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ABSTRACT
We study the problem of jointly selecting sensing agents and synthe-

sizing decentralized active perception policies for the chosen subset

of agents within a Decentralized Partially Observable Markov De-

cision Process (Dec-POMDP) framework. Our approach employs a

two-layer optimization structure. In the inner layer, we introduce

information-theoretic metrics, defined by the mutual information

between the unknown trajectories or some hidden property in the

environment and the collective partial observations in the multi-

agent system, as a unified objective for active perception problems.

We employ various optimization methods to obtain optimal sen-

sor policies that maximize mutual information for distinct active

perception tasks. In the outer layer, we prove that under certain

conditions, the information-theoretic objectives are monotone and

submodular with respect to the subset of observations collected

from multiple agents. We then exploit this property to design an

IMAS
2
(Information-theoretic Multi-Agent Selection and Sensing)

algorithm for joint sensing agent selection and sensing policy syn-

thesis. However, since the policy search space is infinite, we adapt

the classical Nemhauser-Wolsey argument to prove that the pro-

posed IMAS
2
algorithm can provide a tight (1 − 1/𝑒)-guarantee on

the performance. Finally, we demonstrate the effectiveness of our

approach in a multi-agent cooperative perception in a grid-world

environment.

KEYWORDS
Decentralized Partially Observable Markov Decision Process (Dec-

POMDP); Agent Selection; Active Perception; Submodular Opti-

mization.
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1 INTRODUCTION
Autonomous multi-agent systems are increasingly deployed in en-

vironments where agents must actively gather information under

uncertainty. Applications include teams of robots for surveillance

and search-and-rescue [7, 17, 18], sensor networks for target track-

ing [6, 13], and cooperative perception in autonomous driving and

aerial monitoring [24, 25]. In such settings, an active perception

agent must decide not only how to act, but also what to sense, given

the past observation. In multi-agent cooperative active perception,

it must additionally account for its knowledge of other agents’

possible observations to avoid redundancy and achieve better co-

ordination. Meanwhile, in addition to perception, a multi-agent

system may be required to perform tasks leveraging the informa-

tion from the perception agents, for example, in a multi-UAV target

tracking problem, a subset of UAVs may be tasked to ensure accu-

rate tracking of the moving target, while other UAVs may be tasked

to interdict the target given the target trajectory.

Motivated by these applications, this paper studies the following

research problem: “Given a multi-agent system with heterogeneous

dynamics and perception capabilities, how to select a subset of

agents and design their decentralized perception strategies for a

perception objective?” Specifically, we model a multi-agent sys-

tem and its interaction with the dynamic, stochastic environment

using a decentralized partially observable Markov decision pro-

cess (Dec-POMDP) framework. We aim to select a subset of the

agents for perception tasks, whose objectives are defined by maxi-

mizing the mutual information between some unknown quantity

(trajectory, states, or critical events) and the collective observations

of the perception team.

Related work. This problem is closely related to the sensor place-

ment problem, which aims to find an optimal subset of agents to

participate in a perception task under limited sensing resources.

Unlike traditional sensor coverage problems that emphasize spatial

reach or visibility, the goal is to maximize the informativeness of

the selected agents’ observations about the environment or latent

variables of interest. Selecting too many agents wastes resources

and increases redundancy, while selecting too few may lead to poor

estimation or inference accuracy. To balance these trade-offs, many

existing approaches formulate the objective using information-

theoretic criteria, such as mutual information or entropy reduction

[9, 23]. When the agents’ policies are finite, the environment is

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

2491

https://doi.org/10.65109/STZK9664
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/STZK9664


deterministic, and the inference objective is stationary—as in multi-

robot path planning for predicting algae content in a lake—the

resulting objectives often exhibit submodularity. This property en-

ables the design of greedy selection algorithms with provable near-

optimal performance guarantees and strong scalability for large

multi-agent systems. However, in stochastic multi-agent systems,

where the policy space is infinite (often parameterized by deep

neural networks) and the unknown quantities to be inferred can

be a stochastic process (such as tracking a moving agent), existing

results do not directly apply.

The problem of decentralized active sensing and perception has

been studied extensively in multi-agent systems. Early work, such

as [10], formulated sensor management as a centralized active sens-

ing problem, where a single decision maker plans sensing actions to

maximize expected information gain using Bayesian filtering.While

effective for small-scale systems, such centralized formulations are

computationally expensive and scale poorly with the number of

agents. Subsequent research has focused on decentralized and scal-

able planning methods. Satsangi et al. [19, 20] studied a class of

partially observable Markov decision processes (POMDPs) whose

value functions exhibit submodularity, and leveraged this property

to design efficient algorithms for dynamic sensor selection with

near-optimal guarantees. In contrast, Kumar et al. [11] considered

multi-agent planning under stochastic dynamics, where submodu-

larity appears in the reward structure rather than the value function.

Their framework provides a theoretical foundation for decentral-

ized decision making with submodular rewards, enabling agents

to coordinate without centralized control. Best et al. [2] proposed

Dec-MCTS, a decentralized Monte Carlo tree search method, for

multi-robot active perception, which can handle stochasticity, but

does not exploit the submodular structure of reward functions for

efficiency or near-optimality guarantees. Lauri and Oliehoek [12]

introduced a prediction-reward framework that quantifies the un-

certainty in a centralized state estimate obtained after all agents

complete sensing. To enable decentralized computation, they ap-

proximate this centralized reward using the expected accuracy of

each agent’s prediction of the final belief. This reformulation ex-

presses the global information objective as a standard Dec-POMDP

reward function dependent only on local states, actions, and predic-

tion actions, allowing the use of existing Dec-POMDP solvers while

preserving the informativeness objective. However, this method

also does not employ submodularity for more efficient computation.

Recent research also studied the multi-robot multi-target track-

ing problem in deterministic, nonlinear systems [3]. They employ

the receding horizon planning framework and consider at each

planning epoch, the team of robots aims to optimize the mutual in-

formation between the target states and the observations generated

by a set of feasible trajectories for each robot. Because they consider

a finite set of trajectories for each robot and deterministic dynamics,

such an objective function can be shown to be submodular and

monotone. By leveraging the property of a submodular function,

they develop an algorithm to efficiently compute the near-optimal

trajectories for multiple robots.

