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Abstract—This paper presents a graph-based multi-agent
reinforcement learning framework for scalable UAV formation
control and target tracking. The framework introduces a
conflict-aware graph representation that aggregates neighbor-
hood information through attention-based message passing,
enabling each UAV to analyze both local interactions and global
formation geometry. To generate agile and stable maneuvers,
a hierarchical policy is designed that first selects motion
primitives from a structured library and then refines them
with continuous trajectory adjustments, ensuring smooth and
dynamically feasible flight in cluttered environments. Extensive
simulations and real-world experiments validate the proposed
approach, demonstrating accurate target tracking, stable for-
mation maintenance, and robust adaptation across varying
swarm sizes and obstacle densities. In particular, policies
trained on smaller swarms generalize effectively to larger ones
without retraining, highlighting the scalability and practicality.
The demonstration video is available on the project website:
https://swift520.github.io/Formation-Tracking/.

I. INTRODUCTION

Unmanned Aerial Vehicle (UAV) swarms are increasingly
deployed in missions such as surveillance, environmental
monitoring, and search-and-rescue, where multiple agents
must coordinate in dynamic environments [1]. A key require-
ment is the ability to track moving targets while maintaining
prescribed formations. Target tracking ensures persistent
observation of the object of interest, whereas formation
control provides spatial organization that supports sensing
coverage, communication efficiency, and collision avoidance.
In practice, these two objectives are tightly coupled: tracking
deteriorates without stable formations, while rigid formations
may fail in the presence of agile targets or obstacles. This
motivates unified strategies that jointly address formation
control and target tracking, enabling robust and adaptive
swarm operation in cluttered environments.

Classical approaches such as Artificial Potential Fields
(APF) [2] and Virtual Rigid Body (VRB) [3] can preserve
prescribed spatial patterns in structured environments, but
they are prone to local minima, oscillations, and deadlock in
the presence of obstacles, and their reliance on handcrafted
potential functions limits adaptability in dynamic scenarios.
Model Predictive Control (MPC) [4] improves flexibility by
optimizing over finite horizons and explicitly considering
system dynamics, but its dependence on accurate modeling
and heavy computational demand restricts real-time deploy-
ment and scalability to large swarms. These limitations make
it difficult for traditional approaches to guarantee reliable
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Fig. 1: Demonstration of UAV swarm formation. The swarm tracks
a moving target (red dot with dashed trajectory) while forming
the letters “ICRA”. Gray cylinders denote obstacles. The colored
curves represent UAV trajectories, with the color gradient indicating
temporal evolution. The horizontal bar depicts time progression.

performance when both agile target tracking and formation
maintenance must be achieved in cluttered environments. In
contrast, Multi-Agent Reinforcement Learning (MARL) [5],
[6] offers a data-driven alternative that can learn cooperative
behaviors directly from interaction with the environment.
By adapting to uncertainties and complex dynamics, MARL
has the potential to overcome some of the rigidity inherent
in classical methods. Nevertheless, most existing MARL
frameworks still face challenges in scalability when applied
to large groups of agents, and often lack explicit mechanisms
to enforce geometric formation constraints.

This work presents a unified MARL framework that in-
tegrates graph-based representation learning with geometric
formation constraints to achieve scalable and robust UAV
swarm coordination for simultaneous formation control and
target tracking. The main contributions are:

o A conflict-aware graph representation that captures both
local interactions and global formation geometry for
robust swarm coordination.

« A hierarchical policy combining motion primitive selec-
tion with continuous refinement to generate agile and
feasible maneuvers.

e A unified framework that jointly addresses formation
control and target tracking in cluttered environments.

