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Abstract

Distributed Partially Observable Markov Decision Problems (POMDPs) have

emergedas a popular decision-theoreticapproach for planning for multiagent

teams, where it is imperative for the agents to be able to reason about the

rewards (and costs) for their actions in the presenceof uncertainty. However,

�nding the optimal distributed POMDP policy is computationally intractable

(NEXP-Complete). This dissertationpresents two independent approacheswhich

deal with this issueof intractabilit y in distributed POMDPs. The primary fo-

cus is on the �rst approach, which represents a principled way to combine the

two dominant paradigmsfor building multiagent team plans, namely the \b elief-

desire-intention" (BDI) approach and distributed POMDPs. In this hybrid BDI-

POMDP approach, BDI team plansareexploited to improve distributed POMDP

tractabilit y and distributed POMDP-basedanalysisimprovesBDI team plan per-

formance.Concretely, we focuson role allocation, a fundamental problem in BDI

teams { which agents to allocate to the di�erent roles in the team. The hybrid

BDI-POMDP approach providesthree key contributions. First, unlike prior work

xi



in multiagent role allocation, we describe a role allocation technique that takes

into account future uncertainties in the domain. The secondcontribution is a novel

decomposition technique, which exploits the structure in the BDI team plans to

signi�cantly prune the search spaceof combinatorially many role allocations. Our

third key contribution is a signi�cantly faster policy evaluation algorithm suited

for our BDI-POMDP hybrid approach. Finally, we also present experimental

results from two domains: missionrehearsalsimulation and RoboCupRescuedis-

aster rescuesimulation. In the RoboCupRescuedomain, we show that the role

allocation technique presented in this dissertation is capableof performing at hu-

man expert levels by comparing with the allocations chosenby humans in the

actual RoboCupRescuesimulation environment. The secondapproach for dealing

with the intractabilit y of distributed POMDPs is basedon �nding locally optimal

joint policiesusingNashequilibrium asa solution concept. Through the introduc-

tion of communication, we not only show improved coordination but alsodevelop

a novel compact policy representation that results in savings of both spaceand

time which are veri�ed empirically.
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Chapter 1

In tro duction

Teamwork, whether among software agents, or robots (and people) is a critical

capability in a largenumber of multiagent domainsranging from missionrehearsal

simulations to RoboCup soccer and disaster rescueto personalassistant teams.

Already a large number of multiagent teams have been developed for a range

of domains [46, 62, 53, 27, 19, 11, 55, 9]. These existing practical approaches

canbe characterizedassituated within the general\b elief-desire-intention" (BDI)

approach, a paradigmfor designingmultiagent systems,madeincreasinglypopular

due to programming frameworks [55, 11, 57] that facilitate the designof large-

scaleteams. Within this approach, inspired explicitly or implicitly by BDI logics,

agents explicitly represent and reasonwith their team goalsand plans [59].
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This dissertationfocuseson the the quantitativ eevaluation of multiagent team-

work, to provide feedback to aid human developers and possibly to agents par-

ticipating in a team, on how the team performancein complex domains can be

improved. Such quantitativ e evaluation is especially vital in domainslike disaster

rescue[29] and mission rehearsalsimulations [55], where the performanceof the

team is linked to important metrics such aslossof human life and property. Both

theseand other such complexdomainsexhibit uncertainty, which arisesfrom par-

tial observabilit y and non-determinismin the outcomesof actions. However, tools

for such quantitativ e evaluations of teamwork in the presenceof uncertainty are

currently absent. Thus, given theseuncertainties, we may be required to exper-

imentally recreatea large number of possiblescenarios(in a real domain or in

simulations) in order to correctly evaluate team performance.

Fortunately, the emergenceof distributed Partially ObservableM arkov D ecision

Problems(POMDPs) providesmodels[3, 4, 45, 61] that are well-suited for quan-

titativ e analysisof agent teamsin uncertain domains. Thesemodelsare powerful

enoughto expressthe uncertainty in thesedynamic domainsand in principle, can

be usedto generateand evaluate completepoliciesfor the multiagent team. How-

ever, as shown by Bernstein et al. [3], the problem of deriving the optimal policy

is generally computationally intractable (the corresponding decisionproblem is

NEXP-complete).

2



This dissertation presents two independent approaches,which deal with this

issueof intractabilit y in distributed POMDPs. The primary focus is on the �rst

approach [39], which represents a principled way to combine the two dominant

paradigmsfor building multiagent teams, namely distributed POMDPs and the

\b elief-desire-intention" (BDI) approach. This approach has the native strengths

of both BDI team plansand POMDPs, viz. abilit y for a designerto specify large-

scale teams and abilit y to quantitativ ely evaluate these teams in the presence

of uncertainty. The secondapproach to planning with distributed POMDPs is

the \Join t Equilibrium-based Search for Policies" (JESP) [38], where a locally

optimal joint policy for a team can be computed using Nash equilibrium as a

solution concept. Communication can be used to improve the spaceand time

requirements for this policy computation [42]. The following two sectionspresent

a high-level description of both theseapproaches.

1.1 Hybrid BDI-POMDP approac h

While BDI frameworks facilitate human design of large scale teams, their key

shortcoming is their inabilit y to quantitativ ely reasonabout team performance,

especially in the presenceof uncertainty. This hybrid BDI-POMDP approach

combinesthe nativestrengthsof the BDI and POMDP approaches,i.e., the abilit y

in BDI frameworks to encode large-scaleteam plans and the POMDP abilit y to

3



quantitativ ely evaluate such plans. This approach focuseson the analysisof BDI

team plans, to provide feedback to human developers on how the team plans can

be improved. In particular, it focuseson the critical challengeof role allocation

in building teams[58, 26], i.e. which agents to allocate to the various roles in the

team. For instance, in mission rehearsalsimulations [55], we needto select the

numbers and typesof helicopter agents to allocate to di�erent roles in the team.

Similarly, in disaster rescue[29], role allocation refers to allocating �re engines

and ambulancesto �res and it can greatly impact team performance. In such

domains,the role allocation chosendirectly impacts the team performance,which

is linked to metrics like lossof human life and property; and thus, it is critical to

�nd the best role allocation.

In order to analyzerole allocations quantitativ ely, we derive RMTDP (Role-

basedMultiagent TeamDecisionProblem), a distributed POMDP framework for

quantitativ ely analyzing role allocations. Using this framework, we show that,

in general,the problem of �nding the optimal role allocation policy is computa-

tionally intractable (the corresponding decisionproblem is still NEXP-complete).

This shows that improving the tractabilit y of analysistechniquesfor role alloca-

tion is a critically important issue.

The hybrid BDI-POMDP approach is basedon three key interactions that

improve the tractabilit y of RMTDP and the optimalit y of BDI agent teams. The

4



�rst interaction is shown in Figure 1.1. In particular, supposewe wish to analyze

a BDI agent team (each agent consistingof a BDI team plan and a domain inde-

pendent interpreter that helpscoordinate such plans) acting in a domain. Then as

shown in Figure 1.1, we model the domain via an RMTDP, and rely on the BDI

team plan and interpreter for providing an incomplete policy for this RMTDP.

The RMTDP model evaluatesdi�erent completionsof this incompletepolicy and

providesan optimally completedpolicy asfeedback to the BDI system. Thus, the

RMTDP �lls in the gapsin an incompletely speci�ed BDI team plan optimally.

Here the gapswe concentrate on are the role allocations, but the method can be

applied to other key coordination decisions. By restricting the optimization to

only role allocation decisionsand �xing the policy at all other points, we are able

to comeup with a restricted policy space. We then useRMTDPs to e�ectively

search this restricted spacein order to �nd the optimal role allocation.

While the restricted policy search is onekey positive interaction in our hybrid

approach, the secondinteraction consistsof a more e�cien t policy representation

usedfor converting a BDI team plan and interpreter into a corresponding policy

(seeFigure 1.1) and a newalgorithm for policy evaluation. In general,each agent's

policy in a distributed POMDP is indexedby its observation history [3, 45]. How-

ever, in a BDI system, each agent performs its action selectionbasedon its set

5



RMTDP 
Search Policy Space

BDI team plan

BDI Interpreter

Domain

Incomplete policy

RMTDP model

completed policy =
additions to BDI team plan

Figure 1.1: Integration of BDI and POMDP.

of privately held beliefswhich is obtained from the agent's observations after ap-

plying a belief revision function. In order to evaluate the team's performance,it

is su�cien t in RMTDP to index the agents' policies by their belief state (repre-

sented here by their privately held beliefs) instead of their observation histories.

This shift in representation results in considerablesavings in the amount of time

neededto evaluate a policy and in the spacerequired to represent a policy.

The third key interaction in our hybrid approach further exploits BDI team

plan structure for increasingthe e�ciency of our RMTDP-based analysis. Even

though RMTDP policy spaceis restricted to �lling in gapsin incompletepolicies,

many policiesmay result given the largenumber of possiblerole allocations. Thus

6



enumerating and evaluating each possiblepolicy for a givendomain is di�cult. In-

stead,we provide a branch-and-bound algorithm that exploits task decomposition

amongsub-teamsof a team to signi�cantly prune the search spaceand provide a

correctnessproof and worst-caseanalysisof this algorithm.

In order to empirically validate our approach, we have applied RMTDP for al-

location in BDI teamsin two concretedomains: missionrehearsalsimulations [55]

and RoboCupRescue[29]. We �rst present the (signi�cant) speed-upgained by

our three interactions mentioned above. Next, in both domains,we comparedthe

role allocations found by our approach with state-of-the-art techniquesthat allo-

cate roleswithout uncertainty reasoning.This comparisonshows the importance

of reasoningabout uncertainty when determining the role allocation for complex

multiagent domains. In the RoboCupRescuedomain, we alsocomparedthe allo-

cations found with allocations chosenby humans in the actual RoboCupRescue

simulation environment. The results showed that the role allocation technique

presented in this dissertation is capableof performing at human expert levels in

the RoboCupRescuedomain.

1.2 Join t equilibrium-based search for policies

The secondapproach for improving the tractabilit y of distributed POMDPs is

based on �nding locally optimal joint policies. This approach, called \Join t

7



Equilibrium-based Search for Policies (JESP)", computesthe joint policy for a

team using Nash equilibrium as a solution concept. This approach makes two

main contributions. First, we de�ne a \m ultiagent belief state" and present a

dynamic programmingalgorithm (DP-JESP) for �nding the best responsepolicy

for a particular agent given the policiesof the other agents. Complexity analysis

revealsthe potential for exponential speedupsdue to this dynamic programming

approach over an exhaustive approach for �nding the best responsepolicy. These

theoretical results are veri�ed via empirical comparisons. Second,we show how

communicative acts can be explicitly introduced in order to �nd locally opti-

mal joint policiesthat allow agents to coordinate better through synchronization

achieved via communication. Furthermore, the introduction of communication

allows us to develop a novel compact policy representation that results in savings

of both spaceand time which are veri�ed empirically. Finally, through the impo-

sition of constraints on communication such asnot going without communicating

for more than K steps,even greater spaceand time savings can be obtained.

This dissertation is organized as follows: Chapters 2-5 describe the hybrid

BDI-POMDP approach. In Chapter 2, background and motivation are presented.

In Chapter 3, weintroducethe RMTDP model and present keycomplexity results.

Chapter 4 explainshow a BDI teamplan canbeevaluatedusingRMTDP. Chapter

5 describes the analysismethodology for �nding the optimal role allocation, and

8



also presents an empirical evaluation of this methodology. Chapter 6 describes

the JESP approach for �nding locally optimal distributed POMDP policies. In

Chapter 7, we present related work, in Chapter 8, we list our conclusionsand in

Chapter 9 we describe future work.

9



Chapter 2

Background

This chapter �rst describesthe two domainsthat we considerin this dissertation:

an abstract mission rehearsaldomain [55] and the RoboCupRescuedomain [29].

Each domain requiresusto allocaterolesto agents in a team. Next, team-oriented

programming (TOP), a framework for describing team plans is described in the

context of these two domains. While we focus on TOP, as discussedfurther in

Chapter 7.1, our techniqueswould be applicable in other frameworks for tasking

teams[53, 11].

2.1 Domains

The �rst domain that we consideris basedon missionrehearsalsimulations [55].

For expository purposes,this hasbeenintentionally simpli�ed. The scenariois as

follows: A helicopter team is executinga mission of transporting valuable cargo

10



from point X to point Y through enemy terrain (seeFigure 2.1). There are three

paths from X to Y of di�erent lengthsand di�erent risk due to enemy �re. Oneor

more scouting sub-teamsmust be sent out (one for each path from X to Y), and

the larger the sizeof a scouting sub-teamthe safer it is. When scoutsclear up

any one path from X to Y, the transports can then move more safelyalong that

path. However, the scoutsmay fail alonga path, and may needto be replacedby

a transport at the cost of not transporting cargo. Owing to partial observabilit y,

the transports may not receive an observation that a scout has failed or that a

route has beencleared. We wish to transport the most amount of cargo in the

quickest possiblemanner within the missiondeadline.

The key role allocation decisionhere is given a �xed number of helicopters,

how should they be allocated to scouting and transport roles? Allocating more

scoutsmeansthat the scouting task is more likely to succeed,but there will be

fewer helicopters left that can be used to transport the cargo and consequently

lessreward. However, allocating too few scoutscould result in the missionfailing

altogether. Also, in allocating the scouts,which routes should the scoutsbe sent

on? The shortest route would be preferablebut it is more risky. Sendingall the

scoutson the sameroute decreasesthe likelihood of failure of an individual scout;

however, it might be more bene�cial to sendthem on di�erent routes, e.g. some

scoutson a risky but short route and others on a safebut longer route.

11



Thus there are many role allocations to consider. Evaluating each one is

di�cult becauserole allocation must look-aheadto considerfuture implications

of uncertainty, e.g. scout helicopterscan fail during scoutingand may needto be

replacedby a transport. Furthermore, failure or successof a scout may not be

visible to the transport helicoptersand hencea transport may not replacea scout

or transports may never 
y to the destination.

route 3

X Yroute 2

route 1

scout

transports

enemy gun

Figure 2.1: Mission rehearsaldomain.

The secondexamplescenario(seeFigure 2.2), set up in the RoboCupRescue

disastersimulation environment [29], consistsof �v e �re enginesat three di�erent

�re stations (two each at stations 1 & 3 and the last one at station 2) and �v e

ambulancesstationed at the ambulance center. Two �res (in the top left and

bottom right cornersof the map) start that needto be extinguishedby the �re

engines.After a �re is extinguished,ambulanceagents needto save the surviving

12



civilians. The number of civilians at each location is not known aheadof time,

although the total number of civilians in known. As time passes,there is a high

likelihood that the health of civilians will deteriorate and �res will increasein

intensity. Yet the agents needto rescueasmany civilians aspossiblewith minimal

damageto the buildings. The �rst part of the goal in this scenariois thereforeto

�rst determinewhich �re enginesto assignto each �re. Oncethe �re engineshave

gatheredinformation about the number of civilians at each �re, this is transmitted

to the ambulances.The next part of the goal is then to allocatethe ambulancesto

a particular �re to rescuethe civilians trappedthere. However, ambulancescannot

rescuecivilians until �res are fully extinguished. Here,partial observabilit y (each

agent can only view objects within its visual range), and uncertainty related to

�re intensity, as well as location of civilians and their health add signi�cantly to

the di�cult y.

2.2 Team-Orien ted Programming

The aim of the team-oriented programming (TOP) [46, 55, 57] framework is to

provide human developers (or automated symbolic planners) with a useful ab-

straction for tasking teams. For domainssuch as thosedescribed in Chapter 2.1,

it consistsof three key aspects of a team: (i) a team organization hierarchy con-

sisting of roles; (ii) a team (reactive) plan hierarchy; and (iii) an assignment of

13



C1

F1

F2

F3

A

C2

Figure 2.2: RoboCupRescueScenario: C1 and C2 denote the two �re locations,
F1, F2 and F3 denote �re stations 1, 2 and 3 respectively and A denotesthe
ambulancecenter.
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rolesto sub-plansin the plan hierarchy. The developer neednot specify low-level

coordination details. Instead, the TOP interpreter (the underlying coordination

infrastructure) automatically enablesagents to decidewhen and with whom to

communicate and how to reallocate roles upon failure. The TOP abstraction

enableshumansto rapidly provide team plans for large-scaleteams,but unfortu-

nately, only a qualitativ e assessment of team performanceis feasible.Thus, a key

TOP weaknessis the inabilit y to quantitativ ely evaluate and optimize team per-

formance. For example,in allocating roles to agents only a qualitativ e matching

of capabilitiesmay be feasible.As discussedlater, our hybrid BDI-POMDP model

addressesthis weaknessby providing techniquesfor quantitativ e evaluation.

As a concreteexample,considerthe TOP for the mission rehearsaldomain.

We �rst specify the team organizationhierarchy (seeFigure 2.3(a)). TaskForce is

the highest level team in this organization and consistsof two rolesScouting and

Transport, where the Scouting sub-teamhas roles for each of the three scouting

sub-sub-teams.Next wespecify a hierarchy of reactive team plans(Figure 2.3(b)).

Reactive teamplansexplicitly expressjoint activities of the relevant teamandcon-

sist of: (i) pre-conditionsunder which the plan is to be proposed;(ii) termination

conditions under which the plan is to be ended;and (iii) team-level actions to be

executedaspart of the plan (an exampleplan will bediscussedshortly). In Figure
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2.3(b), the highest level plan Execute Mission has three sub-plans: DoScout-

ing to make onepath from X to Y safefor the transports, DoT ransp ort to move

the transports alonga scoutedpath, and RemainingScouts for the scoutswhich

have not reached the destination yet to get there.

Task Force

Scouting Team Transport Team

SctTeamA SctTeamB SctTeamC

(a)

Execute Mission [Task Force]

DoScouting
[Task Force]

DoTransport
[Transport Team]

ScoutRoute1
[SctTeamA]

ScoutRoute2
[SctTeamB]

ScoutRoute3
[SctTeamC]

RemainingScouts
[Scouting Team]

WaitAtBase
[Transport Team]

ScoutRoutes
[Scouting Team]

(b)

Figure 2.3: TOP for missionrehearsaldomain. a) Organizationhierarchy; b) Plan
hierarchy.

Figure 2.3(b) also shows coordination relationships: An AND relationship is

indicated with a solid arc, while an OR relationship is indicated with a dashed

arc. Thus, WaitA tBase and ScoutRoutes must both bedonewhile at leastone

of ScoutRoute1 , ScoutRoute2 or ScoutRoute3 need be performed. There

is also a temporal dependencerelationship among the sub-plans,which implies
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that sub-teamsassignedto perform DoT ransp ort or RemainingScouts cannot

do so until the DoScouting plan has completed. However, DoT ransp ort and

RemainingScouts executein parallel. Finally, we assignrolesto plans { Figure

2.3(b) shows the assignment in brackets adjacent to the plans. For instance,Task

Force team is assignedto jointly perform Execute Mission while SctTeamA is

assignedto ScoutRoute1 .

The team plan corresponding to Execute Mission is shown in Figure 2.4. As

can be seen,each team plan consistsof a context, pre-conditions,post-conditions,

body and constraints. The context describesthe conditions that must be ful�lled

in the parent plan while the pre-conditionsare the particular conditions that will

causethis sub-plan to begin execution. Thus, for Execute Mission , the pre-

condition is that the team mutually believes (MB) 1 that they are the \start"

location. The post-conditionsare divided into Achieved, Unachievable and Irrele-

vant conditions under which this sub-planwill be terminated. The body consists

of sub-plans that exist within this team plan. Lastly, constraints describe any

temporal constraints that exist betweensub-plansin the body. The description

of all the plans in the plan hierarchy of Figure 2.3(b) is given in Appendix A.

