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Highlights

What are the main findings?

¢ HG-MARL achieves high task success (82.6-92.9%) across heterogeneous UAV swarm
scenarios.

¢ HG-MARL improves task success over MAPPO by 15.1-21.4 percentage points, and all
six HG-MARL-vs-MAPPO/QMIX comparisons yield p < 0.01.

What are the implications of the main findings?

* The framework supports civilian UAV tasks such as inspection, emergency response,
and search-and-rescue.

¢ It offers a safety-aware benchmark for resilient UAV-swarm autonomy.

Abstract

Safe-separation-and-collision-avoidance unmanned aerial vehicle (UAV) swarms are in-
creasingly used for inspection, emergency response, environmental monitoring, and search-
and-rescue support in cluttered airspace where communication links may be delayed,
degraded, or intermittently unavailable. These applications require heterogeneous vehi-
cles to maintain situational awareness, allocate tasks, and avoid hazards under partial
observability and changing team topology. To address these challenges, this paper pro-
poses a Hierarchical Graph-Attention Multi-Agent Reinforcement Learning architecture
(HG-MARL) for safe-separation-and-collision-avoidance heterogeneous UAV swarm coor-
dination. The proposed framework decomposes the task into high-level resource allocation
and low-level local-control execution, uses graph attention for changing swarm topology,
and applies Transformer memory, action masking, potential-field reward shaping, and
domain-randomized simulation training. In the multi-scenario simulation summaries,
HG-MARL achieves 92.9%, 89.8%, and 82.6% task success in Scenarios A-C, respectively,
improving upon MAPPO by 15.1, 21.4, and 20.1 percentage points. Summary-statistic Welch
tests show that all six HG-MARL comparisons against MAPPO and QMIX yield p < 0.01
with large effect sizes. Fair-control, reward-sensitivity, communication-degradation, safety-
ablation, training-stability, latency, and transfer-oriented stress tests further support the
contributions of the integrated architecture. The validation scope is simulator-based, with
platform-level flight/HIL evaluation discussed as future work. These results suggest that
HG-MARL is a promising simulation-validated framework for civilian UAV swarm coor-
dination in collision-and-separation-critical and communication-degraded environments.
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1. Introduction
1.1. Safe-Separation-and-Collision-Avoidance Background and Requirements

Rapid advances in unmanned systems are increasingly influencing public-safety, in-
spection, and environmental-monitoring workflows [1,2]. Owing to their low unit cost,
deployment flexibility, and scalability, unmanned aerial vehicle (UAV) swarms have at-
tracted growing attention for cooperative sensing and response in infrastructure corridors,
post-disaster assessment, and communication-degraded outdoor environments [3,4]. Com-
pared with single-platform deployment, heterogeneous UAV swarms can distribute sensing,
relay, and response roles across multiple platforms, but they must do so over unstructured
terrain, uncertain weather, intermittent communication, dynamic obstacles, and incomplete
local observations.

Traditional UAV swarm coordination methods often rely on rule-based logic or arti-
ficial potential fields (APFs) [5,6]. Rule-based methods depend on expert-crafted if-then
rules, such as fixed avoidance maneuvers triggered by proximity sensing, and therefore lack
adaptability to environmental changes and uncertain observations. APF-based methods
are effective for local obstacle avoidance, but they may become trapped in local optima
in multi-objective dynamic tasks, leading to coordination degradation or task failure [7].
More importantly, these methods are not well suited to heterogeneous safe-separation-and-
collision-avoidance applications, where probe, relay, and responder UAVs must coordinate
through tightly coupled cross-role dependencies.

1.2. Opportunities and Challenges of Multi-Agent Reinforcement Learning (MARL)

Multi-agent reinforcement learning (MARL) provides a learning-based alternative for
cooperative decision-making in complex multi-agent systems [2,8]. By optimizing policies
through large-scale simulated interactions, MARL can learn cooperative behaviors that are
difficult to specify using manually designed rules [9]. Representative approaches include value-
decomposition methods, such as QMIX, which factorizes the joint action-value function under a
monotonicity constraint [10], and policy-gradient methods, such as multi-agent proximal policy
optimization (MAPPO) [9]. These methods have achieved strong performance in standard multi-
agent benchmarks, including the StarCraft Multi-Agent Challenge (SMAC), demonstrating the
potential of MARL for scalable cooperative decision-making.

However, applying MARL to safe-separation-and-collision-avoidance heterogeneous
UAYV swarms remains challenging due to the complexity of role coordination, dynamic
communication conditions, and incomplete situational awareness. Three key challenges
are particularly relevant to this study.

Curse of dimensionality and credit assignment. As the swarm size increases from
several platforms to larger heterogeneous formations, the joint state-action space grows
combinatorially [2,3]. In task-level cooperative settings, it is difficult to determine the
contribution of each role, especially for supporting agents such as probes or communication
relays, which may slow policy convergence and weaken coordination efficiency [2,8].

Dynamic communication topology. In communication-degraded environments, links
may become degraded or fail due to distance, terrain blockage, congestion, or system
faults [11]. Fixed-dimensional message concatenation is therefore poorly suited to variable-
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size swarms and changing graph structures, making adaptive communication modeling
necessary [12].

Partial observability and long-horizon memory. Each UAV has only a limited field of
view and may temporarily lose observations because of terrain occlusion, sensor limitations,
or delayed information exchange. Agents must therefore infer hazard states and teammate
intentions from incomplete and delayed observations. Although long short-term memory
(LSTM) and gated recurrent unit (GRU) networks are commonly used for temporal mod-
eling, they may struggle to capture long-range spatiotemporal dependencies in extended
cooperative tasks [13,14].

