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Abstract—Decentralized online planning, such as decentralized Monte
Carlo tree search (MCTS), is an attractive paradigm for cooperative
multi-agent systems in information-gathering tasks. However, current
MCTS algorithms implicitly assume that agents are always available
and actively contributing throughout the mission. In realistic, dynamic,
and volatile environments, agent attrition is common and can severely
degrade performance. In this paper, we demonstrate that agent attrition
can cause current decentralized MCTS methods to perform arbitrarily
worse than the optimum, particularly in applications with submodular
reward functions. To address this issue, we propose Attritable Monte
Carlo Tree Search (A-MCTS), a decentralized MCTS algorithm that
adapts quickly and efficiently to reductions in the set of active agents.
Our key idea is to have each agent build its search tree using the global
utility function while coordinating with teammates through a regret-
matching algorithm. Our theoretical analysis and extensive simulations
show that A-MCTS maintains effective coordination among agents, even
in high-attrition environments. We evaluate our approach in different
information-gathering problems by modeling realistic reference scenar-
ios. Results highlight that A-MCTS substantially improves over the main
competing methods regarding global utility, scalability, and robustness.

Index Terms—Monte-Carlo Tree Search, Multi-Agent Systems, Infor-
mation Gathering, Autonomous Underwater Vehicles

1 INTRODUCTION

COOPERATIVE multi-agent systems (MAS) consist of
multiple autonomous agents collaborating to achieve

a collective objective such as maximizing a global utility
[1]. These agents are capable of communication and coor-
dination, either directly or indirectly, to solve complicated
tasks that exceed the capabilities of an individual agent.
Notable applications of MAS include autonomous drone
swarms for aerial surveillance or disaster relief operations,
as well as teams of robots that collaborate to collect sensor
data, explore unknown environments, or conduct routine
inspections [2].

Decentralized planning is an emerging approach for co-
operative MAS due to its scalability and robustness [3]. Un-
like centralized methods, decentralized planners distribute
computational effort among agents, enabling the system to
scale effectively as the number of agents increases. This
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structure enhances responsiveness, allowing agents to react
promptly to local changes, particularly in remote or post-
disaster areas [4]. Additionally, decentralized approaches
reduce communication overhead by relying primarily on
local information exchange, making them well-suited for en-
vironments with bandwidth constraints or unreliable com-
munication [5].

The main challenge in decentralized approaches for
cooperative MAS is how to effectively coordinate agents’
actions in a distributed manner – emerging from the goal
of maximizing the global utility of the system. Algorithms
based on Monte Carlo tree search (MCTS) are an appealing
solution to address this challenge, due to their ability to
efficiently explore long planning horizons, their anytime
nature [6], and their excellent performance in decentralized
settings [7]–[9]. Current decentralized MCTS (Dec-MCTS)
methods typically have each agent optimize its action based
on its marginal contribution rather than the global reward.
This design promotes local alignment with global objectives
to enhance coordination. On the other hand, existing meth-
ods also implicitly assume that all agents remain available
and actively contribute throughout the mission. However,
practical MAS deployments often face attrition—reductions
in active agents due to hardware failures, energy depletion,
or adversarial attacks [10]. In applications with submodular
global reward structures (e.g., data collection tasks), Dec-
MCTS methods can exhibit poor adaptability to attrition,
resulting in suboptimal performance. This stems from the
marginal contribution utility failing to reflect the absolute
quality of actions. Thus, when attrition occurs, agents may
inadvertently select actions that reduce global welfare while
perceiving local improvements. Developing robust solutions
for decentralized MAS planning capable of effectively han-
dling agent attrition is, therefore, crucial for their successful
deployment in practical applications.

The widely-used heuristic to handle attrition is to peri-
odically reset the agents’ experiences, and restart the plan-
ning process [11]–[13]. In hostile environments with high
attrition rates, this technique may significantly hamper the
overall performance of the system by hindering the learning
process of the agents, and thus keeping the system from
achieving optimal operating conditions. Therefore, how to
efficiently and effectively perform online MAS planning in
the presence of attrition remains a key open issue.

In this paper, we develop a novel decentralized MCTS
planning algorithm that tackles the above-mentioned issue.
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In our approach, every agent grows its search tree using
the global utility function while taking into account the pos-
sible actions of others. To facilitate the collaboration among
agents, we propose a new coordination mechanism based on
regret matching (RM) [14]. We prove that our coordination
approach guarantees that the average joint action of all
agents converges to a Nash equilibrium (NE) if every agent
applies the same RM procedure in any cooperative game
with a submodular utility function. By arriving at an NE, it
is guaranteed that each agent’s action is the best response
to the actions of others, and no agent has the incentive to
deviate unilaterally. This provides a stable self-enforcing
agreement where all agents coordinate their actions in a
decentralized manner effectively.

Specifically, the main contributions of our work are:
• We formulate the problem of multi-agent planning un-

der attrition risks, wherein agent failures occur abruptly
and unpredictably within their population.

• We show that, in the presence of attrition, the subop-
timality of current decentralized MCTS algorithms is
due to the usage of the marginal contribution combined
with submodular properties of the global utility func-
tions.

• We develop Attritable MCTS (A-MCTS), a new online
decentralized planning algorithm, based on MCTS and
Regret Matching, that can quickly and efficiently adapt
the plan to settings where agents fail, even at high rates.
We show that, by modulating the utility function for
each agent and their coordination mechanism, under
the assumption of submodularity, successive iterations
are guaranteed to improve joint policies and deal ef-
fectively with attrition risks. We prove formally that
our regret matching coordination algorithm provides
a strong convergence result for approximating a pure-
strategy Nash equilibrium in a fully distributed fash-
ion. Our algorithm is anytime and robust concerning
limitations in the frequency and amount of information
exchanged among agents.

• We evaluate our proposed approach in two informa-
tion gathering scenarios with attrition: underwater data
harvesting and an infrastructure inspection task with
a real-world dataset [15]. Results suggest that our so-
lution improves substantially over the best existing
approaches in terms of global utility and scalability in
the presence of frequent failures.

The remainder of this paper is structured as follows. In
Section 2, we discuss related work in multi-agent planning.
Section 3 presents the system model and the problem for-
mulation. Our Attritable MCTS algorithm is illustrated in
Section 4. Section 5 presents some analytical results on the
properties of our algorithm, which is assessed numerically
in Section 6. Finally, Section 7 concludes the paper.

2 RELATED WORK

Information-gathering problems are often modeled as se-
quential decision-making problems [16]. When there are
multiple agents, decentralized information gathering can be
viewed as a decentralized version of a partially observable
Markov decision process (Dec-POMDP) [17]. The dominant
approach to Dec-POMDP is to first solve the centralized,

offline planning over the joint multi-agent policy space, and
then push these policies to agents to execute them in a
decentralized fashion [18]. These online-offline approaches
are however not applicable to dynamic environments where
the state of the environment is not known ahead of time. Si-
multaneous decentralized planning and execution solutions
for Dec-POMDP exists [19], but they suffer from significant
memory and computational demands to store the reachable
joint state estimations of all agents [20]. Several works
approximated the problem to a set of local POMDPs that
are easier to solve and allow each agent to act indepen-
dently [21], [22]. Alternatively, role-based abstraction was
proposed to decompose the problem into a set of single-
agent problems and an optimal task assignment [23], [24].
These techniques can improve computational efficiency and
scalability, but at the cost of losing global optimality [25].