« Extensive validation in simulations and real-world ex-
periments, demonstrating scalability and robustness.
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II. RELATED WORK
A. Target Tracking and Formation Control

In multi-UAV systems, achieving reliable target tracking
while preserving formation is a fundamental but highly
challenging problem, particularly in cluttered environments.
Target tracking requires the swarm to continuously adjust
its collective trajectory in accordance with the target, which
may involve rapid or irregular variations in velocity and
direction [7]. At the same time, formation control imposes
geometric constraints among UAVs to ensure sensing cover-
age, communication efficiency, and collision avoidance [8].
The simultaneous pursuit of these two objectives introduces
intrinsic conflicts: compact formations may restrict maneu-
verability in obstacle-rich regions, whereas sparse formations
often compromise coordination and sensing effectiveness.

Classical formation control methods, such as APF [9],
[2] and VRB [3] are capable of maintaining prescribed spa-
tial patterns in structured environments, but they frequently
encounter local minima and deadlock in the presence of
obstacles. MPC frameworks provide improved adaptability
by optimizing control sequences over a finite horizon, and
distributed MPC variants have been applied to multi-UAV
formations [10]. However, their dependence on accurate
models and the computational burden of repeated constrained
optimization limit scalability to large swarms and constrain
real-time applicability. Furthermore, formation transitions in
many existing strategies rely on pre-computed trajectories or
fixed behavior rules, which can reduce flexibility when facing
unforeseen target maneuvers and cluttered environments.

Traditional methods struggle to maintain stable formations
and follow targets flexibly in complex environments. This
highlights the need for more adaptive frameworks that com-
bine geometric constraints with responsive pursuit.

B. MARL for UAV Control

MARL has emerged as a powerful framework for enabling
coordinated control in UAV swarms by unifying perception,
decision-making, and control [11], [12]. A central challenge
in this setting is how agents exchange and aggregate in-
formation to achieve efficient cooperation. Predefined com-
munication structures such as ring, grid, or leader—follower
topologies [13] offer stable and computationally efficient
solutions, but they are often limited in adapting to com-
plex coordination patterns. More recently, attention-based
mechanisms [14] have been introduced to enable UAVs
to adaptively weigh the importance of neighboring agents,
leading to more flexible coordination strategies.

GNNs provide a natural extension by modeling multi-
agent systems as graphs, where nodes represent UAVs
and edges capture their spatial or communication relation-
ships [15], [16]. This representation allows scalable informa-
tion aggregation through message passing, enabling UAVs
to reason about both local and higher-order interactions.
These advances have shown significant potential for large-
scale swarm control. Nonetheless, most existing MARL ap-
proaches for UAVs emphasize interaction modeling but lack

explicit incorporation of geometric formation constraints,
which are essential for tasks requiring both precise formation
maintenance and agile target tracking.

III. SYSTEM MODEL
A. Framework Overview

The proposed framework addresses the problem of si-
multaneous UAV formation control and target tracking in
complex, obstacle-rich environments by unifying percep-
tion, representation, and control into a graph-based MARL
pipeline. The framework is shown in Fig. 2. Each UAV
perceives its surrounding 3D environment through a voxel-
based obstacle encoding module, which compresses raw
occupancy information into a compact hidden state. This
local feature is combined with target-relative measurements
and formation guidance gradients to form the agent’s obser-
vation. To capture inter-agent dependencies, observations are
structured as a graph where nodes represent UAVs and edges
encode relative spatial relationships. A graph neural network
with attention-based message passing aggregates information
from neighboring agents, enabling scalable reasoning about
both local interactions and global formation geometry.

On top of this representation, each UAV learns a hierarchi-
cal policy within a parameterized action space. Specifically,
a discrete head selects motion primitives from a predefined
library, while a continuous refinement head adjusts trajec-
tory offsets and dynamic constraints, producing dynamically
feasible short-term maneuvers. Training is performed under
a centralized training with decentralized execution (CTDE)
paradigm using Multi-Agent Proximal Policy Optimization
(MAPPO) [17]. A composite reward function integrates
formation maintenance, target tracking accuracy, obstacle
avoidance, and trajectory smoothness, ensuring both safety
and coordination. This end-to-end framework allows UAV
swarms to maintain stable formations and track targets ro-
bustly across varying scales and environmental complexities.

