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Asking for Information by Evaluating the
Communication and Coordination Trade-Off

in Multi-Agent POMDPs
Enza I. Trombetta , Elisa Capello , Member, IEEE, Dylan A. Shell , and Federico Rossi

Abstract—This letter concerns decentralized multi-agent
systems in which individual agents operate under partial
observability and uncertainty, but with the option of invoking
inter-agent communication. When information exchange is
infeasible or prohibitively expensive —owing to bandwidth limits,
energy constraints, or the demands of clandestine operation— one
is prevented from continually maintaining a joint belief over the
underlying system state. In such cases, the decision of when to
request information from others is key. In revisiting the prior
work addressing this decision head-on, we see conservative
strategies: agents are constrained to act solely on information that
is accessible to all, with useful local observations being ignored
whenever communication is too costly. Such an approach, though
apposite to high-risk settings when consistent decision-making
must be guaranteed, can degrade overall performance significantly.
We explore how agents may integrate their local information, even
when it has not been globally shared, and then communicate
only when prudent—we term this an ask-type paradigm.
This re-formulation, in which the agents are not compelled to
synchronize, leads to a novel method that enables the decentralized
execution of a centralized policy by reasoning, at execution time,
about whether the cost of exchanging information will be offset
by the information’s value. We empirically evaluate our approach
across several benchmarks and a case study, assessing in each
case its effectiveness in trading between tolerating some loss of
coordination and reducing communication costs.

Index Terms—Planning under uncertainty, multi-robot systems,
planning, scheduling and coordination.

I. INTRODUCTION

D ECISION-MAKING under uncertainty for multiple agents is
a focus area of research that continues to grow owing to its

increasing relevance to applications such as target tracking, surveil-
lance, sensor networks, cooperative robotics, intelligent transportation,
task allocation, collision-free navigation, and cooperative exploration,
among others [1]. Cooperative decision-making refers to the challenge
of deriving a set of local behaviors for a group of agents operating within
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an environment to maximize a global reward. In decentralized systems,
individual decision-makers lack access to global information and must
instead rely on their local histories of observations and actions while
reasoning about the potential behaviors of other agents. This problem is
formalized by the Decentralized Partially Observable Markov Decision
Process (Dec-POMDP) framework [2], which generalizes the Partially
Observable Markov Decision Process (POMDP) [3] to a multi-agent
context. In practice, the strict decentralization assumption can often-
times be relaxed, allowing agents to exchange information whenever
doing so is beneficial. During mission execution, inter-agent communi-
cation serves as a coordination mechanism through which agents syn-
chronize their beliefs, mitigate uncertainty, and improve performance,
potentially approaching the effectiveness of a fully centralized planning
while still maintaining decentralized execution. When communication
is free and broadcasted, the problem reduces to a large centralized
POMDP, known as a Multi-agent Partially Observable Markov Decision
Process (MPOMDP), where the fully centralized policy is executed
through continuous information exchange. Unfortunately, continuous
communication can be infeasible or undesirable due to bandwidth
limitations, energy constraints, or the risk of detection in hostile or
contested environments.

A. Related Works

Existing solution methods, both model-based and learning-based,
seek to optimize action-selection and communication either during
offline planning or online execution. In this paper, we investigate
model-based approaches grounded in decision theory, and we focus
on planning strategies that explicitly account for communication to (i)
enable decentralized execution of a centralized policy, or (ii) enhance
performance during decentralized policy execution.

Deciding when to communicate is crucial to avoid bottlenecks,
wasted computational resources, and redundant information. Exist-
ing approaches include treating communication as an available ac-
tion in the framework of Dec-POMDPs, which can be solved of-
fline [4], [5] or online [6]; agent-centric interactive POMDP formu-
lations, where agents recursively reason about other agents’ beliefs [7],
[8], [9]; game-theoretic approaches [10]; and learning approaches, in
which agents learn when to communicate through interaction with the
environment [11].

An important early piece of work, that of [12], approaches the prob-
lem of decentralized coordination by deliberating, during execution,
over whether it is beneficial to share some information with other agents
(they do assume that free communication is available at planning time).
Agents maintain a joint belief that is consistent with information that
has been shared with all. When an agent learns something new —e.g.,
disclosed via a recent local observation— it determines, depending on
whether the communication cost can be justified, if it is worth everyone
knowing it or not. When the answer is not to communicate, the agent
with the new information acts as if itself were unaware (see Fig. 1). This
approach, wherein the onus to be consistent with one’s peers overrides
one’s own local knowledge, is conservative; it is an appropriate choice
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Fig. 1. Two agents coordinating, starting with identical beliefs. The lower
agent makes an observation, and determines whether communicating to update
the shared belief and subsequent actions (top branch) yields sufficient expected
benefit relative to the communication cost. If the cost outweighs the benefit,
the agent ignores the observation and continues deriving the joint action from
the previously shared belief (middle branch). We examine (double box at right)
when the agent uses its local belief, even though this may cause deviations from
what is known collectively.

in high-risk circumstances. But can we obtain more efficient behavior by
allowing agents to use local information? The present paper establishes
that there are task domains in which agents updating their behavior on
the basis of local information, even at the potential risk of misalignment,
can be beneficial so long as the agents reason about the impact of such
misalignment. Indeed, several standard benchmark problems are seen
to have this property.