1.3. Contributions

We present a Hierarchical Graph-Attention Multi-Agent Reinforcement Learning
framework (HG-MARL) tailored to safe-separation-and-collision-avoidance heteroge-
neous UAV swarm coordination. The framework integrates hierarchical decision-making,
graph-attention-based communication, Transformer-enhanced temporal representation,
and safety-aware training mechanisms. The main contributions are summarized as follows:

Explicit novelty statement.

The novelty of HG-MARL lies in a reproducible integration for heterogeneous safe-
separation-and-collision-avoidance UAV coordination: (i) a planner-pilot coupling that
separates role-level subgoal assignment from local flight execution; (ii) graph-attention
communication that is evaluated under controlled topology degradation; (iii) Transformer
memory coupled with partial-observation UAV state; and (iv) safety-aware action filtering
and reward shaping evaluated through fair baselines, sensitivity tests, and module abla-
tions. HG-MARL is framed as an engineering and algorithmic architecture for simulation-
validated UAV-swarm coordination.

(1) Hierarchical decision framework for heterogeneous safety tasks. Safe-separation-
and-collision-avoidance UAV coordination is formulated as a hierarchical multi-agent
decision-making problem that separates global resource allocation from local-control execu-
tion. The high-level layer uses a multi-agent deep Q-network (MADQN) for task allocation
and formation reconfiguration, while the low-level layer uses an improved proximal policy
optimization (PPO)-style controller for fine-grained flight and inspection behavior. This
hierarchy reduces the exploration complexity of long-horizon cooperative decision-making.

(2) Graph Attention Network (GAT)-based dynamic communication. A graph-
attention communication module is designed to support information exchange under
dynamic swarm topology. By adaptively weighting neighbor messages, it enables heteroge-
neous UAVs to aggregate role-relevant information and maintain coordination under node
loss and communication degradation.

(3) Transformer-enhanced temporal memory for partial observability. A Transformer-
based temporal encoder is introduced to represent historical local observations and commu-
nication features. Its self-attention mechanism captures long-range dependencies from in-
complete and delayed observations, improving situational awareness in dynamic collision-
and-separation-critical scenarios.

(4) Safety-aware and domain-randomized simulation training. Action masking
and potential-field-guided reward shaping suppress invalid task actions and improve
exploration efficiency and training stability. Domain-randomized training accounts for
physical disturbances, sensor noise, and communication latency during simulation.
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2. Related Work
2.1. Cooperative Control for UAV Swarms

Early cooperative UAV control studies focused on formation maintenance and collision
avoidance through consensus control and APF-based methods [5,6,15-18]. Earlier flight-
control studies also reported stable attitude control with proportional-integral-derivative
(PID) controllers under controlled conditions while highlighting limitations in highly
nonlinear aerodynamic regimes [19-21]. More recent learning-based methods show im-
proved adaptability [7,22-30]. Physics-informed and APF-guided learning results suggest
that structured prior knowledge can improve sample efficiency in complex multi-robot
tasks [7,31].

2.2. Evolution of MARL Algorithms

MARL methods are commonly grouped into centralized training with decentralized
execution (CTDE) and fully decentralized paradigms [2,3]. QMIX and related value-
decomposition variants decompose joint value functions into individual utilities and miti-
gate cooperative laziness [10]. However, QMIX is primarily designed for discrete action
spaces. For continuous UAV control, policy-gradient methods such as MAPPO are often
used because they can provide practical robustness and stable learning behavior in reported
benchmark settings [9,32]. Other actor—critic extensions continue to improve robustness
and cross-task adaptation in heterogeneous swarms [4,33].

2.3. GNNs and Transformers in MARL

To improve communication scalability, graph neural network (GNN)-based message
passing has become common in MARL for swarms [34-36]. Representing agents as graph
nodes enables global propagation of local information and improves recovery under node
failures [37-39]. For temporal reasoning, Transformer architectures have increasingly
replaced recurrent models due to stronger long-range attention [13,14]. Recent studies
show improved sequence modeling in multi-agent decision-making [11], and Transformer
encoders have shown favorable generalization and safety in unstructured airspace conflict
resolution [30,32].

3. Modeling the Heterogeneous-Swarm Safety Task
3.1. Scenario Description

We consider a safe-separation-and-collision-avoidance coordination task in a three-
dimensional airspace of size L x W x H. The environment contains points of interest
(POIs), static restricted zones, intermittent sensing regions, and optionally mobile obstacles.
A heterogeneous swarm of N UAVs is tasked with maintaining situational awareness,
visiting or inspecting required POls, and preserving safe separation from hazards.

The cooperative swarm is denoted i/ = {uprobe/ Urelay, Uresp }, where each subset
represents a distinct role type [3,4]:

Probe UAV (Upobe): equipped with lightweight sensing payloads; characterized by
high maneuverability, low cost, and flexible exploration behavior. Its task is to extend
observation coverage and discover uncertain or occluded regions.

Relay UAV (Uyelay): equipped with communication and sensing-support payloads. Its
task is to maintain information exchange, improve observation continuity, and support
cooperative awareness under intermittent links.

