterthey turn to face
eachotheranddo not make ary moreprogress.
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(e) ()

Figure6.7: Exampleof a BaGA-controlledrobottrajectoriedor RealisticGatesTag B (no
communication). With the BaGA algorithm, the robotscoordinateto do a betterjob of
coveringthe spacehanthey did whencontrolledwith MLS or Q /pp.
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top robotturnsto facethe centerof the ervironmentand "guards'thatintersectionwhile
the otherrobot moves aroundthe loop in a counterclockwisedirection (Figures6.7 (a)
through(c)). Onceit reacheghetop intersectionjt continuesnto the upperleft corridor
while its teammatemoves dowvn and into the lower left corridor (Figure 6.7 (d)). It is
a more effective way to cover the ervironmentthan the trajectoriesgeneratecdy MLS.
Under BaGA-Clustercontrol, the robotsstill do not perfectly cover the ervironment(it
is impossiblegiven the sensorangeand the numberof robots),but they seemto leave
fewer openingdor arandomlymoving opponento escapaletectionby splitting thework
betweerthem.

Runsonthe physicalrobotsgeneratedgimilar pathsfor the samestartingconditions.Runs
were madeboth with and without the presenceof the opponent. If the opponentstarts
in Cell 12, thenBaGA-Clusterwill catchit the fastestbecauseat sendsthe bottomrobot
aroundthe loop while "guarding'the top intersectionwith the otherone. The opponent
canthereforenot passby eitherrobot without being captured.With MLS, dependingon
how the opponenimoves,thetime to capturecanvary but is, on average Jongerthanwith
BaGA-Clustebecauseherobotsarelessef cient aboutsearchinghespaceWith @ pp,
therobotsmustwait for the opponento randomlymove into oneof the cellsoccupiedoy
therobotsbecausehey never move ontheirown.

6.3 TeamGatesTag

In this versionof GatesTag, therobotteamis expandedo threerobotsto shov howv BaGA

scalego a 3-robotcontroller Eachrobothasthe samelocal state,actionandobsenration

spaceasin RealisticGatesTag, but bothactionsandobsenationsarenow consideredo be
deterministicratherthannoisy (unlike the caseof SimpleGates noneof the simulatoror

physical robot runsexaminedin this sectionresultedin casesvherethis assumptiorwas
violated). The additionof athird robotincreaseshesizeof the problemfrom 93600states
in RealisticGatesTag to 5832000states. As with RealisticGatesTag B, the robotsdo

notknow the positionof theirteammatesvith certaintybut insteadreceve obsenrationsof

theirteammates.

In TeamGatesTag, the opponenino longermoveswith Brownian motion but insteadfol-

lows aknown, stochastigolicy in whichit triesto maximizeits distanceo therobotteam.
This changewasmadebecausein RealisticGatesTag, the Q ,,pp controlled-robotsvere
still ableto successfullyagthe without moving simply becausehe opponentvould even-
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tually wanderpastoneof them. Furthermorefaggingthe opponeninow requiresat least
two of therobotsto coordinateon the tag action. Similarly to RoboticTag (Sections3.4.3
and5.3.2),oneof thetaggingrobotsmustbein the samecell asthe opponentvith atleast
oneotherteammaten the sameor adjacentell. Robotsmustnow coordinateon boththe
tag actionaswell ason nding the opponentand herding'it to alocationin whichit can
betaggedby multiple teammembersUnlike RoboticTag, theopponentanbecapturedn

ary cell.

As with RealisticGatesTag B, BaGA-Commwasusedwith bothlow-probability pruning

andminimum-distancelusteringto keepthe numberof historiesfor eachrobot manage-
able.Communicationwith acostof 1.0peract,wasalsopermittedbetweerteammembers
to ensurereal-timecontrollers. Becauseactionsare deterministic,TeamGatesTag hasa

branchingfactoron the numberof joint typeswith an upperboundof seven ratherthan

the twenty of RealisticGatesTag B.> However, the increasechumberof robots, possible
joint actionsandaveragelengthof time to capturethe opponenimakesthis problemmore

computationallyexpensve to solve.

The utility function for BaGA-Commcomesfrom the Q-Valuesfor a fully obserable
versionof the problem. Thesewere found using dynamic programmingon an in nite-

horizonversionof the problemwith a discountfactorof 0.95. In orderto nd this policy,
the assumptiorwas madethat, in the fully obserable problem,the robotsare effectively
interchangeableThatis, it is assumedhatif the global statefr; = (12, north),r, =

(15, west), r3 = (21, east), op = 259 resultsin anoptimaljoint actionof f move-forwad,
do-nothing turn-clokwisey, thentheglobalstatef r; = (21, east), r, = (12, north),rz =

(15, west),op = 253 will resultin an optimal joint action of fturn-clokwise move-
forward, do-nothing. This assumptiorreducesthe statespaceover which a fully ob-
senablepolicy mustbe calculatedrom 5832000t0 1021140.

Unlike SimpleGatesTag andRealisticGatesTag, MLS ratherthan( ;o » wasusedasthe
heuristicfor evaluatingthe utility of actionsin BaGA-Comm.The valueof takinga setof
actionsf aq, ay, azg, giventhejoint history# andtheresultingbelief stateb, it inducesover
the positionof the opponenin the ervironment,is now:

U(CL]_, a2, az, 9) = Q(f r1,72,73, Smax 9, f ai, az, CLSQ)

SBecauseachjoint type highly constrainsvhatobsenationsof opponentandteammatesrepossibleat
t + 1, themajority of the 272 possibleone-stepextensionswill notoccur Thus,the branchingfactoris only
seven.
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wheresmax is the mostlikely statein s,, giventhe belief by, andits associated-value
is Q(fry, 72,73, SmaxO.f a1, az,azg). During experimentalruns, it was found that for this
problemthe MLS heuristicgreatlyoutperformedhe ;o heuristic.Becausehe overall
performanceof BaGA depend®n the strengthof the heuristicusedfor evaluatingutility,

the decisionwasmadeto useMLS. It is importantto note,however, thatif BaGA-Comm
uses® s pp to evaluateutility, it is still ableto improve on the performanceof the Q y;pp

heuristicappliedwithout any game-theoreticeasoning.

Figure 6.8 shaws the performanceof BaGA-Comm,MLS and Q) ,,pp for x ed commu-
nication policies. BaGA-Commwas run with a combinationof low-probability pruning
with a cutoff of 0.000005and minimum-distanceclusteringwith a maximum-allovable
expected-losghresholdof zero, exceptfor the caseof = 5 in which casethe parame-
terswere 0.0005and0.001, respectrely. Unlike RealisticGatesTag B, communication
hasa positive effect on performance.Becausdahe opponent policy is dependenbn the

positionsof therobotteamandbecauset leasttwo robotsmustcoordinateto tag the op-

ponent,it is now necessaryo cooperaten morethanjust coveringthe ervironment.Any

communicatednformationcanonly improve thatcooperation.

For all but the caseof full communicationBaGA-Commwasableto catchthe opponent
in the fewestnumberof iterations. If the costof communicationis factoredinto the av-
eragereward achiezed by the team,then BaGA-Commalways performsbetterthanthe
two heuristics.Becausat is unnecessarfor arobotto transmitits typeif it hasonly one,
fewercommunicatioractswererequiredoy BaGA-CommthanMLS, evenwhenthey took
similar numbersof iterationsto tag the opponent.With respecto reward and numberof
iterations,BaGA-Comms performancevaried slightly lessthan MLS as the numberof
communicatioractsdecreasedThis stability is becausdBaGA-Comm-controlledobots
arebetterableto reasoraboutthe obsenrationsof teammateandtheirlocationsthanthose
controlledby MLS. In MLS and@ ;pp, performancas tied to how well therobotsareable
to coordinatetheir belief statesaboutthe opponent position,which in turnis positvely
affectedby communication.

Theeffectsof run-timecommunicatiordecisionsareshavn in Table6.4. Policy difference
(PD) andexpectedvaluedifference(EVD) wererun in combinationwith thejC;j > k de-
cision, which placesan upperboundon the computationafrequirement®f the algorithm,
aswell asthe bad-matchdecisionin which the robotteamsynchronize®n the true joint

historyif ary onememberstruehistorydoesnothave agoodmatchwith ary of its possible
types. As expected Jimiting computatiorthroughthe useof thejC;j > k& communication
decisionalonedoesnot have as positve an impacton performanceasit doesin combi-
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Figure6.8: Fixed communicatiorpolicy resultsfor TeamGatesTag. Each x ed commu-
nicationpolicy is to communicateavery x steps. BaGA-Commwasimplementedwith a
combinationof low-probability pruningwith a cutoff of 0.000005andminimum-distance
clusteringwith athresholdof zero(i.e., two clustersareonly memgedif they have identical
reward pro les), exceptfor the caseof = = 5in which thoseparametersvere0.0005and
0.001,respectiely. The averagecumulatve reward to the teamwithout communication
costsfactoredin is shovn in (a) while the averagereward with communicationcostsin-
cludedin shavn in (b). (c) shawvs the averagenumberof communicatioractsfor theteam
over thelengthof the taskwhile (d) shavs the averagenumberof timestepdakento cap-
turetheopponentAll resultsareaveragecover 10000trials with 95%con denceintervals

shawn.
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Table6.4: Run-timecommunicatiorpolicy resultsfor TeamGatesTag. Resultsareaver-

agedover 10000trials with 95%con denceintenvalsshavn. The averagenumberof clus-
tersi,_s, theaverageof thesummecdhumberof clusteramaintainedy arobotateachtimestep,
i.e., ,jC}. BaGA-Commwasimplementedvith acombinationof low-probability prun-
ing with a cutoff of 0.000005and minimum-distanceslusteringwith a thresholdof zero.
Resultsfor two of the x edcommunicatiorpoliciesareincludedfor comparisorpurposes.

Communication Decision Capture Time | #Comm. Acts Reward Reward+Comm. Average#
Costs Clusters
EVD +Cjj > 20+ badmatch | 14.81 0.15 466 0.04 -32.40 0.45 -37.06 0.48 94.30 0.86
EVD +jCij > 10+ badmatch | 14.89 0.15 5.80 0.05 -32.64 0.45 -38.44 0.49 62.66 0.53

PD +jCjj> 50+ badmatch 15.00 0.15 11.65 0.10 -32.88 0.45 -44.54 0.52 64.37 0.79
PD+jCij> 20 15.00 0.16 11.88 0.11 -32.95 0.48 -44.83 0.56 52.80 0.52
Fixed,z = 1 15.28 0.15 21.21 0.16 -33.70 0.46 -54.91 0.58 2450 0.20
Fixed,z = 2 1551 0.15 1441 0.34 -34.43 0.50 -48.71 0.59 32.71 0.28
jCij > 8 15.88 0.16 6.47 0.05 -35.83 0.51 -42.30 0.55 64.18 0.51
jCij > 12 + badmatch 16.16 0.15 5.53 0.04 -36.49 0.45 -42.03 0.50 79.67 0.63

nationwith PD or EVD. PD, however, requiresmore communicatioractsto achieve its
performanceandso oncecommunicatiorcostsarefactoredin, PD andjC;j > k perform
morecomparablyto eachotherwith respecto reward. With respecto thelengthof time it
takesto capturethe opponentPD andEVD take aboutonetimestepfewer to accomplisha
successfutagthanjC;j > k alone.

EVD in combinationwith jC;j > 10 strikesthe bestbalancebetweenperformanceand
computationatosts.While it only averagesaboutonemorecommunicatioractionperrun
thanEVD with jC;j > 20, eachrobothasabout30 fewer clusterson average which lets
the controllerrun faster EVD with jC;j > 10 generates similar numberof clustersand
communicatioractionsto jC;j > 8; however, it hasamuchbetterperformancevith respect
to rewardandcapturetime.

In comparisorto x edcommunicatiorpolicies,the PD andEVD conditionsperformsim-

ilarly or betterto the x ed communicatiorcasesof x = 1 andx = 2 (bothwith respect
the numberof iterationstakento capturethe opponenteandreward); however, they require
fewer communicatioractsto do so. With EVD andPD, therobotsareactuallyevaluating
whencommunications usefulasopposedo following a x edscheduleThejC;j > k con-

ditions, which senesto boundcomputationatosts,performsimilarly tothexz = 3 x ed

communicatiorcase put tracka highernumberof possibletypesfor eachrobot.
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6.3.1 High-Fidelity Simulation

As with the 2-robot examples,the BaGA controllerfor TeamGatesTag was executedin
a high- delity simulator The mappingbetweerthe discreteandcontinuousworldsis the
sameas for RealisticGatesTag B. BaGA-Commwith both the EVD and PD run-time
communicatiordecisionswasusedto control the simulatedrobots. For the two example
trajectorieshavnin Figures6.9and6.10,jC;j > 40wasalsoincludedasacommunication
decision;however, in thesecasest wasnever triggered. BaGA-Commwasimplemented
with low-probability pruningwith a cutoff of 0.000005and minimum-distanceslustering
with a maximume-allevableexpected-losshresholdof zero.

Figure6.9illustrateshow in this problemonerobotwill “trap’theopponentn acorneruntil
oneof itsteammatearrivesto coordinateonatag action.For thissimulationrun, therobots
werecontrolledusingBaGA-Commwith the EVD communicatiordecision.A memberof
therobotteamstartsin thefar left of eachof theleft-handcorridors,while athird member
of theteamis locatedalongthetop corridor, justto theright of themiddleintersection All
threerobotsstartto move towardsthe middle corridor Whenthe bottomrobotsenseshe
opponen(Figure6.9(b)), it letstheopponenpasst andtakesupa x edposition.Because
the opponenthasa policy thattriesto maximizeits distanceto the robotteam,this x ed
positioneffectively trapsthe opponentat the endof the bottomleft corridor At the same
time, sensinghe opponentriggersthe EVD conditionfor this robotandit broadcastss
typeto therestof theteam.

After the “trapping' robot broadcastdts type, its closestteammatanalkesits way to the
bottomleft corridorto helpit tagthe opponent. The "trapping' robot maintainsits x ed
positionuntil its teammatedravs near at which pointit turns(Figure6.9 (d)) andmoves
into the endof the corridorandthe two robotscoordinateto capturethe opponenwithout
ary communication. The third robot remainsin its positionin the top left corridor be-
causeit is unnecessarto accomplisha successfutag. By not moving, it alsomaintains
a constanteffect on the opponent policy. For this entirerun, only one communication
actwasperformedby ary robotandthatwasto indicatethatthe opponenthadbeenseen.
For thesestartingconditions,BaGA-Commwith a x ed communicatiorpolicy generates
similar robot pathsbut with mary morecommunicatioracts.

An exampleof BaGA-Commusingthe PD conditionis shovn in Figure6.10. In this case,
all threerobotsstartin theupperleft corridorof theervironment,while the opponents on

the far right side of the right-handloop. Whenthe rst two robotsreachthe intersection
with themiddlecorridor, onecontinuesstraightwhile theotheronestartsto turndown. Just
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(e) (f)

Figure6.9: Exampleof BaGA-Commrobot trajectoriesfor TeamGatesTag. Thesetra-

jectoriesdemonstratdow the robotscoordinateto capturethe opponentusingthe EVD

communicatiordecision.Membersof theteamstartin threedifferentpartsof the erviron-

mentandaredark while the opponenttartsin the far left of the bottomleft corridorand
is light. Theonly communicatioractin this runtakesplacewhentheteammemberonthe

lower left obseresthe opponenin (b). Thatteammemberthentrapsthe opponenin the

endof thefar left corridoruntil ateammaterrivesin (d), at which point they coordinate
onthetagactionwithoutthe needfor ary additionalcommunication.
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() (®

Figure6.10: Exampleof BaGA-Commrobottrajectoriesfor TeamGatesTag. Thesetra-
jectoriesdemonstrat@ow therobotscoordinateo capturehe opponenusingthe PD com-
municationdecision. The membersof the robotteamstartin the top right corridor while
the opponentstartsin the middle of the far right portion of the loop. Key communication
actsoccurin (b), whenneitherof the two robotsat the intersectionseethe opponent;in
(e), whenthe teammemberof the top right seesthe opponentiandin (f), whenthe team
memberis in the samecell asthe opponent. This communicatioract allows the bottom
right teammateo coordinatewith the roboton the tag actioneven thoughthatteammate
cannotobsene the opponentitself.
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beforetheserobotsmove out of theintersectionthe PD conditionis triggeredfor both of
them(Figure6.10(b)). As no opponenhasbeensighted the two robotscontinueon their
way, approachinghe right-handloop from both sides. Meanwhile,the third robot stays
closeto the middle corridor, placingit in a good positionto supportits bottomteammate
for anopponentapturein the bottomleft corridor shouldthe opponeniprove notto bein
theloop.