1Mutual Belief [59], shown as (MB hteami x) in Figure 2.4, refers to a private belief held by
each agent in the team that they each believe that a fact x is true, and that each of the other
agents in the team believe that x is true, and that every agent believes that every other agent
believesthat x is true and soon. Such in�nite levelsof nesting are di�cult to realize in practice.
Thus, as in practical BDI implementations, for the purposesof this dissertation, a mutual belief
is approximated to be a private belief held by an agent that all the agents in the team believe
that x is true.
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ExecuteMission :
Context: ;
Pre-conditions: (MB <TaskForce> location(TaskForce) = START)
Achieved: (MB <TaskForce> (Achieved(DoScouting) ^

Achieved(DoTransport))) ^ (time > T _ (MB <TaskForce>
Achieved(RemainingScout s) _ ( @helo 2 ScoutingTeam,
alive(helo) ^ location(helo) 6= END)))

Unachievable: (MB <TaskForce> Unachievable(DoScouting )) _
(MB <TaskForce> Unachievable(DoTransport) ^
(Achieved(RemainingScout s) _( @helo 2 ScoutingTeam,
alive(helo) ^ location(helo) 6= END)))

Irrelevant: ;
Body:

DoScouting
DoTransport
RemainingScouts

Constraints: DoScouting ! DoTransport, DoScouting ! RemainingScouts

Figure 2.4: Example team plan. MB refersto mutual belief.

Just as in HTNs [12, 15], the plan hierarchy of a TOP givesa decomposition

of the task into smaller tasks. However, the languageof TOPs is richer than

the languageof early HTN planning [15] which contained just simple ordering

constraints. As seenin the above example,the plan hierarchy in TOPs can also

contain relationships like AND and OR. In addition, just like more recent work

in HTN planning [12], sub-plansin TOPs can contain pre-conditions and post-

conditions, thus allowing for conditional plan execution. The main di�erences

betweenTOPs andHTN planning are: (i) TOPs contain an organizationhierarchy

in addition to a plan hierarchy, (ii) the TOP interpreter ensuresthat the team

executesits planscoherently. As seenlater, TOPs will be analyzedwith all of this
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expressivenessincluding conditional execution; however, since our analysis will

focus on a �xed time horizon, any loops in the task description will be unrolled

up to the time horizon.

During execution,each agent hasa copy of the TOP. The agent alsomaintains

a set of private beliefs,which are a set of propositions that the agent believesto

be true (seeFigure 2.5). When an agent receives new beliefs, i.e. observations

(including communication), the belief update function is used to update its set

of privately held beliefs. For instance, upon seeingthe last scout crashed, a

transport may update its privately held beliefsto include the belief \CriticalF ail-

ure(DoScouting)". In practical BDI systems,such belief update computation is of

low complexity (e.g. constant or linear time). Oncebeliefsare updated, an agent

selectswhich plan to executeby matching its beliefswith the pre-conditionsin the

plans. The basicexecutioncycle is similar to standard reactive planning systems

such as PRS [17].

During team plan execution, observations, in the form of communications,

often arisebecauseof the coordination actions executedby the TOP interpreter.

For instance, TOP interpreters have exploited BDI theories of teamwork, such

as Levesqueet al.'s theory of joint intentions [31], which require that when an

agent comesto privately believe a fact that terminates the current team plan (i.e.

matches the achievement or unachievabilit y conditions of a team plan), then it
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Belief Update
function

Private beliefs of
agent i

new observation for
agent i

Figure 2.5: Mapping of observations to beliefs.

communicatesthis fact to the rest of the team. By performing such coordination

actionsautomatically, the TOP interpreter enablescoherenceat the initiation and

termination of team plans within a TOP. Somefurther details and examplesof

TOPs can be seenin [46, 55, 57]

We can now more concretely illustrate the key challengesin role allocation

mentioned earlier. First, a human developer must allocate available agents to the

organization hierarchy (Figure 2.3(a)), to �nd the best role allocation. However,

there are combinatorially many allocations to choosefrom [26, 55]. For instance,

starting with just 6 homogeneoushelicopters results in 84 di�erent ways of de-

ciding how many agents to assignto each scoutingand transport sub-team. This

problem is exacerbatedby the fact that the best allocation varies signi�cantly

basedon domain variations. For example,Figure 2.6 shows three di�erent assign-

ments of agents to the team organization hierarchy, each found in our analysis

to be the best for a given setting of failure and observation probabilities (details

in Chapter 5.4). For example,increasingthe probability of failures on all routes

resulted in the number of transports in the best allocation changing from four
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(seeFigure 2.6(a)) to three (seeFigure 2.6(b)), where an additional scout was

addedto SctTeamB. If failures werenot possibleat all, the number of transports

increasedto �v e (seeFigure 2.6(c)). Our analysistakesa step towards selecting

the best amongsuch allocations.

Task Force

Scouting Team Transport Team=4

SctTeamA=2 SctTeamB=0 SctTeamC=0

(a) Low probabilit y

Task Force

Scouting Team Transport Team=3

SctTeamA=2 SctTeamB=1 SctTeamC=0

(b) Medium probabilit y

Task Force

Scouting Team Transport Team=5

SctTeamA=0 SctTeamB=0 SctTeamC=1

(c) Zero probabilit y

Figure 2.6: Best role allocations for di�erent probabilities of scout failure.

Figure 2.7 shows the TOP for the RoboCupRescuescenario.As can be seen,

the plan hierarchy for this scenarioconsistsof a pair of ExtinguishFire and

RescueCivilians plans done in parallel, each of which further decomposesinto

individual plans. (These individual plans get the �re enginesand ambulancesto
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move through the streets using speci�c search algorithms. However, these indi-

vidual plans are not relevant for our discussionsin this dissertation; interested

readersshould refer to the description of our RoboCupRescueteam entered into

the RoboCup competitions of 2001 [37].) The organizational hierarchy consists

of Task Force comprisingof two Engine sub-teams,one for each �re and an Am-

bulance Team, where the engine teams are assignedto extinguishing the �res

while the ambulance team is assignedto rescuing civilians. In this particular

TOP, the assignment of ambulancesto AmbulanceTeamA and AmbulanceTeamB

is conditionedon the communication \c", indicated by \Am bulanceTeamAjc" and

\Am bulanceTeamBjc". \c" is not described in detail in this �gure, but it refers

to the communication that is received from the �re enginesthat describes the

number of civilians present at each �re. The problem is which enginesto assignto

each Engine Team and for each possiblevalue of \c", which ambulancesto assign

to each Ambulance Team. Note that engineshave di�ering capabilities owing to

di�ering distancesfrom �res while all the ambulanceshave identical capabilities.
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Task Force

EngineTeamA AmbulanceTeam

AmbulanceTeamA |c AmbulanceTeamB |c

EngineTeamB

(a)

ExecuteMission
[Task Force]

ExtinguishFire1
[EngineTeamA]

RescueCivilians1
[AmbulanceTeamA]

ExtinguishFire2
[EngineTeamB]

RescueCivilians2
[AmbulanceTeamB]

(b)

Figure 2.7: TOP for RoboCupRescuescenario.a) Organizationhierarchy; b) Plan
hierarchy.
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Chapter 3

Role-based Multiagen t Team Decision Problem

Multiagent TeamDecisionProblem (MTDP) [45] is inspired by the economicthe-

ory of teams[33, 24, 63]. In order to do quantitativ e analysisof key coordination

decisionsin multiagent teams, we extend MTDP for the analysisof the coordi-

nation actions of interest. For example, the COM-MTDP [45] is an extension

of MTDP for the analysis of communication. In this dissertation, we illustrate

a generalmethodology for analysisof other aspects of coordination and present

the RMTDP model for quantitativ e analysis of role allocation and reallocation

as a concreteexample. In contrast to BDI systemsintroduced in the previous

chapter, RMTDP enablesexplicit quantitativ e optimization of team performance.

Note that, while we useMTDP, other possibledistributed POMDP modelscould

potentially alsoserve asa basis[3, 61].
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3.1 Multiagen t Team Decision Problem

Given a team of n agents, an MTDP [45] is de�ned asa tuple: hS;A; P; 
 ; O; Ri .

It consistsof a �nite set of statesS = � 1 � � � � � � m whereeach � j , 1 � j � m,

is a feature of the world state. Each agent i can perform an action from its set of

actions A i , where � 1� i � nA i = A. P(s;< a1; : : : ; an >; s0) givesthe probability of

transitioning from state s to state s0 given that the agents perform the actions <

a1; : : : ; an > jointly. Each agent i receivesan observation ! i 2 
 i (� 1� i � n 
 i = 
)

basedon the function O(s;< a1; : : : ; an >; ! 1; : : : ; ! n ), which givesthe probability

that the agents receive the observations, ! 1; : : : ; ! n given that the world state is s

and they perform < a1; : : : ; an > jointly. The agents receive a single joint reward

R(s;< a1; : : : ; an > ) basedon the state s and their joint action < a1; : : : ; an > .

This joint reward is sharedequally by all members and there is no other private

reward that individual agents receive for their actions. Thus, the agents are

motivated to behave asa team, taking the actionsthat jointly yield the maximum

expectedreward.

Each agent i in an MTDP choosesits actions basedon its local policy, � i ,

which is a mapping of its observation history to actions. Thus, at time t, agent

i will perform action � i (! 0
i ; : : : ; ! t

i ). This contrasts with a single-agent POMDP,

wherewe canindex an agent's policy by its belief state { a probability distribution

over the world state [28], which is shown to be a su�cient statistic in order to
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compute the optimal policy [52]. Unfortunately, we cannot directly use single-

agent POMDP techniques [28] for maintaining or updating belief states [28] in

a MTDP { unlike in a single agent POMDP, in MTDP, an agent's observation

dependsnot only on its own actions,but alsoon unknown actionsof other agents.

Thus, as with other distributed POMDP models [3, 61], in MTDP, local policies

� i are indexed by observation histories. � = < � 1; : : : ; � n > refers to the joint

policy of the team of agents.

3.2 Extension for explicit coordination

Beginning with MTDP, the next step in our methodology is to make an explicit

separationbetweendomain-level actions and the coordination actions of interest.

Earlier work introducedthe COM-MTDP model [45], wherethe coordination ac-

tion was �xed to be the communication action, and got separatedout. However,

other coordination actions could also be separatedfrom domain-level actions in

order to investigate their impact. Thus, to investigate role allocation and real-

locations, actions for allocating agents to roles and to reallocate such roles are

separatedout. To that end, we de�ne RMTDP (Role-basedMultiagent Team

DecisionProblem) as a tuple hS;A; P; 
 ; O; R; RL i with a new component, RL .

In particular, RL = f r 1; : : : ; r sg is a set of all rolesthat the agents canundertake.
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Each instanceof role r j may be assignedsomeagent i to ful�ll it. The actions of

each agent are now distinguishableinto two types:

Role-T aking actions: � i = f � ir j g contains the role-taking actions for agent i .

� ir j 2 � i meansthat agent i takeson the role r j 2 RL .

Role-Execution Actions: � i =
S

8r j 2RL � ir j contains the executionactions for

agent i where� ir j is the set of agent i 's actions for executingrole r j 2 RL

In addition we de�ne the set of statesasS = � 1 � � � � � � m � � r oles, wherethe

feature � r oles (a vector) givesthe current role that each agent has taken on. The

reasonfor introducing this new feature is to assistus in the mapping from a BDI

team plan to an RMTDP. Thus each time an agent performs a new role-taking

action successfully, the value of the feature � r oles will be updated to re
ect this

change.The keyhereis that wenot only model an agent's initial role-taking action

but alsosubsequent role reallocation. Modeling both allocation and reallocation is

important for an accurateanalysisof BDI teams. Note that an agent can observe

the part of this feature pertaining to its own current role but it may not observe

the parts pertaining to other agents' roles.

The introduction of rolesallows us to represent the specializedbehaviors asso-

ciated with each role, e.g. a transport vs. a scout role. While �lling a particular

role, r j , agent i can perform only role-executionactions, � 2 � ir j , which may be

di�erent from the role-executionactions� ir l for role r l . Thus, the feature � r oles is
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usedto �lter actions such that only those role-executionactions that correspond

to the agent's current role are permitted. In the worst case,this �ltering does

not a�ect the computational complexity (seeTheorem1 below) but in practice, it

can signi�cantly improve performancewhen trying to �nd the optimal policy for

the team, sincethe number of domain actions that each agent can choosefrom is

restricted by the role that the agent has taken on. Also, thesedi�erent rolescan

producevaried e�ects on the world state (modeledvia transition probabilities, P)

and the team's reward. Thus, the policies must ensurethat agents for each role

have the capabilities that bene�t the team the most.

Just as in MTDP, each agent chooseswhich action to perform by indexing its

local policy � i by its observation history. In the sameepoch someagents could

be doing role-taking actions while others are doing role-executionactions. Thus,

each agent's local policy � i canbedivided into local role-taking and role-execution

policiessuch that for all observation histories, ! 0
i ; : : : ; ! t

i , either � i � (! 0
i ; : : : ; ! t

i ) =

null or � i � (! 0
i ; : : : ; ! t

i ) = null . � � = < � 1� ; : : : ; � n� > refers to the joint role-

taking policy of the team of agents while � � = < � 1� ; : : : ; � n� > refersto the joint

role-executionpolicy.
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In this dissertation, we do not explicitly model communicative actions as a

specialaction. Thuscommunication is treated like any other role-executionaction

and the communication received from other agents are treated asobservations.1

3.3 Complexit y results with RMTDP

While Chapter2.2qualitativ ely emphasizedthe di�cult y of roleallocation, RMTDP

helpsus in understandingthe complexity more precisely. The goal in RMTDP is

to comeup with joint policies � � and � � that will maximize the total expected

reward over a �nite horizon T. Note that agents can changetheir rolesaccording

to their local role-taking policies. The agent's role-executionpolicy subsequent

to this changewould contain actions pertaining to this new role. The following

theorem illustrates the complexity of �nding such optimal joint policies.

Theorem 1 The decision problemof determining if there exist policies, � � and

� � , for an RMTDP, that yield an expected reward of at least K over some�nite

horizon T is NEXP-complete.

Pro of sketch: Proof follows from the reduction of MTDP [45] to RMTDP

and from the reduction of RMTDP to MTDP. To reduceMTDP to RMTDP, we

set RMTDP's role taking actions,� 0, to null and set the RMTDP's role-execution

1For a more explicit analysis of communication pleaserefer to work done by Pynadath and
Tambe [45] and Goldman et al. [18].
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actions, � 0, to the MTDP's set of actions, A. To reduceRMTDP to MTDP, we

generatea new MTDP such that its set of actions,A0 is equal to �
S

�. Finding

the required policy in MTDP is NEXP-complete [45].�

As this theoremshowsus,solvingthe RMTDP for the optimal joint role-taking

and role-executionpoliciesover even a �nite horizon is highly intractable. Hence,

we focus on the complexity of just determining the optimal role-taking policy,

given a �xed role-execution policy. By �xed role-execution policy, we mean that

the action selectionof an agent is predeterminedby the role it is executing.

Theorem 2 The decision problemof determining if there existsa role-takingpol-

icy, � � , for an RMTDP, that yieldsan expected reward of at least K togetherwith

a �xed role-execution policy � � , over some�nite horizon T is NEXP-complete.

Pro of sketch: We reduce an MTDP to an RMTDP with a di�erent role-

taking and a role-executionaction corresponding to each action in the MTDP.

Hence,in the RMTDP wehavea role-taking action � ir j for agent i to takeonrole r j

createdfor each action aj 2 A i in the MTDP andeach such role r j contains a single

role-executionaction, i.e. j� ir j j = 1. For the RMTDP, construct the transition

function to besuch that a role-taking action always succeedsand the only a�ected

state feature is � r oles. For the role-execution action � 2 � ir j , the transition

probability is the sameasthat of the MTDP action, aj 2 A i corresponding to the

last role-taking action � ir j . The �xed role-executionpolicy is to simply perform
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the action, � 2 � ir j , corresponding to the last successfulrole-taking action, � ir j .

Thus, the decision problem for an RMTDP with a �xed role-executionpolicy

is at least as hard as the decision problem for an MTDP. Furthermore, given

Theorem1, we can concludeNEXP-Completeness.�

This result suggeststhat even by �xing the role-executionpolicy, solving the

RMTDP for the optimal role-taking policy is still intractable. Note that Theo-

rem 2 refersto a completelygeneralglobally optimal role-taking policy, whereany

number of agents canchangerolesat any point in time. Given the above result, in

generalthe globally optimal role-taking policy will be of doubly exponential com-

plexity, and so we may be left no choice but to run a brute-force policy search,

i.e. to enumerate all the role-taking policies and then evaluate them, which to-

getherdeterminethe run-time of �nding the globally optimal policy. The number

of policies is
�

j� j
j 
 j T � 1
j 
 j� 1

� n

, i.e. doubly exponential in the number of observation

histories and the number of agents. Thus, while RMTDP enablesquantitativ e

evaluation of team's policies, computing optimal policies is intractable; further-

more, given its low level of abstraction, in contrast to TOP, it is di�cult for a

human to understand the optimal policy. This contrast between RMTDP and

TOP is at the root of our hybrid model described in the following chapter.
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Chapter 4

Hybrid BDI-POMDP approac h

Having explained TOP and RMTDP, we can now present a more detailed view

of our hybrid methodology to quantitativ ely evaluate a TOP with the help of

Figure 1.1. We �rst provide a more detailed interpretation of Figure 1.1. BDI

team plans are essentially TOP plans, while the BDI interpreter is the TOP

coordination layer. As shown in Figure 1.1, an RMTDP model is constructed

corresponding to the domain and the TOP and its interpreter are converted into

a corresponding (incomplete) RMTDP policy. We can then analyze the TOP

using analysis techniques that rely on evaluating the RMTDP policy using the

RMTDP model of the domain.

Thus, our hybrid approach combines the strengths of the TOPs (enabling

humans to specify TOPs to coordinate large-scaleteams) with the strengths of

RMTDP (enabling quantitativ e evaluation of di�erent role allocations). On the
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onehand, this synergisticinteraction enableRMTDPs to improve the performance

of TOP-based BDI teams. On the other hand, we have identi�ed at least six

speci�c ways in which TOPs make it easierto build RMTDPs and to e�cien tly

search RMTDP policies: two of which are discussedin this chapter, and four in

the next chapter. In particular, the six ways are:

1. TOPs are exploited in constructing RMTDP modelsof the domain (Chap-

ter 4.1);

2. TOPs are exploited to present incomplete policies to RMTDPs, restricting

the RMTDP policy search (Chapter 5.1);

3. TOP belief representation is exploited in enabling faster RMTDP policy

evaluation (Chapter 4.2);

4. TOP organizationhierarchy is exploited in hierarchically grouping RMTDP

policies(Chapter 5.1);

5. TOP plan hierarchy is exploited in decomposingRMTDPs (Chapter 5.3);

6. TOP plan hierarchies are alsoexploited in cutting down the observation or

belief histories in RMTDPs (Chapter 5.3).
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The end result of this e�cien t policy search is a completedRMTDP policy that

improvesTOP performance.While we exploit the TOP framework, other frame-

works for tasking teams, e.g. Decker and Lesser[11] and Stone and Veloso[53]

could bene�t from a similar synergistic interaction.

4.1 Guidelines for constructing an RMTDP

As shown in Figure 1.1, our analysisapproach usesas input an RMTDP model

of the domain, as well as an incomplete RMTDP policy. Fortunately, not only

does the TOP serve as a direct mapping to the RMTDP policy, but it can also

be utilized in actually constructing the RMTDP model of the domain. In partic-

ular, the TOP can be usedto determinewhich domain featuresare important to

model. In addition, the structure in the TOP can be exploited in decomposing

the construction of the RMTDP.

The elements of the RMTDP tuple, hS;A; P; 
 ; O; R; RL i , can be de�ned

using a procedurethat relieson both the TOP aswell as the underlying domain.

While this procedure is not automated, our key contribution is recognizingthe

exploitation of TOP structures in constructing the RMTDP model. First, in order

to determinethe set of states,S, it is critical to model the variablestested in the

pre-conditions,termination conditionsand context of all the components (i.e. sub-

plans) in the TOP. Note that a state only needsto model the featurestestedin the
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TOP; if a TOP pre-condition expressesa complextest on the feature, that test is

not modeledin the state, but instead getsusedin de�ning the incompletepolicy

input to RMTDP. Next we de�ne the set of roles, RL , as the leaf-level roles in

the organization hierarchy of the TOP. Furthermore, as speci�ed in Chapter 3.2,

we de�ne a state feature � r oles as a vector containing the current role for each

agent. Having de�ned RL and � r oles, we now de�ne the actions,A asfollows. For

each role r j 2 RL , we de�ne a corresponding role-taking action, � ir j which will

succeedor fail depending on the agent i that performsthe action and the state s

that the action was performed in. The role-executionactions, � ir j for agent i in

role r j , are thoseallowed for that role accordingto the TOP.