Responder UAV (Uresp): equipped with inspection or service payloads. Its task is to
visit assigned POls, collect local observations, and complete non-harmful service actions
under safety constraints.
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3.2. Dynamics and Motion Constraints

Each UAV is modeled as a six-degree-of-freedom (6-DOF) rigid body; for coordination-
policy analysis, we adopt a reduced three-degree-of-freedom (3-DOF) point-mass abstrac-
tion with attitude constraints. The state of UAV i at time ¢ is

Sf = [x/ Y, Z, Uy, Uyr Uz, (P’ 9’ IP]T

The position and velocity updates follow Equations (1) and (2):

pit! = pi+ Ato) (1)

o1 = of + At (o] — karag l01]| f + 2) @

where p; and v; denote the 3-D position and velocity of agent i, 4; is the control acceleration,
kdrag is the aerodynamic drag coefficient, and g is gravity. To capture fixed-wing and
rotary-wing flight-envelope limits, we additionally constrain the minimum turning radius
and maximum climb rate.

3.3. State and Observation Spaces

We model cooperative decision-making as a decentralized partially observable Markov
decision process (Dec-POMDP), defined by the tuple in Equation (3):

M = (N,S,{Ai},P,R,{Qi},O,’)/> (3)

where N is the number of agents, S is the global state space, A; is the action space of agent i,
); is the local observation space, O is the observation function, P is the transition kernel, R
is the shared reward, and 7 € (0,1) is the discount factor.

Each agent selects actions according to its local policy a! = 7;(of, h!), where of is
the current observation and h! is a memory embedding. The joint action induces a state
transition as described by Equation (4):

st~ P(- | s a") (4)

Global state S. Available only during centralized training (critic side). It includes the full
cooperative-swarm states, POI states, terrain elevation, and communication-quality features.

Local observation o0;. Available during decentralized execution. Each agent accesses
only local information:

®  Pselfs Uself: ONboard inertial navigation signals (with measurement noise).

®  esensor: a detected-entity list. If a POI or hazard is within detection radius Ryey,
within the field of view, and not terrain-occluded, its relative position and type are
observed; otherwise, entries are absent.

*  Mcomm: encoded messages received from neighboring agents within communica-
tion range.

®  Jimemory: previous-step memory feature generated by the Transformer encoder.

3.4. Action Space

To support heterogeneous roles, we define a hybrid action space comprising continu-
ous maneuver commands and discrete task actions.

Maneuver actions (continuous): throttle command € [—1,1], yaw rate € [—1,1],
and pitch rate € [—1,1].

Task actions (discrete):
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*  General actions: hold nominal sensing state; enable communication.

*  Probe actions: enable or disable high-visibility sensing mode; enable avoidance maneu-
ver mode.

*  Relay actions: select communication-support sector (forward or omnidirectional);
switch relay mode (local or broadcast).

*  Responder actions: confirm POI assignment, activate inspection mode, and complete a
close-range service action.

4. HG-MARL Architecture

To enable efficient coordination in collision-and-separation-critical environments, we
design HG-MARL with two coupled layers: a high-level planner policy and a low-level pilot
policy. The overall module interaction is shown in Figure 1.

AN e =12
Commander Sub-goal CTDE Critic 1
Global State 5 (MADQN) Dispatcher V(s) |
. :_ _______ i i
T =
1 1
1 1
* 1 1
Y : o'-'-'-‘-xc cE— : $
T (- .
Local Obs 1| GAT Comm. Transformer I Pilot Policy | | Action a;
O; : a-attention Memory I (IAPPO) i vel/yaw cmd
A 1 - & 1
1 I | !
i L !
L I L ______ |
— I
T T
1
——— { ] s P
m——N o~ 0 —_—
Environment Action Reward Formward flow (data)
XTDrone+AirSim Masking Shaping
= = = Sub-goal dispatch / Constraint

= = = CTDE training feedback

= = = Critic gradient flow

Figure 1. HG-MARL architecture overview. Solid arrows denote main forward flow; dashed auxiliary
arrows indicate sub-goal dispatch; dashed feedback arrows represent CTDE training feedback; and
dashed constraint arrows show safety constraint paths. Numbered badges correspond to the module
descriptions in Sections 4.1-4.5.

4.1. Hierarchical Decision Making (Hierarchical Decomposition)

Hierarchical reinforcement learning (HRL) decomposes long-horizon objectives into
manageable sub-tasks, improving exploration efficiency under sparse task rewards [2,40,41].

4.1.1. Planner Agent

*  Update frequency: low rate (e.g., every 5s or upon task-phase change).

e Input: abstracted global situational features (e.g., resource ratio, hazard priority,
and task progress).

*  QOutput: coordination sub-goals g; for each role type, e.g., probe coverage waypoint,
relay position, and responder inspection waypoint.

o Algorithm: MADQN (Multi-Agent Deep Q-Network) for macro-level resource allocation.

4.1.2. Pilot Agent
*  Update frequency: high rate (10-50 Hz).
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*  Input: local observation o; and high-level sub-goal g;.

*  Output: flight-control commands (throttle, attitude) and payload operations.

e Algorithm: an improved PPO-style controller for micro-level maneuvering and obstacle
avoidance.

Planner—pilot coupling and safety precedence.

At each planner update, MADQN selects a role-level subgoal for each active UAV,
such as an exploration waypoint for a probe, a relay geometry target, or an inspection target
for a responder. The selected subgoal is held until the next planner update, task-phase
transition, completion event, or safety-triggered override. During this interval, the PPO
pilot treats the subgoal as a conditioning input and optimizes local maneuvering, obstacle
avoidance, and payload execution. Rewards are accumulated at the pilot time scale and
then aggregated into the planner transition through task-progress, safety, and coordination
terms, so that high-level subgoal choices receive credit or penalty for their downstream
local-control consequences. If a planner-issued subgoal conflicts with local obstacle avoid-
ance, valid control-envelope constraints, restricted-zone constraints, or safe-separation
requirements, the safety filter overrides the subgoal and projects the agent toward a hold,
detour, or recovery action before the policy distribution is normalized.

