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Abstract—This paper addresses the challenge of efficient multi-
agent planning for capturing multiple dynamic objects using deep
reinforcement learning (DRL). We propose a scalable solution
based on the multi-agent proximal policy optimisation (MAPPO)
with three key innovations. First, we employ a dynamic state
representation that adapts to a variable number of objects, en-
suring scalability. Second, we introduce an optimal task allocation
mechanism using the Hungarian algorithm to provide a cooper-
ative signal for agent assignments. Finally, this is coupled with
a multi-component reward function designed to incentivise both
rapid and coordinated pursuit. Experiments demonstrate that our
method enables agents to efficiently and collaboratively pursue
all objects across various scenarios, significantly outperforming
strong multi-agent reinforcement learning (MARL) baselines in
both coordination and efficiency. The results highlight a practical
pathway toward developing effective, adaptive multi-agent systems
for complex, real-world tasks.

Index Terms—MAPPO, Multi-Agent Planning, MARL, Coop-
erative AI, Multi-agent Pursuit

I. INTRODUCTION

Multi-agent planning in the pursuit tasks, where multiple au-
tonomous agents coordinate to pursue several moving objects,
are a fundamental problem in robotics, security, and surveil-
lance applications [1], [2]. These scenarios require agents to
perceive the dynamic environment, plan actions, and collabo-
rate efficiently in the presence of uncertainty and a time-varying
number of objects [3]. The computational complexity of such
tasks increases exponentially when the number of agents and
the number of objects increase, resulting in a combinatorial
growth in both the state and action spaces [4]. Therefore,
efficient solutions to this multi-agent planning problem are of
significant theoretical and practical interest.

Traditional approaches to multi-agent pursuit-evasion prob-
lems included rule-based coordination strategies [5], centralised
task assignment algorithms [6], and heuristic search meth-
ods [7]. However, these approaches might suffer from limited
scalability, restricted adaptability to dynamic changes in the
environment, or a reliance on predefined behaviours that may
not generalise to novel scenarios [1].

More recently, reinforcement learning (RL) has emerged as
a promising paradigm for learning efficient pursuit strategies
autonomously, allowing agents to adapt their behaviours based
on experience and implicit environmental feedback [8]–[12].
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Existing reinforcement learning methods for multi-agent pur-
suit generally fall into two categories: independent learners,
where each agent learns its policy in isolation; and joint
learners, where a centralised policy is utilised for the entire
team [13], [14]. While independent learners can suffer from
suboptimal coordination, centralised approaches are typically
infeasible for problems involving many agents or objects due
to the exponential growth of the joint state-action space [15].
Some recent works have explored dynamic state abstraction
and shared reward mechanisms to improve scalability and
cooperation [16]–[18], but often do not fully address the need
for flexible state representations and robust coordination in the
face of varying numbers of agents and objects.

This paper presents an efficient and adaptive deep reinforce-
ment learning solution for the multi-agent pursuit of multiple
objects. Our approach leverages MAPPO [18], in which each
agent receives a time-varying state vector, encoding the current
state of all agents and active objects, including their identities.
This representation enables seamless adaptation to the removal
of captured objects and avoids the weakness of a fixed state-
space representation.

The main contributions of this work are threefold: (i) a scal-
able and dynamic state representation for multi-agent pursuit
that addresses the variable number of objects; (ii) an optimal
task allocation mechanism via the Hungarian algorithm to pro-
vide a global coordination signal; and (iii) a multi-component
reward mechanism designed to encourages both rapid and
coordinated capture. Our empirical experiments demonstrate
scalability and superior coordination across various settings,
outperforming a strong MAPPO baseline [18] and a planning-
based, non-learning Rollout method [14]. Our results suggest
that such adaptive, reward-driven agent cooperation and the
numerical efficiency of DRL provide a practical pathway to
effective multi-agent planning in complex, real-world environ-
ments.

II. RELATED WORK

Our work is situated at the intersection of multi-agent
reinforcement learning (MARL) and robotic search and pursuit.
We build upon key developments in both areas. One major line
of research in MARL focuses on overcoming the challenges of
non-stationarity and credit assignment. Early methods treated
each agent as an independent learner, e.g., the Deep Q-Network
(DQN) [8], which simplifies the problem but often fails to con-



verge to coordinated policies. To address this, the paradigm of
Centralised Training with Decentralised Execution (CTDE) was
proposed. Seminal works such as MADDPG [10] introduced
agent-specific critics that have access to global information dur-
ing training, allowing for more stable learning of coordinated
behaviours while keeping execution decentralised. Other value-
based methods like VDN [19], QMIX [20], and QPLEX [21]
learn a joint action-value function that is factorised from
individual agent utilities, ensuring that a better joint action
corresponds to better individual actions.