B. Contribution and Organization

Our contributions are summarized as follows:
� Explicitly addressing whether it is beneficial to share information,

we formulate an ask-type communication paradigm, contrary
to [12] that focuses on when to tell. For us, each agent preserves
an individual perspective during execution, integrating local in-
formation, and only requests information from the team when
necessary.

� Taking advantage of this shift in perspective, we introduce a novel
algorithm that enables decentralized execution of a centralized
policy by reasoning, at each time step, about communication.
By adopting a broadcast query strategy, our method focuses
on optimizing when to communicate, enabling agents to reduce
uncertainty and improve local action selection while minimizing
communication overhead.

� Finally, we evaluate the proposed algorithm on benchmarks from
the literature and on a case study, showing its effectiveness in
managing the trade-off between coordination loss and commu-
nication cost. While primarily theoretical, these results highlight
its potential applicability to robotic systems and other real-world
multi-agent domains.

The remainder of this paper is organized as follows: Section II
presents the problem formulation; Section III describes the proposed
approach; Section IV reports and discusses experimental results; and
Section V concludes the paper.

II. PROBLEM FORMULATION

Throughout this work, we consider a decentralized multi-agent sys-
tem composed of rational, cooperative agents operating in a stochastic,
partially observable environment. Agents possess local information and
may establish a joint belief about the global state of the system through

communication, which is assumed to be always available, instanta-
neous, and reliable, but costly. In the following sections, we formally
introduce the planning problem, describe belief space generation and
propagation, and analyze the proposed strategy to solve the planning
problem and mitigate its complexity.

A. System Model

An MPOMDP (or, equivalently, a Dec-POMDP) is defined as a tuple:

〈I, S,A, T,O,O, R, b0, h, γ〉,
where I = {1, . . . , n} is the set of n agents, S is a finite set of states,
summarizing all the relevant features of the agents and their environ-
ment, A = ×i∈IAi is the finite set of joint actions and O = ×i∈IOi

the finite set of joint observations. (The× operator denotes a Cartesian
product.) A joint action for the current time step t is denoted as
at = 〈a1,t, . . . , an,t〉. Similarly, ot = 〈o1,t, . . . , on,t〉 denotes a joint
observation for the current time step t. Every time step, agent i only
observes its own component oi.1 Let 〈oi, o−i〉 denote the set of joint ob-
servations with oi the local observation and o−i ∈ O−i = ×j∈I, j �=iOj

observations of the other agents except i.2 The transition probability
function and the observation probability function are denoted as T
and O, respectively. In particular, T (s′|s, a) denotes the probability
that taking joint action a in state s results in a transition to state s′.
O(o|s′, a) denotes the probability of obtaining joint observation o after
taking joint action a and reaching state s′. Transition and observation
probabilities are assumed to be stationary. The reward function R(s, a)
defines the reward received when the system executes joint action a in
state s. The initial state distribution or belief at time t = 0 is denoted by
b0 ∈ Δ(S), withΔ(S) the set of probability distributions over the set of
states. All agents share the initial belief and have complete knowledge
of the system model, including the transition and observation functions.
Finally, h and γ ∈ [0, 1) are the time horizon and the discount factor,
respectively.

The distinctive feature of an MPOMDP is the ability of each agent
to compute a joint belief,

bt = Pr(st|b0, a0, o1, a1, . . . , at−1, ot),

defined as the probability distribution over states given the histories of
joint actions and observations [2].

An action-observation history (AOH) for agent i at time step t,
denoted �θi,t, is the sequence of actions taken by and observations
received by agent i,

�θi,t = (ai,0, oi,1, . . . , ai,t−1, oi,t).

We introduce the notation �θi,tk→t to denote the AOH from
time tk to t, with tk ∈ [0, t− 1], representing the sequence
(ai,tk , oi,tk+1, . . . , ai,t−1, oi,t). Agent i’s set of possible AOHs at time

t is �Θi,t. A joint action-observation history �θt specifies the AOH for
all agents at time t, while the set of possible joint AOHs for all agents
is denoted as �Θt. Similar definitions are used for the joint observation
history (OH).

The joint belief bt serves as a sufficient statistic for the system, en-
abling agents to select actions based on the current state of knowledge.
Its computation can be done incrementally using Bayes’ rule in the same
way as in a POMDP, i.e., through a Bayesian belief update function
τ(bt−1, at−1, ot) that computes bt from bt−1, at−1, and ot.

Solving an MPOMDP involves defining a plan, or policy, for each
agent that maximizes the expected cumulative reward:

E

[
h−1∑
t=0

R(st, at)|b0, π
]
,

also referred to as the valueV π of a joint policyπ, where the expectation
is over states and observations.

