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Abstract— With the development of artificial intelligence,
Multi-Agent Deep Reinforcement Learning (MADRL)- based
UAV autonomous maneuver decision methods have made sig-
nificant progress, enabling swarm systems to respond effec-
tively to complex pursuit-evasion tasks. However, the current
MADRL-based maneuver decision methods still face three main
challenges: the curse of dimensionality, credit assignment, and a
non-stationary environment. To address these issues, this paper
proposes the Shapley Mean Field Multi-Agent Reinforcement
Learning (SMFMARL) algorithm for UAV swarm pursuit-
evasion maneuver decisions. Specifically, we use Approximate
Marginal Contribution (AMC) to estimate the Shapley-Q value
for evaluating the real contribution of each UAV in the swarm.
We also introduce a mean-field representation into the SQV
to mitigate the non-stationarity caused by the AMC estimator
and reduce the dimension of the input action. To improve
the sample efficiency, this paper designs a training framework
that introduces the self-play and experience replay mechanism,
which can enhance the UAV’s reuse of high-quality samples.
Furthermore, we present a comprehensive pursuit-evasion re-
ward that comprises catch, defensive, and advantage functions,
guiding the UAV in deciding whether to pursuit or evade in
different situations. In numerical simulations, we compare the
proposed method with state-of-the-art MADRL algorithms in a
15-UAV swarm air-pursuit evasion scenario. The results show
that SMFMARL can emerge with complex strategies.

I. INTRODUCTION

With their low cost, flexible maneuverability, and high op-
erational efficiency, unmanned aerial vehicle (UAV) swarms
are playing a vital role in low-altitude economy applica-
tions [1]. In urban airspace management, ensuring UAV
security has emerged as a critical research challenge. This
security issue can be formulated as a pursuit-evasion problem
between UAV swarms. Within such an autonomous pursuit-
evasion system, maneuver decision-making represents the
most critical component, directly determining the overall
performance of the UAVs [2].

Deep reinforcement learning (DRL) has been applied in
various fields to realize high-performance end-to-end learn-
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ing for specific tasks [3]–[5]. In recent years, DRL and Multi-
Agent DRL (MADRL) were sequentially introduced into
the UAV swarm maneuver decision-making to deal with the
multi-UAV pursuit evasion tasks, which has greatly improved
the UAVs’ maneuver performance [3], [4].

However, as the number of UAVs continues to increase, the
action and state space dimensions will grow exponentially,
leading to performance collapse and increased training time
in MADRL [6]. To alleviate it, mean field theory emerged in
the MADRL-based maneuver decision algorithms [7]–[10].
By decoding the joint action with mean field representation
and replacing the Q value with mean field approximation,
Yang et al. [7] proposed the Mean Field Multi-Agent Rein-
forcement Learning (MFMARL) algorithm, which reduced
the dimension of the action space representation in a large-
scale multi-agent system. To develop a robust version of
MFMARL, Jusup et al. [10] developed a model-based MF-
MARL algorithm that attains safe policies even in unknown
transitions, outperforming the vehicle repositioning problem.
Nevertheless, the mean-field representation cannot identify
the essential interactions, thereby increasing training time,
especially in non-stationary environments [9]. Therefore,
Wang et al. [8] proposed the adaptive mean field Q-learning
algorithm by deriving the mean-field approximation with
attention-based adaptive weight, which can guide the UAV
to pay attention to the high-performance UAVs.

Another crucial challenge of MADRL is the credit as-
signment problem; the contribution of individual agents is
hard to evaluate accurately, in multi-agent systems [11].
To handle the credit assignment, Wang et al. [12] first
introduced the Shapley value into the MADRL method, and
proposed the SQDDPG algorithm that evaluates the Shapley-
Q-value (SQV) of the agent to represent their contribution.
Based on the Shapley-Q-value, Li et al. [13] considered
Shapley counterfactual credit assignment that introduces the
counterfactual method to the Shapley value. Han et al. [14]
further studied the theoretical problem of Shapley value-
based reward reallocation, proving it is efficient and stable
in convex games. However, the current methods depend on
AMC to estimate the Shapley value; it masks the actions
of agents who do not exist in the coalition with zeros [12],
which drops some information about other agents and in-
creases the non-stationarity.