B. Performance Metrics

Inspired by [18], we adopt a graph representation to
represent UAV formation. Let G = (V, £) be a graph, where
V ={1,2,...,N} is the set of vertices representing UAVs
and £ C V x V is the set of edges representing the distances
between UAVs. The adjacency matrix M and degree matrix
D can be defined. And the symmetric normalized Laplacian
matrix is computed as:

L=DY2D-M)D'/2 (1)

Given a desired formation with the Laplacian matrix
Lges, we quantify the error between the current and desired
formations using the Frobenius norm of their difference:

f =L - Les]l3- )

The overall target tracking performance is measured by
the Euclidean distance between the swarm centroid p =
%Z?;Pi and the target position pp, where a smaller
distance indicates more precise tracking.
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Fig. 2: Overview of the proposed framework. Each UAV encodes local observations and obstacle features into graph representations, where
conflict-aware attention aggregates neighborhood information. A hierarchical policy then selects a motion primitive from a predefined library
and refines it with continuous offsets, velocity, and acceleration, yielding a refinement distribution. By sampling from both heads, the
agent generates dynamically feasible short-term maneuvers that combine high-level decision-making with fine-grained control.

C. Motion Primitive Library Definition

The motion primitive library is a structured set of tra-
jectory templates used for efficient trajectory generation in
motion planning [1]. It discretizes the space of possible
movement directions in three dimensions, forming a set of
short-duration, dynamically feasible trajectory candidates.
Specifically, the library is built by discretizing the motion
space using spherical coordinates. A fixed planning radius
d is defined, and uniform sampling is performed over the
elevation angle # and the azimuth angle ¢, forming a
My x My directional grid, as shown in the right top part
of Fig. 2. Each grid cell corresponds to a motion primitive
whose endpoint position is given by:

Amn = (dcos 8, cos ¢y, dcos b, sin ¢, dsin0,,) ,

3)

where 6, and ¢, represent the sampled elevation and
azimuth angles at the m-th row and n-th column of the grid.
The motion primitives can be refined using RL. RL actor
predicts three offset values: Adyun, AOmn, and Adp,,
which adjust the original distance and direction to produce a
better-suited target position q,,,,. Additionally, the network
also predicts terminal velocity v,,, and acceleration a,,,
to obtain complete trajectory constraints, which include
[Pi, Vi, @i, Pi + Qyps Vimns @mn] Tepresenting the position,
velocity, and acceleration of the trajectory at both the initial
and terminal states, respectively. These boundary states can
be transformed into the coefficients of a fifth-order polyno-
mial, thereby constructing the trajectory of the UAV [19].

IV. RL FORMULATION AND TRAINING

A. Decision Process Formulation

We model the multi-agent cooperative control problem
as a Decentralized Partially Observable Markov Decision
Process, defined by the tuple (N,S,0, A, G, P, R,~). Here,

N denotes the number of agents, S is the global state space,
and O is the observation space. The action space A is defined
as parameterized. Action of agent ¢ is therefore written as
a;(k) = (al(k), al(k)) € A;, where af(k) € A is a dis-
crete action and aj (k) € A} is a continuous parameter. The
term G = {G1(k),...,Gn(k)} denotes a set of agent-centric
graphs. The transition function P(s(k + 1) | s(k), A(k))
defines the probability of transitioning from state s(k) to
s(k + 1) given the joint action A(k) = [a1(k),...,an(k)].
The reward function R(s(k), A(k)) assigns a feedback based
on the current state and joint action. The discount factor ~y
determines the relative importance of future rewards. Each
agent seeks to learn a hierarchical stochastic policy:

my(ai(k) | 0s(k),Gi(k)) = 775 (a? | 0i(k),Gi(k))
(@} | oi(k), Gi(k), af),
where o;(k) is the observation, 771% selects a discrete action,

and 7T5} determines the continuous parameters. For notational
simplicity, we omit time index k in the following sections.