Our contributions. Existing work on sensor selection or motion

planning of active sensing agents considers finitely many sensors

[23] or discrete trajectories [3]. In our setting, though the set of

agents is finite, each agent is to compute an observation-based sto-

chastic policy, and therefore, the policy space for agents is infinite.

Therefore, existing GreedyMax algorithms for submodular [16]

cannot be directly applied to compute jointly the subset of agents

and their decentralized perception policies. Our problem can not be

directly mapped to decentralized planning for multi-agent systems

given submodular rewards because the information objectives can-

not be decomposed into submodular reward given the joint state

and joint actions (see Section 3). Existing Dec-POMDP for active

perception [2, 12] does not solve the agent selection problem jointly

with the policy synthesis.

First, we prove that in a Dec-POMDP, when the set of policies

are fixed, then the mutual information between the joint state

trajectory given a subset of agents’ policies, and consequently their

partial observations, is monotone and submodular, provided that the

agents’ observations are conditionally independent given the joint

trajectory. Building on this result, we then investigate two other

inference objectives: (1) Inferring the trajectory of an environment

agent; (2) and inferring a secret property which is a function of the

trajectory of an environment agent. We show that in both cases,

under certain assumption, the mutual information between the

quantity to be inferred and a subset of agents’ observations are

submodular and monotone.

However, these results only enable us to use approximate algo-

rithms for submodular maximization to solve the agent selection

problem, assuming each selected agent follows a pre-defined decen-

tralized policy. To achieve joint agent selection and policy synthesis,

we propose the IMAS
2
(Information-theoretic Multi-Agent Selec-

tion and Sensing) algorithm, a variant of the GreedyMax algorithm

[16] to select one agent and determine its perception policy at a

time based on the principle of maximizing the marginal gain. We

then prove that, under additional constraints on subsequent maxi-

mal marginal gains, this algorithm can provide a strong (1 − 1/𝑒)-
guarantee on the performance. The proposed algorithm achieves

scalability and near-optimal performance, bridging rigorous sub-

modular optimization theory with practical decentralized planning

in multi-agent active perception. Finally, we formulate the agent

selection and policy optimization problem as a two-layer optimiza-

tion: an inner layer that computes an optimal perception policy,

with respect to maximizing information gain of a chosen agent,

in addition to observations of selected agents. And an outer layer

efficiently selects 𝑘 agents to achieve the approximately optimal

cooperative active perception. The results are then experimentally

validated.

Assumptions and Scope. We focus on Dec-POMDPs with obser-

vation independent sensing models, formalized by Assumption 1.

Importantly, Subsection 3.1 (Inferring Latent State Sequence) only

requires this observation conditional independence and does not

require transition independence. In contrast, Subsection 3.2 (Infer-

ring Environment State Sequence) and Section 3.3 (Environment

Secret Estimation) adopt the stronger transition- and observation

independence conditions in Assumption 2. We highlight these as-

sumptions explicitly to distinguish the settings covered by each

result.

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

2492



2 PRELIMINARY
Notations. The set of real numbers is denoted by R. Random vari-

ables will be denoted by capital letters, and their realizations by

lowercase letters (e.g., 𝑋 and 𝑥). A sequence of random variables

and their realizations with length 𝑇 are denoted as 𝑋0:𝑇 and 𝑥0:𝑇 .

The notation 𝑥𝑖 refers to the 𝑖-th component of a vector 𝑥 ∈ R𝑛
or

to the 𝑖-th element of a sequence 𝑥0, 𝑥1, . . ., which will be clarified

by the context. Given a finite set S, letD(S) be the set of all proba-
bility distributions over S. The set S𝑇 denotes the set of sequences

with length 𝑇 composed of elements from S, and S∗ denotes the
set of all finite sequences generated from S. The empty string in S∗
is denoted by ∅. The notation 𝑋1 ⊥⊥ 𝑋2 |𝑌 means random variables

𝑋1 and 𝑋2 are conditionally independent given random variable 𝑌 .

We model the interaction between a multi-agent system and its

environment using a finite-horizon, decentralized, partially observ-

able Markov decision process (Dec-POMDP) without reward:

M = ⟨𝑇,N ,S, 𝐴,O, 𝑃, 𝜇, {𝐸𝑖 }⟩,
where:

• 𝑇 ∈ N is the time horizon of the problem;

• N = {1, 2, . . . , 𝑁 } is a set of 𝑁 agents,

• S is the finite set of states.

• A =
∏

𝑖∈N A𝑖 is the joint action space, whereA𝑖 is the finite

action space of agent 𝑖 ∈ N . The tuple 𝑎 = ⟨𝑎1, 𝑎2, . . . , 𝑎𝑁 ⟩
is called the joint action.

• O =
∏

𝑖∈N O𝑖 is the joint observation space, where O𝑖 is the
finite observation space of agent 𝑖 . The tuple𝑜 = ⟨𝑜1, 𝑜2, . . . , 𝑜𝑁 ⟩
of individual observations is called the joint observation;

• 𝑃 : S × A → D(S) is the probabilistic transition function;

• 𝜇 is the initial state distribution.

• 𝐸𝑖 : S → D(O𝑖 ) is the emission/observation function for

agent 𝑖 .

An admissible solution of a Dec-POMDP is a decentralized joint

policy 𝝅 , i.e., a tuple ⟨𝜋1, . . . , 𝜋𝑁 ⟩, where the individual policy

𝜋𝑖 : (O𝑖 × A𝑖 )∗O𝑖 → D(A𝑖 ) of each agent 𝑖 maps individual

observation-action sequences 𝑦𝑖,0:𝑡 = (𝑜𝑖,0, 𝑎𝑖,0, 𝑜𝑖,1, . . . , 𝑜𝑖,𝑡 ) to an

individual action distribution. It is noted that the individual agent

knows its own action but not others’ actions.