Our approach aligns with the policy-based side of CTDE,
building on MAPPO [18]. Recent advancements in policy-
based MARL have explored communication protocols and at-
tention mechanisms to improve coordination. For instance, Tar-
MAC [22] introduced a signature-based soft attention mecha-
nism for targeted communication. Another recent trend focuses
on improving credit assignment within cooperative settings.
For example, Weighted QMIX [23] introduces a weighting
scheme to better attribute global rewards to individual agent
contributions. While these methods provide strong foundations,
they often assume a fixed number of agents and can be
sensitive to the reward structure. Our work adopts the CTDE
principle within a MAPPO framework but focuses on adapting
to dynamic environments with a novel reward structure that
explicitly promotes cooperation, informed by an optimal global
assignment rather than learned communication.

Advances in RL, especially deep reinforcement learning,
have changed to swarm robotics and pursuit-evasion games.
Researchers have successfully applied DRL to teach swarms
complex behaviours [9] and to solve pursuit-evasion problems
in various settings [11], [12]. For instance, [2] uses DRL for a
heterogeneous unmanned aerial vehicle (UAV) swarm to pursue
multiple targets. While this type of work demonstrates the
feasibility of DRL for pursuit, they often rely on simpler reward
schemes or do not explicitly tackle the problem of optimal,
dynamic task allocation among pursuers. In contrast, our work
integrates a global, optimal task assignment mechanism via
the Hungarian algorithm directly into the learning loop, which
provides a coordinated signal that complements the multi-
component reward, leading to more efficient team strategies.
We also draw inspiration from classical robotics approaches
that use visibility graphs and centralised planning [6], but
translate the high-level goal of coordinated coverage into a
learnable, decentralised policy.

III. PROBLEM FORMULATION AND METHODOLOGY

This section formalises the multi-agent, multi-object pursuit
task and details our proposed MAPPO-based framework, which
integrates dynamic task allocation and a multi-component re-
ward structure.

A. Problem Formulation

We model the multi-agent pursuit problem as a Decentralised
Markov Decision Process (Dec-MDP), defined by the tuple
⟨S,A, P, r,N, γ⟩:

• N is the number of pursuer agents.
• S is the global state space. Each state s includes positions

and unique identities of N agents and M active objects.
• A = A1 × · · · × AN is the joint action space, where Ai

denotes the set of discrete actions of each agent i.
• P (s′|s,a) is the state transition probability of mov-

ing from state s to s′ given the joint action a =
(a1, . . . , aN ) ∈ A. Agents move deterministically based
on their actions, objects move randomly. In the event of
a collision with a boundary or another agent, the acting
agent’s position remains unchanged for that time step.

• r ≜ r(s,a) is the shared team reward function.
• γ ∈ [0, 1) is the discount factor, which balances immediate

and future rewards.
The objective is to find a joint policy π(a|s) =

∏N
i=1 π(ai|s)

that maximizes the expected return. To formalise this, we first
define the return, Gt, as the total discounted reward from time-
step t until the episode terminates at Tmax [24, p.57]:

Gt =

Tmax∑
k=t+1

γk−t−1r(sk,ak). (1)

The state-value function is the expected return when starting
in state s and following policy π thereafter:

V π(s) = Eπ [Gt|st = s] , (2)

where Eπ[·] denotes the expectation under the policy π.
Similarly, the action-value function is the expected return

after taking action a in state s and then following policy π:

Qπ(s,a) = Eπ [Gt|st = s,at = a] . (3)

Thus, we have V π(s) = Ea∼π(·|s)[Q
π(s,a)], i.e., the state-

value function V π(s) is the expectation of the action-value
function Qπ(s,a) under policy π.

The advantage function, assessing whether an action is better
or worse than the policy’s default behaviour, thereby identifying
actions that lead to better-than-expected outcomes, is given by:

Aπ(s,a) = Qπ(s,a)− V π(s). (4)

B. MAPPO with Cooperative Task Allocation

We propose a solution based on Multi-Agent Proximal
Policy Optimisation (MAPPO), a robust on-policy1 algorithm
that adheres to the Centralised Training with Decentralised
Execution (CTDE) paradigm.

