Multiagent Teamwork: Analyzing the Optimality and
Complexity of Key Theories and Models

David V. Pynadath and Milind Tambe
Information Sciences Institute and Computer Science Department
University of Southern California
4676 Admiralty Way, Marina del Rey, CA 90292

{pynadath,tambe@isi.edu

ABSTRACT a range of complex domains. Yet, two key shortcomings limit the

Despite the significant progress in multiagent teamwork, existing research scalability of these_ BDI-based theorle_s a_nd |mplem_entat|ons. First,
does not address thogtimality of its prescriptions nor theomplexityof the there f”“e r_]o technl_ques fo'r the_ quantltat!ve evah.'lat'on .Of the degree
teamwork problem. Thus, we cannot determine whether the assumptionsof op_tlmallty of th_elr coor_dlna_tlon behavior. Wh'.le optimal coor-_
and approximations made by a particular theory gain enough efficiency d'natlon_may _be lmprac’FlcaI in re_al-world d_oma'”s’ su‘.:h analysis
to justify the losses in overall performance. To provide a tool for evalu- WOUI.d ‘?"d us in comparison of different existing theories/models
ating this tradeoff, we present a unified framework, @@Mmunicative a_nq in |d_ent|fy|ng_ fe_aS|bIe |mprovements. Of‘e. key reason for the
Multiagent Team Decision Problem (COM-MTDRjodel, which is gen- dlf_f'cu_lty in quantl_tatlve evaluatlpn of most e).(ls_tlng teamwork_ the-
eral enough to subsume many existing models of multiagent systems. weOries 1s th_at they ignore th_e varlous_unce_rtalntl_es and costs in real-
analyze use the COM-MTDP model to provide a breakdown of the compu- World environments. For |nstanc¢, joint lntenthns t.heory [3] pre-
tational complexity of constructing optimal teams under problem domains scribes that Fe_am members attain mgtgal beliefs in !<ey C|rcun_1-
divided along the dimensions of observability and communication cost. We stances, but it ignores the cost of attaining mutual belief (e.g., via

then exploit the COM-MTDP’s ability to encode existing teamwork theories gommudnlcatlton). dOn thetofth?r ha?d’ plractllctjll Systems h?ve la;d'
and models to encode two instantiations of joint intentions theory, includ- ressed costs and uncertainties of real-world environments. For

ing STEAM. We then derive a domain-independent criterion for optimal |rr1]stanc_e, STEAM .[143 15] elﬂe'?o.'s J%mf_mtemlor;s V\I/’:th decision-
communication and provide a comparative analysis of the two joint inten- t eqretlc fcomrt?unlcatlonhse e;:ttlwty. n ortL_Jlnthe g the vlerykpr?gh-
tions instantiations. We have implemented a reusable, domain—independentn"atIsm of such approaches often necessarily leads to a lack of the-

software package based COM-MTDPs to analyze teamwork coordination Qr_etlc_al rigor, so it remains unanswered Wheth_er' STEAM's selec-
strategies, and we demonstrate its use by encoding and evaluating the twotIVIty is the best an agent can d(.)' or Whe_th_er Itis even necessary
joint intentions strategies within an example domain. at all. The second key s_hort_comlng of existing _teamwork res_earch
is the lack of a characterization of the computational complexity of

various aspects of teamwork decisions. Understanding the compu-

Catego“es and SUbJeCt Descrlptors tational advantages of a practical coordination prescription could

1.2.11 [Artificial Intelligence ]: Distributed Artificial Intelligence— potentially justify the use of that prescription as an approximation
Multiagent Systems to optimality in particular domains.
To address these shortcomings, we propose a new framework,
General Terms the COMmunicative Multiagent Team Decision Problem (COM-
MTDP), inspired by work ineconomic team theorj8, 6]. As in
Measurement that framework, our definition of a team assumes only a common
goal (i.e., a joint utility function). Unlike typical teamwork frame-
1. INTRODUCTION works, we make no other assumptions about the team’s behavior

Multiagent teamwork is critical in a range of domains, includ- (€-9-, the teammates form a joint commitment, communicate to at-
ing teams of spacecraft, unmanned air vehicles, software agents fof@in mutual belief, etc.). We view these more intermediate concepts
logistics planning, and agents for assisting humans. Research intc?S themeansby which agents improve their overall performance,
theories of agent teamwork, such as those based on belief-desire/0t €nds in themselves. For example, while mutual belief has no
intentions (BDI) frameworks [3, 5, 13], have provided prescriptions inherent value, our COM-MTDP model can quantify the improved
for agent coordination. These prescriptions have, in turn, led to Performance that we would expect from a team that attains mutual
practical teamwork models [7, 10, 14, 17] that have succeeded in belief about important aspects of its executlon_. While our COM-

MTDP model borrows from a theory developed in another field, we

make several contributions in applying and extending the original

theory, most notably adding explicit models of communication and
Permission to make digital or hard copies of all or part of this work for System dynamics. With these extensions, the COM-MTDP gen-
personal or classroom use is granted without fee provided that copies areeralizes other recently developed multiagent decision frameworks,
not made or distributed for profit or commercial advantage and that copies such as decentralized POMDPs [1].
bear this notice and the full citation on th_e first page. To copy otherwise,_t_o This paper demonstrates three new types of teamwork analyses
:)ipruml:i)gzikgntczlﬁglsérogg:‘er-\/ers or to redistribute to lists, requires prior specific made possible by the COM-MTDP model. First, we analyze the
AAMAS'02,July 15-19, 2002, Bologna, Italy. computational complexity of teamwork within problem domains
Copyright 2002 ACM 1-58113-480-0/02/0007$5.00.



classified along the dimensions of observability and communica- Collective Partial Observability: This is the general case, where
tion cost. Second, the COM-MTDP model provides a powerful tool we make no assumptions on the observations.