1 For conciseness, the time index is omitted.
2 With the notation −i, we denote the set of all agents except agent i.
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Fig. 2. Representation of the branching structure generated to account for all possible joint AOH. A common initial root N0 represents the initial state of a system
composed of two agents with local action and observation spaces Ai = (a, ā), and Oi = (o, ō), respectively, i = 1, 2. On the left, all possible action-observation
combinations (Fig. 2(a)). On the right, a local view of Agent 1 isolating the branches consistent with its own local AOH (Fig. 2(b)).

The policy π = (δ0, . . . , δh−1) maps joint beliefs to joint actions
at each time step t, δt : Δ(S)→ A ∀t, and can be decomposed into
individual policies πi = (δi,0, . . . , δi,h−1), with δi,t : Δ(S)→ Ai ∀t
for all agents. In Section II-C, we discuss methods for identifying the
optimal policy, highlighting the dual challenge of optimizing policy
computation and execution whilst simultaneously minimizing costly
communication.

B. Belief Space Generation and Propagation

To identify the optimal action, each agent must reconstruct a joint
belief over the system state by exchanging local information with other
agents at every time step. If this exchange is not possible, agents
cannot fully reconstruct their teammates’ AOHs and, as a result, cannot
determine a unique joint belief. They can only identify possible joint
AOHs —and therefore possible joint beliefs— which can be visualized
as branches of a tree starting from a common root (Fig. 2), where each
path represents a specific joint history, its resulting joint belief, and its
likelihood of occurrence.

For each agent i, let Bi
t denote the set of possible joint beliefs

compatible with its local information. This set is constructed by agent
i based on its own AOH and on reasoning about the possible AOHs of
the other agents. At time t = 0, all Bi

0 are identical and consist solely
of the initial belief b0. From the joint belief b0, agent i can derive an
optimal joint action a0 from the centralized policy π and execute its
corresponding individual action ai,0. The system then transitions to a
new state, and each agent receives a local observation oi,1.

If the agents decide to communicate (Fig. 3(a)), they can reconstruct
the joint AOH and update the joint belief accordingly. All sets Bi

1

are restricted to the current joint belief b1 = τ(b0, a0, o1) about the
current joint AOH �θ1 = (a0, o1), whose probability of occurrence is
Pr(�θ1) = 1. If agents do not communicate (Fig. 3(b)), the exact joint
belief cannot be constructed, but a set of possible joint beliefs can be in-
ferred. Agent imight naturally do one of two things. First, (i) act blindly
and enumerate all possible joint OHs from the root and all possible joint
AOHs otherwise–the root constitutes a special case asa0 is coordinated.
Or (ii) incorporate its local information and infer the possible OHs of
the remaining agents—in subsequent steps, their AOHs. The first option
ensures that all agents reason from the same information–coordination
is guaranteed, but valuable local information can be wasted. The second
option leverages local information to improve decision-making—even
at the potential cost of temporary misalignment— but it allows agents
to make more informed choices. Motivated by the question of whether
permitting agents to rely on local information can yield more efficient
behavior, we focus on the second option.

Agent i estimates a set of possible joint AOHs �Θi
1, and consequently

a set of possible joint beliefs, Bi
1, along with their probabilities of

occurrence P i
1 = {Pr(�θ) | �θ ∈ �Θi

1}, by applying τ(·) to all joint AOHs

Fig. 3. Belief Space Propagation for the first time step, with and without
communication, for a team of two agents. The perspective is that of Agent 1,
executing local action a1,0 and receiving local observation o1,1 = o.

consistent with agent i’s local AOH. Algorithm 1 describes, starting at
time t− 1 from the sets �Θi

t−1, Bi
t−1 and P i

t−1, how to advance them to
time t for a given joint action at−1 and a local observation oi,t. These
sets serve as the basis for agent i to reason about action selection at the
next step.

At each step, given a joint action, the belief space grows according
to the number of joint observations compatible with agent i’s local
observation, which in turn depends on the size of the individual agents’
observation spaces and the number of agents. In the absence of com-
munication, this space expands exponentially as the number of steps
increases. This rapid expansion poses a significant challenge for plan-
ning, ultimately rendering the direct enumeration of AOHs infeasible
in practice. Moreover, when agents rely solely on local information,
their belief sets gradually diverge, increasing the risk of poor system
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Algorithm 1: Belief Space Propagation for Agent i.$i$.