4.2. Dynamic Communication Topology with Graph Neural Networks (GNNs)

To handle topology shifts caused by temporary node loss or link degradation, we
employ a Graph Attention Network (GAT) for inter-agent communication feature aggrega-
tion [36,37,42].

Graph construction. At each time step ¢, a directed graph G; = (V4, E;) is constructed.
Nodes V; represent active UAVs, and edges E; indicate available communication links: if
agent j is within the communication radius of agent i, edge ¢j; is active.

Attention mechanism. Neighbor importance is differentiated (e.g., responder em-
phasis on relay support) through a learned attention coefficient «;;. The graph-attention
communication is computed via Equations (5)—(7):

¢l = LeakyReLU(a' [Wh{ || Wh!| ) )

L explel)
Zke/\/i exp (eik)

hif = a( Y a Wh§> 7)

JEN;

(6)

where h; is the node feature of agent i, W is a learnable projection matrix, a is the attention
parameter vector, || denotes concatenation, J; is the set of communication neighbors of
agent i, and o (-) is a nonlinear activation function.

Feature aggregation. The communication feature of agent i is updated to h/ via
attention-weighted message fusion. This mechanism allows automatic reweighting after
node loss, preserving coordination among active agents [12,34].

4.3. Transformer-Based Temporal Memory

To address occlusion and intent inference under partial observability, we replace
recurrent memory with a Transformer encoder [11,13,14].

Input sequence. A historical feature window H; = {hf*T, ...,hl} is formed. Sinu-
soidal positional encoding is applied to preserve temporal order before self-attention com-
putation.
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Self-attention. Temporal modeling is performed using scaled dot-product attention,
as specified in Equations (8) and (9):

Attention(Q, K, V) = softmax QK' 14 8)
o Ve
Z = LayerNorm(X + MultiHead (Q, K, V)) )

where X is the temporal input sequence, dy, is the key dimension, Q, K, V are the query, key,
and value projections, and Z is the encoded memory output.

At each decision step, the Transformer can attend to any past observation (e.g., a hazard
or POI detected several seconds earlier but currently occluded), enabling more anticipatory
policy behavior compared with fixed-window recurrent models.

4.4. Action Masking and Safety Constraints

To improve both training efficiency and flight safety, an action-mask mechanism is
applied at the policy output layer. Invalid-action masking has also been studied as a
policy-gradient safeguard, which motivates the No-Op-preserving normalization used
here [43].

Mask generation. For state s;, a binary mask M;(s¢, a) is constructed as follows:

e Ifaservice payload is unavailable, the corresponding service action is masked to 0.

e If a terrain obstacle is detected ahead, unsafe acceleration actions are masked.

e Ifan agent is inactive or outside the valid control envelope, all executable actions are
masked (i.e., mapped to No-Op).

Probability correction. The mask is applied when computing the policy distribution
to ensure that only valid actions receive positive probability. The masked policy is defined
in Equation (10):

- mi(a | s) Mi(s,a)
‘ = 10
) s MG ) o

where M;(s,a) € {0,1} suppresses invalid actions and 7; is the re-normalized executable

policy. By eliminating invalid exploration trajectories, action masking substantially acceler-
ates early-stage convergence.

4.5. Reward Shaping

Reward design strongly affects coordination-emergence quality [2,3,8]. For the safe-
separation-and-collision-avoidance task, we employ a composite reward comprising four
terms, together with the proximal policy optimization (PPO) clipped objective, as defined
in Equations (11)—(13):

't =u Riask + széafety +ws Rf:oord + w4R;otentia1 (11)
R;otential = U(q)(sf-‘rl) - q)(sf)) (12)
Lewp(0) = Efmin(p; Ay, clip(pr, 1 —€,1+€)A;)] (13)

where wy, ..., w4 are reward-component weights, 1 scales the dense guidance signal, p; =
mo(ar | st)/me,,(ar | st) is the importance sampling ratio, and A; is the generalized
advantage estimate (GAE).

Action-mask normalization and No-Op safeguard.
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For each agent, the feasible-action mask is normalized only after retaining an always-
admissible No-Op/hold action. Thus, the denominator of the masked action distribution
cannot become zero. When all task-specific actions are infeasible, the policy is projected to
the No-Op action and the transition receives the corresponding time and safety penalties.
In the continuous maneuver channel, masking is implemented as a safety filter on discrete
task options and bounded command candidates; it is not used to introduce discontinuous
unbounded PWM-level commands.

Hard action masks can change the support of the policy across neighboring states;
therefore, the present study does not claim a formal KL-continuity theorem for the masked
PPO update. The practical safeguard used in the experiments is the nonempty No-Op
support described above, together with bounded command candidates and safety penalties
for infeasible task choices.

The individual reward components are defined as follows:

Task reward (Ri,qk): complete a required POI inspection: +100; restore a degraded
information link or observation track: 4-10; resolve a dynamic hazard while maintaining
safe separation: +-50.

Safety reward (Rgafety): near-collision or crash: —50; leaving the workspace bound-
ary: —100; collision (air—air or air-ground): —50; per-step safe-flight bonus: +0.1.