Inspired by the mean-field and Shapley value-based
MADRL methods, this paper considers the mean-field rep-
resentation and the Shapley value in MADRL-based pur-
suit evasion maneuver decision, alleviating the performance
collapse while input dimension increases and the credit



assignment problem. The main contributions are shown as
follows:

• We propose the Shapley Mean Field Multi-Agent Rein-
forcement Learning (SMFMARL) algorithm as an UAV
swarm pursuit-evasion maneuver decision method, by
using AMC to estimate the SQV for evaluating the real
contribution of each UAV in the swarm, and introducing
mean-field representation into the SQV to avoid the
non-stationarity caused by the masked agents’ actions.

• We design a multi-UAV red-blue confrontation envi-
ronment, which introduces the self-play and experience
replay mechanism into the training framework to reuse
the samples produced by both sides. In this framework,
we further show a comprehensive pursuit evasion reward
that consists of catch, defensive, and advantage reward
functions, which can guide UAV to take pursuit or
defense correctly in different situations.

II. BACKGROUND

A. Mean Field Multi-Agent Reinforcement Learning

The Mean Field Multi-Agent Reinforcement Learning
(MFMARL) algorithm considers a multi-agent system con-
sisting of M agents with N dimensional discrete action
space, for any j-th agent and at time t, the mean field action
can be represented as follows:

aj,t =
1

|Nj |
∑
i∈Nj

aij,t, (1)

where the aij,t is the one-hot coded action of i-th agent
observed by j-th agent. According to Eq. (1), aij,t can be
rewritten as the mean field action add a fluctuation δaij,t:

aij,t = aj,t + δaij,t, (2)

The mean field actions are one-hot coded and then calcu-
lated by averaging. Therefore, the i-th row of aj,t can be
interpreted as the empirical distribution of the i-th action
taken by |Nj | neighbors around j-th agent. By using the
mean field representation, the Q-value function with pairwise
approximation can be approximated as follows [7]:

Qj (st,at) =
1

|Nj |
∑
i∈Nj

Qj
(
st,aj,t,a

i
j,t

)
≈ Qj (st,aj,t,aj,t) .

(3)
This approximation simplified the action input during the
estimation of the Q-value function, which alleviated the
performance collapse while the agent number increased.
When the Q-value is determined, the MFMARL update
the agent’s policy πjt (aj,t | st,aj,t) based on the following
Bolzmann distribution expression:

πjt (aj | s,aj) =
exp

(
βQjt (s,aj ,aj)

)
∑

a
′
j
exp

(
βQjt (s,a

′
j ,aj)

) . (4)

Furthermore, the corresponding mean field V -value function
expression based on Bellman equation can be derived as

below:

V j (st) =
∑
aj,t

πjt (aj | s,aj)Eaj(aj)

[
Qjt

(
st,a

′
j ,aj

)]
,

(5)
where a⌝j represents the joint action that does not include
the j-th action of agents and āj(a

⌝j) is the corresponding
mean field action after removing it. The MFMARL guides
the agents in generating transitions from the new policies,
calculating the mean field action, and estimating the value
function, until convergence.

In conclusion, MFMARL replaces the joint action repre-
sentation with mean field representation, the action space of
the j-th agent can be reduced from |Nj | ×M dimension to
M ×N dimension, alleviating the dimensional curse caused
by the increase in the number of agents especially when the
observable agents number is significant larger than the action
space: |Nj | ≫ N .

B. Shapley Value Based Multi-Agent Reinforcement Learn-
ing

The Shapley value is proposed to quantify each player’s
contributions by calculating the marginal contribution of the
coalition, in a cooperative game. For any agent i ∈ N , given
a coalition C that does not include the i-th agent, denote the
set of agents in the multi-agent system as N , the Shapley
value is defined as follows:

Shi =
∑

C⊆N\{i}

|C|!(|N | − |C| − 1)!

|N |!
δi(C), (6)

where δi(C) = v(C ∪ i) − v(C) represents the marginal
contribution of the i-th agent in the coalition C. To tackle the
credit assignment in MADRL, Shapley value is introduced as
the Shapley Q Value (SQV) function. Wang et al. [12] utilize
sampling principle to propose the Approximate Marginal
Contribution (AMC) method to estimate the Shapley Q value
function of the agent:

QΦi
(s,ai) ≈

1

K

K∑
j=1

Φ̂i
(
s,aCj∪(i}

)
,∀Cj ∼ Pr(C | N\{i}),

(7)

where Φ̂i
(
s,aC,∪(i}

)
: S × AC∪{i} → R is a function

to approximate the marginal contribution directly. K is the
sampling frequency and the coalition C is formed randomly
by model Pr(C|N\{i}). Subsequently, the SQV-base al-
gorithms continuously estimate and iteratively improve the
SQV to update each agent’s policy and optimize its decision
to enhance its contribution. Meanwhile, introducing SQV
improves the multi-agent system’s interpretability because
the Shapley value is interpretable when measuring marginal
contribution.