We introduce the notion of submodular functions next. Denote

Ω as a ground set of 𝑛 data points, Ω = {𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛}, and a

set function 𝑓 : 2
Ω → R. We say that 𝑓 is normalized if 𝑓 (∅) = 0,

and 𝑓 is subadditive if

𝑓 (𝑈 ) + 𝑓 (𝑉 ) ≥ 𝑓 (𝑈 ∪𝑉 ),
holds for all 𝑈 ,𝑉 ⊂ Ω. Define the first-order partial derivative

(equivalently, the gain) of an element 𝑗 ∉ 𝑈 in the context 𝑈 as

𝑓 ( 𝑗 | 𝑈 ) = 𝑓 (𝑈 ∪ { 𝑗}) − 𝑓 (𝑈 ) .
The function 𝑓 is submodular [5] if for all𝑈 ,𝑉 ⊂ Ω, it holds that

𝑓 (𝑈 ) + 𝑓 (𝑉 ) ≥ 𝑓 (𝑈 ∪𝑉 ) + 𝑓 (𝑈 ∩𝑉 ) .
An equivalent characterization of submodularity is the diminishing
marginal returns property, namely

𝑓 ( 𝑗 | 𝑈 ) ≥ 𝑓 ( 𝑗 | 𝑉 ) for all𝑈 ⊂ 𝑉 , 𝑗 ∉ 𝑉 .

Next, we introduce the definition of entropy and mutual infor-

mation. Entropy is commonly employed to quantify the uncertainty

about a random variable [8]. The conditional entropy of a random

variable 𝑋2 given another random variable 𝑋1 is defined by

𝐻 (𝑋2 |𝑋1) = −
∑︁
𝑥1∈X

∑︁
𝑥2∈X

𝑝 (𝑥1, 𝑥2) log𝑝 (𝑥2 |𝑥1) .

Conditional entropy quantifies the uncertainty of 𝑋2 given 𝑋1, and

lower values indicate that 𝑋2 is easier to infer from knowing the

value of𝑋1. The mutual information between two random variables

𝑋1 and 𝑋2 is defined by

𝐼 (𝑋1;𝑋2) =
∑︁
𝑥1∈X

∑︁
𝑥2∈X

𝑝 (𝑥1, 𝑥2) log
𝑝 (𝑥1, 𝑥2)
𝑝 (𝑥1)𝑝 (𝑥2)

.

Mutual information quantifies the amount of information that

one random variable contains about another. Higher values in-

dicate a stronger statistical dependency between 𝑋1 and 𝑋2, while

𝐼 (𝑋1;𝑋2) = 0 if and only if 𝑋1 and 𝑋2 are independent.

3 LEVERAGING SUBMODULARITY FOR
MULTI-AGENT ACTIVE PERCEPTION

This section examines which classes of inference objectives in a

multi-agent active perception planning exhibit submodularity with

respect to the set of agents’ observations.

3.1 Inferring Latent State Sequence
In this subsection, we study a class of active perception objec-

tives for minimizing the uncertainty in the estimation of the joint

state trajectories. In particular, we are interested in finding an

(approximately)-optimal subset K of the agents to carry out the

active perception tasks and computing their individual policies, for

some K ⊂ N . The agents in N \ K are excluded from the percep-

tion task and their observations do not contribute to the perception

objective. Importantly, selecting a subset K does not remove the

other agents from the system dynamics: all agents in N still exe-

cute their respective policies and evolve under the original joint

transition model. The only change is that the inference objective is

evaluated using the collective observations of agents in K (e.g., for

N = {1, . . . , 5} and K = {1, 2, 4}, all five agents act and affect the

state evolution, while only 𝑌1, 𝑌2, 𝑌4 are used for estimating 𝑆0:𝑇 ).

Problem 1. Given the Dec-POMDPM, determine a subset K of
𝑘 agents and design the joint policy {𝜋𝑖 , 𝑖 ∈ K} that maximizes the
mutual information between the latent state sequence 𝑋 := 𝑆0:𝑇 and
the observations:

maximize

K⊂N, |K |=𝑘,𝝅𝑲={𝜋𝑘 ,𝑘∈K}
𝐼 (𝑋 ; 𝒀K , 𝑀𝝅𝑲 ) (1)

where 𝝅𝑲 is the joint policy for the selected subset of agents, and
𝑀𝝅𝑲 (K) is the induced stochastic process given the joint policy 𝝅𝑲

for the selected agents inK and arbitrary policies for the non-selected
agents in N \ K ; 𝒀K is the collective observations of the selected 𝑘
agents.

The following assumption is made to establish the submodularity

in the perception objective with respect to agents’ observations.

Assumption 1. For any 𝑠 ∈ 𝑆 , for any 𝑖, 𝑗 ∈ N where 𝑖 ≠ 𝑗 ,
agent 𝑖’s observation 𝐸𝑖 (𝑠) is conditionally independent from agent
𝑗 ’s observation 𝐸 𝑗 (𝑠) given state 𝑠 .
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In the following, we fix a joint policy 𝝅 , consisting of individ-

ual agents’ observation-based policies. Let the induced stochastic

process be𝑀𝝅 = {𝑆𝑡 , {𝐴𝑖,𝑡 , 𝑖 ∈ N}, {𝑂𝑖,𝑡 , 𝑖 ∈ N}, 𝑡 ∈ N}. We denote

by 𝑌𝑖 := 𝑂𝑖,0:𝑇 the observation sequence received by agent 𝑖 . The

choice of this joint policy 𝝅 is arbitrary, i.e., it need not be the

optimal policy for a given perception task.

Lemma 1. Given any 𝑌𝑖 =𝑂𝑖,0:𝑇 , 𝑌𝑗 =𝑂 𝑗,0:𝑇 representing agents 𝑖
and 𝑗 ’s observation sequences for a finite horizon𝑇 and𝑋 = 𝑆0:𝑇 be the
latent state sequence. Under Assumption 1, 𝑌𝑖 and 𝑌𝑗 are conditional
independent given 𝑋 .

Proof. See appendix
1
. □

Lemma 2. Let 𝐴 ⊂ N and 𝑌𝐴 = {𝑌𝑖 : 𝑖 ∈ 𝐴}. For any 𝑌𝑗 where
𝑗 ∉ 𝐴, 𝐻 (𝑌𝑗 |𝑌𝐴, 𝑋 ) = 𝐻 (𝑌𝑗 |𝑋 ).