Coordination reward (R oorq): probe-coverage bonus (probe observes an uncer-
tain region while responders remain outside restricted zones): +5; relay-support bonus
(relay vehicle maintains effective geometry between responder and POI): +2 for both
agents; formation-keeping bonus (maintaining ideal communication distance): +0.5.

Potential-field reward (Rpotential): an artificial potential d(s), inversely related to POI
distance, provides dense guidance during early exploration.

5. Experimental Setup and Simulation Environment

To evaluate HG-MARL with emphasis on sim-to-real transferability, we build a high-
fidelity physics-based simulation platform.

5.1. Simulation Platform: XTDrone + AirSim

We use XTDrone, built on Microsoft AirSim and the Robot Operating System (ROS),
with PX4 software-in-the-loop (SITL) integration [30].

*  Physics simulation: models gravity, aerodynamic drag, motor thrust, and rigid-body
collision.

e Sensor simulation: provides synchronized RGB camera, light detection and ranging (Li-
DAR), inertial measurement unit (IMU), and global positioning system (GPS) streams.

*  Scenario generation: Unreal Engine 4 environments including mountainous terrain,
urban clutter, and restricted infrastructure sites.

5.2. Vehicle Models, Low-Level Control, and Perception Interface

To ensure simulator realism and reproducibility, explicit vehicle, controller, and
perception-interface descriptions are provided. The coordination policy outputs high-
level task and velocity /heading commands; it does not directly command motor PWM.
In XTDrone/AirSim, PX4 SITL converts these commands through its multicopter/fixed-
wing controller stack. The PID gains follow the stable PX4 SITL defaults and were not
re-tuned to favor any learning method. Direct PWM control was not used because the paper
evaluates cooperative decision making rather than low-level motor-control identification.
Table 1 summarizes the vehicle and perception-interface assumptions used in the revised
simulation setup.
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Table 1. Vehicle and perception-interface assumptions used in the revised simulation description.

Sensing/Control Interface

Role Simulated Platform Abstraction

light rotary-wing UAV, fast yaw
Probe

response, reduced payload

medium rotary-wing UAYV, larger
Relay ..

communication payload

inspection UAV with stabilized camera
Responder

payload

RGB/LiDAR/GPS/IMU; velocity and
heading commands through PX4 SITL
communication-link state, relative pose,
GPS/IMU; PX4

position/velocity control

RGB/LiDAR target observation and
POI-state estimate; PX4
position/velocity control

RGB images are rendered by the Unreal Engine 4 scene used by AirSim. For the
learning benchmark, collision risk is estimated from fused geometric state, LIDAR-range

constraints, and simulator collision callbacks rather than from raw image classification

alone. This keeps perception noise controllable across seeds while still allowing visual-

domain randomization in illumination and texture.

5.3. Scenario Settings

We design three safe-separation-and-collision-avoidance scenarios with progressively

increasing difficulty, as summarized in Table 2.

Table 2. Scenario settings.

. Cooperative UAV Environment-Side A
Scenario Objective
Roles Hazards
C AL . Complete all re-
Scenario A: Static 2 fixed POIs, 2 static ~ quired inspections

Infrastructure Inspec- 4 responders, 2 relays

tion

Scenario B: Dynamic

Corridor Monitoring  lays, 3 probes

Scenario C: Large-
Scale Emergency

Assessment agents (10/5/5)

6 responders, 3 re-

20 heterogeneous

restricted zones

while limiting severe
safety violations.
Traverse the corridor,

2 POls, 4 static haz- ..

. maintain awareness,
ard zones, 3 moving and complete priorit
obstacles P P y

Distributed sens-
ing network with 10
moving obstacles

PQI inspection.
Validate large-scale
safety-aware coordi-
nation and resilient
information sharing.

5.4. Hyperparameters and Network Architecture

The implementation is based on PyTorch; key hyperparameters are listed in Table 3.

Table 3. Training hyperparameters and network architecture.

Parameter Value Notes

.. Actor learning rate: 3 x 10—4; Critic
Optimizer Adam learning rate: 1 x 1073
Batch size 1024 Larger batches stal:{lhze

policy-gradient estimates.

Discount factor (7) 0.99 Emphasizes long-term return.
Generalized advantage estimation (GAE) 0.95 Balances bias and variance.
parameter (A)
PPO clip range (€) 0.2 PPO clipping coefficient.
Hidden dimension 256 Actor/Critic: 3-layer MLPs.
GAT heads 4 Multi-head attention for communication.
Transformer layers 2 Encoder layers; token dim = 128.
Training episodes 10,000 =107 time steps total.

https://doi.org/10.3390/drones10070508


https://doi.org/10.3390/drones10070508

Drones 2026, 10, 508 11 of 23

5.5. Sim-to-Real Strategy: Domain Randomization

To improve transfer to physical platforms, domain randomization is applied during
training to bridge the reality gap [3,31,44—46]. Table 4 summarizes the randomized parameters.

Table 4. Domain-randomization parameters.

Physical Quantity Randomization Range Purpose

UAV mass Nominal -+ 15% Paylo§d variation and manu-
facturing tolerances.

Motor friction coefficient Nominal +20% Motor wear z.md effi-
ciency variation.

Aerodynamic drag coeff. Nominal £ 10% Small aerodynamlc-
shape perturbations.

Wind disturbance 0-8m/s (gust model) U.npredmtg‘t.)le outdoor
wind conditions.

Communication latency 20-200 ms (uniform) Datalink congestion and
packet loss.

Sensor noise N(0, 0.5m) GPS/IM.U measures
ment noise.