Whentherobotin thetop right sideof theloop senseshe opponentjt broadcastss type
to therestof theteam(Figure6.10(e)). It again broadcastgts typewhenit is locatedin the
samecell asthe opponen{Figure6.10(f)). Thisinformationallows its teammatelocated
at the bottomright of the loop, to coordinateon the tag actionwith it, even thoughthat
teammateannotsensegheopponentitself (althoughit is in anadjacentocation,it is facing
thewrongway to obsenre theopponent) While communicatioractswerealsotriggeredby
PD in someotherlocations,overall the BaGA-Commcontrollerbehaed similarly to how
it would with full communicatiorbut with fewer communicatioracts.

6.4 Real-World Operation

Rolustcontrolof ateamof robotsin the physicalworld requiresanalgorithmto meetsev-
eralcriteriathatdo notarisein abstracproblems.In orderto beappropriatdor real-world
use,a multi-robotsoftwareframevork mustdemonstratéenter-robotcoordinationcompu-
tationalfeasibility andscalability robustnesgo uncertaintyandrobustnesgo failuresand
malfunctions(Dias & Stentz,2003;Diasetal., 2004). This sectiondiscussesiov POSGs
andBaGA areableto meetthesecriteriadespitethe factthattheseframenorks arebased
onrelatively abstrachotionsof controlandoptimality.

6.4.1 Inter-Robot Coordination

By usingPOSGd0 modelproblemstheresultingrobotcontrollersusegame-anddecision-
theoreticprinciplesto achiee coordinationin tightly-coupledproblems. Robotsdo not
individually selectthe bestjoint actionfor the teamat eachtimestep,but rather nd a
setof complementaryoliciesthatdictatewhatactioneachmemberof theteamwill pick
for eachof its possibleobsenration histories. While eachrobot doesnot know the exact
obsenationsmadeby teammatest doesknow exactly whatthey will doin every possible
caseandthereforehasan accuratgorobability distribution over their actionchoices,even
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in the absenceof communication. Thesebestaction choicesare found simultaneously
with thoseof all otherrobots. In this thesis,coordinationhasbeende ned as nding a
(Pareto-optimalNashequilibriumbecausen theresultingpolicies,therobotspick actions
conditionedon boththeirobsenationsof theworld andtheir (implicit) beliefsof whattheir
teammatesvill do. Thereforeijt is believedthatNashequilibriumpoliciesfor POSGswith
commonpayofs resultin robotcontrollersthatprovide full interrobotcoordination.

While alternatingmaximizationcan be usedon problemsof limited sizeto nd locally
optimal Nashequilibria for POSGs(andthereforeguaranteeoordination),it is not fea-
sible in real-world problems. Instead,BaGA canbe usedat the costof anotherlayer of

approximation.This algorithm nds one-stegookaheadyoliciesby doingonefull stepof

game-theoreticeasoningver expectedactionpayofs thatareestimatedisinga heuristic.
Theresultingpoliciesattemptto maximizeperformancef theteam(i.e., thelevel of coor

dination)with respecto this heuristicratherthanthetrue expectedfuture valueof actions.
However, becausesachrobotis usingthe sameheuristicfunction, thesepolicies are still

in aNashequilibriumwith respecto therobots' viewpointsandtherefore with respecto
gametheory resultin controllersthatarein full coordination.

It canbe aguedthat Nashequilibria are not necessarilythe bestsolutionto a game(and
thereforeto the questionof coordination)becausewhile a Nashequilibriumis stablein
that no one playerwould wish to changeits policy, it is possiblethat eachplayercould
gain greaterreward if multiple playerswereto simultaneouslyswitch their policies. As
discussedh Section2.1.6,correlatecequilibriaallow for agentdo comeupwith correlated
probability distributions over their setsof actionsthat generatehigher payofs than the
independenprobability distributions found in Nashequilibria. This correlationrequires
somesortof signalbetweemlayersonwhichto conditionactionselectionrand,while it can
behardto motivatetheuseof suchasignalin arbitrarygamesit is easyto dosoin common-
payof gameswhereplayersareworking towardsthe samegoals.However, in acommon-
payof game,the Pareto-optimaNashequilibriumsolutioncorresponds$o the equilibrium
in which all robotsreceve their highestpayof andso, unlessit simpli es the searchfor
this equilibrium, it is not necessaryo move to a differenttype of solution. Thereforejt is
believedthattheNashequilibriumsolutionconcepusedn thisthesisis anappropriatavay
to de ne optimal coordinationbetweenteammembers While guaranteesannotbe made
aboutplaying a Pareto-optimaNashequilibrium, a large numberof random-restarte/as
usedin bothalternatingnaximizationandBaGA to ensurghat,underthesameconditions,
anidenticalhigh-qualitysolutionis found.
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6.4.2 Computational Feasibility

POSGswith commonpayofs are computationallyintractableas shavn by their NEXP-
completenes@Bernsteiretal., 2002);howvever, the BaGA algorithmhasbeenusedto gen-
eratereal-timecontrollersfor robot teams. This computationafeasibility doescomeat
the costof tradingbounded-errom solutionquality for the computationakavings gained
throughthe useof heuristics(boundsareonly on one-stepegret). Furthercomputational
savings canbe madeby allowing robotsto transmittheir obsenration histories(clusters)
shouldthat numberexceedsomethreshold. Experimentally this type of communication
hada signi cant impactin the time taken by the controllersto nd anappropriateaction
in the Realisticand TeamGatesTag problems but without introducinga large numberof
additionalcommunicatioracts. While the majority of problemdomainsin this thesisas-
sumedno communicationis availableto the team,in real-world problemsthis constraint
canberelaxed sothatthe teamtriesto minimize bandwidthusein ordernotto overwhelm
thesystem.

If computationatime permits,BaGA canbeextendedo amulti-steplookaheadatherthan
justits currentone-stedookaheadIndeed,anary-time algorithmcanbe constructedhat
generatesigherquality solutionsasmoretime is madeavailableto the teamfor compu-
tation. As discussedn Section3.3.3,in ann-steplookaheadobots nd locally optimal
policiesof lengthn. Thesepoliciescanbe thoughtof aspolicy treeswith their expected
valuebeingthe expectedsumof theimmediaterewardsover the n stepsplusthe expected
future value of the last action given the heuristicfunction used. The policy = now tells
robotswhich policy treeto follow for eachof their clustersof historiesandso,atruntime,

robotswould implementthe action given by the root of the appropriatepolicy tree. At

timestept + 1, robots nd anew policy of lengthn anduseit to pick their next action.

An anytime versionof BaGAwould notre-usecomputationn thetraditionalsenséecause
it cannotreusecalculationsmadeduring the constructionof a (n 1)-steppolicy in the
calculatingof ann-steppolicy. Instead someof thatcomputatiorcouldbereusedatfuture
timestepdy giving robotsthe optionof continuingto usea policy calculatedn a previous
timestepratherthancomputea new policy. In this anytime algorithm,eachrobot nds a
seriesof n-steplookaheadsolutionsfor the rst timestep.Dependingon how muchtime
is available,robotswill solve for increasingvaluesof n, startingwith one(i.e., the current
BaGA algorithm),until no morecomputatiortime is available. A robotnow hasa policy
of lengthn thatdictatesa policy treeto be usedfor eachof its clustersandimplementghe
actiongivenby theroot of theappropriatgolicy tree.
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If thereis enoughtime (and assumingsufcient space),the robots nd the full 7-step
policy onthe rst timestepandno furthercomputationis necessaryOtherwiseattimestep
t + 1, arobotwill again constructits n-steplookaheadpoliciesfor increasingvaluesof
n until time runsout. It, however, doesnot necessariljhave to startwith n = 1 because
an m-steppolicy at timestept is equivalentto a (m  1)-steppolicy at timestept + 1.
For example,if a 2-steppolicy o; wasfound at timestept, a robot knows thatthe action
givenby o;(h! [ of) would be equivalentto the actionthat would be found for a 1-step
policy conditionedon historiesof lengtht + 1. Therefore,a robot canstartconstructing
n-steppolicieswith n = m wherem is the maximumvalueof n reachedat the previous
timestep. In the worst case,only a 1-steppolicy canbe found at eachtimestepand no
computatiorreusecanbe made;however if morecomputatiortime is availablerobotscan
increasdhe quality of their solutions.This approachallows for anicetradeof betweerthe
approximationsnadeby BaGA andthecomputationabverheadf alonger moreaccurate
policy. It is, however, crucialto the algorithmthatall robotscomeup with policiesof the
samedepthat eachtimestepor elseit cannotbe guaranteedhatthey remaincoordinated.
Theassumptiomeedgo bemadethatrobotseitherhave similarcomputationatesource$o
eachother(andthereforewouldbeableto nd policy treesof depthm in thesametime) or
thatsomefunctionexistsfor relatingtime to policy-treedepthandrobotsusethisto pick an
appropriatadepthfor whichto solve (a similarapproachs takenby Noh & Gmytrasievicz
(2005)andis discussedhn Section7.3.1).

6.4.3 Scalability

In orderto be appliedto large real-world robot teams,an algorithm must demonstrate
good scalability as the size of the teamincreases. Obviously, scalabilityis a concern
for BaGA becausat hasa strongexponentialdependencen the numberof robotsin the
team.As discussedh previouschaptersBaGA-Clustethasa computationatompleity of
O jSi?(A jjC ™ withjCj jZ j'. Thereforesolvingeachtimestepof a problemwith
BaGAwill alwaysbeexponentiain thenumberof robotsand,if no clusteringcanbedone,
in thetime horizon(the useof thesequencéorm preventsit from beingdoublyexponential
in time).

While BaGA doesnot scaleas well as heuristicapproachesit hasbeenshowvn in this
thesisthatit signi cantly outperformscommonheuristicmethods.Furthermorejt scales
betterthantheuseof thefull POSG:BaGA s ableto take advantageof problemdynamics
to reducethe numberof historiesthat must be maintainedfor eachrobot and therefore
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reducethe effectsof thetime horizonon computationFor example,in the Multiple Access
BroadcastChannelproblem,BaGA-Clusterwas able to generateclustersfor eachagent
thatwereindependenof thetimestepj.e.,jC!j = jCFj 8t, k.

6.4.4 Uncertainty

POSGsprovide a decision-andgame-theoretiavay to reasonaboutuncertaintyin world
stateandstochastianotion (i.e., noisy actuatorsiswell asthe actionsof teammatesUn-
certaintyin world statecanbe causedyy partsof the environmentnot beingaccessibleo
theteamor individual membersof theteam(e.g.,wrongtype of sensorssensomliasing),
aswell asthroughsensorerror. No limitations are placedon the type of uncertaintyin
obsenationsor motionsolong asit canbe modelledthrougha probabilisticfunction(i.e.,
amodelis required).Furthermorethe POSGmodelplacesno assumptionsn the type of
partial obsenability to be modelled:membersf theteamdo not have to receve the same
obsenationsof world statenor do they have to sharethemwith eachother Theseobser
vations,however, will becorrelateddueto thefactthatthereis someprobabilisticfunction
governingthemwhich s conditionedon thetrueworld state.

In BaGA, robotsareableto conditiontheir actionselectionon individual obsenration his-
toriesdespitethefactthattheir teammateslo notknow themwith certainty They areable
to do soin away thattakesinto accountwhat obsenation historiestheir teammatesnight
have seenwithout having to explicitly representhe associatedn nite belief hierarcly.

Therefore,BaGA-controlledrobotsare not only robust to incompleteinformation about
the ervironment,sensorerror andactuatorerror, they arealsorobustto uncertaintyin the
obsenations,andthereforespeci ¢ actionchoicesof theirteammates.

6.4.5 RobustnessTo Failure

Therearethreemajortypesof failurein aroboticsystem:communicatiorfailure;apartial
robotmalfunctionin whichtherobotis still operablébutin areducedapacityor with actual
errorsin how it executesactions;andcompleterobotfailurein which the robot ceasego
operatgDiasetal.,2004).Thereis noreasorin theorywhy aPOSGmodelcannotinclude
thesefailuresas part of its world statealthough,in practice,size of the problemplaysa
limiting factor While noneof the problemsin this thesishave modelledthesetypes of
failures,this sectiondiscusse$fiowv to addthemto BaGA.
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In POSGsandBaGA, communications not requiredfor robotsto conditiontheir action
choiceson their own obsenation histories;however, if communications presentperfor
mancecan be improved both with respecto quality and computation.In this thesis,the
assumptiorhasbeenmadethat communications globalandessentiallyfailure free. But,
asbrie y mentionedin Section5.1.2,a communicatiornprotocol can be introducedwith
robotsreverting to their no-communicatiorpolicy if a failureis indicated. Theoretically
if communicationis not guaranteedi.e., failure free),thencommonknowledgeaboutan
eventcannoteachievedthrougharny nite seriesof acknavledgementaboutthereceiptof
information(Faginetal., 1999).Instead approximateceommonknowledgecanbeachiered
throughthe useof robustcommunicatiodanguagesndprotocolssuchasthosedescribed
in Stone& Veloso(1998),Bartuceanus& Fox (1995)andEmeryetal. (2002). Thesesorts
of nite protocolsresultin boththe sendingandreceving robotbeingmutually awarethat
eithertherewas successfutommunicatioror, if therewasa problem,in the appropriate
robotsknowing thatafailureoccurred.

The questionsof partial robot malfunctionand total robot failure can be addressedy
addingcomponentsepresentindailureinto the stateof eachrobot. For example the state
of arobotcanincludeabit representingvhetheror notit hasamalfunctioningmotor, com-
municationsystemandsoon. Historieswould now includeinformationabouttheseadded
componentandthestandardBaGA algorithmapplied.While communicatiorprovidesthe
mostreliable sourceof informationaboutthe failure of others,BaGA still works even if
it is not present:bothcommunicatiorandobsenationsof teammatege.g.,gatheredusing
opponenbr teammatanodelling(Kaminka& Tambe,2000;Browning etal., 2002)),can
be usedas a sourceof commonknowledgefor updatingthe prior probability over joint
types.Additional parameterssuchasa functionthatrelatesslapsedime to the probability
of certainfailures,canalsobeincorporated.

Clearly augmentingstateto includefailure increasedoth the size of the stateandobser
vationspacedor eachrobot. As aresult,the numberof possibletypesfor eachrobotwill
increasebecauseachof its typesmustnow includeobsenationsof the statusof its team-
mates. In general thosetypesthatinclude a malfunctioningstatuswill tendto have low
probabilityandsousingminimum-distancelusteringwill bemosteffective atrepresenting
the true distribution over historieswhile keepingtheselow-probability outliersin reward
space.
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6.5 Summary

In this chapterit is shavn that BaGA is not limited to controlling robotsin simplegrid-

world problems,but can also be usedto control physical robotsin real time. BaGA,

BaGA-Clusterand BaGA-Commwere usedto generatereal-time controllersfor robots
in a seriesof tag problemsthatgraduallyincreasedn realismandsize. Thesecontrollers
wereimplementedn both a high- delity simulatorandon physical robots. In all cases,
the BaGA-controlledrobotsoutperformedhosecontrolledby two commonheuristicsfor

decision-theoretiproblems.

Rolustcontrolof ateamof robotsin therealworld requireshataframevork demonstrates
interrobotcoordinationcomputationateasibility andscalability robustness$o uncertainty
androbustnesgo failuresand malfunctions. Although POSGsand BaGA are relatvely
abstrachotionsof control,they still meettheserequirement$®othin theoryand,asshovn
in this chapterin practice.



Chapter 7

Related Work

This chapterdiscussevariousapproachesaken to solving the problemof decentralized
controlof arobotteam.Themajority of thechaptelis devotedgame-anddecision-theoretic
framewnorks andhow they, andtheir solutiontechniquesrelateto POSGsandthe BaGA
algorithm. This discussiorincludesa comparisorof BaGA-Commto existing algorithms
for generatingun-timecommunicatiorpoliciesfor POSGswith commonpayofs.

Severalothermajormulti-robotframenorks arealsointroducedandanalyzedwith respect
to how robotstake teammatesnto accountduring decisionmaking. While theoriesof

teamvork, behaiour-basedapproacheandmarket-basedpproacheso not make useof

gametheoryin thesameway thatPOSGglo, suchananalysigs still usefulbecausét can
help identify what partsof problemsrequiregametheoryto modelteammatesnd what
partsdo not.

7.1 RelatedFrameworks

In this section,a variety of framewvorks that arerelatedto the POSGmodelandits sub-
classesarediscussed.This discussionis fairly in-depthandis designedo shawv thatal-
thoughsomeof theseframeworks were originally formulatedwith respectto their rela-
tionshipsto MDPs and POMDPs,they are all sub-classesf POSGs. The order of pre-
sentationwas selectedo move roughly from thosePOSGsub-classeshat are the most
restrictve to thosethat arethe mostgeneral. For example,the rst framevork, MMDPs
(Boutilier, 1999),assumedull individual obsenrability of the problemwhile I-POMDPs
(Gmytrasisvicz & Doshi,2004) make no assumption®n collective obsenability andare
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Figure7.1: POSGsub-classes.

ableto handleagentswith arbitrary objective functions. An approximatecontinuumof
wherethesemodelsfall with respecto POSGsub-classes shavn in Figure7.1.