Recently, simultaneous distributed approaches based on
MCTS have gained significant interest due to their flexibility
in trading off computation time for accuracy. The key idea is
for each agent to use the upper confidence bound (UCB) [6]
to plan the best course of action. To implement cooperation
between agents, these methods usually keep a predefined
model of the teammates, which can be heuristic or machine
learning trained [5], [26], [27]. However, as they are based on
trained knowledge, they are unsuitable for online planning
in settings that change unpredictably, such as in disastrous
environments.

To address these challenges, recent approaches have
been developed that rely not on prior knowledge of agents’
behavior but on information sharing among them [7]–[9],
[28]. Specifically, the Decentralized Monte Carlo Tree Search
(Dec-MCTS) algorithm [7] employs probabilistic sampling
of communicated information to predict the actions of other
agents and create coordination between them. A key feature
of Dec-MCTS and its subsequent variations is letting each
agent optimize its actions using a local utility function,
which measures only the individual agent’s contribution
rather than the total team reward. To deal with uncertainty
arising during the mission, Dec-MCTS algorithms allow for
online replanning by enabling agents to update their beliefs
about the system and, if necessary, reset the search tree when
changes are considered substantial. However, quantifying
the significance of such changes remains a challenge, as no
clear metric is available. Moreover, frequent resetting of
the search tree may impair performance in scenarios with
limited planning time or computational resources.

Under high uncertainty scenarios, a growing body of lit-
erature in the area of multi-drone systems [29]–[32] explores
the significant challenges posed by agent attrition – the loss
or removal of individual drones (due to mechanical failures,
environmental factors, and human errors), and highlights
the need to address attrition for robust system performance.
In systems with attrition in which agents may fail abruptly,
the approaches mentioned above do not apply, as they do
not allow adjusting to attrition in agents’ populations. In the
present work, we show that the suboptimality of current
Dec-MCTS algorithms is due to the usage of the marginal
contribution combined with the submodular properties of
the global utility functions.

Another body of literature on related works concerns
Open Agent Systems (OASYS), in which agents can enter
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and leave over time. Most solutions to OASYS are either
fully or partially offline, i.e., offline planning with online
execution [33], [34] or online planning with precomputed
offline policies [35]. This is not feasible in applications
with significant sources of uncertainty, particularly when
the environment’s state or mental models of the agents
are unknown in advance, and when the agents’ failures
occur abruptly during execution. A recent work [36] pro-
posed a fully online approach that leverages communica-
tion between agents related to their presence to predict
the actions of others. This approach assumes that agents
can communicate their existence implicitly. In scenarios
where the communication is intermittent or agents vanish
without warning, the unforeseeable failure can significantly
impact coordination and planning, jeopardizing the overall
performance. In addition, the computational complexity of
modeling each other’s presence and predicting their actions
can make the system computationally intractable. Thus, it
isn’t directly equipped to handle sudden agent failures and
may require further refinement to be viable in large-scale or
highly dynamic environments.

Within the broader framework of multi-agent planning
in adversarial environments, recent works consider scenar-
ios where agents are attacked but retain partial function-
ality—such as the ability to communicate or relay informa-
tion—or where attacks only affect the system for a finite time
duration [37]–[39]. Another line of research in the multi-
agent reinforcement learning (MARL) literature addresses
failure models involving noisy or adversarial communica-
tion and proposed solutions robust to unreliable informa-
tion exchange [40]–[42]. In contrast, our study focuses on
maintaining effective multi-agent planning under sudden
agent attrition, which results in the complete and permanent
loss of an agent’s contribution.

Our paper focuses on problems where agents experi-
ence hard failures in an abrupt and unforeseeable fashion.
This unpredictable nature makes the existing techniques
not directly applicable. Therefore, more research is needed
to enhance the robustness and resilience of MAS in such
uncertain attrition scenarios. Our work explicitly tackles
this challenge by providing a new approach for online de-
centralized planning for multi-agents that does not require
precomputed offline policies and mental models. Instead,
agents reason about the actions and existence of others
using directly communicated information. We employ a
computationally effective game-based technique to coor-
dinate agents, enabling adaptive decision-making in the
presence of peer failures while ensuring fast convergence
in polynomial time relative to system size.

This paper is an extended and substantially revised
version of [43], presented at ECAI 2024, with the following
key additions:

• First, we provide a strengthened theoretical analysis
of the RM coordination step. We motivate the de-
sign of a cooperative coordination mechanism that
converges to an NE, introduce and justify a heuris-
tic equilibrium-selection rule, and expand the proofs
of Proposition 1 and Theorem 1 to clarify the role
of submodularity in guaranteeing convergence to a
pure-strategy NE (PSNE). We further analyse the price
of anarchy (PoA) to quantify the efficiency of the result-

ing equilibria relative to the global optimum.
• Second, we present a distributed and parallel imple-

mentation of the RM coordination algorithm and an-
alyze its computational complexity, showing that con-
vergence to an NE can be achieved in a scalable way.
The algorithmic description is made more precise, with
explicit definitions of the dynamically updated action
sets, best-response selection, and utility computation,
supported by full pseudocode for reproducibility.

• Third, the experimental evaluation is greatly expanded:
in addition to larger-scale and more complex en-
vironments, we consider a practical reference sce-
nario for oil-rig infrastructure inspection, using a
real-world dataset together with an acoustic commu-
nication model.

• Finally, we conduct a deeper investigation into the op-
timality of the PSNE produced by RM, linking the the-
oretical guarantees, including PoA bounds, to observed
performance in realistic scenarios, thereby strengthen-
ing the theoretical foundation and demonstrating ro-
bustness under practical operating conditions.

3 PROBLEM FORMULATION

3.1 Basic Assumptions
In this paper, we consider a set S of S regions of interest (ROI)
arbitrarily distributed within a volume of space, where Sk

is the k-th element of the set. We assume each region is a
sphere with an equal radius r, however, the formulation
could extend to more complex models. These ROIs may
model, for instance, an underwater wireless sensor network
(UWSN) deployed to monitor a seaport exit or an oil plat-
form complex that requires routine inspection. We assume
the locations of the ROIs do not change over time.

We consider a setN of N autonomous agents (e.g., mod-
eling autonomous underwater vehicles (AUV) or drones)
moving within the same given volume of space and period-
ically visiting the ROIs to gather information from them. The
agents then head to the gathering point of the volume, where
they relay the harvested information for further processing.
This formulation abstracts many multi-agent information-
gathering tasks, such as informative path planning [44] or
UWSN data collection [45].

We assume agents move along an undirected graph
G = (V,E) that is placed in the same space as the ROIs.
Each vertex vi ∈ V represents a location, and each edge
eij represents a feasible route from vertex vi to vj . A key
property of this graph is that it traverses at least once every
region of interest. This graph typically models constraints
to agent trajectories due to the morphology of the moni-
tored environment, presence of obstacles, ROI distribution,
and characteristics of agent movements, among others. The
specific way in which the graph is derived is thus ap-
plication and context-dependent. The graph is established
during system initialization and remains static throughout
the task’s duration. Without loss of generality, we assume
that all agents have prior knowledge of the motion graph
and the locations of the ROIs. Nevertheless, our framework
can be naturally extended to scenarios where agents main-
tain only an estimated model of the environment, which is
progressively refined through exploration during execution.
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TABLE 1
Key notations used in the paper.

