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Abstract

Distributed Partially Obsenable Markov Decision Problems (POMDPSs) have
emergedas a popular decision-theoreticapproat for planning for multiagent
teams, where it is imperative for the ageris to be able to reason about the
rewards (and costs) for their actions in the presenceof uncertainty. Howe\er,
nding the optimal distributed POMDP policy is computationally intractable
(NEXP-Complete). This dissertation presens two independert approadeswhich
deal with this issueof intractability in distributed POMDPs. The primary fo-
cusis on the rst approad, which represets a principled way to combine the
two dominart paradigmsfor building multiagent team plans, namely the \b elief-
desire-irtention” (BDI) approad and distributed POMDPSs. In this hybrid BDI-
POMDP approad, BDI team plans are exploited to improve distributed POMDP
tractabilit y and distributed POMDP-basedanalysisimprovesBDI team plan per-
formance. Concretely we focuson role allocation, a fundamenal problemin BDI
teams{ which agerts to allocate to the di erent rolesin the team. The hybrid

BDI-POMDP approad providesthree key cortributions. First, unlike prior work

Xi



in multiagent role allocation, we descrile a role allocation technique that takes
into accoun future uncertairties in the domain. The secondcortribution is a novel
decompmsition technique, which exploits the structure in the BDI team plansto
signi cantly prune the seard spaceof conbinatorially many role allocations. Our
third key cortribution is a signi cantly faster policy evaluation algorithm suited
for our BDI-POMDP hybrid approad. Finally, we also presen experimertal
results from two domains: missionrehearsalsimulation and RoboCupRescuelis-
aster rescuesimulation. In the RoboCupRescuedomain, we showv that the role
allocation technique presetted in this dissertationis capableof performing at hu-
man expert levels by comparing with the allocations chosenby humansin the
actual RoboCupRescuesimulation ervironment. The secondapproad for dealing
with the intractabilit y of distributed POMDPs is basedon nding locally optimal
joint policiesusing Nashequilibrium asa solution concept. Through the introduc-
tion of communication, we not only shav improved coordination but alsodewelop
a novel compact policy represetation that results in savings of both spaceand

time which are veri ed empirically.

Xii



Chapter 1

In tro duction

Teanwork, whether among software agens, or robots (and people)is a critical

capability in alarge number of multiagent domainsranging from missionrehearsal
simulations to RoboCup saccer and disaster rescueto personalassistam teams.
Already a large number of multiagent teams have been deweloped for a range
of domains [46, 62, 53, 27, 19, 11, 55, 9]. These existing practical approates
canbe characterizedassituated within the general\b elief-desire-itention" (BDI)

approad, a paradigmfor designingmultiagent systemsmadeincreasinglypopular
due to programming frameworks [55, 11, 57] that facilitate the designof large-
scaleteams. Within this approad, inspired explicitly or implicitly by BDI logics,

agerts explicitly represen and reasonwith their team goalsand plans [59.



This dissertationfocuseson the the quartitativ e evaluation of multiagent team-
work, to provide feedba& to aid human dewelopers and possibly to agens par-
ticipating in a team, on how the team performancein complex domains can be
improved. Sud quartitativ e evaluation is esgecially vital in domainslike disaster
rescue[29] and missionrehearsalsimulations [55], where the performanceof the
teamis linked to important metrics sud aslossof human life and property. Both
theseand other sudh complexdomainsexhibit uncertainty, which arisesfrom par-
tial obsenability and non-determinismin the outcomesof actions. Howeer, tools
for sudh quartitativ e evaluations of teamwork in the presenceof uncertainty are
currertly absen. 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 emergencef distributed Partially ObsenableM arkov D ecision
Problems(POMDPSs) providesmodels|3, 4, 45, 61]that are well-suited for quan-
titativ e analysisof agen teamsin uncertain domains. Thesemodels are powerful
enoughto expressthe uncertainty in thesedynamic domainsand in principle, can
be usedto generateand evaluate completepoliciesfor the multiagent team. How-
ewer, asshavn by Bernstein et al. [3], the problem of deriving the optimal policy
is generally computationally intractable (the correspnding decision problem is

NEXP-complete).



This dissertation presetts two independen approades, which deal with this
issueof intractabilit y in distributed POMDPs. The primary focusis on the rst
approad [39], which represets a principled way to conbine the two dominan
paradigmsfor building multiagent teams, namely distributed POMDPs and the
\b elief-desire-itention” (BDI) approad. This approat hasthe native strengths
of both BDI team plansand POMDPs, viz. ability for a designerto specify large-
scaleteams and ability to quartitativ ely evaluate these teams in the presence
of uncertainty. The secondapproad to planning with distributed POMDPs is
the \Joint Equilibrium-based Seard 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 usedto improve the spaceand time
requiremerns for this policy computation [42]. The following two sectionspreser

a high-lewel description of both theseapproades.

1.1 Hybrid BDI-POMDP approach

While BDI frameworks facilitate human design of large scaleteams, their key
shortcoming s their inability to quartitativ ely reasonabout team performance,
especially in the presenceof uncertainty. This hybrid BDI-POMDP approad
combinesthe native strengthsof the BDI and POMDP approades,i.e., the ability

in BDI frameworks to encale large-scaleteam plans and the POMDP ability to



guartitativ ely evaluate sud plans. This approad focuseson the analysisof BDI

team plans, to provide feedba& to human dewelopers 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 ageris to allocateto the variousrolesin the
team. For instance, in missionrehearsalsimulations [55], we needto selectthe
numbers and typesof helicopter ageris to allocate to di erent rolesin the team.
Similarly, in disasterrescue[29], role allocation refersto allocating re engines
and ambulancesto res and it can greatly impact team performance. In sud

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 bestrole allocation.

In order to analyzerole allocations quartitativ ely, we derive RMTDP (Role-
basedMultiagent Team DecisionProblem), a distributed POMDP framework for
guartitativ 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 correspnding decisionproblem s still NEXP-complete).
This shaws that improving the tractabilit y of analysistechniquesfor role alloca-
tion is a critically important issue.

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

improve the tractability of RMTDP and the optimality of BDI agert teams. The



rst interaction is shavn in Figure 1.1. In particular, supposewe wish to analyze
a BDI agern team (eat agern consistingof a BDI team plan and a domain inde-
pendern interpreter that helpscoordinate sut plans) acting in adomain. 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 incomplete policy and
providesan optimally completedpolicy asfeedba& to the BDI system. Thus, the
RMTDP lIs in the gapsin an incompletely speci ed BDI team plan optimally.
Here the gapswe concelttrate 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 use RMTDPs to e ectively
seard this restricted spacein orderto nd the optimal role allocation.

While the restricted policy sear® is onekey positive interaction in our hybrid
approad, the secondinteraction consistsof a more e cient policy represetation
usedfor corverting a BDI team plan and interpreter into a correspnding policy
(seeFigure 1.1) and a newalgorithm for policy ewvaluation. In general,ead agen's
policy in a distributed POMDP is indexedby its obsenation history [3, 45]. How-

ewer, in a BDI system, ead agen performsits action selectionbasedon its set
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Figure 1.1: Integration of BDI and POMDP.

of privately held beliefswhich is obtained from the agen's obsenations after ap-
plying a belief revision function. In order to evaluate the team's performance,it
issucient in RMTDP to index the ageris' policies by their belief state (repre-
sented here by their privately held beliefs) instead of their obsenation histories.
This shift in represetation resultsin considerablesavings in the amourt of time
neededto evaluate a policy and in the spacerequiredto represen a policy.

The third key interaction in our hybrid approad 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 giventhe large number of possiblerole allocations. Thus



erumerating and evaluating ead possiblepolicy for a givendomainis di cult. In-
stead,we provide a branch-and-bound algorithm that exploits task decompsition
amongsub-teamsof a team to signi cantly prune the seart spaceand provide a
correctnessproof and worst-caseanalysisof this algorithm.

In order to empirically validate our approad, we have applied RMTDP for al-
location in BDI teamsin two concretedomains: missionrehearsalsimulations [55]
and RoboCupRescug29]. We rst presen the (signi cant) speed-upgained by
our three interactions mertioned above. Next, in both domains,we comparedthe
role allocations found by our approad 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 also comparedthe allo-
cations found with allocations chosenby humansin the actual RoboCupRescue
simulation ervironment. The results shoved that the role allocation technique
presered in this dissertation is capableof performing at human expert levels in

the RoboCupRescualomain.

1.2 Joint equilibrium-based search for policies

The secondapproad for improving the tractability of distributed POMDPs is

based on nding locally optimal joint policies. This approad, called \Joint



Equilibrium-based Seart for Policies (JESP)", computesthe joint policy for a
team using Nash equilibrium as a solution concept. This approad makes two
main cortributions. First, we de ne a \multiagent belief state" and presen a
dynamic programming algorithm (DP-JESP) for nding the bestresponsepolicy
for a particular agernt given the policiesof the other agertis. Complexity analysis
revealsthe potential for exponertial speedupsdue to this dynamic programming
approad over an exhaustive approad for nding the bestresponsepolicy. These
theoretical results are veri ed via empirical comparisons. Second,we shov how
communicative acts can be explicitly introduced in order to nd locally opti-
mal joint policiesthat allow ageris to coordinate better through syndironization
adhieved via comnunication. Furthermore, the introduction of comnunication
allows us to dewelop a novel compact policy represetation that resultsin savings
of both spaceand time which are veri ed empirically. Finally, through the impo-
sition of constraints on comnmunication suc asnot going without commnunicating
for morethan K steps,even greater spaceand time savings can be obtained.
This dissertation is organized as follows: Chapters 2-5 descrite the hybrid
BDI-POMDP approad. In Chapter 2, badkground and motivation are presened.
In Chapter 3, we introducethe RMTDP model and presemn key complexity results.
Chapter 4 explainshow a BDI team plan canbe evaluated usingRMTDP . Chapter

5 descrikesthe analysismethodology for nding the optimal role allocation, and



also preseits an empirical evaluation of this methodology. Chapter 6 descrites
the JESP approad for nding locally optimal distributed POMDP policies. In
Chapter 7, we presen related work, in Chapter 8, we list our conclusionsand in

Chapter 9 we describe future work.



Chapter 2

Background

This chapter rst describesthe two domainsthat we considerin this dissertation:
an abstract missionrehearsaldomain [55] and the RoboCupRescuedomain [29].
Eadh domainrequiresusto allocaterolesto ageris in ateam. Next, team-orierted
programming (TOP), a framework for describingteam plans is descriked in the
cortext of thesetwo domains. While we focus on TOP, as discussedfurther in
Chapter 7.1, our techniqueswould be applicablein other frameworks for tasking

teams|[53, 11].

2.1 Domains

The rst domain that we consideris basedon missionrehearsalsimulations [55].
For expository purposesthis hasbeenintentionally simpli ed. The scenariois as

follows: A helicopter team is executinga mission of transporting valuable cargo
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from point X to point Y through eneny terrain (seeFigure 2.1). There are three
paths from X to Y of di erent lengthsand di erent risk dueto eneny re. Oneor
more scouting sub-teamsmust be sert out (one for eat path from X to Y), and
the larger the size of a scouting sub-teamthe saferit is. When scoutsclear up
any one path from X to Y, the transports can then move more safely along that
path. Howewer, the scoutsmay fail alonga path, and may needto be replacedby
a transport at the cost of not transporting cargo. Owing to partial obsenability,
the transports may not receive an obsenation that a scout has failed or that a
route has beencleared. We wish to transport the most amourt of cargoin 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? Allo cating more
scoutsmeansthat the scouting task is more likely to succeedput there will be
fewer helicoptersleft that can be usedto transport the cargo and consequetty
lessreward. Howe\er, allocating too few scoutscould result in the missionfailing
altogether. Also, in allocating the scouts,which routes should the scoutsbe sen
on? The shortest route would be preferablebut it is more risky. Sendingall the
scoutson the sameroute decreaseshe likelihood of failure of an individual scout;
howewer, 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 ead 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 succesf a scout may not be
visible to the transport helicoptersand hencea transport may not replacea scout

or transports may newer y to the destination.

Figure 2.1: Mission rehearsaldomain.

The secondexamplescenario(seeFigure 2.2), set up in the RoboCupRescue
disastersimulation ervironment [29], consistsof v e re enginesat three di erent
re stations (two ead at stations 1 & 3 and the last one at station 2) and v e
ambulancesstationed at the ambulance certer. 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,ambulanceageris needto save the surviving

12



civilians. The number of civilians at ead location is not known ahead of time,
although the total number of civilians in known. As time passesthere is a high
likelihood that the health of civilians will deteriorate and res will increasein
intensity. Yet the agens needto rescueasmany civilians aspossiblewith minimal
damageto the buildings. The rst part of the goalin this scenariois thereforeto
rst determinewhich re enginesto assignto ead re. Oncethe re engineshave
gatheredinformation about the number of civilians at eat re, this is transmitted
to the ambulances. The next part of the goalis then to allocate the ambulancesto
aparticular re to rescuethe civilians trappedthere. Howewer, ambulancescannot
rescuecivilians until res are fully extinguished. Here, partial obsenability (each
ager can only view objects within its visual range), and uncertainty related to
re intensity, aswell aslocation of civilians and their health add signi cantly to

the dicult .

2.2 Team-Orien ted Programming

The aim of the team-orierted programming (TOP) [46, 55, 57] framework is to
provide human dewelopers (or automated synbolic planners) with a useful ab-
straction for tasking teams. For domainssud asthosedescriked in Chapter 2.1,
it consistsof three key aspectsof a team: (i) a team organization hierarchy con-

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

13



Figure 2.2: RoboCupRescueScenario: C1 and C2 denotethe two re locations,
F1, F2 and F3 denote re stations 1, 2 and 3 respectively and A denotesthe
ambulancecerter.
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rolesto sub-plansin the plan hierarchy. The deweloper neednot specify low-level
coordination details. Instead, the TOP interpreter (the underlying coordination
infrastructure) automatically enablesageris to decidewhen and with whom to
comnunicate and how to reallocate roles upon failure. The TOP abstraction
enableshumansto rapidly provide team plans for large-scaleteams, but unfortu-
nately, only a qualitative assessménof team performanceis feasible. Thus, a key
TOP weaknesss the inability to quartitativ ely evaluate and optimize team per-
formance. For example,in allocating rolesto agens only a qualitative matching
of capabilitiesmay be feasible. As discussedater, our hybrid BDI-POMDP model
addresseshis weaknesduy providing techniquesfor quartitativ e evaluation.

As a concreteexample, considerthe TOP for the mission rehearsaldomain.
We rst specify the team organization hierarchy (seeFigure 2.3(a)). TaskForceis
the highestlevel team in this organization and consistsof two roles Smuting and
Transprt, where the Swouting sub-team has roles for eat of the three scouting
sub-sub-teams.Next we specify a hierarchy of reactive team plans (Figure 2.3(b)).
Reactive team plansexplicitly expresgoint activities of the relevant team and con-
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-lewel actionsto be

executedaspart of the plan (an exampleplan will be discussedhortly). In Figure

15



2.3(b), the highestlevel plan Execute Mission hasthree 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 readed the destination yet to get there.

Task Force

Scouting Team  Transport Team

SctTeamA SctTeamB SctTeamC
(@)
Execute Mission [Task Force]
DoScouting=>RemainingScouts  DoTransport

[Task ForCﬁ] [Scouting Team] [TranspC}r\t Team]
|

WaitAtBase ScoutRoutes
[Transport Team] [Scouting Team]

7
~_|L~

ScoutRoutel ScoutRoute2 ScoutRoute3
[SctTeamA] [SctTeamB] [SctTeamC]

(b)

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

Figure 2.3(b) also shaws 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 be donewhile at leastone
of ScoutRoutel , ScoutRoute2 or ScoutRoute3 needbe performed. There

is also a temporal dependencerelationship amongthe sub-plans, which implies

16



that sub-teamsassignedo perform DoT ransp ort or RemainingScouts cannot
do sountil the DoScouting plan has completed. Howewer, DoT ransp ort and
RemainingScouts executein parallel. Finally, we assignrolesto plans{ Figure
2.3(b) showns the assignmenh in bradkets adjacer to the plans. For instance, Task
Force team is assignedto jointly perform Execute Mission while SctTeamA is
assignedio ScoutRoutel .