C. Multi-UAV Swarm Pursuit-Evasion Environment

Consider a fixed-wing UAV swarm red-blue confronta-
tion scenario, denote the red and blue UAV camps
as UAV(r) =

{
UAV

(r)
1 ,UAV

(r)
2 , · · · ,UAV(r)

n

}
and



UAV(b) =
{
UAV

(b)
1 ,UAV

(b)
2 , · · · ,UAV(b)

n

}
, respectively.

The UAV
(r)
j represents j-th UAV in the red camp, and

UAV(b)
i represents i-th UAV in the blue camp. With the

fixed attitude assumption and random noise compensation,
the kinematics model of the fixed-wing UAV is usually
simplified to the 4 Degree-of-Freedom (DoF) [15]. The
kinematics model of the single UAV can be represented as
follows:

ξ̇
i
=

d

dt


xi

yi

ψi

ϕi

 =


vi cosψi + ηxi

vi sinψi + ηy
i

−
(
αg/v

i
)
tanϕi + ηψi

f(ϕ, ϕd)

 , (8)

where (xi, yi) ∈ R2 is planar the position of UAV i, ψi ∈ S1
is the heading, and determined by the roll angle ϕi ∈ S1; αg
is the gravity acceleration; η is the random noise, which is
follow the Gaussian distribution.

Next, to illustrate the observation of the UAV, we take
an example with UAV(r)

j against UAV(b)
i , the coordinate

of UAV(r)
j at time t is −→r (r)

j,t = (x
(r)
j,t , y

(r)
j,t ) and that of

UAV(b)
i is −→r (b)

i,t = (x
(b)
i,t , y

(b)
i,t ), then the position vector −→r (r)

ji,t

and Euclidean distance ∆rji,t between two UAVs can be
represented as −→r (r)

ji,t = (x
(r)
j,t , y

(r)
j,t ) − (x

(b)
i,t , y

(b)
i,t ),∆rji,t =

∥∆−→r (r)
ji,t∥, respectively. Similarly, we can define the velocity

vector −→v (r)
j,t and its Euclidean distance ∆v

(r)
ji , respectively.

By using the velocity direction
−→v (r)

j,t

∥−→v (r)
j,t ∥

of UAV(r)
j as the

baseline, the angle between two UAVs based on the baseline
can be represented as the following form:

φ
(r)
ji,t = arccos

∆−→r (r)
ji,t ·

−→v (r)
j,t

∆rji,t

∥∥∥−→v (r)
j,t

∥∥∥ (9)

Furthermore, we assume each UAV is equipped with a radar,
which can observe the information of no more than nobs
UAVs within the radius Rradar. Denote Dcatch < Rradar is
the maximum pursuit distance, and φmax is the maximum
angle of pursuit, when the distance ∆r and angle φ between
two opposite UAVs are within the ranges of Dcatch and
φmax, respectively, the UAV that takes advantage will launch
a capture net and probabilistically catch the opposite UAV.
The full-observation of i-th UAV can be described as: s(r)j,t =[
ς
(1)
j,t ς

(2)
j,t · · · ς

(nobs)
j,t

]
, where ς(i)j,t represents the i-th

observed UAV. For each ςj.t, we select the following six
variable that the UAVs are concerned in pursuit evasion:
ς
(i)
j,t = [∆x

(r)
ji ,∆y

(r)
ji , ψ

(r)
ji , φ

(r)
ji ,∆v

(r)
ji ,∆rji]

⊤.
Denote the action that UAV execute at time t as at =

[aϕ,t, av,t], where aϕ,t ∈ [−1, 1], av,t ∈ [−1, 1] represent
the action in roll angle and velocity, respectively. Then the
roll angle and velocity will be updated by the following
equations:

ϕt+1 =

 ϕmax, if ϕt + aϕ∆ϕ∆t ≥ ϕmax

−ϕmax, if ϕt + aϕ∆ϕ∆t ≤ −ϕmax

ϕt + aϕ∆ϕ∆t, otherwise
,

(10)

vt+1 =

 vmax, if vt + av∆v∆t ≥ vmax

vmin, if vt + av∆v∆t ≤ vmin

vt + av∆v∆t, otherwise
,

(11)

where ∆t denotes the minimum timestep, ∆ϕ and ∆v
represent the step of the roll angle and velocity, respectively.