Thus, we have de�ned S, A and RL basedon the TOP. To illustrate these

steps, consider the plans in Figure 2.3(b). The pre-conditions of the leaf-level

plan ScoutRoute1 (SeeAppendix A), for instance, tests start location of the

helicopters to be at start location X, while the termination conditions test that

scoutsare at end location Y. Thus, the locations of the helicoptersare modeled

as featuresin the set of states in the RMTDP. Using the organization hierarchy,

we de�ne the set of rolesRL with a role corresponding to each of the four di�er-

ent kinds of leaf-level roles, i.e. RL = f memberSctTeamA;memberSctTeamB;

memberSctTeamC; memberTransportT eamg. The role-taking androle-execution

actions can be de�ned as follows:
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� A role-taking action is de�ned corresponding to each of the four roles in

RL , i.e. becominga member of one of the three scouting teams or of the

transport team. The domain speci�es that only a transport can changeto a

scoutand thus the role-taking action, jointT ransportTeam, will fail for agent

i , if the current role of agent i is a scout.

� Role-executionactions are obtained from the TOP plans corresponding to

the agent's role. In the missionrehearsalscenario,an agent, ful�lling a scout

role (membersof SctTeamA,SctTeamBor SctTeamC),always goesforward,

making the current position safe,until it reachesthe destination and so the

only executionaction we will consideris \move-making-safe".An agent in

a transport role (members of Transport Team) waits at X until it obtains

observation of a signal that onescoutingsub-teamhasreached Y and hence

the role-executionactions are \w ait" and \move-forward".

We must now de�ne 
 ; P; O; R. We obtain the set of observations 
 i for each

agent i directly from the domain. For instance, the transport helosmay observe

the status of scout helos (normal or destroyed), as well as a signal that a path

is safe. Finally, determining the functions, P; O; R requiressomecombination of

human domain expertise and empirical data on the domain behavior. However,

as shown later in Chapter 5.4, even an approximate model of transitional and

observational uncertainty is su�cien t to deliver signi�cant bene�ts. De�ning the
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reward and transition function may sometimesrequire additional state variables

to be modeled, if they were only implicitly modeled in the TOP. In the mission

rehearsaldomain, the time at which the scouting and transport mission were

completed determined the amount of reward. Thus, time was only implicitly

modeledin the TOP and neededto be explicitly modeled in the RMTDP.

Sincewe are interested in analyzing a particular TOP with respect to uncer-

tainty, the procedure for constructing an RMTDP model can be simpli�ed by

exploiting the hierarchical decomposition of the TOP in order to decomposethe

construction of the RMTDP model. The high-level components of a TOP often

represent plans executedby di�erent sub-teams,which may only looselyinteract

with each other. Within a component, the sub-teammembersmay exhibit a tight

interaction, but our focus is on the \lo osecoupling" acrosscomponents, where

only the end results of one component feed into another, or the components in-

dependently contribute to the team goal. Thus, our procedurefor constructing

an RMTDP exploits this loosecoupling betweencomponents of the plan hierar-

chy in order to build an RMTDP model represented as a combination of smaller

RMTDPs (factors). Note that if such decomposition is infeasible,our approach

still applies except that the bene�ts of the hierarchical decomposition will be

unavailable.

37



Weclassifysibling components asbeingeither parallel or sequentially executed

(contains a temporal constraint). Components executedin parallel could beeither

independentor dependent. For independentcomponents, we can de�ne RMTDPs

for each of thesecomponents such that the sub-team executing one component

cannot a�ect the transitions, observations and reward obtained by the sub-teams

executingthe other components. The procedurefor determining the elements of

the RMTDP tuple for component k, hSk ; Ak ; Pk ; 
 k ; Ok ; Rk ; RL k i , is identical to

the procedure described earlier for constructing the overall RMTDP. However,

each such component has a smaller set of relevant variablesand roles and hence

specifying the elements of its corresponding RMTDP is easier.

We can now combine the RMTDPs of the independent components to obtain

the RMTDP corresponding to the higher-level component. For a higher level

component l, whosechild components are independent, the set of states, Sl =

� 8� x 2 FSl
� x such that FSl =

S
8k s:t: Chil d(k;l )= true FSk where FSl and FSk are the

sets of features for the set of states Sl and set of states Sk . A state sl 2 Sl is

said to correspond to the state sk 2 Sk if 8� x 2 FSk ; sl [� x ] = sk [� x ], i.e. the

state sl has the samevalue as state sk for all featuresof state sk . The transition

function is de�ned as follows, Pl (s0
l ; al ; sl ) =

Q
8k s:t: Chil d(k;l )= true Pk(s0

k ; ak ; sk),

where sl and s0
l of component l corresponds to states sk and s0

k of component

k and ak is the joint action performed by the sub-team assignedto component
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k corresponding to the joint action al performed by the sub-team assignedto

component l. The observation function is de�ned similarly as Ol (sl ; al ; ! l ) =

Q
8k s:t: Chil d(k;l )= true Ok(sk ; ak ; ! k). The reward function is de�ned as Rl (sl ; al ) =

P
8k s:t: Chil d(k;l )= true Rk(sk ; ak).

In the caseof sequentially executedcomponents (those connectedby a tem-

poral constraint), the components are loosely coupled since the end states of

the precedingcomponent specify the start states of the succeedingcomponent.

Thus, since only one component is active at a time, the transition function is

de�ned as follows, Pl (s0
l ; al ; sl ) = Pk(s0

k ; ak ; sk), where component k is the only

active child component, sk and s0
k represent the states of component k corre-

sponding to states sl and s0
l of component l and ak is the joint action performed

by the sub-team assignedto component k corresponding to the joint action al

performedby the sub-teamcorresponding to component l. Similarly, we can de-

�ne Ol (sl ; al ; ! l ) = Ok(sk ; ak ; ! k) and Rl (sl ; al ) = Rk(sk ; ak), where k is the only

active child component.

Considerthe following examplefrom the missionrehearsaldomain wherecom-

ponents exhibit both sequential dependenceand parallel independence. Con-

cretely, the component DoScouting is executed�rst followed by DoT ransp ort

and RemainingScouts , which are parallel and independent and hence,either

DoScouting is active or DoT ransp ort and RemainingScouts are active at
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any point in the execution. Hence,the transition, observation and reward func-

tions of their parent Execute Mission is given by the corresponding functions

of either DoScouting or by the combination of the corresponding functions of

DoT ransp ort and RemainingScouts .

We use a top-down approach in order to determine how to construct a fac-

tored RMTDP from the plan hierarchy. As shown in Algorithm 1, we replacea

particular sub-plan by its constituent sub-plansif they are either independent or

sequentially executed. If not, then the RMTDP is de�ned using that particular

sub-plan. This processis applied recursively starting at the root component of

the plan hierarchy. As a concreteexample,consideragain our mission rehearsal

simulation domain and the hierarchy illustrated in Figure 2.3(b). Given the tem-

poral constraints between DoScouting and DoT ransp ort , and DoScouting

and RemainingScouts , we exploited sequential decomposition, while DoT rans-

port and RemainingScouts wereparallel and independent components. Hence,

we can replaceExecuteMission by DoScouting , DoT ransp ort and Remain-

ingScouts . We then apply the sameprocessto DoScouting . The constituent

components of DoScouting are neither independent nor sequentially executed

and thus DoScouting cannot be replacedby its constituent components. Thus,

RMTDP for the mission rehearsaldomain is comprisedof smaller RMTDPs for

DoScouting , DoT ransp ort and RemainingScouts .

40



Algorithm 1 Build-RMTDP(TOP top, Sub-plansubplan)
1: children  subplan! children() f subplan! children() returns the sub-plans

within subplang
2: if children = null or children are not (looselycoupledor independent) then
3: rmtdp  De�ne-RMTDP(subplan) f not automatedg
4: return rmtdp
5: else
6: for all child in children do
7: factors[child]  Build-RMTDP(top,c hild)
8: rmtdp  ConstructFromFactors(factors)
9: return rmtdp

Thus, using the TOP to identify relevant variables and building a factored

RMTDP utilizing the structure of TOP to decomposethe construction procedure,

reducethe load on the domain expert for model construction. Furthermore, as

shown in Chapter 5.3, this factored model greatly improves the performanceof

the search for the best role allocation.

4.2 Evaluating RMTDP policies by exploiting

TOP beliefs

We now present a technique for exploiting TOPs in speeding up evaluation of

RMTDP policies. Beforewe explain our improvement, we �rst describe the orig-

inal algorithm for determining the expected reward of a joint policy, where the

local policiesof each agent are indexedby its entire observation histories [45, 38].

Here,we obtain an RMTDP policy from a TOP as follows. We obtain � i (~! t
i ), i.e.
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the action performed by agent i for each observation history ~! t
i , as the action a

performed by the agent i following the TOP when it has a set of privately held

beliefscorresponding to the observation history, ~! t
i . We computethe expectedre-

ward for the RMTDP policy by projecting the team's executionover all possible

brancheson di�erent world states and di�erent observations. At each time step,

we can compute the expected value of a joint policy, � = < � 1; : : : ; � n > , for a

team starting in a given state, st , with a given setof past observations, ~! t
1; : : : ; ~! t

n ,

as follows:

V t
� (st ;



~! t

1; : : : ; ~! t
n

�
) = R(st ;
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(4.1)

The expectedreward of a joint policy � is given by V 0
� (s0; < null ; : : : ; null > )

wheres0 is the start state. At each time step t, the computation of V t
� performs

a summation over all possibleworld states and agent observations and so has a

time complexity of O (jSj � j
 j). This computation is repeated for all states and
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all observation histories of length t, i.e. O (jSj � j
 j t ) times. Therefore, given a

time horizon T, the overall complexity of this algorithm is O
�
jSj2 � j
 jT +1

�
.

As discussedin Chapter 2.2, in a team-oriented program, each agent's action

selectionis basedon just its currently held private beliefs(note that mutual beliefs

aremodeledasprivately held beliefsabout all agents asper footnote 2). A similar

technique can be exploited when mapping TOP to an RMTDP policy. Indeed,

the evaluation of a RMTDP policy that correspondsto a TOP can be speededup

if each agent's local policy is indexed by its private beliefs,  t
i . We refer to  t

i ,

as the TOP-congruent belief state of agent i in the RMTDP. Note that this belief

state is not a probability distribution over the world states as in a single agent

POMDP, but rather the privately held beliefs(from the BDI program) of agent i

at time t.

Belief-basedRMTDP policy evaluation leadsto speedupbecausemultiple ob-

servation histories map to the samebelief state,  t
i . This speedup is a key il-

lustration of exploitation of synergisticinteractions of TOP and RMTDP. In this

instance,belief representation techniquesusedin TOP are re
ected in RMTDP,

and the resulting faster policy evaluation can help us optimize TOP performance.

A detailed exampleof belief state is presented later after a brief explanation of

how such belief-basedRMTDP policiescan be evaluated.
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Just as with evaluation using observation histories, we compute the expected

reward of a belief-basedpolicy by projecting the team'sexecutionover all possible

brancheson di�erent world states and di�erent observations. At each time step,

we can compute the expected value of a joint policy, � = < � 1; : : : ; � n > , for a

team starting in a given state, st , with a given team belief state, <  t
1 ; : : : ;  t

n >

as follows:

V t
� (st ;



 t

1 : : :  t
n

�
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(4.2)

where  t+1
i = BeliefUp dateF unction

�
 t

i ; ! t+1
i

�

The complexity of computing this function (expression2) is O (jSj � j
 j) �

O (BeliefUp dateF unction ). At each time step the computation of the value

function is done for every state and for all possiblereachable belief states. Let

j	 i j = max 1� t � T (j t
i j) represent the maximum number of possiblebelief states

that agent i can be in at any point in time, where j t
i j is the number of belief
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states that agent i can be in at t. Therefore the complexity of this algorithm is

given by O(jSj2 � j
 j � (j	 1j � : : : � j	 n j) � T) � O (BeliefUp dateF unction ). Note

that, in this algorithm T is not in the exponent unlike in the algorithm in ex-

pression4.1. Thus, this evaluation method will give large time savings if: (i) the

quantit y (j	 1j � : : : � j	 n j) � T is much lessthan j
 jT and (ii) the belief update cost

is low. In practical BDI systems,multiple observation histories map often onto

the samebelief state, and thus usually, (j	 1j � : : : � j	 n j) � T is much lessthan j
 jT .

Furthermore, sincethe belief update function mirrors practical BDI systems,its

complexity is also a low polynomial or a constant. Indeed, our experimental re-

sults show that signi�cant speedupsresult from switching to our TOP-congruent

belief states  t
i . However, in the absoluteworst case,the belief update function

may simply append the new observation to the history of past observations (i.e.,

TOP-congruent beliefswill be equivalent to keepingentire observation histories)

and thus belief-basedevaluation will have the samecomplexity asthe observation

history-basedevaluation.

We now turn to an exampleof belief-basedpolicy evaluation from the mission

rehearsaldomain. At each time step, the transport helicopters may receive an

observation about whether a scouthasfailed basedon someobservation function.

If we use the observation-history representation of the policy, then each trans-

port agent would maintain a complete history of the observations that it could
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receive at each time step. For example,in a setting with two scouthelicopters,one

on route 1 and the other on route 2, a particular transport helicopter may have

several di�erent observation historiesof length two. At every time step, the trans-

ports may receive an observation about each scout being alive or having failed.

Thus, at time t = 2, a transport helicopter might have one of the following ob-

servation histories of length two,


f sct1OnRoute1Al ive;sct2OnRoute2Al iveg1 ;

f sct1OnRoute1F ail ed;sct2OnRoute2F ail edg2�
, hf sct1OnRoute1Al ive;sct2On�

Route2F ail edg1 ; f sct1OnRoute1F ail edg2� , hfsct1OnRoute1F ail ed;sct2OnRou�

te2Al iveg1 ; f sct2OnRoute2F ail edg2�
, etc. However, the action selectionof the

transport helicoptersdependson only whether a critical failure (i.e. the last re-

maining scout has crashed)has taken placeto changeits role. Whether a failure

is critical can be determinedby passingeach observation through a belief-update

function. The exact order in which the observations are received or the precise

times at which the failure or non-failure observations are received are not rele-

vant to determining if a critical failure hastaken placeand consequently whether

a transport should changeits role to a scout. Thus, many observation histories

map onto the samebelief states. For example,the above three observation histo-

ries all map to the samebelief Cr itical F ail ur e(DoScouting) i.e. a critical failure

has taken place. This results in signi�cant speedupsusing belief-basedevalua-

tion, asEquation 4.2 needsto be executedover a smallernumber of belief states,
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linear in T in our domains, as opposedto the observation history-basedevalua-

tion, where Equation 4.1 is executedover an exponential number of observation

histories (j
 jT ). The actual speedupobtained in the missionrehearsaldomain is

demonstratedempirically in Chapter 5.4.
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Chapter 5

Optimizing role allo cation

While Chapter 4 focusedon mapping a domain of interest onto RMTDP and

algorithms for policy evaluation, this chapter focuseson e�cien t techniques for

RMTDP policy search, in serviceof improving BDI/TOP team plans. The TOP

in essenceprovides an incomplete, �xed policy, and the policy search optimizes

decisionsleft open in the incompletepolicy; the policy thus completedoptimizes

the original TOP (seeFigure 1.1). By enabling the RMTDP to focus its search

on incompletepolicies,and by providing ready-madedecompositions,TOPs assist

RMTDPs in quickly searching through the policy space,asillustrated in this chap-

ter. We focus, in particular, on the problem of role allocation [26, 35, 58, 16], a

critical problem in teams. While the TOP providesan incompletepolicy, keeping

open the role allocation decisionfor each agent, the RMTDP policy search pro-

vides the optimal role-taking action at each of the role allocation decisionpoints.
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In contrast to previous role allocation approaches,our approach determinesthe

best role allocation, taking into considerationthe uncertainty in the domain and

future costs. Although demonstratedfor solving the role allocation problem, the

methodology is generalenoughto apply to other coordination decisions.

5.1 Hierarc hical grouping of RMTDP policies

As mentioned earlier, to addressrole allocation, the TOP provides a policy that

is complete,except for the role allocation decisions.RMTDP policy search then

optimally �lls in the role allocation decisions.To understandthe RMTDP policy

search, it is useful to gain an understanding of the role allocation search space.

First, note that role allocation focuseson deciding how many and what types

of agents to allocate to di�erent roles in the organization hierarchy. This role

allocation decisionmay be madeat time t = 0 or it may be madeat a later time

conditioned on available observations. Figure 5.1 shows a partially expanded

role allocation spacede�ned by the TOP organization hierarchy in Figure 2.3(a)

for six helicopters. Each node of the role allocation spacecompletelyspeci�es the

allocation of agents to rolesat the corresponding level of the organizationhierarchy

(ignore for now, the number to the right of each node). For instance,the root node

of the role allocation spacespeci�es that six helicoptersare assignedto the Task

Force(level one)of the organizationhierarchy while the leftmost leafnode(at level
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three) in Figure 5.1 speci�es that onehelicopter is assignedto SctTeamA, zeroto

SctTeamB, zero to SctTeamC and �v e helicopters to Transport Team. Thus, as

we can see,each leaf node in the role allocation spaceis a complete, valid role

allocation of agents to roles in the organization hierarchy.

In order to determineif oneleafnode(role allocation) is superior to anotherwe

evaluate each using the RMTDP by constructing an RMTDP policy for each. In

this particular example,the role allocation speci�ed by the leaf node corresponds

to the role-taking actionsthat each agent will executeat time t = 0. For example,

in the caseof the leftmost leaf in Figure 5.1, at time t = 0, one agent (recall

from Chapter 2.2 that this is a homogeneousteam and hencewhich speci�c agent

doesnot matter) will becomea member of SctTeamA while all other agents will

becomemembersof Transport Team. Thus, for oneagent i , the role-taking policy

will include � i � (null ) = j oinSctTeamA and for all other agents, j; j 6= i , it

will include � j � (null ) = j oinT ransportT eam. In this case,we assumethat the

rest of the role-taking policy, i.e. how roles will be reallocated if a scout fails,

is obtained from the role reallocation algorithm in the BDI/TOP interpreter,

such as the STEAM algorithm [55]. Thus for example,if the role reallocation is

indeedperformedby the STEAM algorithm, then STEAM's reallocation policy is

included into the incompletepolicy that the RMTDP is initially provided. Thus,

the best role allocation is computedkeepingin mind STEAM's reallocation policy.
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In STEAM, given a failure of an agent playing RoleF , an agent playing RoleR will

replaceit if:

Cr itical ity (RoleF ) � Cr itical ity (RoleR ) > 0

Cr itical ity (x) = 1 if x is critical ; = 0 otherwise

Thus, if basedon the agents' observations, a critical failure hastaken place,then

the replacingagent's decisionto replaceor not will be computedusing the above

expressionand then included in the incompletepolicy input to the RMTDP. Since

such an incomplete policy is completedby the role allocation at each leaf node

usingthe techniqueabove,wehavebeenableto construct a policy for the RMTDP

that corresponds to the role allocation.
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Figure 5.1: Partially expandedrole allocation spacefor mission rehearsaldo-
main(six helos).