for analyzing theoptimality of coordination prescriptions across  Collective Observability: There is a unique world state for the
classes of domains. We encode existing team coordination strate-combinedobservations of the teamiw € 2, 3s € S such that
gies, based on joint intentions [3] and STEAM [14], withina COM- Vs’ # s, Pr(Q' = w|S' = s') = 0. The set of domains that
MTDP for evaluation. We also derive a novel coordination al- are collectively observable is a strict subset of the domains that are
gorithm that outperforms these existing these coordination strate- collectively partially observable.

gies in optimality, though not in efficiency. The end result is a Individual Observability: There is a unique world state for each
well-grounded characterization of the complexity-optimality trade- individual agent’s observationsyw € ;, 3s € S such that

off among various means of team coordination. Third, we can useVs' # s, Pr(Q! = w|S' = s') = 0. The set of domains that
the COM-MTDP model to empirically analyze a specific domain of are individually observable is a strict subset of the domains that are
interest. We apply our implemented reusable, domain-independentcollectively observable.

algorithms to empirically evaluate the aforementioned coordination .

strategies within an example domain represented as a COM-MTDP.2.1.4  Policy (Strategy) Space

We thus characterize the optimality of each strategy as a function ;4 is a domain-levepolicy (or strategy in the original team

of the properties of the underlying domain and, as a result, explain theory specification) to map an agent's belief state to an action. In
previously unexplained published data. the original formalism, the agent’s beliefs correspond directly to its

observations (i.ezia : Q; — A).
2. THE COM-MTDP MODEL
: ‘s Extension to Richer Belief State SpacB: We gener-
2.1 MUItlagent Team Decision Problems alize the set of possible strategies to capture the more complex

~ Given a team of selfless agents,who intend to perform some  mental states of the agents. Each agéng «, forms a belief
joint task, we wish to evaluate possible policies of behavior. We state,b! € B;, based on its observations seen through time
represent anultiagent team decision probleMTDP) model asa  where B; circumscribes the set of possible belief states for the
tuple, (S, A, P,©, 0, B, R). We have taken the underlying com-  agent. Thus, we define the set of possible domain-level policies
ponents of this model from the initial team decision model [6], but as mappings from belief states to actions; : B; — A. We de-

we have extended them to handle dynamic decisions over time andfine the set of possible combined belief states over all agents to be

to more easily represent multiagent domains. B =[], Bi. The corresponding random variabbé, represents
the agents’ combined belief state at timaVe elaborate on differ-
2'1'_1 World Statess ’ ] ent types of belief states and the mapping of observations to belief
S'is a set of world states (the team’s environment). states (i.e., thetate estimator functigrin Section2.2.1
2.1.2 Domain-Level Actionsa 2.1.5 Reward Functionr

{A;i}ica is a set of actions for each agent to perform to change
its environment, implicitly defining a set of combined actioAs=
I1;c. A: (corresponding team theorydecision variablel

A common reward function is central to the notion of teamwork
inaMTDP:R : S x A — R. This function represents the team’s
joint preferences over states and the cost of domain-level actions.

Extension to Dynamic Problen®. The originalteamdeci- 2.2 Extension for Explicit Communication: =

sion problem focused on a one-shot, static problem. We extend the We make an explicit separation between domain-level actions
original concept so that each component is a time series of random(A) and communicative actions. Thus, we extend our initial MTDP
variables. The effects of domain-level actions, as well as any ex- model to be acommunicative multiagent team decision problem
ogenous environmental changes, obey a probabilistic distribution, (COM-MTDP), that we define as a tupk, A, =, P,Q, O, B, R),

P(si,a,sf) = Pr(S"™ = 55|85 = 5, A" = a). with a new component, and an extended reward functid®,
{$i}iea is a set of observations that each agéntan expe- {Si}ica is a set of possible messages for each agent, implic-

rience of its world, implicitly defining a combined observation, iy defining a set of combined communicatiors, = e, S

Q2 = [[;c,, i- Q2 may include elements corresponding toindirect - ap agent,i, may communicate messagec ; to its teammates,
evidence of the state (e.g., sensor readings) and actions of othekyho interpret the communication by updating their belief states

agents. In the original team-theoretic framework, itifermation in response. Thus, the agents now update their belief states at
structurethat represented the observation process of the agents wasyyg distinct points within each decision epoch: once upon receiv-
a set of deterministic function€); : 5 — ;. ing observatior! (producing thepre-communicatiomelief state

. . bt,s), and again upon receiving the other agents’ messages (pro-
Extension of Allowable Information Structures: we ducing thepost-communicatiorbelief statebls,). The distinc-
extend the information structure representation to allow for uncer- tion allows us to differentiate between the belief state used by the
tain observations. We use a general stochastic model, borrowedagents in selecting their communication actions and the more “up-
from thepartially observable Markov decision procesedel [11], to-date” belief state used in selecting their domain-level actions.
with a joint observation functionQ(s, a, w) = Pr(Q¢ = w|S* = We also distinguish between the sepasitte-estimatofunctions
s, A""! = a). This function models the sensors, representing any used in each update phasg:= SE?(), b'ys, = SEiax(bi5), QL)
errors, noise, etc. In some cases, we can separate this joint distribupts,, = SE;5,(bles, B¢), Wwhere SEiex : B; x Q; — B; is
tion into individual observation function®® = [],.,, O:, where the pre-communication state estimator for agerand SE;s. :
Oi(s,a,w) = Pr(Q! = w|S" = 5,A""! = a). We can distin- B; x ¥ — B; is the post-communication state estimator for agent
guish among different classes of information structures: i. The initial state estimato§E? : ) — B, specifies the agent’s



prior beliefs, before any observations are made. For each of these, | Model || b) | o |

we also make the obvious definitions for the corresponding estima- DEC-POMDP || nocomm. | collective partial observ,
tors for the combined belief state§F,s;, S Ex., andSE°. POIPSG no comm. | collective partial observ