7.1.1 Multi-Agent Mark ov DecisionProcesses

The multi-agentMarkov decisionprocess(MMDP) is an extensionof the single-agent
MDP to the multi-agentcase(Boutilier, 1996). Agentsare assumedo sharethe same
reward function R andto have full obserability of world state.Optimal joint-actionpoli-
ciescanbefoundin sucha systemby solvingthe correspondingVDP in joint-actionand
-statespace MMDPs areperhapghe mostrestrictve sub-clas®f POSGs.

While optimal joint-action policies can be found for MMDPs in either a centralizedor
decentralizedashion(with eachagentsolving the samecopy of the MMDP), execution
of thesepoliciescanstill resultin miscoordinationf thereare multiple optimal joint ac-
tions. This problemis relatedto the problemof choosinga single Nashequilibrium to
play from the setof all Nashequilibria: if thereare multiple optimaljoint actionchoices
andeachagentselectsa differentoneto play, the resultingjoint actioncanbe arbitrarily
bad. Boutilier (1999)looks atincorporatingcoordinationmechanismsnto the MMDP in
orderto solve this problem. Thesecoordinationmechanismsire protocolsthatrestrictthe
focusof agentdo a subsebf the optimaljoint actions.Statesn theexpandedMMDP now
include systemstateandthe stateof a coordinationmechanismIn BaGA andalternating
maximization,locker-room agreementsiboutthe randomnumbergeneratorsre usedas
a coordinationmechanismand, shouldmultiple actionshave the samevalues,robotswill
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alwaysselecttheactionthatcomesrst in theactionset.

In aMMDP, structurecanbe exploitedto nd optimalor nearoptimalsolutionsin amore
ef cient waythanevaluatingeverypossiblgoint action.In theseapproacheghejoint value
functionis broken up into a setof local valuefunctionsfor eachagentthataredependent
on only a subsetof the action and statespaceof the entire team(Guestrinet al., 2001,
2002; Guestrin& Gordon,2002). Dependingon the problem,the combinationof these
local value functionsare either exact or approximate.Using its local value function, an
agentthendecidesvhich partsneedto be optimizedjointly andwhichdo not(e.qg.,through
acoordinationgraph).Jointoptimizationdoesnot alwaysrequirecommunicatiorbetween
agentgKok etal., 2005).

Alternatively, MMDPs canbe thoughtof as stochastiggameswith commonpayofs. In
thesegames,agentsnd individual actionsto play at eachstateby solvinga normal-form
gamerepresentatiorf that state. For a gamewith commonpayofs, thereis a Pareto-
optimal Nash equilibrium for eachstatethat correspondgo the optimal joint action of
the MMDP. Stochastiggamesarefrequentlyusedasa way to modelagentdearningpoli-
ciesin the presenceof otheragents be they teammate®r opponentsin model-freeset-
tings. ExamplesncludeNashQ-learning(Hu & Wellman,2003),Friend-orFoeQ-learning
(Littman, 2001),CorrelatedQ-learning(Greenvald & Hall, 2003)andJointAction Learn-
ing (Claus& Boutilier, 1998).

7.1.2 Factored DecentralizedMDPs and POMDPs

FactoredDEC-MDPs(Beckeretal.,2003)arePOSGsn which theglobalstateis thecross
productof the local stateof eachagent,andthe transitionfunction for eachagents local
stateis independenbf the local stateand actionsof the otheragents.Furthermoregach
teammemberhasfull obsenability of thatlocal stateleadingto collective full obserabil-
ity. Unlike the transitionfunction, the reward functionis not decomposablandremains
dependentntheglobalstateandthejoint actionof theagents.Thistypeof problemis still
NEXP-completdBernsteiretal.,2002);however, it is possibleto exploit the structurethat
resultsfrom transitionindependence.

In a2-agentfactoredDEC-MDR eachagentcreatesan augmentedvDP thatis its under
lying local MDP but with a modi ed reward function. This new reward functionis based
on the original reward function, including ary joint-reward structure anda policy for the
otheragent.In otherwords,it is conditionedon apolicy for the otheragentandsomultiple
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reward functionsmay exist. As aresult,eachagentactuallyneedsto de ne a setof aug-
mentedVIDPsthatareparameterizedasednthemodi ed rewardfunction, nd thesetof
optimalpolicies(the optimal coverageset)for the setof augmentedDPs,andthendo an
exhaustve searchn thejoint optimalcoveragesetto nd theoptimaljoint policy. While by
de nition thereareanin nite numberof augmentedDPs (althoughonly a nite number
correspondo augmentedMDPs that represent valid policy of the otheragent),the op-
timal coveragesetis keptsmallbecausenary augmentedDPs sharean optimal policy.
The actualdeterminatiorof the optimal coveragesetfor eachagentis doneusinga geo-
metric representationThe searchfor the optimaljoint policy is thereforereducedrom a
searclthroughall possiblgoint policiesto asearchthroughonly thosejoint policieswithin
thejoint optimal coverageset. At alossof global optimality, an alternating-maximization
stylealgorithmcouldbeappliedto a setof augmentedDPsto nd alocally optimaljoint
policy.

One could usea factoredDEC-MDP as a way of approximatinga POSGthat doesnot
have transitionindependence.The resulting solution could then be usedas a heuristic
for evaluatingthe future value of actionsin the BaGA approximation.Unlike the Q ,;pp
heuristic,which assumeshat the agentswill know the global statewith certaintyon the
following timestep this heuristicwould assumehatthe agentsonly know their own state
with certainty(e.g.,in the GatesTag problemsgachrobot's local statecouldbe de ned to
beits own positionandthe positionof the opponent).

The factoredDEC-MDP model can be extendedto include partial obserability of each
agents local state. This factoredDEC-POMDPmodel, however, still assumeghat the
globalstatespacds the cross-producbf eachagents local stateandthatboth actiontran-
sition functionsand obsenation emissionprobabilitiesare independenbf otheragents'
statesandactions(Goldmané& Zilberstein,2003). In otherwords,agentsdo not have ary
obsenationsof thelocal stateof others.

7.1.3 Finite-State Dynamic Games

In nite-state dynamicgameswith asymmetricinformation (Fershtman& Pakes,2004),
eachagentis characterizedy a vectorof statevariablesthat evolve over time according
to the players actions(i.e., thereis transitionindependencef local state). Somestate
variablesare publicly obsenable while othersare private, and agentscan have arbitrary
rewardfunctions.Agentsselectactionsateachtimestepandtheir payofs aredependentn
the statevariablesof all agentsandthejoint action. This frameawvork is moregeneralthan
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factoredDEC-POMDPdecausewhile local stateis still factored agentsnow have partial
obsenability of thelocal stateof otheragentsn additionto full obsenrability of their own
state.It is commonlyusedfor problemsfrom the IndustrialOrganizationliterature,which
areknown ascapitalaccumulatiorgames.

Fershtmar& Pakes(2004)presenta simplealgorithmfor calculatingthe Markov Perfect
equilibriaof thesegames A Markov stratgy is a stratgy in which actionsareconditioned
only on payof-relatedvariablesratherthanjust ary statevariable. A perfectequilibrium
is the sameas a sub-game perfectequilibrium: even for partsof the gametree that can
never be reacheddueto earlierdecisionsthe stratgjiesfor eachagentde ne actionsthat
arein equilibrium. Their algorithmfor nding Markov perfectequilibriacalculatesimple
sufcient statisticssuchthat, if agentsmaximizetheir actionchoicewith respecto them,
thenthisactionchoiceis thesameasif theMarkov Perfectequilibriumstrategy wasplayed.
In thismodel,thesestatisticsurn outto besomeavhatequialentto theutility functionused
in Bayesiangames:they arethe expecteddiscountedoayof giventhe possibleoutcomes
of anagents actionchoice,andarecomputecconditionedon the privateinformationof all
the otheragentg(i.e., the possiblestateof the gameasgiven by eachagents statevector
andary othercommonknowledge).Like Bayesiargamesjf thedistribution over possible
statevectorsis known, thenthe statisticscanbe calculatedhowever, if it is unknawn, then
theauthorsshaw it canbe approximatedy areinforcement-learninglgorithm.

Thisapproachs similarto thattakenby BaGA: if theexpecteduturevalueof actionswas
known with certainty thenthe actionsselectedy the algorithmwould be the sameasthe
actionsgiven by the optimal solution. In BaGA, a heuristicis usedto approximatethat
valuefunction,while in this work reinforcementearningis used.

7.1.4 DecentralizedPOMDPs

DEC-POMDPsare a generalizatiorof POMDPsto the distributed agentcase(Bernstein
etal., 2002). In its formalization,a DEC-POMDPIis equivalentto a POSGwith common
payofs. If the globalstatecanbe uniquelydeterminedrom the obsenationsof all agents
togetherthentheproblemis of thespecialcaseof decentralizedMDPs(DEC-MDPS).Un-
likethefactoredversionsof thesegoroblemadiscussedh Section7.1.2,thestatespaces not
limited to the cross-producof thelocal statesof agentsandthetransitionandobsenration
probabilitiesare not assumedo be factored. Communicationrdoesnot explicitly appear
within the DEC-POMDPmModel.
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Perhapghe biggestcontritution of the work on the DEC-POMDPmModelis the computa-
tional compleity analysisperformedby Bernsteinet al. (2002), which shaws that DEC-
POMDPsareNEXP-completeandthereforerequiresolutiontechnique®therthansearch-
ing for acornversionto aPOMDRP

7.1.5 Communicative Multi-Agent TeamDecisionProblem

TheMulti-agentTeamDecisionProblem(MTDP) is essentiallthesamemodelasaPOSG
with commonpayofs (Pynadath& Tambe,2002)asit appliesonly to problemsin which

all membersof the teamsharea reward function. Like a POSG,actionsare conditioned
on sequencesf obsenations(despitethe somavhat confusingterminologyof belief state
usedto referto theseobsenation histories),andthe modelparametersncludean explicit

de nition of the setof all possiblejoint sequencesf ary length. Like POSGsMTDPs
placenorestrictiononthetypeof obsenability availableto theteam:in generalcollective
partialobsenability is assumed.

The MTDP modelis extendedto the Communicatre MTDP (COM-MTDP) in orderto
explicitly modelcommunicatioractions. The COM-MTDP modelincludesa parameter
to representhe setof all possiblecommunicatiormessage§the cross-producof thein-
dividual agents communicatiormessageets)andtherewardfunction R is now assumed
to be factoredinto two independenparts: onecomingfrom the domain-lerel actionsand
the otherfrom communication.The belief statesof the agentsarenow setsof sequences
of obsenationsandreceved communicatiormessagesPynadath®& Tambe(2002)break
thedecision-makingrocessnto two rounds: rst, theagentausetheir pre-communication
belief statedo selectacommunicatioractionandthenuseanupdated)ost-communication
belief stateto selecta domain-lerel action. As aresult, COM-MTDP is designedor and-
communication The authorsalsoassumehatcommunicatioris instantaneouandnoise-
free,whichis similar to theassumptionsnadeby BaGA-Comm.

As it is computationallyintractableto nd optimaldomain-lerel andcommunicatiorpoli-
ciesin the COM-MTDP framework (asidefrom the caseof free communication)the au-
thorsare only able to presenta theoreticalway of constructingoptimal communication
policies. They thereforeusethe framewvork asa tool for the analysisof the optimality of
teamperformancédor problemsin which a domain-actiorpolicy is givenanda communi-
cationpolicy canbe constructedrom modelsof teamwvork. Thistopicwill bediscussedn
moredetailin Section7.4.
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An extensionof COM-MTDP that takes advantageof the useof roles for reducingthe
complity of actionselectionand setsof domain-level actionsis presentedn R-COM-
MTDP (Junget al., 2002). In this model, a set of possiblerolesis identi ed for each
agent.An agents actionsarenow role-taking(the agenttakeson a speci edrole) or role-
executionactions. It is assumedhat the setof role-executionactionsfor a speci c role
are a subsetof the full setof possibledomainactionsandthis restrictionin actionscan
leadto computationakavings. While this modelallows for the analysisof differenttypes
of teamformationandreoiganization,it alsoshaws that role decompositiorcan provide
signi cant reductionan computationatompleity. With completelydecomposableoles,
this approachs similar to factoredDEC-POMDPs.

7.1.6 Interactive POMDPs

Unlike DEC-POMDPsandCOM-MTDPs,interactve POMDPs(I-POMDPs)aredesigned
to modelagentswith arbitraryobjectves (Gmytrasiavicz & Doshi,2004). This property
makes them more similar to POSGswith arbitrary reward functionsthanto thosewith

commonpayofs. In I-POMDPs,eachagentmodelsthe problemasa POMDPin which,

insteadof maintaininga belief over physical statesof the world, the agentmaintainsa

belief over interactve states.An interactve stateis a combinationof a physical stateand
an instantiationof a setof modelsfor eachof the otheragentsin the problem. These
modelsaredesignedo expresshow the otheragentswill performandthereforeallow for

predictionabouttheir behaiour. By modellingthe otheragentsn the problem,solutions
to I-POMDPsare not restrictedto equilibrium policies asthey arein POSGs. Instead,
they allow agentgo conditionpolicieson beliefsaboutexpectedbehaiour. Thatis, if an

agentbelievesall otheragentswill actaccordingo anequilibriumthenit toowill playthat
equilibrium; however, if it hasreasorto believe thatthe otheragentswill divergefrom the

equilibriumthenit canoptimizeits own behaiour accordingly! Thisdistinction,however,

is notimportantwhenagentsarein ateamandit canbeassumedhatthey areall Bayesian
rational(i.e., play accordingto anequilibriumpolicy).

A generaimodelof anagentis afunctionthatmapsfrom possibleobsenation historiesof
thatagento aprobabilisticpredictionof its actionchoice.However, if all agentsaareknown

Thisideatiesinto the notionthata game-theoretiequilibriumis only a “good' solutionif all agentsare
rational. If anagentis not playing rationally, thenthe otheragentscould do muchbetterby exploiting that
information.For example,in Rock-RaperScissorgheequilibriumsolutionis to play eachof thethreeactions
randomlywith equalprobability However, if theopponenbnly ever playsrock thenonecando muchbetter
by alwaysplaying paperinsteadof the equilibriumsolution.
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to beusingl-POMDPfor decisionmaking,thenthe modelsof themshouldre ect thisfact.
This goalis accomplishedy usingan intentionalmodelin which the modelledagentis
assignech type andassumedo be Bayesiarrational. The type of the agentis de ned to
be a combinationof its belief (both over physical statesof the world and the modelsof
all otheragents)andthe remainingparameter®f its -POMDRP This type is usedin the
Bayesiargamesenseanagents beliefsareprivateinformationuponwhich decisionmak-
ing is based.Becauseeachagentdoesnot necessariljknow the speci ¢ parametersf the
otheragents'l-POMDPSs thenit mustmaintainadistribution overthesemodelsmuchasa
playermaintainsadistribution overthetypespaceof otherplayersn aBayesiargame.Un-
fortunately thetypesof anintentionalmodelinvolve possiblyin nitely nestedeliefsover
others'typesandtheir beliefsaboutothers Jeadingto computationallyinfeasiblesolutions
for -POMDPs.

I-POMDPsarerelatedto the recursve modellingmethod(RMM) in which agentstry to
maximizetheir expectedutility given their beliefs (Gmytrasievicz & Durfee,1995). In
RMMs, an agentconstructsa payof matrix that representsts beliefsaboutthe erviron-
ment, its capabilitiesand its utility function. In orderfor an agentto characterizevhat
it thinks otherswill do, it alsomodelsthe otheragentsn termsof their payof matrices.
A recursve nestingof thesemodels,however, resultsbecausefor decisionmaking, an
agentneeddo modelthefactthatotheragentsaremodellingit andsoon. In practice like
I-POMDPs,only a nite nestingof modelsis used.

In Rathnasabapagh& Gmytrasiavicz (2003),the authorsproposeusingan |-POMDP for

a common-paydf problemwith socially rationalagentsin which agentsare restrictedto

modelswith second-ordebeliefs (however, no experimentalresultsare provided). That
is, they proposeusinga modelof a teammatehat captureghat teammates belief about
its physical stateand aboutother agents'beliefs abouttheir physical state. While this
nite level recursioncanresultin sub-optimalbehaiour, it is necessaryo tradeoff the
computationatostsassociateavith deepeninghe belief hierarcly with the expectedgain
in performanceNoh & Gmytrasiavicz (2005)performthis kind of analysisfor RMMs by
usingoff-line machindearningto nd afunctionthatassociatetheamountof information
includedin the modelof otheragentgmodeldepth)with expectedperformancegain. At

runtime, anagentcalculateghe valueof time andthenusesthe learnedfunctionto select
theappropriatenodeldepthto usefor actionselection.