“4)

B. Voxel Feature Extraction

We designed a lightweight network model to extract
forward occupancy grid information of the UAV for obstacle
avoidance, as shown in Fig. 3. Here, the x-axis aligns with
the UAV’s heading direction, while the y and z axes span the
lateral and vertical dimensions, respectively. The voxel map
covers the 5m x 10m x 5m volume directly in front of the
UAV, discretized at a resolution of 0.1 m along each axis.
Instead of processing the full 3D voxel volume directly, we
project the map along the z-axis to construct a structured,
three-channel feature map on the yz-plane. Each channel
encodes a distinct aspect of the spatial layout: (1) Nearest-
Obstacle Depth captures the normalized distance to the first
occupied voxel along the forward direction; (2) Occupancy
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Fig. 3: Overview of the obstacle feature extraction and encoding.

Thickness quantifies how thick or extended the obstacle
is within that column of space; (3) Known-Cell Fraction
measures the proportion of voxels in the column that have
been observed, helping to disambiguate between free and
unobserved regions. These features are normalized to the
range [0, 1] and stacked to form a 2D input.

We then apply a lightweight convolutional encoder com-
posed of a multi-dilation convolutional block followed by
three stages of depthwise—separable residual blocks, each
reducing spatial resolution while increasing channel capacity.
After each block, a standalone channel attention module
is applied to adaptively recalibrate channel-wise features.
A prediction head consisting of a global average pooling
layer and a fully connected layer produces a compact one-
dimensional hidden state m that summarizes the spatial
obstacle structure in front of the UAV.

C. Graph-Based Representation

Each UAV maintains an observation vector as o; =
[Vi, Pios Vio, Vfi, m;, a;(k—1)], where v; is the UAV’s
velocity, p;o denotes the estimated relative position from
UAV to the target, v;o is the velocity of UAV with respect
to the target, V f; is the gradient of the formation error with
respect to the UAV’s position, a;(k — 1) is the action of the
previous time step, and m; is the local voxel information.

Each UAV constructs an agent observation graph G; =
(Vi, &;), centered on itself. The node set V; includes UAV 1
itself and other UAVs, while directed edges e;; € &; indicate
distance from UAV i to node j. Each edge carries a feature
representing the Euclidean distance ||p; — p;||2 between the
two UAVs. For each node j € V;, a feature vector is defined
to encode the spatial information as f; = [p;;,v;, Vf;, 5],
where p;; = p;j — p; is the relative position of UAV j with
respect to UAV 4, v; denotes the velocity of UAV j, and &
is the conflict intensity coefficient, which is defined as the
cosine similarity between formation gradient and the relative
target velocity vector as:

1 vio - Vf;
= 1_JOJ>_ 5
& 2( Vol TV 5T ©)

The parameter «; is employed to quantify conflict arising
from target tracking and formation maintenance. A larger
divergence among these directional vectors leads to a greater
value of x, indicating a higher level of conflict.

D. Information Aggregation

In the proposed framework, the information aggregation
module aims to infer information about the neighborhood of

each agent using a GNN with a message passing framework.
For each agent, its node features f; are updated as follows:

£ = W.fi + ) i Wi, (6)

where W are learnable weight matrices. The attention co-
efficients «; ; are computed via a multi-head dot product
attention mechanism, allowing agents to selectively prioritize
messages from their neighbors according to their importance:
(W) " (Wit + Weey)
Ve

where e;; are the distances between UAV ¢ and j, c is the
output dimension for that specific layer, and 3 controls the
influence of conflict intensity coefficient on the attention
weights. The term [k ; directly increases the attention weight
of high-conflict nodes, enabling the information aggregation
process to focus more on critically disturbed agents. As a re-
sult, neighboring agents will proactively adjust the formation
structure around these high-conflict nodes.