Notation Description

S Set of S regions of interest
N Set of N agents
F Set of agents that fail during the mission
G Motion graph of the agents
pn Path of the n-th agent
p Joint paths for all agents
Pn Set of all possible paths of the n-th agent
P Collection of sets of all possible paths for

all agents
b(pn) Cost of the path pn
Bn Budget constraint of the n-th agent’s path
Ug Global utility function
Tn Search tree of the n-th agent
xn An action sequence of the n-th agent
Xn Set of all possible action sequences of the

n-th agent
X̂n Subset of M communicated action se-

quences of the n-th agent
X Set of all possible action sequences of all

agents
x∗ The pure-strategy Nash equilibrium joint

actions for all agents

A schematic representation of the system and an example of
the motion graph are illustrated in Fig. 1.

We denote the information-gathering task as a mission.
During a mission, each agent navigates the graph G, visiting
the regions of interest to gather information. A region Sk is
considered visited if it is traversed by an agent’s path. The
path of agent n during a mission is denoted by pn, repre-
sented as an ordered sequence of edges pn = (e1n, e

2
n, ...),

where consecutive edges in the path are connected by
vertices in the graph. The joint paths of all agents are
collectively denoted as p = (p1, ..., pn, ..., pN ). Each path
pn is associated with a cost b(pn), and each agent has a
path budget Bn such that the cost of that agent’s path
must not exceed this budget, i.e., b(pn) ≤ Bn. The budget
may represent a constraint on energy, distance, or time,
depending on the specific application.

At the beginning of the mission, every agent performs
distributed planning together to decide a path for each agent.
Each agent then executes its planned path by traversing the
first edge of the path, gathering information from all ROIs
for which it gets within their ranges. After that, all agents
exchange updates on their intended paths and on those
regions that have already been visited. Finally, they plan
their residual path with the newly available information.
This planning-executing procedure repeats until all regions
have been visited, or until all agents’ travel budget expires.

Each region of interest Sk is assigned a utility U(Sk), rep-
resenting the value of the information an agent may collect
from that region. The distributed path-planning objective

Collection Path

Sensor Node Surface BuoyAUV

Fig. 1. Example of a multi-agent information-gathering problem for the
case of data collection from UWSN scenario.

is to determine a path for each agent that maximizes the
global utility of the information-gathering task, where the
global utility is a function of the joint paths of all agents
p, denoted Ug(p). In this work, we focus on submodular re-
ward functions, which capture the property of diminishing
returns and naturally arise in a broad range of information-
gathering applications [46], [47]

Definition 1 (Submodular set function). Let g : 2Ω → R be
a set function where 2Ω is the power set of Ω. Then g is a
submodular function if for every X,Y ⊆ Ω with X ⊆ Y
and every x ∈ Ω \ Y the following inequality holds

g(X ∪ x)− g(X) ≥ g(Y ∪ x)− g(Y ) .

We assume that each agent is equipped with a wireless
communication interface (e.g., cellular for drones or an
acoustic modem for AUVs). The communication network
is modeled as an undirected, fully connected graph, where
nodes represent agents and edges denote the communica-
tion links. Each link has a transmission failure rate Pe deter-
mined by the communication model, which is application-
and context-dependent and is outside the scope of this
work. We assume that the planning-execution cycles can
be asynchronous between agents. Thus, the duration of
information exchange does not impact the performance
of our algorithm, and each agent will plan based on the
information it has available locally. For analytical simplicity,
we assume information exchange—whether among agents
or when visiting the region of interest to be instantaneous.
However, our approach can be readily extended to incorpo-
rate realistic communication delays.

3.2 Multi-agent Planning under Attrition Risks

We consider scenarios where a subset F of the N agents fail
during the mission. We focus on hard failures, where agents
interrupt reward collection and information exchange. We
assume the set of agents that fail F is unknown in advance,
and the time at which they fail is not determined by any ar-
bitrary criteria or distribution. Therefore, our solution does
not rely on knowing its size and probability distribution. In
the occurrence of a failure, all the utility collected by the
failed agent is lost, i.e., it is not considered anymore in the
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computation of the global utility of the mission. This models
a typical setup in information gathering, in which collected
data is relayed to data sinks only at the end of the mission.

Our goal is to provide an efficient planning and coordi-
nation mechanism that can quickly adapt to agent failures
and maximize the global utility of the mission within the
agent’s budget constraint. Let P = (P1, ..., Pn, ..., PN ), with
Pn denoting the set of all possible paths that satisfy the bud-
get constraint B, which starts at agent n starting position.
We define the following problem:

Problem 1. (Multi-agent planning under attrition risks)

maximize
p∈P

Ug(p) (1)

Subject to: b(pn) ≤ Bn, ∀n ∈ N (2)
0 ≤ |F| < N (3)

Constraint (2) derives from imposing that the total path
cost for the agent n is less than the travel budget Bn of
each agent. Intuitively, our goal is to find a path for each
agent that maximizes the global utility associated with the
regions observed by all agents throughout the mission, even
in scenarios where a subset F of agents fails. Such an
optimization problem cannot be solved efficiently. Indeed, it
is easy to see that Problem 1 is a variant of the well-known
NP-hard Vehicle Routing Problem (VRP). More specifically,
our formulation aligns with the Team Orienteering Problem
(TOP) [48], a VRP variant where multiple agents aim to
maximize total rewards collected from visiting a subset of
locations within individual budget constraints.
Remark 1. Our formulation builds on the Team Orienteer-
ing Problem (TOP) framework [48], [49], maximizing total
mission rewards within budget constraints rather than min-
imizing individual agent costs. This cooperative approach
ensures efficient coordination and adaptability, especially in
dynamic, high-attrition environments like disaster response
and smart-city applications [49]. By optimizing the global
objective, agents enhance mission success and reduce re-
synchronization costs during failures. While hybrid models
that balance global and local goals are a potential future
direction, our work prioritizes robust decentralized plan-
ning and real-time responsiveness, addressing critical gaps
in existing TOP models.

4 ATTRITABLE MCTS WITH REGRET MINIMIZA-
TION

In this section, we first give a brief introduction to Monte
Carlo Tree Search and its most popular decentralized ver-
sion. We then show the root cause of the inefficiency of
existing decentralized MCTS approaches with attrition.

4.1 Decentralized MCTS with Attrition Risk
MCTS is an online planning approach [6]. The tree Tn
for agent n is defined such that each node s of the tree
represents a state and each edge a starting from that node
represents an available action. A branch from the root node
to another node represents a valid action sequence. The
tree is incrementally grown via a four-step process: selection,
expansion, rollout, and backpropagation. Decentralized Monte

Carlo Tree Search (Dec-MCTS) [7] extends the power of
MCTS to MAS using intention sharing. Specifically, agent
n maintains a probability mass function qn(xn) over the set
of all possible action sequences Xn, where xn ∈ Xn is a
primitive action sequence. The intentions of other agents
except agent n are denoted by q−n and X−n. By taking
a probabilistic sampling from the communicated intention,
each agent can reconstruct the global utility. To create better
coordination, rather than optimizing directly for the global
utility Ug of the entire team, each agent n instead optimizes
for a local marginal contribution utility function Un. That is,
agent n estimates the rollout score Fn(xn) for executing xn

as:

Fn(xn) = Un(xn, x−n) = Ug(xn, x−n)− Ug(x−n) , (4)

where Ug(x−n) is the global utility without the contribution
of agent n.

We now analyze Dec-MCTS asymptotic behavior when
agents fail under the assumption that the global utility is a
submodular function (defined in Definition 1). In particular,
at iteration t, let xn denote the chosen action sequence
of agent n and x−n denote the combined sampled action
sequences of other agents. Assume that at the next iteration
t + 1, a subset of agents fails. Let x′

−n be the combined
sampled action sequences of all agents except agent n and
the lost agents (i.e., that is x′

−n ⊆ x−n).
Proposition 1. If the global objective function Ug is submod-
ular, then

F (t+1)
n (xn) ≥ F (t)

n (xn)

by the diminishing return property due to submodularity,
where Fn(xn) is defined in (4).

