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Abstract— Multi-agent reinforcement learning (MARL) pro-
vides a flexible solution for tackling task and motion planning
challenges, particularly in swarm confrontation scenarios. By
customizing termination conditions for diverse tasks, event-
driven MARL reduces decision jitter caused by frequent task
switching. However, it hinders robots from updating strategies
on a consistent timescale, leading to misaligned information
sharing that disrupts agent coordination. To address this,
we propose a novel event-driven MARL approach that fa-
cilitates collaborative strategy learning under asynchronous
conditions. The approach introduces an experience selection
scheme tailored to diverse timescales, ensuring efficient training
through synchronized information sharing among robots. By
incorporating Transformers, our method enables robots to infer
others’ behaviors from historical data, optimizing collaborative
strategies. Extensive experiments validate the effectiveness of
our proposed approach.

I. INTRODUCTION

Advances in artificial intelligence significantly propel
robotics forward, particularly in the domain of robotic swarm
confrontation [1]–[3]. In these transient scenarios, the robotic
swarm must swiftly counter dynamic threats from adver-
saries. Traditional approaches, such as expert systems [1],
game theory [4], and heuristic approaches [5], excel in small-
scale settings but struggle with escalating computational
complexity as swarm sizes grow. This highlights an urgent
need for flexible, adaptive solutions that can dynamically
adjust strategies in rapidly evolving battlefield environments.

Multi-agent reinforcement learning (MARL) [6], [7] in-
troduces a robust, adaptive framework for enhancing swarm
confrontation performance. By autonomously deriving so-
phisticated tactics from vast datasets, MARL outperforms
manually designed strategies, achieving remarkable success
in complex scenarios such as pursuit-evasion [8], attack-
defense [9], and strategic engagements [10]. Swarm con-
frontation, as a classic task and motion planning challenge,
operates within a hybrid decision-making space, blending
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discrete commands with continuous actions in unpredictable
settings. For instance, battlefield commands take the form of
discrete decisions, while robotic movements occur in contin-
uous time. This interplay aligns naturally with a divide-and-
conquer paradigm, where high-level commands guide task
allocation and low-level actions enable precise path planning
[1]. As a pioneering approach, [11] introduces a hierarchi-
cal MARL framework for swarm confrontation, while [12]
decomposes multi-aircraft air combat into strategic and tac-
tical layers, achieving notable success in small-scale robotic
engagements. Robots trained via MARL initially rely on
random exploration [13], which may trigger task switching
at any moment. Different tasks demand distinct navigation
goals—for instance, pursuit requires closing the distance to a
target enemy, while evasion entails maximizing distance from
nearby threats. Thus, frequent task switching often leads
to indecision and erratic planning, ultimately resulting in
mission failure during confrontations. By designing tailored
termination conditions for distinct tasks, event-driven RL
[14], [15] mitigates decision jitter, enabling robots to switch
tasks only when these conditions are satisfied. However,
extending this approach to multi-agent scenarios poses chal-
lenges, as agents must synchronize strategy updates across
diverse timescales [16].

To tackle the asynchronous challenges posed by event-
driven mechanisms in MARL, [17] employs a fully de-
centralized approach, but it exhibits slow convergence and
struggles to achieve coordinated strategies among agents.
Conversely, the fully centralized method [18] faces scala-
bility issues due to dimensionality explosion in large-scale
scenarios. To overcome these limitations, the asynchronous
centralized training with decentralized execution (CTDE)
paradigm [19], [20] enables each robot to select tasks based
on its own information while promoting collaborative behav-
iors through shared experience data. This method utilizes his-
torical trajectories, rather than local observations, for training
and decision-making to address challenges posed by asyn-
chronous data. Additionally, [21] proposes trajectory collec-
tion techniques that minimize redundant training data, re-
ducing the computational burden on critic networks process-
ing historical information. In confrontation scenarios with
rapidly evolving conditions, a robot’s historical data often ex-
hibits high complexity [9]. Conventional CTDE approaches,
which rely on multilayer perceptron (MLP) structures [22],
struggle to capture intricate temporal correlations, present-
ing significant challenges to effective decision-making. By
leveraging the Transformer’s self-attention mechanism and
parallel processing capabilities, [23] empowers robots to
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adeptly manage complex, temporally correlated data. As a
result, a growing body of research is advancing MARL by
incorporating Transformers [24], [25], significantly enhanc-
ing robots’ reasoning and decision-making capabilities.