The team plan correspnding to Execute Mission is shavn in Figure 2.4. As
canbe seen,eat team plan consistsof a context, pre-conditions,post-conditions,
body and constrairts. The cortext descritesthe conditions that must be ful lled
in the parert plan while the pre-conditionsare the particular conditions that will
causethis sub-planto begin execution. Thus, for Execute Mission , the pre-
condition is that the team mutually believes (MB)! 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-plansthat exist within this team plan. Lastly, constrairts descrile any
temporal constrairts that exist betweensub-plansin the body. The description

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

Mutual Belief [59], shovn as (MB hteami x) in Figure 2.4, refersto a private belief held by
ead agert in the team that they ead believe that a fact x is true, and that ead of the other
agerts in the team beliewve that x is true, and that every agert believesthat every other agert
believesthat x is true and soon. Sud in nite levelsof nesting are di cult to realizein practice.
Thus, asin practical BDI implemenrtations, for the purposesof this dissertation, a mutual belief
is approximated to be a private belief held by an agert that all the agerts 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(RemainingScouts) _ (@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 asin HTNs [12, 15, the plan hierarchy of a TOP givesa decomsition
of the task into smaller tasks. Howewer, the languageof TOPs is richer than
the languageof early HTN planning [19 which contained just simple ordering
constrairts. As seenin the above example,the plan hierarchy in TOPs can also
cortain relationshipslike AND and OR. In addition, just like more recert 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 cortain anorganizationhierarchy
in addition to a plan hierarcy, (ii) the TOP interpreter ensuresthat the team

executedts planscoherenly. As seenlater, TOPs will be analyzedwith all of this
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expressienessincluding conditional execution; howewer, since our analysis will
focuson a xed time horizon, any loopsin the task description will be unrolled
up to the time horizon.

During execution,eat agert hasa copy of the TOP. The agen alsomaintains
a set of private beliefs, which are a set of propositions that the agert believesto
be true (seeFigure 2.5). When an agen receives new beliefs, i.e. obsenations
(including communication), the belief update function is usedto 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,sud belief update computation is of
low complexity (e.g. constart or linear time). Oncebeliefsare updated, an agen
selectswhich plan to executeby matching its beliefswith the pre-conditionsin the
plans. The basicexecutioncycleis similar to standard reactive planning systems
sud asPRS[17].

During team plan execution, obsenations, in the form of comnunications,
often arise becauseof the coordination actions executedby the TOP interpreter.
For instance, TOP interpreters have exploited BDI theories of teamwork, sud
as Levesqueet al.'s theory of joint intentions [31], which require that when an
agern comesto privately beliewe a fact that terminatesthe currert team plan (i.e.

matches the achievemert or unadievability conditions of a team plan), then it
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new observation for N
agenti Belief Update Private beliefs of
function agent i

Figure 2.5: Mapping of obsenations to beliefs.

comnunicatesthis fact to the rest of the team. By performing sud coordination
actionsautomatically, the TOP interpreter enablescoherencet 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
mertioned earlier. First, a human deweloper must allocate available agerts to the
organization hierarchy (Figure 2.3(a)), to nd the bestrole allocation. However,
there are conbinatorially many allocationsto choosefrom [26, 55]. For instance,
starting with just 6 homogeneoudelicoptersresults in 84 di erent ways of de-
ciding how many ageris to assignto ead 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 showns three di erent assign-
merts of agens to the team organization hierarchy, ead found in our analysis
to be the best for a given setting of failure and obsenation 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 were not possibleat all, the number of transports
increasedto Vv e (seeFigure 2.6(c)). Our analysistakesa step towards selecting

the bestamongsud allocations.

Task Force

)

Scouting Team  Transport Team=4

)

SctTeamA=2 SctTeamB=0 SctTeamC=0
(a) Low probability

Scouting Team  Transport Team=3

)

SctTeamA=2 SctTeamB=1 SctTeamC=0
(b) Medium probability

Scouting Team  Transport Team=5

,

SctTeamA=0 SctTeamB=0 SctTeamC=1

(c) Zero probability

Figure 2.6: Best role allocationsfor di erent probabilities of scoutfailure.

Figure 2.7 shavs the TOP for the RoboCupRescuescenario. As can be seen,
the plan hierardy for this scenarioconsistsof a pair of ExtinguishFire and
RescueCivilians plans donein parallel, ead of which further decompsesinto

individual plans. (Theseindividual plans getthe re enginesand ambulancesto
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move through the streets using speci ¢ seart algorithms. Howewer, theseindi-
vidual plans are not relevant for our discussionsin this dissertation; interested
readersshould refer to the description of our RoboCupRescudeam ertered into
the RoboCup competitions of 2001[37].) The organizational hierarchy consists
of Task Force comprising of two Engine sub-teams,one for eah re and an Am-
bulane Team, where the engine teams are assignedto extinguishing the res
while the ambulance team is assignedto rescuingcivilians. In this particular
TOP, the assignmeh of ambulancesto Ambulan@TeamA and Ambulan@TeamB
is conditioned on the communication \c", indicated by \Am bulanceTeamAjc" and
\Am bulanceTeamBc". \c" is not descriked in detail in this gure, but it refers
to the comnmunication that is received from the re enginesthat descrikes the
number of civilians presen at ead re. The problemis which enginesto assignto
eah Engine Team and for eat possiblevalue of \c", which ambulancesto assign
to eady Ambulan@ Team. Note that engineshave di ering capabilities owing to

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

EngineTeamA EngineTeamB  AmbulanceTeam

PN

AmbulanceTeamA |c  AmbulanceTeamB |c
(@)

ExecuteMission
[Task Force]

-

ExtinguishFirel :> RescueCiviliansl  ExtinguishFire2 :> RescueCivilians2
[EngineTeamA] [AmbulanceTeamA] [EngineTeamB] [AmbulanceTeamB]

(b)

Figure 2.7: TOP for RoboCupRescuescenario.a) Organization hierarchy; 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 quartitativ e analysisof key coordination
decisionsin multiagent teams, we extend MTDP for the analysis of the coordi-
nation actions of interest. For example,the COM-MTDP [45] is an extension
of MTDP for the analysis of comnunication. In this dissertation, we illustrate
a generalmethodology for analysisof other aspects of coordination and presen
the RMTDP model for quartitativ e analysis of role allocation and reallocation
as a concreteexample. In cortrast to BDI systemsintroduced in the previous
chapter, RMTDP enablesexplicit quartitativ e optimization of team performance.
Note that, while we useMTDP, other possibledistributed POMDP modelscould

potertially alsosene asa basis[3, 61].
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3.1 Multiagen t Team Decision Problem

Given a team of n agens, an MTDP [45] is de ned asa tuple: hS;A; P; ;O;Ri.
It consistsof a nite setof statesS = m Whereeadhr ;,1 | m,

is a feature of the world state. Each agert i canperform an action from its set of

This joint reward is sharedequally by all menbers and there is no other private
reward that individual ageris receiwe for their actions. Thus, the agers are
motivated to behave asa team, taking the actionsthat jointly yield the maximum
expected reward.

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

which is a mapping of its obsenation history to actions. Thus, at time t, agen

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

over the world state [28], which is showvn to be a su cient statistic in order to
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compute the optimal policy [52. Unfortunately, we cannot directly use single-
agert POMDP techniques [28] for maintaining or updating belief states [2§] in
a MTDP { unlike in a single agert POMDP, in MTDP, an agent's obsenation
dependsnot only on its own actions, but alsoon unknown actions of other agerts.
Thus, aswith other distributed POMDP models([3, 61],in MTDP, local policies

i are indexed by obsenation histories. =< 4;:::; , > refersto the joint

policy of the team of agerts.

3.2 Extension for explicit coordination

Beginning with MTDP, the next step in our methodology is to make an explicit
separationbetweendomain-lewel 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. Howe\er,
other coordination actions could also be separatedfrom domain-leel actions in
order to investigate their impact. Thus, to investigate role allocation and real-
locations, actions for allocating agens to roles and to reallocate suc roles are
separatedout. To that end, we de ne RMTDP (Role-basedMultiagent Team

DecisionProblem) as a tuple hS;A; P; ;0O;R;RLi with a new componen, RL .
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Ead instanceof role r; may be assignedsomeagert i to ful ll it. The actions of

eat agern are now distinguishableinto two types:

Role-T aking actions: | = f g cortains the role-taking actions for agert i.

ir; 2 i meansthat agen i takesonthe roler; 2 RL .

: , S : : ,
Role-Execution  Actions: = 4 ,5 i, cortains the executionactions for

agert i where , is the setof agen i's actions for executingrole r; 2 RL

In addition we de ne the setof statesasS = ; m roles; Wherethe
feature s (@ vector) givesthe current role that ead agert hastakenon. The
reasonfor introducing this new feature is to assistus in the mapping from a BDI
team plan to an RMTDP. Thus ead time an agert performsa new role-taking
action successfullythe value of the feature s Will be updated to re ect this
change. The key hereis that we not only modelan agent's initial role-taking action
but alsosubsequenrole reallocation. Modeling both allocation and reallocation is
important for an accurateanalysisof BDI teams. Note that an agen canobsene
the part of this feature pertaining to its own currert role but it may not obsene
the parts pertaining to other agens' roles.

The introduction of rolesallows us to represen the specializedbehaviors asso-
ciated with ead role, e.g. a transport vs. a scoutrole. While lling a particular
role, rj, agert i can perform only role-executionactions, 2 ,, which may be

di erent from the role-executionactions j, for roler,. Thus, the feature gesis
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usedto Iter actionssud that only thoserole-executionactionsthat correspnd
to the agert's currernt 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 performancewhentrying to nd the optimal policy for
the team, sincethe number of domain actionsthat ead agert can choosefrom is
restricted by the role that the agen hastaken 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 agens for ead role
have the capabilitiesthat bene t the team the most.

Just asin MTDP, eat agernt chooseswhich action to perform by indexing its
local policy ; by its obsenation history. In the sameepoch someagers could
be doing role-taking actions while others are doing role-executionactions. Thus,

eat agert's local policy ; canbedivided into local role-taking and role-execution

policiessud that for all obsenation histories,! 2;:::;! f, either ; (1 %:::;11) =
null or ; ("% = null. =< 4 ;i1 o > refersto the joint role-
taking policy of the team of agernis while =< 4 ;:::; , > refersto the joint

role-executionpolicy.
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In this dissertation, we do not explicity model comnunicative actions as a
specialaction. Thuscommunication is treated like any other role-executionaction

and the communication received from other agerts are treated as obsenations.!

3.3 Complexit y results with RMTDP

While Chapter 2.2qualitatively emphasizedhe di cult y of role allocation, RMTDP
helpsus in understandingthe complexity more precisely The goalin RMTDP is
to comeup with joint policies and  that will maximize the total expected
reward over a nite horizon T. Note that agens can changetheir rolesaccording
to their local role-taking policies. The agent's role-executionpolicy subsequen
to this changewould cortain actions pertaining to this new role. The following

theoremillustrates the complexity of nding sud optimal joint policies.

Theorem 1 The decision problemof determining if there exist policies, and
, for an RMTDP, that yield an expected rewad 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

setRMTDP's roletaking actions, © to null and setthe 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, © to the MTDP's set of actions, A. To reduceRMTDP to MTDP, we
generatea new MTDP sud that its setof actions, A%is equalto > . Finding
the required policy in MTDP is NEXP-complete [45].

As this theoremshaws us, solvingthe RMTDP for the optimal joint role-taking
and role-executionpoliciesover even a nite horizonis highly intractable. Hence,
we focus on the complexity of just determining the optimal role-taking policy,
given a xed role-exeution policy. By xed role-exeution policy, we mean that

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

Theorem 2 The decision problemof determiningif there existsa role-takingpol-
icy, ,foran RMTDP, that yieldsan expected reward of at least K togetherwith

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

Pro of sketch: We reducean MTDP to an RMTDP with a dierent role-
taking and a role-executionaction correspnding to ead action in the MTDP.
Hence,in the RMTDP we have arole-takingaction ;, for agern i to takeonroler;
createdfor ead actiona; 2 A; inthe MTDP and ead sud roler; cortains asingle
role-executionaction, i.e. j ,j = 1. For the RMTDP, construct the transition
function to be sud that a role-taking action always succeedsind the only a ected
state feature is ;oes. For the role-executionaction 2 i, the transition
probability is the sameasthat of the MTDP action, a 2 A; corresmndingto the

last role-taking action ;. The xed role-executionpolicy is to simply perform
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the action, 2 ,, correspnding to the last successfulole-taking action, i, .
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
Theorem 1, we can concludeNEXP-Completeness.

This result suggestshat 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 completely generalglokally optimal role-taking policy, whereany
number of agens can changerolesat any point in time. Giventhe above result, in
generalthe globally optimal role-taking policy will be of doubly exponertial com-
plexity, and so we may be left no choice but to run a brute-force policy seard,

i.e. to erumerate all the role-taking policies and then ewaluate them, which to-

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

n
i T o1

of policiesis | jJJ it | ie. doubly exponerial in the number of obsenation
histories and the number of agents. Thus, while RMTDP enablesquartitativ e
evaluation of team's policies, computing optimal policiesis intractable; further-
more, given its low level of abstraction, in cortrast to TOP, it is dicult for a
human to understand the optimal policy. This cornrast between RMTDP and

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

Hybrid BDI-POMDP  approach

Having explained TOP and RMTDP, we can now presen a more detailed view
of our hybrid methodology to quartitativ 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 essetially TOP plans, while the BDI interpreter is the TOP
coordination layer. As shown in Figure 1.1, an RMTDP model is constructed
correspnding to the domain and the TOP and its interpreter are corverted into
a correspnding (incomplete) RMTDP policy. We can then analyze the TOP
using analysistechniquesthat rely on ewaluating the RMTDP policy using the
RMTDP model of the domain.

Thus, our hybrid approad combines the strengths of the TOPs (enabling
humansto specify TOPs to coordinate large-scaleteams) with the strengths of

RMTDP (enabling quartitativ 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 idertied at least six
speci ¢ ways in which TOPs make it easierto build RMTDPs and to e cien tly
searhr RMTDP policies: two of which are discussedn this chapter, and four in

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

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

ter 4.1);

2. TOPs are exploited to presen incomplete policiesto RMTDPs, restricting

the RMTDP policy seart (Chapter 5.1);

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

evaluation (Chapter 4.2);

4. TOP organizationhierardy is exploited in hierarchically grouping RMTDP

policies (Chapter 5.1);

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

6. TOP plan hierarchies are also exploited in cutting down the obsenation or

belief historiesin RMTDPs (Chapter 5.3).
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The end result of this e cient policy seard is a completedRMTDP policy that
improves TOP performance.While we exploit the TOP framework, other frame-
works for tasking teams, e.g. Deder and Lesser[11] and Stone and Veloso[53]

could bene t from a similar synergisticinteraction.

4.1 Guidelines for constructing an RMTDP

As shown in Figure 1.1, our analysisapproad usesasinput an RMTDP model
of the domain, as well as an incomplete RMTDP policy. Fortunately, not only
doesthe TOP sene 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 decompsing
the construction of the RMTDP.