Proposition 1 states that if some agents fail during the
mission, the remaining agents would mistakenly perceive
that the contribution of their previous actions increases.
Hence, they would not be aware of the actual reduction of
the global utility and update their plans. Further analysis
of Dec-MCTS behavior, when agent failures occur after the
algorithm has converged, is presented in Appendix A.

While using marginal contribution as the local utility
function leads to suboptimal performance under agent attri-
tion, this choice was deliberate to support and enhance the
coordination mechanisms of existing decentralized MCTS
methods. Fixing this issue requires a new, context-aware re-
designed local utility function paired with a corresponding
coordination mechanism. In the next section, we present our
proposed algorithm for multi-agent planning under attrition
settings of Problem 1.

4.2 Overview of the A-MCTS algorithm
We develop Attritable MCTS (A-MCTS), an online decen-
tralized MCTS algorithm that quickly adapts to agents’ attri-
tion and efficiently coordinates action between the remain-
ing agents. Its performance mainly relies on two key factors,
including the joint-utility-guided decentralized tree search
and the best response policy given the shared intentions of
others. Each agent runs A-MCTS distributedly to plan for
itself a path that is expected to maximize the total utility
of the whole mission. Agents then execute the first planned
action and observe any changes. After that, they perform
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X^1

X^

X^2

X^3
xRM1

xRM2

xRM3

Solve the cooperative game using Regret Matching
and communicate the solution xRM

Grow the search tree using the best response joint policy
and communicate the best actions

xBR

Synchronize the best response joint policy xBR

Fig. 2. Overview of the A-MCTS algorithm. Agents incrementally grow the search using the best response policy xBR and communicate their best
actions X̂ . Regret Matching is then used to compute distributively a joint policy for the cooperative game. These solutions are synchronized and the
most payoff-dominant is chosen as the best response policy xBR.

Algorithm 1 A-MCTS algorithm for agent n
Input: Global objective function Ug , actions budget Bn

Output: best action sequence x∗
n for agent n

1: Tn ←Initialize MCTS Tree
2: while computation budget not met do
3: X̂n ←Select Subset From(Tn)
4: (X̂ , X̂−n)←Communicate and Update(X̂n)
5: xBR ←Regret Matching Coordination(X̂ ) (Algo. 2)
6: for fixed number of iterations do
7: xn ←D-UCT Select, Expand & Rollout(Tn, Bn)
8: Fn ←Ug(xn, x

BR
−n )

9: Tn ←Backpropagation(Tn, Fn)
10: x∗

n ←Best Next Action(Tn)
11: return x∗

n

replanning from their new state and update the planned
paths based on newly available information. The search tree
may be pruned by removing all children of the root except
the selected branch. This cycle of planning and execution
continues until the travel budget expires. The pseudo-code
of A-MCTS for agent n is shown in Algorithm 1.

The tree Tn of agent n is incrementally built over its
action sequences space Xn while considering the possible
behaviors of others X−n (Algorithm 1, Line 6-9). In the
selection phase, the discounted upper confidence bound on
Tree (D-UCT) [7] is applied to handle the abrupt changes in
reward values caused by the actions of other agents.

The key idea of our proposed algorithm is that every
agent’s search trees should be guided by the same utility
of the joint action sequences. This is achieved by letting all
agents optimize their local actions directly using the global
utility Ug (Algorithm 1, Line 8). This approach enables
agents to directly optimize global welfare Ug while allowing
them to be aware of both the relative quality of their actions
xn and the potential reduction in global rewards caused by
attrition. However, the uncertainty in other agents’ plans
has also been shown to degrade the overall performance
when using the global objective function to optimize local

actions [50]. To overcome this issue, we propose to let each
agent improve its policy iteratively while assuming others
keep their policies fixed.

More precisely, given a set of all possible action se-
quences of all agents X = (Xn,X−n), A-MCTS will pe-
riodically compute a “best response” set of joint action
sequences that maximize the joint utility for all participants
xBR := {xBR

n , xBR
−n } (Algorithm 1, Line 5). Each agent

will then assume other agents coordinately determine their
policies following such “best response” xBR

−n and uses such
information to compute the utility for its action sequence
selection while growing the MCTS tree (Algorithm 1, Line
8). In general, the cardinality of Xn can be very large
and it grows exponentially. To reduce the computation and
communication requirements, we consider only those dy-
namically updated subsets X̂n ⊆ Xn of the most promising
action sequences. The set X̂n is chosen as the best rollouts
of M fixed nodes in the search tree Tn with the highest
discounted empirical average (Algorithm 1, Line 3). We then
define the following problem:

Problem 2. (Best joint policy for multi-agent planning)

maximize
(x1,x2,...,xN )

Ug(x1, x2, ..., xN ) (5)

Subject to: xn ∈ X̂n, ∀n ∈ N (6)

The objective is to find an action profile (x1, x2, . . . , xN )
that maximizes the global utility Ug(·). Such an optimization
problem has been shown to be NP-hard with a submod-
ular utility function [51]. Seeking a Nash equilibrium (NE)
(where each agent’s policy is the best response to the others)
that achieves a good efficiency compared to the optimal
solution is more desirable in these cases [52]. A greedy
algorithm is usually employed to find an approximation
solution [53]. However, we will show later with simulations
that greedy solutions can be substantially suboptimal even
in scenarios with few agents. In the following section, we
provide a distributed regret-based solution to Problem 2
that quickly and efficiently computes an NE joint policy for
multi-agent systems, regardless of their complexity.

6
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Algorithm 2 Regret Matching Coordination algorithm
Input: Global objective function Ug , joint compressed action

sequences set X̂ = (X̂n, X̂−n)
Output: Best response joint action sequences xBR

1: Every agent n ∈ N performs the following steps 2− 12
2: Initialize R to zeroes and p to uniformly random
3: for t = 1, 2, . . . do
4: x(t)←Sample(X̂ , p)
5: for each xnm ∈ X̂ do
6: Rnm ←Rnm + Ug(xnm, x

(t)
−n)− Ug(x

(t))
7:

p(xnm)←


R+

nm∑M
j=1 R+

nm
if
∑M

j=1R+
nm > 0

1
M otherwise

8: end for
9: end for

10: xRM
n ← argmaxxim∈X̂i

[p(xim)], ∀i ∈ N
11: xRM

−n ←Communicate and Update(xRM
n )

12: return xBR ← argmaxx∈{xRM
n , xRM

−n } Ug(x)

4.3 Regret Matching For Cooperative Coordination

We consider the distributed solution of the optimization
Problem 2 where each agent decides its path based on local
information and limited communication from its peers. We
aim to design a decision-making method that is capable
of operating and adapting with occasional communication
or less, where every agent acts solely based on its local
observation and does not need to constantly communicate
every decision with the others. This is to guarantee that the
algorithm can effectively handle the agent attrition situation
described in Section 3.2. The main difficulty here is how
to ensure the independent decisions of the agents lead to
jointly optimal decisions for the group. To address this
challenge, we formulate the problem of finding an action
sequence for each agent that collectively maximizes the joint
utility as a multi-agent cooperative game. We then propose
a distributed mechanism, where every agent independently
simulates a multi-player cooperative game based on the
local information available to itself and solves the game by
self-play. For this purpose, a game theory learning algorithm
based on the Regret Matching technique [14] is employed to
approximate the Nash equilibrium of the game.