Givenintentionalmodelswith Bayesiarrationalityandasharedewardfunction,|-POMDPs
(andRMMs) canbe considereaquivalentframavorksto POSGswvith commonpayofs so
long asthe modelnestingor belief hierarcly is in nite. Otherwise they areapproxima-
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tionsof POSGS: ThePOSGmodelgetsaroundthein nite recursiorin thebeliefhierarcly

by notexplicitly representing knowledgehierarcly. Approximationmethodsor POSGs
only needto worry aboutthe effectsof truncatingthe belief hierarcly too earlyif they ex-

plicitly representt. Otherwise their approximationswill comefrom othersources.For

example,in the BaGA algorithm,the belief hierarcly is representednplicitly in thecom-
mon prior over all possiblejoint historiesat timestept. In fact, it is essentiato build up

the BaGA in sucha way asthatthe commonprior assumptions not invalid in ordernot
to useanexplicit representationf suchabelief hierarcly: work doneby Salovics (2001)
shavsthatin ordernotto have acommonprior assumptiorn a Bayesiargame knowledge
hierarchiesof this form mustbe explicitly represente¢in hiswork, eachplayermodelsits

opponentashaving a nite-order belief hierarcly onelayershorterthanits own).

7.2 Exact Dynamic-Programming Algorithm for POSGs

In Hansenet al. (2004), a dynamic-programminglgorithmfor POSGsis presentedhat
combineslynamicprogrammingor POMDPsanditeratedeliminationof dominatedstrate-
giesfrom normal-formgames.Oneway to solve POSGsis to corvert theminto normal-
form gamesandto theniteratively eliminatevery weakly dominatedstratgiesfrom this
gameuntil areducedsetremains® A solutionis thenfoundfrom this reducedsetof strate-
gies. Unfortunately becausethe stratgy setof eachagentin a POSGis O jA;ji4i" |
this solutiontechniquas computationallyintractable.Instead dynamicprogrammingus-
ing the policy-treerepresentationf agentstratgies,is usedto eliminatethe very weakly
dominatedstratgies without having to constructthe full normal-formgame. For com-
monpayof gamesthis algorithmis exactandresultsin optimalsolutions(for general-sum
gamesthe removal of very weakly dominatedstratgiesis not necessarilya goodideaas
randomizatiorbetweerpayof-equialentstratgiescouldbe bene cial).

2The degreeto which oneagentmodelsanothergivesits level: a k-level agentmodelsits teammatess
(k  1)-level agentsand 0-level agentsdo not reasondirectly aboutothersat all (Vidal & Durfee,1997).
For example,the second-ordemite modelfor I-POMDPsproposedn Rathnasabapath& Gmytrasievicz
(2003)resultsin 2-level agents.Assumingcommonknowledgeof the gameandrationality, game-theoretic
agentsareconsidered. -level eventhoughthey do notexplicitly constructa modelof teammategWellman
& Wurman,1998).Thisresult,meanghatanagentin aPOSGis only equivalentto anagentin anl-POMDP
if thatagentis alsoanl -level agent.Creatinganl -level agentfor anl-POMDP however, requiresin nite
modelnesting.

3Stratgy A is weakly dominatecby Strateyy B if, regardlessof what strategjiesC are picked by others,
theexpectedpayof for B is atleastasgoodasA and,for oneinstanceof C, strictly better Stratgy A is very

weakly dominatedby Strateyy B if B is at leastasgoodasA regardlessof C (i.e., the strict dominancenot
required).
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In themulti-agentdynamic-programmingperatoyeachbackupstepinvolvesasetof depth
t policy trees(if ¢t = T, thenthe treesarejust one-steptrees)for eachagentanda corre-
spondingsetsof valuevectors.Basedon the parametersf the POSG eachtreeis exhaus-
tively bacled up to form a new setof policy treesandtheir valuevectors.Any dominated
treeis thenprunedbecauseasthe authorsprove in this paper if a sub-treds very weakly
dominatedthenthe entiretreeis actually very weakly dominated. Thatis, if at the last
timestepall but oneactionis very weakly dominatedthenary full-length policy treethat
doesnot have thatactionasits laststepwill alsobeveryweaklydominated.The nal set
of policy treesis thereducedsetof stratgiesin which thereareno very weaklydominated
stratgies. The problemof selectingan equilibriumamongsthis reducedsetof stratgies
still exists, but it is now possibleto constructhis subsewithout having to iterateover all
possiblefull lengthstratayies.

For common-paydfgames,this approachs an exact algorithmthat resultsin a globally
optimal solutionunlike approximationmethodsfor POSGsthat result, at best,in locally

optimal solutions(e.g.,in the caseof BaGA the solutionis locally optimalwith respecto

theheuristicused).While thisdynamic-programminglgorithmdoesallow largerproblems
to be solved thanwithoutit, they arestill relatively smallproblems.Hanseret al. (2004)
discusspruning policy treesthat are almostvery weakly dominatedas a way to farther
reducethe numberof policy treesin exchangeor boundedsub-optimality Unlike BaGA,

this algorithmcould placeguaranteesn the performancef theresultingpolicies.

It would be possibleto make useof this multi-agentdynamic-programmingperatomvithin
theBaGA algorithmasaway to extendits singlestepof game-theoreticeasoningver the
currentactionselectioninto n stepsof lookahead.As discussedn Section3.3.3,at each
timesteprobotswould constructa Bayesiangamethat representethe next n-stepsof the
problemratherthanjust one step. Ratherthan using alternatingmaximization,however,
Hansenet al. (2004)s algorithmwould be usedto reducethe setof pure stratgjiesover
thesen stepsandthena searchmethodwould be appliedto nd the optimaljoint policy.
Robotswould thenimplementthe rst stepof their resultingpoliciesandre-plan. This
n-steplookaheadwvould allow robotsto tradeoff speedn calculatingthe future value of
actionswith accurag.
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7.3 POSGApproximation Methods

In this section,a variety of algorithmsfor nding approximatesolutionsto POSGsandits

sub-classeare presented.Figure 7.2 presentsa high-level overview of thesealgorithms
shaving how they roughly relateto the BaGA algorithm. This gure alsoincludesalgo-
rithmsdiscussedn Section7.1. Algorithmsfor generatingun-timecommunicatiorpoli-

ciesfor sub-classesf POSGsarenotincludedin this sectionor the diagram,but will be
discussedn Section7.4. Figure7.3 providesa high-level comparisorof the sizeof prob-
lem that hasbeenaddressetby eachof the differentsolutiontechniquedor POSGswith

commonpayofs presentedn Section7.3.1.

7.3.1 POSGswith Common Payoffs

This sectionsummarizeslifferentalgorithmsfor nding solutionsto POSGswith common
payofs. As BaGA fallsinto this class,a high-level comparisorof the differentalgorithms
andthe size of problemto which they have beenappliedis shawvn in Figure7.3. This
comparisons basedn publishedexperimentakresultsfor eachof thealgorithms.

Ratherthanusingvalue-basedethodgo nd locally optimalpoliciesto POSGswith com-
mon payofs (called POIPSGdy the authors),Peshkinet al. (2000)usegradientdescent
to performpolicy searchin the spaceof limited-memory nite-state controllers. The as-
sumptionis madethat the bestjoint controllerin this restrictedsetof controllerscanbe
representedsafactoredcontroller While it is not necessarilyrue of the globally optimal
joint policy, it allows eachagentto independentlyperformgradientdescenbnits own por
tion of the controllerwith the resultingjoint controllerbeingthe sameasif joint gradient
descenthadbeendone. Therefore,agentsnd the bestfactoredcontrollerfor a domain
evenif it is known a priori thatafactoredcontrolleris sub-optimal.

Furthermorepunlike the BaGA algorithm,knowledgeof the world modelis not assumed,
and so stochastiogradientdescents usedin which the algorithm samplesrom the dis-
tribution of obsenation historiesby interactingwith the world and usesthosesamplego
calculatean estimateof the gradient. The resultingpolicy is locally optimal and, while
every Nashequilibrium solutionto the POSGss a local optimum, the reverseis not true.
Agents thereforemightnotplay policiesthatform anequilibrium. In contrastevery setof
policiesfoundin theBaGAalgorithmis anequilibriumsolutiongiventheheuristicfunction
usedfor calculatingutility.
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Figure7.2: Continuumof algorithmsfor approximatingsolutionsto POSGs. The policy

axisis usedto indicatethe generalnessf both assumptiongnadeaboutpolicy structure
but alsothe degreeof approximatiorof theresultingsolution. Thereforeanapproachhat
placesrestrictionson the structureof policiesbut triesto nd locally optimal versionsof

thosepolicies (e.g., Peshkinet al. (2000))is placedlower thanan approachthat hasno

restrictionson policy but a higherlevel of approximatione.g.,I-POMDP approachethat
truncatethe belief hierarcly (Rathnasabapagh& Gmytrasiavicz, 2003)),but higherthan
an approachhatalsoalsoplacesrestrictionson policy form but makes more approxima-
tions (e.g.,Chadeset al. (2002) who approximatea non-stationarytransitionfunction as
stationary).Themodelsdiscussedn Section7.1areincluded(light text), with the optimal
policy for eachmodelconsideredhe mostgeneratype of policy for thatclass.Zero-sum
POSGsareconsideredo beslightly moregenerathanPOSGswith commonpayofs but

lesssothanthosewith arbitrarypayofs, hencethe relatedsolutiontechniquegall some-
wherebetweerthe DEC-POMDPandI-POMDP modelswith respecto the sub-classxis.
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(Hanseretal., 2004)to RMMs with heuristics(Durfee,1999). Roughcateyoriesof robot

problemsare includedfor reference. Problemsize comesfrom publishedexperimental
resultswith theLadyandtheTigerproblemconsideredargerthanMABC becausejespite
its smallerstatespaceit hasbeensolvedfor largertime horizongandwith collectie partial

obsenability) thanMABC.
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Peshkinetal. (2000)alsotradeoff the memorythatcanbe storedwithin thefactoredcon-
trollers for computationatractability In the worst case this approactresultsin reactve
policiesin whichagentsconditiontheir actionchoiceon only the mostrecentobsenations.
The BaGA algorithmdoesnot explicitly tradeoff betweenhistory length(i.e., memory)
andcomputationjhowever, the clusteringof historiesin BaGA-Clustercanbe thoughtof
asaway of limiting memorybecauset groupstogethersimilar histories. Especiallyfor
physicalrobotproblemsthis approactendsto reducethe effectsof earlyobserationson
laterdecisionmaking.

The approximationsn the solutionsfound by BaGA and POIPSGscomefrom different
sources POIPSGdimit theamountof memoryusedin policy constructiorandthe scope
of the policy searchto factoredcontrollers. Gradientdescenis thenusedto nd locally

optimal controllerswithin this subsetof controllers. BaGA introducesapproximations
throughthe useof a heuristicfor evaluatingthe future valueof actionsandthe alternating-
maximizationalgorithmto nd alocal optimum.

Anotherapproachihatusesnite-memory controllerss thattakenby Bernsteiretal. (2005)
for approximatingsolutionsto in nite-horizon POSGs. The policy for sucha POSGis
representedsa joint stochasticontroller which is madeup of alocal controllerfor each
agent.Unlike otherwork with common-paydfPOSGsthesepoliciesallow agentgo take
stochastiactionsat eachtimestep. With stochastigolicies, correlatedequilibriatendto
generatenigher payofs to the teamthan Nashequilibria, and so a correlatingdevice is
includedin the de nition of the joint controller This correlatingdevice allows agents
to correlatebehaiour (i.e., achieve a correlatedequilibrium) without any communication
during execution. An exampleof sucha correlatingdevice is sharedrandomnessyhich
is equivalentto the synchronizatiorof randomnumbergeneratorsequiredby BaGA. In
Bernsteinet al. 2005's work, a joint controlleris found throughpolicy iterationandthe
algorithm guaranteeshat on eachiteration the performanceof the controllerwill be at
leastashigh ason the previous iteration. The authorscompareresultsfor differentsized
controllersand nd thatlargercontrollersusuallyleadto bettersolutions.

Nair etal. (2003)presenta dynamic-programming-stylalgorithmfor nding locally opti-
mal policiesfor thefull POSGthatis very similarto thealternating-maximizatioalgorithm
usedin thisthesis but with a differentrepresentatioof the policy thanthe sequencéorm.
At the coreof theirwork is a joint equilibrium-basedearchor policies(JESP)that nds

locally optimal policiesfrom the setof all possiblepolicieswith nite planninghorizons.
Thatis, unlike Peshkiretal. (2000),norestrictionsareplacedonthestructureof thepolicy.

This planningis centralizedandsothe problemof selectinga policy from a setof multiple
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local optimais avoided. While anexhaustve versionof JESPcanbe performedacompu-
tationally tractabledynamic-programmingersion(DP-JESP)s preferable DP-JESPrst
nds thebestsetof policiesfor the lasttimestepandthenbacksthesevaluesup, usingan
alternating-maximization-li&approach.

Lik e alternatingmaximizationandthe BaGA algorithm,DP-JESHSs designedo work for
POSGswith commonpayofs. Its policy representatiomequiresslightly lessspacethan
alternatingmaximizationand so it canbe usedto solve the full POSGof the Lady and
the Tiger problemwith a planninghorizononelarger thanthat which canbe solved with
alternatingmaximizationalone(a horizonof 7 vs. a horizonof 6). BaGA, however, can
solve this problemwith an even larger horizon. Nair et al. (2003) alsotendto usevery
few randomrestartsin conjunctionwith DP-JESP(e.g.,only three)and so make limited
attemptgo move out of local optima.

In their work on creatingrun-time communicatiornpolicies, Roth et al. (2005) presenta
Q-POMDPNheuristicfor multi-agentPOMDPs,which is analogoudo the @ y;pp approx-
imation of POMDPs(Littman et al., 1995). This algorithmrequiresagentsto maintaina
probability distribution over all possiblgoint historiesthatmight have occurredup to that
timestepandthenimplementtheir partof thejoint actionthathashighestexpectedreward
giventheresultingdistribution over joint beliefs. Thevalueof takinganactiongivenaspe-
ci ¢ joint history (andthereforgoint belief) is de ned to beits valuein afully cooperatre
POMDPsolutionto the problemthathasbeensolvedoff-line. Thatis, this heuristicactsas
if in the next timestepthe robotswill have full communicationThis algorithmguarantees
thattheteamwill remaincoordinatedn the sensdhatthejoint actionsselectedwill never
be oneof thosethataredominatedn thefully coordinatedsersionof the problem(e.g.,in
the Lady and the Tiger problem,a joint actionthat hasthe robotsdoing differentactions
will never beselected)

Like BaGA, in Q-POMDPagentsnustmaintainthe sameprobability distribution over all
possiblejoint histories. Unlike BaGA, the reasonfor this choiceis to guaranteghatthe
agentsall selectthe samejoint action. Becauseagentsonly pick onejoint actionat each
timestep,they cannotintegratetheir true obsenation historiesinto the decision-making
processunlesscommunicationcanoccur Without communicationthe agentsmake de-
cisions conditionedonly on the problemdynamicsbecauseQ-POMDP doesnot create
conditionalplans. This Q-POMDP heuristicis thereforeactually intendedto be usedin
conjunctionwith analgorithmfor run-timecommunicatiordecisiongseethediscussiorof
DEC-COMM in Section7.4) andis notdesignedor usein problemsn which nocommu-
nicationis availableto theteam.
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The coop-POMDPutility function usedfor the Lady and the Tiger problemof Section
3.4.1.2hassomesimilaritiesto the Q-POMDPheuristicin thatbothuseafully cooperatre
versionof theproblemto nd aPOMDPsolutionin whichall agentscanshareall obsera-
tions. In Q-POMDR agentswill thenselectthebestjoint actiongiventhatthe problemwill
have full communicatioronthenext timestep.If coop-POMDHSs usedasautility function
for BaGA, theagentscomeup with a setof conditionalplansthatspecifythe bestindivid-
ual actionfor eachagentto take for eachof its possiblehistoriesassuminghatthe agents
have full communicatioron the next timestep.The bestindividual actionto take for a his-
tory is theonewith maximumexpectedrewardgiventhedistribution over all possiblgoint
histories(andthereforgoint beliefs)thatis inducedby thathistory. Unlike Q-POMDR this
approactlallowstherobotsto conditiontheir actionselectionon obsenedinformationeven
if communications notavailableto theteam.