Here, we propose a novel MARL approach that lever-
ages Transformer techniques to enable collaborative strat-
egy learning using asynchronous information in swarm
confrontation scenarios. Our method implements an event-
driven mechanism to regulate task termination, ensuring task
continuity and preventing arbitrary switching. To address
misaligned information sharing among diverse agents, we
introduce an experience selection scheme that filters effec-
tive joint information, optimizing robot training efficiency.
Furthermore, by integrating Transformer techniques, our
approach enhances the critics and actors of QMIX [26] to
process complex historical confrontation data, significantly
improving the collaborative capabilities of robotic swarms.
Experimental results demonstrate that our approach outper-
forms conventional MARL methods, particularly in large-
scale scenarios. Ablation studies underscore the critical role
of our method’s key components. With sufficient training, our
approach fosters cooperative strategies in confrontations.

We organize the rest of the paper as follows. Section II
formulates the problem and introduces the preliminaries.
Section III details the improved MARL method and its
implementation. Section IV provides the experimental eval-
uation of our approach. Section V concludes the paper.

II. PROBLEM FORMULATION AND PRELIMINARIES

A. Model Description

This study models swarm confrontation as a dynamic
strategic engagement within a planar environment contain-
ing static obstacles. A group of homogeneous robots, each
possessing identical capabilities, collaborates to counter op-
posing forces, represented as blue and red teams. The system
is formulated using second-order differential drive robots
navigating in the Euclidean plane. Let R and Z denote the
sets of real and integer numbers, respectively. For each robot,
a body-fixed frame is defined, with its x-axis aligned with
the robot’s forward direction. The parameters Xf and Xb

denote the values of a variable X in the fixed inertial frame
and the robot’s body frame, respectively. The i-th agent is
controlled by two inputs: the angular velocity of the heading
ωb,i, and the linear velocity vb,i = [vbx,i, vby,i]

⊤, defined
along the x- and y-axes of the body frame. The dynamics of
each robot are governed by

pi[k + 1] = pi[k] + vf,i[k]∆T, (1)
vf,i[k + 1] = vf,i[k] + af,i[k]∆T, (2)
Ri[k + 1] = Ri[k] +Ri[k]Ωb,i[k]∆T, (3)
ωb,i[k + 1] = ωb,i[k] + αb,i[k]∆T, (4)

where pi[k] ∈ R2, vi[k] ∈ R2, and ai[k] ∈ R2 represent
the position, velocity, and acceleration of the i-th robot at
discrete time step k, respectively, sampled at time inter-
vals ∆T ∈ R. These variables discretize the continuous-
time dynamics pi(t), vi(t), and ai(t), such that pi[k] :=

pi(k∆T ) = pi(⌊t/∆T ⌋∆T ), where ⌊t/∆T ⌋ = max{k ∈
Z | k ⩽ t/∆T}. (1) and (2) describe the translational
dynamics in the fixed inertial frame, and (3) and (4) govern
the rotational dynamics. Here, Ri[k] ∈ R2×2 is the rotation
matrix transforming coordinates from the robot’s body frame
to the fixed inertial frame, Ωb,i[k] ∈ R2×2 is the skew-
symmetric matrix corresponding to the angular velocity, and
αb,i[k] is the angular acceleration. Specifically, these are
defined as

Ri[k] =

[
cosϕi[k] − sinϕi[k]
sinϕi[k] cosϕi[k]

]
, (5)

Ωb,i[k] =

[
0 −ωb,i[k]

ωb,i[k] 0

]
, (6)

where ϕi[k] represents the heading angle of the robot. All
robots are assumed to have a shape envelope ρi,c, defining
the collision-avoidance boundary for the i-th robot.