1: function EXPAND(�Θi
t−1,Bi

t−1, P
i
t−1, at−1, oi,t)

2: Initialize �Θi
t = ∅, Bi

t = ∅, P i
t = ∅

3: for �θt−1 ∈ �Θi
t−1 do

4: Select bt−1 from Bi
t−1, Pr(�θt−1) from P i

t−1
5: for o−i ∈ O−i = ×j∈I, j �=iOj do
6: �θt = (�θt−1, at−1, 〈oi,t, o−i〉)
7: bt = τ(bt−1, at−1, 〈oi,t, o−i〉)
8: Pr(�θt) = Pr(�θt−1) Pr(〈oi,t, o−i〉|at−1, bt−1)
9: �Θi

t ← �θt, Bi
t ← bt, P i

t ← Pr(�θt)
10: end for
11: end for
12: return �Θi

t, Bi
t, P

i
t

performance owing to inconsistencies in the agents’ views. The effect of
communication is precisely to collapse these sets and compute a single
joint belief for the system, restoring a common view for all agents.

C. Solving the Planning Problem

Solving Dec-POMDPs with general communication yields a truly
decentralized policy, which each agent can execute independently using
only local information. However, this approach is computationally
demanding, posing significant challenges for both exact and approx-
imate solution methods [13]. By assuming free and instantaneous
communication, the multi-agent planning problem is reduced to an
MPOMDP, whose complexity is PSPACE [3], compared to the NEXP
complexity3 that arises when trying to solve a Dec-POMDP with
general communication [14]. This reduction allows the use of state-of-
the-art POMDP solvers, such as [15], [16], [17], to efficiently compute
a centralized policy for the team. While the computational complexity
of offline planning is significantly reduced, the main drawback is
the need for continuous and potentially costly information exchange
during execution, which may be impractical in real-world scenarios
with communication constraints.

The present work’s central tenet is to leverage inter-agent com-
munication to execute the centralized policy in a decentralized man-
ner. While the approach does not yield the optimal solution to the
Dec-POMDP, it can provide high-quality solutions to a large family
of problems where coordination between agents is only required at
critical junctures—providing a method to identify such junctures, and
communicate only then. We provide a strategy in which each agent
integrates local information, reasons about other agents’ histories to
construct a joint belief set compatible with local information, and
applies a decision rule for selecting locally optimal actions. For such
a strategy, the crux is then determining whether acquiring additional
information from other agents could increase the overall system reward,
avoiding penalties that result from miscoordination.

III. REASONING ABOUT COMMUNICATION

Assume a centralized policy π for the underlying MPOMDP has
been generated during the offline planning phase. In this section, we
present our approach by addressing three key questions: (i) how agent i
selects a local optimal joint action given the set of estimated joint beliefs
and the policy π, (ii) how this selection relates to the optimal joint
actions identified by the other agents, and (iii) under which conditions
communication is unnecessary at a given time step.

A. Identification of the Optimal Action: Local Perspective

Agent i determines the optimal joint action ai
t by reasoning over

its local information and, using it, then derives its local component

3 Complexity analysis is valid for finite-horizon problems.

ai
i,t for execution at time step t. The selection is performed given the

set of estimated joint beliefs and the centralized policy. A common
approximation consists of selecting a representative belief b̂, e.g., the
mean belief or the most likely belief of the set, and computing the action
as ai

t = π(b̂). Alternatively, the agent may adopt a risk-averse strategy
by selecting the action that maximizes the worst-case value over the
belief set, providing safety guarantees in high-risk settings. However,
the representative-belief approximation may result in suboptimal action
selection when the belief pool exhibits high diversity, whereas the
max–min strategy can induce excessive conservatism and reduced
performance in nominal conditions.

To overcome these limitations, we adopt the Q-POMDP heuristic to
determine the joint action that maximizes the expected reward over the
distribution of possible joint beliefs, assuming that agents communicate
their AOHs at the next time step and at all future time steps. It is based on
the calculation of the one-step lookahead value function Q that defines
the expected reward for taking a joint action a in the current time step,
at belief bt, and acting according to the centralized policy in the future:

Q(bt, a)=
∑
s∈S

R(s, a)bt(s) + γ
∑
o∈O

Pr(o|a, bt)V π(τ(bt, a, o)).

The local optimal joint action without communication for agent i,
ai
t,NC , is selected by maximizing the expected reward over the dis-

tribution of all possible posterior joint beliefs:

ai
t,NC = argmax

a∈A

∑
�θt∈�Θi

t

Pr(�θt)Q(bt(�θt), a), (1)

with bt(�θt) ∈ Bi
t joint belief associated with the joint AOH �θt. The

expected value for the system evaluated by agent i, given by the
execution of ai

t,NC , is:

V i
t,NC =

∑
�θt∈�Θi

t

Pr(�θt)Q(bt(�θt), a
i
t,NC). (2)

If the estimated joint belief sets coincide across all agents, the induced
action selection is identical and yields a unique optimal joint action.
However, due to the dependence on local information, agents may
construct different belief sets, which can lead to discrepancies in the
selected joint actions.

B. Identification of the Optimal Action: Global Perspective

We are interested in analyzing how agent i evaluates its own joint ac-
tion relative to those selected by the other agents, under the assumption
that each acts locally based on its own belief set while following a shared
centralized policy, decision rule, and common knowledge. Specifically,
we reason about how agent i models the behavior of its teammates and
incorporates this reasoning into its local decision-making.