1) MAPPO with a Centralised Critic: Our approach em-
ploys a standard MAPPO framework where each agent i
maintains a dedicated actor network2 πθi(ai|s) to make decen-
tralised decisions. The joint policy πθ(a|s) =

∏N
i=1 πθi(ai|s)

is parameterised by the set of all actor parameters, θ =
{θ1, . . . , θN}. To update the policy, agent trajectories are
sampled using the pre-updated (old) parameters θ−.

1An on-policy algorithm updates its strategy using only experience collected
from its most recent policy.

2A neural network is required to approximate the policy function, enabling
generalization in state spaces too large for tabular methods.



A single, centralised critic network V ϕ(s) approximates the
state-value function (defined in (2)). It is trained by updating its
parameters, ϕ, to minimise the difference between its predic-
tion, V ϕ(s), and the observed empirical return, Gt (defined in
(1)). The loss function for training the critic is the mean squared
error between its predictions and these empirical returns:

LV F (ϕ) = Êst,at

[
(V ϕ(st)−Gt)

2
]
, (5)

where Êst,at
= E

st∼υ
πθ− , at∼πθ− (·|st), is an empirical

average operator with the stationary distribution υπ(s) ∝∑Tmax

t=0 γtPr(s|π);
The joint policy πθ is updated by maximising the PPO

clipped surrogate objective [25], which prevents overly aggres-
sive policy changes and ensure the learning process is reliable:

LCLIP (θ)

= Êst,at

[
min

(
ϑt(θ)Ât, clip(ϑt(θ), 1− ϵ, 1 + ϵ)Ât

)]
, (6)

where ϑt(θ) =
πθ(at|st)
πθ−(at|st)

is the probability ratio, mea-

suring the change in likelihood of an action between the
new and old policies. Ât is the estimated advantage function
from (4), computed using Generalised Advantage Estimation
(GAE) [26]. The clip(ϑt(θ), 1 − ϵ, 1 + ϵ) function constrains
the ratio ϑt(θ) to the interval [1− ϵ, 1+ ϵ], thereby preventing
overly large policy updates and ensuring training stability. ϵ is a
hyperparameter that defines the clipping range, which restricts
the extent of the policy update.

By maximising LCLIP , the policy is driven to prioritise
actions with a high, positive advantage Ât. According to
the Policy Improvement Theorem [24, p.78], favouring these
actions results in a better overall policy.

2) Dynamic Task Allocation via Optimal Assignment: A key
challenge in multi-agent pursuit is determining “who pursues
whom.” A greedy approach, where each agent targets its nearest
object, often results in suboptimal team behaviour, such as
multiple agents chasing the same object. To mitigate this, we
propose a dynamic, cooperative task allocation mechanism.

At each time step, we address an unbalanced optimal as-
signment problem, accounting for unequal numbers of agents
N and objects M . We construct a cost matrix C ∈ RN×M , with
each element Cij representing the Manhattan distance between
agent i and object j. The objective is to minimize the total
cost through a one-to-one assignment, formalised as finding a
binary matrix B ∈ {0, 1}N×M that solves:

min
B

N∑
i=1

M∑
j=1

CijBij (7)

subject to
M∑
j=1

Bij ≤ 1, ∀i ∈ {1, . . . , N}, (8)

N∑
i=1

Bij ≤ 1, ∀j ∈ {1, . . . ,M}. (9)

The constraints ensure that each agent and object is assigned at
most once. While this linear optimal assignment problem can
be solved using various methods (e.g., the Auction algorithm or
Integer Linear Programming), we employ the classic Hungarian
algorithm for its robust simplicity.

To ensure all agents remain engaged, especially when N >
M , unassigned agents are paired with their closest object,
ensuring each has an assigned object even if shared. This
assignment indirectly shapes the reward function, providing a
globally aware coordinated signal for learning without directly
controlling actions.

3) Multi-Component Reward Shaping: To guide agents to-
wards efficient and collaborative capture, a multi-reward func-
tion is designed. The reward for an individual agent i at
time step t, denoted rit, is a sum of several components. The
overall team reward is the sum of these individual rewards,
rt =

∑N
i=1 r

i
t. The individual reward is formulated as:

ri = ricapture + riprox + riexplore + ricoll + ristep + ribound + riosc.

The key components are defined as follows:
• The capture reward, ricapture = 50 · 1ic · ·ftime(t), provides

a large, time-scaled incentive for capturing an object. 1ic
denotes the indicator function of whether agent i captures
an object (1ic = 1) or not (1ic = 0). The time-decay factor
ftime(t) = (1− t/Tmax)

2 ensures that earlier captures are
rewarded more heavily, promoting speed.