The elemens of the RMTDP tuple, hS;A; P; ;0O;R;RLIi, can be de ned
using a procedurethat relieson both the TOP aswell asthe underlying domain.
While this procedureis not automated, our key cortribution is recognizingthe
exploitation of TOP structuresin constructingthe RMTDP model. First, in order
to determinethe setof states, S, it is critical to model the variablestestedin the
pre-conditions,termination conditionsand cortext of all the componerts (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 expresses complextest on the feature, that test is
not modeledin the state, but instead getsusedin de ning the incomplete policy
input to RMTDP. Next we de ne the set of roles, RL , asthe leaf-lewel rolesin
the organization hierarchy of the TOP. Furthermore, as speci ed in Chapter 3.2,
we de ne a state feature [qes as a vector cortaining the currert role for eah
agern. Having de ned RL and s, We now de ne the actions, A asfollows. For
ead roler; 2 RL, we de ne a corresnding role-taking action, -, which will
succeedr fail depending on the agen i that performsthe action and the state s
that the action was performedin. The role-executionactions, ;, for agert i in
role rj, are those allowed for that role accordingto the TOP.

Thus, we have de ned S, A and RL basedon the TOP. To illustrate these
steps, considerthe plans in Figure 2.3(b). The pre-conditions of the leaf-lewel
plan ScoutRoutel (SeeAppendix A), for instance, tests start location of the
helicoptersto 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 statesin the RMTDP. Using the organization hierardy,
we de ne the setof rolesRL with a role correspnding to ead of the four di er-
ert kinds of leaf-le\el roles,i.e. RL = f membelSctT eamA; membelSctT eamB;
memberSctT eamC; membelT ranspontT eamg. The role-taking and role-execution

actions can be de ned asfollows:
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A role-taking action is de ned correspnding to eat of the four roles in
RL, i.e. becominga menber of one of the three scouting teams or of the
transport team. The domain speci es that only a transport can changeto a
scoutand thusthe role-taking action, jointT ransprtT eam, will fail for agen

i, if the currert role of agert i is a scout.

Role-executionactions are obtained from the TOP plans correspnding to
the agert's role. In the missionrehearsalscenario,an agen, ful lling ascout
role (membersof SctTeamA, SctTeamB or SctTeamC), always goesforward,
making the currert position safe,until it readesthe destination and sothe
only executionaction we will consideris \move-making-safe”. An agen in
a transport role (members of Transport Team) waits at X until it obtains
obsenation of a signalthat onescoutingsub-teamhasreatedY and hence

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

We must now de ne ;P; O;R. We obtain the set of obsenations ; for eat

agern i directly from the domain. For instance,the transport helosmay obsene

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 requiressomecomnbination of

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

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

obsenational uncertainty is su cient 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 implicitty modeledin the TOP. In the mission
rehearsaldomain, the time at which the scouting and transport mission were
completed determined the amourt of reward. Thus, time was only implicitly
modeledin the TOP and neededto be explicitly modeledin the RMTDP.
Sincewe are interestedin analyzing a particular TOP with respect to uncer-
tainty, the procedurefor constructing an RMTDP model can be simplied by
exploiting the hierarchical decomposition of the TOP in order to decompmsethe
construction of the RMTDP model. The high-level componerts of a TOP often
represen plans executedby di erent sub-teams,which may only looselyinteract
with ead other. Within a componert, the sub-teammemnbersmay exhibit a tight
interaction, but our focusis on the \lo osecoupling” acrosscomponerts, where
only the end results of one componert feedinto another, or the componerns in-
dependerily cortribute to the team goal. Thus, our procedurefor constructing
an RMTDP exploits this loosecoupling betweencomponerts of the plan hierar-
chy in order to build an RMTDP model represeted as a conmbination of smaller
RMTDPs (factors). Note that if sudh decompsition is infeasible, our approah
still applies except that the bene ts of the hierarchical decompsition will be

unavailable.
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We classifysibling componerts asbeingeither parallel or sequetially executed
(contains atemporal constrairt). Componerts executedin parallel could be either
independentor degendent For independentcomponents, we can de ne RMTDPs
for ea of thesecomponerts sud that the sub-team executing one componert
cannot a ect the transitions, obsenations and reward obtained by the sub-teams
executingthe other componerts. The procedurefor determining the elemeits of
the RMTDP tuple for componert k, hSy; Ax; Px; «; Ok; Rk; RL ki, is idertical to
the procedure descriled earlier for constructing the overall RMTDP. Howeer,
eat sudh componert hasa smaller set of relevant variablesand rolesand hence
specifying the elemers of its correspnding RMTDP is easier.

We can now combine the RMTDPs of the independert componerts to obtain
the RMTDP correspnding to the higher-level componert. For a higher level
componert |, whosechild componerts are independen, the set of states, S, =

8 «2Fs, x Sut that Fg = Ssk st childki)=tue Fs. WhereFs and Fs, are the
sets of featuresfor the set of states S, and set of statesS,. A states 2 S is
said to corresnd to the state s, 2 S¢ if 8 « 2 Fs.;s[ x] = sk[ x], i.e. the
state s, hasthe samevalue as state sy for all featuresof state s,. The transition
function is de ned as follows, P(s% a;s) = QSk st Chil ddicl)= rue Pk(Sks 8k; Sk),
where s; and s? of componert | correspnds to states sy and s? of componert

k and ay is the joint action performed by the sub-team assignedto componert
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k correspnding to the joint action a, performed by the sub-team assignedto
componert |I. The obsenation function is de ned similarly as Oi(s;;a;! ) =

Q

8k st child(ki)=true Ok(Sk; ;! k). The reward function is de ned asR(s;; &) =
P
8k st Chil d(kit)= tue K (Sk: &)-

In the caseof sequetially executedcomponerts (those connectedby a tem-
poral constrairt), the componens are loosely coupled since the end states of
the precedingcomponen specify the start states of the succeedingcomponern.
Thus, since only one componern is active at a time, the transition function is
de ned as follows, Pi(s% a;s) = Pk(s); a; sk), Where componert k is the only
active child componert, s, and s represen the states of componert k corre-
sponding to statess, and sP of componert | and & is the joint action performed
by the sub-team assignedto componert k correspnding to the joint action a
performedby the sub-teamcorrespnding to componert |. Similarly, we can de-
ne O(s;;a;! ) = Ok(sk;ax;! k) and Ri(s;;a) = Rk(sk; a), wherek is the only
active child componert.

Considerthe following examplefrom the missionrehearsaldomain wherecom-
ponerts exhibit both sequetial dependenceand parallel independence. Con-
cretely, the componert DoScouting is executed rst followed by DoT ransp ort

and RemainingScouts , which are parallel and independert 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, obsenation and reward func-
tions of their parent Execute Mission is given by the correspnding functions
of either DoScouting or by the conbination of the correspnding functions of
DoT ransp ort and RemainingScouts .

We use a top-down approad in order to determine how to construct a fac-
tored RMTDP from the plan hierarchy. As shawvn in Algorithm 1, we replacea
particular sub-planby its constituert sub-plansif they are either independert or
sequetially executed. If not, then the RMTDP is de ned using that particular
sub-plan. This processis applied recursiwely starting at the root componert of
the plan hierardhy. As a concreteexample, consideragain our missionrehearsal
simulation domain and the hierardy illustrated in Figure 2.3(b). Giventhe tem-
poral constraints between DoScouting and DoT ransp ort , and DoScouting
and RemainingScouts , we exploited sequetial decompsition, while DoT rans-
port and RemainingScouts wereparallel and independert componers. Hence,
we canreplaceExecuteMission by DoScouting , DoT ransp ort and Remain-
ingScouts . We then apply the sameprocessto DoScouting . The constituert
componerts of DoScouting are neither independent nor sequetially executed
and thus DoScouting cannot be replacedby its constituert componerts. Thus,
RMTDP for the missionrehearsaldomain is comprisedof smaller RMTDPs for

DoScouting , DoT ransp ort and RemainingScouts .
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Algorithm 1 Build-RMTDP(TOP top, Sub-plansubplan)

1: children subplan children() fsubplan children() returns the sub-plans

within subplang

2. if children = null or children are not (looselycoupledor independert) then
32 rmtdp De ne-RMTDP(subplan) fnot automatedy
4:  return rmtdp

5. else
6
7
8
9

for all child in children do

factors[dild]  Build-RMTDP(top,c hild)
rmtdp  ConstructFromFactors(factors)
return rmtdp

Thus, using the TOP to identify relevant variables and building a factored
RMTDP utilizing the structure of TOP to decompsethe construction procedure,
reducethe load on the domain expert for model construction. Furthermore, as
showvn in Chapter 5.3, this factored model greatly improvesthe performanceof

the seart for the bestrole allocation.

4.2 Evaluating RMTDP policies by exploiting

TOP beliefs

We now presen a technique for exploiting TOPs in speedingup ewaluation of
RMTDP policies. Before we explain our improvemen, we rst descrike the orig-
inal algorithm for determining the expected reward of a joint policy, where the
local policiesof eat agent are indexedby its ertire obsenation histories[45, 38].

Here, we obtain an RMTDP policy from a TOP asfollows. We obtain ;(+!), i.e.
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the action performedby agert i for ead obsenation history !, asthe action a
performed by the agert i following the TOP when it hasa set of privately held
beliefscorrespnding to the obsenation history, +!. We computethe expectedre-
ward for the RMTDP policy by projecting the team's executionover all possible

brancheson di erent world statesand di erent obsenations. At ead time step,

we can compute the expected value of a joint policy, =< 4;:::; , >, fora
team starting in a given state, s', with a given setof pastobsenations, +};:::; +!,
asfollows:
VA Fhinb ) = RS (D aH) O
X
P St, 1 L—;_ R Kt ,St+1
sl+1 28
X t+1 t t t+1 t+1
O s 1 by i by by
!t+12
yitoghts gt il (4.1)
The expectedreward of a joint policy is givenby VOo(s®; < null;:::;null >)

wheres? is the start state. At eat time stept, the computation of V! performs
a summation over all possibleworld states and agern obsenations and so has a

time complexity of O(jSj j j). This computation is repeatedfor all statesand
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all obsenation histories of length t, i.e. O(jSj j j') times. Therefore, given a
time horizon T, the overall complexity of this algorithm is O jSj2 j jT*! .

As discussedn Chapter 2.2, in a team-orierted program, ead agert's action
selectionis basedon just its currertly held private beliefs(note that mutual beliefs
are modeledasprivately held beliefsabout all ageris asper footnote 2). A similar
technique can be exploited when mapping TOP to an RMTDP policy. Indeed,
the ewvaluation of a RMTDP policy that correspndsto a TOP canbe speededup

if ead agert's local policy is indexed by its private beliefs, .'. Wereferto !,

i i
asthe TOP-congruen belief state of agent i in the RMTDP. Note that this belief
state is not a probability distribution over the world statesasin a single agen
POMDP, but rather the privately held beliefs(from the BDI program) of agen i
at time t.

Belief-basedRMTDP policy evaluation leadsto speedupbecausamultiple ob-
senation histories map to the samebelief state, ;'. This speedupis a key il-
lustration of exploitation of synergisticinteractions of TOP and RMTDP. In this
instance, belief represetation techniquesusedin TOP are re ected in RMTDP,
and the resulting faster policy evaluation can help us optimize TOP performance.

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

how sud belief-basedRMTDP policiescan be evaluated.
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Just aswith evaluation using obsenation histories, we compute the expected
reward of a belief-basedoolicy by projecting the team's executionover all possible

brancheson di erent world statesand di erent obsenations. At ead time step,

we can compute the expected value of a joint policy, =< 4;:::; , >, fora
team starting in a given state, s', with a giventeam beliefstate, < ';:::; !>
asfollows:
VIST gt ) = RS a1l 0) )t
X
P sy 1 4'iioa st
sttl 28
X t+1 . | S t o tEL Lt
OS y 1 1 yr=3 N n 3y * 1 s+:=3:n
!t+1 2
Vt+l St+l . 1t+l ..... t+1 (4 2)
1 L | n .
where ;"' = BeliefUp dateFunction %!

The complexity of computing this function (expression2) is O(jSj j ))
O (BeliefUp dateF unction ). At ead time step the computation of the value
function is done for ewery state and for all possiblereadable belief states. Let
j i = maxy ¢ t(j }j) represen the maximum number of possiblebelief states

that agert i can be in at any point in time, wherej }j is the number of belief
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statesthat agert i canbein at t. Thereforethe complexity of this algorithm is
givenby O(GSjZ j j ( 4 ::: j nj) T) O(BeliefUp dateFunction ). Note
that, in this algorithm T is not in the exponert unlike in the algorithm in ex-
pression4.1. Thus, this evaluation method will give large time savings if: (i) the
quartity (j 1j :::j nj) T ismuchlessthanj jT and (ii) the belief update cost
is low. In practical BDI systems,multiple obsenation histories map often onto
the samebelief state, and thususually, (j 1j ::: j nj) T ismuch lessthanj jT.
Furthermore, sincethe belief update function mirrors practical BDI systems,its
complexity is alsoa low polynomial or a constart. Indeed, our experimertal re-
sults shav that signi cant speedupsresult from switching to our TOP-congruen
belief states ;'. Howe\er, in the absoluteworst case,the belief update function
may simply append the new obsenation to the history of past obsenations (i.e.,
TOP-congruen beliefswill be equivalert to keepingertire obsenation histories)
and thus belief-basedevaluation will have the samecomplexity asthe obsenation
history-basedevaluation.

We now turn to an exampleof belief-basedpolicy evaluation from the mission
rehearsaldomain. At ead time step, the transport helicoptersmay receiwe an
obsenation about whether a scouthasfailed basedon someobsenation function.
If we usethe obsenation-history represetation of the policy, then eat trans-

port agent would maintain a complete history of the obsenations that it could
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receie at eat 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
seeral di erent obsenation historiesof length two. At ewvery time step, the trans-
ports may receive an obsenation about eat scout being alive or having failed.
Thus, at time t = 2, a transport helicopter might have one of the following ob-
senation histories of length two, fsctlOnRoutelAlive;sct2OnRoute?Aliveg*;
f sctlOnRoutelF ail ed;sct2OnR oute2F ail ectg2 , f sctlOnRoutelAlive;sct20n
Route2F ail edg’ ; f sctlOnRoutelF ail edy® , hfsctlOnRoutelF ail ed;sct2OnRou
te2Aliveg' ; f sct2OnRoute2F ailedy’ , etc. However, the action selectionof the
transport helicoptersdependson only whether a critical failure (i.e. the last re-
maining scout has crashed)hastaken placeto changeits role. Whether a failure
is critical can be determinedby passingead obsenation through a belief-update
function. The exact order in which the obsenations are received or the precise
times at which the failure or non-failure obsenations are receiwed are not rele-
vant to determining if a critical failure hastaken placeand consequetty whether
a transport should changeits role to a scout. Thus, many obsenation histories
map onto the samebelief states. For example,the above three obsenation histo-
ries all map to the samebelief Critical F ail ure(D oScouting) i.e. a critical failure
has taken place. This results in signi cant speedupsusing belief-basedevalua-

tion, as Equation 4.2 needsto be executedover a smaller number of belief states,

46



linear in T in our domains, as opposedto the obsenation history-basedevalua-
tion, where Equation 4.1 is executedover an exponertial number of obsenation
histories(j j'). 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 ewaluation, this chapter focuseson e cient techniquesfor
RMTDP policy seard, in serviceof improving BDI/TOP team plans. The TOP
in essenceorovides an incomplete, xed policy, and the policy seard optimizes
decisionsleft openin the incomplete policy; the policy thus completedoptimizes
the original TOP (seeFigure 1.1). By enablingthe RMTDP to focusits seart
on incompletepolicies,and by providing ready-madedecompositions, TOPs assist
RMTDPs in quickly searding 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 problemin teams. While the TOP providesan incomplete policy, keeping
open the role allocation decisionfor ead agen, the RMTDP policy sear® pro-

videsthe optimal role-taking action at eat of the role allocation decisionpoints.
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In corntrast to previousrole allocation approades, our approad determinesthe
bestrole 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 mertioned earlier, to addressrole allocation, the TOP provides a policy that
is complete, exceptfor the role allocation decisions.RMTDP policy seart then
optimally lls in the role allocation decisions.To understandthe RMTDP policy
seart, it is usefulto gain an understanding of the role allocation seart space.
First, note that role allocation focuseson deciding how many and what types
of agerts to allocate to di erent rolesin the organization hierarchy. This role
allocation decisionmay be madeat time t = 0 or it may be madeat a later time
conditioned on available obsenations. Figure 5.1 shavs 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 spacecompletely speci es the
allocation of agerts to rolesat the correspnding level of the organizationhierarchy
(ignore for now, the number to the right of ead 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 leaf node (at level
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three) in Figure 5.1 speci es that one helicopteris assignedo SctTeamA, zeroto
SctTeamB, zeroto SctTeamC and v e helicoptersto Transprt Team. Thus, as
we can see,eah leaf node in the role allocation spaceis a complete, valid role
allocation of agerts to rolesin the organization hierarcy.