Let X̂ = (X̂n, X̂−n) denote the joint set of action se-
quences that are shared between all agents, and xnm denote
the action sequence m of agent n. In our approach, period-
ically, every agent independently constructs a matrix game
in which the set of players contains all the active agents
and the set of actions is X̂ . At this stage, each agent applies
the Regret Matching (RM) procedure as proposed in [14]
to its estimated matrix game to compute a best response
joint decision. The pseudo-code of our RM game is shown
in Algorithm 2.

At each iteration t, an action xnm ∈ X is sampled for
each agent based on a probability distribution (Algorithm
2, Line 4). Let p denote this probability distribution where
p(xnm) is the probability for xnm and

∑M
j=1 p(xnj) =

1, ∀n ∈ N . With x(t) := {x(t)
n , x

(t)
−n}, we denote the sampled

set at iteration t, where x
(t)
n is the sample action for agent n

and x
(t)
−n is the sampled actions for all agents except agent

n. We then define the regret of agent n for not taking action
m at iteration t as

R(t)
nm = Ug(xnm, x

(t)
−n)− Ug(x

(t)). (7)

Denote R as the cumulative regret matrix where an ele-
ment Rnm is the regret for xnm and R+

nm = max{Rnm, 0}.
Then, the probability distribution p used at the next iteration
will be updated as

p(xnm) =


R+

nm∑M
m=1 R+

nm
if
∑M

m=1R+
nm > 0,

1
M otherwise.

(8)

Intuitively, each agent treats its current strategy as a
reference point and evaluates whether to switch based on
how much better other actions appear. If an alternative
action could have produced a better outcome, the agent
assigns it a positive probability of being selected next time,
proportional to the regret relative to its current choice. Thus,
when regrets are small, the agent is less likely to change
strategies, encouraging gradual and adaptive behavior.

Denote by xRM
n the joint action profile with the highest

probability p(xnm) under regret matching as computed by
agent n, and by xRM

−n the corresponding profile for all
other agents. These candidate profiles are exchanged among
agents, and the most payoff-dominant solution is selected as
the best response joint decision:

xBR ← arg max
x∈{xRM

n , xRM
−n }

Ug(x). (9)

In our identical-interest setting, this rule ensures that,
among the Nash equilibria reached by distributed RM,
the system consistently adopts the payoff-dominant one,
thereby avoiding efficiency loss. The candidate set is small,
as it is drawn from the most probable RM outcomes,
making the selection computationally efficient. As demon-
strated later in Section 6.2.4, this selection rule achieves
near-optimal performance in practice.

5 ANALYSIS OF A-MCTS
5.1 Optimality of Nash equilibrium solution

It has been shown in [54] that there exists no polyno-
mial time algorithm to compute a pure NE in multi-agent
nonzero-sum stochastic games. Hence, we employ an ap-
proximate method of finding the NE by proposing a decen-
tralized Nash selection method based on Regret Matching
for making choices in a multi-agent matrix game formulated
at each decision-making state. Regret Matching is a regret-
based algorithm for learning strategies in games and is
often used to compute correlated equilibria in multi-agent
repeated games with imperfect information. Although the
regret matching technique has been widely used for non-
cooperative games, its application in cooperative games,
such as the problem studied in our paper with a submodular
utility function, has only been recently explored [55].

In our approach, each agent’s local utility is set to the
global reward function, forming an identical-interest game—a
special case of potential games [56]. In such a game, there is
a strong alignment between the interests of all agents, which
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guarantees that any joint action maximizing the global
objective is a pure-strategy Nash equilibrium (as defined
in Definition 2) [57]. By letting the agents use the global
objective Ug to calculate the regrets and leveraging the
submodularity property, we theoretically prove that Regret
Matching converges to the approximate pure-strategy Nash
solution, offering stronger guarantees than the commonly
used correlated equilibrium.

Definition 2 (Pure-Strategy Nash Equilibrium). A pure-
strategy Nash equilibrium (PSNE) is a joint action profile
x∗ = (x∗

n, x
∗
−n) ∈ X̂ if for all n ∈ N and all xn ∈ X̂n such

that: Un(x
∗
n, x

∗
−n) ≥ Un(xn, x

∗
−n) .

Theorem 1. The best response joint decision xBR computed
using RM, under the assumption of submodular utility func-
tions, is a PSNE solution of the matrix-game representation
generated by the set of best feasible paths X̂ chosen by every
agent at each decision point.

The proof of Theorem 1 is presented in Appendix B.

Remark 2. The theoretical guarantees in Proposition 1, The-
orem 1, and the Nash-convergence result rely on the global
reward function being submodular. This property, satisfied
in many cooperative sensing and coverage tasks with dimin-
ishing returns (e.g., independent sensing, non-overlapping
coverage), ensures the induced game is a potential game
whose pure-strategy Nash equilibria align with high-reward
joint actions. In non-submodular settings (e.g., correlated
sensing with synergy, penalties for overlap, or other neg-
ative interactions), the potential-game structure may not
hold, and our Nash-convergence guarantee no longer di-
rectly applies. Nevertheless, the regret-matching procedure
converges to the set of correlated equilibria in any finite
game with bounded payoffs [14], so the learning dynamics
remain stable in that broader sense. We focus on submodu-
lar cases because convergence to a PSNE enables determin-
istic task allocation and predictable system performance. A
PSNE also provides a stable joint strategy profile in which
no agent can improve its outcome by unilaterally deviating.
This stability is particularly valuable for coordinating agents
with a common objective under uncertainty or limited com-
munication.

Remark 3. The Price of Anarchy (PoA) measures the effi-
ciency of the worst-case NE relative to the optimal outcome
[57]. Given the nature of identical interest games, where
every NE inherently maximizes the global objective, the
PoA is generally considered to be 1, indicating no efficiency
loss due to self-interested behavior. Yet, a remaining chal-
lenge is that there often exists multiple NE, and thus how
to make sure the combination of these individual Nash-
based strategies, which each agent independently computes,
defines an optimal equilibrium. The selection of a good
Nash equilibrium among the many options, known as an
equilibrium selection problem, remains an open question
for further investigation. Within the scope of this work, to
address this dilemma, we propose that the agents synchro-
nize their reached Nash points to identify the most payoff-
dominant Nash solution. The agents then simply follow the
best computed Nash equilibrium to select their decisions.
In Section 6.2.4, we demonstrate via extensive simulation
results that our approximate Nash-based approach achieves

an overall good efficiency compared to the optimal solu-
tion and substantially improves over the main competing
approaches, both in terms of convergence speed and global
utility achieved.

5.2 The distributed and parallel execution of RM
In MAS, where agent loss and unreliable communication are
expected to occur, a single point of failure is often unaccept-
able. Moreover, a centralized approach that requires a global
view of the game is often intractable due to the exponential
growth of the game’s size and complexity. To address these
challenges, we devise a distributed approach for executing
the coordination algorithm.

In our approach, when an agent experiences a temporary
loss of communication with its teammates, it continues op-
erating by predicting their behaviours through simulating
their likely decisions based on the most recent information
received. For analytical tractability of the Regret Matching
convergence, we assume instantaneous and reliable com-
munication during the planning phase. However, in the
practical implementation and evaluation, communication
intermittence is handled heuristically: repeated losses of
communication beyond a predefined threshold are inter-
preted as an agent attrition event. When this occurs, the
remaining agents form a new game involving only the
active participants. Unlike existing methods that reiniti-
ate the entire planning process—often incurring significant
computational overhead—our approach restarts only the
cooperative game. This subproblem is considerably smaller
in scale, enabling our proposed algorithm to solve it quickly
and efficiently.