51



In somedomains like RoboCupRescue,not all allocation decisionsare made

at time t = 0. In such domains, it is possiblefor the role allocation to be con-

ditioned on observations (or communication) that are obtained during the course

of the execution. For instance,asshown in Figure 2.7(a), in the RoboCupRescue

scenario,the ambulancesare allocated to the sub-teamAmbulanceTeamA or Am-

bulanceTeamB only after information about the location of civilians is conveyed to

them by the �re engines.The allocation of the ambulancesis then conditionedon

this communication, i.e. on the number of civilians at each location. Figure 5.2

shows the partially expandedrole allocation for a scaled-down rescuescenario

with three civilians, two ambulancesand two �re engines(one at station 1 and

the other at station 2). In the Figure, 1;1;2 depicts the fact that there are two

ambulances,while there is one �re engineat each station. As shown, there is a

level for the allocation of �re enginesto EngineTeamA and EngineTeamB which

givesthe number of enginesassignedto each EngineTeam from each station. The

next level (leaf level) hasdi�erent leaf nodesfor each possibleassignment of am-

bulancesto AmbulanceTeamA and AmbulanceTeamB depending upon the value

of communication \c". Since there are three civilians and we exclude the case

whereno civilians are present at a particular �re, there are two possiblemessages

i.e. onecivilian at �re 1 or two civilians at �re 1 (c = 1 or 2).
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TaskForce=1;1;2

1;1;2

EngineTeamA=0;1 EngineTeamB=1;0 AmbTeam=2

1;1;2

EngineTeamA=1;0 EngineTeamB=0;1 AmbTeam=2

1;1;2

0;1 1;0 2

AmbTeamA=2 AmbTeamB=0
c=1

AmbTeamA=1 AmbTeamB=1
c=2

1;1;2

0;1 1;0 2

AmbTeamA=1 AmbTeamB=1
c=1

AmbTeamA=1 AmbTeamB=1
c=2

Figure 5.2: Partially expandedrole allocation spacefor Rescuedomain (one �re
engineat station 1, one �re engineat station 2, two ambulances,three civilians).

We are thus able to exploit the TOP organizationhierarchy to createa hierar-

chical grouping of RMTDP policies. In particular, while the leaf node represents

a completeRMTDP policy (with the role allocation asspeci�ed by the leaf node),

a parent node represents a group of policies. Evaluating a policy speci�ed by a

leaf node is equivalent to evaluating a speci�c role allocation while taking future

uncertainties into account. We could do a brute force search through all role

allocations, evaluating each in order to determine the best role allocation. How-

ever, the number of possiblerole allocations is exponential in the leaf rolesin the

organization hierarchy. Thus, we must prune the search space.

5.2 Pruning the role allo cation space

We prune the spaceof valid role allocations using upper bounds(MaxEstimates)

for the parents of the leaves of the role allocation spaceas admissibleheuristics
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(Chapter 5.3). Each leaf in the role allocation spacerepresents a completely

speci�ed policy and the MaxEstimate is an upper bound of maximum value of

all the policies under the sameparent node evaluated using the RMTDP. Once

we obtain MaxEstimates for all the parent nodes(shown in brackets to the right

of each parent node in Figure 5.1), we usebranch-and-bound style pruning (see

Algorithm 2). While we discussAlgorithm 2 below, we note that in essenceit

performs branch-and-bound style pruning; the key novelty is step 2 which we

discussin Chapter 5.3.

The branch-and-bound algorithm works as follows: First, we sort the parent

nodesby their estimatesand then start evaluating children of the parent with the

highest MaxEstimate (Algorithm 2: steps3-13). Evaluate(RMTDP, child) refers

to the evaluation of the leaf-level policy, child, using the RMTDP model. This

evaluation of leaf-level policies(step 13) can be doneusing either of the methods

described in Chapter 4. In the caseof the role allocation spacein Figure 5.1, we

would start with evaluating the leavesof the parent nodethat hasonehelicopterin

Scouting Team and �v e in Transport Team. The valueof evaluating each leaf node

is shown to the right of the leaf node. Oncewe have obtained the valueof the best

leaf node (Algorithm 2: steps14,15), in this case1500.12,we comparethis with

the MaxEstimates of the other parents of the role allocation space(Algorithm 2:

steps16-18). As we can seefrom Figure 5.1 this would result in pruning of three
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parent nodes(leftmost parent and right two parents) and avoid the evaluation of

65 of the 84 leaf-level policies. Next, we would then proceedto evaluate all the

leaf nodesunder the parent with two helosin Scouting Team and four in Transport

Team. This would result in pruning of all the remainingunexpandedparent nodes

and we will return the leaf with the highest value, which in this caseis the node

corresponding to two helosallocated to SctTeamA and four to Transport Team.

Although demonstratedfor a 3-level hierarchy, the methodology for applying to

deeper hierarchies is straightforward.

Algorithm 2 Branch-and-bound algorithm for policy search.
1: Parents  list of parent nodes
2: Compute MAXEXP(P arents) f Algorithm 3g
3: Sort Parents in decreasingorder of MAXEXP
4: bestVal  �1
5: for all parent 2 Parents do
6: done[parent]  false;pruned[parent]  false
7: for all parent 2 Parents do
8: if done[parent] = falseand pruned[parent] = falsethen
9: child  parent ! nextChild() f child is a leaf-level policy under parentg

10: if child = null then
11: done[parent]  true
12: else
13: childVal  Evaluate(RMTDP,child)
14: if childVal > bestVal then
15: bestVal  childVal;best  child
16: for all parent1 in Parents do
17: if MAXEXP[parent1] < bestVal then
18: pruned[parent1]  true
19: return best
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5.3 Exploiting TOP to calculate upp er bounds

for paren ts

We will now discusshow the upper boundsof parents, called MaxEstimates, can

be calculatedfor each parent. The MaxEstimate of a parent is de�ned asa strict

upper bound of the maximum of the expectedreward of all the leafnodesunder it.

It is necessarythat the MaxEstimate be an upper bound or elsewe might end up

pruning potentially usefulrole allocations. In order to calculatethe MaxEstimate

of each parent wecouldevaluateeach of the leafnodesbelow it usingthe RMTDP,

but this would nullify the bene�t of any subsequent pruning. We, therefore,turn

to the TOP plan hierarchy (seeFigure 2.3(b)) to break up this evaluation of the

parent nodeinto components, which canbeevaluatedseparatelythusdecomposing

the problem. In other words, our approach exploits the structure of the BDI

programto construct small-scaleRMTDPs unlike other decomposition techniques

which just assumedecomposition or ultimately rely on domain experts to identify

interactions in the agents' reward and transition functions [10, 22].

For each parent in the role allocation space,we use thesesmall-scaleRMT-

DPs to evaluate the valuesfor each TOP component. Fortunately, as discussed

in Chapter 4.1, we exploited small-scaleRMTDPs corresponding to TOP compo-

nents in constructing larger scaleRMTDPs. We put thesesmall-scaleRMTDPs
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to useagain, evaluating policieswithin each component to obtain upper bounds.

Note that just like in evaluation of leaf-level policies,the evaluation of components

for the parent node can be doneusing either the observation histories (seeEqua-

tion 4.1) or belief states (seeEquation 4.2). We will describe this chapter using

the observation history-basedevaluation method for computing the valuesof the

components of each parent, which can be summedup to obtain its MaxEstimate

(an upper bound on its children's values). Thus, whereasa parent in the role

allocation spacerepresents a group of policies, the TOP components (sub-plans)

allow a component-wise evaluation of such a group to obtain an upper bound on

the expectedreward of any policy within this group.

Algorithm 3 exploits the smaller-scaleRMTDP components, discussedin Chap-

ter 4.1, to obtain upper bounds of parents. First, in order to evaluate the Max-

Estimate for each parent node in the role allocation space,we identify the start

statesfor each component from which to evaluate the RMTDPs. We explain this

step usinga parent node from Figure 5.1 { Scouting Team = two helos,Transport

Team = four helos(seeFigure 5.3). For the very �rst component which doesnot

have any precedingcomponents, the start states corresponds to the start states

of the policy that the TOP was mapped onto. For each of the next components

{ wherethe next component is one linked by a sequential dependence{ the start

statesare the endstatesof the precedingcomponent. However, asexplainedlater
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in this chapter, we cansigni�cantly reducethis list of start statesfrom which each

component can be evaluated.

Algorithm 3 MAXEXP method for calculating upper boundsfor parents in the
role allocation space.

1: for all parent in search spacedo
2: MAXEXP[parent]  0
3: for all component i corresponding to factors in the RMTDP from Chap-

ter 4.1 do
4: if component i hasa precedingcomponent j then
5: Obtain start states,states[i ]  endStates[j ]
6: states[i ]  remo veIrrelev antF eatures (states[i ]) f discard features

not present in Si g
7: Obtain corresponding observation histories at start OH istor ies[i ]  

endOH istor ies[j ]
8: OH istor ies[i ]  remo veIrrelev antObserv ations (OH istor ies[i ])
9: else

10: Obtain start states,states[i ]
11: Observation histories at start OH istor ies[i ]  null
12: maxE val[i ]  0
13: for all leaf-level policies � under parent do
14: maxE val[i ]  max (maxE val[i ]; max si 2 states [i ];ohi 2 OH istor ies[i ]

(Evaluate(RM TDPi ; si ; ohi ; � )))
15: MAXEXP[parent] + maxE val[i ]

Similarly, the starting observation histories for a component are the observa-

tion historieson completing the precedingcomponent (no observation history for

the very �rst component). BDI plans do not normally refer to entire observation

histories but rely only on key beliefs which are typically referred to in the pre-

conditions of the component. Each starting observation history can be shortened

to include only theserelevant observations, thus obtaining a reducedlist of start-

ing observation sequences.Divergenceof private observations is not problematic,
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e.g. will not causeagents to trigger di�erent team plans. This is becauseas

indicated earlier in Chapter 2.2, TOP interpreters guarantee coherencein key as-

pectsof observation histories. For instance,asdiscussedearlier, TOP interpreter

ensurescoherencein key beliefswhen initiating and terminating team plans in a

TOP; thus avoiding such divergenceof observation histories.

In order to compute the maximum value for a particular component, we eval-

uate all possibleleaf-level policies within that component over all possiblestart

statesand observation histories and obtain the maximum (Algorithm 3:steps13-

14). During this evaluation, we store all the end states and ending observation

historiessothat they canbe usedin the evaluation of subsequent components. As

shown in Figure 5.3, for the evaluation of DoScouting component for the parent

node where there are two helicoptersassignedto Scouting Team and four helos

to Transport Team, the leaf-level policies correspond to all possibleways these

helicopterscould be assignedto the teamsSctTeamA, SctTeamB, SctTeamC and

Transport Team, e.g. onehelo to SctTeamB, onehelo to SctTeamC and four helos

to Transport Team, or two helosto SctTeamA and four helosto Transport Team,

etc. The role allocation tells the agents what role to take in the �rst step. The

remainder of the role-taking policy is speci�ed by the role replacement policy in

the TOP infrastructure and role-executionpolicy is speci�ed by the DoScouting

component of the TOP.
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To obtain the MaxEstimate for a parent node of the role allocation space,

we simply sum up the maximum values obtained for each component (Algo-

rithm 3:steps 15), e.g. the maximum values of each component (see right of

each component in Figure 5.3) were summedto obtain the MaxEstimate (84 +

3330+ 36 = 3420). As seenin Figure 5.1, third node from the left indeedhasan

upper bound of 3420.

The calculation of the MaxEstimate for a parent nodesshouldbe much faster

than evaluating the leaf nodes below it in most casesfor two reasons. Firstly,

parent nodesare evaluated component-wise. Thus, if multiple leaf-level policies

within onecomponent result in the sameend state, we can remove duplicates to

get the start states of the next component. Sinceeach component only contains

the state features relevant to it, the number of duplicates is greatly increased.

Such duplication of the evaluation e�ort cannot be avoided for leaf nodes,where

each policy is evaluated independently from start to �nish. For instance, in the

DoScouting component, the role allocation, SctTeamA=1, SctTeamB=1, Sct-

TeamC=0, TransportTeam=4 and the role allocation SctTeamA=1, SctTeamB=0,

SctTeamC=1, TransportTeam=4 will have end states in commonafter eliminat-

ing irrelevant featureswhen the scout in SctTeamB for the former allocation and

the scout in SctTeamC for the latter allocation fail. This is becausethrough fea-

ture elimination (Algorithm 3:steps6), the only state features retained for the
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DoT ransp ort component are the scoutedroute and number of transports (some

transports may have replacedfailed scouts)as shown in Figure 5.3.

The secondreasoncomputation of MaxEstimates for parents is much faster

is that the number of starting observation sequenceswill be much lessthan the

number of ending observation histories of the precedingcomponents. This is be-

causenot all the observations in the observation histories of a component are

relevant to its succeedingcomponents (Algorithm 3:steps8). Thus, the function

remo veIrrelev antObserv ations reducesthe number of starting observation his-

tories from the observation historiesof the precedingcomponent.

We refer to this methodology of obtaining the MaxEstimates of each parent

as MAXEXP . A variation of this, the maximum expected reward with no fail-

ures (NOFAIL), is obtained in a similar fashion except that we assumethat the

probability of any agent failing is 0. We are able to make such an assumptionin

evaluating the parent node, sincewe focuson obtaining upper boundsof parents,

and not on obtaining their exactvalue. This will result in lessbranching and hence

evaluation of each component will proceedmuch quicker. The NOFAIL heuristic

only works if the evaluation of any policy without failuresoccurring is higher than

the evaluation of the samepolicy with failures possible.This should normally be

the casein most domains. The evaluation of the NOFAIL heuristics for the role

allocation spacefor six helicoptersis shown in squarebrackets in Figure 5.1.
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DoScouting
[ScoutingTeam=2,TransportTeam=4]

DoTransport
[TransportTeam=4]

RemainingScouts
[ScoutTeam=2]

Alloc:
SctTeamA=2
SctTeamB=0
SctTeamC=0

TransportTeam=4

Alloc:
SctTeamA=0
SctTeamB=1
SctTeamC=1

TransportTeam=4

StartState:
RouteScouted=1

Transports=4

StartState:
RouteScouted=1

Transports=3

StartState:
RouteScouted=1

Transports=0

[84] [3300] [36]

Figure 5.3: Component-wise decomposition of a parent by exploiting TOP.

The following theoremshows that the MAXEXP method for �nding the upper

boundsindeed�nds an upper bound and thusyieldsan admissiblesearch heuristic

for the branch-and-bound search of the role allocation space.

Theorem 3 The MAXEXP method wil l alwaysyield an upper bound.

Pro of: SeeAppendix C.

From Theorem 3, we can concludethat our branch-and-bound policy search

algorithm will always �nd the best role allocation, sincethe MaxEstimates of the

parents are true upper bounds. Also, with the help of Theorem 4, we show that

in the worst case,our branch-and-bound policy search has the samecomplexity

as doing a brute forcesearch.

Theorem 4 Worst-casecomplexityfor evaluatinga singleparent nodeusingMAX-

EXP is the sameas that of evaluatingevery leaf node below it within a constant

factor.
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Pro of sketch:

� The worst casecomplexity for MAXEXP ariseswhen:

1. Let ESj � be the end states of component j executing policy � after

removing features that are irrelevant to the succeedingcomponent k.

Similarly, let ESj � 0 bethe endstatesof component j executingpolicy � 0

after removing featuresthat are irrelevant to the succeedingcomponent

k. If ESj �
T

ESj � 0 = null then no duplication in the end states will

occur.

2. Let OH j � be the ending observation histories of component j execut-

ing policy � after removing observations that are irrelevant to the suc-

ceedingcomponent k. Similarly, let OH j � 0 be the ending observation

histories of component j executing policy � 0 after removing observa-

tion histories that are irrelevant to the succeedingcomponent k. If

OH j �
T

OH j � 0 = null then no duplication in the observation histories

will occur. Note that if the belief-basedevaluation was usedthen we

would replaceobservation historiesby the TOP congruent belief states

(seeChapter 4).

� In such a case,there is no computational advantage to evaluating each com-

ponent's MaxEstimate separately. Thus, it is equivalent to evaluating each
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child node of the parent. Thus, in the worst case,MAXEXP computation

for the parent is the sameasthe evaluating all its children within a constant

factor. �

In addition, in the worst case,no pruning will result usingMAXEXP and each

and every leafnodewill needto beevaluated. This is equivalent to evaluating each

leaf node twice. Thus, the worst casecomplexity of doing the branch-and-bound

search using MAXEXP is the sameas that of �nding the best role allocation by

evaluating every leaf node. We refer to this brute-force approach as NOPRUNE.

Thus, the worst casecomplexity of MAXEXP is the sameas NOPRUNE. How-

ever, owing to pruning and the savings through decomposition in the computation

of MaxEstimates, signi�cant savings are likely in the averagecase. Chapter 5.4

highlights these savings for the mission rehearsaland the RoboCupRescuedo-

mains.
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5.4 Exp erimen tal Results

This sectionpresents four setsof results in the context of the two domainsintro-

duced in Chapter 2.1, viz. missionrehearsaland RoboCupRescue[29]. First, we

investigatedempirically the speedupsthat result from using the TOP-congruent

belief states i (belief-basedevaluation) over observation history-basedevaluation

and from using the algorithm from Chapter 5 over a brute-force search. Here we

focus on determining the best assignment of agents to roles; but assumea �xed

TOP and TOP infrastructure. Second,we conductedexperiments to investigate

the bene�ts of consideringuncertainty in determining role allocations. For this,

we comparedthe allocationsfound by the RMTDP role allocation algorithm with

(i) allocations which do not considerany kind of uncertainty, and (ii) allocations

which do not considerobservational uncertainty but consideraction uncertainty.

Third, we conductedexperiments in both domainsto determinethe sensitivity of

the results to changesin the model. Fourth, we comparethe performanceof allo-

cationsfound by the RMTDP role allocation algorithm with allocationsof human

subjects in the more complexof our domains{ RoboCupRescuesimulations.

5.4.1 Results in Mission Rehearsal Domain

For the mission rehearsaldomain, the TOP is the one discussedin Chapter 2.2.

As can be seenin Figure 2.3(a), the organization hierarchy requiresdetermining
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the number of agents to be allocated to the three scouting sub-teamsand the

remaining helosmust be allocated to the transport sub-team. Di�eren t numbers

of initial helicopterswereattempted, varying from threeto ten. The detailson how

the RMTDP is constructedfor this domainaregivenAppendix B. The probability

of failure of a scout at each time step on routes 1, 2 and 3 are 0:1, 0:15 and 0:2,

respectively. The probability of a transport observingan alive scout on routes 1,

2 and 3 are 0:95, 0:94 and 0:93, respectively. Falsepositivesare not possible,i.e.

a transport will not observe a scoutasbeing alive if it hasfailed. The probability

of a transport observinga scout failure on routes 1, 2 and 3 are 0:98, 0:97 and

0:96, respectively. Heretoo, falsepositivesare not possibleand hencea transport

will not observe a failure unlessit hasactually taken place.

Figure 5.4 shows the results of comparingthe di�erent methods for searching

the role allocation space.We show four methods. Each method addsnewspeedup

techniquesto the previous:

1. NOPRUNE-OBS: A brute forceevaluation of every role allocation to deter-

mine the best. Here, each agent maintains its completeobservation history

and the evaluation algorithm in Equation 4.1 is used. For ten agents, the

RMTDP is projected to have in the order of 10,000reachable statesand in

the order of 100,000observation historiesper role allocation evaluated (thus

the largest experiment in this categorywas limited to seven agents).
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2. NOPRUNE-BEL: A brute force evaluation of every role allocation. The

only di�erence betweenthis method and NOPRUNE-OBS is the useof the

belief-basedevaluation algorithm (seeEquation 4.2).

3. MAXEXP: The branch-and-boundsearch algorithm describedin Chapter 5.2

that usesupper boundsof the evaluation of the parent nodesto �nd the best

allocation. Evaluation of the parent and leaf nodes usesthe belief-based

evaluation.

4. NOFAIL: The modi�cation to branch-and-bound heuristic mentioned in

Chapter 5.3. In essenceit is same as MAXEXP , except that the upper

boundsare computedmaking the assumptionthat agents do not fail. This

heuristic is correct in those domainswhere the total expected reward with

failures is always lessthan if no failures were present and will give signi�-

cant speedupsif agent failures is oneof the primary sourcesof stochasticity.

In this method, too, the evaluation of the parent and leaf nodes usesthe

belief-basedevaluation. (Note that only upper boundsare computedusing

the no-failure assumption{ no changesare assumedin the actual domains.)