In orderto determineif oneleafnode (role allocation) is superior to anotherwe
ewvaluate ead usingthe RMTDP by constructing an RMTDP policy for ead. In
this particular example,the role allocation speci ed by the leaf node correspnds
to the role-taking actionsthat ead agen will executeat time t = 0. For example,
in the caseof the leftmost leaf in Figure 5.1, at time t = 0, one agen (recall
from Chapter 2.2 that this is a homogeneouseam and hencewhich speci c agert
doesnot matter) will becomea menber of SctTeamA while all other agerts will
becomemenbersof Transrt Team. Thus, for oneagert i, the role-taking policy
will include ; (null) = joinSctTeamA and for all other agers, j;j 6 i, it
will include  (null) = joinTransportT 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,
sud asthe STEAM algorithm [55]. Thus for example,if the role reallocation is
indeedperformedby the STEAM algorithm, then STEAM's reallocation policy is
included into the incomplete policy that the RMTDP s initially provided. Thus,

the bestrole allocation is computedkeepingin mind STEAM's reallocation policy.
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In STEAM, given a failure of an agert playing Roler, an agen playing Roleg will

replaceit if:

Critical ity (Roleg) Critical ity (Roleg) > 0

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

Thus, if basedon the agens' obsenations, a critical failure hastaken place,then

the replacingagen's decisionto replaceor not will be computed using the above
expressiorand then includedin the incompletepolicy input to the RMTDP. Since
sudh an incomplete policy is completed by the role allocation at ead leaf node
usingthe technique above, we have beenableto constructa policy for the RMTDP

that correspndsto the role allocation.

6 6138 500.12 6\1359.57 7 §°\2926.08
5 oo /‘\\ 2 4 24
002

Figure 5.1:. Partially expandedrole allocation spacefor mission rehearsal do-
main(six helos).
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In somedomains like RoboCupRescuenot all allocation decisionsare made
at time t = 0. In sud domains, it is possiblefor the role allocation to be con-
ditioned on obsenations (or communication) that are obtained during the course
of the execution. For instance,as shovn in Figure 2.7(a), in the RoboCupRescue
scenario,the ambulancesare allocated to the sub-teamAmbulan@TeamA or Am-
bulaneTeamB only after information about the location of civilians is corveyed to
them by the re engines.The allocation of the ambulancesis then conditioned on
this comnunication, i.e. on the number of civilians at ead location. Figure 5.2
shows the partially expandedrole allocation for a scaled-devn 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 ead station. As shown, there is a
level for the allocation of re enginesto EngineTeamA and EngineTeamB which
givesthe number of enginesassignedo ead EngineTeam from ead station. The
next level (leaf level) hasdi erent leaf nodesfor ead possibleassignmeh of am-
bulancesto Ambulan@TeamA and Ambulane@TeamB depending upon the value
of communication \c". Sincethere are three civilians and we exclude the case
whereno civilians are presen at a particular re, there aretwo possiblemessages

i.e. onecivilian at re 1 ortwo civilians at re 1 (c= 1or 2).
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—  F
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0i10s
c=1 L c=2

AmbTeamA=2 AmbTeamB=0 AmbTeamA=1 AmbTeamB=

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

We arethus ableto exploit the TOP organization hierarchy to createa hierar-
chical grouping of RMTDP policies. In particular, while the leaf node represets
a completeRMTDP policy (with the role allocation asspeci ed by the leaf node),
a parert node represets a group of policies. Evaluating a policy speci ed by a
leaf node is equivalert to evaluating a speci ¢ role allocation while taking future
uncertainties into accourn. We could do a brute force seart through all role
allocations, evaluating ead in order to determinethe best role allocation. How-
ewer, the number of possiblerole allocationsis exponertial in the leaf rolesin the

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

5.2 Pruning the role allocation 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). Ead leaf in the role allocation spacerepresets a completely
speci ed policy and the MaxEstimate is an upper bound of maximum value of
all the policies under the sameparert node evaluated using the RMTDP. Once
we obtain MaxEstimates for all the parert nodes(shown in bradkets to the right
of eat parernt node in Figure 5.1), we use branch-and-bound style pruning (see
Algorithm 2). While we discussAlgorithm 2 belowv, we note that in essencet
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 parert
nodesby their estimatesand then start evaluating children of the parert with the
highest MaxEstimate (Algorithm 2: steps3-13). Evaluate(RMTDP, child) refers
to the ewaluation of the leaf-lewel policy, child, usingthe RMTDP model. This
evaluation of leaf-le\el policies(step 13) can be done using either of the methods
descriked in Chapter 4. In the caseof the role allocation spacein Figure 5.1, we
would start with evaluating the leavesof the parert nodethat hasonehelicopterin
Souting Teamand v ein Transprt Team. The value of evaluating ead leaf node
is shawvn to the right of the leaf node. Oncewe have obtained the value of the best
leaf node (Algorithm 2: steps14,15),in this casel1500.12 we comparethis with
the MaxEstimates of the other parerts 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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parert nodes(leftmost parert and right two parerts) and avoid the evaluation of
65 of the 84 leaf-lewel policies. Next, we would then proceedto ewaluate all the
leaf nodesunderthe parernt with two helosin Saouting Team and four in Transport
Team. This would resultin pruning of all the remainingunexpandedparert nodes
and we will return the leaf with the highestvalue, which in this caseis the node
correspnding to two helosallocated to SctTeamA and four to Transprt Team.
Although demonstratedfor a 3-lewel hierarchy, the methodology for applying to

deerer hierarciesis straightforward.

Algorithm 2 Branch-and-bound algorithm for policy seard.
1. Parerts list of parernt nodes
2: Compute MAXEXP(P arerts) f Algorithm 3g
3: Sort Parerts in decreasingorder of MAXEXP
4: bestval 1
5. for all parert 2 Parerts do
6
7
8
9

. done[pare] false;pruned[parert] false
. for all parert 2 Parerts do
if done[parem] = falseand pruned[parert] = falsethen
child  parent! nextChild() fchild is a leaf-lewel policy under parertg
10: if child = null then

11: done[paret]  true

12: else

13: childval  Evaluate(RMTDP,child)

14: if childval > bestVal then

15: bestVal  childVal;best  child

16: for all parertl in Parerts do

17: if MAXEXP[parentl] < bestVal then
18: pruned[parenl] true

19: return best
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5.3 Exploiting TOP to calculate upper bounds

for parents

We will now discusshow the upper boundsof parerts, called MaxEstimates, can
be calculatedfor ead parert. The MaxEstimate of a parert is de ned asa strict
upper bound of the maximum of the expectedreward of all the leaf nodesunder t.
It is necessarythat the MaxEstimate be an upper bound or elsewe might end up
pruning potertially usefulrole allocations. In order to calculatethe MaxEstimate
of eat parert we could evaluate eat of the leafnodesbelow it usingthe RMTDP,
but this would nullify the benet of any subsequen pruning. We, therefore, turn
to the TOP plan hierarchy (seeFigure 2.3(b)) to break up this ewaluation of the
parert nodeinto componerts, which canbe evaluated separatelythusdecomposing
the problem. In other words, our approad exploits the structure of the BDI
programto construct small-scaleRMTDPs unlike other decompsition techniques
which just assumedecomgosition or ultimately rely on domain experts to idertify
interactions in the agerts' reward and transition functions [10, 22].

For eat parert in the role allocation space,we usethese small-scaleRMT-
DPs to ewaluate the valuesfor eatch TOP componert. Fortunately, as discussed
in Chapter 4.1, we exploited small-scaleRMTDPs correspndingto TOP compo-

nerts in constructing larger scaleRMTDPs. We put thesesmall-scaleRMTDPs
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to useagain, evaluating policieswithin eat componert to obtain upper bounds.
Note that just like in evaluation of leaf-leel policies,the evaluation of componerts
for the parert node can be doneusing either the obsenation histories (seeEqua-
tion 4.1) or belief states (seeEquation 4.2). We will descrike this chapter using
the obsenation history-basedevaluation method for computing the valuesof the
componerts of ead parert, which can be summedup to obtain its MaxEstimate
(an upper bound on its children's values). Thus, whereasa parert in the role
allocation spacerepresets a group of policies,the TOP componerts (sub-plans)
allow a componen-wise evaluation of sud a group to obtain an upper bound on
the expectedreward of any policy within this group.

Algorithm 3 exploitsthe smaller-scaleRMTDP componerts, discussedn Chap-
ter 4.1, to obtain upper bounds of parerts. First, in order to evaluate the Max-
Estimate for eat parert node in the role allocation space,we idertify the start
statesfor eadh componert from which to evaluate the RMTDPs. We explain this
step using a parert node from Figure 5.1{ Swuting Team = two helos, Transport
Team = four helos(seeFigure 5.3). For the very rst componert which doesnot
have any precedingcomponerts, the start states correspndsto the start states
of the policy that the TOP was mapped onto. For eadh of the next componerts
{ wherethe next componert is onelinked by a sequetial dependence{ the start

statesare the end statesof the precedingcomponert. Howewer, asexplainedlater
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in this chapter, we cansigni cantly reducethis list of start statesfrom which eadh

componert can be evaluated.

Algorithm 3 MAXEXP method for calculating upper boundsfor parerts in the
role allocation space.
1: for all parert in sear® spacedo
2. MAXEXP[parent] 0
3: for all componen i correspnding to factorsin the RMTDP from Chap-
ter 4.1do

4: if componert i hasa precedingcomponert | then

5: Obtain start states,states[i] endStateg]|j]

6: stateg][i] removelrrelev antF eatures (states[i]) fdiscard features
not presen in Sig

7 Obtain correspnding obsenation histories at start OH istor ies]i]
endOH istor ies[j ]

8: OHistories[i] removelrrelev antObserv ations (OH istor ies[i])

9: else

10: Obtain start states, states|i]

11: Obsenation histories at start OH istories[i] null

12: maxEval[i] O

13: for all leaf-level policies under parert do

14: maxE valli] max (maxE val[i]; max s, 2 states(i]:0n; 20H istor iesi]

(Evaluate(RM TDP;; si; ohi; )))
15.  MAXEXP[parent] © maxEval[i]

Similarly, the starting obsenation histories for a componert are the obsena-
tion histories on completing the precedingcomponert (no obsenation history for
the very rst componert). BDI plans do not normally referto erntire obsenation
histories but rely only on key beliefs which are typically referredto in the pre-
conditions of the component. Eacd starting obsenation history can be shortened
to include only theserelewvant obsenations, thus obtaining a reducedlist of start-

ing obsenation sequencesDivergenceof private obsenations is not problematic,
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e.g. will not causeageris to trigger di erent team plans. This is becauseas
indicated earlierin Chapter 2.2, TOP interpreters guarartee coherencen key as-
pects of obsenation histories. For instance, as discussecearlier, TOP interpreter
ensurescoherencdn key beliefswheninitiating and terminating team plansin a
TOP; thus avoiding sud divergenceof obsenation histories.

In order to compute the maximum value for a particular componert, we e\al-
uate all possibleleaf-lewel policieswithin that componert over all possiblestart
statesand obsenation histories and obtain the maximum (Algorithm 3:steps13-
14). During this evaluation, we store all the end states and ending obsenation
historiessothat they canbe usedin the evaluation of subsequencomponerts. As
shown in Figure 5.3, for the evaluation of DoScouting componert for the parernt
node where there are two helicoptersassignedto Swmuting Team and four helos
to Transprt Team, the leaf-lewel policies correspnd to all possibleways these
helicopterscould be assignedo the teams SctTeamA, SctTeamB, SctTeamC and
Transrt Team, e.g. oneheloto SctTeamB, oneheloto SctTeamC and four helos
to Transprt Team, or two helosto SctTeamA and four helosto Transprt Team,
etc. The role allocation tells the ageris what role to take in the rst step. The
remainder of the role-taking policy is speci ed by the role replacemen policy in
the TOP infrastructure and role-executionpolicy is speci ed by the DoScouting

componert 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 eadr componert (Algo-
rithm 3:steps15), e.g. the maximum values of ead componert (seeright of
eat componert 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 parert nodesshould be much faster
than ewaluating the leaf nodes below it in most casesfor two reasons. Firstly,
parert nodesare evaluated componert-wise. Thus, if multiple leaf-lewvel policies
within one componer result in the sameend state, we can remove duplicatesto
get the start statesof the next componert. Sinceead componert only cortains
the state featuresrelevant to it, the number of duplicates is greatly increased.
Sud duplication of the evaluation e ort cannot be avoided for leaf nodes,where
ead policy is evaluated independerly from start to nish. For instance,in the
DoScouting componert, the role allocation, SctTeamA=1, SctTeamB=1, Sct-
TeamC=0, TransrtT eam=4 and the role allocation SctTeamA=1, SctTeamB=0,
SctTeamC=1, TransprtTeam=4 will have end statesin common after eliminat-
ing irrelevant featureswhenthe scoutin SctTeamB for the former allocation and
the scoutin SctTeamC for the latter allocation fail. This is becausethrough fea-

ture elimination (Algorithm 3:steps6), the only state featuresretained for the
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DoT ransp ort componen are the scoutedroute and number of transports (some
transports may have replacedfailed scouts)as shown in Figure 5.3.

The secondreasoncomputation of MaxEstimates for parerts is much faster
is that the number of starting obsenation sequencesvill be much lessthan the
number of ending obsenation histories of the precedingcomponerts. This is be-
causenot all the obsenations in the obsenation histories of a componen are
relevant to its succeedingcomponerts (Algorithm 3:steps8). Thus, the function
removelrrelev antObserv ations reduceshe number of starting obsenation his-
tories from the obsenation histories of the precedingcomponen.

We refer to this methodology of obtaining the MaxEstimates of eat parert
as MAXEXP. A variation of this, the maximum expected reward with no fail-
ures (NOFAIL), is obtained in a similar fashion exceptthat we assumethat the
probability of any agen failing is 0. We are able to make suc an assumptionin
ewvaluating the parent node, sincewe focuson obtaining upper boundsof parerts,
and not on obtaining their exactvalue. This will resultin lessbranching and hence
evaluation of eath componert will proceedmuch quicker. The NOFAIL heuristic
only works if the evaluation of any policy without failures occurring is higher than
the evaluation of the samepolicy with failures possible. This should normally be
the casein most domains. The ewvaluation of the NOFAIL heuristics for the role

allocation spacefor six helicoptersis shavn in squarebrackets in Figure 5.1.
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Figure 5.3: Componen-wise decompsition of a parert by exploiting TOP.

The following theoremshaws that the MAXEXP method for nding the upper
boundsindeed nds an upper bound and thusyields an admissibleseart heuristic

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

Theorem 3 The MAXEXP methal will alwaysyield an upper bound.

Pro of: SeeAppendix C.

From Theorem 3, we can concludethat our brandh-and-bound policy seart
algorithm will always nd the bestrole allocation, sincethe MaxEstimates of the
parerts are true upper bounds. Also, with the help of Theorem 4, we show that
in the worst case,our branch-and-bound policy sear® has the samecomplexity

asdoing a brute force seart.

Theorem 4 Worst-casecomplexityfor evaluatinga singleparent node using MAX-
EXP is the sameas that of evaluating every leaf node below it within a constant

factor.