Q-POMDPguaranteeshat agentswill alwaysremaincoordinatedn the sensethat they
will alwayschoosehe samegoint actionto implementandthatthatjoint actionwill notbe
onethatis dominatedn aversionof the problemwith full communicationThede nition
of coordinationin a POSG(andthereforea BaGA), however, is different: being coordi-
natedmeanghatagentswill implementpoliciesthatarefrom thesamesetof best-response
policies. This differencein the notion of whatit meango be coordinateccomesfrom the
useof thejoint-actionspaceversugheindividual-actionspaceof theagentn policy de ni-
tion. Communicatioralsoplaysarole: if the problemhasfull communicatiorthena fully
coordinatedpolicy in a POSGis equvalentto that of the Q-POMDPde nition. If there
is no communicationthenajoint actionthatis dominatedn the full communicatiorcase
may no longerbe dominatedin expectationand so implementingpoliciesthat have this
joint actionasan outcomecouldleadto higherexpectedrewardthanrestrictingoneselfto
non-dominategbint actions.

Chadestal. (2002)look atasimilartype of problemto the GatesTag problemsof Chapter
6. they modela teamof robotsthataretrying to nd an evadermoving with a random
policy asa POSGwith commonpayofs. Becauseof the computationaintractability of
this model,theauthorsusea heuristicapproachn which they assumehatthe problemcan
be solved with reactve policiesin which robotsonly conditiontheir actionon their most
recentobsenation. Furthermoretheglobalrewardfunctionis assumedo bebrokenupinto
asumof local rewardfunctionsfor eachrobot (statetransitions however, arenot factored
asin the DEC-POMDPmModel).Usingthesetwo assumptionspnecancorverttheoriginal
reward functioninto local reward functionsthat mapfrom obsenrationsto rewards* The

4Becausehe SimpleGatesTag andRealisticGatesTag problemsonly requireonerobotto tagthe oppo-
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POSGis thencorvertedinto severalMDPsthataresolvedconcurrentlyby eachrobot. This

corversionis doneby treatingeachrobotin the problemasbeingmodelledby a subjectve

MDP in which the statespaceis its setof obsenationsin the POSGand the transition
function over thesestatesn the averageprobability transitionbetweernobsenrations. This

last approximationis quite signi cant becausewhile the probability transitionsbetween
obsenationsis not stationaryit is beingtreatedassuch.

If communications availableto the robotteam,theneachrobotinitializes itself to have
arandompolicy. Onerandomlyselectedrobotwill askits teammategor their policies,
integratethatinformationinto its subjectve MDP (i.e., into the statetransitions)andthen
nd its optimalpolicy. Thisproceduras thenperformedor thenext randomlypickedrobot
until the systemsettles. The integration of the policies of otheragentsinto a subjectve
MDP modelis nottrivial but canbedone.

If nocommunications availableto theteam,Chadetal. (2002)make thefurtherassump-
tion that, becausall robotshave the samemodelof the world andthe samelocal goals,
everyrobotwill have the samemappingfrom obsenrationsto actions.This policy is found
in parallelby eachmemberof the teamusingthe following algorithm: 1) initialize with
anidenticalarbitrarya priori policy for eachrobot 2) hold all but the last robot's policy
x edto 7! and nd anew policy 7** for thelastrobot3) resetall the otherrobot's policy
to 7'*1 and nd the new bestpolicy for the lastagent. At somepoint, the algorithmwill
terminateata x edpoint(if thestateandactionspacesre nite) andtherobotimplements
theresultingpolicy. Providedthateachrobotinitializesthe algorithmwith the sameinitial
policy, all memberof theteamwill nd thesamepolicy withoutcommunication.

The two approacheso solving POSGstaken by Chadeset al. have someanalogiesto
the alternating-maximizatioalgorithm: the policy of all but onerobotis held x edwhile
thatrobot's policy is optimized. However, unlike alternatingmaximization this algorithm
eitherrequirescommunicatioror the assumptiorthatall agentswill endup with identical
policies. While in someproblemsthis might betrue,in generalit is not. For example,in
SimpleGatesTag the global reward function canbe modelledasthe sumof local reward
functions; however, the robotsdid not end up with identical policies. Indeed,as shavn
by the MLS heuristicin which robotsessentiallyfollow the samepolicy giventhe same
obsenations,sucha policy could do arbitrarily badly FurthermoreChadeset al. keep
nent,the reward function usedfor thoseproblemsalsohasthis property:it is alwaysthe sumof therewards
to eachagent. TeamGatesTag, however, doesnot have this propertybecausdothrobotsarerequiredto tag

the opponent.While certainpartsof the reward function are equivalentto the sumsof local rewards,those
partsof thereward functionthatdealwith tag actionscannotbe split in this way.



216 Chapter 7. Related Work

policy searchmanageablby usingonly memorylespolicies(giving it sometiesto Peshkin
etal. (2000)),whichresultsin furtherapproximationgo the globally optimalsolution.

As mentionedbrie y in Section7.1.6,Noh & Gmytrasiavicz (2005)approximatethe full
belief hierarcly requiredby a recursve modellingmethodlike I-POMDP by trading off
betweenavailable computationtime andthe depthof the modelusinga learnedfunction
relatingthetwo. Thisapproximatiortechniquevasappliedonly to problemswith common
payofs ratherthanthe more generalarbitrary-paydf case. They alsoconsideredanother
type of approximationin which, off-line, ruleswerelearnedfor reducingthe actionsetby
solving randomlygeneratednstancesf the problemwith a x ed belief-hierarcly depth.
At runtime thoseruleswerethenappliedto reducethe actionsetto only thoseactionsthat
areknown notto besub-optimal While thesamehierarcly depthwasstill usedfor solving
theproblemon-line,thereducedactionsetledto fastercomputatiorof solutions.Thiswork
appliesmachineéearningto learnfunctions,or rules,ratherthanthe hand-codedheuristics
usedfor makingcoordinationpracticalin RMMs by Durfee(1999). For example,in Dur-
fee'swork, agentuseheuristicestimategbasedn previous experienceaboutthe impact
of expandingdifferentpartsof the nestedmodelto determinewvhetheror not expansionis
necessaryor the currentsituation. Noh & Gmytrasisvicz (2005)insteadearna function
relatingmodeldepthto solutionquality andthen,at run time, tradeoff betweenavailable
time andsolutionquality. Durfee(1999)alsoconsideregbrohibitingactionsatruntime us-
ing organizationalkonstraintsmposedon the systemaswell asthe useof communication
to aid in decidingwhich partsof the modelsto expandor to reduceuncertainty

7.3.2 Factored DEC-MDPs

Multi-agentOLPOMDPstake a policy searchapproacho factoredDEC-MDPsin which
distributedagentdearncooperatre behaiour without explicit communicatior{Taoetal.,

2001). The systemis modeledasa factoredVIDP in which agentssharea rewardfunction
but make actionchoicesbasedonly on alocal parameterizedtochastigolicy. In orderto

climb the gradientof the global averagereward, agentsdo not needaccesgo the network
topologybut only their own local informationandthe reward signal. The authorsinclude
reward shapingin the reinforcemensignalin orderto penalizebehaiour thatwould not
appeaiin the optimal solution. This approachhowever, is notvalid in problemsin which
therewardsignalis notavailableto agentqe.g.,theLadyandtheTiger) andto a certainex-

tentrequireshesystendesigneto know whatactionsareundesirableén orderto introduce
reward shapingappropriately
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7.3.3 Non Common-Payoff Problems

In this section,approximationalgorithmsfor POSGswithout commonpayofs are dis-
cussed.Thesealgorithmsare of interestasthey allow agentsto nd policiesin the pres-
enceof an opponentwho is actively working againstthem; however, becausehis is the
mostgeneralformulationof a POSG,algorithmscannottake computationabdwantageof
assumptionsuchasdeterministicpoliciesor of short-cutan nding equilibriathatarea
directconsequencef acommonreward function. As aresult,they tendto berestrictedto
eithertwo agentor two teamsgachmodeledasa singleagent.

Pokeris awell knovn gamethatcanbemodelledasazero-sunPOSG As aresult,someof
the approximatiortechniqguegor POSGswith commonpayofs, suchasusingalternating
maximizationto nd alocally optimalsolutionratherthana moreinvolvedlinearprogram
or linear complementarityprogram,do not apply. Instead,researchersurn to ways of
reducingthe overall size of the problemin orderto help make it tractable. As discussed
in Chapter3, at eachtimestep,BaGA performsfull game-theoretigeasoningaboutthe
currentactionchoicesof therobotsbut usesa heuristicfunctionto evaluatethefuturevalue
of thoseactions. Shi & Littman (2001) usea similar approachfor nding solutionsfor
a scaled-dwn versionof Texas Hold'Em with multiple roundsof betting. While these
roundsare not independentthe authorstreatthemas quasi-independentfor example,in
the rst roundof betting,playersusean expectedvaluefor future cardsthatwill be dealt
in orderto evaluatetheir betting stratgy. Ratherthan calculatethis value exhaustvely,
randomizedsimulationis performedo estimatethe averageexpectedpayof.

The authorsalso considerthe useof abstractionto keepthe combinatorialexplosion of
possiblehandsundercontrol. Ratherthansolve thefull game,handsof cardsaregrouped
togetherandgameplay is thenconditionedon thesegroupsratherthanon speci ¢ hands.
Handsare given a rank basedupontheir strengthin poker and groupedinto equalsized
bins. Eachbin containshandswith similar rankings. The gameis thensolved usingbins:
ratherthan being assignechands,playersare assigneda bin and computetheir betting
stratgy appropriately Shi & Littman (2001)foundthatusingasfew binsas10% of the
totalnumberof possiblehandsesultsn nearoptimalplay ata hugecomputationasavings.
This binning stratgly canalsobe appliedin the casewherepartial, ratherthanfull, hands
of cardsaredealt. The relationshipbetweerhandsandbinsis analogougo thatbetween
thefull setof historiesandclusteran BaGA-Cluster BaGA-Clusterhowever, is abit more
e xible thanthe binning stratgy becausea maximumnumberof clustersis not given a
priori (exceptfor certainversionsof BaGA-Comm). Incorporatinga maximumnumber
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of clustersinto BaGA is a possibleextensionandcanbe doneby increasinghe allowable
expectedossbetweemmeigedclustersuntil the numberof clusterssatis esthe maximum
numberof clustersallowed?®

Therehasbeenquite a bit of work donein the areaof multi-agentpursuit-e/asiongames,
bothwith respecto robotteamge.g.,Hespanha&tal. (2000))aswell asin theclassiogame-
theoryliterature(Bernhardet al., 1987; Olsder& Papavassilopoulos1988). Frequently
theassumptions madethatthe informationavailableto the agentss asymmetriowith the
evaderbeingall-knowing (an assumptioralso madein the tag domainsexaminedin the
thesis).A commonapproacHor robotteamsis to modelthe problemasa teamof robots
pursuingasingleevader Ratherthantreatit asagamewith n agentsit is considereégame
betweentwo agentsthe evaderandthe pursueywith the robotteammodelledasa larger
meta-agenthat hasfull inter-robot obsenability. Therefore,while this overall problem
classdoeshave partial obsenrability over the global state(e.g.,the pursuerdoesnot know

theevaderstrueposition),therobotpursuerteameffectively sharesa brain,usuallydueto

the assumptiorof free communication.The statetransitionprobabilitiesfor the actionsof

evadersandpursuersareassumedo be independentf the otherplayer; however, clearly
theobsenrationfunctionscannotbe.

Even assumingan omniscientevader it is still a challengingproblemasit is a zero-sum
POSG Approachesave rangedirom nding optimalfeedbackcontrollersfor the pursuer
teamassumingaknown policy for the evader(Prandinietal., 2001),to greedyapproaches
thatcanguarante¢hatanevadercanbefoundin nite timeassuminghattheevaders pol-
icy is known or canbeestimatedi.e., it is nottrying to actively evadecapture)Hespanha
etal., 1999).

Memorylesspoliciesdependenbn probability measuresver both possibleobstaclemaps
and positionsof the evader(called evadermaps)are proposedn Kim et al. (2001)asa
way of nding a computationafeasiblesolutionto the POSGmodel. In a greedypolicy,
thepursuersnove thenext reachablgositionthathasthe highestprobability of containing
an evaderover all possibleevadermapsat the next time instant. In a global-maxpolicy

5This procedurecan be doneautomaticallyby settingthe maximum-allavable expected-losparameter
to be extremelyhigh but settingthe minimum numberof clustersto be equalto the maximumdesired.As
thealgorithmwill iteratively meigethetwo closestlustersuntil theminimumnumberof clusterss reached,
this approachhasthe sameeffect asincreasingthe maximum-allavable expected-losparametewuntil the
numberof clustersis belov somemaximumnumber While the rst approachdoesnot requirethe expected
lossparameteto be modi ed duringrun-time,it doesnot allow BaGA-Clusterto ever nd asetof clusters
thatis smallerin numberthanthe maximumasthe algorithmterminatesat this point. The secondapproach,
dynamically adjustingthe thresholdparametermay come up with a numberof clusterssmallerthanthe
maximum,shouldtheinitial clustersbe closetogether
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the pursuersmove to the next reachablepositionthatis closestto the cell in the entire
ernvironmentwith highestprobability of containingthe evader Thesepolicieshave some
parallelsto the MLS heuristicusedasa comparisorcontrollerin thetagdomainsanalyzed
in thisthesis.

A more principled approachis taken to the sameproblemby Hespanhaet al. (2000)in
which agents nd greedyone-steppolicies that approximatethe true solution. At each
timestephe pursuerandevadercreateandsolve a one-steeneral-sungamein whichthe
pursuersaretrying to maximizethe probability of capturingthe evaderin the next timestep
andtheevaderis trying to minimizethis probability(i.e., theheuristicusedfor theexpected
valueof actionsis theirimmediatesxpectedvalue). While theoverall problemis zero-sum,
this one-stemameis general-sunbecausehe evadersand pursuershave differentsetsof
information: the expectedvalue of a setof policiesfor the pursuersandevaderwould be
evaluateddifferentlyby eachbecause¢he expectations doneusingtheinformationknown
by eachplayer Becauseahe evaders informationsetincludesthatof the pursuersit could
calculatethe expectedpayof, or cost,functionusedby the pursuersn additionto its own
andtherefore nd a Nashequilibrium of the game. The pursuershowever, cannotsolve
this problemasthey canonly estimatehevalueof a policy to theevader

Ratherthantreatthis problemasa Bayesiargame,in which the pursuershave a probabil-
ity distribution over possibletypesof the evader(e.g.,a type could be the evaders value
function or somepart of its state),a solutionis found by treatingthe problemasthe c-
titious zero-sumgamein which the pursuers'estimateof the evaders costis considered
to be correct. It turnsout that (assuminghe evaderknows thatthis procedureas how the
pursuerswill solve the problem),by playingtheir partof the Nashequilibriumstratey in
this zero-sumgame,the pursuersanforce a rationalevaderto play a stratgy in response
thatis equivalentto aNashequilibriumsolutionin theoriginal general-sungame.In order
to avoid the problemof selectingrom a setof possibleNashequilibria,atruntimeit is as-
sumedhattheevaderwill alwayspick anequilibriumin thezero-sungamethatmaximizes
its deterministiadistanceo theteam,andthereforepursuerslsopick thatequilibrium.

Theseapproachesave beenappliedto problemsof impressve size,for example,ateam
of threepursuerssearchingor an evaderover a grid of 400 cells leadingto a statespace
of size40@. Theeffectsof uncertaintyin the evaders position,however, is dealtwith by
estimatingthe costsfor the evader given a belief aboutits positionheld by all members
of the team,andthenplaying a stratgy that would force a rational (omniscient)evader
to play a bestresponsehatturnsout to be a Nashequilibriumin the original game. This
approachwould not work if the evaderdid not have accesgo all informationheld by the



220 Chapter 7. Related Work

pursuersor the pursuerscould not shareinformation. Additionally, the valueof pursuers'
actionsin this gamearetakento betheir expectedmmediatevaluegivenbeliefsaboutthe
evaders position. Attemptsto approximatdong termeffectsof actionsarenot made.

While this problemclassis differentfrom that addressedy BaGA, they are someavhat
complementaryTheseapproache$o pursuit-&asionassumehat somemeansexists with

whichto fully coordinatethe membersof the teamallowing themto be treatedasa meta-
agentduring planning. Instead,onecould imaginea two-stepapproacto theseproblems
in which, periodically the robotteammalkesuseof its communicatiorbandwidthto pick

a high-level stratgyy againstthe evaderasif they werea singleagentandthen,in between
communicatiorintervals, eachrobot usesBaGA andthe reward functioninducedby that
high-level stratgy to pick individual level actionsconditionedon its speci ¢ obsenations.
For example, a high-level stratgy might be to pick an areato searchwhile individual

actionsdealwith actualmotion control: in a pursuitproblemin all of the GatesBuilding,

this high-level stratgy would beto pick the A-wing for explorationandthenBaGA would

be usedto actually coordinatethe searchof A-wing (asin RealisticGatesTag) without

furthercommunicatiorbetweerteammembers.