By stacking multiple such message-passing layers, infor-
mation can be propagated between agents that are higher-
order neighbors. For each agent, this module aggregates
information from the neighboring nodes into a fixed-sized
vector n;. This aggregated vector is then concatenated with
the agent’s own observation o; to form an enhanced state
representation h; = [o;,n;]. This architecture allows the
method to dynamically adapt to a changing number of
agents in the environment while remaining invariant to the
permutation of the observed agents.

To support CTDE framework, the model also incorporates
a global graph-level aggregation mechanism during training.
This mechanism applies a mean pooling operation across all
agent embeddings. The resulting vector, which has a fixed
size regardless of the number of agents, is passed to the critic
network to evaluate joint state-action values.

o ; = softmax (

E. Action and Reward Design

In our system each agent executes an action in a pa-
rameterized form a; = (a{,al), which contains a discrete
choice and a continuous refinement. The discrete component
ad selects a motion primitive from the predefined primitive
library, where each primitive corresponds to a short-horizon
maneuver represented by a sampled direction in spherical
coordinates. The continuous component a! further adjusts
this primitive by modifying offsets (Ad, Af, A¢) and by
specifying terminal velocity and acceleration. By combining
the two parts, the action provides a description of a dynami-
cally feasible short-term trajectory that integrates high-level
maneuver selection with low-level control refinement [1].

We design a composite reward function consisting of
multiple components, each addressing a key objective. The
total reward for a single agent is defined as:

T = AT+ AT+ AoTo + AgTg, )

where Ar, A\, Ao, As are the weighting coefficients.
The formation maintenance reward 7y measures how close
the current formation is to the desired configuration. We
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evaluate this term by sampling the trajectory at discrete
time intervals and summing the formation error as r;y =
OT/ ot f - ot, where T is the trajectory duration.

The target tracking reward r, encourages the formation to
stay close to the target by penalizing the distance between the
UAV swarm’s centroid p and the target position pg, defined
as = — Y0/ [p — poll3 - ot.

The safety is handled by the obstacle avoidance reward
r,, Which penalizes trajectories that pass close to obstacles.
This term is defined as r, = — Zgwt exp (—d(p) + do) - 0t,
where d(-) is the Euclidean Signed Distance Field (ESDF)
query. The dy controls the safety margin.

The smoothness reward r, enforces dynamic feasibility
by minimizing the high-order derivatives of the generated
trajectory. We penalize the fourth-order derivative of position
with respect to time using the widely used minimum-snap

formulation [20] as ry = — Zg/& || (d4p/dt4) ||2 - ot.

F. Policy Training

To train the proposed policy, we adopt a CTDE paradigm
based on MAPPO [21]. Each agent employs a shared back-
bone to encode local observations and graph-based neigh-
borhood information. On top of this representation, the actor
network contains two components: (a) a discrete head that
outputs a categorical distribution over motion primitives, and
(b) a parameter head that refines the chosen primitive with
continuous parameters. To ensure scalability, the parameter
prediction is implemented via a shared conditional module:
the selected primitive is embedded and concatenated with
the backbone features, and a lightweight MLP generates the
corresponding Gaussian distribution parameters. During ex-
ecution, the agent first samples a primitive and subsequently
its parameters, thus generating a trajectory with appropriate
motion direction and dynamic feasibility.

The overall log-probability of an action is factorized as

log 7y (a; | 0;,G;) = log Wi(a? | 0:,G:)

©))
+logmy (a} | 0i,Gi, ad).

MAPPO employs this factorization to compute the clipped
surrogate objective with generalized advantage estimation
(GAE) [21]. Entropy regularization is applied to both discrete
and continuous components to encourage exploration. The
critic, operating on pooled global graph features, estimates
the state value following the standard MAPPO design.