In Figure 5.4(a), the Y-axis is the number of nodesin the role allocation space

evaluated (includes leaf nodesaswell asparent nodes),while in Figure 5.4(b) the

Y-axis represents the runtime in secondson a logarithmic scale.In both �gures, we
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vary the number of agents on the X-axis. Experimental results in previouswork

using distributed POMDPs are often restricted to just two agents; by exploiting

hybrid models, we are able to vary the number of agents from three to ten as

shown in Figure 5.4(a). As clearly seenin Figure 5.4(a), becauseof pruning, sig-

ni�can t reductionsareobtainedby MAXEXP and NOFAIL over NOPRUNE-BEL

in terms of the numbers of nodesevaluated. This reduction grows quadratically

to about 10-fold at ten agents.1 NOPRUNE-OBS is identical to NOPRUNE-BEL

in terms of number of nodes evaluated, since in both methods all the leaf-level

policies are evaluated, only the method of evaluation di�ers. It is important to

note that although NOFAIL and MAXEXP result in the samenumber of nodes

being evaluated for this domains, this is not necessarilytrue always. In general,

NOFAIL will evaluate at leastasmany nodesasMAXEXP sinceits estimateis at

leastashigh asthe MAXEXP estimate. However, the upper boundsarecomputed

quicker for NOFAIL.

Figure 5.4(b) shows that the NOPRUNE-BEL method provides a signi�cant

speedupover NOPRUNE-OBS in actual run-time. For instance, there was a 12-

fold speedup using NOPRUNE-BEL instead of NOPRUNE-OBS for the seven

agent case(NOPRUNE-OBS could not be executedwithin a day for problem

1The number of nodes for NOPRUNE up to eight agents were obtained from experiments,
the rest can be calculated using the formula [m]n =n! = (m + n � 1) � : : : � m=n!, where m
represents the number of heterogeneousrole typesand n is the number of homogeneousagents.
[m]n = (m + n � 1) � : : : � m is referred to as a rising factorial.
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settingswith greater than seven agents). This empirically demonstratesthe com-

putational savings possibleusing belief-basedevaluation instead of observation

history-based evaluation (see Chapter 4). For this reason, we use only belief-

basedevaluation for the MAXEXP and NOFAIL approachesand also for all the

remainingexperiments in this dissertation. MAXEXP heuristic resultsin a 16-fold

speedupover NOPRUNE-BEL in the eight agent case.

The NOFAIL heuristic which is very quick to compute the upper bounds

far outperforms the MAXEXP heuristic (47-fold speedupover MAXEXP for ten

agents). Speedupsof MAXEXP and NOFAIL continually increasewith increas-

ing number of agents. The speedupof the NOFAIL method over MAXEXP is so

marked because,in this domain, ignoring failures results in much lessbranching.

Next, we conductedexperiments illustrating the importanceof RMTDP's rea-

soning about action and observation uncertainties on role allocations. For this,

we comparedthe allocationsfound by the RMTDP role allocation algorithm with

allocations found using two di�erent methods (seeFigure 5.5):

1. Role allocation via constraint optimization (COP [35, 32]) allocation ap-

proach: In the COP approach2, leaf-level sub-teamsfrom the organization

hierarchy are treated as variablesand the number of helicoptersas the do-

main of each such variable (thus, the domain may be 1, 2, 3,..helicopters).

2Modi et al.'s work [35] focusedon decentralized COP, but in this investigation our emphasis
is on the resulting role allocation generatedby the COP, and not on the decentralization per se.

69



0

50

100

150

200

250

300

350

3 4 5 6 7 8 9 10

Number of agents

N
u
m

b
e
r 

o
f 
n
o
d
e
s

NOFAIL, MAXEXP

NOPRUNE-OBS,
NOPRUNE-BEL

(a)

0.01

0.1

1

10

100

1000

10000

100000

3 4 5 6 7 8 9 10
Number of agents

T
im

e
 in

 s
e
cs

 (
lo

g
 s

ca
le

)

MAXEXP
NOFAIL
NOPRUNE-BEL
NOPRUNE-OBS

(b)

Figure 5.4: Performanceof role allocation spacesearch in mission rehearsaldo-
main, a) Number of nodesevaluated, b) Run-time in secondson a log scale.
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The reward for allocating agents to sub-teamsis expressedin terms of con-

straints:

� Allocating a helicopter to scout a route was assigneda reward corre-

sponding to the route's distancebut ignoring the possibility of failure

(i.e. ignoring transition probability). Allocating more helicopters to

this subteamobtained proportionally higher reward.

� Allocating a helicoptera transport role wasassigneda largereward for

transporting cargo to the destination. Allocating more helicoptersto

this subteamobtained proportionally higher reward.

� Not allocating at leastonescout role wasassigneda reward of negative

in�nit y

� Exceedingthe total number of agents wasassigneda reward of negative

in�nit y

2. RMTDP with complete observabilit y: In this approach, we consider the

transition probability, but ignore partial observabilit y; achieved by assum-

ing complete observabilit y in the RMTDP. An MTDP with complete ob-

servabilit y is equivalent to a Markov DecisionProblem (MDP) [45] where

the actions are joint actions. We, thus, refer to this allocation method as

the MDP method.
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Figure 5.5(a) shows a comparisonof the RMTDP-based allocation with the

MDP allocation and the COP allocation for increasingnumber of helicopters(X-

axis). We compareusing the expectednumber of transports that get to the desti-

nation (Y-axis) as the metric for comparisonsincethis was the primary objective

of this domain. As can be seen,consideringboth forms of uncertainty (RMTDP)

performsbetter than just consideringtransition uncertainty (MDP) which in turn

performsbetter than not consideringuncertainty (COP). Figure 5.5(b) shows the

actual allocations found by the three methods with four helicoptersand with six

helicopters. In the caseof four helicopters(�rst three bars), RMTDP and MDP

are identical, two helicoptersscoutingroute 2 and two helicopterstaking on trans-

port role. The COP allocation however consistsof onescouton route 3 and three

transports. This allocation provesto betoo myopic and resultsin fewer transports

getting to the destination safely. In the caseof six helicopters,COP choosesjust

one scout helicopter on route 3, the shortest route. The MDP approach results

in two scouts both on route 1, which was longest route albeit the safest. The

RMTDP approach, which also considersobservational uncertainty chooseto al-

locate the two scouts to route 1 and route 2, in order to take care of the cases

wherefailures of scoutsgo undetectedby the transports.

It should be noted that the performanceof the RMTDP-based allocation will

dependon the valuesof the elements of the RMTDP model. However, asour next
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Figure 5.5: a) Comparison of performanceof di�erent allocation methods, b)
Allocations found using di�erent allocation methods.
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experiment revealed,getting the valuesexactly correct is not necessary. In order

to test the sensitivity of the performanceof the allocations to the actual model

values,we introducederror in the variousparametersof the model to seehow the

allocations found using the incorrect model would perform in the original model

(without any errors). This emulates the situation wherethe model doesnot cor-

rectly represent the domain. Figure 5.6 shows the expectednumber of transports

that reach the destination (Y-axis) in the missionrehearsalscenariowith six he-

licopters as error (X-axis) is introduced to various parametersin the model. For

instance,when the percentage error in failure rate on route 1 (route1-failure-rate)

was between -15% (i.e. erroneousfailure rate is 85% of actual failure rate) and

10%, there was no di�erence in the number of transports that reached their des-

tination (3.498). However when the percentage error was greater than 10%, the

allocation found was too conservative resulting in fewer transports getting to the

destination. Similarly, when the percentage error was lessthan -15%, the alloca-

tion found was too risky, with too few scoutsassigned,resulting in more failures.

In general,Figure 5.6 shows that the model is insensitive to errors of 5 to 10%in

the model parametersfor the missionrehearsaldomain, but if the model parame-

ters were outside this range,non-optimal allocations would result. In comparing

thesenon-optimal allocationswith COP, we �nd that they always perform better

than COP for the rangeof errors tested (+/-25%) for both failure rate aswell as
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observabilit y of routes. For instance,at an error of 25%in failure rate on route 1,

RMTDP managedto have 2.554transports safelyreach the destination, and COP

only managedto get 1.997transports reach safely. In comparingthe non-optimal

allocationswith MDP, we also�nd that they performedbetter than MDP within

the rangeof +/- 25%for error in the observabilit y of the routes. Thus, although

the allocations found using an incorrect model were non-optimal they performed

better than COP and MDP for large rangesof errors in the model. This shows

that getting the model exactly correct is not necessaryto �nd good allocations.

We are thus able to obtain bene�ts from RMTDP even without insisting on an

accuratemodel.
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5.4.2 Results in Rob oCupRescue Domain

5.4.2.1 Speedups in Rob oCupRescue Domain

In our next set of experiments, we highlight the computational savings obtained

in the RoboCupRescuedomain. The scenariofor this experiment consistedof two

�res at di�erent locations in the city. Each of these�res has a di�erent initially

unknown number of civilians in it, however the total number of civilians and the

distribution from which the locations of the civilians is chosenis known ahead

of time. For this experiment, we �x the number of civilians at �v e and set the

distribution usedto choosethe civilians' locations to be uniform. The number of

�re enginesis set at �v e, located in three di�erent �re stations as described in

Chapter 2.1 and vary the number of ambulances,all co-located at an ambulance

center, from two to seven. The reasonwe choseto changeonly the number of

ambulancesis becausesmall number of �re enginesare unable to extinguish �res,

changing the problem completely. The goal is to determinewhich �re enginesto

allocate to which �re and once information about civilians is transmitted, how

many ambulancesto sendto each �re location.

Figure 5.7 highlights the savings in terms of the number of nodesevaluated

and the actual runtime as we increasethe number of agents. We show results

only from NOPRUNE-BEL and MAXEXP . NOPRUNE-OBS could not be run

becauseof slowness. Here the NOFAIL heuristic is identical to MAXEXP since
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agents cannot fail in this scenario. The RMTDP in this casehad about 30,000

reachable states.

In both Figures 5.7(a) and 5.7(b), we increasethe number of ambulances

along the X-axis. In Figure 5.7(a), we show the number of nodesevaluated (par-

ent nodes+ leaf nodes)3 on a logarithmic scale. As can be seen,the MAXEXP

method results in about a 89-folddecreasein the number of nodesevaluated when

comparedto NOPRUNE-BEL for seven ambulances,and this decreasebecomes

more pronouncedas the number of ambulancesis increased.Figure 5.7(b) shows

the time in secondson a logarithmic scaleon the Y-axis and comparesthe run-

times of the MAXEXP and NOPRUNE-BEL methods for �nding the best role

allocation. The NOPRUNE-BEL method couldnot �nd the bestallocation within

a day whenthe number of ambulanceswasincreasedbeyond four. For four ambu-

lances(and �v e �re engines),MAXEXP resulted in about a 29-fold speedupover

NOPRUNE-BEL.
3The number of nodesevaluated using NOPRUNE-BEL can be computed as (f 1 + 1) � (f 2 +

1) � (f 3 + 1) � (a + 1)c+1 , where f 1, f 2 and f 3 are the number of �re enginesare station 1, 2
and 3, respectively, a is the number of ambulancesand c is the number of civilians. Each node
provides a complete conditional role allocation, assumingdi�eren t numbers of civilians at each
�re station.
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Figure 5.7: Performanceof role allocation spacesearch in RoboCupRescue,a)
Number of nodesevaluated on a log scale,and b) Run-time in secondson a log
scale.
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5.4.2.2 Allo cation in Rob oCupRescue

Our next setof experiments showsthe practical utilit y of our role allocation analy-

sis in complex domains. We are able to show signi�cant performanceimprove-

ments in the actual RoboCupRescuedomain using the role allocations generated

by our analysis. First, we construct an RMTDP for the rescuescenario,described

in Chapter 2.1, by taking guidance from the TOP and the underlying domain

(as described in Chapter 4.1). We then usethe MAXEXP heuristic to determine

the best role allocation. We comparedthe RMTDP allocation with the alloca-

tions chosenby human subjects. Our goal in comparingRMTDP allocationswith

human subjects was mainly to show that RMTDP is capableat performing at

or near human expert levels for this domain. In addition, in order to determine

that reasoningabout uncertainty actually impacts the allocations, we compared

the RMTDP allocationswith allocationsdeterminedby two additional allocation

methods:

1. RescueISI:Allocations used by the our RoboCupRescueagents that were

entered in the RoboCupRescuecompetitions of 2001[37] (RescueISI),where

they �nished in third place. These agents used local reasoningfor their

decisionmaking, ignoring transitional aswell and observational uncertainty.
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2. RMTDP with complete observabilit y: As discussedearlier, complete ob-

servabilit y in RMTDP leadsto an MDP, and we refer to this method asthe

MDP method.

Note that thesecomparisonswereperformedusing the RoboCupRescuesimu-

lator with multiple runs to deal with stochasticity4. The scenariois as described

in Chapter 5.4.2.1. We �x the number of �re engines,ambulancesand civilians

at �v e each. For this experiment, we considertwo settings, wherethe location of

civilians is drawn from:

� Uniform distribution { 25%of the caseshave four civilians at �re 1 and one

civilian at �re 2, 25% with three civilians at �re 1 and two at �re 2, 25%

with two civilians at �re 1 and three at �re 2 and the remaining 25%with

one civilian at �re 1 and four civilians at �re 2. The speedup results of

Chapter 5.4.2.1were obtained using this distribution.

� Skewed distribution { 80%of the caseshave four civilians at �re 1 and one

civilian at �re 2 and the remaining 20%with onecivilian at �re 1 and four

civilians at �re 2.

Note that we do not considerthe casewhereall civilians are located at the same

�re as the optimal ambulanceallocation is simply to assignall ambulancesto the
4For the missionrehearsaldomain, wecould not run on the actual missionrehearsalsimulator

since that simulator is not public domain and no longer accessible,and hencethe di�erence in
how we tested role allocations in the mission rehearsaland the RoboCupRescuedomains.
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�re wherethe civilians are located. A skewed distribution waschosento highlight

the caseswhere it becomesdi�cult for humans to reasonabout what allocation

to choose.

The three human subjects used in this experiment were researchers at USC.

All threesubjectswerefamiliar with the RoboCupRescuesimulation environment.

They were allowed to study the setup of the scenario,which included location of

ambulancesand �re engines,number of civilians, and starting locations of the

�res. Each subject was told to comeup with one allocation of ambulancesand

�re enginesfor a uniform distribution of civilians and another allocation for the

skewed distribution of civilians, and werenot given any time limit to provide their

allocations. Each allocation comprisedof an allocation of �re enginesto the two

�res and a conditional allocation of ambulancesthat dependedon the number of

civilians at each �re location. Further, each subject was told that the allocations

were going to be judged �rst on the basisof the number of civilian liveslost and

next on the damagesustaineddue to �re. Theseare exactly the criteria usedin

RoboCupRescue[29].

We then compared\RMTDP" allocation with those of the human subjects

in the RoboCupRescuesimulator and with RescueISIand MDP. In Figure 5.8,

we comparedthe performanceof the allocations on the basis of the number of

civilians who died and the averagedamageto the two buildings (lower valuesare
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better for both criteria). These two criteria are the main two criteria used in

RoboCupRescue[29]. The valuesshown in Figure 5.8 wereobtained by averaging

forty simulator runs for the uniform distribution and twenty runs for the skewed

distribution for each allocation. The averagevalueswere plotted to account for

the stochasticity in the domain. Error bars are provided to show the standard

error for each allocation method.

As can be seenin Figure 5.8(a), the RMTDP allocation did better than the

other �v e allocations in terms of a lower number of civilians dead (although hu-

man3wasquite close). For example,averagingforty runs, the RMTDP allocation

resulted in 1:95 civilian deathswhile human2'sallocation resulted in 2:55 civilian

deaths. In terms of the averagebuilding damage,the six allocations were almost

indi�eren tiable, with the humans actually performing marginally better. Using

the skewed distribution, the di�erence between the allocations was much more

perceptible (seeFigure 5.8(b)). In particular, we notice how the RMTDP alloca-

tion doesmuch better than the humansin terms of the number of civilians dead.

Here, human3 did particularly badly becauseof a bad allocation for �re engines.

This resulted in more damageto the buildings and consequently to the number

of civilians dead.

ComparingRMTDP with RescueISIand the MDP approach showed that rea-

soning about transitional uncertainty (MDP) does better than a static reactive
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allocation method (RescueISI)but not as well as reasoningabout both transi-

tional and observational uncertainty. In the uniform distribution case,we found

that RMTDP doesbetter than both MDP and RescueISI,with the MDP method

performing better than RescueISI.In the skewed distribution case,the improve-

ment in allocations using RMTDP is greater. Averagingtwenty simulation runs,

RMTDP allocations resulted in 1:54 civilians deathswhile MDP resulted in 1:98

and RescueISIin 3:52. The allocation method usedby RescueISIoften resulted

in oneof the �res beingallocatedtoo few �re engines.The allocationsdetermined

by the MDP approach turned out to be the sameas human1.

A two-tailed t-test was performed in order to test the statistical signi�cance

of the meansfor the allocations in Figure 5.8. The meansof number of civilians

deadfor the RMTDP allocation and the human allocationswere found to be sta-

tistically di�erent (con�dence > 96%) for both the uniform aswell as the skewed

distributions. The di�erence in the �re damagewas not statistically signi�cant

in the uniform case,however, the di�erence betweenthe RMTDP allocation and

human3 for �re damagewas statistically signi�cant (> 96%) in the skewed case.

Considering just the averageperformanceof these di�erent allocations does

not highlight the individual caseswheremarked di�erences were seenin the per-

formance. In Figure 5.9, we present the comparisonof particular settings where

the other allocation methods showed a bigger di�erence from RMTDP in terms
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Figure 5.8: Comparisonof performancein RoboCupRescue,a) uniform, and b)
skewed.
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of their allocations. The standard error is shown in error bars for each allocation.

Figures 5.9(a) and 5.9(b) comparethe allocations for uniform civilian distribu-

tions in the setting wherethere was onecivilian at �re 1 and four civilians at �re

2 (1-4 civilian setting) and four civilians at �re 1 and oneat �re 2 (4-1 civilian set-

ting) respectively. As can be seenin these�gure, the RMTDP allocation results

in fewer civilian casualtiesbut in slightly more damageto the buildings due to

�re (di�erence in �re damagewasnot statistically signi�cant becausethe damage

valueswerevery close). Figures5.9(c) and 5.9(d) comparethe allocationsfor the

skewedcivilian distribution. The key di�erence arisesfor human3. As canbeseen,

human3results in moredamagedue to �re. This is becausehuman3allocatedtoo

few �re enginesto one of the buildings, which in turn resulted in that building

being burnt down completely. Consequently, civilians located at this �re location

could not be rescuedby the ambulances. Thus, we seespeci�c instanceswhere

the allocation done using the RMTDP-based allocation algorithm is superior to

allocations that a human comesup with.

Table 5.1 shows the allocations to �re 1 (agents not assignedto �re 1 are al-

located to �re 2) found by the RMTDP role allocation algorithm and thoseused

by the human subjects for the skewed 4-1 civilian setting (we considerthis case

sinceit shows the most di�erence). In particular, this table highlights the di�er-

encesbetweenthe various allocators for the skewed 4-1 civilian setting and helps
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Figure 5.9: Comparisonof performancein RoboCupRescuefor particular settings,
a) uniform 1-4civilian setting, b) uniform 4-1civilian setting, c) skewed1-4civilian
setting d) skewed 4-1 civilian setting.
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account for the di�erences seenin their performancein the actual simulator. As

can be seenfrom Figure 5.9(d), the main di�erence in performancewas in terms

of the number of civilians saved. Recall that in this scenario,there are four civil-

ians at �re 1, and one at �re 2. Here all the human subjects and MDP choseto

sendonly oneambulanceto �re 2 (number of ambulancesallocatedto f ir e 2 =

5 � number of ambulances allocated to f ir e 1). This lone ambulance was

unable to rescuethe civilian at �re 1, resulting in the humans and MDP sav-

ing fewer civilians. RescueISIchoseto send all the ambulancesto �re 2 using

a greedy selection method based on proximit y to the civilians resulting in all

the civilians at �re 1 dying5. In terms of the �re engine allocation, human3

sent in four �re enginesto �re 1 where more civilians were likely to be located

(number of engines allocatedto f ir e2 = 5� number of engines allocatedto f ir e1).