62



Pro of sketch:

The worst casecomplexity for MAXEXP ariseswhen:

1. Let ES; Dbe the end states of componert j executing policy after
removing featuresthat are irrelevant to the succeedingcomponert k.
Similarly, let ES; obethe endstatesof componert j executingpolicy °
after removing featuresthat areirrelevant to the succeedingomponert
kK. IfES ES o= null then no duplication in the end states will

occur.

2. Let OH; be the ending obsenation histories of componert j execut-
ing policy after removing obsenations that areirrelevant to the suc-
ceedingcomponert k. Similarly, let OH; o be the ending obsenation
histories of componert j executing policy ° after removing obsena-
tion histories that are irrelevant to the succeedingcomponent k. If
OH;  OH; o= null then no duplication in the obsenation histories
will occur. Note that if the belief-basedevaluation was usedthen we
would replaceobsenation historiesby the TOP congruert belief states

(seeChapter 4).

In sudh a case there is no computational advantageto evaluating eatc com-

ponert's MaxEstimate separately Thus, it is equivalent to ewaluating eat
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child node of the parert. Thus, in the worst case,MAXEXP computation
for the parert is the sameasthe ewaluating all its children within a constart

factor.

In addition, in the worst case,no pruning will result using MAXEXP and eath
and ewery leaf nodewill needto be evaluated. This is equivalert to evaluating ead
leaf node twice. Thus, the worst casecomplexity of doing the branch-and-bound
seard using MAXEXP is the sameasthat of nding the bestrole allocation by
ewvaluating every leaf node. We refer to this brute-force approacy as NOPRUNE.
Thus, the worst casecomplexity of MAXEXP is the sameas NOPRUNE. How-
ever, owing to pruning and the savings through decompsition 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 sectionpreserts four setsof resultsin the cortext of the two domainsintro-
ducedin Chapter 2.1, viz. missionrehearsaland RoboCupRescudq?29]. First, we
investigatedempirically the speedupsthat result from using the TOP-congruen
beliefstates ; (belief-basedevaluation) over obsenation history-basedevaluation
and from using the algorithm from Chapter 5 over a brute-force seard. Here we
focus on determining the best assignmen of agers to roles; but assumea xed
TOP and TOP infrastructure. Second,we conductedexperimerts to investigate
the bene ts of consideringuncertainty in determining role allocations. For this,
we comparedthe allocationsfound by the RMTDP role allocation algorithm with
() allocationswhich do not considerany kind of uncertainty, and (ii) allocations
which do not considerobsenational uncertainty but consideraction uncertainty.
Third, we conductedexperimerts in both domainsto determinethe sensitivity of
the resultsto 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 missionrehearsaldomain, the TOP is the one discussedn Chapter 2.2.

As can be seenin Figure 2.3(a), the organization hierarchy requiresdetermining
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the number of agens to be allocated to the three scouting sub-teamsand the
remaining helosmust be allocated to the transport sub-team. Di erent numbers
of initial helicopterswereattempted, varying from threeto ten. The detailsonhow
the RMTDP is constructedfor this domain are given Appendix B. The probability
of failure of a scout at ead time stepon 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 obsene a scoutasbeingalive 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 obsene a failure unlessit hasactually taken place.

Figure 5.4 shaows the results of comparingthe di erent methods for searting
the role allocation space.We shav four methods. Each method addsnew speedup

techniquesto the previous:

1. NOPRUNE-OBS: A brute force evaluation of ewvery role allocation to deter-
mine the best. Here, ead agen maintains its complete obsenation history
and the ewaluation algorithm in Equation 4.1 is used. For ten agers, the
RMTDP is projected to have in the order of 10,000readable statesand in
the order of 100,0000bsenation historiesper role allocation evaluated (thus

the largestexperimert in this categorywas limited to sewen agens).
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2. NOPRUNE-BEL: A brute force evaluation of ewvery 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-bound seart algorithm descrikedin Chapter5.2
that usesupper boundsof the evaluation of the parert nodesto nd the best
allocation. Evaluation of the parert and leaf nodes usesthe belief-based

ewaluation.

4. NOFAIL: The modi cation to brandi-and-bound heuristic mertioned in
Chapter 5.3. In essencdt is sameas MAXEXP, exceptthat the upper
boundsare computed making the assumptionthat ageris do not fail. This
heuristic is correct in those domainswhere the total expected reward with
failures is always lessthan if no failures were presemn and will give signi -
carn speedupsif agert failuresis oneof the primary sourcesof stochasticity.
In this method, too, the ewaluation of the parert and leaf nodes usesthe
belief-basedevaluation. (Note that only upper boundsare computed using

the no-failure assumption{ no changesare assumedn the actual domains.)

In Figure 5.4(a), the Y-axis is the number of nodesin the role allocation space
ewvaluated (includesleaf nodesaswell asparert nodes),while in Figure 5.4(b) the

Y-axis represets the runtime in secondn alogarithmic scale.In both gures, we
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vary the number of ageris on the X-axis. Experimertal resultsin previouswork
using distributed POMDPs are often restricted to just two agens; by exploiting
hybrid models, we are able to vary the number of agens from three to ten as
shown in Figure 5.4(a). As clearly seenin Figure 5.4(a), becauseof pruning, sig-
ni cant reductionsare obtainedby MAXEXP and NOFAIL over NOPRUNE-BEL
in terms of the numbers of nodesewaluated. This reduction grows quadratically
to about 10-fold at ten ageris.! NOPRUNE-OBS is identical to NOPRUNE-BEL
in terms of number of nodes evaluated, sincein both methods all the leaf-le\el
policies are evaluated, only the method of ewvaluation di ers. It is important to
note that although NOFAIL and MAXEXP result in the samenumber of nodes
being ewvaluated for this domains, this is not necessarilytrue always. In general,
NOFAIL will evaluate at leastasmany nodesas MAXEXP sinceits estimateis at
leastashigh asthe MAXEXP estimate. Howeer, the upper boundsare computed
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 wasa 12-
fold speedup using NOPRUNE-BEL instead of NOPRUNE-OBS for the sewen

agen case(NOPRUNE-OBS could not be executedwithin a day for problem

1The number of nodes for NOPRUNE up to eight agerts were obtained from experimerts,

the rest can be calculated using the formula [m]"=n! = (m+ n 1) ::: m=n!, where m
represens the number of heterogeneougole typesand n is the number of homogeneousagerts.
[M"=(m+n 1) ::: misreferredto asa rising factorial.
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settingswith greaterthan sewen ageris). This empirically demonstratesthe com-
putational savings possibleusing belief-basedevaluation instead of obsenation
history-based evaluation (see Chapter 4). For this reason,we use only belief-
basedewaluation for the MAXEXP and NOFAIL approadesand alsofor all the
remainingexperimerts in this dissertation. MAXEXP heuristic resultsin a 16-fold
speedupover NOPRUNE-BEL in the eight agen case.

The NOFAIL heuristic which is very quick to compute the upper bounds
far outperformsthe MAXEXP heuristic (47-fold speedupover MAXEXP for ten
agers). Speedupsof MAXEXP and NOFAIL cortinually increasewith increas-
ing number of agerts. The speedupof the NOFAIL method over MAXEXP is so
marked becausejn this domain, ignoring failures results in much lessbrandhing.

Next, we conductedexperimerts illustrating the importance of RMTDP's rea-
soning about action and obsenation uncertairties 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 approad?, leaf-le\el sub-teamsfrom the organization
hierarchy are treated as variablesand the number of helicoptersas the do-

main of eat sud variable (thus, the domain may be 1, 2, 3,..helicopters).

2Modi et al.'s work [35] focusedon deceriralized COP, but in this investigation our emphasis
is on the resulting role allocation generatedby the COP, and not on the deceriralization per se.
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The reward for allocating agerts to sub-teamsis expressedn terms of con-

straints:

Allocating a helicopter to scout a route was assigneda reward corre-
sponding to the route's distance but ignoring the possibility of failure
(i.e. ignoring transition probability). Allocating more helicoptersto

this subteamobtained proportionally higher reward.

Allo cating a helicopter a transport role wasassigneda large reward for
transporting cargoto the destination. Allocating more helicoptersto

this subteamobtained proportionally higher reward.

Not allocating at leastonescoutrole was assigneda reward of negative

innit y
Exceedingthe total number of agerns wasassigneda reward of negative

innity
2. RMTDP with complete obsenability: In this approad, we considerthe
transition probability, but ignore partial obsenability; adchieved by assum-
ing complete obsenability in the RMTDP. An MTDP with complete ob-
senability is equivalert to a Markov Decision Problem (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) shavs 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) asthe metric for comparisonsincethis wasthe 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) showvs 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
areidertical, two helicoptersscoutingroute 2 and two helicopterstaking on trans-
port role. The COP allocation howewer consistsof one scout on route 3 and three
transports. This allocation provesto be too 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 approad results
in two scouts both on route 1, which was longest route albeit the safest. The
RMTDP approad), which also considersobsenational uncertainty chooseto al-
locate the two scoutsto 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. Howewer, asour next
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experimert revealed,getting the valuesexactly correctis not necessaryIn order
to test the sensitivity of the performanceof the allocations to the actual model
values,we introducederror in the various parametersof the model to seehow the
allocations found using the incorrect model would perform in the original model
(without any errors). This emnulates the situation wherethe model doesnot cor-
rectly represen the domain. Figure 5.6 shows the expected number of transports
that read the destination (Y-axis) in the missionrehearsalscenariowith six he-
licopters as error (X-axis) is introducedto various parametersin the model. For
instance,whenthe percerage error in failure rate on route 1 (routel-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 readed their des-
tination (3.498). Howewer when the percertiage error was greater than 10%, the
allocation found wastoo consenrative resulting in fewer transports getting to the
destination. Similarly, whenthe percenage error was lessthan -15%, the alloca-
tion found wastoo risky, with too few scoutsassignedresulting in more failures.
In general,Figure 5.6 shavs that the model is insensitive to errorsof 5to 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 range of errorstested (+/-25%) for both failure rate aswell as
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obsenability of routes. For instance,at an error of 25%in failure rate on route 1,
RMTDP managedto have 2.554transports safelyreadt the destination, and COP
only managedto get 1.997transports read safely In comparingthe non-optimal
allocationswith MDP, we also nd that they performedbetter than MDP within
the rangeof +/- 25%for error in the obsenability 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 shavs
that getting the model exactly correct is not necessarto nd good allocations.

We are thus able to obtain bene ts from RMTDP ewen 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 experimerts, we highlight the computational savings obtained
in the RoboCupRescualomain. The scenariofor this experimert consistedof two
res at di erent locationsin the city. Each of these res hasa di erent initially
unknown number of civilians in it, howewer the total number of civilians and the
distribution from which the locations of the civilians is chosenis known ahead
of time. For this experimert, we X the number of civilians at v e and set the
distribution usedto choosethe civilians' locationsto be uniform. The number of
re enginesis setat v e, located in three dierent re stations as descrited in
Chapter 2.1 and vary the number of ambulances,all co-located at an ambulance
certer, from two to sewen. The reasonwe choseto changeonly the number of
ambulancesis becausesmall number of re enginesare unableto extinguish res,
changing the problem completely The goalis to determinewhich re enginesto
allocate to which re and onceinformation about civilians is transmitted, how
marny ambulancesto sendto eat re location.

Figure 5.7 highlights the savings in terms of the number of nodes ewaluated
and the actual runtime as we increasethe number of ageris. We show results
only from NOPRUNE-BEL and MAXEXP. NOPRUNE-OBS could not be run

becauseof slovness. Here the NOFAIL heuristic is idertical to MAXEXP since
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agers cannot fail in this scenario. The RMTDP in this casehad about 30,000
readable states.

In both Figures 5.7(a) and 5.7(b), we increasethe number of ambulances
alongthe X-axis. In Figure 5.7(a), we shov the number of nodesevaluated (par-
ent nodes+ leaf nodesy on a logarithmic scale. As can be seen,the MAXEXP
method resultsin about a 89-fold decreasen 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) shavs
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 ambulanceswasincreasedoeyond four. For four ambu-
lances(and v e re engines),MAXEXP resultedin about a 29-fold speedupover

NOPRUNE-BEL.

3The number of nodesevaluated using NOPRUNE-BEL canbe computedas (f1+ 1) (fo+
1) (fz3+ 1) (a+ 1)*!, wherefy, f, and f3 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 erent numbers of civilians at each
re station.
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5.4.2.2 Allo cation in Rob oCupRescue

Our next setof experimerts shavsthe practical utilit y of our role allocation analy-
sis in complex domains. We are able to show signi cant performanceimprove-
merts in the actual RoboCupRescuedomain using the role allocations generated
by our analysis. First, we constructan RMTDP for the rescuescenario,descriked
in Chapter 2.1, by taking guidancefrom the TOP and the underlying domain
(as descriked 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 goalin comparingRMTDP allocationswith

human subjects was mainly to shav 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 allocations determinedby two additional allocation

methods:

1. RescuelSl:Allo cations used by the our RoboCupRescueageris that were
ertered in the RoboCupRescueompetitions of 2001[37] (RescuelSl),where
they nished in third place. These ageris used local reasoningfor their

decisionmaking, ignoring transitional aswell and obsenational uncertairty.
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2. RMTDP with complete obsenability: As discussedearlier, complete ob-
senability in RMTDP leadsto an MDP, and we refer to this method asthe

MDP method.

Note that thesecomparisonswere performedusing the RoboCupRescuesimu-
lator with multiple runs to deal with stochasticity*. The scenariois as descriked
in Chapter 5.4.2.1. We x the number of re engines,ambulancesand civilians
at v e ead. For this experimert, 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 asthe optimal ambulanceallocation is simply to assignall ambulancesto the

“4For the missionrehearsaldomain, we could not run on the actual missionrehearsalsimulator
sincethat simulator is not public domain and no longer accessibleand hencethe di erence in
how we tested role allocations in the mission rehearsaland the RoboCupRescuedomains.
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re wherethe civilians arelocated. A skewed distribution waschosento highlight
the caseswhereit becomesdi cult for humansto reasonabout what allocation
to choose.

The three human subjects usedin this experimernt were researbers at USC.
All three subjects werefamiliar with the RoboCupRescueimulation ervironmert.
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. Ead subject wastold 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. Eadch allocation comprisedof an allocation of re enginesto the two
res and a conditional allocation of ambulancesthat dependedon the number of
civilians at ead re location. Further, eat subject wastold 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
RoboCupRescud?29].

We then compared\RMTDP" allocation with those of the human subjects
in the RoboCupRescuesimulator and with RescuelSland 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). Thesetwo criteria are the main two criteria usedin
RoboCupRescud29. The valuesshownn in Figure 5.8 were obtained by averaging
forty simulator runs for the uniform distribution and twerty runs for the skewed
distribution for ead allocation. The averagevalueswere plotted to accour for
the stochasticity in the domain. Error bars are provided to showv the standard
error for eath allocation method.

As can be seenin Figure 5.8(a), the RMTDP allocation did better than the
other v e allocationsin terms of a lower number of civilians dead (although hu-
man3was quite close). For example,averagingforty runs, the RMTDP allocation
resultedin 1:95 civilian deathswhile human2'sallocation resultedin 2:55 civilian
deaths. In terms of the averagebuilding damage,the six allocations were almost
indi erentiable, 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 consequetty to the number
of civilians dead.

Comparing RMTDP with RescuelSland the MDP approad shoved that rea-

soning about transitional uncertainty (MDP) does better than a static reactive
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allocation method (RescuelSl)but not as well as reasoningabout both transi-
tional and obsenational uncertainty. In the uniform distribution case,we found
that RMTDP doesbetter than both MDP and RescuelSIwith the MDP method
performing better than RescuelSl.In the skewed distribution case,the improve-
mert in allocationsusing RMTDP is greater. Averagingtwerty simulation runs,
RMTDP allocationsresultedin 1:54 civilians deathswhile MDP resultedin 1:98
and RescuelSlin 3:52. The allocation method usedby RescuelSloften resulted
in oneof the res beingallocatedtoo few re engines.The allocationsdetermined
by the MDP approad turned out to be the sameas humanl.