A possible approach is the robust strategy, in which agent i assumes
no knowledge about the other agents’ AOH and expands its estimated
joint belief set considering all possible actions and observations of the
other agents. In this case, the Q-POMDP heuristic selects an action that
is “good” across all possible behaviors of the other agent, avoiding over-
confidence but potentially limiting performance due to its conservatism.
Conversely, agent i can assume that the other agents will behave ac-
cording to its identified local optimal joint action, effectively narrowing
the set of possible AOHs. This can provide computational advantages
and higher rewards when the belief pools align, but it also introduces
a significant risk of failure if the assumptions about the other agents’
behavior are incorrect. We refer to this strategy as optimistic, reflecting
the agent’s expectation that the other agents will act in accordance with
its own reasoning. Between the fully uncertain view and the optimistic
view, intermediate approaches can leverage an expected-utility decision
rule over the local belief pool while considering a restricted subset of
plausible actions for the other agents. However, they may require evalu-
ating multiple candidate actions, thereby increasing the computational
complexity and extending the processing time.
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In this paper, we examine the strengths and limitations of adopting
the optimistic approach, motivated by the observation that in domains
characterized by predictable, aligned, or weakly coupled agent be-
haviors, arising from high agent independence or strong alignment of
objectives, precise step-by-step knowledge of other agents’ actions is
often unnecessary, provided agents reason about the potential impact
of misalignment to act effectively.

C. When to Communicate: Proposed Approach

The decision of when to communicate is determined by computing
the Value of Information (VOI), which quantifies the expected benefit
of receiving information from other agents relative to the associated
communication cost. Information-theoretic approaches measure this
benefit as the expected information gain from other agents’ obser-
vations, normalized by communication cost; regret-based heuristics
evaluate the expected loss in cumulative reward incurred when an agent
acts without communication; risk- or safety-oriented methods aim to
minimize the probability of low-reward or catastrophic outcomes under
worst-case assumptions.

In this paper, we define the VOI as the expected gain in reward
obtained by accessing other agents’ observations at the current and
future time steps. Specifically, each agent i evaluates the expected return
of executing its local optimal action without communication, V i

t,NC ,
and estimates the expected return V i

t,C if it had access to all agents’
observations using the Q-POMDP heuristic:

V i
t,C =

∑
�θt∈�Θi

t

Pr(�θt)max
a∈A

[
Q(bt(�θt), a)

]
. (3)

The VOI is then calculated as the gain in the expected return, and
communication is triggered only when this gain exceeds the cost:

|V i
t,C − V i

t,NC | ≥ Ccomm.

This approach ensures that communication decisions remain consistent
with the same expected-return criterion used for action selection and can
be computed directly from the existing belief representation, without
requiring additional computations or manually tuned thresholds.

Algorithm 2 describes the execution phase from the perspective of
agent i, highlighting the processes of belief space propagation, VOI
evaluation, and optimal action selection. Before execution, agent i
initializes its set of possible joint beliefs with the initial state distribu-
tion, which represents common knowledge across all agents (line 1). It
further initializes variables to record its local AOH, and the information
received at the last communication event, i.e., (i) the most recent joint
belief reconstructed through communication, (ii) the corresponding
joint AOH, and (iii) the time step at which communication occurred
(line 2). At line 3, agent i initializes two binary flags: the first, τask, is
true if agent i requires information from other agents, and the second,
τtell, is true if other agents request information from agent i. At t = 1,
each agent executes its local action, obtained from the joint action
specified by the centralized policy π. This action is coordinated, in
the sense that it is consistent across all agents. Upon receiving a local
observation, agent i updates its local AOH and constructs the set of
possible joint histories, joint beliefs, and their associated probabilities
with the propagation function (lines 7–8). It then computes the ac-
tion and the value that would be obtained by acting solely on local
information, comparing it with the expected value attainable if the
observations of other agents were known. Communication is considered
beneficial if the expected improvement exceeds the communication
cost. If this condition holds, agent i requests the local AOHs of the
other agents since the last communication step, reconstructs the current
joint belief using Algorithm 3, and selects the joint action prescribed
by the centralized policy. Otherwise, the action without communication
is selected. Moreover, it checks whether communication has been
requested by other agents (line 21). If so, it transmits its local AOH
starting from the step corresponding to the most recent communication
request issued by a specific agent.

Algorithm 2: Communication Planning For Agent i.$i$.