V. EXPERIMENTS
A. Experimental Setup

We first provide detailed specifications of the key parame-
ters used in our framework. The motion primitive library was
discretized into a directional grid of size My x My = 5 X 3,
and the planning radius was fixed at d = 5m. For the atten-
tion weight computation, the conflict intensity coefficient was
set to 8 = 0.5, which was selected through grid search based
on validation performance. The composite reward function
employed empirically tuned weights to balance multiple
objectives: formation maintenance Ay = 1.0, target tracking

A+ = 1.5, obstacle avoidance A\, = 2.0, and trajectory
smoothness A; = 0.1. Training was performed using the
MAPPO algorithm with a discount factor of v = 0.99
and a generalized advantage estimation (GAE) parameter
of 7 = 0.95. Both the policy and value networks were
optimized using Adam with a learning rate of 3 x 10~%.
The PPO clipping parameter was fixed at e = 0.2.

B. Comparative Analysis of Formation Tracking

We compared our method with state-of-the-art algorithms
for multi-UAV formation control and tracking, including
IAPF [22], LMPC [23], VRB [24], Swarm-Formation [18],
and FARO-RL [25]. For fairness, a target estimation and
tracking module was added to all baselines. Simulations were
run in a 100m x 40m environment with 6 UAVs under
low (50), medium (75), and high (100) obstacle densities.
The target moved along the z-axis at 1m/s with lateral
sinusoidal motion, while the swarm maintained a circular
formation. Fig. 4 shows trajectories for each algorithm, and
Table I reports quantitative results. IAPF and VRB often fall
into local minima, LMPC produces oscillatory paths, and
Swarm-Formation relies on rigid relative position constraints
that break down in cluttered environments. Learning based
method FARO-RL fails to preserve formation geometry due
to the lack of topological modeling. In contrast, our method
produces smoother trajectories and more stable formations.
Across all densities, it achieves the lowest tracking error and
collision rate while maintaining the best formation. Its advan-
tage stems from the conflict-aware graph balances local and
global coordination, combined with a parameterized action
space for primitive selection and refinement, ensuring robust
tracking and stable formation in cluttered environments.

C. MARL Algorithms Comparison

In this subsection, we evaluated multiple MARL algo-
rithms on the task, including centralized methods such as
MADDPG [5], RMADDPG [6], and RMAPPO [21], as well
as graph-based methods such as GPG [15], DGN [16], and
EMP [26]. We tested each algorithm with 4, 8, and 12
agents under 2 x 10 training steps and repeated each setup
10 times. The training curves are shown in Fig. 5, while
Table II reports the quantitative results in terms of cumulative
reward, collision rate, tracking error, and formation error. Our
method stands out due to its distinctive designs. First, the
conflict-aware attention mechanism adaptively increases the
weights of high-conflict neighbors during message passing,
ensuring that agents focus on resolving critical coordination
issues between target tracking and formation maintenance.
Moreover, the parameterized action space combines discrete
motion primitive selection with continuous refinement, en-
abling UAVs to generate dynamically feasible maneuvers that
balance agility with stability.

D. Formation Definition Evaluation

We evaluated four formation definition methods: Position,
Displacement, Distance, and Graph. The UAVs were required
to switch between predefined formations while tracking the
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Fig. 4: Visualization of UAV and target trajectories for different algorithms in the low-density obstacle scenario. The colored lines represent
the paths of the 6 UAVs, while the red dashed line indicates the target’s trajectory. Gray cylinders denote obstacles.