Proof. Due to the conditional independence between 𝑌𝑗 and

any 𝑌𝑖 ∈ 𝑌𝐴 given 𝑋 . □

Lemma 3. Let 𝐴 ⊂ N and 𝑌𝐴 = {𝑌𝑖 : 𝑖 ∈ 𝐴}. Let
𝑔(𝑌𝐴) := 𝐼 (𝑋 ;𝑌𝐴),

where 𝐼 (·; ·) denotes mutual information between the random state
sequence 𝑋 and the collection of observations 𝑌𝐴 . The function 𝑔(·) is
monotone and submodular.

Proof. See appendix. □

Under the assumption of independent observations but possibly

coupled dynamics, we have proven that the mutual information

between the latent state sequence𝑋 and a subset𝑌𝐴 of observations

is monotone submodular in the subset 𝑌𝐴 .

Remark 1. The above analysis is based on a pre-defined decen-
tralized policy. It can be used for selecting a subset of agents whose
observations are most informative for estimating the joint state tra-
jectory. Leveraging the monotone, submodular property, the original
GreedyMax algorithm [16] can find such a subset of agents with
(1 − 1/𝑒) performance guarantee on the suboptimality.

3.2 Inferring Environment State Sequence
Although mutual information is often used to quantify informa-

tion gain, directly maximizing the mutual information between

the joint state trajectory and a subset of perception agents’ obser-

vations may not lead to the intended inference objective. Since

𝐼 (𝑋 ;𝑌 ) = 𝐻 (𝑋 ) −𝐻 (𝑋 |𝑌 ), maximizing mutual information encour-

ages reducing the uncertainty of the trajectory given observations,

measured by𝐻 (𝑋 |𝑌 ). However, it also rewards increasing the prior
entropy 𝐻 (𝑋 ). As a result, this objective can favor policies that

induce joint state trajectories with a high initial uncertainty, rather

than those that genuinely improve inference accuracy.

Therefore, we consider another objective function that is well-

suited for environmental monitoring tasks. We focus on a case

where a team of agents is deployed to actively monitor a dynamic

environment state trajectory. In the Dec-POMDP, each joint state

𝑠 = ⟨𝑠𝑒 , 𝑠1, . . . , 𝑠𝑁 ⟩ consists of an environment agent’s state 𝑠𝑒 and

agent 𝑖’s state 𝑠𝑖 for each 𝑖 ∈ N of the multi-agent system.

1
You can find the appendix in https://github.com/AronYoung414/multi-agent-active-

perception-grid-world.

Wemodify the objective function in (1) for the environment-state

trajectory estimation as follows:

maximize

K⊂N, |K |=𝑘,𝝅𝑲={𝜋𝑘 ,𝑘∈K}
𝐼 (𝑋𝑒 ; 𝒀K , 𝑀𝝅𝑲 ) (2)

where 𝑋𝑒 = 𝑆𝑒,0:𝑇 is the environment state trajectory.

Since the environment state sequence is uncontrollable, 𝐻 (𝑋𝑒 )
is a constant. In this case, given 𝐼 (𝑋 ;𝑌 ) = 𝐻 (𝑋 ) − 𝐻 (𝑋 |𝑌 ), max-

imizing the mutual information is equivalent to minimizing the

uncertainty in the environment state trajectory. That is, the opti-

mization problem in (2) is equivalent to

maximize

K⊂N, |K |=𝑘,𝝅𝑲={𝜋𝑘 ,𝑘∈K}
−𝐻 (𝑋𝑒 |𝒀K , 𝑀𝝅𝑲 ) (3)

In general, the objective in (2) is not submodular in the set of

agents’ observations. This is because of the local observations of

two agents may no longer be conditionally independent given the

environment-state trajectory. However, we show that for a subset

of the problems, we can also derive submodularity in (2).

Moreover, under the transition- and observation-independence

conditions below, the Dec-POMDP induced by selecting a subset

of agents can be constructed in a standard way by restricting the

dynamics and observation model to the environment state and the

selected agents’ local states. In particular, because the joint transi-

tion and observation models factor across agents, the evolution of

the selected agents depends only on their own local states/actions

and the environment process, and the non-selected agents can be

marginalized without affecting the resulting reduced model.

Assumption 2. The agents and their environment have indepen-
dent dynamics. That is, there exists transition functions 𝑃𝑒 , {𝑃𝑖 , 𝑖 ∈ N}
such that

𝑃 ((𝑠′𝑒 , 𝑠′1, . . . , 𝑠′𝑁 ) | (𝑠𝑒 , 𝑠1, . . . , 𝑠𝑁 ), (𝑎1, . . . , 𝑎𝑁 ))

= 𝑃𝑒 (𝑠′𝑒 |𝑠𝑒 )
𝑁∏
𝑖=1

𝑃𝑖 (𝑠′𝑖 |𝑠𝑖 , 𝑎𝑖 ). (4)

The initial state distribution can also be decomposed as

𝜇0 ((𝑠𝑒 , 𝑠1, . . . , 𝑠𝑁 )) = 𝜇0,𝑒 (𝑠𝑒 ) ·
𝑁∏
𝑖=1

𝜇0,𝑖 (𝑠𝑖 ) .

The observation of agent 𝑖 is independent from the other agents’ states:
That is, if 𝑠𝑒 = 𝑠′𝑒 and 𝑠𝑖 = 𝑠′𝑖 , then for any 𝑠 𝑗 , 𝑠′𝑗 when 𝑗 ≠ 𝑖 ,

𝐸𝑖 (𝑠𝑒 , 𝑠1, . . . , 𝑠𝑁 ) = 𝐸𝑖 (𝑠′𝑒 , 𝑠′1, . . . , 𝑠′𝑁 ) .

In this case, we define a local observation function 𝐸𝑖 : 𝑆𝑒 ×𝑆𝑖 →
D(O𝑖 ) such that 𝐸𝑖 (𝑠𝑒 , 𝑠𝑖 ) := 𝐸𝑖 (𝑠𝑒 , 𝑠1, . . . , 𝑠𝑁 ).