Khoussaing & Kushmerick(2003) modelthe competitionbetweensearchenginesas a
POSGuwith arbitrarypayofs andthenapplyreinforcementearningto nd asolution.The
ideain this modelis thatthe utility for a searchengineis basedon the numberof queries
it processesandthe resourcesisedto answerthem. While specializingin a topic allows
an engineto procesgjueriesmore effectively (andresultsin higherquality queryresults,
causingusersto preferthatenginefor thattopic); its overall performancealsodepend®n

what topicsits competitorsareindexing. Becausean enginedoesnot have accesgo the
topicsindexed by competitorgalthoughobsenationsof this informationcanbe gainedby

submittingquerieso opponents)thereis uncertaintyin theactionstakenby otherengines,
makingPOSGan appropriatenodel. As this problemis computationalntractablein gen-
eral,the authorsmake the assumptiorof boundedationalityin which decisionmakersdo

not actoptimally in the game-theoretisensedueto incompleteinformationaboutthe en-
vironmentor limited computationatesourcesFor example,modelling otheragentswith

a nite hierarcly of beliefsratherthananin nite hierarcly is a caseof assumingounded
rationality Underboundedrationality agentswould nd a solutionthatis optimal with

respecto the nite hierarcly but notnecessarilpptimalin the game-theoretisense.

In this search-engin@roblem,eachagentusesreinforcementearningto nd a goodbe-
haviour stratgy againstits competitorsLearningis not performedon amodelof thegame
but rathergradientascentis performedon the policy space. The resultingpolicies can
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be non-deterministicand are conditionedon obserations. Againstcompetitorsplaying
x edpolicies,anagentis ableto nd alocally optimalstratgy thattakesadwantageof the
sub-optimalplay of the opponents.In self-playthereis no guaranteghat gradient-based
learningwill corverge,however, in practicerelatively stablesolutionsarefoundwhentwo
instance®f thealgorithmlearnedsimultaneously

With this reinforcement-learningpproachKhoussaine & Kushmerick(2003)dealwith
theintractabilityof a POSGby cornvertingthe problemto thatof learninga policy in anon-
stationaryervironment.If competitorsareplayinga x edstratgy, thensuchanapproach
will convergeto alocally optimal policy; however, if otheragentsn the ervironmentare
alsoadaptingtheir policies,thenconvergenceguaranteeso longerhold. While this work
is an interestingexample of modelling a real-world problemas a POSG,the algorithm
appearsnorerelatedto work on single-agentearningin non-stationargrnvironmentshan
approximating?OSGsolutions.In contrastthe learningalgorithmsin POIPSGgPeshkin
etal.,2000)andmulti-agentOLPOMDPgTaoetal.,2001)dealexplicitly with theproblem
of simultaneougpolicy adaptionandshov how their algorithmsdo corverge in situations
in which theirassumptionaboutthe gamemodelholdtrue.

7.3.4 Finding Approximate Solutionsto One-StepGames

In BaGA, a Bayesian-Naslequilibrium for eachtimestepis found using an alternating-
maximizationalgorithm that makes use of dynamicprogramming. Singh et al. (2004)
presentinalgorithmfor nding approximatdBayesian-Naskquilibriain (one-steppames
of incompleteinformationthat have sparsegraphicalmodelsrepresentinghe interaction
betweenagents.In this thesis,the focushasbeenon tightly-coupledproblems;however,
for moreloosely-couplediomainswith discretetypesetsthe Approximate-TeeBNEalgo-
rithm would beableto provide guaranteesnthetime compleity for nding ane-Bayesian
Nashequilibrium® Thatis, not only canthe algorithmtradeoff betweencomputational
costsandthe "goodnessbf the equilibriumfound, the authorscanmalke statementsibout
the quality of the equilibria found, which cannotbe madefor BaGA. Therepresentation,
however, scalesexponentiallywith the maximumnumberof agentsnvolvedin ary inter-
action. This propertywould make it only appropriatdor POSGghatmodelproblemswith
periodsof looseinteraction(e.g.,a problemwith robotsthatonly needto worry abouttight
coordinationwhile physically closeto eachotherandare otherwisemakingindependent

8An e-best-responsstrateyy for an agentis onein which it cando no betterthan ¢ by switching its
strat@y. It is usedin standardle nitions of approximatesquilibria.
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actionselections)Additionally, thealgorithmfor nding the e-BayesiarNashequilibrium
hasan exponentialdependencen the numberof types. A strongdependencen the size
of thejoint-type spaces alsopresenin BaGA andis why BaGA-Clustemwasdeveloped.

Similar approachebave beenappliedto general-sunone-staggamesof imperfectinfor-
mationwith sparsanteractiondy Kearnsetal. (2001).In this work, graphicalmodelsare
usedto representherelationshipbetweerthe reward functionsof eachagentandapprox-
imate solutionsare found by only consideringneighbouringagentsin policy generation.
Vickrey & Koller (2002)usehill-climbing andconstrainsatisfictionalgorithmsto nd ap-
proximateequilibriain thesegraphicalgames.Scalabilityof suchalgorithmsaredictated
by the degreeof interactionbetweenagentsandthe presencef a communicatiorchannel
thatwould allow agentswith dependenactionsto interact.

7.4 Run-Time Communication Policies

Therearemary differenttypesof run-timecommunicatiorpoliciesthathave beenimple-
mentedfor POSGsandits sub-classeslIn this thesis,BaGA generategoliciesthat are
conditionedon setsof clusterechistoriesandsothe questionof whatto communicatevas
answeredy usingthe identifying numbersof clusters. Differencesn expectedvalue or
policy were someof the waysin which the questionof whento communicatewas ad-
dressed.Many of the approachesliscussedn this sectionusesimilar waysin which to
answerthe questionof whento communicate.All of the algorithmsare motivatedby an
understandinghat, in the real world, communicationncursa costor canreveal thatin-
formationto an opponent. Table 7.1 summarizeghe algorithmsfor generatingrun-time
communicatiorpoliciesthatarediscussedh this section.

7.4.1 POSGswith Common Payoffs

The COM-MTDP framework (Pynadath& Tambe,2002) hasbeenusedasa way to ana-
lyze the heuristiccommunicatiorpoliciesgivenby theoriesof teamwork suchasGRATE*
(Jennings1995)and STEAM (Tambe,1997). The resultingcommunicatiorpoliciesare
appliedto a problemin which agentsaretrying to achiere a setof goals. The authorsthen
analyzethesepolicies,in additionto alocally optimalcommunicatiorpolicy, to determine
underwhatconditionsthey resultin optimalbehaiour.
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Table 7.1: Summaryof algorithmsfor generatingrun-time communicationpolicies in
POSGs. Forcedsync meansthat if one robot initiates communication,all robots must
shareinformation. While the modelsusedfor communicationn COM-MTDP andthe
work by Goldmané& Zilberstein(2003)do not requireforced synchronizationlandtheo-
retically allow for optimalpolicies),they discussapproximatioralgorithmsthatdo require
synchronization.

Approach Model/Sub-Class Forced Comm Comm'd Comm
Sync Type Information | Decision
BaGA- POSGswv/ CommonPayoffs | no and-comm| # of cluster Myopic
Comm towhichtrue | expectedvalue
history change,
belongs myopic policy-
difference,
# clusterstoo
high
COM-MTDP | POSGswn/ CommonPayoffs | noin and-comm| in general, myopic
(Pynadath& general, ary message | expectedvalue
Tambe, yesas in ¥X;, asim- | change
2002) imple- plemented,
mented goal
achiezement
Dec-Comm | POSGsn/ CommonPayoffs | no and-comm| historysince | myopicpolicy-
(Rothetal., lastcomm differencefor
2005) ary agent
_ POSGsnv/ CommonPayofs | yes or-comm | historysince | locally optimal
Nair etal. lastsync policy i.e.,
(2004) commselected
if bestaction
usingDP-JESP
factoredDEC-MDP yes and-comm| local state myopic
Xuanetal. (syncon expectedvalue
(2001) globalstate) | change,
evaluatedwith
heuristic
factoredDEC-MDP yes and-comm| local state own action
Xuan& (syncon selectionis
Lesser globalstate) | ambiguous
(2002)
factoredDEC-POMDP noin and-comm| in general, myopic
Goldman& general, ary message | expectedvalue
Zilberstein yesas in;, asim- | change
(2003) imple- plemented, | assumingio
mented local state morecomm
possible




224 Chapter 7. RelatedWork

In the domainexaminedby the authors,agentshave only one possiblecommunication
messagewhich indicatesthat a certainjoint goal hasbeenachieved (i.e., the questionof
what to communicatehas beenansweredas goal achiazement). In GRATE*, an agent
communicatesvheneer it believesa joint goalto have beenachiared, while in STEAM
anagentcommunicated anestimateccostof miscoordinatioris greaterthanthe costof
communication.Pynadath& Tambepresenta locally optimal communicatiorpolicy that
outperformghoseof GRATE* or STEAM. Like STEAM, agentonly communicatef the
costsof executionafterachieving a goaloutweighghe costof communicatinghefactthat
the goal hasbeenachiered; however, the true expectedcost of miscoordinations used
ratherthananestimatecdost.

Thislocally optimalpolicy is similarto therun-timeEVD communicatiordecisionusedin

BaGA-Comm. However, while agentsn COM-MTDP reasonabouttheir full actionand
obsenation histories,they canonly communicateone part of that history: goal achieve-
ment. If this pieceof informationis not sufcient for decisionmaking, thenthis choice
of messagéor COM-MTDP is not asinformative asthe messagessedin BaGA-Comm.
Furthermoreagentsonly make a decisionaboutcommunicationf they identify thatagoal
hasbeenachieved. In BaGA-Commagentsare free to communicateat ary pointin the
task. It shouldbe noted,however, thatthis restrictionis speci ¢ to thedomainandnotto

COM-MTDPsin general.

The Dec-Commalgorithm (Roth et al., 2005) makes run-time and-communicatiomleci-
sionsin a similar way to BaGA-Commwith the PD decision. Dec-Commusesthe Q-
POMDPheuristicasaway to evaluatethe effectsof communicationEachrobotcalculates
the Q-POMDPactiongiventhe currentdistribution over joint historiesandthencalculates
whatthe Q-POMDPactionwould be giventhe distribution over joint historiesinducedby
factoringin its true history If thoseactionsaredifferentjoint actions,thenit broadcasts
its history to its teammategi.e., all obsenationsmadesinceit lastcommunicated).The
teammatemtegratethatinformationinto their distribution over joint historiesandeachone
calculatesanew Q-POMDPaction. They alsorecalculatehe Q-POMDPactionthatwould
now occurif they broadcastheir history If it is different,thenthey do so. This recursve
algorithmis boundedby the numberof robotsas,in the worst case,onerobotdecidesto
communicateyhich causeghe next robotto decideto communicateandso on. Because
Dec-Comncanresultin multiple instance®f communicatiorateachtimesteprobotswait
a x edperiodof time beforeactingin orderto make surethatno morecommunicatioracts
will bereceved.

As stated,the Dec-Commapproachhassimilaritiesto the PD versionof BaGA-Comm.
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In PD, if ary robot's partof o%! is differentfrom that of ¢, thenrobot: will communi-
cate,whichis somavhatequialentto communicatingf ajoint actionis different. As with
BaGA-Comm,if the only way in which a changein joint actionwould occuris through
a joint communicatioract, thenthis eventwould not be discoreredbecausehe recursve
checkfor communicatiorin Dec-Commcanonly betriggeredif atleastonerobotdiscov-
ersapolicy difference.While BaGA-Commdoesnot implementa recursve communica-
tion check,it couldbe added(i.e., BC® anda BGCY* arealsocalculatedandthe result-
ing policiescomparedepeatedlyuntil no nev communicatioractsaretriggered).Unlike
BaGA-Comm robotsusingDec-Commcannotconditiontheir actionchoiceon individual
obsenationsin betweercommunicatioracts.

Nair et al. (2004) look at the computationalsaszings gained by enforcing periodic syn-
chronizationf obsenationsin betweenstepsof full game-theoreticeasoningaboutthe
beliefs of others. In this or-communicatiordecisionproblem,agentscommunicateat a
minimum of every K steps,but canalsocommunicatanore frequentlyif it would lead
to improvementin performanceThis communicatioralgorithmapproximateshe optimal
communicatiorpolicy, giventhe or-communicatiorconstraintfor thefull POSGby using
DP-JESKNair etal.,2003).Unlike theBaGA-Commapproachthis approactwouldtech-
nically be ableto identify casesn which only joint communicationactionswould yield
animprovementin performance.The authors,howvever, usea synchronizeccommunica-
tion action, syng which meansthatif onerobot decidesto communicateall robotswill
synchronizetheir informationaboutthe world, leadingto a uni ed joint belief. This con-
straintgreatlysimpli es thecalculationof theexpectedvalueof communicatingagndmakes
identifying thesgoint communicatiorcasesa mootpoint.

In or-communicationthe syncactionis consideredpart of the regular action spaceand
sothe only modi cation thatmustbe madeto DP-JESRHs in how to evaluatethe effects
of asyncduringdynamicprogramming.While performingdynamicprogramminga sync
actionresultsin thecostof communicatiorplusthe expectedvalueof thepossibleresulting
synchronizedelief states. If the actionis not syncthentwo things canhappen:with a
certainprobabilityanotheragentperformsa syng over-riding this agents actionchoice(as
it mustalsoperformthe syng or no agentperformsa sync As a result,the value of this
domain-level actionis somecombinationof the expectedcostof makinga syncaction(as
calculatedbefore)andthe expectedimmediatereward plus the expectedfuture reward of
the domain-leel actionunderconsideration.In orderto evaluatethesequantitiesduring
DP-JESPDP-JESRs run for any possiblestartingjoint belief b with ¢ stepsto go. This
approachallows the algorithmto slot in the appropriatevaluefor the expectedvalueof a
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synchronizedelief statewhencalculatingthe valueof takingsyncat futuretimesteps.

DP-JESRcanbeusedin thiswayto nd thelocally optimaljoint policy withoutarny con-
straintsoncommunicatioror with theadditionof aconstrainthatenforcesynchronization
atleastevery K steps.With thisaddition,therecanbeno obsenationhistoriesgreaterthan
length K, which in turn limits the spacerequirement®f the algorithm. This constraints
somavhatsimilarto thejC?j > k decisionusedin BaGA-Commin which arobotcommu-
nicatests clusterto theteamif it hasmorethank clusters.Lik e the K-stepconstraintthis
communicatiordecisionis designedo reducecomputationatequirement®f theproblem;
however, it is not tied to a speci ¢ history length but ratherto how much clusteringcan
occurin aspeci ¢ domain.

Unlike BaGA-Commandmary of the otherapproache$or run-time communicatiorde-
cisionsdiscussedhn this section,the communicatiordecisionamadeby Nair etal. arenot
myopically greedy They arestill run-timecommunicatiordecisionshowever, becausa
robotwill only communicatet a timestepif it hasreceved speci ¢c obsenation histories.
Theauthorshowever, only run DP-JESRvith onerandomstartingpolicy andsothequality
of the locally optimal equilibrium policy they nd canbe poor (the authorsacknavledge
thistradeof betweerbettersearchingf the spaceandachiezing goodtiming results).

7.4.2 Factored DEC-MDPs and Factored DEC-POMDPs

Xuanetal. (2001)look at the problemof run-timecommunicatiorpoliciesin a sub-class
of POSGssimilar to thefactoredDEC-MDP modelof Becker etal. (2003). In thesetypes
of problems pecaus@obotshave full obserability of their local state the communication
decisionis tied to decidingwhenglobalinformationnecessaryo make progresgowardthe
goalratherthanhow to resole con icts in beliefabouttheworld or how to augmenbne's
own beliefaboutthe globalstate.Speci cally, they considera grid-world domainin which
two robotsreceve alargerewardfor meetingin ary of thegrid cells. Therobotsknow the
startingpositionof theirteammateandsocanuseafully obserableversionof theproblem
to selectagoalcell thatminimizestime to meeting.Robotactions however, arenoisyand
sorobotsneedo periodicallyadjustthisgoallocation. Withoutcommunicationthey donot
know thepositionof theirteammatendsocannotselectanew goal. Communicatiorhasa
costandis assumedo be of thesynchronizedorm. Thereforejf onerobotcommunicates,
bothrobotsknow thefull globalstateof theworld.