1: Initialize �Θi
0 = ∅, Bi

0 = b0, P i
0 = 1.0, local AOH �θi,0 = ∅

2: Initialize C = 〈btc = b0, �θtc = ∅, tc = 0〉
3: τask = false, τtell = false
4: a0 ← π(b0)
5: for t = 1, 2, . . . , h do
6: Execute local action ai,t−1, receive local observation oi,t
7: �θi,t = (�θi,t−1, ai,t−1, oi,t)
8: �Θi

t,Bi
t, P

i
t ← EXPAND(�Θi

t−1,Bi
t−1, P

i
t−1, at−1, oi,t)

9: Calculate ai
t,NC from (1) and V i

t,NC from (2)
10: Calculate V i

t,C from (3)
11: if |V i

t,C − V i
t,NC | ≥ Ccomm then

12: τask = true
13: Ask for other agents’ AOH �θ−i,tc→t

14: bt, �θt ← RESTORE(C, �θi,t, �θ−i,tc→t, t)

15: btc ← bt, �θtc = �θt, tc ← t
16: Calculate at ← π(bt)

17: �Θi
t =

�θt, Bi
t = bt, P i

t = 1.0
18: else
19: at ← ai

t,NC

20: end if
21: if Outstanding requests for comms then
22: τtell = true
23: Send local AOH since last request at time tr , �θi,tr→t

24: end if
25: τask = false, τtell = false
26: end for

Algorithm 3: Joint Belief Recovery At t from tc, Agent i.

1: function RESTORE(C, �θi,t, �θ−i,t, t)
2: btc ,

�θtc , tc ← C
3: for k = tc to t− 1 do
4: Extract ai and oi from �θi,k
5: Extract a−i and o−i from �θ−i,k
6: �θk+1 = (�θk, 〈ai, a−i〉, 〈oi, o−i〉)
7: bk+1 = τ(bk, 〈ai, a−i〉, 〈oi, o−i〉)
8: end for
9: return bt, �θt

In many practical domains, exact VOI computation can be pro-
hibitively expensive, even under a myopic formulation. When the space
of possible joint beliefs is large, sampling-based Monte Carlo methods
can be employed to improve computational tractability and flexibility,
at the cost of approximation error and potential suboptimality.

IV. EXPERIMENTS

We evaluate the proposed algorithm on several Dec-POMDP bench-
marks, comparing it with reference baselines that capture two ex-
treme behaviors: a fully coordinated strategy and a more conservative
one. Specifically, we assess the planning solutions produced by the
ALWAYS-COMM strategy ( ACOM ), corresponding to the MPOMDP
solution, an algorithm with the same logic as the ACE-PJB-Comm
algorithm [18] ( APJC ), and our proposed approach ( OURS ). A cen-
tralized policy is computed offline using the SARSOP algorithm [15]
and subsequently executed at runtime by the three different strategies.
Performance is evaluated over N Monte Carlo (MC) simulation runs,
according to the following metrics:
� average cumulative reward r over the MC runs (with 95% confi-

dence intervals);
� average frequency of communication fc (%);
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TABLE I
BENCHMARK PROBLEM SPECIFICATIONS

TABLE II
PERFORMANCE FOR THE MULTI-AGENT TIGER PROBLEM

� average computational time t per run, averaged over MC runs,
required to decide whether to communicate and what action to
take next;

� maximum dimension of the set of estimated joint AOHs over
which each algorithm has reasoned to decide the optimal joint
action (i.e., the maximum dimension of the joint belief set Bi

t

before a decision on communication has been made), averaged
across the MC runs dim(�Θ′);

� average frequency of disagreement about the joint action fa �= (%)
(i.e., the frequency with which the optimal joint action locally
selected by an agent differs from that of the others), a measure of
the action inconsistency.

Computational times were measured using a demonstrative,
non-optimized implementation, with utilities from the POMDPs.jl
library [19]. All experiments were run on a PC with an Intel(R)
Core(TM) Ultra 7 CPU with 32.0 GB RAM. They are reported solely
to illustrate relative differences in runtime across strategies and are
not intended as performance benchmarks. For compactness, we denote
each method–cost pair as M-Ccomm , where M- indicates the method
and Ccomm the communication cost. Benchmark problems include
Multi-Agent Tiger Problem [20], Meeting in a Grid 2× 2 [21], and Mars
Rovers [22], with their parameters in Table I , where the notation |X| is
used to denote the number of elements in the space X . The benchmarks
are chosen to provide a clear, controlled, and reproducible setting for
experimentation. To demonstrate the effectiveness of the approach in
a more realistic setting, we also introduce the Warehouse Problem, a
variant of the Meeting in a Grid problem, where two agents navigate a
3 × 4 warehouse grid cluttered with obstacles to reach a common ren-
dezvous location. Each agent perceives only local boundary information
(i.e., whether movement is blocked in the four cardinal directions),
resulting in partial observability and ambiguity in localization. The
obstacle layout induces bottlenecks and alternative routes, requiring
agents to coordinate both navigation and timing despite the absence
of direct observation of each other, mirroring real-world warehouse
robotics, where autonomous agents must coordinate under uncertainty
and limited communication to meet at a designated handoff point.

To prevent the estimated joint belief sets from growing excessively,
probabilities P i

t below a threshold of 10−4 are pruned from the belief
set. The pruning threshold is set empirically to balance efficiency and
retention of relevant low-probability hypotheses, but performance is
sensitive and may need domain-specific tuning.