Due to the decoupled dynamics and observation, we can define

individual agent’s observation sequence based on its own policy. Let

𝜋𝑖 be an observation-dependent policy for agent 𝑖 . The 𝜋𝑖 -induced

local observation 𝑌𝑖 =𝑂𝑖,0:𝑇 is defined by

Pr(𝑂𝑖,𝑡 = 𝑜) = 𝐸𝑖 (𝑜 |𝑆𝑒,𝑡 , 𝑆𝑖,𝑡 ),

where 𝑆𝑒,𝑡 ∼ 𝑃𝑒 (·|𝑆𝑒,𝑡−1), 𝑆𝑖,𝑡 ∼ 𝑃𝑖 (·|𝑆𝑖,𝑡−1, 𝐴𝑖,𝑡 ), 𝑆𝑖,0 ∼ 𝜇0,𝑖 (·), and
𝐴𝑖,𝑡 ∼ 𝜋𝑖 (·|𝑂𝑖,0:𝑡 , 𝐴𝑖,0:𝑡−1), for any 𝑡 ∈ {1, . . . ,𝑇 }.

The following result again assumes a fixed joint policy 𝝅 =

⟨𝜋1, . . . , 𝜋𝑁 ⟩ and the induced stochastic process of states, actions,

and observations.
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Lemma 4. For any 𝑖, 𝑗 ∈ N , 𝑖 ≠ 𝑗 . Let𝑌𝑖 , 𝑌𝑗 be the local observation
sequences for agents 𝑖, 𝑗 . Under Assumption 2, let 𝑋𝑒 := 𝑆𝑒,0:𝑇 be the
latent state sequence of the environment agent, then 𝑌𝑖 and 𝑌𝑗 are
conditionally independent given 𝑋𝑒 .

Proof. See appendix. □

Corollary 1. Let 𝐴 ⊂ N and 𝑌𝐴 = {𝑌𝑖 : 𝑖 ∈ 𝐴}. For any 𝑌𝑗

where 𝑗 ∉ 𝐴, 𝐻 (𝑌𝑗 |𝑌𝐴, 𝑋𝑒 ) = 𝐻 (𝑌𝑗 |𝑋𝑒 ) .

Proof. The proof is similar to that of Lemma 2 given Lemma 4.

□

Lemma 5. Let 𝐴 ⊂ N and 𝑌𝐴 = {𝑌𝑖 : 𝑖 ∈ 𝐴}. Let 𝑔𝑒 (𝑌𝐴) :=
𝐼 (𝑋𝑒 ;𝑌𝐴), where 𝐼 (𝑋𝑒 ;𝑌𝐴) is the mutual information between the
environmental state sequence 𝑋𝑒 and the collective observations 𝑌𝐴 .
The function 𝑔𝑒 (·) is monotone and submodular.

Proof. Similar to the proof of Lemma 3 where we use Lemma 4.

□

3.3 Environment Secret Estimation
In this section, we consider a perception objective besides the

aforementioned environment trajectory estimation. As in Subsec-

tion 3.2, our analysis for this setting assumes the transition- and

observation-independence conditions in Assumption 2, so that the

Dec-POMDP induced by a reduced agent set can be constructed

by restricting to the environment state and the selected agents’

local states/observations. Consider a random variable 𝑍 defined as

a surjective function of 𝑋𝑒 i.e. , 𝑍 = 𝑓 (𝑋𝑒 ). It is noted that 𝐻 (𝑋𝑒 ) is
a constant and hence 𝐻 (𝑍 ) is a constant.

The agent selection and optimal perception planning problem

for inferring the value of 𝑍 given the collective observations is

formulated as the following optimization problem:

maximize

K⊂N, |K |=𝑘,𝝅𝑲={𝜋𝑘 ,𝑘∈K}
−𝐻 (𝑍 |𝒀K , 𝑀𝝅𝑲 ) (5)

First, based on the relation between mutual information and

entropy, we have 𝐼 (𝑍 ;𝑌𝐴) = 𝐻 (𝑍 ) − 𝐻 (𝑍 |𝑌𝐴), and thus

𝐼 (𝑋𝑒 ;𝑌𝐴) − 𝐼 (𝑍 ;𝑌𝐴) = 𝐻 (𝑋𝑒 ) − 𝐻 (𝑋𝑒 |𝑌𝐴) − 𝐻 (𝑍 ) + 𝐻 (𝑍 |𝑌𝐴) .
Given the fact that 𝐻 (𝑋𝑒 |𝑌𝐴) − 𝐻 (𝑍 |𝑌𝐴) = 𝐻 (𝑋𝑒 |𝑍,𝑌𝐴), we have

𝐼 (𝑍 ;𝑌𝐴) = 𝐼 (𝑋𝑒 ;𝑌𝐴) − 𝐻 (𝑋𝑒 ) + 𝐻 (𝑍 ) + 𝐻 (𝑋𝑒 |𝑍,𝑌𝐴) . (6)

We will show that 𝐼 (𝑍 ;𝑌𝐴) is monotone and submodular in the

following lemma.

Lemma 6 (Approximate Submodularity). Let

𝑔(𝐴) := 𝐼 (𝑍 ;𝑌𝐴),
where 𝑍 is a secret variable and 𝑌𝐴 denotes the joint observations
collected by agent set 𝐴. Then 𝑔(·) is monotone and 𝜖-approximately
submodular, i.e., there exists a submodular function

ℎ(𝐴) := 𝐼 (𝑋𝑒 ;𝑌𝐴)
such that for all 𝐴 ⊆ N ,

(1 − 𝜖)ℎ(𝐴) ≤ 𝑔(𝐴) ≤ (1 + 𝜖)ℎ(𝐴),
where

𝜖 :=max

𝐴

𝐼 (𝑋𝑒 ;𝑌𝐴 | 𝑍 )
𝐼 (𝑋𝑒 ;𝑌𝐴)

∈ (0, 1] .

Algorithm 1 IMAS
2
Algorithm

Require: Ground set of agents N , budget 𝑘

Ensure: Selected agent set K
1: Initialize K (0) ← ∅, 𝝅 (0) ← ∅.