TABLE I: Performance Comparison Across Different Scenarios and Algorithms

Scenario Algorithm Tra. Err. (m) Col. Rate (%) Obs. Dist. (m) UAV Dist. (m) For. Err. (%)
TAPE [22] 018 23 041 153 0.923
LMPC [23] 0.15 319 0.54 161 0.847
. VRB [24] 0.22 226 0.63 1.66 0.826
Low Density Swarm-Formation [18] 0.19 1.3 1.51 2.04 0214
FARO-RL [25] 0.14 16 112 1.90 0.185
Ours 0.11 14 124 1.96 0.092
TAPF [22] 021 352 036 156 1157
LMPC [23] 0.17 348 0.41 159 0.973
. . VRB [24] 0.26 255 0.52 161 0.841
Medium Density g m Formation [18] 0.23 3.1 1.07 1.79 0.183
FARO-RL [25] 0.16 2.4 116 186 0.126
Ours 0.13 22 1.20 1.92 0.103
TAPE [22] 025 383 027 T41 1584
LMPC [23] 0.20 377 032 1.49 0916
. . VRB [24] 031 288 039 156 0.852
High Density Swarm-Formation [18] 0.27 4.1 0.77 171 0.248
FARO-RL [25] 0.19 32 0.86 1.83 0.151
Ours 0.16 2.9 1.05 1.88 0.115

TABLE II: Performance Comparison Across Different MARL Methods for Varying UAV Numbers

N =4 N =28 N =12

Method Reward Col. Rate Tra. Err. For. Err. Reward Col. Rate Tra. Err. For. Err. Reward Col. Rate Tra. Err. For. Err.

(%) (m) (%) (%) (m) (%) (%) (m) (%)
MADDPG [5] -1828.7 7.8 0.24 044 -13379 8.5 0.31 0.56 -1980.9 9.2 0.42 0.76
RMADDPG [6] -1636.4 6.8 0.21 0.37 -3097.1 7.2 0.28 0.50 -1090.2 8.4 0.38 0.68
RMAPPO [21] -1528.4 5.5 0.11 0.33  -2593.0 6.3 0.25 040 -1378.3 7.1 0.35 0.21
GPG [15] -1417.7 6.2 0.19 0.35 -1683.4 6.7 0.27 0.52 -4452.0 8.5 0.39 0.70
DGN [16] -4954.0 7.0 0.22 041 -4160.1 8.2 0.29 0.54 -1857.5 9.0 0.36 0.69
EMP [26] -5736.5 7.5 0.23 045 -5529.0 8.0 0.28 044 -5075.3 8.9 0.34 0.64
Ours -926.4 1.8 0.12 0.10 -973.4 2.2 0.15 0.13 -895.3 4.9 0.18 0.23
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Fig. 5: Training curves of different MARL algorithms with varying numbers of agents. The solid lines denote the average episodic reward
over 10 independent runs, while the shaded regions represent the variance across runs.
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(c) Distance

(d) Graph

Fig. 6: Trajectory visualization of formation switching from square
to arrow under different definition methods.

moving target. The position-based method fixed absolute
UAV positions relative to the target, while the displacement-
and distance-based methods constrained relative displace-
ment vectors or inter-UAV distances. In contrast, the graph-
based method leveraged structural relationships without pre-
scribing absolute or relative coordinates. As shown in Fig. 6,
which illustrates a formation transition from a square to an
arrow shape, the graph-based definition produces smoother
and more coordinated trajectories, enabling the swarm to
reconfigure formations efficiently while maintaining stability.
In comparison, the other three methods incur redundant
maneuvers and slower convergence due to rigid positional
constraints. Quantitative results in Fig. 7 further demonstrate
that the graph-based definition consistently achieves better
formation maintenance and shorter path length, demonstrat-
ing superior adaptability in cluttered environments.

E. Generalization Across Varying UAV Numbers

We conducted a series of cross-scale experiments in which
the number of UAVs used during training differed from that
used during testing. The results are shown in Table III. The
results demonstrate that our method maintains consistent and
robust performance across varying swarm sizes. Notably,
policies trained with smaller swarms remained effective
when directly applied to larger swarms, demonstrating that
the learned strategies scale effectively without retraining.
The success of this generalization is attributed to the graph-
based design and decentralized policy learning framework,