In this paper, we assume that the agents tparéect recall so MMDP no comm. | individual observability
that the agents recall all of their observations and all communica- Xuan-Lesser || gen. comm.| collective observability
tion from other agents. Thus, their belief states can represent the
histories of combined observation8; = Q; x X*. The agents re- Table 1: Existing models as COM-MTDP subsets.
alize perfect recall through the following state estimator functions:

SE() =) @

stages for domain-level and coordination-level actions. In other

) 0 %0 t—1 §at—1 t
SE“E(«Ql » 2 > T <Ql X >> ,42i) words, each agent team membeg « begins in some initial state,

= (97, 3°%,... (7, =7 (Qf, ) ) S0, with initial belief statesp? = SE?(). Each agent receives
SEise(((20,5°) ... (071 1) (Qf, ), =t an observatiorf2; drawn according to the probability distribution
= (¢ . >(; (% L 2 (0 )) %) O(S°,null, Q°) (there are no actions yet). Then, each agent up-
=({(%,27),...,(2;,%)) (3) dates its belief staté,s; = SE;ex(b?, Q22).

. . Next, each agent selects a message according to its co-
Note that, although we assume perfect, instantaneous communica- g €a 0 g g

) . L ordination policy,X? = m;=(b%,5), defining a combined commu-
tion here, we could potentially use the post-communication state policy, 2 = mix (bisx) 9

estimator to model any noise, temporal delays, cognitive burden nication, 3°. Each agent interprets the communications of all of
. o ’ ' the other ing i lief = SE; s, 30).
etc. present in the communication channel. the others by updating its belief statés, = SEims (blex, 2°)

. . . Each then sel n action rdin i main-level poli
We extend our definition of a policy of behavior to include a ach then selects an action according to its domain-level policy,

I ; . A? = m4(bls,), defining a combined actiod®. By the cen-
coordination policy ;s : B; — i, analogous to Sectidd.1.4s tral assumption of teamwork, all of the agents receive the same
domain-level policy. We define the joint policiess andm 4, as

the combined policies across all agentsdin joint reward, R® = R(S°,%° A°). The world then moves into
P 9 a new stateS*, according to the distribution?(S°, A°). Again,
2.2.2 Extended Reward EFunction: each agent receives an observatidd! drawn fromg; according

, i to the distribution0(S*, A°, '), and it updates its belief state,
We extend the team’s reward function to also represent the costy1 _ _ SEiex (%, Q2!). The process continues, with agents

. . . . ieX i
of communicative acts (.g., communication channels may have as-cho65ing communication- and domain-level actions, observing the
sociated cost)R : S x ¥ x A — R. We assume that the cost

S . ) ) effects, and updating their beliefs. We can definevilee vV, of
of communication and of domain-level actions are independent of o policiesar 4 andrs;, as the expected reward received when ex-
each other, so we can decompose the reward function into two Com-gting those policies. Over a finite horizdh, this value is equiv-

ponents: a communication-level rewai@y : S x ¥ — R, and alent to the followingV” (mr 4, 7vs) = E[S°L_ R'|m 4, ms].
a domain-level rewardR4 : S x A — R. The total reward is ’ =0 ’
the sum of the two component valueB(s,o,a) = Rs(s,o) + Lo
Ra(s,a). We assume that communication has no inherent benefit 2.4 COM-MTDPs Subsume Existing Models

and may instead have some cost, so that for all states S, and The COM-MTDP model subsumes many existing multiagent mod-
messagesg € X, the reward is never positiveRs(s,o) < 0. els, as presented in Table 1 (i.e., we can map any instance of these
However, although we assign communication no explicit value, it models into a corresponding COM-MTDP). This generality en-
can have significant, implicit value through its effect on agents be- ables us to perform novel analyses of real-world teamwork do-

lief states, and subsequently on future actions. mains, as demonstrated by Section 4's use of the COM-MTDP
As with the observability function, we parameterize the commu- model for analyzing the optimality of communication decisions.

nication costs associated with message transmissions: With its model of observability and world dynamics, our COM-

General Communication: no assumptions about communication ~ MTDP model closely parallels th@ecentralized partially observ-

Free Communication: Rx(s,o) = 0 foranyo € 3, ands € S able Markov decision proce$®EC-POMDP) [1]. Following our

No Communication: 3 = (), i.e., noexplicitcommunication notational conventions, a DEC-POMDP is a tugl§, A, P, Q, O,

The free-communicatiocase appears in the literature, when re- R). There is no set of possible messag8sso the DEC-POMDP
searchers wish to focus on issues other than communication costfalls into the class of domains witio communicationThe DEC-
Although, real-world domains rarely exhibit such ideal conditions, POMDP observational modeR, is general enough to captuzel-
we may be able to model some domains as having approximately |ectively partially observablelomains. Thepartially observable
free communication to a sufficient degree. In addition, analyzing IPSG (POIPSG) [9] is very similar to the DEC-POMDP model
this extreme case gives us some understanding of the benefit of(i.e., collectively partially observable@lomains, withno commu-
communication, even if the results do not apply across all domains. nication). Like the DEC-POMDP, thenultiagent Markov decision
We also identify theno-communicatiorcase because such decision  procesgMMDP) [2] hasno communicationHowever, the MMDP
problems have been of interest to researchers as well [4]. Of coursejs a multiagent extension to the completely observable MDP model,
even if3 = 0, it is possible that there are domain-level actions in  so it assumes an environment thainigividually observable
A that havamplicit communicative value by acting as signals that The COM-MTDP’s separation of communication from other ac-
convey information to the other agents. However, we still label tions is similar to previous work on multiagent decision models [16].
such agent teams as having communicatiorfor the purposes of  However, while the Xuan-Lesser model generalizes beyond indi-

the work here, since many of our results exploitaplicit separa- vidually observable environments, it supports only a subset of col-

tion between domain- and communication-level actions. lectively observable environments. In particular, the Xuan-Lesser
. framework cannot represent agents who receive local observations

2.3 Model lllustration of a common world state, where the observations of different agents

We can view the evolving state as a Markov chain with separate could potentially be interdependent.