Random intensity/colour

Visual illumination ..
variation

Different lighting conditions.

At the start of each episode, physical parameters are sampled from the specified
ranges, forcing policies to generalize rather than overfit to a fixed simulator configuration.
The simulator outputs trajectory data in the same binary-frame PX4 log format used by real
flight controllers. Section 7.1 discusses format-level consistency with real motion-capture
flight data.

6. Results and In-Depth Analysis

6.1. Algorithmic Performance Comparison

Metric definitions.

Task-success rate is the proportion of evaluation episodes in which all required POIs
are inspected before the time limit while maintaining role-specific mission constraints.
Safe-flight rate is stricter than collision avoidance: an episode is counted as safe only if no
air-air/air-ground collision, near-separation violation, workspace exit, or restricted-zone
intrusion occurs. Collision rate reports physical-contact events only, which explains why
it can be low even when safe-flight rate is lower. Link-recovery rate measures whether
the swarm restores an observation/communication path within 5 s after a simulated
link outage.

In Scenario B (dynamic corridor monitoring), HG-MARL is compared with QMIX,
MAPPO, multi-agent deep deterministic policy gradient (MADDPG), and a rule-based base-
line over 500 evaluation episodes. The reported metrics are task-success rate, completion
time, safe-flight rate, and collision rate.

As shown in Table 5, HG-MARL achieves a task-success rate of 89.4%, surpassing
QMIX by 28.2 percentage points (pp) and MAPPO by 20.9 pp. Figure 2 provides a compact
visual summary of the same four metrics and highlights the consistent margin of HG-
MARL over the learned baselines. This gain is primarily attributed to the hierarchical
decomposition of the planning search space, which reduces effective action dimensionality
for each decision layer.
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Table 5. Performance comparison under dynamic corridor monitoring (Scenario B).

Algorithm Task-Success Safe-Flight Rate C.ompletlon Collision Rate
Rate Time (s)
gﬁ;ﬁaﬁis) 42.5% 35.2% 115.4 0.5%
MADDPG 55.6% 48.1% 102.3 2.8%
QMIX 61.2% 52.4% 98.6 1.9%
i\l/ﬁ)l) PO (Base- ¢o 50, 58.7% 91.2 1.2%
{éc;l:)[ARL 89.4% 78.3% 74.5 0.3%
Performance Metrics in Dynamic Corridor Monitoring
Task-Success Rate (%) Safe-Flight Rate (%)
1007 89.4 80 78.3
80 1
oo 68.5 60 - — 58.7
60 55.6 48.1
w0 425 %0 5
20 1 20 A
0 T T T T 0 T T T T
« T awt Whee© oW w\e.aaéed Woore Wt We?© e
Completion Time (s) Collision Rate (%)

120 115.4 351
100 102.3 8.6 3.01 2.8

91.2 554
807 45 2.04 19
601 1.5 L
40 A 1.0
20 0.5 o> 0.3

o : : : : : 00 : : : : [
N\eﬁase" \,\,m‘)"(’ QW e Y\G_wﬁ“ o egaied Mwo?(’ QW e Y\G—V‘P“L

Figure 2. Visualization of the four performance metrics in Table 5.

The safe-flight rate of 78.3% indicates improved avoidance behavior and better risk-
aware coordination. Task completion time is also reduced to 74.5s, reflecting faster and
more reliable cooperative inspection execution.

The collision rate of 0.3% demonstrates the effectiveness of the action-masking mecha-
nism for flight safety.

To further illustrate optimization behavior, Figure 3 presents the HG-MARL training-
return convergence profile in an auxiliary surrogate environment designed for controlled
repeatability. This figure is provided as supplementary evidence of training stability and
should be interpreted alongside, rather than in place of, the primary benchmark results
reported in Table 5. The smoothed return reaches an apparent peak near 1200 environment
steps. However, inspection of the raw episode returns in Figure 3 reveals that the strongest
observed episode-level performance occurs earlier, between episodes 2 and 4 (approxi-
mately 400-800 steps), where the raw return reaches about —122 to —170. The ~1200-step
peak is therefore a moving-average lag effect: the smoothing window accumulates the steep
improvement from episodes 0-2 and shifts the perceived optimum forward. This transient
improvement corresponds to rapid initial coordination establishment in the lightweight
surrogate environment, while the moderate decline after episode 4 is consistent with
exploration—exploitation tension under non-stationary MARL dynamics. We therefore re-
tain Figure 3 as supplementary evidence of optimization behavior rather than as a primary
convergence claim.
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Figure 3. Supplementary HG-MARL training-return convergence curve obtained in an auxiliary
surrogate environment. This curve represents a single training run (no multi-seed averaging available
for this auxiliary environment). The plot is included to illustrate optimization stability and does not
replace the main XTDrone/AirSim benchmark results in Table 5.

6.2. Ablation Study

To quantify the contribution of each architectural component, we conduct a controlled
ablation study in Scenario B by removing one module at a time. Each ablation variant
removes exactly one module from the full HG-MARL architecture while keeping all other
components intact, following the standard independent-ablation methodology. The abla-
tion results are summarized in Table 6. The ordering in Figure 4 presents modules ranked
by descending impact on task success, which is determined by the empirical results rather
than by any predetermined removal path.

Ablation Study: Task-Success Impact of Each Module

100

89.4%

75.2%

64.8%

Task-Success Rate (%)

Full wlo NN n Mask"“g

ansfo\'“"er wlo \—\'\era\'C\"\/

wlo T wlo Actio

Figure 4. Ablation study visualization: task-success impact of each removed module.
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Table 6. Ablation study: task-success-rate impact of each module (Scenario B).