A two-tailed t-test was performedin order to test the statistical signi cance
of the meansfor the allocationsin Figure 5.8. The meansof number of civilians
deadfor the RMTDP allocation and the human allocations were found to be sta-
tistically di erent (con dence > 96%) for both the uniform aswell asthe skewed
distributions. The di erence in the re damagewas not statistically signi cant
in the uniform case,howeer, the di erence betweenthe RMTDP allocation and
human3for re damagewas statistically signi cant (> 96%) in the skewed case.

Consideringjust the averageperformanceof thesedi erent allocations does
not highlight the individual caseswhere marked di erences were seenin the per-
formance. In Figure 5.9, we presen the comparisonof particular settings where

the other allocation methods showved a bigger di erence from RMTDP in terms
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of their allocations. The standard error is shovn in error bars for ead 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 andoneat 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 becausehe damage
valueswerevery close). Figures5.9(c) and 5.9(d) comparethe allocationsfor the
skewed civilian distribution. The key di erence arisesfor human3. As canbe seen,
human3resultsin moredamagedueto re. This is becausenuman3allocatedtoo
few re enginesto one of the buildings, which in turn resultedin that building

being burnt down completely Consequetly, civilians located at this re location
could not be rescuedby the ambulances. Thus, we seespeci ¢ instanceswhere
the allocation done using the RMTDP-based allocation algorithm is superior to

allocationsthat a human comesup with.

Table 5.1 shaws the allocationsto re 1 (agers not assignedto re 1 are al-
locatedto re 2) found by the RMTDP role allocation algorithm and those used
by the human subjects for the skewed 4-1 civilian setting (we considerthis case
sinceit showvs 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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accourt for the di erences seenin their performancein the actual simulator. As
can be seenfrom Figure 5.9(d), the main di erence in performancewasin terms
of the number of civilians saved. Recallthat in this scenario,there are four civil-
iansat re 1, andoneat re 2. Hereall the human subjects and MDP choseto
sendonly oneambulanceto re 2 (number of ambulancesallocatedto fire 2=
5 number of ambulances allocatedto fire 1). This lone ambulance was
unable to rescuethe civilian at re 1, resulting in the humans and MDP sav-
ing fewer civilians. RescuelSichoseto sendall the ambulancesto re 2 using
a greedy selection method basedon proximity to the civilians resulting in all
the civilians at re 1 dying®. In terms of the re engine allocation, human3
sernt in four re enginesto re 1 where more civilians were likely to be located
(number of engnes allocatedtofire2= 5 number of engnes allocatedto f ir e1).
Unfortunately, this badk red sincethe lone re engineat re 2 was not able to

extinguish the re there, causingthe re to spreadto other parts of the city.

RMTDP | humanl | human2 | human3 | RescuelSI| 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: Allo cations of ambulancesand re enginesto re 1 for the skewed 4-1
civilian distribution

5This strategy of ambulances going to the closestcivilian worked fairly well becausethe
ambulanceswere usually well spreadout
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Theseexperimerts shav that the allocations found by the RMTDP role allo-
cation algorithm performs signi cantly better than allocations chosenby human
subjects and RescuelSland MDP in most cases(and does not do signi cantly
worsein any case).In particular whenthe distribution of civilians is not uniform,
it is more di cult for humansto comeup with an allocation and the di erence
betweenhuman allocationsand the RMTDP allocation becomeamore signi cant.
From this we can concludethat the RMTDP allocation performs at near-fruman
expertise.

In our last experimert done using the RoboCupRescuesimulator, we intro-
ducederror in the RMTDP model in order to determine how sensitive the model
wasto errorsin the parametersof the model. Figure 5.10compareghe allocations
found, whenthere 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 concetrate 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 RescuelSlwhich 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 casualtiesasthat usedby RescuelSIDecreas-
ing the error in probability of civilian health deterioration -5% and lower (more
negative) causedthe number of ambulancesto be allocatedto a re to be the

sameasthe number of civilians at that re (sameashumanl).

3
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—x civilian-health

Civilian casualties
H
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Figure 5.10: Model sensitivity in the RoboCupRescuescenario.
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Chapter 6

Joint Equilibrium-based Search for Policies

6.1 MTDP with explicit comm unication

We utilize the Multiagent TeamDecisionProblem (MTDP) [45] asa concreteillus-
tration of a distributed POMDP model and extend it to include communication.
Our approad can be applied to other distributed POMDP models|[3, 61, 23.

As shown in Chapter 3.1, given a team of n agens, an MTDP [45] is de-

ous state is s; and the previous joint action is hay;:::;ani. = 10

is the set of joint obsenations where ; is the set of obsenations for agens
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joint obsenation ! 2 , if the current state is s and the previousjoint action is

equally.
Ead agernt i choosesdts actionsbasedonits local policy, i, which isamapping
of its obsenation history to actions. Thus, at time t, agert i will perform action
i(+H) wherer! = 1 Lo tt = h ;i i refersto the joint policy of the
team of ageris. The important thing to note is that in this model, execution
is distributed but planning is certralized. Thus agens don't know ead other's
obsenations and actions at run time but they know ead other's policies.
Agerts start with the sameprobability distribution over the start state. How-
ewer, they will receiwe di erent obsenations. As a result, although ager i knows
the policiesof other agerts, considerableuncertainty can arise about what other
agers are going to do, sincethe actions of other ageris depend on the obser-
vation histories of these agens, which are not accessibleto agert i. If agens
comnunicate and exdange their obsenation histories, sud uncertainty disap-

pears. Howewer, comrmunication requirescertain cost. To act optimally, an agen
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needsto estimate the benet of communication and should comnunicate only
whenthe bene t exceedghe comnunication cost.

Hence,we extend MTDP by introducing a new comnunicative action, Syng
that can be initiated by any agen. Unlike other models, like COM-MTDP [45]
and Dec POMDP _Com [18], wherethere are alternate communication and action
phaseswe do not assumea separatecommnunication phase.In a particular epoch
an ager can either chooseto commnunicate or act. This assumptionmodels the
missed opportunity cost that occurs when the agerts commnunicate instead of
acting. Howeer, it is not certral to this dissertation and the algorithms can be
easilymodi ed for modelswith alternating commnunication and action phases.

If oneager initiates a Syng the other ageris are forcedto comnunicate with
it, ignoring the action that they would otherwisehave performed. On performing
a Syng or on receivingnoti cation that another agern hasperformeda Syng the
ageris exdangeall their obsenation histories sincethe last Sync action. Given
that the agens know ead other's policies, a Sync action results in all agers
knowing exactly what action eat agert will perform in the next epochin, thus
preverting miscoordination.

We assumethat the ertire processof one ager initiating a Sync followed by
all the agens sharing their obsenation histories takes place in a single epoch.

At a ner granularity, we can think of every domain-leel 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 ager receiwes a Sync interrupt during its \w ait-for-
interrupt” phase,it is forcedto communicate insteadof acting. We further assume

that Syncnewer 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-ageh POMDPs [2§. In our modi ed version,
two agerts arein a corridor facing two doors \left" and \right". 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 presen. In the initial
state, the tiger is equally likely to be behind ead door. The agens can jointly
or individually open either door. In addition, the agens canindependerly listen
for the presenceof the tiger. Thus, A; = A, = fOpenLeft; OpenRight; Listen g.
The transition function P speci es that the problem is resetwhenewer an agern
opens one of the doors. Howewer, if both agerts listen, the state remains un-
changed. After ewvery action eat agern receiwes an obsenation about the new
state. The obsenation function, O; or O,, shovn in Table 6.1, are identical and

will return either HL or HR with di erent probabilities depending on the joint
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action taken and the resulting world state. For example,if both ageris listen and
the tiger is behind the left door (state is SL), eat agen independerly receies

the obsenation HL with probability 0:85and HR 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: Obsenation function for eat agen

If either agent opensthe door behind which the tiger is presen, they are both
attacked (equally) by the tiger (seeTable 6.2). Howeer, the injury sustained
if they jointly openedthe door to the tiger is lessseere than if only one agen
opensthe door. Similarly, if both agens openthe door to the riches,the amourt
of wealth receiwed is twice what they would have received if only one of them

openedthat door. The ageris incur a small costfor performing the Listen action.

\ Action/State | SL | SR |
<OpenRight,OpenRight> | +20 | -50
< OpenLeft,OpenLeft> -50 | +20
< OpenRight,OpenLeft> | -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. A; = A, = OpenLeft) becausethe
agerns receive more riches and sustain less damageby acting together. How-
ewer, becausehe ageris receiwe independen obsenations and cannot sharethese
obsenations without explicit communication, to act optimally, ead agen must
considerall possibleobsenation histories of the other agen to determine which
action its teammate is likely to perform. This can result in mis-caordinated ac-
tions, sud as one agen opening the left door while the other agert opensthe
right door. In order to reducethe likelihood of mis-caordination, we introduce
the Syncaction, allowing the ageris to sharetheir obsenation histories. In keep-
ing with the constrairts of real-world communication, the Syncaction is given a

cost, SyncCost which is incurred every time an agert choosesto commnunicate.

6.3 JESP

As shavn 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 made about the domain conditions. Given
this high complexity, locally optimal approades[44, 7, 38 have emergedas vi-
able solutions. In this dissertation, we concettrate on\JESP" (Joint Equilibrium-

BasedSeart for Policies)[38], an approad wherethe solution obtainedis a Nash
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equilibrium. Algorithm 4 descrikesthe JESP approad for 2 ageris. The algo-
rithm can be easilymodi ed for n agerts. The key ideaisto nd the policy that
maximizesthe joint expectedreward for oneagen at a time, keepingthe policies
of the other agent xed. This processis repeateduntil an equilibrium is reaced
(local optimum is found). The problem of which optimum the ageris should se-
lect when there are multiple local optima is not encourered since planning is
certralized. DP-JESP is a dynamic programming approad for nding the opti-
mal policy for a singleagern relative to the xed policiesof its n-1 teammates(line
4). Webriey descrikethe DP-JESP algorithm in the following sub-sectionbefore

intro ducing communication.

Algorithm 4 DP-JESP ()

1: prev  default joint policy, prewal valueof prev, conv 0
2: while convé 2 do

3: fori 1lto 2do

4; val; ; OptimalPolicyDP  (b; (i+1) Modz2 T)

5: if val = prewal then

6: conv conv+ 1

7 else D E

8: prev iv (i+1) Mod2 , prewal val,conv 0
9: if conv= 2then

10: break

11: return new
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6.3.1 DP-JESP

If we examinethe single-ageh POMDP literature for inspiration, we nd algo-
rithms that exploit dynamic programming to incremenally construct the best
policy, rather than simply searting the entire policy space[36, 28]. The key in-
sight in the multiagent caseis that if the policiesof all other ageris are xed, then
the freeagen facesa complexbut normal single-agenh POMDP. Howe\er, a belief
state that storesthe distribution, Pr(stj*~!), asin the single-ageh POMDP case,
is not a su cient statistic becausethe agert must also reasonabout the action
selectionof the other agerts and henceabout the obsenation historiesof the other
agens. Thus, at eat time t, agert 1 reasonsabout the tuple €} = hs'; ii, where
+! is the obsenation history of the other agen. By treating €| as the state of
agert 1 at time t, we can de ne the transition function and obsenation function

for the single-ageh POMDP for agert 1 asfollows:

PYel;ai; &™) =Pr(ejey;a)
=P(s’; (a; 2(+3);s™)

O(s™; (@) 20-5));1 5 (6.1)
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O™ a;t i) =Pr(t 1™ je™;a))

=0y(s"™; (A 2(%5);! i) (6.2)

We now de ne the multiagent belief state for an agert i given the distribution

over the initial state, b(s) = Pr(S! = s):

B! = Pr(ejj*};al ;b (6.3)

In other words, whenreasoningabout an agert's policy in conjunction with its
teammate agen, we maintain a distribution over €}, rather than simply over the
currernt state. Howewer, sincethe agen doesnot know exactly what obsenations
the other agert hasreceived 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 agers to periodically syndironize, thus reducing the likelihood of

mis-caordination.

6.4 Comm unicativ e DP-JESP

When oneof the agerts performsSyng the agens sharetheir obsenation histories
with ead other. The ageris are now saidto have a synchionized kelief state (The

distribution over initial state is consideredthe rst syndironized belief state). As

98



descriked in the previoussection,in order to reasonabout agern 1's policy in the
cortext of agert 2, we maintain a distribution over €}, rather than simply over
the current state. When agerts are in a synchionized belief state, they candiscard
their obsenation histories. Figure 6.1 shavs a sampleprogressionof belief states
for agert 1 in the tiger domain. For instance,B?2, shawvs probability distributions
over €. In € = (SL; (HR)), (HR) is the history of agen 2's obsenations while
SL isthe currert state. If the action speci ed in B? is Syng then the agens react

a syndironized belief state and can get rid of their obsenation histories.

t=1
a1 :Listen (SL () 0.5)
(SR () 0.5)
Bf t=2 B‘f t=2
al:Sync | (SL (HR) 0.1275) (SL (HR) 0.0225)
(SL (HL) 0.7225) SL (HL) 0.1275)
gSR EHR) 0.1275) §SR (HR) 0.7225)
SR (HL) 0.0225) (SR (HL) 0.1275)
msg Wg.; W W21: HL
3 _ B'.3 _
B t=3 i t=3
SL()0.5 (SL () 0.9698)
gSR 2) 0.5) (SR () 0.0302

Figure 6.1: Trace of Tiger Scenario.

Becauseageris can discard their obsenation histories after syndironization,
we introduce a novel compact policy represetation. We now refer to the policy
ofanagent 1as ;. ;= 1(b) refersto agen 1's sub-policy indexedby the last

syndironized belief state, band ,(*;; T t) is the action agert 1 will perform
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at time t. Algorithm 11 shavs how a policy using this represetation can be
obtained.
Having xed the policy of agent 2, the optimal policy for agent 1 can be

computed using Algorithm 5.

Algorithm 5 OptimalPolicyDP  (b; ,;T)
1. val  GetV alue (b;b; ,;1;T)

2: initialize 4

3: FindPolicy (b;b;h; ,;1,T)

4: return val, ;

Following the model of the single-agen value-iteration algorithm, certral to
our dynamic programiis the value function over a T-step nite horizon. The value
function, V;(B';b) (seeAlgorithm 6), represets the expected reward that the
team will receiw, starting from the most recen syndironized belief state, b, and
with agert 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 bad to the
beginning. Along the way, we construct the optimal policy by maximizing the

value function over possibleaction choices:

Vi(Bi;b) = max V(B b (6.4)
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Algorithm 6 GetV alue (B!;b; ,;t;T)

1

R
N R O

©eNDTR®®N

if t> T then
return O

- if Vi(B';b) is already recordedthen

return Vy(B';b)
best 1

: for all a3 2 A[ fSyncg do

value GetV alueA ction (B';ar;b; o;t; T)
record V,*(B'; b) asvalue
if value> bestthen

best value

: record V;(B!; b) as best
: return best

The function, V2, canbe computedusingAlgorithm 7. This procedurecanbe

de ned separatelyfor the casesof a; = Sync (lines 1-7) and for all other domain

actions (lines 8-24). If a; = Sync:

X
V=Bl = SyncCost+  Pr(k,BY)
Vt+1 (bo; b(b ;
whereb' is the belief state after msg*+, (6.5)

The quartity Pr(+,jB}) refersto the probability of receivinga message-, from

agen 2 asa result of a Sync. This value and the resulting syndronized belief

state i is obtained using Algorithm 8.
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In the casewherea; 6 Sync, it is possiblethat agert 2 choosesto perform a
Sync Taking this into considerationwhile de ning the action value function for

the casewherethe action a; 6 Sync, we get:

\/talesync(Bt.b) — \/talesync;aZ:Sync(Bt.b)

+tho Sync(Bt;b) (6.6)

The rst term in Equation 6.6is the vlaue obtained whenagert 2 doesa Sync,
thus over-riding agen 1's action while the secondterm is the value obtained when

neither agen performs Sync. When ager 2 doesa Sync, the value function is:

e X
Vtale Sync;az= Sync(Bt; b) - Pr(!~2jBt1)
ko sitt 2(+2)=Sync

(SyncCost+ Vi (1) ;

whereb' is the belief state after msg*+, (6.7)

Algorithm 9 is usedfor computing the probability that agernt 2 comnunicatesthe
messageé-,, Pr(*,jB!})), and the syndronized belief state i’ that results from this

communication.
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In the casewhere neither agent 1 nor agent 2 performs a Syng the value

function is de ned as follows:

X
ARCH R B'(e) (R sihay ok T 1)
et=f3‘(;’.~2i sit: 2(+2)6Sync
+ 7 PO YBL &) Vi BUT) (6.8)

t+1
' 2 1

The rst term (computedin lines 13-160f Algorithm 7) in equation 6.8 refers
to the expectedimmediate reward, while the secondterm (computedin lines 17-
24 of Algorithm 7) refersto the expected future reward. B!** is the belief state
updated after performing action a; and observing! ! and is computed using
Algorithm 10.