3. COM-MTDP COMPLEXITY ANALYSIS

Given this mapping, we then specify; a (bls,) = )4 (mi(bis,)).

We can use the COM-MTDP model to prove some results about Executing this domain-level policy, in conjunction with the coordi-
the Comp|exity Of Constructing 0pt|ma| agent teams. The pr0b|em nation pOllcy,ﬂ'g., Ijesu|’[ls 1} the |,dent|ca| behaVIOI’ as eXch“Qn Of
facing these agents (or the designer of these agents) is how to conthe alternate policiesy »" andws". Therefore, the team following

struct the joint policiessrs andr 4, SO as to maximize their joint
utility, as represented by the expected vaié, (74, 7x).

THEOREM 1. The decision problem of whether there exist poli-
cies,wx and w4, for a given COM-MTDP, undegeneral com-
munication that yield a total reward at leasik’ over some finite
horizonT is NEXP-complete ifx| > 2 (i.e., more than one agent).

Proof: We can reduce a DEC-POMDP to a COM-MTDP with no
communication by copying all of the other model features from the
given DEC-POMDP. The decision problem for a DEC-POMDP is
known to be NEXP-complete [1]1

In the remainder of this section, we examine the effect of com-
munication on the complexity of constructing optimal team poli-
cies. We start by examining the case under the conditioineef
communicationwhere we would expect the benefit of communi-

the policies,w 4 and 7s; will achieve the same expected value of
K, asunderrs’ andws’. O

Given this dominance of the complete-communication policy,
we can prove that the problem of constructing optimal teams is
simpler when communication is free.

THEOREM 3. The decision problem of determining whether there
exist policiesgrss andw 4, for a given COM-MTDP witliree com-
munication that yield a total reward at leasik’ over some finite
horizonT is PSPACE-complete.

Proof: The detailed proof is in the appendix to this paper, available
athttp://www.isi.edu/teamcore/COM-MTDP .From The-
orem 2, we need to consider only the complete-communication pol-
icy, so that the agents will share their observations and form a co-
herent joint belief state. Therefore, we can show that the problem

cation to be the greatest. To begin with, suppose that each agenis equivalent to the decision problem for a single-agent PONIDP.

is capable of communicating its entire observation (2&.D ;).

The following theorem tells us that the agents should then exploit
this capability and communicate their true observation, as long as

they incur no cost in doing so.

THEOREM 2. Under free communicationconsider a team of
agents using a coordination policyt;s (bles;) = Q. Ifthe domain-
level policyr 4 maximizes/” (w4, 7x), then this combined pol-
icy is dominant over any other policies. In other words, for all
policies, 7’y andwl, V7 (7a, 7s) > VT (n)y, 7k).

Proof: Suppose we have some other coordination potigy, that

THEOREM 4. The decision problem of determining whether there
exist policiesgrss andw 4, for a given COM-MTDP witliree com-
municationandcollective observabilitythat yield a total reward at
leastK over some finite horizoi is P-complete.

Proof: The proof follows that of Theorem 3, but with a reduction
to and from the MDP decision problem, rather than the POMDP.

THEOREM 5. The decision problem of determining whether there
exist policieszrs and 4, for a given COM-MTDP witlindividual
observability that yield a total reward at leask” over some finite

specifies something other than complete communication (e.g., keephorizonT’ (given integerss” andT’) is P-complete.

ing quiet, lying). Suppose that there is some domain-level policy,
7’4, that allows the team to attain some expected rew&rdyhen
used in combination withr;. Then, we can construct a domain-

level policy, 7 4, such that the team attains the same expected re-

ward, K, when used in conjunction with the complete communica-
tion policy, s, as defined in the statement of Theorem 2.

The coordination policyss,, produces a different set of belief
states (denotetl 5, andb'ls,) than those forrs, (denotedb?, s,
andbls,). In particular, we use state estimator functiof;.,s,
and SE!s, as defined in Equations 2 and 3 to genetéfg: and

b'ls.. Each belief state is a complete history of observation and

Proof: The proof follows that of Theorem 4, except that we can
reduce the problem to and from an MDP regardless of what com-
munication policy the team uses.

Thus, we have used the COM-MTDP framework to character-
ize the difficulty of problem domains in agent teamwork along the
dimensions of communication cost and observability. Table 2 sum-
marizes our results, which we can use in deciding where to concen-
trate our energies in attacking teamwork problems. The greatest
challenges lie in those domains with eittemilective observabil-
ity or partial observabilityand with nonzero communication cost.
Undercollective observabilitandpartial observability teamwork

communication pairs for each agent. On the other hand, under theyithout communication is highly intractable, but, witee commu-

complete communication afs, the state estimator functions of
Equations 2 and 3 reduce to:

SEioE((QO,... ,Qt_1>,Q§) :<QO,.“ 7Qt—1,Q§> 4)
SExe((°,.... 0" 00) =) =(’,... ", 2)
=(Q°..., 07" a) (5

Thus, 7 4 is defined over a different set of belief states thgp.
In order to determine an equivalentty, we must first define a re-
cursive mappingm, that translates the belief states definediy

into those defined byt%;:
= (mibimn), (04, ) <mi(b§z.1),<sz§, E’§>>
JjEa

_ <mi<bzg.l>, <n T 7 (SElmsms (1152, sz;—>>>>

JjEa
(6)

nication, the complexity becomes on par with that of single-agent
planning problems. Furthermore, the results from Theorems 3 and
4 hold in any domain where the result from Theorem 2 holds (i.e.,
when complete communication is the dominant policy). Therefore,
while perfectly free communication may be rare, these results show
that investment in communication in teamwork can pay off with a
significant simplification of optimal teamwork. On the other hand,
when the world igndividually observablecommunication makes
little difference in performance. It should be noted that even under
those conditions where the problem is P-complete, the complexity
of optimal teamwork is polynomial in the number of states of the
world, which may still be impractically high.