B. MacDec-POMDPs

In a macro-action decentralized partially observable
Markov decision process (MacDec-POMDPs) framework,
a swarm of robots operates in a dynamic confrontation
scenario to achieve collaborative objectives. At each time
step k, the i-th robot receives a micro-observation zi[k]
derived from the latent global state s[k] via the observa-
tion function. Based on this, the robot selects a micro-
action mi[k] using a high-level strategy πi,h, which deter-
mines a subgoal qi[k]. A macro-action termination function
ξ(mi[k], τ i[k]) ∈ {0, 1} evaluates the micro-observation-
action history τ i[k] = (zi[0],mi[0], . . . ,mi[k − 1], zi[k])
to determine whether mi[k] terminates, triggering the se-
lection of a new macro-action. During the execution of
mi[k], the robot observes a primitive-observation oi[k] and
computes a collision-free primitive-action ui[k] using a low-
level strategy πi,l to navigate from its current position pi[k]
toward qi[k]. The robots’ objective gi is to maximize enemy
eliminations while ensuring safety, formalized as maximizing
the expected cumulative joint reward E(

∑K
k=0 γ

kr[k] | πi),
where r[k] is the shared reward at time k, γ ∈ [0, 1) is
the discount factor, and πi = (πi,h, πi,l) represents the joint
policy for the i-th robot.

III. METHODOLOGY

A. Asynchronous Decision-Making Framework

In this study, we model the relationships among robots
as a graph, where each robot observes I entities at time
step k, with I representing the total number of robots in
the environment. Each entity is characterized by a set of n
features, which vary across robots due to the environment’s
partial observability. Thus, the feature vector for the j-th
robot, as observed by the i-th robot at time step k, is
defined as f i,j [k] = (fi,j,1[k], . . . , fi,j,n[k]). The primitive-
observation is represented as an I × nf matrix, rather than
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Fig. 1. Overview of the proposed method.

a vector, expressed as

Oi [k] =

 f i,1 [k]
...

f i,I [k]

 =

fi,1,1 [k] · · · fi,1,nf
[k]

...
. . .

...
fi,I,1 [k] · · · fi,I,nf

[k]

 .
(7)

The macro-observation matrix Zi[k] is defined identically
to Oi[k]. This structure enables robots to process features
of the same type using a shared parameter matrix Ei of
shape nf × ne, where ne is the embedding dimension. The
resulting matrix ei[k] = Zi[k]Ei comprises vertex embed-
dings (ei,1[k], . . . , ei,I [k]), which are further processed by
Transformers. The encoding feed-forward layer’s shape is
independent of the number of robots, ensuring scalability
for large-scale scenarios.

In swarm confrontation, the feature set includes posi-
tion p, velocity v, and vitality hp, augmented by three
binary features to distinguish relationships: fis_self, fis_ally,
and fis_enemy. Specifically, fis_self = 1 indicates the en-
tity is the observing robot itself, otherwise fis_self = 0;
fis_ally = 1 indicates an ally of the i-th robot, other-
wise fis_ally = 0; and fis_enemy = 1 indicates an en-
emy, otherwise fis_enemy = 0. Thus, the feature vector is

f i,j [k] = (pj [k],vj [k], hpj [k], fis_self, fis_ally, fis_enemy). The
global state is formulated as an I×nf matrix, capturing the
true features of all entities from a global perspective:

S [k] =

 f1 [k]
...

f I [k]

 =

f1,1 [k] · · · f1,nf
[k]

...
. . .

...
fI,1 [k] · · · fI,nf

[k]

 . (8)

However, including fis_self, fis_ally, and fis_enemy in S[k] is
unnecessary, as these features are relative to specific robots.
Thus, f i[k] = (pi[k],vi[k], hpi[k]). The global state S[k]
is processed with a parameter matrix E to yield embedded
vertices e[k] = (e1[k], . . . , eI [k]) = S[k]E.