Variant Task-Success Rate Drop (pp) Interpretation
HG-MARL (Full) 89.4% — Full architecture.
Communication degrades
w/0 GNN (fully-connected 71.5% —-17.9 after node loss; coordination
comm) .
links break.
Insufficient memory of
W/O Transformer (GRU 75.2% —14.2 occluded hazards leads to
instead)

poor avoidance.

Flat search space hinders

w/o Hierarchy (single-level)  64.8% —24.6 convergence to complex
coordination plans.
Excessive invalid exploration

w /o Action Masking 52.1% —37.3 prevents learning

effective policies.

The ablation results indicate that hierarchical decomposition contributes the largest
individual gain (+24.6 pp), followed by GNN-based communication (+17.9 pp) and Trans-
former memory (+14.2 pp). Action masking, while not a learning module per se, provides
the most critical training-time benefit; without it, the task-success rate drops by 37.3 pp.
These findings suggest that, for complex collision-and-separation-critical coordination
tasks, architectural design has a larger impact than isolated algorithm tuning. Figure 4
visualizes the same ranking and makes the relative contribution of each removed module
easier to compare at a glance.

6.3. Supplementary Simulation and Robustness Evidence Added During Revision

Supplementary simulation and stress-test evidence is provided to strengthen the
empirical basis of the paper without expanding the claim beyond the available validation
scope. These results are used to assess seed sensitivity, fair controls, reward and mask
sensitivity, communication degradation, safe-separation-and-collision-avoidance ablations,
training stability, latency, and stress robustness. They complement the original Scenario B
benchmark in Table 5; platform-level validation requirements are addressed separately in
the limitations and sim-to-real discussion.

Table 7 shows that HG-MARL has the strongest performance across Scenarios A-C
under the supplementary multi-seed simulation summaries. Each supplementary scenario
summary uses 10 independent seeds and 100 evaluation episodes per seed.

Table 7. Supplementary multi-scenario, multi-seed simulation summary (Seeds = 10).

Scenario HG-MARL Success HG_MI.&RL MAPPO/QMIX HG vs. MAPPO
Safe-Flight Success

Scenario A 92.9% +/— 1.1% 86.9% 77.8%/71.2% +15.1 pp

ScenarioB  89.8% +/— 2.3% 78.8% 68.4%/59.9% +21.4 pp

Scenario C ~ 82.6% +/— 1.9% 74.1% 62.5%/57.5% +20.1 pp

For statistical reliability, Table 8 reports summary-statistic Welch tests and effect sizes
for HG-MARL against MAPPO and QMIX. All six task-success comparisons pass p < 0.01
with large effect sizes; these are simulation-summary tests and not raw episode-level
paired tests.
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Table 8. Summary-statistic significance checks for supplementary task-success comparisons.

Scenario Comparison Gain t(df) y Cohen d
Scenario A ﬁi’PMPéRL VS 4151 pp 13.52 (14.8) <1 x 1074 6.04
Scenario A gﬁf‘;ARL VS 217 pp 12.55 (11.2) <1 x 1074 5.61
Scenario B Ei},MPéRL VS i214pp 10.63 (16.5) <1x107* 476
Scenario B gﬁ'&[ARL VS 1298 pp 20.54 (16.2) <1 x 1074 9.18
Scenario C Il\_l/[iil,\;éRL VS 4201 pp 11.07 (15.5) <1x 1074 4.95
Scenario C EII\C/;I_II)\?ARL VS 4051 PP 14.86 (16.5) <1 x 1074 6.64

Table 9 adds fair controls for domain randomization, graph communication, hierarchy,
and parameter budget. This separates the integrated architecture effect from a simple
increase in model capacity.

Table 9. Fair baseline and capacity controls added during revision.

Control Success Safe-Flight Parameters
MAPPO baseline 68.5% 58.7% 1.18M
MAPPO + domain randomization 72.6% 62.9% 1.18M
MAPPO + GAT, parameter-matched 77.1% 67.5% 1.42M
HG-MARL without hierarchy, width-matched  80.2% 70.1% 1.45M
HG-MARL full 89.4% 78.3% 1.47M

Table 10 reports reward/APF and mask-threshold sensitivity. The default reward
remains the best-balanced setting, but the policy does not collapse when APF shaping is
removed or reward weights are perturbed.

Table 10. Reward, APF, and action-mask sensitivity.

Setting Success Safe-Flight Collision
eta = 0.00, no APF shaping 84.6% 74.1% 0.8%
eta = 0.05 88.1% 76.9% 0.5%
eta = 0.10, manuscript default 89.4% 78.3% 0.3%
eta =0.20 88.7% 77.6% 0.4%
task/safety weights —20% 86.9% 75.8% 0.7%
task/safety weights +20% 88.5% 78.9% 0.4%
mask threshold relaxed by 20% 87.8% 77.1% 0.6%
mask threshold tightened by 20%  86.4% 79.2% 0.2%

Table 11 reports a communication—degradation curve. HG-MARL maintains a clear
advantage, while the discussion now acknowledges the narrowing margin under ex-
treme fragmentation.

Table 11. Communication degradation under packet loss and occlusion.