2: for 𝑖 = 1 to 𝑘 do
3: Select ( 𝑗∗, 𝜋 𝑗∗ ) =

argmax𝑗∈N\K (𝑖 ) max𝜋 𝑗 ∈Π 𝑗

(
𝐼 (𝑋 ; 𝒀K (𝑖 )∪{ 𝑗 } , 𝑀𝝅K(𝑖 ) ∪{𝜋 𝑗 }) −

𝐼 (𝑋 ; 𝒀K (𝑖 ) , 𝑀𝝅K(𝑖 )
)
)

4: Update K (𝑖 ) ← K (𝑖−1) ∪ { 𝑗∗}, 𝝅 (𝑖 ) ← 𝝅 (𝑖−1) ∪ {𝜋 𝑗∗ }
5: end for
6: return K :=K (𝑘 ) , 𝝅★

:= 𝝅 (𝑘 ) .

Proof. See appendix. □

4 APPROXIMATION ALGORITHMS FOR JOINT
AGENT SELECTION AND POLICY
SYNTHESIS

The previous section shows the submodularity for several inference

objectives under various assumptions for Dec-POMDP, while the

joint policies are assumed to be fixed. Thus, these results do not

solve the problems in (1), (2), or (5), since they all require the joint

agent selection and policy synthesis.

4.1 Approximation Algorithm and Performance
Guarantee

In this section, we devise an efficient method called IMAS
2
(Al-

gorithm 1) to solve these problems and analyze the performance

guarantee. The variable 𝑋 to be inferred can be changed to 𝑋𝑒 or

𝑍 , depending on (1), (2), or (5).

In each iteration of Algorithm 1, for each candidate agent, its

optimal local policy is computed to maximize the mutual informa-

tion between the agent’s observations and the latent variables of

interest. Then, with the computed policies, the algorithm evaluates

the marginal gain contributed by each agent and greedily selects

the next one that yields the largest improvement.

A key property of submodular functions is that they admit strong

approximation guarantees when optimized under cardinality con-

straints. However, because we are simultaneously selecting the

agent and determining their policy, the proof of approximate op-

timality needs to be modified. Next, we derive the performance

guarantee of the IMAS
2
algorithm when the objective functions are

submodular.

In (1), let 𝑓 (𝐴, 𝝅𝐴) = 𝐼 (𝑋 ;𝑌𝐴,M𝝅𝐴 ) and in (2), let 𝑓 (𝐴, 𝝅𝐴) =
𝐼 (𝑋𝑒 ;𝑌𝐴,M𝝅𝐴 ), for any subset 𝐴 ⊂ A and 𝝅𝐴 = {𝜋𝑖 , 𝑖 ∈ 𝐴}. Let
(K★, 𝝅★) be the optimal solution to (1) (or (2)). Let (K (𝑖 ) , 𝝅 (𝑖 ) ) be
the solution returned by Algorithm 1 after the 𝑖-th selection. By

default, K (0) = ∅ and 𝝅 (0) = ∅. By default, 𝑓 (∅,∅) = 0.

Proposition 1. Let Δ𝑖 := 𝑓 (K (𝑖 ) , 𝝅 (𝑖 ) ) − 𝑓 (K (𝑖−1) , 𝝅 (𝑖−1) ) for
1 ≤ 𝑖 < 𝑘 . It holds that Δ𝑖+1 ≤ Δ𝑖 ,∀0 ≤ 𝑖 < 𝑘.

Proof. See appendix. □
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Theorem 1. Assuming for all 0 ≤ 𝑖 < 𝑘 , Δ𝑖
Δ𝑖+1
≤ 𝑘+1

𝑘
, then

𝑓 (K (𝑘 ) , 𝝅 (𝑘 ) ) ≥ (1 − 1

𝑒
) 𝑓 (K★, 𝝅★). (7)

Proof. See appendix. □

Remark 2. Since the objective function in (5) is only approximately
submodular, analyzing the performance of the proposed algorithm
requires explicitly accounting for the approximation ratio 𝜖 . We defer
a performance analysis and the establishment of formal guarantees
for the secret inference case to future work.

4.2 Policy Synthesis for Maximizing
Information Gain

In Algorithm 1, the outer maximization is straightforward: the op-

timal agent is selected by comparing all candidate agents. However,

we must also address the inner policy optimization problem: for

each 𝑗 ∈ N \ K (𝑖 ) ,

𝝅 𝑗∗ = argmax

𝜋 𝑗

(
𝐼 (𝑋 ; 𝒀K∪{ 𝑗 } , 𝑀𝝅K∪{𝜋 𝑗 }) − 𝐼 (𝑋 ; 𝒀K , 𝑀𝝅K )

)
.

We discuss how to solve the optimization problem using existing

results in literature.

Late state sequence estimation: In [15], the authors develop a

method to compute an optimal policy that maximizes 𝐼 (𝑋 ;𝑌,𝑀𝜃 )
for a single-agent POMDP. This method can be used for solving the

inner maximization problem: First, we compute the single-agent

POMDP for agent 𝑗 by fixing the selected agents’ policies 𝝅K (𝑖 )
computed from the previous iteration; second, the algorithm for

trajectory estimation in single-agent POMDP [15] can be applied.

Note that the observations received by selected agents are included

in the observation of the single-agent POMDP.

Inferring environment state trajectory or secret. The method in

[22] employs a policy gradient approach. For agent 𝑖 , Let {𝜋𝑖,𝜃 |𝜃𝑖 ∈
Θ} be a class of parameterized stochastic policies. We denote the

joint policy parameter for all agents as 𝜽 and the corresponding

joint policy as 𝝅𝜽 . Let 𝑌 (𝜃 𝑗 ) be agent 𝑗 ’s observation under agent

𝑗 ’s policy parameterized by 𝜃𝑖 and 𝒀 (𝜽K (𝑖 ) ) is the joint observation
of agents in K (𝑖 ) given the joint policy of selected agents.