Based on the macro-observation Zi[k], the i-th robot
utilizes the high-level strategy πi,h to determine a micro-
action mi[k] ∈ {1, 2, 3, 4}, representing searching, escaping,
supporting, or chasing, as illustrated in Fig. 1(a). To prevent
arbitrary switching between diverse tasks, we establish an
event-driven mechanism to regulate task termination. The
subgoal and its corresponding termination condition for each
micro-action are defined as follows:

1) For chasing, the subgoal is the position of the enemy
with the lowest vitality within the observation range.
The task terminates when no enemies remain in range.
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2) For supporting, the subgoal targets the position of the
ally with the lowest vitality in range, prioritizing aid
to the most vulnerable. The task stops when no allies
engaged in chasing or escaping are detected.

3) For escaping, the subgoal is a direction opposite to
nearby enemies, calculated via a proximity-weighted
approach for safety. The task ends when no enemies
are in range.

4) For searching, the robot navigates toward a randomly
selected location within the battlefield. The task ceases
when an enemy or an ally engaged in chasing or
escaping enters the range.

Subsequently, the robot generates a collision-free
primitive-action ui[k] = (vb,i[k], ωb,i[k]) via the low-level
strategy πi,l, guiding it from its current position pi[k]
toward its subgoal qi[k]. vb,i and ωb,i represent the desired
linear and angular velocities, respectively. The control inputs
af,i and αb,i in (1)–(4) are thus defined as

af,i[k] = ϵv (Ri[k]vb,i[k]− vf,i[k]) , (9)
αb,i[k] = ϵω (ωb,i[k]− ωb,i[k]) , (10)

where ϵv and ϵω are control gains determined by the
real-world dynamics of the robot. These gains are tuned
through step-response experiments to ensure that the velocity
response in the training environment closely matches the
behavior of physical robots. The allocation reward ri,a[k] is
designed to encourage reducing enemy vitality while evading
attacks, formulated as

ri,a[k] = (Va[k]− Ve[k])− (Va[k − 1]− Ve[k − 1]), (11)

where Va and Ve represent the total vitality of allies and
enemies, respectively. Additionally, we design the planning
reward with an intrinsic component ri,pt

[k] that encourages
shorter paths to the subgoal qi[k], paired with an avoidance
component ri,pa

[k] that ensures collision-free navigation
around obstacles and other robots:

ri,p[k] = ϵpri,pt
[k] + (1− ϵp)ri,pa

[k], (12)

ri,pt
[k] = −∥qi[k]− pi[k + 1]∥

∥qi[k]− pi[k]∥
, (13)

where ϵp balances intrinsic and avoidance rewards. The
avoidance reward ri,pa [k] assigns a penalty of ri,pa [k] = −10
upon collision; otherwise, ri,pa [k] = 0.

B. Experience Selection Scheme

In a decentralized framework, each robot operates using
only its own macro-actions, macro-observations, and the joint
reward at each time step. This limited information access
offers multiple options for data management and storage.
For example, a robot could store only its immediate macro-
actions and observations, exclude temporal information en-
tirely, or use a representation that explicitly incorporates time
progression. We adopt an intermediate approach, updating
only upon completion of a robot’s macro-action to streamline
computation. To support this, we propose an experience

selection scheme, as shown in Fig. 1(b), which improves
efficiency in processing decentralized data.

In our method, each robot sampling concurrent trajectories
from a replay buffer, from which valid experience is selected
to create a compact, sequential experience set for each
robot. Specifically, high-level transition tuples are collected
at each primitive step. A new macro-observation is acquired
only upon completion of the current macro-action; other-
wise, the subsequent macro-observation remains unchanged
from its predecessor. Upon completing a macro-action, each
robot records collaborative information shared with other
agents, including the joint macro-observation, joint macro-
action, cumulative rewards, and the subsequent joint macro-
observation, denoted as (z[k],m[k],

∑k
k=k−nτ

r[k], z[k+1]).
This approach ensures efficient storage and utilization of col-
laborative information, facilitating cooperation among robots
despite their decentralized operation.