III. OUR APPROACH

A. Shapley Mean Field Multi-Agent Reinforcement Learning

The Shapley value-based methods can evaluate the agents’
contribution by estimating their Shapley value in the MARL
system [16]. In SQDDPG, the actions from different coali-
tions will be frequently sampled and concatenated to eval-
uate the SQV. When the size of coalitions is different, the
dimensions of concatenated actions will be different. The
current methods, such as Approximate Marginal Contribution
(AMC), also fulfill the concatenated actions with zeros to
keep the input’s dimension consistency [12].

However, this method faces two challenges: The first is
that AMC has a low extent of ability; as the agent number
increases, AMC should retrain the model from scratch. The
second is that AMC can not deal with the curse of dimension-
ality challenge; it fulfills the actions of agents who are not in
the coalition with zeros to keep the fixed input dimension,
which wastes the input dimension. Meanwhile, the mean-
field approaches can not only deal with the dimensional
curse when the number of agents increases but also keep
a fixed input dimension along as the action space does
not change [6]. In addition, due to the actions with mean
field representations also representing the action distribution
among the agents, it is natural to extend this as the number
of agents increases.

Therefore, we introduce the mean-field action represen-
tation into the Shapley Q value and propose the Shapley
mean-field Q Value as follows:

Qsh
MF (s,ai)

=
∑

C⊆Ni\{i}

|C|! (|Ni| − |C| − 1)!

|Ni|!
·
[
Qit

(
s,a

C∪{i}
i

)
−Qit

(
s,aC

i

) ]
, (12)

where aCk
i can be calculated by following equation:

aCk
i =

1

|Ck|
∑
j∈Ck

aji . (13)

By applying AMC on the Shapley mean-field Q value, we
can obtain its sampling approximation:

Qsh
MF (s,ai)

≈ 1

M

M∑
k=1

[
Qit

(
s,a

Ck∪{i}
i

)
−Qit

(
s,aCk

i

)]
,

∀Ck ∼ Pr(C|N\{i}), (14)

By replacing the joint action with a mean-field action, the
dimension inconsistency with action inputs in the Shapley
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Fig. 1: The schematic diagram of the Shapley Mean-Field
Multi-Agent Reinforcement Learning algorithm

Q value is solved because the dimension of the mean-field
action is independent of the number of agents. In addition,
the dimension of action space observed by the j-th agent
can be reduced from |Nj | × M to M × N , and then the
curse of dimensionality caused by the number of agents
in MADRL can be mitigated. Moreover, it has the most
significant dimension reduction effect when |Nj | ≫ N .

Based on the Shapley mean-field Q value, we propose the
Shapley Mean-Field Multi-Agent Reinforcement Learning
algorithm for maneuver decision in UAV swarm pursuit
evasion (See Fig. 1).

As shown in Fig. 1, in the training stage, the two camps’
UAV agents interact with the pursuit evasion environment
designed in the last section, observe the environment, and
make decisions simultaneously. The swarm pursuit evasion
will terminate when one of the camp’s UAV swarms is
caught, or the preset maximum episode length is reached. To
improve the utilization efficiency of the collected samples,
the transition data < o,a,o′, r > of two camps UAVs will
be stored in the same replay buffer after each turn of action
execution.

After collecting enough transition data, the experience
replay mechanism will sample the transitions from the replay
buffer. Meanwhile, the algorithm will generate a set {Cj}jj=1

that contains k coalitions stochastically, and the actions of
sampled data will be converted to the mean-field action of
the corresponding coalition Cj by using Eq. (13).

Moreover, while the adversarial UAV agents update their
policies simultaneously, the previous buffer data will be
retired. To alleviate this, we applied the self-play mechanism
with a fixed timestep in the proposed algorithm. Specifically,
the adversarial agents will be replaced at a fixed timestep
instead of being updated along with the training agents. From
the curriculum perspective, self-play with fixed-timestep up-
dates can provide a gradual curriculum for the pursuit evasion
system, increasing learning efficiency.