Finally, Algorithm 11 shows us how we can corvert the value function from

Equation 6.4 into the correspnding policy in the compactrepresetation.

6.4.1 Comm unication with constrain ts

The algorithm presened in Chapter 6.4shavshow to nd the locally optimal joint
policy with no restrictions imposedon how often the agerns should comrmunicate.
In the current sub-section,we imposeconstraints on the comnunication policy,
forcing the agerts to not go morethan K stepswithout comnunicating. Thus no

policy ;2 ;canbeindexedby anobsenation history of length greaterthan K .
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Algorithm 7 GetV alueA ction (B';a;b; ,;t;T)

1: if a= Syncthen

2:

10:
11:

12:
13:
14.
15:
16:
17:
18:
19:
20:
21:
22:

© NI Aw

23:

24
25:

value SyncCost
reachablgB!) ComUpdate (B')
for all B"™!:prob 2 reachabl¢B') do
value © prob GetV alue (B'*1;Bt™l; ,it+ 1;T)
return value
else
2 2(b)
value O
reachabl¢B!) ComUpdateOther (Bt; »)
for all B"™!:prob 2 reachabl¢B!) do
value * prob [SyncCost+ GetV alue (B™*1;Bt1: ,it+ 1;T)]
for all e = s+, st BY(e)> 0do
az 2k T 1)
if ap 8 Syncthen
value © B(st;&;) R sthag o(k2; T t)i
for all 112 4do
B"l Update (B%;a;! 1; 2)
prob 0
for all st;e*t = s*l:&, st B™l(e*l)> 0do
az o(b2; T 1)
if a, 8 Syncthen
prob © BY(s';k2) P(s!;hag;ani ;sttt) Oy(st*;hay; api ;! 1)
value © prob GetV alue (B'*1;b; ,t+ L;T)
return value

Algorithm 8 ComUpd ate (B!)

=

10:

©ONDTAE®DN

for al
gttl

return

reachabl¢B!) ;
:for all € = s+, st Bi(e)> 0do

prob(tz) * Bi(st;+)
: for all +, do

| et = st %, st Bi(e')>0do
St

B (s H) T BY(s'; )
normalize B'*1
reachabléBt) [ B! :prob(~,)

reachablgB!)
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Algorithm 9 ComUpd ateOther (BY; »,)
1: reachablg¢B') ;

2: for all e = s'+, st BY(e')> 0do

3 prob(tz) © Bl(s'; k)

4: for all +, do

5. if o(k2; T t) = Syncthen

6: for all e = st %, s.it. BY(e')> 0do
7.

8

9

St+1 St
B (s*1;h) © BY(sh &)
normalize B (st*1; h)
10: reachablgBt) | B*1:prob(~,)
11: return reachablgB!)

Algorithm 10 Update (B'; a;! 1; »)
1: for all el = s"*1:p,:1,i do

2: B+l (et+l) 0

3: ap 2(!"2;T t)

4. if a» 6 Syncthen

5: for all st2 S do

6: B (e*) T BY(shika)  P(shihagiandis™tt)  Oi(s™hagiaila)

O2(st™*1; hay; azi ;! 5)
7: normalize Bt*1
8: return Bl
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Algorithm 11 FindPolicy (B';b;~y; 5t T)
1. if t> T then
2:  return
a  argmaxs Vi (B';b)
1 1(b)
(=T t) a
if a = Sync then
Bl  ComUpdate(B*)
FindPolicy (B™:B"™l:h: ,t+ 1,T)
else
10: 2 2(b)
11: B™!  ComUpdateCther (BY; 5)
12:  FindPolicy (B"';B"™l:h; ,t+ 1;T)
13: for all !'12 41 do
14: B"l  UpdatgB';a ;!1; 2)
15: FindPolicy (B™!;b;h~;!4i; ot+ 1;T)
16:  1(b) 1

©oNDTOR®

In computing the value function too, no episale can have a obsenation history of
length greaterthan K. Thusby xing K, we canlimit the spacerequiremerts of
the program.

Sud constraints on K can be imposedby making small changesto the Al-
gorithm 6 sothat a court is maintained of the number of stepswithout a Sync
Chapter 6.5 shows detailed empirical results to justify the useof sud constrairts
by highlighting the savingsin run time and the increasein the complexity of the

problemsthat can be solwed.
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6.5 Experimental Results

For the experimerts in this section, we consideredthe scenarioin Chapter 6.2.
For our very rst experimert, 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 equalto
the time horizon, T, the comnunication is saidto be unrestricted. As canbe seen
by comparingNo Comm (No Communication) with unrestricted comnunication
(K = T), introducing comnunication results in substartial savings in terms of
run time. For instanceat K = T = 7, there is more than a two-fold speedupfor
unrestricted commnunication over No Comm. Thesespeed-upsbecomeeven more
signi cant whenwe imposea constrairt that the ageris cannot go for more than
K epochs without communicating. Also note that the gradierts of the curves
in Figure 6.2(a) are di erent, sothe di erences becomeexponertially largeasT
increases. Figure 6.2(b) shows that the run time (Y-axis) for nding the joint
policy increasesasK is increased(X-axis)for T = 7. Thus, we nd that the run
time increasesas the amourt of comnunication is reduced. The speed-upsin
terms of run time are more pronouncedfor low K, e.g.at T = 7, thereis a 37-fold
speed-upfor K = 3 over No Comm. All the run time valuesin Figure 6.2 are

averagedover v erunsto accour for any variability in the run time environment.
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Introduction of commnunication, also has a signi cant impact on memory re-
quiremerts. This is evidencedby the fact that the program runs out of memory
for T > 7 usingNo Comm but canrun for T = 10usingK = 4.

In our next experimert, we tried to determinethe impact that the communi-
cation strategy has on the value of the joint policy that the program settleson.
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 comrmunication 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+ 12K + 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 chooseto open a door after syndronization if
it beliewe that the tiger is behind the other door with probability greater than
somethreshold value(setat 5=6 for this experimert). 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 becausehere is lessmis-coordination
arising from situations whereagens open di erent doors or one opensthe wrong
door while the other ager performsListen. We would expectthat asK isreduced

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
commnunication 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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cortrained with lower K. Howewer, 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 comrmunica-
tion (lower K) can sometimescausethe seart to terminate at a di erent higher
equilibrium.

Through the rst two experimerts we can concludethat introducing commu-
nication often resultsin an improvemert in value as well as savings in spaceand
time. In addition by imposing constrairts on how often comnunication must
be performed, we can obtain further improvemers in terms of spaceand time
although this might be at the expenseof expectedvalue.

In our third experimert (seeFigure 6.4), we varied the cost of syndronization
(X-axis) and determinedthe optimal value of K (Y-axis). We de ned the optimal
value of K asthe value of K sud that increasingK further doesnot yield any
increasein value. As seenin the gure, as syndironization becomesmore and

more expensiwe the optimal K value increases.
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Chapter 7

Related W ork

There are four related areasof researb that we wish to highlight. First, there
hasbeena considerableamourt of work donein the eld of multiagent teanmwork
(Chapter 7.1). The secondrelated area of researt is the use of decisiontheo-
retic models, in particular distributed POMDPs (Chapter 7.2). The third area
of related work we descrike (Chapter 7.3) are hybrid systemsthat usedMarkov
DecisionProcessand BDI approadies. Finally, in Chapter 7.4, the related work

in role allocation and reallocation in multiagent teamsis described.

7.1 BDIl-based Teamwork

Se\eral formal teamwork theories sud as Joint Intentions [8], SharedPlans [20]
were proposedthat tried to capture the essenceof multiagent teamwork in the

logic of Beliefs-Desires-Itentions. Next, practical models of teamwork sud as

113



COLLAGEN [47],GRATE* [27], STEAM [54] built ontheseteamwork theories[8,
20] and attempted to capture the aspects of teamwork that were reusableacross
domains. In addition, to complemen the practical teamwork models, the team-
oriented programmingapproad [46, 56, 57]wasintroducedto allow large number
of agerts to be programmed as teams. This approat was then expandedon
and applied to a variety of domains [46, 62, 9]. Other approades for building
practical multiagent systems[53, 11], while not explicitly basedon team-orierted
programming, could be consideredin the samefamily.

The researb reported in this dissertation complemeis this researb on team-
work by introducing hybrid BDI-POMDP models that exploit the synergy be-
tweenBDI and POMDP approades. 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-orierted programming [55, 9, 56, 57] as an
exampleBDI approad, it is relevant to other similar techniquesof modeling and
tasking collectives of agerts, suc as Dedker and Lesser's[11] TAEMS approad.
In particular, the TAEMS languageprovides an abstraction for tasking collabo-

rative groups of agens similar to TOP, while the GPGP infrastructure usedin
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executing TAEMS-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 decompsition or abstraction for seardiing optimal policies
in distributed MDPs, as suggestedin this dissertation. Thus, this dissertation
complemets Lesseret al.'s work in illustrating a signi cant averue for further

e ciency improvemerns in sud analyses.

7.2 Distributed POMDP models

Given a group of agernts, the problem of deriving separatepoliciesfor them that
maximize somejoint reward can be modeled as a distributed POMDP. In par-
ticular, the DEC-POMDP (Decenralized POMDP) [3] and MTDP (M ultiagent
T eam D ecisionProblem [49)) are generalizationsof POMDPs to the casewhere
there are multiple, distributed agens, basingtheir actions on their separateob-
senations. Theseframeworks allow us to formulate what constitutes an optimal
policy for a multiagent team and in principle derive that policy.

Howeer, with a few exceptions,e ective algorithms for deriving policies for
distributed POMDPs have not been deweloped. Signi cant progresshas been
achieved in e cien t single-ageth POMDP policy generationalgorithms [36, 6, 28].

Howeer, it is unlikely that sud researt can be directly carried over to the
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distributed case. Finding optimal policies for distributed POMDPs is NEXP-
complete[3]. In cortrast, nding an optimal policy for a singleagert POMDP is
PSPACE-complete[43]. As Bernsteinet al. note [3], this suggestsa fundamertal
di erence in the nature of the problems. The distributed problem cannot be
treated asoneof separatePOMDPs in which individual policiescanbe generated
for individual ageris becauseof possiblecross-ageh interactions in the reward,
transition or obsenation functions. (For any one action of one agen, there may
be many di erent rewards possible,basedon the actionsthat other agers take.)

Three approaheshave beenusedto solve distributed POMDPs. Oneapproad
that is typically takenis to make simplifying assumptionsabout the domain. For
instance, in Guestrin et al. [22], it is assumedthat ead agert can completely
obsene the world state. In addition, it is assumedhat the reward function (and
transition function) for the team can be expressedas the sum (product) of the
reward (transition) functions of the ageris in the team. Bedker et al. [2] assume
that the domainis factoredsud that eat agent hasa completelyobsenablelocal
state and alsothat the domainis transition-independen (one agen cannota ect
another agert's local state).

The secondapproad takenis to simplify the nature of the policiesconsidered
for eat of the agens. For example,Chadeset al. [7] restrict the agert 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 approad by using gradiert
descen searth to nd local optimum nite-controllers with bounded memory
Nair et al. [38] presen an algorithm for nding a locally optimal policy from a
spaceof unrestricted nite-horizon policies. The third approad, taken by Hansen
et al. [23], involves trying to determine the globally optimal solution without
making any simplifying assumptionsabout the domain. In this approad, 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 fundamertal complexity of
obtaining a globally optimal solution.

The key di erence with our work is that our researt is focusedon hybrid
systemswhere we leveragethe advantages of BDI team plans, which are used
in practical systems,and distributed POMDPs that quartitativ ely reasonabout
uncertainty and cost. In particular, we useTOPs to specify large-scalgeam plans
in complexdomainsand useRMTDPs for nding the bestrole allocation for these

teams.

7.3 Hybrid BDI-POMDP approac hes

POMDP modelshave beenusedin the cortext of analysisof both singleagert [50]

and multiagent [45, 61] behavior. Sdut et al. compare various strategies for
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intention reconsideration(deciding when to deliberate about its intentions) by
modeling a BDI systemusinga POMDP. The key di erences with this work and
our approat are that they apply their analysisto a single agert 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 usedthe COM-MTDP model to
deal with the problem of comparing various communication strategiesboth em-
pirically and analytically. Our approad is more generalin that we explain an
approad for analyzing any coordination actions including comnunication. We
concretely demonstrate our approad 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 techniquesto exploit team plan decompsition in
speedingup policy seard, absen in COM-MTDP, (i) We also introduce tech-
niquesfor belief-basedevaluation absen from previouswork. Nonethelesscom-
bining RMTDP with COM-MTDP is an interesting averue for further resear
and somepreliminary stepsin this direction are preserted in Nair, Tambe and

Marsella[40].
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Among other hybrid systemsnot focusedon analysis,Scerriet al. [49] employ
Markov DecisionProcessesithin team-orierted programsfor adjustable auton-
omy. The key di erence betweenthat work and oursis that the MDPs were used
to executea particular sub-plan within the TOP's plan hierarchy and not for
making improvemerts to the TOP. DTGolog [5] provides a rst-order language
that limits MDP policy sear® via logical constrairts on actions. Although it
shareswith our work the key idea of synergisticinteractions in MDPs and sym-
bolic programs,it di ers from our work in that it focuseson singleagert MDPs in
fully obsenable domains,and doesnot exploit plan structure in improving MDP
performance.ISAAC [41], a systemfor analyzing multiagent teams,alsoemploys
decisiontheoretic methods for analyzing multiagent teams. In that work, a prob-
abilistic nite automaton (PFA) that represets 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 accesdo the actual team plans that the ageris are executingand hencethe
advice provided cannot directly be applied to improving the team, but will need

a human deweloper to changethe team behavior as per the advice generated.
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7.4 Role allocation and reallo cation

There are seeral di erent approadesto the problem of role allocation and re-
allocation. For example, Tidhar et al. [58] and Tambe et al. [55] performedrole
allocation basedon matching of capabilities, while Hunsbergerand Grosz[26] pro-
posedthe useof combinatorial auctionsto decideon how rolesshouldbe assigned.
Modi et al. [35] shaved 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] suggestedhe
use of coalition formation algorithms for deciding quickly which agen took on
which role. Fatima and Wooldridge [16] useauctionsto decideon task allocation.
It isimportant to note that thesecompeting techniquesare not free of the problem
of how to model the problem, even though they do not have to model transition
probabilities. Other approadesto 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]. Scerriet al. [48] presen
a role (re)allocation algorithm that allows autonony of role reallocation to shift
betweena human supervisor and the agerns.