Unfortunately, this back�red since the lone �re engineat �re 2 was not able to

extinguish the �re there, causingthe �re to spreadto other parts of the city.

RMTDP human1 human2 human3 RescueISI MDP
Engines (station 1) 0 2 2 1 2 2
Engines (station 2) 1 1 1 1 1 1
Engines (station 3) 1 0 0 2 0 0

Ambulances 3 4 4 4 0 4

Table 5.1: Allocations of ambulancesand �re enginesto �re 1 for the skewed 4-1
civilian distribution

5This strategy of ambulances going to the closest civilian worked fairly well becausethe
ambulanceswere usually well spreadout
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Theseexperiments show that the allocations found by the RMTDP role allo-

cation algorithm performs signi�cantly better than allocations chosenby human

subjects and RescueISIand MDP in most cases(and does not do signi�cantly

worsein any case).In particular when the distribution of civilians is not uniform,

it is more di�cult for humans to comeup with an allocation and the di�erence

betweenhuman allocationsand the RMTDP allocation becomesmoresigni�cant.

From this we can concludethat the RMTDP allocation performs at near-human

expertise.

In our last experiment done using the RoboCupRescuesimulator, we intro-

ducederror in the RMTDP model in order to determinehow sensitive the model

wasto errorsin the parametersof the model. Figure 5.10comparesthe allocations

found, when there were�v e ambulances,5 �re enginesand 5 civilians, in terms of

the number of civilian casualties(Y-axis) when error (X-axis) was introducedto

the probability of �re spreadand the probability of civilian health deterioration.

As can be seenincreasingthe error in the probability of �re spreadto 20% and

higher results in allocations that save fewer civilians as the �re brigadeschoose

to concentrate their e�ort on only one of the �res. The resulting allocation was

found to have the samevalue in terms of the number of civilians casualtiesasthat

usedby RescueISI,which did not considerany uncertainty. Reducingthe error in

the probability of �re did not have an impact on the allocationsfound. Increasing
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the error in probability of civilian health deterioration to 15%and higher caused

somecivilians to be sacri�ced. This allocation was found to have the samevalue

in terms of the number of civilians casualtiesas that usedby RescueISI.Decreas-

ing the error in probability of civilian health deterioration -5% and lower (more

negative) causedthe number of ambulancesto be allocated to a �re to be the

sameas the number of civilians at that �re (sameas human1).
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Chapter 6

Join t Equilibrium-based Search for Policies

6.1 MTDP with explicit comm unication

Weutilize the Multiagent TeamDecisionProblem(MTDP) [45] asa concreteillus-

tration of a distributed POMDP model and extend it to include communication.

Our approach can be applied to other distributed POMDP models [3, 61, 23].

As shown in Chapter 3.1, given a team of n agents, an MTDP [45] is de-

�ned as a tuple: hS;A; P; 
 ; O; Ri . S is a �nite set of world states f s1; : : : ; smg.

A = � 1� i � nA i , where A1; : : : ; An , are the sets of action for agents 1 to n. A

joint action is represented as ha1; : : : ; an i . P(si ; ha1; : : : ; an i ; sf ), the transition

function, represents the probability that the current state is sf , if the previ-

ous state is si and the previous joint action is ha1; : : : ; an i . 
 = � 1� i � n 
 i

is the set of joint observations where 
 i is the set of observations for agents
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i . O(s;ha1; : : : ; an i ; ! ), the observation function, represents the probability of

joint observation ! 2 
, if the current state is s and the previous joint action is

ha1; : : : ; an i . In this chapter, weassumethat observations of each agent is indepen-

dent of each other's observations. Thus the observation function canbe expressed

asO(s;ha1; : : : ; an i ; ! ) = O1(s;ha1; : : : ; an i ; ! 1) � : : : � On (s;ha1; : : : ; an i ; ! n). The

agents receive a single, immediate joint reward R(s;ha1; : : : ; an i ) which is shared

equally.

Each agent i choosesits actionsbasedon its local policy, � i , which is a mapping

of its observation history to actions. Thus, at time t, agent i will perform action

� i (~! t
i ) where ~! t

i = ! 1
i ; : : : ; ! t

i . � = h� 1; : : : ; � n i refers to the joint policy of the

team of agents. The important thing to note is that in this model, execution

is distributed but planning is centralized. Thus agents don't know each other's

observations and actions at run time but they know each other's policies.

Agents start with the sameprobability distribution over the start state. How-

ever, they will receive di�erent observations. As a result, although agent i knows

the policiesof other agents, considerableuncertainty can arise about what other

agents are going to do, since the actions of other agents depend on the obser-

vation histories of these agents, which are not accessibleto agent i . If agents

communicate and exchange their observation histories, such uncertainty disap-

pears. However, communication requirescertain cost. To act optimally, an agent
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needsto estimate the bene�t of communication and should communicate only

when the bene�t exceedsthe communication cost.

Hence,we extend MTDP by introducing a new communicative action, Sync,

that can be initiated by any agent. Unlike other models, like COM-MTDP [45]

and Dec POMDP Com [18], wherethere are alternate communication and action

phases,we do not assumea separatecommunication phase.In a particular epoch

an agent can either chooseto communicate or act. This assumptionmodels the

missed opportunit y cost that occurs when the agents communicate instead of

acting. However, it is not central to this dissertation and the algorithms can be

easily modi�ed for modelswith alternating communication and action phases.

If oneagent initiates a Sync, the other agents are forcedto communicate with

it, ignoring the action that they would otherwisehave performed. On performing

a Sync, or on receivingnoti�cation that another agent hasperformeda Sync, the

agents exchangeall their observation histories sincethe last Sync action. Given

that the agents know each other's policies, a Sync action results in all agents

knowing exactly what action each agent will perform in the next epochin, thus

preventing miscoordination.

We assumethat the entire processof one agent initiating a Sync followed by

all the agents sharing their observation histories takes place in a single epoch.

At a �ner granularit y, we can think of every domain-level action as having two
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phases{ an arbitrarily small \w ait-for-interrupt" phase followed by an action

phase. Similarly, a Sync action is comprisedof a \send-interrupt", followed by

a communication. If an agent receives a Sync interrupt during its \w ait-for-

interrupt" phase,it is forcedto communicate insteadof acting. Wefurther assume

that Syncnever fails and hasno e�ect on the world state.

6.2 Domain

For illustrativ e purposes,we considera multiagent adaptation of the classictiger

problem usedin illustrating single-agent POMDPs [28]. In our modi�ed version,

two agents are in a corridor facing two doors,\left" and \righ t". Behind onedoor

lies a hungry tiger, and behind the other lie untold riches. The state, S, takesval-

uesf SL; SRg, indicating the door behind which the tiger is present. In the initial

state, the tiger is equally likely to be behind each door. The agents can jointly

or individually open either door. In addition, the agents can independently listen

for the presenceof the tiger. Thus, A1 = A2 = f OpenLef t; OpenRight; Listen g.

The transition function P speci�es that the problem is reset whenever an agent

opens one of the doors. However, if both agents listen, the state remains un-

changed. After every action each agent receives an observation about the new

state. The observation function, O1 or O2, shown in Table 6.1, are identical and

will return either H L or H R with di�erent probabilities depending on the joint
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action taken and the resulting world state. For example,if both agents listen and

the tiger is behind the left door (state is SL), each agent independently receives

the observation H L with probability 0:85 and H R with probability 0:15.

Action State HL HR

< Listen,Listen> SL 0.85 0.15
< Listen,Listen> SR 0.15 0.85

Table 6.1: Observation function for each agent

If either agent opensthe door behind which the tiger is present, they are both

attacked (equally) by the tiger (seeTable 6.2). However, the injury sustained

if they jointly openedthe door to the tiger is lesssevere than if only one agent

opensthe door. Similarly, if both agents open the door to the riches,the amount

of wealth received is twice what they would have received if only one of them

openedthat door. The agents incur a small cost for performing the Listen action.

Action/State SL SR

< OpenRight,Op enRight> +20 -50
< OpenLeft,OpenLeft> -50 +20

< OpenRight,Op enLeft> -100 -100
< OpenLeft,OpenRight> -100 -100

< Listen,Listen> -2 -2
< Listen,OpenRight> +9 -101
< OpenRight,Listen> +9 -101
< Listen,OpenLeft> -101 +9
< OpenLeft,Listen> -101 +9

< Sync,*> -2 -2
< *,Sync> -2 -2

Table 6.2: Reward function
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Clearly, acting jointly is bene�cial (e.g. A1 = A2 = OpenLef t) becausethe

agents receive more riches and sustain less damageby acting together. How-

ever, becausethe agents receive independent observations and cannot sharethese

observations without explicit communication, to act optimally, each agent must

considerall possibleobservation histories of the other agent to determine which

action its teammate is likely to perform. This can result in mis-coordinated ac-

tions, such as one agent opening the left door while the other agent opens the

right door. In order to reduce the likelihood of mis-coordination, we introduce

the Syncaction, allowing the agents to sharetheir observation histories. In keep-

ing with the constraints of real-world communication, the Sync action is given a

cost, SyncCost, which is incurred every time an agent choosesto communicate.

6.3 JESP

As shown by Bernstein et al. [3] the complexity of the decision problem cor-

responding to �nding the globally optimal policy for a distributed POMDP is

NEXP-complete if no assumptionsare madeabout the domain conditions. Given

this high complexity, locally optimal approaches [44, 7, 38] have emergedas vi-

ablesolutions. In this dissertation,we concentrate on \JESP" (Joint Equilibrium-

BasedSearch for Policies) [38], an approach wherethe solution obtained is a Nash
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equilibrium. Algorithm 4 describes the JESP approach for 2 agents. The algo-

rithm can be easilymodi�ed for n agents. The key idea is to �nd the policy that

maximizesthe joint expectedreward for oneagent at a time, keepingthe policies

of the other agent �xed. This processis repeateduntil an equilibrium is reached

(local optimum is found). The problem of which optimum the agents should se-

lect when there are multiple local optima is not encountered since planning is

centralized. DP-JESP is a dynamic programming approach for �nding the opti-

mal policy for a singleagent relative to the �xed policiesof its n-1 teammates(line

4). Webrie
y describe the DP-JESP algorithm in the following sub-sectionbefore

introducing communication.

Algorithm 4 DP-JESP ()
1: prev  default joint policy, prevVal  value of prev, conv  0
2: while conv 6= 2 do
3: for i  1 to 2 do
4: val; � i  OptimalPolicyDP (b;� (i +1) Mod2; T)
5: if val = prevVal then
6: conv  conv+ 1
7: else
8: prev  

D
� i ; � (i +1) Mod2

E
, prevVal  val, conv  0

9: if conv = 2 then
10: break
11: return new
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6.3.1 DP-JESP

If we examine the single-agent POMDP literature for inspiration, we �nd algo-

rithms that exploit dynamic programming to incrementally construct the best

policy, rather than simply searching the entire policy space[36, 28]. The key in-

sight in the multiagent caseis that if the policiesof all other agents are �xed, then

the freeagent facesa complexbut normal single-agent POMDP. However, a belief

state that storesthe distribution, Pr(st j~! t ), as in the single-agent POMDP case,

is not a su�cient statistic becausethe agent must also reasonabout the action

selectionof the other agents and henceabout the observation historiesof the other

agents. Thus, at each time t, agent 1 reasonsabout the tuple et
1 = hst ; ~! t

2i , where

~! t
2 is the observation history of the other agent. By treating et

1 as the state of

agent 1 at time t, we can de�ne the transition function and observation function

for the single-agent POMDP for agent 1 as follows:

P0(et
1; at

1; et+1
1 ) =Pr (et+1

1 jet
1; at

1)

=P(st ; (at
1; � 2(~! t

2)) ; st+1 )

�O2(st+1 ; (at
1; � 2(~! t

2)) ; ! t+1
2 ) (6.1)
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O0(et+1
1 ; at

1; ! t+1
1 ) =Pr (! t+1

1 jet+1
1 ; at

1)

=O1(st+1 ; (at
1; � 2(~! t

2)) ; ! t+1
1 ) (6.2)

We now de�ne the multiagent belief state for an agent i given the distribution

over the initial state, b(s) = Pr(S1 = s):

B t
1 = Pr(et

1j~! t
1;~a

t � 1
1 ; b) (6.3)

In other words,whenreasoningabout an agent's policy in conjunction with its

teammateagent, we maintain a distribution over et
1, rather than simply over the

current state. However, sincethe agent doesnot know exactly what observations

the other agent has received at run time, it will not be able to know precisely

which action the other agent will execute. Hence, we introduce Sync action,

allowing the agents to periodically synchronize, thus reducing the likelihood of

mis-coordination.

6.4 Comm unicativ e DP-JESP

When oneof the agents performsSync, the agents sharetheir observation histories

with each other. The agents arenow said to have a synchronized belief state. (The

distribution over initial state is consideredthe �rst synchronizedbelief state). As
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described in the previoussection,in order to reasonabout agent 1's policy in the

context of agent 2, we maintain a distribution over et
1, rather than simply over

the current state. When agents are in a synchronized belief state, they candiscard

their observation histories. Figure 6.1 shows a sampleprogressionof belief states

for agent 1 in the tiger domain. For instance,B 2
1, shows probability distributions

over e2
1. In e2

1 = (SL; (H R)), (H R) is the history of agent 2's observations while

SL is the current state. If the action speci�ed in B 2
1 is Sync, then the agents reach

a synchronized belief state and can get rid of their observation histories.

B1
1

a1

: HL1
1w

B1
2

(SL (HL) 0.1275)
(SR (HR) 0.7225)
(SR (HL) 0.1275)
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(SR (HL) 0.0225)

(SL (HR) 0.1275)
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(SL () 0.9698)

2
1: HLmsg w

: HR1
1

1
2

w'

B'

1
3B'

Figure 6.1: Traceof Tiger Scenario.

Becauseagents can discard their observation histories after synchronization,

we introduce a novel compact policy representation. We now refer to the policy

of an agent 1 as � 1. � 1 = � 1(b) refersto agent 1's sub-policy indexedby the last

synchronized belief state, b and � 1(~! 1; T � t) is the action agent 1 will perform
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at time t. Algorithm 11 shows how a policy using this representation can be

obtained.

Having �xed the policy of agent 2, the optimal policy for agent 1 can be

computedusing Algorithm 5.

Algorithm 5 OptimalPolicyDP (b;� 2; T)
1: val  GetV alue (b;b;� 2; 1; T)
2: initialize � 1

3: FindPolicy (b;b;hi ; � 2; 1; T)
4: return val,� 1

Following the model of the single-agent value-iteration algorithm, central to

our dynamic program is the value function over a T-step�nite horizon. The value

function, Vt (B t ; b) (see Algorithm 6), represents the expected reward that the

team will receive, starting from the most recent synchronized belief state, b, and

with agent 1 following an optimal policy from the t-th step onwards. We start

at the end of the time horizon (i.e. t = T), and then work our way back to the

beginning. Along the way, we construct the optimal policy by maximizing the

value function over possibleaction choices:

Vt (B t
1; b) = max

a12 A 1
V a1

t (B t
1; b) (6.4)
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Algorithm 6 GetV alue (B t ; b;� 2; t; T)
1: if t > T then
2: return 0
3: if Vt (B t ; b) is already recordedthen
4: return Vt (B t ; b)
5: best  �1
6: for all a1 2 A [ f Syncg do
7: value GetV alueA ction (B t ; a1; b;� 2; t; T)
8: record V a1

t (B t ; b) as value
9: if value> best then

10: best  value
11: record Vt (B t ; b) as best
12: return best

The function, V a1
t , canbecomputedusingAlgorithm 7. This procedurecanbe

de�ned separatelyfor the casesof a1 = Sync (lines 1-7) and for all other domain

actions (lines 8-24). If a1 = Sync:

V a1= Sync
t (B t

1; b) = SyncCost +
X

~! 2

Pr (~! 2jB t
1)

�Vt+1 (b0; b0) ;

whereb' is the belief state after msg~! 2 (6.5)

The quantit y Pr(~! 2jB t
1) refers to the probability of receiving a message~! 2 from

agent 2 as a result of a Sync. This value and the resulting synchronized belief

state b0 is obtained using Algorithm 8.
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In the casewherea1 6= Sync, it is possiblethat agent 2 choosesto perform a

Sync. Taking this into considerationwhile de�ning the action value function for

the casewherethe action a1 6= Sync, we get:

V a16= Sync
t (B t

1; b) = V a16= Sync;a2= Sync
t (B t

1; b)

+ V no Sync
t (B t

1; b) (6.6)

The �rst term in Equation 6.6 is the vlaueobtainedwhenagent 2 doesa Sync,

thus over-riding agent 1's action while the secondterm is the valueobtainedwhen

neither agent performsSync. When agent 2 doesa Sync, the value function is:

V a16= Sync;a2= Sync
t (B t

1; b) =
X

~! 2 s:t: � 2(~! 2 )= Sync

Pr(~! 2jB t
1)

� (SyncCost + Vt+1 (b0; b0)) ;

whereb' is the belief state after msg~! 2 (6.7)

Algorithm 9 is usedfor computing the probability that agent 2 communicatesthe

message~! 2, Pr(~! 2jB t
1)), and the synchronizedbelief state b0 that results from this

communication.
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In the casewhere neither agent 1 nor agent 2 performs a Sync, the value

function is de�ned as follows:

V no Sync
t (B t

1; b) =
X

et = hst ;~! 2 i s:t: � 2(~! 2 )6= Sync

B t (et ) � (R
�
st ; ha1; � 2(~! 2; T � t)i

�

+
X

! t +1
1 2 
 1

Pr(! t+1
1 jB t

1; a1) � Vt+1
�
B t+1

1

�
) (6.8)

The �rst term (computed in lines 13-16of Algorithm 7) in equation 6.8 refers

to the expected immediate reward, while the secondterm (computed in lines 17-

24 of Algorithm 7) refers to the expected future reward. B t+1
1 is the belief state

updated after performing action a1 and observing ! t+1
1 and is computed using

Algorithm 10.

Finally, Algorithm 11 shows us how we can convert the value function from

Equation 6.4 into the corresponding policy in the compact representation.

6.4.1 Comm unication with constrain ts

The algorithm presented in Chapter 6.4showshow to �nd the locally optimal joint

policy with no restrictions imposedon how often the agents shouldcommunicate.