We employ QMIX to train the decentralized macro-action-
value function Qi(τ i,mi | θi) for the i-th robot. Concur-
rently, a centralized mixer network leverages the global state
s[k] and the robots’ hidden states to compute the joint action-
value function Qtot(τ ,m | θ, ϕ). The loss functions for the
decentralized actor Qi(τ i,mi | θi) and the centralized critic
Qtot(τ ,m | θ, ϕ) are defined as follows:

L(θi) = Ez,m,r (yi[k]−Qθ,i(τ i[k],mi[k]))
2
, (14)

yi[k] =

k∑
k=k−nτ

r[k] + γQθ,i(τ i[k + 1],mi[k + 1]), (15)

L(ϕ) = Ez,m,r (y[k]−Qϕ(τ [k],m[k]))
2
, (16)

y[k] =

k∑
k=k−nτ

r[k] + γQϕ(τ [k + 1],m[k + 1]), (17)

where E represents the mathematical expectation. These
loss functions facilitate precise optimization of both indi-
vidual and collective decision-making processes, promoting
effective coordination in asynchronous multi-agent systems.
Furthermore, as the lower-level experience data is time-
synchronized, we directly apply MADDPG [2] to update the
strategy πi,l.

C. Transformer QMIX

In our MARL framework for task allocation, each robot
observes a set of entities. The micro-observation for the i-th
robot is structured as a matrix Zi[k], and the macro-action
mi[k] is concatenated to form the action-observation history
τ i[k] with a sequence length of nτ . The Transformer actor
processes this history as a sequence of embedded vertices,
as illustrated in Fig. 1(c). First, the micro-observation is
embedded using a parameterized matrix Ei, yielding ei[k] =
(ei,1[k], . . . , ei,I [k]). The sequence of observations over the
past nτ time steps forms the input matrix:

Xi[k] = [hi[k − 1], ei[k]]
⊤
k−nτ :k, (18)

where hi[k − 1] is the hidden state from the previous time
step, initialized to zeros at the episode’s start. Xi[k] is
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processed by nl Transformer blocks with multi-head self-
attention (MHSA) to focus attention on valid observations:

Attention(Q,K,V) = softmax
(
QK⊤
√
nx

)
V, (19)

where nx is the vertices of Xi[k]. Queries Q =
Xi[k]W

Q, keys K = Xi[k]W
K , and values V =

Xi[k]W
V , where WQ,WK ,WV are three different pa-

rameterized matrices. The Transformer output is X̃i[k] =
MultiHeadSelfAttn(Xi[k]), where the transformed hidden
state h̃i[k − 1] = hi[k] encodes the robot’s coordination
reasoning. The action-values for macro-actions are sampled
using a feed-forward layer Wu:

Qi(τ i[k], ·) = hi[k]W
u. (20)

For entity-specific macro-actions, such as attacking the j-th
enemy or supporting the j-th ally, a decoupling mechanism
similar to [5] is used, where the Q-value is derived from
the corresponding entity embedding ẽi,j [k] via an additional
feed-forward layer Wũ:

Qi(τ i[k],mi[k]) = ẽi,j [k]W
ũ. (21)

The Q-values for entity-related and non-entity-related actions
are concatenated to form the complete action-value vector
Qi(τ i[k], ·). The hidden state hi[k] is passed to the next time
step to maintain temporal dependencies, enabling recurrent
coordination reasoning.

The Transformer critic extends QMIX by leveraging
a graph-based representation to project individual action-
values Q = (Q1(τ i[k],mi[k]), . . . , QI(τ i[k],mi[k])) to
the joint action-value Qtot. The critic receives the global
state matrix S[k] as input, which is embedded with a
parameterized matrix E, producing the output e[k] =
(e1[k], . . . , eI [k]). The input graph matrix is

X[k] =
[
h[k],wb1 [k − 1],wW2

[k − 1],wb2 [k − 1], e[k]
]⊤
,

(22)

where h[k] = (h1[k], . . . ,hI [k]) and wb1 [k − 1],wW2
[k −

1],wb2 [k − 1] are recurrent vectors initialized to zeros. The
Transformer processes X[k] through the blocks of MHSA:

X̃t = MultiHeadSelfAttn(Xt). (23)