4. EVALUATING COORDINATION

Table 2 shows that providing optimal domain-level and coordi-
nation policies for teams is a difficult challenge. Many systems al-
leviate this difficulty by having domain experts provide the domain-
level plans [14]. Then, the problem for the agents reduces to gen-
erating the appropriate team coordinatiar;, to ensure that they



Individually |~ Collectively Collectively  |immediately accept the special message, as true, so the team
Observable| Observable | Partially Observ. |attains mutual belief tha® is true immediately upon receiving the
No Comm. || P-complete] NEXP-complete] NEXP-complete |messagerc. We can construeks; in constant time.
Gen. Comm.|| P-complete| NEXP-complete] NEXP-complete | The STEAM algorithm is another instantiation of joint inten-
Free Comm.|| P-complete P-complete PSPACE-completd tions that has had success in several real-world domains [14]. Un-
like Jennings’ instantiation, the STEAM teamwork model includes
Table 2: Time complexity of COM-MTDPs. decision-theoretic communication selectivity. A domain specifica-
tion includes two parameters for each joint commitméntr, the
probability of miscoordinated termination 6f, andC,,:, the cost
properly execute the domain-level plans,. In this section, we of miscoordinated termination @F. In this context, “miscoordi-
use our COM-MTDP framework to analyze joint intentions the- nated termination” means that some agents immediately observe
ory [3], which provides a common basis for many existing ap- that the team has achievédwhile the rest do not. STEAM's do-
proaches to team coordination. Section 4.1 models two particular Main specification also includes a third parametr, to represent
instantiations of joint intentions taken from the literature [7, 14] as the cost of communication of a fact (e.g., the achievemert)of
COM-MTDP coordination policies. Section 4.2 analyzes the con- USing these parameters, the STEAM algorithm evaluates whether
ditions under which these policies are optimal and provides a third the expected cost of miscoordination outweighs the cost of com-
candidate policy that makes communication decisions that are lo- munication. STEAM expresses this criterion as the following in-
cally optimal within the context of joint intentions. In addition to ~ €quality: 7 - Cyne > Ce. We can define a communication policy,
providing the results for the particular coordination strategies inves- 7= based on this criterion: if the inequality holds, then an agent
tigated, this section also illustrates a general methodology by which that has observed the achievementaiiill send the message;
one can use our COM-MTDP framework to encode and evaluate Otherwise, it will not. We can construat; in constant time.

coordination strategies proposed by existing multiagent research. 4.2 LocaIIy Optimal Policy

4.1 Joint Intentions in a COM-MTDP Although the STEAM policy is more selective than Jennings’,
Joint-intention theory provides a prescriptive framework for mul- it remains unanswered whether it aptimally selective, and re-
tiagent coordination in a team setting. It does not make any claims Séarchers continue to struggle with the question of when agents
of optimality in its coordination, but it provides theoretical justifi- ~Should communicate [17]. The few reports of suboptimal (in partic-
cations for its prescriptions, grounded in the attainment of mutual Ular, excessive) communication in STEAM were characterized as
belief among the team members. We can use the COM-MTDP an exceptional circumstance, but it is also possible that STEAM's

framework to identify the domain properties under which attaining ©Ptimal performance is the exception. We use the COM-MTDP
mutual belief is optimal and to quantify precisely how suboptimal Medel to derive an analytical characterization of optimal commu-
the performance will be otherwise. nication he_re_, while Sectlosn 5 pro_wdes an f_emplrlcal one.

Joint intentions theory requires that team members jointly com- Both_pohme_s,wé and s, consider sendingc only when an
mit to a joint persistent goali. It also requires that when any agent first belleyes tha¥ has begn achleved_. Once an agent k_las
team member privately believes th@tis achieved (or unachiev-  the relevant belief, they make different choices, and we consider
able or irrelevant), it must then attain mutual belief throughout the here what the optimal decision is at this point. The domain is not
team about this achievement (or unachievability or irrelevance). To individually observable, so certain agents may be unaware of the
encode this prescription of joint intentions theory within our COM- achievement oti. When not sending thec message, these un-
MTDP model, we first specify the joint goaly, as a subset of  aware agents may unnecessarily continue performing actions in the
states(@ C S, where the desired goal is achieved (or unachievable Pursuit of achieving. The performance of these extraneous ac-
or irrelevant). Presumably, such a prescription indicates that joint tions could potentially incur c_osts and lead to a lower utility than
intentions are not specifically intended fadividually observable ~ ©n€ would expect when sending the message. _
environments, since all of the agents would simultaneously observe _ 1he decision to send or not matters only if the team achieves
that St € G, thus attaining mutual belief immediately. Instead, G and one agent comes to know this fact. We define the random

the joint-intention framework aims at domains with some degree Variable,Kc, to be the earliest time at which an agent knows this
of unobservability. In such domains, the agents must signal the fact. We denote agent¢ as the agent who knows of the achieve-
other agents, either through communication or some informative Ment at timekc. If Ae = i, for some agent, andK¢ = to, then
domain-level action, to attain mutual belief. However, we can also @genti has some pre-communication belief stdigs = £, that
assume that joint-intention theory does not focus on domains with indicates thatz has been achieved. To more precisely quantify the
free communicationwhere Theorem 2 shows that we can simply difference between agensending therc message at tim&c vs.
have the agents communicate everything, all the time, without the Never sending it, we define the following value:
need for more complex prescriptions. T—to
The qunt-lntgntlon framewo_rk does not specify a precise com- AT(to, i,3)=E [ Z Rio+t
munication policy for the attainment of mutual belief. One well-
known approach [7] applied joint intentions theory by having the