TABLE III
PERFORMANCE FOR THE MEETING IN A GRID 2 × 2 PROBLEM

TABLE IV
PERFORMANCE FOR THE MARS ROVERS PROBLEM

TABLE V
PERFORMANCE FOR THE WAREHOUSE PROBLEM

A. Results

Simulation results are presented in Tables II, III, IV and V. In
domains with tightly coupled or safety-critical dynamics, such as the
Multi-Agent Tiger Problem, coordination between agents is crucial,
as significant penalties are incurred if they fail to select the same
action at each decision point. Our algorithm often opts to communicate
because the risk associated with miscoordination is substantial. When
communication becomes prohibitively expensive, whereas a conserva-
tive approach, such as APJC , continues to listen indefinitely, in our
algorithm, the agents may choose to open a door as a consequence
of the integration of local observations combined with an optimistic
estimate of the other agent’s behavior. This can lead to either high or
very low rewards depending on the simulation outcome, resulting in a
substantially higher variance in the returns.

In domains with weakly coupled rewards or low penalties for mis-
aligned actions, such as the Meeting in a Grid, Mars Rovers, and
Warehouse problems, our algorithm effectively identifies high-reward
actions without communicating at every step. As shown in the last
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column of Tables III, IV and V, even without enforced coordination
as in APJC algorithm, agents either (i) select the same joint ac-
tion and act in coordination solely by reasoning about the behavior
and observations of the other agents, reflecting the validity of the
optimistic assumption, or (ii) judge that acting without coordination
is not risky, and the high rewards confirm the effectiveness of their
choice. Beyond rewards, we also analyze computational aspects, which
highlight a key advantage of our algorithm, specifically looking at the
t and dim(�Θ′) metrics. As the joint belief set grows, computational
demands rise quickly, limiting real-time execution. Integrating locally
available information and leveraging the optimistic approach to joint
action selection substantially reduces computational effort for belief
set management, enabling faster Q-POMDP evaluation and reduced
memory requirements. For very large trees, scalability is still an issue.
Prior work has attempted to address this challenge by constraining com-
munication frequency—e.g., requiring agents to exchange information
at least once every K steps [5]— or by pruning and clustering histories
to control memory growth [10], [23]. These techniques are fully com-
patible with our framework and can be incorporated to further improve
scalability.

Beyond minimal belief tree expansion, another key feature of the
proposed approach is its agent-centric design, which enables each agent
to reason locally in a single pass about both action selection and com-
munication, without requiring negotiation or multi-round protocols. In
addition, our recovery mechanism ensures that when communication is
triggered, the exact joint belief is reconstructed from the true joint AOH,
removing any accumulated errors from violations of the assumptions
and allowing the agent to restart from a correct belief. A potential
limitation arises when communication is prohibitively expensive: in
such cases, agents may judge communication as unnecessary and rely
excessively on optimistic assumptions, which can be problematic in
high-risk environments where a more conservative strategy would
be preferable. Moreover, the myopic nature of the decision-making
process may also affect the communication trigger, as agents evaluate
communication mainly based on short-term benefits. As a consequence,
potentially advantageous communication opportunities that would only
reveal their benefit over a longer planning horizon may be missed. Con-
sidering longer-term effects could instead allow agents to identify more
suitable moments for communication, where an immediate cost leads
to better coordination and lower uncertainty in the future. Investigating
communication policies that explicitly account for longer-term effects,
therefore, represents an important direction for future work.

V. CONCLUSION

This paper has returned to an early and influential idea in decentral-
ized coordination, namely, deliberating about whether communication
actions are valuable. We offer a shift in perspective from the impactful
work of [12], reasoning not about when to tell others, but rather when
to ask for information. This re-casting is a conceptual contribution
that we hope will stimulate a range of innovations, exploiting tech-
niques produced in the time since work in [12] was first done, for
instance, in learning-based and model-free approaches. It has led us
to the method we detail, an algorithm most suitable for multi-agent
systems operating under uncertainty, where broadcast communication
is feasible but costly. In our method, agents integrate local observations
and predict others’ histories to form estimated joint beliefs, selecting
actions to maximize expected rewards. Comparing outcomes with
and without communication, they weigh the costs versus the benefits.
Though relying on uncertain predictions can cause divergent actions,
simulations show that tolerating some misalignment often outperforms
overly conservative strategies. Beyond integrating with learning-based
approaches, future work will focus on selective information sharing,
where agents query only relevant teammates. This aims to improve
scalability, support larger multi-robot systems, and enable testing in
more challenging environments.

ACKNOWLEDGMENT

Part of the research was carried out at the Jet Propulsion
Laboratory, California Institute of Technology, under a con-
tract with the National Aeronautics and Space Administration
(80NM0018D0004).

REFERENCES

[1] Y. Rizk, M. Awad, and E. W. Tunstel, “Decision making in multiagent
systems: A survey,” IEEE Trans. Cogn. Develop. Syst., vol. 10, no. 3,
pp. 514–529, Sep. 2018.