Becauseheoptimalcommunicatiompolicy is intractablethree x edcommunicatiorheuris-
ticswereconsiderednever communicatealwayscommunicater communicatef thecur-
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rentplanis nolongerachievable(i.e.,arobotknowsthatit cannolongerreachthegoalcell
attherighttime). In addition,a hybrid policy wasexaminedin which eachrobotconstantly
calculatesvhetheror notthereis a bettergoal stateand,if so,the expectedgainin reward
from changingo thatnew goal. If theexpectedjainis greateithanthecostof communica-
tion, thentherobotcommunicatesnakingthis approactsimilarto theBaGA-CommEVD
decision. Like BaGA-Comm,a heuristicis alsousedto evaluatethe effectsof communi-
cating: the selectionof what new goal statesto evaluateandwhat their expectedreward
will beareevaluatedwith a heuristicratherthanexactly. As expectedthehybrid approach
hasthe bestperformancef communications not free, otherwisealwayscommunicatas
themostappropriategolicy to use.

In Xuan & Lesser(2002)the authorstake a moreprincipledapproachto nding commu-
nicationpoliciesfor theseproblems.While a versionof the factoredDEC-MDP with full
communicationcanbe solved, yielding a centralizedpolicy for the problem(the CP), at
executiontime the agentsmustcorvert this CP into decentralizegbolicies,or DPs. Com-
municationis essentiain orderto provide a corversionbetweenthe two that allows the
DPsto performsimilarly to the CP. Eachrobot hasa copy of the CP and, at run time, it
calculatesvhetheror not its partof thejoint actionasgiven by the CPis the samefor all
global statesconsistentith its local state. If its partof the joint actionis the same then
it hasno ambiguity on its own action choiceand doesnot needto communicate.If it is
not, thenthereis ambiguity which could be resolved by communication.This myopically
greedycommunicatiorpolicy is somevhatsimilar to the PD conditionfor BaGA-Comm;
however, robotsonly considerpolicy differencesn theirown actionchoiceandnotof those
of theirteammatebecausehey useonly their partof the joint actionfor comparisonand
notthe entirejoint action. They do not considermow their local informationmight change
theactionchoiceof theirteammatesdoesthe PD decisionin BaGA-Comm.

While onesolutionfor converting CPsinto DPsis for robotsto communicatevheneer the
local stateresultsin an ambiguitytowardsactionchoice,in the worst casethis approach
will resultin communicatiorateverytimestep Xuan& Lessel(2002)alsodo hill-climbing
on the mappingbetweenambiguousstatesandthe communicatiordecisionto reducethe
amountof communication.A secondway to reducecommunications to generatesxact
communicatiorpoliciesfor amodi ed CPinsteadof thetrue CP. In amodi ed CR robots
effectively meige togethersetsof local historiesfor decisionmaking. This view hassome
similaritiesto BaGA-Cluster

Goldman& Zilberstein(2003)extendthe factoredDec-MDPmodelto cover the sub-case
of POSGsn which agentshave partialobsenability of their state.In their 2-agenfactored
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DEC-POMDP-COMmodel,they examinetheNEXP-completgroblemof nding domain-
level andcommunicatiorpoliciesthattogetheioptimizeaglobalrewardfunction. An agent
mustnotonly considerthe problemof whento communicatebut is alsofreeto selectfrom

ary of themessagem amessagset . Agentsconditionactionchoiceon historiesof both
obsenationsandpreviously receved communicatiormessages.

The authorsdo presenta formulation of how the optimal policy would be found; how-

ever, becausat is computationalntractable they alsoinclude an approximatealgorithm
in which, ateachtimestep agentgyreedilydecideif they shouldsenda messagassuming
thatnoadditionalcommunicatiomwill bepossible:asingle-communicatiopolicy. Thatis,

assuminghatagentscanonly communicat®nce they greedilydecideon whattimestepto

do so. However, becausagentanake this communicatiordecisionon eachtimestepthey

canactuallycommunicatanorethanonce.

The single-communicatiompolicies are found by using the optimal policy for a version
of the problemwithout communicatiorasthe expectedvalue of whatwould happerafter
communicatiortakesplace. The optimal single-communicatiopolicy is to communicate
at the earliesttimestepfor which the expectedcostof communicatingandthenfollowing
the optimal policy for the no-communicatiorcaseis lessthanthat of following the no-
communicationcasefrom the very beginning. This approachs similar to BaGA-Comm
with the EVD decisionbecauséoth approachesiseda locally myopic greedypolicy to
selecttommunicatioractionsbasednthedifferencen expectedvalue. Furthermoreboth
approachesvaluatethe expectedvalueof policiesusingheuristicsthatarebasedon some
(non-true)assumptiongboutfuture communication. While in DEC-POMDP-COMthe
heuristicassumeso morecommunicatiorwill be possible BaGA-Commwasappliedto
problemsin which the heuristicsusedfor utility variedfrom assumindull communication
(RoboticTag) or nocommunicationn thefuture(simple-heuristidor Ladyand TheTiger).

7.5 Other Multi-Robot Frameworks

This sectiondiscussesomeotherimportantmulti-robotframevorksandhow they allow a

robotto take the actionsof teammate#nto accountduringdecisionmaking. While frame-
workssuchasbehaiour-basedr market-basedystemsappeawerydifferentfrom POSGs,
they arefrequentlymodellingsimilar problems(albeit at a differentresolution). Indeed,
their solutionscanbe relatedto approximatesolutionsof POSGsby looking at how they

handletheintegrationof teammate@to decisionmaking.
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7.5.1 Theoriesof Teamwork

Distributed systemshave beena subjectof researcloutsideof the areasof decision-and
game-theoreticontrolasthey provide a naturalway to treatreal-world systems.Usually,
thereis somenaturalstructurethatfacilitatesthe deconstructiomf a probleminto its com-
ponents,suchasa power plantinto variousturbinesand generators.It is, however, not
alwaysintuitive to specifythe full setof interactionsbetweencomponentsespeciallyfor
low-probabilityevents.Theoriesof teamwork, suchassharedplans(Grosz& Kraus,1996)
andjoint intentions(Cohen& Levesque1991),weredesignedo helpresole brittleness
in systemsandtheir designersinability to predictall possibleagentinteractions. Theo-
ries of teamwork addres$iow agentsdecideuponmutualgoalsandimplementedsystems
thenmake useof expert-like rulesfor decidingagentbehaiour oncesub-goaldhave been
selectede.g.,GRATE* (Jennings1995)andSTEAM (Tambe,1997)).

A simplistic view of joint intentionsis thatthey representhe commitmentof a group of
agentsto the achiezementof a goal. Unfortunately if oneagentbelievesthatthe goalis
nolongerachiezable,it will sel shly abandonts progresgowardsthegoalandnotinform
its team.In STEAM, mechanismexist to ensurehatif anagentbelievesthata joint goal
is no longerachievable, it cannotabandorits intentionwithout alsoinforming the other
agentswith which it hasthe joint intention. This type of coordinationrequiresa commu-
nicationchannel;however, Tambe(1997) extendsjoint intentionswith decision-theoretic
communicationn suchaway thatagentonly communicatenformationthathashigh util-
ity with respecto the completionof the plan. For example,a teamof helicoptersmight
notcommunicateo eachothertheachiezementof eachway-pointalongarouteto thegoal
becausewith a high probability, the fact that a helicoptermisseda way-pointcanbe de-
ducedfrom its actions. However, if onehelicopterseesan enemyit would communicate
thatinformationto theteambecausdt is alow-probabilityeventthatresultsin high costs.

To a certainextentthesetheoriesof coordinationwere designedo help cut the recursion
of beliefs aboutwhat a teammatds doing: if a teamhasa joint goal, individual mem-
bersdo not have to worry aboutwhatthey believe thattheirteammate$elieve (andsoon)
aboutprogresgowardsthatgoalbecausehey have ajoint intentionto achieve it. A team-
mate cannotabandorthat goal without rst informing the teamand so agentscan make
assumptionsboutthe behaiour of otherswhile choosingtheir own actions. Theoriesof
teamvork, therefore provide ahigh-level way to take teammategto accountduringaction
selection.
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7.5.2 Behaviour Based

ALLIANCE is a framework for fault-tolerantcooperatre control of heterogeneousbot
teamsperformingloosely-coupledsub-taskgParker, 1998). It is a behaiour-basedar-

chitecturethat usesthe idea of motivationsin action selectionto facilitate cooperatre
behaiour and allows for the re-allocationof tasksin the caseof robot failure. Robots
areassumedo be ableto detectthe effectsof their own actionsanddetectthe actionsof

otherrobots(throughary availablemeanscommunicatioror obsenation),althoughsome
uncertaintyin this detectionis permitted. While communicatiormay be availableto the
team,it is not guarantee@ndthereforeknowledgeof robotfailure cannotnecessarilybe
transmittedo therestof theteam.

Within behaiour-basedramavorks,theoutputof lower-level behaiours,suchasobstacle
avoidance canbe suppresseby high-level behaiours suchasexploring or mapbuilding.
If therearea numberof competingactionsthat cannotbe implementedn parallel,addi-
tional structureis neededo selectwhich actionto achieve. In ALLIANCE, theseactions
aregroupedinto behaiour setsthat are eitheractive asa groupor hibernating. Eachof
thesebehaiour setscorrespondoughlyto a sub-taskandonebehaiour setis selectedy
usingmotivationalbehaiours (a motivationalbehaiour trackshow mucharobotwantsto
performatask).While only onebehaiour setcanbeactive atatime, therobotalwayshas
a motivation for eachperformingeachone. Robotsare motivatedto continueperforming
a taskif they aremakingforward progresgowardsthe associatedyoal but, if they judge
thatprogresss no longerbeingmade their motivation startsto drop. Their motivation for
performingothertasksalsoincreasesastime goesby. The motivation for performinga
taskincreasegjuickly if no otherrobotis performingit (impatience)and more slowly if
therobotbelievessomeotherrobotis working towardsthe associatedoal (acquiescence).
This combinationof impatienceand acquiescencenodelsallows a robotto startdoing a
sub-taskf it feelstheoriginalrobothasfailed, but alsodrivesrobotsto startdoingdifferent
tasks.

This impatienceandacquiescencwithin the motivation behaiours provide a roughway
for robotsto modeltheir teammatesluring action selection. It is not an explicit model
andit relieson obsenationsof teammate$o determinevhatprogresss beingmaderather
thananexplicit calculationof whatactionsor behaiour-setsateammatevill select.While
coordinationcould be thoughtof asanemegentpropertyof this frameavork, arobotdoes
take teammatesto accounduringits decision-makingprocessy allowing theiractionsto
in uence its own motivations. This propertymakesALLIANCE aninterestingframevork



7.5.0ther Multi-Robot Frameworks 231

becausét hasattemptedo capturethroughheuristics someof theintuition behinddecen-
tralizeddecisionmakingthatis formalizedin POSGs While the optimality of theresulting
policiescannotbe evaluated ALLIANCE performswell in practicewith the quality of so-
lutionsbeingpositively affectedby how awarerobotsareof theactionsof theirteammates.
Theseexperimentalresultsvalidate the use of more complex modelsthat take into ac-
counttheinterdependencef actionselectionthrougheitherexplicit modelsof teammates
(RMM) orimplicit models(POSGs)the moreagentoordinateheir actionselectionthe
higherthe quality of theresultingpolicies.

Move Value Estimationfor Robot Teams(MVERT) is a behaiour-basedframevork in
which teammatemodellingbecomesnore explicit becausat is designedo be appliedto
tightly-coupledtasks(Stroupe 2003). In the problemsaddressetty MVERT, robotsneed
to coordinateon the selectionof movementactionsbut tradeoff optimality for computa-
tional ef ciency. Actionsin MVERT arede ned asselectinga poseto moveto in the next
timestep. Mathematicalvalue functionsthat map a state(poseof all robotsin the team
andlocationof ary objectsin the ervironment)and potentialactionsto numericalvalues
representingrogressowardsadifferenttasksarede ned. Therearenorestrictionsplaced
onthesefunctions,or thetasksthey representsolong asthey area computablenathemat-
ical function. Usingthe currentworld state which canincludeuncertaintyandmodelsof
teammatestapabilities arobotapproximatesvhatits teammatestontributionswill beto
thevaluefunctionson the next timestep.Giventheseestimatedtontritutions,arobotthen
selectsan actionfor itself that maximizesthe valuefunctions. It is assumedhata robot
canobtaininformation aboutthe poseof teammateshroughcommunicationor through
obsenationandinference.Thereforewhile therecanbeuncertaintyover thecurrentworld
state robotsareassumedo have accesdo the sameinformation.

While MVERT is abehaiour-basedapproachthe problemclassit dealswith is somevhat
analogougo POSGswith commonpayofs. It is not quitethis full problemclass,asthere
is thefurtherassumptiorthatrobotshold the samebeliefsaboutworld state eitherthrough
the communicationof their own local state(and ary associatedincertainty)or through
obsenationsof eachother While oneway to satisfythis assumptions throughthe useof
communicationMVERT doesnotalsousecommunicatiorto helpresole actionchoiceor
improve the estimate®f actionstaken by others’

MVERT alsohassomeanalogieso approximationmethodsfor POSGsthat include ex-
plicit teammatenodelling.Robotsmyopicallyselecttheir next bestactionwhile reasoning

’Seethediscussiorof passie coordinatiorin Hoplites(Kalraetal., 2005)in Section7.5.3for anexample
of how communicatiorcanbe usedto improve the estimateof the actionchoiceof others.
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aboutthe actionselectionof their teammatesHowever, unlike otherapproacheso team-

matemodelling,robotsin MVERT useonly a rst-order model: teammatesre modeled
as selectingactionsbasedonly on their beliefs aboutthe world. While this type of de-

centralizedproblemsolving doesrequirethe useof a truncatedbelief hierarcly (because
teammatesre explicitly modeled),work doneby Noh & Gmytrasievicz (2005) on the

tradeof betweersolutionquality andmodel-deptlsuggestshata rst-order modelis only

very approximate.

Behaviour-basednethodsareattractve for controllingrobotteamsbecausef their speed.
However, it is importantto understandvhat partsof the methodareapproximatebecause
of the useof behaiours andwhat partsare approximatebecauseof how they dealwith
decentralizedlecisionmaking.By relatingMVERT to solutionalgorithmsfor POSGghat
alsouse nite-order teammatenodels,nsightis gainedinto whattypesof approximations
arebeingmadein the decentralizedlecisionmaking. The problemsexaminedby Stroupe
(2003), however, are much larger than thoseexaminedin the POSGliteratureand are,
therefore atestamento the computationatractability of MVERT.

7.5.3 Mark et Based

While market-basedpr auction,approachesire usually associatedvith loosely-coupled
robot systemge.g., taskallocationratherthan step-by-stegoordination) therehasbeen
work doneon applyingthemto tightly-coupledproblems. Unlike the work with POSG-
relatedmodelsandtheir approximationsmarket-basedpproachesequirea communica-
tion systemto be availablefor the auctionprocessdtself. A centralizedauctioneeliis not

alwaysrequired(Dias & Stentz,2003;Gerkey & Mataric, 2001);however, robotsmustbe

ableto communicaten orderto negotiatetaskallocation. In the TraderBotssystem(Dias

& Stentz,2003),robotsbid on sub-task$o execute andreceve rewardsfor successfulask
executionand penaltiesfor consumedesources.As with non-cooperatie gametheory

the robotsare self-interestedn maximizingtheir expectedpayofs; however, the price of

resourcesandtaskscanbe hand-craftedo help ensurerobotsallocatesub-tasksn a way

thatalsohelpsmaximizethepro t of theteamasawhole. An individual robotcanalsotry

to createa betterjoint planfor theentireteam(ideally anoptimalplan),or subsebf robots,
andthensell thatplanon the market. This approachhowever, is fundamentallymeantfor

loosely-coupledsystems.The Hoplitesframework is designedo extendframavorkslike

TraderBotgo tightly-coupledtasks(Kalraetal., 2005).

In tightly-coupledtasksnot only do the robotsneedto have plansthat condition action
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selectionontheactionsof others(tight coordination) but they alsorequirea solutionto the
credit-assignmemgroblemof how the rewardsandpenaltiesassociateavith a taskshould
be distributed amongstthe robots performingthe task together In Hoplites, two types
of coordination,passve andactive, areaddedto the usualmarket framework. In passie

coordinationatherthanselectthe mostpro table tasks,robotsselectthe mostpro table

plans(i.e., policies). The valueof possibleplansareestimatedisingthe actionsof others
andtheervironment,andthemostpro table plantransmittedo therestof theteam.Using
thisinformation,eachrobotcanreviseits estimategro ts (e.g.,usethenewestsetof plans
to evaluatethe actionsof others)andsendoutits new bestplan. This type of coordination
iteratively incorporateghe mostrecentinformationin teammatesplansandassuchhas
similaritiesto the alternating-maximizatioalgorithm. Becauset is donein a distributed
fashionhowever, a x edpoint may not be found asmultiple robotscanchangetheir plan
at once. For example,if the bestplan hastwo robotsperformingthe sameactionbut the
currently proposedlanshasone robot performingA andthe other B, incorporatingthis

informationcouldleadto anew setof proposeglansin whichthe rst robotnow performs
B while the secondA. This type of coordinationis thereforeonly usefulin casesvhere
it is easyto accurately guess'the actionsof otherscorrectlyduringthe rst setof plan
evaluationsor elsewhenthe actionsof othershave relatively little impacton the robot's

performance.