EZO =oa,Kag =to,Ag = i,bﬁfz = ﬂ:|

t=0

T—tg
agents communicate the achievement of the joint g@ahs soon _E RO 500 — qull. K = t0. A = 4. b7 —
as they believé to be true. To instantiate the behavior of Jennings’ ; ¢ Ko =to, de =ibioy =8
agents within a COM-MTDP, we construct a communication pol- )

icy, wZ, that specifies that an agent sends the special message,

when it first believes tha® holds. Following joint intentions’ as-  We assume that, for all times other thaf;, the agents follow
sumption ofsincerity[12], we require that the agents never select some communication policyrs;, that never specifiegc. Thus,

the speciabe message in any belief state whéerds not believed AT measures the difference in expected reward that hinges on agent
to be true with certainty. We can assume that all of the other agents:'s specific decision to send or not setg at timet,. Given this



definition, it is locally optimal for agent to send the special mes-
sagepq, at timeto, if and only if AT > 0.

We can use the COM-MTDP model to derive an operational ex-
pression ofA” > 0. For simplicity, we define notational short-
hand for various sequences and combinations of values. We defin
a partial sequence of random variabl&s$’, to be the sequence of
random variables for all times befote X°, X!, ..., X*"1. We
make similar definitions for the other relational operators. The ex-
pression(S)T, denotes the cross product over states of the world,

I, S, as distinguished from the time-indexed random variable
ST, which denotes the value of the state at tifie The notation,
s=to[t], specifies the element in slowithin the vectors=. To
simplify the conditioning event on the right-hand side of the two
expectations in Equation 7, we defiffleto represent the occur-
rence of a particular subsequence of world and agent belief states
as follows:Pr(Y ((t;,t7), s, B.s)) = Pr(S24-Str =5,
be2'S = B, |Ka = to, Ac = i,b}3x, = B). We define the
function, Bs., to map a pre-communication belief state into the
post-communication belief state that arises from a communication

pOliCy: /BE'(ﬂoXHﬂ-E) = SEE.(ﬂ.E77rE(ﬂ.E))'

THEOREM 6. If we assume that, upon achievementChfno
communication other thas is possible, then the conditiah” (t,,3)
> 0 holds if and only if:

<to
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Proof: Seehttp://www.isi.edu/teamcore/COM-MTDP/
Theorem 6 states, informally, that we prefer sendiagwhen-
ever the the cost of execution after achievidg@utweighs the cost
of communication of the fact th&t has been achieved. More pre-
cisely, the outer summations on the left-hand side of the inequality

<tp

‘zgo = null, T ({0, o) , 5510, B

)

®)

O

Individually Collectively Collectively

Observable| Observable Partially Obs.
No Comm. Q(1) Q(1) Q(1)
Gen. Comm.| (1) o((sl-12p™) [ oS- 1eD™)
Free Comm. Q(1) Q(1) Q(1)

Table 3: Time complexity of locally optimal decision.

and we know to prefer sending;. Under no assumptions about
communication, the determination is more complicated. When the
domain isindividually observablethe left-hand side becomes 0,
becausaill of the agents know tha¥ has been achieved (and thus
there is no difference in execution when sending. Therefore,

the inequality is always false (unless undiere communication

and we prefer not sending. When the environment is not in-
dividually observable and communication is available but not free,
then, to be locally optimal at timi, agent: must evaluate Inequal-

ity 8 in its full complexity. Since the inequality sums rewards over
all possible sequences of states and observations, the time complex-
ity of the corresponding algorithm ©((|S| - |2])T). While this
complexity is unacceptable for most real-world problems, it still
presents a considerable savings of a factoD¢2” ) over search-

ing the entire policy space for the globally optimal policy, where
agentA¢ could potentially send at times other thaik(. Ta-

ble 3 provides a table of the complexity required to determine the
locally optimal policy under the various domain properties.

We can now show that although Theorem 6’s algorithm for lo-
cally optimal communication provides a significant computational
savings over finding the global optimum, it still outperforms exist-
ing teamwork models, as exemplified by auf, and =5 policies.
First, we can use the criterion of Theorem 6 to evaluate the optimal-
ity of the policy, 5. If AT (¢,4,3) > 0 for all possible timeg,,
agentg, and belief stateg that are consistent with the achievement
of the goalG, then the locally optimal policy wilalwaysspecify
sendingo¢. In other wordszry, will be identical to the locally op-
timal policy. However, if the inequality of Theorem 6éserfalse,
theny is not even locally, let alone globally, optimal.

Second, we can also use Theorem 6 to evaluate STEAM by view-
ing STEAM's inequality,r - Cmt > C., as a crude approximation
of Inequality 8. In fact, there is a clear correspondence between
the terms in the two inequalities. The left-hand side of Inequal-
ity 8 computes an exact expected cost of miscoordination. How-
ever, unlike STEAM’s monolithic- parameter, the optimal crite-
rion evaluates a complete probability distribution over all possi-
ble states of miscoordination by considering all possible past se-
guences consistent with the agent’s current beliefs. Likewise, un-
like STEAM’s monolithic C,,; parameter, the optimal criterion
looks ahead over all possible future sequences of states to deter-
mine the true expected cost of miscoordination. Furthermore, we
can view STEAM's parametef}., as an approximation of the com-