The transformed vertices h̃1[k], . . . , h̃I [k] refine the robots’
coordination reasoning with global state information, while
w̃b1 [k − 1], w̃W2

[k − 1], w̃b2 [k − 1] generate weights and
biases for the critic’s MLP component. The joint action-value
is computed as

Qtot =
(
Q · ∥W1∥+ b1

)
· ∥W2∥+ ReLU(b2) (24)

where W1,b1 and W2,b2 are the weights and biases of the
hidden and output layer, respectively. The absolute activation
on W1,W2 and ReLU on b2 ensure monotonicity, satisfying
the individual-global-max principle:

∂Qtot

∂Qi
⩾ 0, ∀i ∈ {1, . . . , I} (25)

TABLE I
PARAMETER SETTINGS FOR THE SIMULATION PLATFORM

Parameters Values

Episode number Ek , Episode length K 90, 300
Time interval τ 0.1 s

Control gains ϵv , ϵω 1, 0.5
Collision radius ρi,c 0.5 m

Observation radius ρi,o 15 m
Attack radius ρi,a, Attack angle ψa 6 m, π/2

Initial vitality 6
Initial minimum distance dmin 20 m

Reload length kr 10
Sequence length nτ 10

Block number nl 2
Discount factor γ, Batch size 0.99, 128

Weight ϵp 0.5

The recurrent vectors wb1 [k] = w̃b1 [k − 1], wW2
[k] =

w̃W2
[k − 1], wb2 [k] = w̃b2 [k − 1] are passed to the

next step, incorporating temporal dependencies into the
mixing process. This recurrent mechanism, combined with
the graph-based representation, enables the critic to capture
complex coordination patterns across asynchronous macro-
action executions.

Integrating Transformers into our method enhances coor-
dination reasoning but increases computational complexity
compared to MLP-based CTDE approaches. To mitigate
this, we implement parameter sharing [27] across the critic
and actors, reducing the parameter count by sharing the
embedding matrix and MHSA weights among all robots.
This lowers gradient computation overhead during backprop-
agation, reducing per-step training time. Although MHSA
computations remain, shared parameters improve GPU par-
allelization efficiency and promote policy consistency among
homogeneous robots, enhancing sample efficiency and poten-
tially accelerating convergence.

IV. EXPERIMENTS

A. Setting Up

In our experiments, we explore three swarm scales: four
agents versus four agents (V4), eight agents versus eight
agents (V8), and twelve agents versus twelve agents (V12).
Parameter configurations are detailed in Table I. Our algo-
rithm undergoes training across 100 independent training
instances, each initialized with a unique random seed to
diversify initial agent positions and network weights. Within
each instance, the algorithm undergoes training over Ek

episodes, with all vehicles starting from consistent initial
positions in each episode. To ensure equitable comparisons,
we assess both baseline methods and our approach under
uniform experimental conditions, utilizing consistent input
data and evaluation criteria. The baselines and our method
are deployed for the blue team, while the red team relies on
expert systems [1]. We develop the scenarios and algorithms
using Python. Training is conducted on an Ubuntu 20.04
server equipped with a single NVIDIA L40S GPU.

We simulate multi-robot confrontations within environ-
ments featuring static obstacles. Robots engage in combat
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SMARL FC-HMARL CTDE-HMARL Our methodFD-HMARL

V4 V8 V12

Fig. 2. Learning curves of different algorithms for various swarm sizes. Solid lines denote mean values across all instances, with shaded areas representing
standard deviations. The figures plot episode counts on the horizontal axis and episode returns on the vertical axis.