The distributed execution of RM enables agents to in-
dependently learn and adapt their strategies using local
information, eliminating the need for a central authority
or synchronous communication. Furthermore, the parallel
execution of RM (with agents running the same algorithm
concurrently) facilitates the exploration of multiple NE,
helping to avoid local optima and identify the most payoff-
dominant solutions.

5.3 Computational complexity of Algorithm 2
Regret Matching was proven to guarantee a convergence
rate of O(1/

√
(T ) after T iterations [14]. We discuss here

how Algorithm 2 scales with respect to the size of the
problem and the number of available actions for each agent
to choose from. For matrix games, where each agent has a
finite set of actions and the payoffs are given by a matrix,
the RM algorithm can be implemented in polynomial time.
Specifically, a matrix game with N agents and at most M
actions per agent has MN action combinations in total.
Each agent has one local utility (or payoff) for each action
combination, and thus it requires N ×MN integer numbers
to represent all possible agents’ utilities. Therefore, as the
number of agents and the number of actions per agent
increase, the size of the game tree grows exponentially,
making it intractable to compute the entire tree in memory
or time using a centralized approach.

In contrast, our proposed algorithm significantly reduces
the computational complexity required to find an NE so-
lution. At each learning time step, each agent learns only
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its utility vector (of size at most equal to M ) to update its
action decision policy in the next step. As a result, the total
amount of queries over time required by each agent to run
the algorithm will scale according to O(M × T ), where T is
the number of iterations until convergence. Note that in the
implementation of our proposed approach, each agent has
to do the same calculations for other simulated agents. Thus,
the total computational complexity of our solution would
scale as ∼ O(N ×M × T ), which is linearly proportional
to the number of agents, the number of agents’ actions, and
the number of iterations until convergence. Consequently,
our proposed approach can converge to an NE solution in a
distributed and scalable way, making it more suitable, effec-
tive, and practical in real-world scenarios, where the agents
may have access to different and asynchronous information.

5.4 Communication overhead of A-MCTS
In A-MCTS, each agent periodically selects and broadcasts
a set of M action sequences to its N teammates as inputs
to the Regret Matching coordination algorithm. Each agent
then computes a joint action profile—containing N action
sequences, one for each agent—which is shared with the
others to identify the most payoff-dominant joint decision.
Let each action sequence have a maximal payload size of
A bytes, and let communication occur once every c plan-
ning iterations. Over a total of T iterations, the per-agent
communication cost is:

O
(
(M +N)×A×

⌈
T

c

⌉)
.

In contrast, in Dec-MCTS [7], each agent sends M action
sequences and their associated probabilities to its N team-
mates at every planning iteration. If the maximal combined
payload of a sequence and its probability is A′ > A, the
per-agent communication cost becomes:

O (M ×A′ × T ) .

Thus, A-MCTS substantially reduces communication
overhead by sending messages only at periodic intervals
(every c iterations), whereas Dec-MCTS communicates at
every iteration with larger messages. This leads to improved
scalability and bandwidth efficiency, particularly in large
multi-agent systems or bandwidth-limited environments.

6 EXPERIMENTAL EVALUATION

6.1 Experimental Setup
6.1.1 System Components
In this section, we evaluate the performance of our A-
MCTS algorithm as a function of the main system param-
eters. To this end, we consider a collaborative information-
gathering task using multiple autonomous underwater ve-
hicles (AUVs). To properly evaluate the proposed approach
in this domain, we adopt a well-accepted underwater acous-
tic communication model described in detail in [58], [59].
Underwater acoustic communication typically experiences
path loss due to acoustic energy transfer into heat in the
medium. The empirical formula for path loss, calculated
based on the distance d and frequency f , is given in [60]
as

TABLE 2
Underwater acoustic communication parameters.

Parameter Value

Transmission Frequency 13 kHz
Transmission Power 1 W
Bandwidth 1 kHz
Packet Size 256 symbols
Wind speed 2.5 m/s
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Fig. 3. Transmission failure rate for different wind speeds.

A(d, f) = dka(f)d, (10)

where k is the propagation loss with a practical value of 1.5.
In addition, a(f) is the absorption efficiency (in dB/km)
which can be obtained using Thorp’s relation [60] as

10 loga(f) = 0.11
f2

1 + f2
+ 44

f2

4100 + f2

+2.75x10−4f2 + 0.003.

(11)

For a transmission power P and bandwidth B, the
average signal-to-noise ratio (SNR) at the receiver side is
then calculated as

SNR(d, f) =
P

A(d, f)N(f)B
, (12)

where N(f) is the total noise level considering turbulence,
shipping activities, waves, and thermal noise [60]. Finally,
based on the obtained SNR, we can approximate the proba-
bility of transmission failure for a packet of N symbols as

Pe = 1−
(
1− 1

4SNR

)N

. (13)

The system parameters used in our simulations are given
in Table 2 and Fig. 3 shows the corresponding transmission
failure rate. With each communication attempt, we assume
an agent only transmits its message exactly once.

For what concerns the reference scenarios, we consider
two sets of experiments modeling a data collection task
from UWSN and an oil rig infrastructure inspection task.
We formalize these tasks as follows:
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Oil Rigs

Agent Paths

Inspection Regions

Fig. 4. Example of multi-agent information gathering task for the case
of oil rigs inspection. A team of 5 agents coordinates their plans (blue
paths) to inspect the set of oil rigs (red circles) in the Gulf of Mexico.

• Data collection from UWSN (DC): In this set of exper-
iments, we consider a scenario consisting of 200 uni-
formly distributed sensors in a 4 km × 4 km plane and
a team of AUVs with random starting positions. We
assume the sensors have a uniform transmission radius
of 50 m (i.e., typical for UWSN [61], [62]). Since the
data is harvested over a short distance, we assume the
transmission is instantaneous and not affected by water
flow. Moreover, the scale of the system ensures compre-
hensive communication coverage among the agents in
these experiments. This is intended to provide a more
thorough examination of the underlying fundamentals
of the proposed algorithms.

• Oil rig inspection (ORI): In this set of experiments, we
consider a scenario consisting of 1000 oil rigs dis-
tributed over a 200 km × 100 km region in the Gulf of
Mexico. Their ground truth locations are obtained from
[15]. A team of AUVs is tasked to visit 200 randomly
chosen oil rigs from a range of 2.5 km. The AUVs
are assumed to have the same starting position. An
example of this scenario is illustrated in Fig. 4. This is
an interesting real-world assessment of our algorithm
in a realistic, non-uniform distribution of rewards and
a larger system scale. In addition, we consider both
perfect and practical communication models (i.e., as
described above) for this set of experiments.

We assume the motion graph G of feasible paths in each
scenario lies on the same 2-dimensional plane as the sensor
and oil rig planes. The graphs are constructed using a proba-
bilistic roadmap with a Dubins path model [63]. This model
employs curves to refine the straight-line segments connect-
ing waypoints and is extensively utilized for representing
motion constraints pertinent to vehicle-like nonholonomic
robots such as AUVs [64]. The corresponding graph G for
the DC scenario consists of 400 vertices and an average
of 19000 edges, and for the ORI scenario consists of 1000
vertices and 37000 edges.

For both scenarios, we assume the rewards for each data
harvesting from sensors and inspection from oil rigs have a
baseline value of 1. If a region Rk is revisited multiple times,
its contribution to the global utility diminishes according to

TABLE 3
Main features of the considered algorithms.