iterate over all possible past histories of world and belief states, pro- munication cost computed by the right-hand side of Inequality 8.
ducing a probability distribution over the possible states the team Again, STEAM uses a single parameter, while the optimal crite-
can be in at time&,. For each such state, the expression inside the rion computes an expected cost over all possible states of the world.
parentheses computes the difference in domain-level reward, overOn the other hand, the optimal criterion derived with the COM-
all possiblefuture sequences of world and belief states, between MTDP model provides a justification for the overall structure be-

sending and not sending~. Thus, the left-hand side captures our
intuition that, when not communicating, the team will incur a cost if
the agents other tharare unaware ofi’'s achievement. The right-
hand side of the inequality is a summation of the cost of sending
theos message over possible current states and belief states.
Underno communicationwe cannot send¢. Underfree com-
munication the right-hand side is 0, so the inequality is always true,

hind STEAM's approximate criterion. Furthermore, STEAM’s em-
phasis on on-line computation makes the computational complexity
of Inequality 8 (as presented in Table 3) unacceptable), so the ap-
proximation error may be acceptable given the gains in efficiency.
For a specific domain, we can use empirical evaluation (as demon-
strated in the next section) to quantify the error and efficiency to
precisely judge this tradeoff.



5. EMPIRICAL POLICY EVALUATION V-opt=¥ JerE —  V-oPtV STEAM—

1

In addition to providing these analytical results over general classe
of problem domains, the COM-MTDP framework also supports the
analysis ofspecificdomains. Given a particular problem domain,
we can construct an optimal coordination policy or, if the complex-
ity of computing an optimal policy is prohibitive, we can instead Observability
evaluate and compare candidate approximate policies. To provide a
reusable tool for such evaluations, we have implemented the COM- Figure 1: Suboptimality of approximate policies.
MTDP model as a Python class with domain-independent methods
for the evaluation of arbitrary policies and for the generation of any observability less than 1, there is a chance that the agents will
both locally optimal policies using Theorem 6 and globally opti- not achieve mutual belief simply by common observation. The he-
mal policies through brute-force search of the policy space. licopters receive a fixed reward for each time step spent at their des-

This section presents results of a COM-MTDP analysis of an ex- tination. Thus, for a fixed time horizon, the earlier the helicopters
ample domain involving agent-piloted helicopters, where we iso- reach there, the greater the team’s reward. Since flying nap-of-the-
late a single decision, but vary the cost of communication and de- earth is slower than normal spe&dill switch to its normal flying
gree of observability to generate a space of distinct domains with as soon as it either observes thas has been achieved & sends
different implications for the agents’ performance. By evaluating the messagesa . Sending the message is not free, so we impose
communication policies over various configurations of this partic- a variable communication cost, also within the rafiyd].
ular testbed domain, we demonstrate a methodology by which one  We constructed COM-MTDP models of this scenario for each
can use the COM-MTDP framework to modely problem domain combination of observability and communication cost within the

and to evaluate candidate coordination policies for it. range|0, 1] at 0.1 increments. For each combination, we applied
Consider two helicopters that must fly across enemy territory to the Jennings and STEAM policies, as well as a completely silent
their destination. The first, piloted by agefi is a transport vehi- policy. For this domain, the policyry, dictates thatF always

cle, and the second, piloted by agdntis an escort vehicle. An communicater,, upon destroying the radar. For STEAM, we fix
enemy radar unit is along their path, but neither agent knows the the cost of miscoordinatiord;,..;, but vary ther andC.. parameters
location a priori.E' can destroy the radar unit upon encountering it, with the observability and communication cost parameters, respec-
butT cannot. Given its superior firepowdf,does not worry about tively. Following the published STEAM algorithm [14F sends

detection; therefore, it will fly at its normal speed and altitude. messagerq,, if and only if STEAM's inequalityr - Cre > Co,

on the other hand, must escape radar detection by traveling at a veryholds. We also constructed locally and globally optimal policies.
low altitude hap-of-the-earthlight) and at a lower speed than at Figure 1 plots how much utility the team can expect to lose by
its typical, higher altitude. Onc& has destroyed the radar, itis  following the Jennings, silent, and STEAM policies instead of the
then safe foff" to fly at its normal altitude and speed. locally optimal communication policy (thus, higher values mean

The two agents form a top-level joint commitme@ty , to reach worse performance). We can immediately see that the Jennings
their destination. There is no reason for the agents to communicateand silent policies are significantly suboptimal for many possible
the achievement of this goal. However, in the service of their top- domain configurations. For example, not surprisingly, the surface

level goal,GG p, the two agents also adopt a joint commitmée¥i, for the policy, 7%, peaks (i.e., it does most poorly) when the com-

of destroying the radar unit. We consider here the problem faEing  munication cost is high and when the observability is high, while
with respect to communicating the achievement of géal, If £ the silent policy does poorly under exactly the opposite conditions.
communicates the achievement®f,, thenT” knows that it is safe Figure 1 shows the expected value lost by following the STEAM