The key di erence with all this prior work is our use of stochastic models
(RMTDPs) to ewaluate allocations: this enablesus to compute the bene ts of

role allocation, taking into accourn uncertainty and costs of reallocation upon
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failure. For example,in the missionrehearsaldomain, if uncertairties 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 sert out on one or more routes,

resulting in fewer future reallocations and higher expected reward.
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Chapter 8

Conclusion

While the BDI [55, 11, 57] approadt to agen teamwork has provided successful
applications, tools and techniquesthat provide quartitativ 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 uncertairties and utilities in complexmultiagent domains. Howeer, as
showvn by Bernsteinet al. [3], the problem of deriving the optimal policy is compu-
tationally intractable. This dissertation preseried two independert approadies,

which dealt with this issueof intractabilit y in distributed POMDPs.
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The rst approad represetts a principled way to conbine the two dominart
paradigmsfor building multiagent teams, namely the BDI approad and distrib-
uted POMDPs. In this hybrid BDI-POMDP approad, BDI team plans are ex-
ploited to improve distributed POMDP tractability and distributed POMDP-
basedanalysisimproves BDI team plan performance. Thus, this approad lever-
agesthe bene ts of both the BDI and POMDP approatesto analyzeand improve
key coordination decisionswithin BDI-based team plans using POMDP-based
methods. In order to demonstrate these analysis methods, we concertrated on
role allocation { a fundamertal aspect of agert teamwork { and provided three
key cortributions. First, we introduced RMTDP, a distributed POMDP based
framework, for analysis of role allocation. Second,this dissertation presened
an RMTDP-based methodology for optimizing key coordination decisionswithin
a BDI team plan for a given domain. Concretely the dissertation describked a
methodology for nding the best role allocation for a xed team plan. Given
the combinatorially many role allocations, we introducedmethods to exploit task
decompsitions among sub-teamsto signi cantly prune the seard spaceof role
allocations.

Third, our hybrid BDI-POMDP approad uncovered se\eral synergisticinter-

actions betweenBDI team plans and distributed POMDPSs:
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1. TOPs were useful in constructing the RMTDP model for the domain, in
identifying the featuresthat needto be modeledaswell asin decompmsing
the model construction accordingto the structure of the TOP. The RMTDP

model could then be usedto evaluate the TOP.

2. TOPs restricted the policy sear® by providing RMTDPs with incomplete

policieswith a limited number of open decisions.

3. The BDI approad helpedin comingup with a novel e cien t \b elief-based"”
represemation of policiessuited for this hybrid BDI-POMDP approad and
a correspnding algorithm for evaluating sud policies. This resulted in

faster evaluation and alsoa more compactpolicy represetation.

4. The structure in the TOP was exploited to decompsethe problem of eval-
uating abstract policies,resulting in signi cant pruning in the seard for the

optimal role allocations.

We constructed RMTDPs for two domains { RoboCupRescueand mission
rehearsalsimulation { and determinedthe bestrole allocation in thesedomains.
Furthermore, we illustrated signi cant speedupsin RMTDP policy seart due to
the techniquesintroducedin this dissertation. Detailed experimerts revealedthe
advantagesof our approad over state-of-the-art role allocation approadesthat

do not reasonwith uncertairty. In the RoboCupRescualomain, we shoved that
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the role allocation technique presetted in this dissertationis capableof performing
at human expert levels by comparingwith the allocations chosenby humansin
the actual RoboCupRescuesimulation ervironmert.

The secondapproad for dealingwith the intractabilit y of distributed POMDPs
was to seart for locally optimal joint policiesinstead of globally optimal poli-
cies. We presened Joint Equilibrium-based Seart for Policies (JESP), where
Nash equilibrium was used as a solution concept. The key cortribution of this
approat was the introduction of comnunication within the completely general
distributed POMDP framework. We shaoved how communicative acts can be ex-
plicitly introducedin orderto nd locally optimal joint policiesthat allow ageris to
coordinate better through syndironization achieved via comnunication. Further-
more, the introduction of commnunication allowed us to dewelop a novel compact
policy represemation that resultedin savings of both spaceand time which were
analyzedtheoretically and veri ed empirically. Finally, through the imposition
of constrairts on commnmunication sud as requiring commnunication at least once

ewery K steps,ewen 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 oneis to try and unify the
two approadesdescrited in this dissertation. Although presernted in this disser-
tation astwo independent approades,the ideasof equilibrium-basedseart and
the hybrid BDI-POMDP approad for multiagent coordination are complemen-

tary. Someof the ways in which thesetwo approatescan be combined are:

In the hybrid approad, instead of doing an exact seart for the optimal
role allocation, a joint equilibrium-basedseart could be performedin order
to nd a locally optimal role allocation for the team of agens. Sud a
solution will result in huge savings in terms of time as comparedto the
current approad descrited in Chapter 5 and could be particularly usefulin

domainswhere an appraximate 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 eat ager canperform basedon its currert role. Thus, at eah
step, an agert can perform either a role-executioncan that is permitted by
its currert 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

eat ager. Howeer, it will not have improve the computational complexity.

Similarly, in JESP, it is possibleto exploit a plan hierarchy if available to
limit ead agert's permissible actions. Thus, basedon the relationships
between tasks, only limited actions would be available to the agens. For
example,if we wereto useJESP for the helicopterdomain, agerns would not
be ableto perform role-taking actionsafter becominga scout, and transport

ageris would not be ableto move forward until DoScouting wascompleted.

The secondtem for future work is to cortinueto scale-updistributed POMDPs
to ewen larger scaleteams and problems. For this, we proposeto cortinue to
exploit the interaction in the BDI and POMDP approadiesin adieving sud

scale-up. Someinteresting directions we will look at are as follows:

Additional methods of exploiting the BDI plan structure to decompsedis-
tributed POMDPs could lead to increasedspeed-up. One potertially in-

teresting direction hereis to identify componerts within the plan structure
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that are neither completely independert nor sequetially executedbut yet

can be decoupled.

Extending solutions of smaller scaleproblemsto larger problemscould also
help in scaling. This was tried in the cortext of a distributed MDPs [21].
Howe\er, it wasnot clearin this approad what the lossin optimality would

be.

Exploiting the similarity in di erent plan componerts could result in further
speedup. This ideawas alsousedin Lifelong Planning A* [30], whereit is
possibleto solve a seriesof similar planning tasksmuch fasterthan is possible
by solving ead planning task starting from scratch. It is not immediately

clear how this can be donein the cortext of distributed POMDPs.

The third item for future work is come up with methods of idertifying key
decisionswithin team plans that can be optimized. The currernt approad 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 canbe doneby reasoningwith
the help of the distributed POMDP model. Howewer, it is key that this reasoning

be donevery cheaply.
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The fourth item for future work is to try and dewelop techniquesto solwe
distributed POMDPs in a distributed fashion. Current methods for distributed
POMDPs rely on a certralized planner. A distributed method for solving distrib-
uted POMDPs will ensurethat agers' privacy is maintained. In addition, this
could lead to real-time distributed methods of solving distributed POMDPs.

Finally, we plan on applying the techniquesdescrited in this dissertation to
di erent problemslike coordination of multiple robots [14, 34] and supply-chain

managemeh
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App endix A

TOP detalils

In this chapter, we will describe the TOP for the helicopter scenario. The details
of eat subplanin Figure 2.3(b) are shavn below:

ExecuteMission :

Context: ;

Pre-conditions: (MB <TaskForce> location(TaskForce) = START)

Achieved: (MB <TaskForce> (Achieved(DoScouting) " Achieved(DoTransport)))

N (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: X
Achieved: ;
Unachievable: ;
Irrelevant:
Body:
WaitAtBase
ScoutRoutes
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Constraints: WaitAtBase ANDScoutRoutes

WaitAtBase:

Context: DoScouting <TaskForce>

Pre-conditions: X

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:
ScoutRoutel
ScoutRoute2
ScoutRoute3
Constraints:ScoutRoutel  ORScoutRoute2 ORScoutRoute3

ScoutRoutel:

Context:  ScoutRoutes <ScoutingTeam>

Pre-conditions: X

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
ScoutRoute?2:

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

137



ScoutRoute3:
Context:  ScoutRoutes <ScoutingTeam>
Pre-conditions: X

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(ScoutRoutel)) 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 Unacdhievable 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 shaws coordination relationships: An AND relationship is
indicated with a solid arc, while an OR relationship is indicated with a dotted
arc. Thesecoordination relationships indicate unadievability, achievability and
irrelevance conditions that are enforcedby the TOP infrastructure. An AND
relationship betweenteam sub-plansmeansthat if any of the team sub-plansfail,
then the parert team plan will fail. Also, for the parert team plan to be achieved,
all the child sub-plansmust be adiieved. Thus, for DoScouting , W aitA 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 parert to fail

and successf any of the subplans meansthat the parert plan has succeeded.
Thus, for ScoutingRoutes , at least one of ScoutRoutel , ScoutRoute2 or

ScoutRoute3 needbe performed:

Achieved: (MB <ScoutingTeam> Achieved(ScoutRoutel)
Achieved(ScoutRoute2) _ Achieved(ScoutRoute3))
Unachievable: (MB <TaskForce> Unachievable(ScoutRoutel) ~
Unachievable(ScoutRoute2 ) ~ Unachievable(ScoutRoute3) )

Also an AND relationship a ects the irrelevance conditions of the subplansthat
it joins. If the parert is unadcievable 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 assignrolesto plans| Figure 2.3(b) showns the assignmen in
bradkets adjacen 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 presen details of the RMTDP constructed for the TOP in
Figure 2.3.

S: We get the featuresof the state from the attributes testedin the precon-
ditions and adhieved, unachievable and irrelevant conditions and the body
of the team plans and individual ager plans. Thus the relevant state vari-
ablesare:location of eat helicopter, role of ead helicopter,routeof ead heli-
copter, status of ead helicopter (alive or not) andtime. For ateam of n heli-

A: We consideractions to be the primitiv e actions that ead agen can
performwithin its individual plans. The TOP infrastructure enforcesnutual
belief through communication actions. Sinceanalyzing the cost of theseis
not the focus of this researb we consider commnunication to be implicit
and we model the e ect of this communication directly in the obsenation
function.

We consider?2 kinds of actions role-taking and role-executionactions. We
assumethat the initial allocation will specify rolesfor all agerts. This spec-
i es whether the agen is a scoutor a transport and if a scoutwhich scout
team it is assignedto. A scout cannot becomea transport or changeits
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 ead agert i are given by:
i:member Transpor tT eam = 1] 0INSCtT eamA;j oinSctT eamB;j oinSctTeamCqg

i:member SctT eamA — i:member SctT eamB — i:member SctT eamCx — 1
i:member Transpor tT eam = | ChooseRute;moveForwardg
i:member SctTeamA —  imember SctTeamB —  i;member SctT eamC — f moveForwar dg
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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 shotdown dependson
which route they are on, i.e. probability of crashon routelis p;, probability
of crashonroute2is p, and probability of crashon route3is p; and how 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 route, = null or log =
END or if status; = dead. In all other cases,the location of the agen
getsincremeried. We assumethat the role-taking actions scoutRoutex will
always succeedf the role of the performing agert is tr ansport and it has
not beenassigneda route already

Eadh transport at START can obsene the status of the other ageris
with someprobability depending on their positions. Ead helicopter on a
particular route canobsene all the helicopterson that route completelyand
cannot obsene helicopterson other routes.

O: The obsenation function gives the probability for a group of agens
to receiwe a particular joint obsenation. In this domain we assumethat
obsenations of oneager areindependen of the obsenations of other agerts,
given the current state and the previousjoint action. Thus the probability
of a joint obsenation can be computed by multiplying the probabilities of
ead individual agent's obsenations.

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 scoutis 0.05 sincewe don't have false negatives.
Similarly if a scouton route 1 crashesthe probability that this is visible to
atransport at START is 0.98and the probability that the transport doesn't
seethis failure is 0.02. Similarly the probabilities for observingan alive scout
on route 2 and route 3 and 0.94 and 0.93 respectively and the probabilities
for observinga crashon route 2 and route 3 and 0.97 and 0.96 respectively.

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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replacemen action, scoutRoute, to be R , the negative reward for a fail-
ure of a helicopter to be R, the reward for a scout reacing END to be
Rscout @nd the reward for a transport reating END to be Ry ansport- E.Q.
R = 10,Rg = 50, Rscout = 5, Ry ansport — 75.

RL : Thesearethe rolesthat individual agers cantakein TOP organization
hierarchy.

RL = ftransport; scoutOnRoutel; scoutOnRoute2; scoutOnRoute3g.
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App endix C

Theorems

Theorem 3 The MAXEXP methal will alwaysyield an upper bound.

Pro of sketch:

Let policy bethe leaf-lewel policy with the highestexpectedreward under
a particular parert node, i, in the restricted policy space.

V= max achidren(i)V (C.1)

Since the reward function is speci ed separatelyfor eadr componer, we
can separatethe expectedreward V into the rewards from the constituert
componerts given the starting states and starting obsenation histories of
thesecomponerts. Let the team plan be divided into m componerts sud
that the componerts are parallel and independert or sequetially executed.

X

\ max states[j ];oH istor ies[j ]Vj
1) m

The expectedvalue obtained for any componert j, 1 j mfor cannot
be greaterthan that of the highestvalue obtained for j using any policy.

max states[j ];oH istor ies]j ]Vj max 2 chil dren(i)max states|j ];oH istor ies[j ](VJ )
(C.2)
Hence,
X
\% max 2 chil dren(i)max states|j ];oH istor ies[j](Vj )
1j m
\% 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 presei the experimertal setup for our experimerts in Chap-
ter 5.4.

D.1 Mission Rehearsal Scenario
For all the experimerts 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 scoutto destination = 5.

D.1.1 Figure 5.4

The following are the settings for the experimerts in Figure 5.4:

Probability of a scout being shot down on route 1 = 0:1=a wherea 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 wherea is the
number of scoutscollocated at that waypoint.
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Probability of observinga failed scouton route 1 = 0:98.
Probability of observinga failed scouton route 2 = 0:97.
Probability of observinga failed scouton route 3 = 0:96.
Probability of observingan alive scouton route 1 = 0:95.
Probability of observingan alive scouton route 2 = 0:94.

Probability of observingan alive scouton route 3 = 0:93.

D.1.2 Figure 5.5

The following are the settings for the experimerts in Figure 5.5:

Probability of a scout being shot down on route 1 = 0:1=a wherea 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, wherea is the
number of scoutscollocated at that waypoint.

Probability of observinga failed scouton route 1 = 0:98.
Probability of observinga failed scouton route 2 = 0:97.
Probability of observinga failed scouton route 3 = 0:96.
Probability of observingan alive scouton route 1 = 0:95.
Probability of observingan alive scouton route 2 = 0:94.
Probability of observingan alive scouton route 3 = 0:93.
COP reward was idertical to immediate reward obtained in RMTDP.

Probability of observinga failed or alive scoutfor MDP = 1:0.
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D.1.3 Figure 5.6
The following are the settings for the experimerts 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 scouton route 2 = 0:97.
Probability of observinga failed scout on route 3 = 0:96.
Probability of observingan alive scouton route 1 = 0:95.
Probability of observingan alive scouton route 2 = 0:94.

Probability of observingan alive scouton route 3 = 0:93.

D.2 RoboCupRescue Scenario

The following arethe parametervaluesfor all the experimerts in the RoboCupRes-
cuescenario:

The world is modeledasa 6 6 grid.

Visibilit y of ead agert 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 2is (3;3), and re station 1 is (5; 3).

Civilians are located at one of the two res using civilian distribution.
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Agerts can move onegrid squarein onetime 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 experimerts in Figure 5.7:
Probability of civilian health deteriorating at ead time step = 0:09.

Probability of re intensity increasingat eat time step= 0:1.

D.2.2 Figure 5.8

The following are the parametervaluesfor all the experimerts in Figure 5.7:

Number of ambulances= 5.

D.2.3 Figure 5.9

The following are the parametervaluesfor all the experimerts in Figure 5.9:

Number of ambulances= 5.

D.2.4 Figure 5.10

The following are the parametervaluesfor all the experimerts in Figure 5.10:

Number of ambulances= 5.
item With no error in model, probability of civilian health deteriorating at
eat time step= 0:09.

With no error in model, probability of re intensity increasingat ead time
step= 0:1.
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