In the current sub-section,we imposeconstraints on the communication policy,

forcing the agents to not go more than K stepswithout communicating. Thus no

policy � 1 2 � 1 canbe indexedby an observation history of length greaterthan K .
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Algorithm 7 GetV alueA ction (B t ; a;b;� 2; t; T)
1: if a = Sync then
2: value SyncCost
3: reachable(B t )  ComUpd ate (B t )
4: for all



B t+1 ; prob

�
2 reachable(B t ) do

5: value + prob� GetV alue (B t+1 ; B t+1 ; � 2; t + 1; T)
6: return value
7: else
8: � 2  � 2(b)
9: value 0

10: reachable(B t )  ComUpd ateOther (B t ; � 2)
11: for all



B t+1 ; prob

�
2 reachable(B t ) do

12: value + prob� [SyncCost+ GetV alue (B t+1 ; B t+1 ; � 2; t + 1; T)]
13: for all et =



st ; ~! 2

�
s.t. B t (et ) > 0 do

14: a2  � 2(~! 2; T � t)
15: if a2 6= Sync then
16: value + B t (st ; ~! 2) � R

�
st ; ha1; � 2(~! 2; T � t)i

�

17: for all ! 1 2 
 1 do
18: B t+1  Upd ate (B t ; a; ! 1; � 2)
19: prob  0
20: for all st ; et+1 =



st+1 ; ~! 2

�
s.t. B t+1 (et+1 ) > 0 do

21: a2  � 2(~! 2; T � t)
22: if a2 6= Sync then
23: prob + B t (st ; ~! 2) � P(st ; ha1; a2i ; st+1 ) � O1(st+1 ; ha1; a2i ; ! 1)

24: value + prob� GetV alue (B t+1 ; b;� 2; t + 1; T)
25: return value

Algorithm 8 ComUpd ate (B t )
1: reachable(B t )  ;
2: for all et =



st ; ~! 2

�
s.t. B t (et ) > 0 do

3: prob(~! 2) + B t (st ; ~! 2)
4: for all ~! 2 do
5: for all et =



st ; ~! 2

�
s.t. B t (et ) > 0 do

6: st+1  st

7: B t+1 (st+1 ; hi ) + B t (st ; ~! 2)
8: normalize B t+1

9: reachable(B t ) [ 


B t+1 ; prob(~! 2)

�

10: return reachable(B t )
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Algorithm 9 ComUpd ateOther (B t ; � 2)
1: reachable(B t )  ;
2: for all et =



st ; ~! 2

�
s.t. B t (et ) > 0 do

3: prob(~! 2) + B t (st ; ~! 2)
4: for all ~! 2 do
5: if � 2(~! 2; T � t) = Sync then
6: for all et =



st ; ~! 2

�
s.t. B t (et ) > 0 do

7: st+1  st

8: B t+1 (st+1 ; hi ) + B t (st ; ~! 2)
9: normalize B t+1 (st+1 ; hi )

10: reachable(B t ) [ 


B t+1 ; prob(~! 2)

�

11: return reachable(B t )

Algorithm 10 Upd ate (B t ; a; ! 1; � 2)
1: for all et+1 =



st+1 ; h~! 2; ! 2i

�
do

2: B t+1 (et+1 )  0
3: a2  � 2(~! 2; T � t)
4: if a2 6= Sync then
5: for all st 2 S do
6: B t+1 (et+1 ) + B t (st ; ~! 2) � P(st ; ha1; a2i ; st+1 ) � O1(st+1 ; ha1; a2i ; ! 1) �

O2(st+1 ; ha1; a2i ; ! 2)
7: normalize B t+1

8: return B t+1
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Algorithm 11 FindPolicy (B t ; b; ~! 1; � 2; t; T)
1: if t > T then
2: return
3: a�  argmaxa1 V t

a1
(B t ; b)

4: � 1  � 1(b)
5: � 1( ~! 1; T � t)  a�

6: if a� = Sync then
7: B t+1  ComUpdate(B t )
8: FindPolicy (B t+1 ; B t+1 ; hi ; � 2; t + 1; T)
9: else

10: � 2  � 2(b)
11: B t+1  ComUpdateOther (B t ; � 2)
12: FindPolicy (B t+1 ; B t+1 ; hi ; � 2; t + 1; T)
13: for all ! 1 2 
 1 do
14: B t+1  Update(B t ; a� ; ! 1; � 2)
15: FindPolicy (B t+1 ; b;h~! 1; ! 1i ; � 2; t + 1; T)
16: � 1(b)  � 1

In computing the value function too, no episode can have a observation history of

length greater than K . Thus by �xing K , we can limit the spacerequirements of

the program.

Such constraints on K can be imposedby making small changesto the Al-

gorithm 6 so that a count is maintained of the number of stepswithout a Sync.

Chapter 6.5 shows detailed empirical results to justify the useof such constraints

by highlighting the savings in run time and the increasein the complexity of the

problemsthat can be solved.
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6.5 Exp erimen tal Results

For the experiments in this section, we consideredthe scenarioin Chapter 6.2.

For our very �rst experiment, we comparedthe run times for �nding a locally

optimal policy for various time horizons using various di�erent communication

policies. In Figure 6.2(a), X-axis shows the time horizon T, while the Y-axis

shows the run time in millisecondson a logarithmic scale. When K is equal to

the time horizon, T, the communication is said to be unrestricted. As canbe seen

by comparingNo Comm (No Communication) with unrestricted communication

(K = T), introducing communication results in substantial savings in terms of

run time. For instanceat K = T = 7, there is more than a two-fold speedupfor

unrestricted communication over No Comm. Thesespeed-upsbecomeeven more

signi�cant when we imposea constraint that the agents cannot go for more than

K epochs without communicating. Also note that the gradients of the curves

in Figure 6.2(a) are di�erent, so the di�erences becomeexponentially large as T

increases. Figure 6.2(b) shows that the run time (Y-axis) for �nding the joint

policy increasesas K is increased(X-axis)for T = 7. Thus, we �nd that the run

time increasesas the amount of communication is reduced. The speed-upsin

terms of run time aremorepronouncedfor low K , e.g. at T = 7, there is a 37-fold

speed-upfor K = 3 over No Comm. All the run time values in Figure 6.2 are

averagedover �v e runs to account for any variabilit y in the run time environment.
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Introduction of communication, also has a signi�cant impact on memory re-

quirements. This is evidencedby the fact that the program runs out of memory

for T > 7 using No Comm but can run for T = 10 using K = 4.

In our next experiment, we tried to determine the impact that the communi-

cation strategy has on the value of the joint policy that the program settles on.

As explainedin Chapter 6.3, the value of the joint policy at equilibrium depends

on the starting policy that the JESP loop starts with. In Figure 6.3, we show

the value obtained for various communication policies over a �nite horizon of 7

using two di�erent starting policies. Figure 6.3(a) has a policy with Sync when

t = K + 1; 2K + 2; 3K + 3, etc. and Listen at all other decisionepoch as the

default starting policy, while Figure 6.3(b) usesa policy which we call reasonable

default policy. The only di�erence betweenthe two default policiesis that in the

reasonablepolicy the agent will choose to open a door after synchronization if

it believe that the tiger is behind the other door with probability greater than

somethreshold value(set at 5=6 for this experiment). The �rst thing to notice

in Figures 6.3(a) and 6.3(b) is that the value of the policy is increasedthrough

the introduction of communication. This is becausethere is lessmis-coordination

arising from situations whereagents open di�erent doors or oneopensthe wrong

door while the other agent performsListen. Wewould expect that asK is reduced

the value of the policy found should reducetoo sincethe communication is more
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Figure 6.2: Run time (ms) for �nding optimal joint policy for di�erent K and no
communication with Athlon, 1.8GHz, 4GB memory, Linux Redhat 7.3, Allegro
CommonLisp 6.2, a) varying T (log scale),b) T=7.
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contrained with lower K . However, this is not always the caseas evidencedin

Figure 6.3(a), where the value of the joint policy found actually drops slightly

when K is increased.This is becausehaving a bigger constraint on communica-

tion (lower K ) can sometimescausethe search to terminate at a di�erent higher

equilibrium.

Through the �rst two experiments we can concludethat introducing commu-

nication often results in an improvement in value as well as savings in spaceand

time. In addition by imposing constraints on how often communication must

be performed, we can obtain further improvements in terms of spaceand time

although this might be at the expenseof expectedvalue.

In our third experiment (seeFigure 6.4), we varied the cost of synchronization

(X-axis) and determinedthe optimal valueof K (Y-axis). We de�ned the optimal

value of K as the value of K such that increasingK further doesnot yield any

increasein value. As seenin the �gure, as synchronization becomesmore and

more expensive the optimal K value increases.
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Chapter 7

Related Work

There are four related areasof research that we wish to highlight. First, there

hasbeena considerableamount of work donein the �eld of multiagent teamwork

(Chapter 7.1). The secondrelated area of research is the use of decisiontheo-

retic models, in particular distributed POMDPs (Chapter 7.2). The third area

of related work we describe (Chapter 7.3) are hybrid systemsthat usedMarkov

DecisionProcessand BDI approaches. Finally, in Chapter 7.4, the related work

in role allocation and reallocation in multiagent teamsis described.

7.1 BDI-based Teamwork

Several formal teamwork theories such as Joint Intentions [8], SharedPlans [20]

were proposedthat tried to capture the essenceof multiagent teamwork in the

logic of Beliefs-Desires-Intentions. Next, practical models of teamwork such as
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COLLAGEN [47],GRATE* [27],STEAM [54] built on theseteamwork theories[8,

20] and attempted to capture the aspects of teamwork that were reusableacross

domains. In addition, to complement the practical teamwork models, the team-

oriented programmingapproach [46,56, 57]wasintroducedto allow largenumber

of agents to be programmed as teams. This approach was then expandedon

and applied to a variety of domains [46, 62, 9]. Other approaches for building

practical multiagent systems[53, 11], while not explicitly basedon team-oriented

programming, could be consideredin the samefamily.

The research reported in this dissertation complements this research on team-

work by introducing hybrid BDI-POMDP models that exploit the synergy be-

tweenBDI and POMDP approaches. In particular, TOP and teamwork models

have traditionally not addresseduncertainty and cost. Our hybrid model provides

this capability, and we have illustrated the bene�ts of this reasoningvia detailed

experiments.

While this dissertation usesteam-oriented programming [55, 9, 56, 57] as an

exampleBDI approach, it is relevant to other similar techniquesof modeling and

tasking collectivesof agents, such as Decker and Lesser's[11] TAEMS approach.

In particular, the TAEMS languageprovides an abstraction for tasking collabo-

rative groups of agents similar to TOP, while the GPGP infrastructure used in
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executingTAEMS-basedtasks is analogousto the \TOP interpreter" infrastruc-

ture shown in Figure 1.1. While Lesseret al. have exploredthe useof distributed

MDPs in analysesof GPGP coordination [60], they have not exploited the useof

TAEMS structures in decomposition or abstraction for searching optimal policies

in distributed MDPs, as suggestedin this dissertation. Thus, this dissertation

complements Lesseret al.'s work in illustrating a signi�cant avenue for further

e�ciency improvements in such analyses.

7.2 Distributed POMDP models

Given a group of agents, the problem of deriving separatepolicies for them that

maximize somejoint reward can be modeled as a distributed POMDP. In par-

ticular, the DEC-POMDP (Decentralized POMDP) [3] and MTDP (M ultiagent

T eam D ecisionProblem [45]) are generalizationsof POMDPs to the casewhere

there are multiple, distributed agents, basing their actions on their separateob-

servations. Theseframeworks allow us to formulate what constitutes an optimal

policy for a multiagent team and in principle derive that policy.

However, with a few exceptions,e�ective algorithms for deriving policies for

distributed POMDPs have not been developed. Signi�cant progresshas been

achieved in e�cien t single-agent POMDP policy generationalgorithms [36,6, 28].

However, it is unlikely that such research can be directly carried over to the
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distributed case. Finding optimal policies for distributed POMDPs is NEXP-

complete[3]. In contrast, �nding an optimal policy for a singleagent POMDP is

PSPACE-complete[43]. As Bernstein et al. note [3], this suggestsa fundamental

di�erence in the nature of the problems. The distributed problem cannot be

treated asoneof separatePOMDPs in which individual policiescan be generated

for individual agents becauseof possiblecross-agent interactions in the reward,

transition or observation functions. (For any one action of one agent, there may

be many di�erent rewards possible,basedon the actions that other agents take.)

Threeapproacheshavebeenusedto solvedistributed POMDPs. Oneapproach

that is typically taken is to make simplifying assumptionsabout the domain. For

instance, in Guestrin et al. [22], it is assumedthat each agent can completely

observe the world state. In addition, it is assumedthat the reward function (and

transition function) for the team can be expressedas the sum (product) of the

reward (transition) functions of the agents in the team. Becker et al. [2] assume

that the domain is factoredsuch that each agent hasa completelyobservable local

state and alsothat the domain is transition-independent (one agent cannot a�ect

another agent's local state).

The secondapproach taken is to simplify the nature of the policiesconsidered

for each of the agents. For example,Chad�es et al. [7] restrict the agent policies

to be memoryless(reactive) policies, thereby simplifying the problem to solving
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multiple MDPs. Peshkin et al. [44] take a di�erent approach by using gradient

descent search to �nd local optimum �nite-con trollers with bounded memory.

Nair et al. [38] present an algorithm for �nding a locally optimal policy from a

spaceof unrestricted �nite-horizon policies. The third approach, taken by Hansen

et al. [23], involves trying to determine the globally optimal solution without

making any simplifying assumptionsabout the domain. In this approach, they

attempt to prune the spaceof possiblecompletepoliciesby eliminating dominated

policies. Although a brave frontal assaulton the problem, this method is expected

to facesigni�cant di�culties in scalingup due to the fundamental complexity of

obtaining a globally optimal solution.

The key di�erence with our work is that our research is focusedon hybrid

systemswhere we leveragethe advantages of BDI team plans, which are used

in practical systems,and distributed POMDPs that quantitativ ely reasonabout

uncertainty and cost. In particular, we useTOPs to specify large-scaleteam plans

in complexdomainsand useRMTDPs for �nding the best role allocation for these

teams.

7.3 Hybrid BDI-POMDP approac hes

POMDP modelshave beenusedin the context of analysisof both singleagent [50]

and multiagent [45, 61] behavior. Schut et al. compare various strategies for
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intention reconsideration(deciding when to deliberate about its intentions) by

modeling a BDI systemusing a POMDP. The key di�erences with this work and

our approach are that they apply their analysis to a single agent caseand do

not considerthe issuesof exploiting BDI systemstructure in improving POMDP

e�ciency .

Xuan and Lesser[61] and Pynadath and Tambe [45], both analyzemultiagent

communication. While Xuan and Lesserdealt with �nding and evaluating various

communication policies, Pynadath and Tambe used the COM-MTDP model to

deal with the problem of comparing various communication strategiesboth em-

pirically and analytically. Our approach is more general in that we explain an

approach for analyzing any coordination actions including communication. We

concretely demonstrateour approach for analysisof role allocation. Additional

key di�erences from the earlier work by Pynadath and Tambe [45] are as follows:

(i) In RMTDP, we illustrate techniques to exploit team plan decomposition in

speedingup policy search, absent in COM-MTDP, (ii) We also introduce tech-

niquesfor belief-basedevaluation absent from previouswork. Nonetheless,com-

bining RMTDP with COM-MTDP is an interesting avenue for further research

and somepreliminary steps in this direction are presented in Nair, Tambe and

Marsella [40].
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Among other hybrid systemsnot focusedon analysis,Scerri et al. [49] employ

Markov DecisionProcesseswithin team-oriented programsfor adjustable auton-

omy. The key di�erence betweenthat work and ours is that the MDPs wereused

to executea particular sub-plan within the TOP's plan hierarchy and not for

making improvements to the TOP. DTGolog [5] provides a �rst-order language

that limits MDP policy search via logical constraints on actions. Although it

shareswith our work the key idea of synergistic interactions in MDPs and sym-

bolic programs,it di�ers from our work in that it focuseson singleagent MDPs in

fully observable domains,and doesnot exploit plan structure in improving MDP

performance.ISAAC [41], a systemfor analyzingmultiagent teams,alsoemploys

decisiontheoretic methods for analyzingmultiagent teams. In that work, a prob-

abilistic �nite automaton (PFA) that represents the probability distribution of

key patterns in the team's behavior are learnedfrom logsof the team's behaviors.

The key di�erence with that work is that the analysisis performedwithout hav-

ing accessto the actual team plans that the agents are executingand hencethe

advice provided cannot directly be applied to improving the team, but will need

a human developer to changethe team behavior as per the advicegenerated.
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7.4 Role allo cation and reallo cation

There are several di�erent approaches to the problem of role allocation and re-

allocation. For example,Tidhar et al. [58] and Tambe et al. [55] performed role

allocation basedon matching of capabilities,while Hunsbergerand Grosz[26] pro-

posedthe useof combinatorial auctionsto decideon how rolesshouldbe assigned.

Modi et al. [35] showed how role allocation can be modeledas a distributed con-

straint optimization problem and applied it to the problem of tracking multiple

moving targets using distributed sensors.Shehoryand Kraus [51] suggestedthe

use of coalition formation algorithms for deciding quickly which agent took on

which role. Fatima and Wooldridge [16] useauctionsto decideon task allocation.

It is important to note that thesecompeting techniquesarenot freeof the problem

of how to model the problem, even though they do not have to model transition

probabilities. Other approachesto reforming a team are recon�guration methods

due to Dunin-Keplicz and Verbrugge[13], self-adaptingorganizationsby Horling

and Lesser[25] and dynamic re-organizinggroups [1]. Scerri et al. [48] present

a role (re)allocation algorithm that allows autonomy of role reallocation to shift

betweena human supervisor and the agents.

The key di�erence with all this prior work is our use of stochastic models

(RMTDPs) to evaluate allocations: this enablesus to compute the bene�ts of

role allocation, taking into account uncertainty and costs of reallocation upon
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failure. For example, in the mission rehearsaldomain, if uncertainties were not

considered,just one scout would have been allocated, leading to costly future

reallocations or even in mission failure. Instead, with lookahead,depending on

the probability of failure, multiple scoutswere sent out on one or more routes,

resulting in fewer future reallocations and higher expectedreward.
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Chapter 8

Conclusion

While the BDI [55, 11, 57] approach to agent teamwork has provided successful

applications, tools and techniquesthat provide quantitativ e analysesof team co-

ordination and other team behaviors under uncertainty are lacking. The emerging

�eld of distributed POMDPs [3, 4, 45, 61, 44, 23] provides a rich framework for

modeling uncertainties and utilities in complexmultiagent domains. However, as

shown by Bernsteinet al. [3], the problemof deriving the optimal policy is compu-

tationally intractable. This dissertation presented two independent approaches,

which dealt with this issueof intractabilit y in distributed POMDPs.
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The �rst approach represents a principled way to combine the two dominant

paradigmsfor building multiagent teams,namely the BDI approach and distrib-

uted POMDPs. In this hybrid BDI-POMDP approach, BDI team plans are ex-

ploited to improve distributed POMDP tractabilit y and distributed POMDP-

basedanalysisimprovesBDI team plan performance.Thus, this approach lever-

agesthe bene�ts of both the BDI and POMDP approachesto analyzeand improve

key coordination decisionswithin BDI-based team plans using POMDP-based

methods. In order to demonstrate these analysis methods, we concentrated on

role allocation { a fundamental aspect of agent teamwork { and provided three

key contributions. First, we introduced RMTDP, a distributed POMDP based

framework, for analysis of role allocation. Second,this dissertation presented

an RMTDP-based methodology for optimizing key coordination decisionswithin

a BDI team plan for a given domain. Concretely, the dissertation described a

methodology for �nding the best role allocation for a �xed team plan. Given

the combinatorially many role allocations,we introducedmethods to exploit task

decompositions among sub-teamsto signi�cantly prune the search spaceof role

allocations.

Third, our hybrid BDI-POMDP approach uncoveredseveral synergisticinter-

actions betweenBDI team plans and distributed POMDPs:
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1. TOPs were useful in constructing the RMTDP model for the domain, in

identifying the featuresthat needto be modeledas well as in decomposing

the model construction accordingto the structure of the TOP. The RMTDP

model could then be usedto evaluate the TOP.

2. TOPs restricted the policy search by providing RMTDPs with incomplete

policieswith a limited number of open decisions.

3. The BDI approach helped in comingup with a novel e�cien t \b elief-based"

representation of policiessuited for this hybrid BDI-POMDP approach and

a corresponding algorithm for evaluating such policies. This resulted in

faster evaluation and alsoa more compactpolicy representation.

4. The structure in the TOP wasexploited to decomposethe problem of eval-

uating abstract policies,resulting in signi�cant pruning in the search for the

optimal role allocations.

We constructed RMTDPs for two domains { RoboCupRescueand mission

rehearsalsimulation { and determined the best role allocation in thesedomains.

Furthermore, we illustrated signi�cant speedupsin RMTDP policy search due to

the techniquesintroducedin this dissertation. Detailed experiments revealedthe

advantagesof our approach over state-of-the-art role allocation approaches that

do not reasonwith uncertainty. In the RoboCupRescuedomain, we showed that
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the role allocation techniquepresented in this dissertationis capableof performing

at human expert levels by comparing with the allocations chosenby humans in

the actual RoboCupRescuesimulation environment.