TABLE II
PERFORMANCE COMPARISON OF ALGORITHMS ACROSS DIFFERENT SWARM SIZES

Method V4 V8 V12

Re. Ti.(min) W.R.(%) Re. Ti.(min) W.R.(%) Re. Ti.(min) W.R.(%)

SMARL -772 ± 173 11 ± 2 53 ± 4 -815 ± 181 15 ± 2 52 ± 5 -912 ± 195 19 ± 3 53 ± 6
FC-HMARL 621 ± 112 16 ± 3 76 ± 2 -306 ± 147 22 ± 4 59 ± 3 -998 ± 162 30 ± 5 52 ± 4
FD-HMARL 84 ± 134 12 ± 2 61 ± 3 -590 ± 149 15 ± 3 54 ± 4 -998 ± 157 20 ± 3 51 ± 5

CTDE-HMARL 347 ± 93 14 ± 2 68 ± 1 -228 ± 87 20 ± 3 63 ± 2 -305 ± 91 27 ± 3 60 ± 3
Our Method 896 ± 63 18 ± 1 83 ± 1 673 ± 67 27 ± 2 78 ± 1 423 ± 71 36 ± 2 75 ± 2

Note: The table presents episode returns (Re.), training time (Ti.), and confrontation win rate (W.R.) for each method. Data values are reported as
mean ± standard deviation, calculated across 10 independent evaluation batches of 10 episodes each.

with adversaries until their vitality is exhausted to zero
through successive attacks. The governing rules for swarm
confrontations are as follows:

1) The blue and red teams start with identical attributes, in-
cluding numbers, vitality, ammunition, and constraints.

2) Initially, all robots are randomly placed within the
scenario, ensuring a minimum distance dmin between
any two robots.

3) Following a missile launch, a robot requires kr steps to
reload, during which it cannot initiate further attacks.

4) Obstacles may impede the observation and attack capa-
bilities of robots.

5) A robot is considered incapacitated when its vitality
reaches zero.

The observation radius of the i-th robot is denoted by ρi,o.
It can target the j-th robot within a forward-facing sector
defined by an attack radius ρi,a and an angle of 2ψa.
Upon launch, the missile follows a predetermined trajectory,
successfully hitting if ψi,j ⩽ ψh; otherwise, the strike fails.
The maximum hit angle ψh is determined by

ψh = arctan
ρi,c

|pj [k]− pi[k]|
. (26)

ψi,j denotes the angle between the vectors pj [k]−pi[k] and
pj [k + 1]− pi[k].

B. Comparative Analysis

We employ MARL methods to optimize the performance
of confrontation strategies during training. Our approach is
evaluated against several MLP-based baselines, including
single-layer MARL (SMARL) [10], fully centralized hierar-
chical MARL (FC-HMARL) [18], fully decentralized hier-

archical MARL (FD-HMARL) [17], and CTDE-hierarchical
MARL (CTDE-HMARL) [9].

As illustrated in Fig. 2, SMARL consistently underper-
forms across all scales, with its training curves exhibiting
significant fluctuations, especially in larger-scale scenarios
like V8 and V12. This instability highlights its inadequacy
in modeling complex multi-agent interactions under partial
observability. FD-HMARL, which depends on decentralized
training and execution, provides modest improvements over
SMARL but faces scalability challenges, as demonstrated
by slower convergence and elevated variance in larger
swarms, largely due to its sensitivity to non-stationarity. FC-
HMARL, benefiting from global state information, performs
exceptionally in smaller-scale settings like V4, achieving
returns comparable to our method, thanks to its ability
to leverage complete state data for effective coordination.
However, in V8 and V12 scenarios, FC-HMARL’s per-
formance falls significantly below CTDE-HMARL, as its
conventional MLP-based architecture struggles to process
the increasingly complex global information in larger-scale
settings. The exponential growth of state space and inter-
agent dependencies exceeds the network’s ability to extract
effective coordination patterns, leading to suboptimal policy
learning and heightened variance.

CTDE-HMARL surpasses FD-HMARL and FC-HMARL
in larger scales, featuring more stable training curves that
reflect a balanced approach to global coordination and de-
centralized action. Nevertheless, its dependence on MLP-
based networks restricts its ability to fully capture complex
agent interactions. Our method, integrating a Transformer-
based architecture with graph-structured reasoning and asyn-
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Fig. 3. Ablation study results of our method.
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Fig. 4. Training process of swarm confrontation in the V12 scenario. (a)–(c) Training with the variant without EDM. (d)–(f) Training with our method.

chronous macro-action management, consistently delivers
the highest episode returns across all scales. Its training
curves demonstrate rapid convergence and low variance,
driven by the MHSA mechanism, which effectively models
inter-agent collaboration and scales well to larger teams.