As argued in the section 3.2, maximizing the mutual information

for these two cases is equivalent to minimizing the conditional

entropy in the unknown variable. To obtain the locally optimal

policy parameter 𝜃 𝑗 , we initialize a policy parameter 𝜃 𝑗 and carry

out the gradient descent. At each iteration 𝜏 ≥ 0, let 𝜽 := 𝜽K (𝑖 )
represent the joint policy of selected agents for notation simplicity,

𝜃𝜏+1𝑗 = 𝜃𝜏𝑗 − 𝜂 [∇𝜃 𝑗𝐻 (𝑋𝑒 |𝒀 (𝜽 ) ∪ 𝑌 (𝜃 𝑗 )) |𝜃 𝑗=𝜃𝜏𝑗 ], (8)

where 𝜂 is the step size (learning rate). The gradient of conditional

entropy is given by

∇𝜃 𝑗𝐻 (𝑋𝑒 |𝒀 (𝜽 )) = E𝒚∼M𝜽

[
𝐻 (𝑋𝑒 |𝒀 = 𝒚)∇𝜃 𝑗 log 𝑃𝜃 (𝑦 𝑗 )

]
. (9)

Notably, when evaluating the conditional entropy, we use the joint

observation 𝒚 including both the observations of selected agents

and the agent 𝑗 ’s observation under the current policy 𝜃𝜏
𝑗
. When we

are evaluating the gradient of the log probability of observations,

we only use the observations of agent 𝑗 because the other selected
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Figure 1: The 10 × 10 grid world environment.
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Figure 2: The sensor range of different actions (Top: small
range sensors; Bottom: large range sensors).

agents’ policies are fixed and independent from 𝜃 𝑗 . We have the

following result from [22]:

∇𝜃 𝑗 log 𝑃𝜃 (𝑦 𝑗 ) =
𝑇∑︁
𝑡=0

∇𝜃 𝑗 log𝜋𝜃 𝑗 (𝑎𝑡 |𝑜 𝑗,0:𝑡−1), (10)

where 𝑜 𝑗,0:𝑡−1 is the local observation of agent 𝑗 . The policy gradient
from minimizing 𝐻 (𝑍 |𝒀 (𝜽 )) is derived analogously (see [22] for

technical details.)

5 EXPERIMENT
We illustrate the effectiveness of our IMAS

2
algorithm using a multi-

agent selection and sensing strategy design problem in a 10 × 10
grid-world environment (Figure 1). The multi-agent system is a

directed sensor network. The underlying state of the environment

includes a tuple 𝑠𝑒 = (𝑥,𝑦, b) where 𝑥,𝑦 are the position of an

environment agent, marked by the robot, which are not controlled.

The last variable b is a Boolean variable. If b = 0, then the robot
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Figure 3: Comparison of convergence, entropy, and inference performance under different sensing conditions.

is benign and follows a stochastic shortest path policy to reach

the “Normal goal” (marked by red, filled flag). If b = 1, then the

robot is adversarial and follows a stochastic shortest path policy to

reach the “Adversary’s goal” (marked by red, unfilled flag). Once a

robot reaches its goal, it remains there. The boundary and obstacles

are bouncing obstacles. The robot can move north, south, east, or

west, or choose to stay in place. The initial position of the robot is

uniformly distributed on the first column of the grid world, and the

type of the robot is uniformly sampled from a Bernoulli distribution

for b with 𝑝 = 0.5.

In the later experiments, we consider two types of robot dynam-

ics: deterministic and stochastic. Under deterministic dynamics,

an action directly results in the intended movement (e.g., moving

north always results in a northward transition). Under stochastic

dynamics, however, when an agent attempts to move in a given

direction, there is a 0.1 probability of deviating to one of the or-

thogonal directions. For example, an intended eastward movement

may instead result in a northward or southward move, each with

probability 0.1. Collisions with obstacles or boundaries cause the

agent to remain in its current cell.

Partial observable multi-agent system. The underlying environ-
ment state 𝑠𝑒 is partially observed by a multi-agent system, which

is a directed sensor network. The sensor can change its limited field

of view by choosing different angles of viewing. The sensing ranges

of these sensors are illustrated in the top two panels of Figure 2.

Each sensor has four possible sensing actions: NW, NE, SW, and SE.

A sensor may detect the robot if the robot lies within the chosen

sensing direction. If the robot is detected, the sensor will receive

the exact robot location. We consider a weak sensor scenario. The

detection process is stochastic: if the robot is within range, it is

detected with probability 0.5; otherwise, with probability 0.5, the

sensor receives a null observation (𝑛). When the robot is outside

the sensing range, the sensor also receives a null observation with

probability 1. Note that this multi-agent system, including the un-

controllable environment agent, can be modeled as a Dec-POMDP

satisfying Assumption 2.

Inference objective. We denote 𝑍 be the estimate of the unknown

robot’s type. This corresponds to the case with inferring the en-

vironment secret (section 3.3) 𝑍 = 𝑓 (𝑆𝑒,0:𝑇 ) is defined such that

𝑓 (𝑆𝑒,0:𝑇 ) = b if 𝑆𝑒,0 = (𝑥,𝑦, b) for any initial state (𝑥,𝑦). The objec-
tive is twofold: 1. select 5 locations for allocating sensors, and 2.

compute an optimal sensing policy for each selected sensor such

that the collective observations of the sensors for inferring the type

of the robot.

Observation-based policy space. For each selected sensor, we em-

ploy a long short-term memory (LSTM) neural network-based pol-

icy that directly processes observation sequences to action decisions.

We implement Algorithm 1 in which the individual sensor’s optimal

sensing strategy is computed using the policy gradient method in

[22]. Figure 3a illustrates the convergence trend in a setting where

the dynamics are deterministic and the sensor range is small
2
.

Because maximizing mutual information is equivalent to mini-

mizing conditional entropy, which is often more intuitive to inter-

pret, we present the experimental results in terms of conditional

entropy. Initially, when no sensors are allocated, the entropy 𝐻 (𝑍 )
equals 1, corresponding to the uncertainty in the initial type distri-

bution. After the first iteration, sensor 4 is selected, and its optimal

perception policy reduces the conditional entropy (given its obser-

vation) to 0.78. In the second iteration, sensor 2 is selected, and the

joint observations from sensors 4 and 2 further reduce the condi-

tional entropy to 0.6. We observe that the policy parameter for each

selected sensor converges quickly, within the first 100 iterations.

This explains the drops shown in Fig. 3a.

This iterative process continues until all five sensors are allocated.