Algorithm
Utility

Function
Collaboration

Mechanism
Reset

Planning

A-MCTS
Global
utility

Regret
matching

No

Cen-MCTS
Global
utility

No No

Dec-MCTS
Marginal

contribution
Probabilistic

sampling
No

Global-MCTS
Global
utility

Probabilistic
sampling

No

Reset-MCTS
Marginal

contribution
Probabilistic

sampling
Yes

Greedy-MCTS
Global
utility

Greedy No

a geometric decay factor α ∈ [0, 1). Specifically, if region Rk

is visited nk times, its utility is given by:

U(Rk, nk) =
nk−1∑
i=0

αi =
1− αnk

1− α
. (14)

The global utility is then defined as the sum of these utilities
across all regions,

Ug(p) =
S∑

k=1

U(Rk, nk), (15)

where nk is the number of visits to Rk under the joint
paths p. This reward model captures diminishing-but-non-
zero marginal gains from revisits, which are common in
information gathering tasks such as pollution monitoring,
disaster management, or temporal change detection. When
α = 0, the objective reduces to the only unique visits
contributing to the reward, a setting widely adopted in
prior works [7], [65]. Thus, our formulation generalizes
the submodular property while remaining computationally
efficient.

6.1.2 Baseline Methods

To perform an accurate evaluation of the performance of our
A-MCTS scheme, we considered the following baselines:

• Centralized MCTS (Cen-MCTS): A single search tree is
built for all of the M harvesting agents with the actions
of agent m are at tree depth (m,m + M,m + 2M, ...).
The action sequences for all agents are planned offline
and then executed online.

• Dec-MCTS [7]: It is the state-of-the-art decentralized
multi-agent planning. In it, agents build their search
tree with a marginal contribution utility function and
adapt the same tree for online replanning.

• Dec-MCTS with global utility (Global-MCTS): In this mod-
ification of Dec-MCTS, agents build their search tree
with the global utility function and adapt the same
tree for online replanning. We examine this variation
to show that altering the utility function alone would
not enhance performance against attrition.
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• Dec-MCTS with reset (Reset-MCTS): In this modification
of Dec-MCTS, agents are assumed to be fully aware of
attrition occurrences via an oracle and reset the tree for
online replanning. We examine this variation to show
that frequent resetting of the trees may adversely affect
the algorithm’s performance.

• A-MCTS with greedy optimization (Greedy-MCTS): In this
scheme, we replace the RM Coordination (Algorithm
2) in our A-MCTS with a greedy algorithm, in which
every agent sequentially picks the actions that deliver
the highest immediate rewards for collaboration. We
examine this variation to show that greedy solutions
can be substantially suboptimal in MAS coordination.

Table 3 compares the key features of the considered
algorithms, i.e., the utility function, the collaboration mech-
anism, and whether they handle attrition via planning reset.

For all algorithms, the discounting factor is set to 0.7,
and the exploration parameter is set to 0.4 (i.e., within the
ranges recommended in [7] to ensure the balance between
exploration and exploitation). Each agent compresses its
tree into a set of 10 possible paths for every 100 iterations.
Unless otherwise stated, we assume 20 agents move in the
graph and the geometric decay factor α for revisit values
is set to 0. We adopt two different types of planning time
and travel budgets for each scenario to demonstrate the
versatility of our method. Specifically, in the DC scenario,
the default planning time is 500 iterations, and the default
uniform travel budget is 9 actions. In the ORI scenarios,
the default planning time is 60 seconds, with the default
uniform travel budget is 200 km. These choices have proven
sufficient to enable comprehensive coverage of all targeted
rewards within the respective scenario. In realistic applica-
tions, determining the appropriate number of agents and
travel budgets must account for the size of the area under
surveillance and the communication range of the agents.

To model attrition in the population of agents, we as-
sume that every agent has the same probability of failing
during the mission and that the time at which each failure
takes place is distributed uniformly at random throughout
the mission duration. The key metric we use to evaluate
the performance of the considered algorithms is the Instan-
taneous reward coverage (IRC), i.e., the fraction of available
rewards covered (i.e., collected) at a given time.

6.2 Evaluation Results

6.2.1 Performance Benchmarking
To perform a baseline evaluation of our algorithm’s adapt-
ability to agent attrition, we analyze the IRC under varying
levels of failure intensity, defined as the fraction of agents
that fail during the mission. Fig. 5(a)-(c) shows the improve-
ment of the decentralized planning algorithms over the
centralized method across different failure intensities and
environment scenarios. As expected, the performances of all
algorithms decline with increasing failure intensity, which
reflects a reduction in reward coverage due to the decreased
number of agents remaining in the system. Notably, when
more than 50% of agents fail, Reset-MCTS surpasses Dec-
MCTS, as the smaller system size requires fewer iterations
for replanning. Conversely, larger systems demand more
time for agents to learn the environment; thus, frequent

resets impair the algorithm’s performance. To further inves-
tigate this effect, we evaluate the influence of planning time
on the IRC with a default failure intensity of 50%. Indeed,
as demonstrated in Figure 5(d)-(f), the performance of Reset-
MCTS improves as more planning time is available.

These results suggest that resetting the tree for replan-
ning does not consistently result in improvements over non-
reset methods. This is because each MCTS process begins
with an exploration phase, during which agents deliberately
take random actions to learn the reward distribution. Con-
sequently, resetting the tree prematurely, without sufficient
planning, leads to suboptimal joint policies derived from
this exploratory phase. On the other hand, due to the use of
the marginal contribution utility combined with a submodular
reward function, Dec-MCTS fails to recognize the reduction
of the global reward and hence is unable to adapt to failures
efficiently.

Additionally, the sampling of other agents’ action se-
quences introduces significant variance in estimating global
utility, degrading coordination quality. Indeed, simply
adopting the global utility function is insufficient, as Global-
MCTS performs the worst across all cases. By assuming
that the policies of other agents are fixed, both A-MCTS
and Greedy-MCTS can overcome this instability and adapt
more effectively to agent failures. Especially under perfect
communication conditions, A-MCTS consistently outper-
forms the other approaches thanks to its regret matching
coordination mechanism, which can discover superior joint
policies and guide the exploration-exploitation process of
the search tree better. In practical communication models,
however, the performance of all decentralized algorithms
deteriorates when agents are too far apart to exchange
information. Moreover, A-MCTS and Greedy-MCTS exhibit
comparable performance, as each agent would operate
largely independently under both schemes. Despite these
challenges, our proposed method maintains a sustainable
10% improvement over the centralized baseline.

It is also noteworthy how the distribution of rewards
affects the performance of decentralized solutions in attri-
tion settings. In the DC scenario, for instance, the uniform
reward distribution requires greater coordination among
agents to explore the environment efficiently. This allows
decentralized methods to outperform Cen-MCTS under
perfect communication conditions. Conversely, in the ORI
scenario, the centralized method can cover a significant
amount of rewards due to their concentration in a par-
ticular region. As a result, the performance gains of Dec-
MCTS and its variants are substantially diminished, par-
ticularly under high attrition rates. Nevertheless, thanks to
its regret matching coordination mechanism, our A-MCTS
algorithm substantially maintains an advantage over other
approaches, demonstrating superior adaptability to attrition
risks regardless of reward distribution.