The secondapproach for dealingwith the intractabilit y of distributed POMDPs

was to search for locally optimal joint policies instead of globally optimal poli-

cies. We presented Joint Equilibrium-based Search for Policies (JESP), where

Nash equilibrium was used as a solution concept. The key contribution of this

approach was the introduction of communication within the completely general

distributed POMDP framework. We showed how communicative acts can be ex-

plicitly introducedin order to �nd locally optimal joint policiesthat allow agents to

coordinate better through synchronization achieved via communication. Further-

more, the introduction of communication allowed us to develop a novel compact

policy representation that resulted in savings of both spaceand time which were

analyzed theoretically and veri�ed empirically. Finally, through the imposition

of constraints on communication such as requiring communication at least once

every K steps,even greater spaceand time savings can be obtained.
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Chapter 9

Future Work

There are �v e main agendafor future work. The �rst one is to try and unify the

two approachesdescribed in this dissertation. Although presented in this disser-

tation as two independent approaches,the ideasof equilibrium-basedsearch and

the hybrid BDI-POMDP approach for multiagent coordination are complemen-

tary. Someof the ways in which thesetwo approachescan be combined are:

� In the hybrid approach, instead of doing an exact search for the optimal

role allocation, a joint equilibrium-basedsearch could be performedin order

to �nd a locally optimal role allocation for the team of agents. Such a

solution will result in huge savings in terms of time as compared to the

current approach described in Chapter 5 and could be particularly useful in

domainswherean approximate locally optimal solution will su�ce.
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� The idea of roles can be applied to JESP in order to limit the number of

actionsthat each agent can perform basedon its current role. Thus, at each

step, an agent can perform either a role-executioncan that is permitted by

its current role or a role-taking action. This could result in run time savings

in practice becauseof the reduction in the number of actions available to

each agent. However, it will not have improve the computational complexity.

� Similarly, in JESP, it is possibleto exploit a plan hierarchy if available to

limit each agent's permissible actions. Thus, based on the relationships

between tasks, only limited actions would be available to the agents. For

example,if we wereto useJESPfor the helicopterdomain, agents would not

be able to perform role-taking actionsafter becominga scout,and transport

agents would not beableto move forward until DoScouting wascompleted.

The seconditem for future work is to continueto scale-updistributed POMDPs

to even larger scale teams and problems. For this, we propose to continue to

exploit the interaction in the BDI and POMDP approaches in achieving such

scale-up.Someinteresting directions we will look at are as follows:

� Additional methods of exploiting the BDI plan structure to decomposedis-

tributed POMDPs could lead to increasedspeed-up. One potentially in-

teresting direction here is to identify components within the plan structure
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that are neither completely independent nor sequentially executedbut yet

can be decoupled.

� Extending solutionsof smaller scaleproblemsto larger problemscould also

help in scaling. This was tried in the context of a distributed MDPs [21].

However, it wasnot clear in this approach what the lossin optimalit y would

be.

� Exploiting the similarity in di�erent plan components could result in further

speedup. This idea was also usedin Lifelong Planning A* [30], where it is

possibleto solvea seriesof similar planning tasksmuch fasterthan is possible

by solving each planning task starting from scratch. It is not immediately

clear how this can be donein the context of distributed POMDPs.

The third item for future work is come up with methods of identifying key

decisionswithin team plans that can be optimized. The current approach is to

have a human domain expert point out the key decisionpoints. The burden on

the domain expert can be lightened through the use of automated methods of

identifying key decisionswithin a team plan. This can be doneby reasoningwith

the help of the distributed POMDP model. However, it is key that this reasoning

be donevery cheaply.
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The fourth item for future work is to try and develop techniques to solve

distributed POMDPs in a distributed fashion. Current methods for distributed

POMDPs rely on a centralized planner. A distributed method for solving distrib-

uted POMDPs will ensurethat agents' privacy is maintained. In addition, this

could lead to real-time distributed methods of solving distributed POMDPs.

Finally, we plan on applying the techniquesdescribed in this dissertation to

di�erent problems like coordination of multiple robots [14, 34] and supply-chain

management.
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App endix A

TOP details

In this chapter, we will describe the TOP for the helicopter scenario.The details
of each subplan in Figure 2.3(b) are shown below:

ExecuteMission :
Context: ;
Pre-conditions: (MB <TaskForce> location(TaskForce) = START)
Achieved: (MB <TaskForce> (Achieved(DoScouting) ^ Achieved(DoTransport)))

^ (time > T _ (MB <TaskForce> Achieved(RemainingScouts)
_ ( @helo 2 ScoutingTeam, alive(helo) ^ location(helo)
6= END)))

Unachievable: (MB <TaskForce> Unachievable(DoScouting)) _ (MB
<TaskForce> (Unachievable(DoTransport) ^
(Achieved(RemainingScou ts) _( @helo 2 ScoutingTeam,
alive(helo) ^ location(helo) 6= END))))

Irrelevant: ;
Body:

DoScouting
DoTransport
RemainingScouts

Constraints:DoScouting ! DoTransport, DoScouting ! RemainingScouts

DoScouting:
Context:ExecuteMission <TaskForce>
Pre-conditions: ;
Achieved: ;
Unachievable: ;
Irrelevant: ;
Body:

WaitAtBase
ScoutRoutes
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Constraints: WaitAtBase ANDScoutRoutes

WaitAtBase:
Context: DoScouting <TaskForce>
Pre-conditions: ;
Achieved: ;
Unachievable: (MB <TransportTeam> @helo 2 TransportTeam, alive(helo))
Irrelevant: ;
Body: no-op

ScoutRoutes:
Context: DoScouting <TaskForce>
Achieved: ;
Unachievable: ;
Irrelevant:(MB <ScoutingTeam> @helo 2 TransportTeam, alive(helo))
Body:

ScoutRoute1
ScoutRoute2
ScoutRoute3

Constraints:ScoutRoute1 ORScoutRoute2 ORScoutRoute3

ScoutRoute1:
Context: ScoutRoutes <ScoutingTeam>
Pre-conditions: ;
Achieved: (MB <SctTeamA>9 helo 2 SctTeamA, location(helo) = END)
Unachievable: time > T _ (MB <SctTeamA>@helo 2 SctTeamA, alive(helo))
Irrelevant: ;
Body:

if (location(SctTeamA) = START)then route(SctTeamA)  1
if (location(SctTeamA) 6= END) then move-forward

ScoutRoute2:
Context: ScoutRoutes <ScoutingTeam>
Pre-conditions: ;
Achieved: (MB <SctTeamB>9 helo 2 SctTeamB, location(helo) = END)
Unachievable: time > T _ (MB <SctTeamB>@helo 2 SctTeamB, alive(helo))
Irrelevant: ;
Body:

if (location(SctTeamB) = START)then route(SctTeamB)  2
if (location(SctTeamB) 6= END) then move-forward
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ScoutRoute3:
Context: ScoutRoutes <ScoutingTeam>
Pre-conditions: ;
Achieved: (MB <SctTeamA>9 helo 2 SctTeamA, location(helo) = END)
Unachievable: time > T _ (MB <SctTeamA>@helo 2 SctTeamA, alive(helo))
Irrelevant: ;
Body:

if (location(SctTeamA) = START)then route(SctTeamA)  3
if (location(SctTeamA) 6= END) then move-forward

DoTransport :
Context: ExecuteMission <TaskForce>
Pre-conditions: ;
Achieved: (MB <TransportTeam> location(TransportTeam) = END)
Unachievable: time > T _ (MB <TransportTeam> @helo 2 TransportTeam,

alive(helo))
Irrelevant: ;
Body:

if (location(TransportTeam) = start) then
if (MB <TransportTeam> Achieved(ScoutRoute1)) then

route(TransportTeam)  1
elseif (MB <TransportTeam> Achieved(ScoutRoute2)) then

route(TransportTeam)  2
elseif (MB <TransportTeam> Achieved(ScoutRoute3)) then

route(TransportTeam)  3
if (route(TransportTeam) 6= null) and (location(TransportTeam )

6= END) then
move-forward

RemainingScouts:
Context: ExecuteMission <TaskForce>
Pre-conditions: ;
Achieved: (MB <ScoutingTeam> location(ScoutingTeam) = END)
Unachievable: time > T _ (MB <ScoutingTeam> ( @helo 2 ScoutingTeam

alive(helo) ^ location(helo) 6= END))
Irrelevant: ;
Body:

if (location(ScoutingTeam) 6= END) then move-forward

The predicate Achieved(tplan) is true if the Achieved conditions of tplan are
true. Similarly, the predicatesUnachievable(tplan) and Irrelevant(tplan) are true
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if the the Unachievable conditions and the Irrelevant conditions of tplan are true,
respectively. The predicate(location(team) = END) is true if all membersof team
are at END.

Figure 2.3(b) also shows coordination relationships: An AND relationship is
indicated with a solid arc, while an OR relationship is indicated with a dotted
arc. Thesecoordination relationships indicate unachievabilit y, achievabilit y and
irrelevance conditions that are enforcedby the TOP infrastructure. An AND
relationship betweenteam sub-plansmeansthat if any of the team sub-plansfail,
then the parent team plan will fail. Also, for the parent team plan to be achieved,
all the child sub-plansmust be achieved. Thus, for DoScouting , WaitA tBase
and ScoutRoutes must both be done:

Achieved: (MB <TaskForce> Achieved(WaitAtBase) ^
Achieved(ScoutRoutes))

Unachievable: (MB <TaskForce> Unachievable(WaitAtBase)
_ Unachievable(ScoutRoutes) )

An OR relationship meansthat all the subplansmust fail for the parent to fail
and successof any of the subplansmeansthat the parent plan has succeeded.
Thus, for ScoutingRoutes , at least one of ScoutRoute1 , ScoutRoute2 or
ScoutRoute3 needbe performed:

Achieved: (MB <ScoutingTeam> Achieved(ScoutRoute1) _
Achieved(ScoutRoute2) _ Achieved(ScoutRoute3))

Unachievable: (MB <TaskForce> Unachievable(ScoutRoute1) ^
Unachievable(ScoutRoute2 ) ^ Unachievable(ScoutRoute3) )

Also an AND relationship a�ects the irrelevanceconditions of the subplansthat
it joins. If the parent is unachievable then all its subplansthat are still executing
becomeirrelevant. Thus, for WaitA tBase :

Irrelevant: (MB <TaskForce> Unachievable(ScoutRoutes ))

Similarly for ScoutingRoutes :

Irrelevant: (MB <TaskForce> Unachievable(ScoutRoutes ))

Finally, we assign roles to plans | Figure 2.3(b) shows the assignment in
brackets adjacent to the plans. For instance, Task Force team is assignedto
jointly perform Execute Mission .
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App endix B

RMTDP details

In this chapter, we present details of the RMTDP constructed for the TOP in
Figure 2.3.

� S: We get the featuresof the state from the attributes tested in the precon-
ditions and achieved, unachievable and irrelevant conditions and the body
of the team plans and individual agent plans. Thus the relevant state vari-
ablesare:location of each helicopter,roleof each helicopter,routeof each heli-
copter, status of each helicopter(aliveor not) and time. For a team of n heli-
copters,the state is given by the tuple htime; role1; : : : ; r olen ; loc1; : : : ; locn ;
r oute1; : : : ; r outen ; status1; : : : ; statusn i .

� A: We consider actions to be the primitiv e actions that each agent can
performwithin its individual plans. The TOP infrastructure enforcesmutual
belief through communication actions. Sinceanalyzing the cost of theseis
not the focus of this research we consider communication to be implicit
and we model the e�ect of this communication directly in the observation
function.

We consider2 kinds of actions role-taking and role-executionactions. We
assumethat the initial allocation will specify rolesfor all agents. This spec-
i�es whether the agent is a scout or a transport and if a scout which scout
team it is assignedto. A scout cannot becomea transport or change its
team after its initial allocation while a transport can changeits role by tak-
ing oneof the role-taking actions.Therole-taking and role-executionactions
for each agent i are given by:
� i;member T r anspor tT eam = f j oinSctTeamA;j oinSctTeamB; j oinSctTeamCg
� i;member SctT eamA = � i;member SctT eamB = � i;member SctT eamC x = ;
� i;member T r anspor tT eam = f chooseRoute;moveForwardg
� i;member SctT eamA = � i;member SctT eamB = � i;member SctT eamC = f moveForwardg
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� P: We obtain the transition function with the help of a human expert or
through simulations if a simulator is available. In this domain, helicopters
can crash (be shot down) if they are not at START, END or an already
scoutedlocation. The probability that scoutswill get shot down dependson
which route they are on, i.e. probability of crashon route1 is p1, probability
of crashon route2 is p2 andprobability of crashon route3is p3 andhow many
scoutsare on the samespot. We assumethat the probability of a transport
being shot down in an unscoutedlocation to be 1 and in a scoutedlocation
to be 0. The probability of multiple crashescan be obtained by multiplying
the probabilities of individual crashes.

The action, moveForward, will have no e�ect if r outei = null or loci =
END or if statusi = dead. In all other cases,the location of the agent
gets incremented. We assumethat the role-taking actionsscoutRoutex will
always succeedif the role of the performing agent is tr ansport and it has
not beenassigneda route already.

� 
: Each transport at START can observe the status of the other agents
with someprobability depending on their positions. Each helicopter on a
particular route canobserve all the helicopterson that route completelyand
cannot observe helicopterson other routes.

� O: The observation function gives the probability for a group of agents
to receive a particular joint observation. In this domain we assumethat
observationsof oneagent areindependent of the observationsof other agents,
given the current state and the previous joint action. Thus the probability
of a joint observation can be computed by multiplying the probabilities of
each individual agent's observations.

The probability of a transport at START observingthe status of an alive
scouton route 1 is 0.95. The probability of a transport at START observing
nothing about that alive scout is 0.05 sincewe don't have false negatives.
Similarly if a scout on route 1 crashes,the probability that this is visible to
a transport at START is 0.98and the probability that the transport doesn't
seethis failure is 0.02. Similarly the probabilities for observingan alivescout
on route 2 and route 3 and 0.94and 0.93respectively and the probabilities
for observinga crashon route 2 and route 3 and 0.97and 0.96respectively.

� R: The reward function is obtained with the help of a human expert who
helps assignvalue to the various states and the cost of performing vari-
ous actions. For this analysis, we assumethat actions moveForward and
chooseRoutehave no cost. We considerthe negative reward (cost) for the
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replacement action, scoutRoutex, to be R� , the negative reward for a fail-
ure of a helicopter to be RF , the reward for a scout reaching END to be
Rscout and the reward for a transport reaching END to be Rtr anspor t . E.g.
R� = � 10, RF = � 50, Rscout = 5, Rtr anspor t = 75.

� RL : Thesearethe rolesthat individual agents cantake in TOP organization
hierarchy.
RL = f tr ansport; scoutOnRoute1; scoutOnRoute2; scoutOnRoute3g.
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App endix C

Theorems

Theorem 3 The MAXEXP method wil l alwaysyield an upper bound.

Pro of sketch:

� Let policy � � be the leaf-level policy with the highestexpectedreward under
a particular parent node, i , in the restricted policy space.

V� � = max � 2 Chil dr en(i )V� (C.1)

� Since the reward function is speci�ed separately for each component, we
can separatethe expected reward V into the rewards from the constituent
components given the starting states and starting observation histories of
thesecomponents. Let the team plan be divided into m components such
that the components are parallel and independent or sequentially executed.

V� � �
X

1� j � m

max states [j ];oH istor ies[j ]Vj � �

� The expectedvalue obtained for any component j , 1 � j � m for � � cannot
be greater than that of the highest value obtained for j using any policy.

max states [j ];oH istor ies[j ]Vj � � � max � 2 Chil dr en(i )max states [j ];oH istor ies[j ](Vj � )
(C.2)

� Hence,

V� � �
X

1� j � m

max � 2 Chil dr en(i )max states [j ];oH istor ies[j ](Vj � )

V� � � MaxEstimate (i ) (C.3)
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Thus, MAXEXP will always yield an upper bound.�
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App endix D

Exp erimen tal Setup

In this chapter, we present the experimental setup for our experiments in Chap-
ter 5.4.

D.1 Mission Rehearsal Scenario

For all the experiments in this scenariowe usedthe following parametervalues:

� Time horizon, T = 18.

� Number of waypoint on route 1 = 4.

� Number of waypoint on route 2 = 3.

� Number of waypoint on route 3 = 2.

� Reward obtained per time step for getting a transport to destination = 75.

� Reward obtained per time step for getting a scout to destination = 5.

D.1.1 Figure 5.4

The following are the settings for the experiments in Figure 5.4:

� Probability of a scout being shot down on route 1 = 0:1=a, where a is the
number of scoutscollocated at that waypoint.

� Probability of a scout being shot down on route 2 = 0:15=a, wherea is the
number of scoutscollocated at that waypoint.

� Probability of a scout being shot down on route 3 = 0:2=a, where a is the
number of scoutscollocated at that waypoint.
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� Probability of observinga failed scout on route 1 = 0:98.

� Probability of observinga failed scout on route 2 = 0:97.

� Probability of observinga failed scout on route 3 = 0:96.

� Probability of observingan alive scout on route 1 = 0:95.

� Probability of observingan alive scout on route 2 = 0:94.

� Probability of observingan alive scout on route 3 = 0:93.

D.1.2 Figure 5.5

The following are the settings for the experiments in Figure 5.5:

� Probability of a scout being shot down on route 1 = 0:1=a, where a is the
number of scoutscollocated at that waypoint.

� Probability of a scout being shot down on route 2 = 0:15=a, wherea is the
number of scoutscollocated at that waypoint.

� Probability of a scout being shot down on route 3 = 0:2=a, where a is the
number of scoutscollocated at that waypoint.

� Probability of observinga failed scout on route 1 = 0:98.

� Probability of observinga failed scout on route 2 = 0:97.

� Probability of observinga failed scout on route 3 = 0:96.

� Probability of observingan alive scout on route 1 = 0:95.

� Probability of observingan alive scout on route 2 = 0:94.

� Probability of observingan alive scout on route 3 = 0:93.

� COP reward was identical to immediate reward obtained in RMTDP.

� Probability of observinga failed or alive scout for MDP = 1:0.
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D.1.3 Figure 5.6

The following are the settings for the experiments in Figure 5.5:

� Number of helicopters= 6.

� With no error in model, probability of a scout being shot down on route 1
= 0:1=a, wherea is the number of scoutscollocated at that waypoint.

� With no error in model, probability of a scout being shot down on route 2
= 0:15=a, wherea is the number of scoutscollocated at that waypoint.

� With no error in model, probability of a scout being shot down on route 3
= 0:2=a, wherea is the number of scoutscollocated at that waypoint.

� With no error in model, probability of observinga failed scout on route 1
= 0:98.

� Probability of observinga failed scout on route 2 = 0:97.

� Probability of observinga failed scout on route 3 = 0:96.

� Probability of observingan alive scout on route 1 = 0:95.

� Probability of observingan alive scout on route 2 = 0:94.

� Probability of observingan alive scout on route 3 = 0:93.

D.2 Rob oCupRescue Scenario

The following arethe parametervaluesfor all the experiments in the RoboCupRes-
cuescenario:

� The world is modeledas a 6 � 6 grid.

� Visibilit y of each agent is 3 grid squares.

� Fires start in locations (1; 4) and (5; 1).

� Ambulancesare located at (3; 2).

� Fire station 1 is (1; 3), �re station 2 is (3; 3), and �re station 1 is (5; 3).

� Civilians are located at oneof the two �res using civilian distribution.
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� Agents can move onegrid squarein one time step.

� Time horizon, T = 18.

� Number of �re engines= 5.

� Number of civilians = 5.

D.2.1 Figure 5.7

The following are the parametervaluesfor all the experiments in Figure 5.7:

� Probability of civilian health deteriorating at each time step = 0:09.

� Probability of �re intensity increasingat each time step = 0:1.

D.2.2 Figure 5.8

The following are the parametervaluesfor all the experiments in Figure 5.7:

� Number of ambulances= 5.

D.2.3 Figure 5.9

The following are the parametervaluesfor all the experiments in Figure 5.9:

� Number of ambulances= 5.

D.2.4 Figure 5.10

The following are the parametervaluesfor all the experiments in Figure 5.10:

� Number of ambulances= 5.
item With no error in model, probability of civilian health deteriorating at
each time step = 0:09.

� With no error in model, probability of �re intensity increasingat each time
step = 0:1.
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