• The proximity incentive, riprox = 0.3 · (dit−1 − dit),
rewards an agent for reducing the distance to its assigned
object from the Hungarian algorithm in aforementioned
subsection. This encourages purposeful movement aligned
with the team’s global strategy.

• A set of behavioural penalties and bonuses refines
agent behaviour, including a step penalty (rstep = −0.1)
for efficiency, a heavy collision penalty (ricoll = −10)
for spatial awareness, and a small exploration bonus
(riexplore = 0.2) to prevent stagnation. Additional minor
penalties discourage hitting boundaries (ribound = −0.2)
and oscillatory movement (riosc = −0.1).

IV. EXPERIMENTS

We conduct a series of experiments to evaluate the perfor-
mance of our proposed method against relevant baselines and
perform an ablation study to analyse the contribution of its key
components.

A. Experimental Setup

Environment: The experiments are run in a 2D grid world
of size 10×10 called “Spiders and Flies” as in Fig. 1, adopted
from [14]. At the start of each episode, a specified number of
spiders (pursuers) and flies (objects) are placed randomly. At
each discrete time step, spiders choose an action (move up,
left, down, or right), and flies execute a random move to an
adjacent cell. An episode concludes when all flies are captured
or a maximum of 500 time steps is reached. A fly is considered
captured if a spider moves onto its cell.
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Fig. 1. Multi-Agent 2D Discrete Environment with 4 spiders to catch 10 flies.

Scenarios: We consider several challenging scenarios with
the number of flies is increased from 1 to 10, and the number
of spiders is increased from 1 to 4.

Metrics: We evaluate performance based on two key metrics:
i) Average Episode Length: The number of time steps to

complete an episode, used as a measure of efficiency.
ii) Average Planning Time: The average time (in millisec-

onds) required to compute control actions for all spiders
per step.

Notably, we omit the capture rate usually used in other search-
and-pursuit literature since the proposed multi-component re-
ward function yields 100% of capture rates for all considered
methods. All results are computed over 100 Monte Carlo runs.

B. Baselines

We compare our method against two strong and relevant
baselines, chosen to benchmark our cooperative, policy-based
approach against fundamentally different paradigms.
(i) DQN: An independent learning approach where each spi-

der is a Deep Q-Network agent [8]. This baseline is chosen
to highlight the benefits of coordinated learning over
independent decision-making. Agents learn individually
using their own local observations and do not explicitly
coordinate or share information.

(ii) Rollout: A planning-based method without deep learn-
ing [14]. At each step, it uses a simple heuristic-based
policy (move towards the closest fly) and simulates future
outcomes to a depth of 15 steps to select the best action.
This serves as a strong model-based opponent to contrast
learning-based approaches.

C. Implementation Details

Our method and the baselines are implemented in PyTorch.
The MAPPO agent is trained for 1, 000, 000 total environment
steps with an adaptive stopping mechanism that terminates

training early if the averaged episode reward has not improved
for more than 100, 000 steps. Key hyperparameters for our
MAPPO agent include a learning rate of 3 × 10−4, a PPO
clipping parameter ϵ = 0.2, discount factor γ = 0.99, and
GAE λ = 0.95. For each update cycle, we collect 2048 steps
of experience and train for 10 epochs with a minibatch size
of 64. All experiments were conducted on a single NVIDIA
A6000 GPU.

D. Main Results

We compare the performance of our proposed method
(MAPPO w/ Hungarian) against the DQN and Rollout baselines
in Fig. 2. The results clearly demonstrate the superiority of our
MAPPO approach, particularly as the number of agents and
objects increases.

Efficiency (Average Steps): As shown in the top row of
Fig. 2, our MAPPO approach consistently requires the fewest
steps to capture all flies. The performance gap widens signif-
icantly in scenarios with more spiders (e.g., 3 or 4 spiders),
where effective coordination becomes paramount. This suggests
that the combination of centralised training and the Hungarian-
informed reward signal allows agents to avoid redundant
actions (e.g., multiple spiders pursuing the same fly) and
distribute themselves more effectively than the uncoordinated
DQN agents. While it is expected that episode length increases
with more flies, our method shows a much flatter curve than the
baselines, highlighting its superior efficiency and scalability.

Scalability (Planning Time): The bottom row of Fig. 2
reveals a critical advantage of learning-based approaches. The
planning time for both DQN and our MAPPO method remains
constant and negligible, as it only requires a single forward
pass through the neural networks. In contrast, the planning
time for the model-based Rollout algorithm increases linearly
with both the number of spiders and flies. This is due to the
nature of its online planning, which must simulate outcomes
for each agent, making it computationally prohibitive for larger-
scale problems. This demonstrates the practical advantage of
our method for real-world deployment in complex, many-agent
scenarios.