B. Reward Scheme

To alleviate the sparse reward problem, we design an
incentive

According to the pursuit judgment, a matrix Γ
(r)
t which

indicates the catch state of the red and blue sides at the t
moment is designed as follows. In the case of the red UAVs,
it is denoted as: Γ

(r)
t = {Γ(r)

ij,t}, where Γ
(r)
ji,t represent the

pursuit state of UAV
(r)
j against UAV

(b)
i :

Γ
(r)
ji,t =


0, φ

(r)
ji,t ≥ φmax or ∆rji ≥ Dcatch

1, φ
(r)
ji,t < φmax,∆rji < Dcatch, P (ϖji) < µ

2, φ
(r)
ji,t < φmax,∆rji < Dcatch, P (ϖji) ≥ µ

(15)
If Γ(r)

ji,t = 0, it shows the UAV
(r)
j has not locked UAV

(b)
i ;

If Γ
(r)
ji,t = 1, it shows the UAV

(r)
j has locked UAV

(b)
i but

has not caught; If Γ(r)
ji,t = 2, it shows the UAV

(r)
j has caught

UAV
(b)
i .

Taking UAV(r)
j as an example, the reward function is

divided into two parts: catch reward and defensive reward.
In the catch reward, the reward for catching an enemy UAV
is set to 5, the reward for locking on an enemy UAV is 0.2,
and if it only maneuvers, it will receive -0.05 as a penalty.
The catch reward can be expressed as:

r
(r)
j,t,catch =


5,Γ

(r)
ji,t = 2

0.2,Γ
(r)
ji,t = 1

−0.05,Γ
(r)
ji,t = 0

,∀i ≤ nobs ∈ Z+ (16)

Correspondingly, the defensive part of the reward can be
designed as 0.05 for not being locked or caught by an enemy
UAV, -5 for being caught by an enemy UAV, and -0.2 for
being locked by an enemy UAV. The defensive reward can
be expressed as:

r
(r)
j,t,def =


−5,Γ

(b)
ijj,t = 2,∃i

−0.2,Γ
(b)
ij,t = 1,∃i

0.05,Γ
(b)
ij,t = 0,∀i

(17)

The above reward functions are sparse, which will de-
crease the learning efficiency [17]. To improve the learning
efficiency of the UAV swarm, we design an incentive reward
function named pursuit evasion advantage reward:

r
(r)
j,t,adv

=
1

nobs

nobs∑
i=1

[
∆rji∑nobs

k=1 ∆rjk

(
φmax − φ

(r)
ji,t

2π
+
φ
(b)
ij,t − φmax

2π

)
· Dcatch −∆rji

Dcatch

]
(18)

where
φmax−φ(r)

ji,t

2π indicates whether the i-th enemy UAV

is in the j-th UAV’s pursuit angle range; the
φ

(b)
ij,t−φmax

2π
indicates whether the j-th UAV is in the j-th enemy UAV’s
pursuit angle range; the Dcatch−∆rji

Dcatch
indicates the UAVs are

within the pursuit range of each other.



The physical interpretation of the pursuit evasion advan-
tage reward function can be concluded as follows: When the
enemy UAVs are within the pursuit angle range and out of the
enemy UAV’s pursuit angle, the advantage reward function
will be positive and encourages the UAVs to approach the
enemy UAV and adjust the angle to lock the enemy UAV. As
the UAV approaches the enemy UAV, the ∆rji will decrease,
and the advantage reward (18) will increase. When the UAVs
are in the range of the enemy’s pursuit angle and are out of
the pursuit angle range, the advantage reward function will be
negative and guide the UAVs to extend the distance from the
enemy UAV. As the distance increases, the negative reward
will increase to 0.

In addition, all UAVs on the winning side will receive 20
as an episode reward, and all UAVs on the losing team will
receive -20 as an episode penalty.

Combine the three parts of the reward function to get the
final UAV pursuit evasion reward function:

r
(r)
j,t = r

(r)
j,t,catch + r

(r)
j,t,def + r

(r)
j,t,adv (19)

IV. EXPERIMENTS

A. Experimental Setup

All experiments were run on a PC with Windows 11
(64-bit), an AMD Ryzen 9 processor, 64GB of memory,
and an Nvidia GeForce RTX 3080 GPU. From a software
perspective, we implemented the 15 UAVs v.s. 15 UAVs
swarm pursuit-evasion environment (See Fig. 4 (a)) using the
Multiagent Particle Environment (MPE) and implemented
the algorithm using OpenAI Gym and the PyTorch library.
To validate the performance of the proposed method, we se-
lected baseline algorithms for comparison, including QMIX,
MADDPG, and COMA.