[2] F. Oliehoek and C. Amato, A Concise Introduction to Decentralized
POMDPs. Berlin, Germany: Springer, 2016.

[3] L. P. Kaelbling, M. L. Littman, and A. R. Cassandra, “Planning and acting
in partially observable stochastic domains,” Artif. Intell., vol. 101, no. 1,
pp. 99–134, 1998.

[4] C. Goldman and S. Zilberstein, “Optimizing information exchange in
cooperative multi-agent systems,” in Proc. Int. Conf. Auton. Agents,
Jun. 2003, vol. 2, pp. 137–144.

[5] R. Nair, M. Roth, and M. Yokoo, “Communication for improving policy
computation in distributed POMDPs,” in Proc. Int. Joint Conf. Auton.
Agents Multiagent Syst., 2004, vol. 3, pp. 1098–1105.

[6] F. Wu, S. Zilberstein, and X. Chen, “Online planning for multi-agent
systems with bounded communication,” Artif. Intell., vol. 175, no. 2,
pp. 487–511, 2011.

[7] P. J. Gmytrasiewicz and P. Doshi, “A framework for sequential planning
in multi-agent settings,” J. Artif. Intell. Res., vol. 24, pp. 49–79, Jul. 2005.

[8] P. Gmytrasiewicz, “How to do things with words: A Bayesian approach,”
J. Artif. Intell. Res., vol. 68, pp. 753–776, Jul. 2020.

[9] L. Zhou and J. Luo, “A communication model for interactive POMDPs,”
in Proc. Int. Conf. Comput. Sci. Educ., 2012, pp. 169–174.

[10] R. Emery-Montemerlo, “Game-theoretic control for robot teams,” Ph.D.
dissertation, Carnegie Mellon Univ., Pittsburgh, PA, USA, 2005.

[11] C. Zhu, M. Dastani, and S. Wang, “A survey of multi-agent deep rein-
forcement learning with communication,” in Proc. 23rd Int. Conf. Auton.
Agents Multiagent Syst., 2024, pp. 2845–2847.

[12] M. Roth, R. Simmons, and M. Veloso, “Reasoning about joint beliefs for
execution-time communication decisions,” in Proc. Int. Joint Conf. Auton.
Agents Multiagent Syst., 2005, pp. 786–793.

[13] S. Seuken and S. Zilberstein, “Formal models and algorithms for decen-
tralized decision making under uncertainty,” Auton. Agents Multi-Agent
Syst., vol. 17, no. 2, pp. 190–250, Oct. 2008.

[14] C. Goldman and S. Zilberstein, “Decentralized control of cooperative
systems: Categorization and complexity analysis,” J. Artif. Intell. Res.,
vol. 22, pp. 143–174, Jun. 2011.

[15] H. Kurniawati, D. Hsu, and W. S. Lee, “SARSOP: Efficient point-based
POMDP planning by approximating optimally reachable belief spaces,”
in Proc. Robot.: Sci. Syst., 2008, pp. 65–72.

[16] G. Shani, J. Pineau, and R. Kaplow, “A survey of point-based POMDP
solvers,” Auton. Agents Multi-Agent Syst., vol. 27, pp. 1–51, 2012.

[17] M. Spaan and N. Vlassis, “Perseus: Randomized point-based value itera-
tion for POMDPs,” J. Artif. Intell. Res., vol. 24, pp. 195–220, 2004.

[18] M. Roth, “Execution-time communication decisions for coordination of
multi-agent teams,” Ph.D. dissertation, Carnegie Mellon Univ., Pittsburgh,
PA, USA, 2007.

[19] M. Egorov, Z. N. Sunberg, E. Balaban, T. A. Wheeler, J. K. Gupta, and
M. J. Kochenderfer, “POMDPs.jl: A framework for sequential decision
making under uncertainty,” J. Mach. Learn. Res., vol. 18, no. 26, pp. 1–5,
2017.

[20] R. Nair, M. Tambe, M. Yokoo, D. Pynadath, and S. Marsella, “Taming de-
centralized POMDPs: Towards efficient policy computation for multiagent
settings,” in Proc. Int. Joint Conf. Artif. Intell., 2003, pp. 705–711.

[21] D. S. Bernstein, E. A. Hansen, and S. Zilberstein, “Bounded policy iteration
for decentralized POMDPs,” in Proc. Int. Joint Conf. Artif. Intell., 2005,
pp. 1287–1292.

[22] C. Amato and S. Zilberstein, “Achieving goals in decentralized POMDPs,”
in Proc. Int. Joint Conf. Auton. Agents Multiagent Syst., 2009, pp. 593–600.

[23] J.-Y. Kwak, R. Yang, Z. Yin, M. E. Taylor, and M. Tambe, “Teamwork and
coordination under model uncertainty in Dec-POMDPs,” in Proc. AAAI
Conf. Interactive Decis. Theory Game Theory, 2010, pp. 30–36.

Open Access funding provided by ‘Politecnico di Torino’ within the CRUI CARE Agreement



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