In ervironmentswheretight coordinationis required,active coordinationleadsto better
performancelf arobot's bestindividual planis notvery pro table, it developsateamplan
thatspeci esactionsfor eachmemberof theteamthatwould maximizeits own pro t. The
robotthenrecevesprice quotesfrom teammateshatre ect thepro t they would require
beforethey would abandortheir own plansto adoptthis teamplan. If the sumof these
paymentss lessthanthe expectedpro t to the planningrobot, it bids for its teammates
participation. The searchfor this teamplan involvesa searchover joint-actionspacebut
Kalra et al. (2005) do not specify a speci ¢ algorithmfor Hoplitesto use. Rathery they
suggestheuseof analgorithmthatsacri cesoptimality for speed.

The Hoplitesapproacttanbethoughtof assimilar to modelingthe problemasa factored
MDP when actionsare loosely coupledbut then moving to a more accurateframenork
suchas POSGswith commonpayofs whentight coordinationis known to be required
(i.e., tradeoff representationgbower with computationakpeedif it is known to be less
important).Market-basedechniguesrethenusedto approximatehe solutionratherthan
one of the algorithmsof Section7.3. This relationshipbetweenHoplites and different
POSGsub-classeallows oneto identify whattypesof approximation@rebeingmadeby
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Hoplitesand underwhat circumstanceshe planswould be (near)optimal. For example,
in problemsthat are essentiallyfactoredDEC-MDPs,passve coordinationcould leadto
locally optimal joint plans; however, if the actionsare moretightly coordinatedjt could
failto nd a x edpoint. Thisinsightinto therelationshipbetweertheframevorkscanalso
helpidentify whatalgorithmscouldbe usefulfor nding teamplans.

/7.6 Summary

This chapterhascovereda wide variety of framavorks for decentralizedanulti-robotcon-
trol andtheir relationshipto both POSGsand BaGA. The majority of theseframewnorks
have beendecisionor game theoreticand, while originally formulatedwith respectto
theirrelationshipto MDPsandPOMDPs they canall beviewedassub-classesf POSGs.
DEC-POMDPgBernsteiret al., 2002)and COM-MTDPs(Pynadath& Tambe,2002)are
particularlyrelevantbecauseheseframenorks are equivalentto the classof POSGswith
commonpayofs.

For POSG-basedlgorithms,BaGA representsa good compromisebetweenthe size of
problemthat canbe solved andsolutionaccurag. BaGA canbe usedto solve muchbig-
ger problemsthan game-theoreti@algorithmswith similar or betteraccurag suchas Q-
POMDP (Roth et al., 2005), alternatingmaximization,DP-JESP(Nair et al., 2003) and
exactdynamicprogramming(Hansenret al., 2004). Furthermorethe real-timerobot con-
trollers generatecdby BaGA in Chapter6 are for problemdomainsequivalentin sizeto
thoseaddressetlty Chadesetal. (2002)andNoh & Gmytrasivicz (2005),but with fewer
restrictionsor approximationsequiredto generatgolicies.

In additionto thesePOSG-relatednodelsof multi-robot control, theoriesof teamwvork,
behaiour-basedapproachesind market-basedapproachesvere also discussedand ana-
lyzed with respecto how robotstake their teammatesnto accountduring decisionmak-
ing. In generaltheseothermulti-robot framewnorks areableto handlemuchlarger prob-
lemsthanthoselooked at in the POSGliterature. However, thereare similaritiesin how
teammatesre treatedin frameworks like MVERT (Stroupe,2003) and Hoplites (Kalra
et al., 2005),andin how they aretreatedin POSG-basedlgorithms. This relationship
betweerthe differentmulti-robot framewvorks could be usedto gain insightinto applying
game-theoreticontrolto largerandmorerealisticproblems.
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Conclusions

This dissertatiormotivatesthe useof POSGsfor modellingrobotteamsand,in orderto
dealwith the computationalntractability of suchmodels,presentsa setof algorithmsfor
nding approximatesolutions.Theresultingpoliciesallow robotsto coordinateheiraction
selectionfor tightly-coupledtasksin partially obserable Markovian environmentsunder

limited communication.

8.1 Modelling Robot ProblemsasPOSGs

In tightly-coupledrobot problemsrobotpoliciesneedto take into accountwhatall robots
aredoingbecauséehe reward functionandstatetransitionsaredependenbn joint actions.
If a communicationinfrastructureexists, then centralizedapproachesuchas MDPs or

POMDPscould be usedto modeltheseproblems.If aproblemis fully obserableby each
robot, or eachrobot hasidenticalobsenations,thena centralizedversionof the problem
can be solved off-line and executedin a decentralizedashionwithout communication.
However, if robotsdo not receve identical obsenationsand cannotsharethemthrough
communicationthereis noeasywayto reduceheseproblemdo aknown classof problems
suchasPOMDPsor MDPs.

It is obviousthat,evenwith limited communicationrobotsstill needto reasoraboutwhat
actionswill betakenby theirteammatesvhenselectingactions becauseheir payofs will

dependon them. However, in orderto properly capturethe fact thatteammatesre also
taking the robot's action selectioninto accountwhen selectingactions,anin nite belief
hierarcly becomesiecessaryo capturevhateachrobotbelievesaboutthe otherrobotsand
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viceversa.POSGsaisegametheoryto implicitly representhisbeliefhierarcly aboutaction
selection:the solutionto a POSGis a setof policiesfor eachrobot that simultaneously
optimizesactionselectionfor eachrobotwith respecto all otherrobots. Unlike models
that explicitly include modelsof otherrobotsin the statespaceof the problem,POSGs
do notrequireapproximatesolutionsthattruncatethe belief hierarcly at some nite level.
They are,however, computationallyntractableasshavn by theNEXP-completenes®sult
for nite-horizon POSGswith commonpayofs (Bernsteiretal., 2002).

FromatheoreticaktandpointPOSGgrovide apowerful framewvork for modellingtightly-

coordinatedrobot-teamproblemsin partially obsenable Markovian ernvironmentst  Of

coursetheir practicalapplicabilityto suchproblemss limited asrealrobotproblemshave

continuousstateand actionspacesandlengthy time horizons. Evenif the assumptiorof

discretestateandactionspacess allowed, asin Chapter6, thesemorerealisticproblems
arestill relatvely small.

POSGsgdo provide a way to evaluatethe performancenf computationallyef cient multi-
robot heuristicapproachesuchasthoselike MVERT or Hoplites. Generally suchalgo-
rithms suffer from the problemthat only experimentalresultsare usedto validateperfor
mancebecausean optimal solutionis unknavn or (correctly) consideredoo dif cult to
compute . However, for smallerproblems POSGscanbe usedto calculate off-line, anup-
perboundon performancdor theseproblems.Evenfor largerdomains by understanding
whatsub-clas®f POSGthealgorithmis modellingandary structurehatcanbeexploited,
it may be possibleto evaluatethe algorithm's solution quality and computationakrade-
offs in amoreprincipledway thanwith just experimentalvalidationalone? For example,
by realizingthatin MVERT a rst ordermodelof teammatess usedin actionselection,
understandings gainedinto how this framework relateso moreformal POSGmodels.

It is actuallyanticipatedhatfor mary robotproblems heuristicapproachedo a goodjob
of achieving high performanceguality andthatin the future this claim will be validated

1POSGsrenotlimited to modellingonly tightly-coupledcoordinatiorproblemshowever, theassociated
computationabverheads not necessarilyappropriatefor loosely-couplegroblems.For example,a DEC-
MDP in which the reward functionincludesno joint-robot structure(global reward is the sumof individual
rewards),could be modelledas a setof totally independenMDPs with no lossin solutionquality. If the
only interactioncomesfrom taskallocationthena single-staggamecould be usedto modelthis partof the
problemandindependenMDP or POMDPsusedto handletaskachiezement.

2Gerkey & Mataric (2003)presentucha principledanalysisof approacheso the multi-robottaskallo-
cationproblem. By comparingvariousalgorithmsto sub-classesf the optimal assignmenproblemfrom
OperationsResearcha betterunderstandingf their solution quality and computationakradeofs canbe
madethanthroughdomainspeci ¢ experimentalalidation. Pynadath& Tambe(2002)useCOM-MTDP to
performasimilar functionfor modelsof teamvork: they characterizeeveral of theseframevorkswithin the
largercontext of COM-MTDPsin orderto comparetheir computationatostsandperformance.
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by comparingsuchheuristicswith the outputof a POSGsolwer. It is alsoanticipatedthat
for thosepartsof robotproblemsthatdo requiretight coordination POSG-basedolutions
will give insightinto appropriateneuristics.For example,BaGA-Commgenerated run-
time communicatiordecisionfor the RoboticTag problemthat hada robot communicate
if it wasin the target cell for opponentaggingbut did not seethe opponent.Becausat
is a low-probability event basedon the possiblerobot histories,this obseration inspired
a communicatiorpolicy for the MLS and @ ,,pp heuristicthat had robotscommunicate
whene&er somethingunexpectedhappened.The resultingpolicy improved performance
overa x edcommunicatiorpolicy for theseheuristics.

8.2 BaGA Algorithm and Extensions

The primary algorithmic contritution of this thesisis BaGA, which dealswith the in-
tractabilityof POSGguy transformingtheminto a seriesof smallerBayesiargames.Each
of thesegamesare thensolvedto nd one-steppolicies that, together approximatethe
globally optimal solutionof the original POSG.The Bayesiangamesarekeptef cient to
solve throughpruningof low-probability historiesandthe useof heuristicsto calculatethe
utility of actions.Thisprocessesultsin policiesfor thePOSGthatarelocally optimalwith
respecto theheuristicused.

While pruningof low-probabilityhistoriess asimplewayto keepthesizeof eachBayesian
gamemanageableglusteringis an effective way to reducethe numberof maintainedhis-

toriesin a principledway. BaGA-Clustey which includesthe addition of clusteringto

the basicBaGA algorithm,resultsin fastercomputationwhich helpsmake the algorithm
moreappropriateasa controllerfor real-world problems While low-probability clustering
is a computationallyfasteroperationminimum-distancelusteringis ableto nd a more
naturalsetof clusterghatbestrepresentshe overall history spaceof eachrobot.

Anothereffective way to reducethe numberof historiesthat mustbe tracked is to permit
communicatiorbetweerrobotson the team. If donein a sensibleway, robotsonly need
to communicatenfrequentlyandthereforewill not exceedbandwidthlimitations. Using
BaGA-Commfor generatingrun-time communicationpolicies allows oneto answerthe
guestionof what to communicatebecausehe BaGA-Clusteralgorithm createsclusters
of historiesthat are groupedtogetheraccordingto their effects of decisionmaking. By
transmittingthe identifying numbersof clustersratherthanspeci c histories,robotsshare
only the relevant portionsof thesehistories. This framewvork alsoallows communication
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decisiongo be madethatreducethe computationaburdensof planning.Theoverall result
is communicatiorpoliciesthatleadto similar performancesfull communicationbut ata
fractionof thenumberof communicatioracts.

This game-theoreti@pproachto controlling robot teamsis not just limited to simulated
problems. While POSGsand BaGA are basedon relatively abstractnotionsof control
and optimality, real-timerobot controllerscanbe generatedor physical robotteams. In
theseproblemsBaGA s appliedto a discretizedversionof the problem(thatstill captures
relevant noisein physical robot problems)andthenlow-level controllersare usedto map
backandforth betweenthe discreteand continuousworlds. By combiningclusteringand
communicatiorwith game-theoretiprinciples,BaGA is ableto meettherequirementgor
real-timerobustcontrol of ateamof robots.

8.2.1 Limitations

BaGA usesthreetypesof approximationn orderto solve POSGswith commonpayofs.

It usesheuristicsto evaluatethe expectedfuture value of actionsandit usesalternating
maximizationto nd alocally optimal policy with respectto the heuristic. Although an

exhaustve searchwould be requiredto guaranteehat the policiesfound with alternating
maximizationareglobally optimal,random-restartareusedio move thesearctoutof local

maxima. Finally pruningand/orclusteringis performedto keepthe numberof histories
maintainedoy BaGA low. Useful performancéoundson the effectsintroducedby these
approximationgannotbe found.

BaGA-Commgeneratesommunicatiompoliciesthatarelocally optimal with respecto a
robotand myopic dueto the one-stedookaheadapproximation.Currentlyrobotsdo not
evaluatethe effect of joint communicatioractionsand,if thatis the only way to improve
expectedrewardor effect policy changesthencommunicatiorwill nothappenTheresult-
ing communicatiorpolicies,however, do shav a large improvementin performanceover
policieswithout communicationput with a fractionof the numberof communicatioracts
requiredby a x edcommunicatiorpolicy.

Finally, while BaGA hasbeenappliedto problemssubstantiallylarger than similar ap-
proachestheseproblemsarestill muchsmallerthantherealisticmulti-robotproblemshat
are sohablewith behaiour-basedor market-basedcapproachesTo date,robot problems
with ne-grained actionandobsenation spaceare handledthroughstate,actionand ob-
senation abstractionwith local controllersthenusedfor ner motor control. Clustering
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andcommunicatiomare alsousedto further minimize computationabverhead.However,
if arealproblemincludesonly somevhatlimited communicatior(e.g.,communications
periodicwith high frequeng or constanbut with lateng), thenBaGA canstill be usedto
improve actionselectionover moresel sh approachesThis moreregularcommunication
would allow BaGAto only reasoraboutrelatvely shortobsenationhistoriesandtherefore
beapplicablesvenin largerproblems.

8.3 Contributions

The BaGA algorithm presentsa computationallytractableway to nd approximatesolu-
tionsto POSGslt is ableto solve commonproblemsan theliterature,suchastheLadyand
theTiger (2 world states9 joint actions 4 joint obsenations),for longerplanninghorizons,
andhasbeenapplied,without communicationto versionsof robotictagwith 97200world

states25joint actionsand81 joint obsenations.While therearesomeexceptionge.g.,the
work on pursuit-exasionproblemgHespanhatal., 1999,2000;Kim etal.,2001;Prandini
etal., 2001)althoughuncertaintyin world stateis handledquite differently, andwork with

poker (Shi & Littman, 2001)), theseproblemsare substantiallybiggerthanthosetackled
by other similar, framavorks.

The BaGA algorithmshave beenapplied,not justin simulation,but on physical robotsin
orderto shav thatreal-timerobot control canbe accomplishedvith whatis a relatively
abstractnotion of optimal control. Furthermore BaGA can handleissuesthat comeup
with real-world problemsby including modelsof partial or total robot malfunctions(as
discussedh Section6.4)within the problemde nition.

In BaGA, the quality of the resultingsolutionis tied to the quality of the heuristicused
for estimatingthe future value of actions. In this thesis,relatively simplistic heuristics
wereused;however, moreaccurateestimatesouldbemade.Improving heuristicsrequires
eitheramoreinvolvedoff-line computatiorn(e.g., nding anapproximatd®OMDPsolution
to the RoboticTag problem),or more on-line work by increasingthe one-stedookahead
to a multi-steplookahead.This framavork givesBaGA a certain e xibility andprovides
anavenuefor futureresearchnto analyzingthetradeof betweercomputatiorandsolution
quality.

Thesetof all possibleobsenationhistoriesfor eachrobotgrowsin sizeexponentiallywith
time. Clearly representingll possiblehistoriesquickly becomesmpossiblefor modern
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computersBaGA-Clustetis ableto provide anautomatedvay of groupingtogethethisto-
riesthathave the same(or similar) rewardpro les andtherefordeadto the samedecisions
in actionchoice.Thisapproactwill retainoutliersin reward-pro le spacegevenif they have
low probability andthereforebetterrepresenthe spaceof possiblehistoriesthanmethods
thataretied to probabilityalone.

POSGsareamodelof coordinationthatdeseresconsiderationnotjustin abstracgame-
theorydomains,but alsoin real-world robot problems. While the agumentcanbe made
thattheir computationalntractability rendergheminappropriatdor robot control, POSG
approximationssuchas BaGA shav how to reducecomputationalkcostsin a principled
way. Furthermoresuccessn applyingtheseabstracimodelsto concreteexamplesshowvs
thatthis notion of optimal control for decentralize@obotteamsis not infeasibleandthat
oneday it will be possibleto properly evaluatethe tradeof betweencomputationatosts
andperformanceguality offered by heuristicapproache# suchdomains. After all, it is
only by understandingptimalbehaiour thata systemdesigneiis ableto gaininsightinto
whenit is possibleto take computationashortcuts.
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