to fly at its normal altitude (thus reaching the destination sooner). If policy. We can view STEAM as trying to intelligently interpolate
E doesnotcommunicate the achievement®f, there is still some between the Jennings and silent policies based on the particular do-
chance thatf” will observe the event anyway. Tf does not observe  main properties. In fact, we see two thresholds, one along each
the achievement daf r, then it must fly nap-of-the-earth the whole  dimension, at which STEAM switches between following the Jen-
distance, and the team receives a lower reward because of the latenings and silent policies, and its suboptimality is highest at these
arrival. Therefore E must weigh the increase in expected reward thresholds. Thus, its performance generally follows the better of
against the cost of communication. those two fixed policies, so its maximum suboptimality (0.587)
In the COM-MTDP model of this scenario, the world state is the is significantly lower than that of the silent (0.700) and Jennings’
position of T, E, and the enemy radar. The enemy is at a randomly (1.000) policies. Furthermore, STEAM outperforms the two poli-
selected position somewhere in between the agents’ initial position cies on average, across the space of domain configurations, as evi-
and their destinationT” has no possible communication actions, denced by its mean suboptimality of 0.063, which is less than half
but it can choose between two domain-level actions: flying nap-of- of the silent policy’s mean of 0.160 and the Jennings’ policy’s mean
the-earth and flying at its normal speed and altitud&has two of 0.161. Thus, we have been able to quantify the savings provided
domain-level actions: flying at its normal speed and altitude, or by STEAM over less selective policies within this example domain.
destroying the radarE also has the option of communicating the However, within a given domain configuration, STEAM must
special messagec , indicating that the radar has been destroyed. either always or never communicate, and this inflexibility leads
If E arrives at the radar, then it observes its presence with cer- to significant suboptimality. We see STEAM'’s limitations more
tainty and destroys it, achievingr. The likelihood ofT’s ob- clearly in Figure 2, which plots the expected number of messages
serving the radar’s destruction is a function of its distance from the sent using STEAM vs. the locally optimal policy, at an observabil-
radar. We can vary this function@bservabilityparameter within ity of 0.3. STEAM's expected number of messages is either 0 or
the rang€0, 1] to generate distinct domain configurations (0O means 1, so STEAM can make at most two (instantaneous) transitions be-
that7" will never observe the radar’s destruction; 1 me&nill al- tween them: one threshold value each along the observability and
ways observe it). If the observability is 1, then they achieve mutual communication cost dimensions. Figure 2 shows that the optimal
belief of the achievement @ r as soon as it occurs. However, for  policy can be more flexible than STEAM by specifying communi-



cation contingent orE’s beliefs
beyond simply the achievement
of Gr. For example, even if the
communication cost is high, it is
still worth sending messagez,,

in states wherel’ is still very
far from the destination. Thus,
the surface for the optimal policy,
makes a more gradual transition
from always communicating to never communicating. We can thus
view STEAM’s surface as a crude approximation to the optimal
surface, subject to STEAM’s fewer degrees of freedom.

We can also use Figure 2 to identify the domain conditions un-
der which joint-intentions theory’s prescription of attaining mutual
belief is or is not optimal. In particular, for any domain where the
observability is less than 1, the agents will not attain mutual be-
lief without communication. In Figure 2, there amanydomain
configurations where the locally optimal policy is expected to send
fewer than loq,, message. Each of these configurations repre-
sents a domain where the locally optimal policy will not attain mu-
tual belief in at least one case. Therefore, attaining mutual belief is
suboptimal in those configurations!

These experiments illustrate that STEAM, despite its decision-

0.2 0.8 1

04 0.6
Comm. Cost
Figure 2: Expected num-
ber of messages.

extensions to include communication and dynamism allow it to

subsume many existing multiagent models. We were able to exploit
the COM-MTDP’s ability to represent broad classes of multiagent

team domains to derive complexity results for optimal agent team-
work under arbitrary problem domains. We also used the model to
identify domain properties that can simplify that complexity.

The COM-MTDP framework provides a general methodology
for analysis across both general domain subclasses and specific do-
main instantiations. As demonstrated in Section 4, we can express
important existing teamwork theories within a COM-MTDP frame-
work and derive broadly applicable theoretical results about their
optimality. Section 5 demonstrates our methodology for the anal-
ysis of a specific domain. By encoding a teamwork problem as
a COM-MTDP, we can use the leverage of our general-purpose
software tools (available atww.isi.edu/teamcore/COM-

MTDR to evaluate the optimality of coordination based on poten-
tially any other existing teamwork theory, as demonstrated in this
paper using two leading teamwork theories: joint intentions and
STEAM. In combining both theory and practice, we can use the
theoretical results derived using the COM-MTDP as the basis for
new algorithms to extend our software tools, just as we did in trans-
lating Theorem 6 from Section 4 into an implemented algorithm

for locally optimal communication in Section 5. We expect that

theoretic communication selectivity, may communicate suboptimallythe COM-MTDP framework, the theorems and complexity results,

under a significant class of domain configurations. Previous work
on STEAM-based, real-world, agent-team implementations infor-
mally noted suboptimality in an isolated configuration within a

more realistic helicopter transport domain [14]. Unfortunately, this

and the reusable software will form a basis for further analysis of
teamwork, both by ourselves and others in the field.
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conditions under which such suboptimality may occur in practice.
We re-created these conditions within the experimental testbed of
this section by increasing the STEAM paramet&f,;, represent-

ing the cost of miscoordination. The resulting experiments (graphs
omitted for space) illustrated that the observed suboptimality was
not an isolated phenomenon, but, in fact, that STEAM has a general
propensity towards extraneous communication in situations involv-
ing low observability (i.e., low likelihood of mutual belief) and high
communication costs. This result matches the situation where the
“aberration” occurred in the more realistic domain.

The locally optimal policy is itself suboptimal with respect to the
globally optimal policy. Under domain configurations with high
observability, the globally optimal policy has the escort wait an
additional time step after destroying the radar and then commu-
nicate only if the transport continues flying nap-of-the-earth. This
leads to a slight advantage in expected utility over the locally opti-
mal policy, with a mean difference of 0.011, standard deviation of
0.027, and maximum of 0.120 (full graph omitted for space). On

the other hand, our domain-independent code never requires more10]

than 5 seconds to compute the locally optimal policy in this testbed,
while generating the globally optimal policy required more than
150 minutes Thus, through Theorem 6, we have used the COM-
MTDP model to construct a communication policy that, for this
testbed domain, performs almost optimally and outperforms exist-
ing teamwork theories, with a substantial computational savings
over finding the globally optimal policy.

6. CONCLUSION

The COM-MTDP model is a novel framework that complements
existing teamwork research by providing the previously lacking ca-
pability to analyze the optimality and complexity of team decisions.
While grounded within economic team theory, the COM-MTDP’s

bloom for valuable discussion and feedback.
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