TABLE III: Performance across Training and Testing UAV Numbers

Train
N N=4 N=8 N=12
Col. Rate (%) 1.8 1.6 1.8
N’ =4 Tra. Em (m) | 012  0.14 0.16
For. Err. (%) 0.10 0.14 0.17
Col. Rate (%) 2.2 2.2 2.5
N’ =8 Tra. Emr. (m) 0.16 0.15 0.16
For. Err. (%) 0.12 0.13 0.20
Col. Rate (%) 52 5.0 4.9
N’ =12 Tra. Emr. (m) 0.20 0.19 0.18
For. Err. (%) 0.28 0.26 0.23
Col. Rate (%) 5.8 5.6 54
N’ =16 Tra. Em. (m) 0.22 0.21 0.20
For. Err. (%) 0.22 0.27 0.25

Length (m)

4
Square-Triangle Square-Circular Triangle-Circular Triangle»Square Circular-Square Circular-=Triangle

= Position Displacement Distance W= Graph

(a) Length

°
o

°
=

Formation Similarity (%)
o o
[

°

Square~Triangle Square-Circular Triangle-Circular Triangle»Square Circular~Square Circular-Triangle

. Position Displacement Distance W= Graph

(b) Formation Error

Fig. 7: Quantitative comparison of different formation definition
methods in terms of total path length and formation error.

which enables each UAV to operate autonomously while
still achieving coordinated global behavior. As shown in
Fig. 1, the framework further scaled to swarms of 12 and
18 UAVs that successfully tracked a moving target while
forming the letters “ICRA”, confirming its strong scalability
and adaptability across varying swarm sizes.

FE. Real-World Validation

We conducted real-world experiments to validate the
effectiveness of the proposed method based on the
Prometheus [27] project. The experimental platform con-
sisted of four Crazyflie UAVs, with precise localization
of both the UAVs and the target provided by the HTC

(b) Vertical line to horizontz‘il line

Fig. 8: Real-world experiments of UAV formation switching while
tracking a ground vehicle in an obstacle-rich environment. Each
subfigure shows three snapshots of the UAV formation and the
target. The yellow arrow indicates the target’s direction, while the
red circles mark the UAVs within the formation at the timestamps.
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Vive Lighthouse system. In the experimental environment,
various obstacles were deployed, and the AMOVLAB’s P600
quadrotor equipped with Livox MID-360 was used to map
the environment and construct a voxel occupancy grid. The
UAVs were required to track the target while maintaining a
predefined formation and adaptively reconfiguring the forma-
tion during flight. A laptop with an Intel 19-14900HX CPU
and NVIDIA GeForce RTX 5060 Laptop GPU served as the
ground station. We configured multiple ROS nodes to repre-
sent different UAVs, each independently computing its own
trajectory using the proposed algorithm and broadcasting it to
the corresponding UAV for execution. The average planning
time for the UAV trajectory was 2.13ms. Two formation
transition scenarios were examined: (a) square to triangle
and (b) vertical line to horizontal line. The results in Fig. 8
demonstrated that the UAV swarm successfully completed
formation reconfiguration while consistently tracking the
target through cluttered environments. The UAVs exhibited
smooth and coordinated maneuvers, maintaining stable inter-
agent spacing and promptly adapting their positions to pre-
serve the overall formation.

VI. CONCLUSION

This paper introduces a graph-based MARL framework for
UAV formation control and target tracking. The framework
employs a conflict-aware graph representation to capture
both local interactions and global formation geometry, while
a hierarchical policy combines motion primitive selection
with continuous refinement to generate dynamically feasible
maneuvers in cluttered environments. To enhance real-world
applicability, a lightweight voxel-based obstacle encoding
module is integrated, enabling efficient perception of en-
vironments without incurring heavy computational costs.
Extensive simulations showed that the proposed method out-
performed classical control and MARL baselines, achieving
lower tracking error, fewer collisions, and better formation
across varying obstacle densities. Moreover, policies learned
with smaller swarms can be directly applied to larger ones,
confirming strong scalability across varying UAV numbers.
Real-world experiments further validated its practicality.
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