Furthermore, we deploy policy networks trained with the
aforementioned methods across an additional 100 instances
to provide a comprehensive evaluation. To ensure a ro-
bust analysis, we incorporate two supplementary metrics:
training time and confrontation win rate. Training time
represents the average duration needed to train the MARL
model for each instance, whereas confrontation win rate
indicates the percentage of successful outcomes across all
instances. The results are compiled in Table II. A clear
correlation emerges between episode returns and win rates,
with agents optimized for higher returns demonstrating sig-
nificantly superior success rates in confrontations. SMARL
and FD-HMARL, characterized by lower win rates and
shorter training time, are limited by their simplistic and
decentralized architectures. FC-HMARL excels in the V4
scenario but experiences a decline in performance for V8 and
V12, constrained by the inherent shortcomings of its MLP-
based design and accompanied by moderately to substantially
lengthy training durations. CTDE-HMARL sustains compet-
itive win rates with reasonable training time, capitalizing on
centralized training to enhance stability. Compared to MLP-

based CTDE-HMARL, our method incurs higher per-step
complexity due to the MHSA mechanism, resulting in longer
training durations. However, its improved sample efficiency,
enabled by graph-structured reasoning, reduces the number
of episodes required for convergence, partially offsetting the
computational overhead. This makes our method well-suited
for large-scale swarm confrontation scenarios, achieving the
highest win rates.

C. Ablation Study

We develop an event-driven mechanism (EDM) to reg-
ulate task termination, minimizing inefficient exploration
while ensuring task continuity. Subsequently, we integrate
an experience selection scheme (ESS) to enhance training
efficiency in decentralized environments. Furthermore, we
utilize a Transformer actor (TA) and Transformer critic (TC)
to process observation matrices and global states, enabling
sophisticated graph-based coordination reasoning. To assess
the contributions of these components, we perform ablation
studies, with the resulting learning curves depicted in Fig. 3.

The variant without EDM shows erratic learning curves
with high variance, particularly in V12, due to frequent
task switching from synchronous updates, which disrupts
task continuity and exacerbates exploration inefficiencies.
The version lacking ESS exhibits slower convergence and
moderate variance, as redundant data processing reduces
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sample efficiency. Configurations excluding TA and TC
display slower convergence and elevated variance, especially
in V8 and V12, since MLP-based networks struggle to
capture complex inter-agent and global state interactions,
leading to suboptimal coordination. These findings highlight
the critical roles of EDM in ensuring stable exploration, ESS
in enhancing training efficiency, and TA and TC in enabling
robust coordination, making our method highly effective for
large-scale swarm confrontations.

D. Emerged Coordinated Confrontation Behaviors

Through sufficient training, our proposed method effec-
tively develops robust confrontation strategies. We illustrate
the training outcomes for our method and the variant without
EDM in a V12 scenario, as shown in Fig. 4. The variant
without EDM replaces event-triggered task termination with
synchronous macro-action updates, where all robots switch
tasks at fixed intervals, mimicking MARL without asyn-
chronous adaptability. Consequently, agents undergo frequent
task switches, causing decision jitter. When multiple allies
are in close proximity, this can lead to inefficient clustering
and reduced overall coordination. In contrast, our approach
mitigates unproductive exploration, enabling agents to main-
tain stable behavior over extended periods. Additionally,
it promotes collaborative tactics within the swarm, with
some agents drawing enemy attention while others execute
attacks from behind, culminating in strategic encirclement of
distracted enemies to enhance overall effectiveness.

V. CONCLUSIONS

Our proposed method advances swarm confrontation by
offering a robust solution for event-driven MARL training
under asynchronous conditions. By integrating an experi-
ence selection scheme with Transformer-enhanced QMIX, it
achieves superior performance, as validated through exten-
sive experiments. Compared to existing MARL approaches,
our method delivers higher win rates in confrontations, par-
ticularly in large-scale scenarios, underscoring its significant
potential for real-world robotic confrontation applications.
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