B. Experimental Results

We train the proposed SMFMARL and the comparison
algorithms for 40,000 episodes in the 15 UAVs v.s. 15
UAVs swarm pursuit-evasion environment, with each episode
consisting of 100 timesteps. During the training process, we
test the training agents after each update, collect the win
rates, and show them in Fig. 2:

Fig. 2: Training results of win rates for different algorithms

The training results demonstrate that the proposed SMF-
MARL can effectively guide the UAV agents in the pursuit-
evasion task and outperform the comparisons. The win rate
curves fluctuate sharply because the parameters updated by
the self-play agents are asynchronous with those of the
training agents, which can decrease training difficulty but
also introduce fluctuations.

To evaluate the performance of the proposed method, we
compared the trained SFMARL algorithm with the well-
trained comparisons and performed 200 episodes of simu-
lation between algorithms, and show the win & loss rates of
the SMFMARL algorithm in Fig. 3:

Fig. 3: The win & loss rates of different trained algorithms

Fig. 3 illustrates that the win rate of the SMFMARL
algorithm is over 70%, which is the 3-times of the loss
rate. Notably, the MADDPG algorithm performed worse in
Fig. 2 but performed best in the evaluation stage, which
indicates that the MADDPG is indeed in training. Overall,
the evaluated win & loss rates results demonstrate that the
proposed SMFMARL method outperforms the comparisons.

To validate the task performance of the proposed method,
we present a case study of the well-trained SMFMARL
algorithm in Fig. 4. In Fig. 4, the (a) - (i) are the screenshots
from time 0-70 with a time interval of 10. First of all, from
the perspective of tactical countermeasures, Fig. 4 (b)-(c)
shows the middle part of the blue UAVs withdraws backward,
forming an encirclement, while partial red UAVs, which will
be caught by the concentrated firepower from the blue UAVs,
gradually enter the encirclement. Meanwhile, when some of
the red UAVs are eliminated, the red UAV swarm as a whole
can retreat to avoid being further pursued by the blue UAVs
and annihilated. Secondly, the red UAVs start their second
pursuit in Fig. 4 (d)-(e), but they are still overwhelmingly
caught by the blue UAVs, and they retreat again due to the
concentrated firepower of the opposite side. In Fig. 4 (f)-(h),
the blue UAVs choose to pursue actively, and multiple blue
UAVs build up to a formation to encircle and suppress the
remaining red UAVs. Finally, Fig. 4 (i) shows the scenario
at t = 75, where all red UAVs are caught. The case study
shows that the proposed method can guide the UAV agent to
form a series of tactical strategies and complete the swarm
pursuit-evasion task.
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Fig. 4: The case study of SMFMARL pursuit evasion

To further demonstrate the tactics learned by the blue UAV
swarms, screenshots of the confrontation at times 60, 61, and
62 are shown in Fig. 5 (a)–(c), respectively.
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Fig. 5: The behavior study of SMFMARL pursuit evasion

As shown in Fig. 5 (a), the red circle included three blue
UAVs, which already detected the red UAV swarm, but them
are out of their pursuit range. In Fig. 5 (b) and (c), the blue
UAV squads immediately adjust their direction, coordinating
and moving towards the direction of the red UAVs, so that the
red UAVs are included in the pursuit range. Finally, the blue
UAV swarms caught the red UAVs. Overall, the results show
the proposed method can learned effective countermeasures.

V. CONCLUSIONS

This paper introduced the Shapley Mean Field Multi-
Agent Reinforcement Learning (SMFMARL) algorithm to
address dimensionality explosion, credit assignment, and
non-stationarity in UAV swarm pursuit-evasion tasks. By
combining Approximate Marginal Contribution (AMC) for
Shapley-Q value estimation with mean-field approximation
to simplify inter-agent interactions, SMFMARL efficiently
evaluates individual agent contributions while reducing com-
putational complexity. A balanced reward function integrat-
ing catch, defensive, and advantage incentives enables UAVs
to dynamically adapt to evolving scenarios and make au-
tonomous decisions. Self-play and prioritized experience re-
play further enhance sample efficiency and policy robustness

by reusing high-quality historical data to accelerate learning.
Numerical simulations in a 15-UAV pursuit-evasion scenario
demonstrate that SMFMARL outperforms existing MADRL
algorithms in developing complex cooperative strategies.
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