E. Ablation Study

To validate the contributions of our core components—the
cooperative task assignment and the shaped reward func-
tion—we conduct an ablation study. We focus on a challenging
scenario with 4 spiders and 10 flies to test for scalability
and coordination under pressure. We compare our full method
against two variants:
(i) Closest Object: Our MAPPO method, but with the Hun-

garian algorithm replaced by a simple greedy heuristic
where each spider is rewarded for moving towards its
closest fly.

(ii) Baseline Reward: Our MAPPO method (using the greedy
“Closest Object” assignment) with the multi-component
reward function replaced by a simple baseline reward (−1
for every step, as proposed in [14]).
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Fig. 2. Performance comparison between our proposed MAPPO algorithms versus two baselines: DQN and Rollout for the Spiders and Flies 2D environment.
The number of flies is increased from 1 to 10, and the number of spiders is increased from 1 to 4. All results are computed over 100 Monte Carlo runs.
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Fig. 3. Ablation study for the challenging scenario of 4 spiders to catch 10
flies in a 2D environment for comparing our MAPPO algorithms with two
baselines: Closest Object and Baseline Reward.

Since the planning time is negligible for MAPPO, we replace
it with another metric called Average Reward (Avg. Reward),
i.e., the mean cumulative reward per episode, reflecting overall
task performance.

Fig. 3 and Table I depict the results of the ablation study,

TABLE I
ABLATION STUDY RESULTS FOR 4 SPIDERS AND 10 FLIES

Method Avg. Reward (↑) Episode Length (↓)

Baseline Reward -235.7 64.5
Closest Object 35.0 36.5
Our Method 55.7 35.9

Higher average reward (↑) indicates better performance, while shorter
episode length (↓) reflects greater efficiency. Bold text highlights the best-
performing method.

demonstrating the significant contributions of both our “Shaped
Reward” function as well as the proposed cooperative task
allocation method. The learning curves in Fig. 3 reveal that the
“Baseline Reward” agent learns extremely slowly and plateaus
at a significantly lower reward level, confirming that the sparse
reward signal is insufficient for learning a complex, coordinated
policy. Our multi-component “Shaped Reward” provides a
dense and informative signal that is crucial for efficient learning
for controlling agents in complex and coordinated tasks.

Furthermore, comparing the proposed method (“Ours”) with
the “Closest Object” variant underscores the importance of the
optimal assignment. While the greedy “Closest Object” strategy
is a significant improvement over the baseline, our method
achieves a notably higher final reward and lower episode length.
This confirms that the globally optimal assignment provides a
superior coordination signal, preventing the suboptimal emer-
gent behaviour of agents pursuing the same object and leading
to a more effective overall team strategy. The full model’s
superior performance over both ablations validates our design
choices.



V. CONCLUSION

In this paper, we propose a novel multi-agent deep re-
inforcement learning framework for pursuing and capturing
multiple dynamic objects. Our approach enhances the MAPPO
algorithm by integrating an adaptive state representation for
varying numbers of agents and objects, a dynamic task alloca-
tion mechanism using the Hungarian algorithm for cooperative
object assignment, and a multi-component reward function
to promote efficient, coordinated behaviour. Experimental re-
sults demonstrated that our method significantly outperforms
both independent learners (DQN) and planning-based (Rollout)
baselines in complex scenarios. Furthermore, ablation studies
confirmed that the cooperative assignment strategy and the
shaped reward structure are both critical for achieving superior
performance.

A key limitation of this work is its evaluation within a
discrete grid-world featuring simplistic, random object be-
haviour. While this provides a controlled test-bed, transitioning
to continuous state and action spaces for real-world appli-
cations presents a considerable challenge that could increase
computational complexity. However, a core component of our
method—the Hungarian-based reward shaping with adaptive
state representation—is readily generalisable, as it depends only
on agent-object distances, irrespective of whether the domain
is discrete or continuous.

Future work might explore several research directions: en-
hancing robustness under noisy conditions like imperfect sensor
data, extending the framework to handle unknown and time-
varying numbers of objects using estimation techniques like
Random Finite Set (RFS) theory [27], and testing against so-
phisticated object behaviours, including adversarial or evasive
strategies, to create a more realistic and challenging test-bed
for cooperative pursuit.
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