The complexity of multi-agent coordination is also sig-
nificantly influenced by the number of path exchanges
between agents. Increased information exchange potentially
leads to better algorithm performance, albeit at the expense
of greater computational resources and time. To investigate
this trade-off, in Fig. 5(g)-(i) we assessed the impact of vary-
ing the number of exchanged components on the IRC with a
default failure intensity of 50%. As expected, our proposed
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Fig. 5. Impact of failures intensity (the fraction of agents that fail) (top), planning time (middle), and number of exchanged components (bottom)
on the algorithm’s performance for different environment models: DC (left), ORI with perfect communication (middle), and ORI with practical
communication (right). Results are with 95% confidence interval.

algorithm’s performance improves with greater information
exchange, whereas the discounted algorithms exhibit no
such benefit. Indeed, with more exchanged components,
the utility of the joint policy discovered by regret matching
also improves. However, given the finite number of optimal
policies in a multi-agent game, increasing the number of ex-
changed components eventually yields diminishing returns.

6.2.2 Impact of Parameter Settings
In this section, we investigate the impact of the system’s
key parameters on the performance of our solutions, with a
special focus on its scalability and robustness. Specifically,

we evaluate the impact of the travel budget B, the number
of agents N , the number of rewards, and the value of the
geometric decay factor α. Fig. 6 illustrates the impact of
these parameters on the instantaneous reward coverage, for
a default failure intensity of 50%.

As shown in Fig. 6(a)–(c), A-MCTS consistently out-
performs other distributed approaches and retains a clear
advantage over the centralized method, even as the action
budget increases and decentralized planning becomes more
challenging. A similar trend is observed when scaling the
number of agents (Fig. 6(d)–(f)). However, as either the
travel budget or the number of agents grows large, the
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Fig. 6. Impact of travel budget (first row), number of agents (second row), number of rewards (third row), and revisit factor α (last row) on the
algorithm’s performance for different environment models: DC (left), ORI with perfect communication (middle), and ORI with practical communication
(right). Results are with 95% confidence interval.
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Fig. 7. Impact of allowed inter-agent communication loss on the performance of A-MCTS for different environment models: DC (a), ORI with perfect
communication (b), and ORI with practical communication (c).

relative benefit of decentralized planning diminishes due
to the finite number of rewards. In these cases, agents must
also traverse edges leading to less valuable regions, for ex-
ample, those farther from dense reward clusters. We further
study the effect of reward density by varying the number of
rewards within the same area. As expected, increasing the
number of rewards enlarges the effective coverage region.
Nevertheless, Fig. 6(g)–(i) shows that A-MCTS maintains
consistent improvements over other methods under this
scaling.

Finally, we study the impact of the geometric decay
factor α that regulates the value of revisits. As shown in Fig.
6(j)-(l), the improvement of A-MCTS over other baselines
decreases as α increases. This is because as α approaches 1,
the diminishing-return effect is weakened, even though the
submodularity property still holds. As a result, the practical
severity of attrition is reduced since the revisits remain
nearly as valuable as the first visits. However, even in this
regime, A-MCTS still consistently outperforms all baselines,
confirming its coordination and planning advantages.

Taken together, these results demonstrate that A-MCTS
is a scalable and robust distributed planner for cooperative
multi-agent systems under attrition risks.

6.2.3 Trade Off Between Communication Loss and Attrition
for A-MCTS Analysis

In our approach, repeated communication loss serves as an
indicator of agent attrition. However, in practical applica-
tions, inter-agent communication is often unreliable. If the
algorithm is overly sensitive to communication loss, it can
mistakenly treat delayed messages as signs of agent failures.

To investigate this issue, in this section, we examine how
varying levels of tolerance to communication loss impact the
performance of A-MCTS. Specifically, we parameterize this
tolerance by the number of communication failures an agent
must experience with another agent before being classified
as lost to attrition. Fig. 7 shows the IRC against different
thresholds for allowable inter-agent message loss. In the DC
scenario, A-MCTS shows no noticeable degradation with
up to 5 instances of message loss. However, in the ORI
with a perfect communication scenario, the performance de-
clines rapidly as the algorithm becomes more loss-tolerant.
Indeed, the surviving agents are unable to detect attrition
quickly enough, impairing their ability to adapt efficiently.

TABLE 4
Optimality analysis of regret matching.

Parameters Value PFO (%) RNO (%)

Actions per Component

7 100 -
9 95 96.47
11 90 97.89
13 85 99.06
15 70 98.72

Number of Agents

2 100 -
3 100 -
4 90 96.66
5 95 97.22
6 95 96.47

Number of Components

10 95 96.47
11 85 98.78
12 85 98.81
13 85 98.47
14 85 98.47

Revisit Factor α

0.0 95 96.47
0.2 80 99.78
0.4 85 99.54
0.6 95 99.83
0.8 95 99.85

This is due to the increased complexity and larger scale of
the ORI scenario, characterized by a non-uniform reward
distribution. Interestingly, in the same ORI scenario but
under a practical communication model, A-MCTS performs
better when the tolerance is low. This outcome aligns with
expectations, as realistic multi-agent communication is often
intermittent, and a loss-tolerant algorithm helps prevent
false positives regarding attrition.

6.2.4 A Closer Look At Regret Matching Behavior
In this section, we study the optimality of the NE policy
computed by the regret matching algorithm in A-MCTS in
the context of the multi-agent data collection from UWSN
problem (the DC scenario). We use the following two met-
rics to evaluate the performance of our algorithm:

• Probability that the NE policy is optimal in a given setting
(PFO):

PFO =
1

T

T∑
t=1

1{p(t)=p∗(t)}
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• Ratio between the utility of the NE policy and the optimal in
a given setting (RNO):.

RNO =
Ug(p(t))

Ug(p∗(t))

The optimal strategy is computed using exhaustive
search. Table 4 shows the results of this study with a default
number of agents of 6, number of components per agent of
10, number of actions per component of 9, and geometric
decay factor α of 0. As expected, the probability of finding
the optimal strategy decreases as the number of agents,
components, or actions increases. This is because the game
size or complexity grows exponentially with these param-
eters, thus potentially causing regret matching to get stuck
at local optimal points. Nevertheless, even in such cases,
A-MCTS consistently achieves at least 96% of the optimal
value, demonstrating strong robustness. Finally, varying
the revisit factor α has no noticeable effect on either PFO
or RNO, confirming that our regret-matching coordination
mechanism remains effective for any submodular utility
function, regardless of the strength of diminishing returns.

7 CONCLUSIONS

Efficiently coordinating multi-agent planning for informa-
tion gathering poses a significant challenge in real-world
applications with attrition risks. In our work, we intro-
duced a novel approach to address this issue. Our pro-
posed algorithm, Attritable MCTS (A-MCTS), enables ef-
fective coordination among agents by allowing all agents
to collaboratively optimize global utility through a new
coordination technique based on regret matching and adapt
to attrition. Our empirical results show that A-MCTS sig-
nificantly outperforms the best existing methods regarding
global utility and scalability, especially in environments
with high attrition rates. As a follow-up, we plan to adapt
our algorithm for applications with non-submodular reward
functions, enabling its application to more general and
complex environments.

The problem formulation considered in this paper is
general in that we are focused on submodular reward func-
tions, which naturally arise in a broad range of information-
gathering applications. While the generalized utility model
used in our experimental section captures diminishing-
but-non-zero marginal gains, it remains a simplified sur-
rogate compared with the information-theoretic objectives
commonly used in high-stakes monitoring tasks (e.g., mu-
tual information, conditional entropy, or Age of Informa-
tion). Extending A-MCTS to operate under such dynamic,
correlation-aware reward models, therefore, represents an
important direction for future research.

Another promising avenue is to incorporate heteroge-
neous agents into both the system model and theoretical
analysis. Our current formulation assumes homogeneous
agents with identical travel budgets, motion constraints,
and traversal costs. Relaxing these assumptions to account
for heterogeneous vehicle capabilities and energy models
would substantially enhance the applicability of our ap-
proach to real-world multi-robot systems.
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