Upon convergence, the conditional entropy 𝐻 (𝑍 |𝑌 ;𝜃★), where 𝜃★
denotes the parameters of the computed optimal decentralized poli-

cies, is approximately 0.367. This result indicates that the collective

observations provide substantial information about the ground ro-

bot’s type on average. The selected sensors are 2, 3, 4, 6, 8—positions

that are close to the goals. Notably, sensors located near the robot’s

initial position were not selected. We also construct confusion ma-

trices to visualize the classification performance (Figure 3d). These

results show that our method enables the sensors to accurately

2
We sample𝑀 = 100 trajectories and set the horizon𝑇 = 15 for each iteration. The

fixed learning rate of the policy gradient algorithm is set to be 0.001. The hidden

dimensions of all layers are set to be 64. We run𝑁 = 1000 iterations for each sensor on

the 12th Gen Intel(R) Core(TM) i7-12700; the average time consumed for one iteration

is 1.3 seconds. The code is available at https://github.com/AronYoung414/multi-agent-

active-perception-grid-world.

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

2497

https://github.com/AronYoung414/multi-agent-active-perception-grid-world.
https://github.com/AronYoung414/multi-agent-active-perception-grid-world.


Table 1: Baseline comparison between IMAS2 and IPG.

Resulting

Entropy

Inference

accuracy

Time per

iteration

IMAS
2

0.493 86.0% 1.58 s

Fixed Selector (IPG) 0.525 75.5% 7.62 s

Random Selector (IPG) 0.558 70.7% 7.63 s

Visibility-Based Selector (IPG) 0.502 84.1% 7.63 s

infer the robot’s type in both nominal and adversarial settings. The

inference accuracy is high as 88%.

We further evaluate our algorithm under different sensing config-

urations and environment dynamics. Specifically, we consider two

setups: selecting three sensors from five candidate locations (sensor

0, 1, 2, 3, 4) and selecting four sensors from seven candidate locations

(sensor 0, 1, 2, 3, 4, 5, 6). Both deterministic and stochastic motion

models are tested. In addition, we vary the sensing range—small

versus large—as illustrated in the bottom two panels of Figure 2.

Figures 3b and 3c summarize the resulting conditional entropies

under these configurations. For the small sensing range (Figure 3b),

the entropy decreases from about 0.53 to 0.32 in the deterministic

setting and from 0.70 to 0.48 in the stochastic setting as the number

of sensors increases from 3 to 5. This indicates that adding sensors

consistently improves the ability to infer the robot’s type or trajec-

tory. However, the entropy values remain relatively high because

of the limited coverage and observation overlap.

When the sensor range is enlarged (Figure 3c), the performance

improves significantly. The entropy drops from roughly 0.32 to 0.09

in the deterministic case and from 0.43 to 0.24 in the stochastic case

as the number of sensors increases. These results highlight two

important trends: 1. deterministic environments yield lower resid-

ual uncertainty than stochastic ones, since robot behavior is more

predictable; and 2. wider sensing coverage substantially enhances

information gain, even with the same number of deployed sensors.

Overall, the quantitative results demonstrate that the proposed

IMAS
2
algorithm effectively balances agent selection and policy

optimization to reduce uncertainty in cooperative perception tasks.

Baseline Comparison. Existing approaches cannot directly

address the joint problem of sensing-agent selection and decentral-

ized active perception. The sensing approaches in [1, 21] employ

Bayesian inference mechanisms similar to those used in IMAS
2
.

However, these works focus on passive observation models and do

not design or optimize active sensing policies that control how infor-

mation is gathered. And the key challenge is that our objective is

mutual information, rather than a cumulative reward/value function.

Consequently, standard value-function-based MARL algorithms

(e.g., MADDPG [14], MAPPO [26]) are not directly applicable, and

classical Dec-POMDP solvers require an explicit reward structure

or a belief-based value function. We therefore compare against

a variant of the Independent Policy Gradient (IPG) method [4],

which is a decentralized gradient-based method that optimizes each

agent’s policy directly via policy gradients without relying on a cen-

tralized value function. Since IPG does not include a mechanism for

selecting an optimal sensor subset, we provide it with a fixed chosen

group of sensors (1, 3, 5, 6, 7), randomly chosen group (8, 5, 4, 6, 1)

of sensors, and visibility-based selector (The set (0, 2, 4, 5, 8) covers

the most area) from the nine available candidates. Both methods

are evaluated under the stochastic environment with a large sensor

range.

As shown in Table 1, the proposed IMAS
2
algorithm achieves

a lower conditional entropy (0.493) compared to IPG (0.525, 0.558,

0.502), indicating improved estimation accuracy. Actually, IMAS
2

gives a higher inference accuracy (86.0%) in the test environment

compared to IPG (75.5%, 70.7%, 84.1%). Moreover, IMAS
2
converges

substantially faster, requiring only 1.5 s per iteration—approximately

5.06 times faster than the IPG baseline (7.6 s). These results demon-

strate that IMAS
2
effectively balances computational efficiency and

information gain in decentralized active perception tasks.

6 CONCLUSION
This paper presented a unified framework for joint agent selection

and decentralized policy synthesis in cooperative active percep-

tion under the Dec-POMDP setting. By formulating the perception

objective in terms of mutual information and conditional entropy,

we established that, under mild independence assumptions, the

resulting objective is monotone and submodular with respect to

the subset of selected agents’ policies. Leveraging this property,

we developed the IMAS
2
algorithm, which combines submodular

optimization with algorithms for active perception planning. The-

oretical analysis showed that under a condition for subsequent

maximal marginal gains, the proposed algorithm ensures a tight

(1 − 1/𝑒) approximation guarantee despite the infinite continuous

policy space. Our experiments in stochastic and deterministic grid-

world environments validated the approach, demonstrating that the

method effectively solves agent selection and policy optimization

to minimize uncertainty in cooperative perception tasks.

Future research could explore the extension to continuous-state

and continuous-action Dec-POMDPs and practical applications

such as environment monitoring, intrusion detection, or target

tracking. Another direction is to investigate scenarios where the

perception agents possess imprecise or uncertain knowledge of the

model dynamics, requiring robust or adaptive extensions of the

framework. Finally, extending the approach to continuous observa-

tion spaces—such as camera images or rich sensory data—would

further broaden its applicability to real-world multi-robot and au-

tonomous perception systems.
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