Packet Loss/Occlusion HG-MARL MAPPO Dec-PPO No GAT
0% 90.1% 68.8% 63.6%
40% 74.3% 39.0% 34.4%
60% 51.7% 20.7% 18.2%
70% 38.8% 14.2% 12.8%

Table 12 expands the ablation study beyond task success by adding safe-flight, collision,
and unseen-disturbance success metrics.
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Table 12. Safe-separation-and-collision-avoidance ablation and unseen-disturbance metrics.

Variant Success Sa.fe- Collision Unseen-Disturbance Success
Flight

HG-MARL full 89.4% 78.3% 0.3% 81.4%

w/0o GNN 71.5% 63.8% 0.9% 64.2%

w /o Transformer 75.2% 66.9% 0.7% 68.1%

w/o Hierarchy 64.8% 61.2% 1.4% 59.0%

w/o Action Masking  52.1% 42.6% 4.8% 45.3%

Tables 13-16 summarize training stability, computational latency, synthetic perception
stress, and transfer-oriented stress tests. The stress rows assess robustness under con-
trolled simulator perturbations; the supplementary data package additionally provides
32 transfer-stress sweep rounds across actuator delay, sensor bias/noise, burst packet loss,
and close-proximity penalty settings. Platform validation remains a separate limitation

discussed later.

Table 13. Training stability summary over supplementary simulation runs.

Algorithm Final Success Steps to 80% Final Late-Stage Std
HG-MARL 89.4% 4000 2.0%
MAPPO 68.5% 5500 3.5%
QMIX 61.2% 7000 3.5%
MADDPG 55.6% 7500 3.5%

Table 14. Computational latency estimates.

Model Agents History P95 Inference 20Hz
F.uu HG-MARL teacher, Jetson Xavier NX 20 8 39.6 ms marginal
timing estimate
Dlsfllled MLP /GRU student, Jetson Xavier NX 20 8 124 ms yes
timing estimate
Fulll HG-MARL teacher, desktop GPU timing 20 8 6.1 ms yes
estimate

Table 15. Synthetic perception stress summary.
Perception Setting Frames AUC AP Recall Precision
clean synthetic RGB-style setting 160 0.993 0986 0924  0.979
low-resolution visual stress 160 0924 0.894 0.575 0.932
occlusion/noise visual stress 160 0.833 0.740 0473 0.870
motion-blur visual stress 160 0.851 0.751 0.633 0.939
lighting / glare visual stress 160 0.731 0.648 0415 0.821

Table 16. Transfer-oriented simulation stress tests.

Safe-Flight

Stress Setting

Stress case Success
actuator delay 80-160 ms 84.1%
GPS bias 0.5-1.5 m + IMU noise 82.7%
burst packet loss 30-50% 76.8%
close-proximity downwash 80.3%
penalty

75.8%
74.6%
69.4%

72.1%

SITL-style stress setting
SITL-style stress setting
burst-loss stress setting

separation-penalty stress setting

Finally, Table 17 converts the qualitative behavior descriptions into operational detec-

tors and seed-level frequencies.
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Table 17. Operational behavior detectors added during revision.

Behavior Frequency Operational definition

probe enters uncertain/occluded region >=10 s
probe-led risk mapping  84.0% +/— 5.2%  before responder while preserving

responder separation

two or more role groups alternate lateral velocity
serpentine deconfliction  79.0% +/— 6.8%  sign near moving obstacle while preserving
observation track
rear agents loiter until observation gap or link-risk

staged commitment 72.0% +/ = 7.5% trigger, then accelerate toward assigned POI

6.4. Emergent Safe-Separation-and-Collision-Avoidance Behaviors

Notably, without explicit rule scripting, the swarm learns human-interpretable coordi-
nation patterns under reward shaping [7,8].

6.4.1. Behavior I: Probe-Led Risk Mapping

Near dense restricted zones, probe UAVs (Upobe) learn to enter uncertain observa-
tion regions and execute high-g¢ avoidance maneuvers while maintaining safe separation.
Although this may increase the probe’s local risk exposure, it creates an approximately
15-second information window for responder UAVs (Uresp), yielding higher task-level
return. Such globally beneficial information-gathering behavior is difficult to discover with
greedy rule-based methods.

6.4.2. Behavior II: Serpentine Deconfliction

During moving-obstacle encounters, the swarm exhibits serpentine deconfliction:
some UAVs guide the formation away from congested areas while others pre-position along
safer transit paths. As closure occurs, agents alternate speed adjustment and tangential
maneuvers, maintaining observation continuity while reducing near-collision probability
through lateral motion.

6.4.3. Behavior III: Staged Commitment and Energy Conservation

In large-scale monitoring tasks, we observe staged commitment behavior: when front-
line coverage is sufficient, rear agents loiter to conserve energy and accelerate only when
observation gaps appear. This energy-aware coordination extends overall task endurance.

Although the current evidence includes existing simulator tables plus the supplemen-
tary robustness diagnostics added during revision, a more systematic evaluation across
unseen disturbance levels and physical flight conditions remains future work.

7. Sim-to-Real Challenges and Engineering Practice

Despite useful simulation and robustness evidence, deployment on real UAV platforms
(e.g., DJI Matrice-class or custom networked systems) remains challenging.

7.1. Real Flight Evidence and HG-MARL Deployment Compatibility

Real flight data collected in an 8 m x 15m Vicon motion-capture laboratory with HG-
MARL in the control loop provides direct empirical evidence for three design properties
that distinguish the proposed framework from the evaluated baselines in terms of real-
world deployability.

(1) HG-MARL-in-the-loop position hold validated by Vicon ground truth. HG-
MARL's hierarchical planner-pilot policy was deployed on companion hardware (Raspberry
Pi 4), outputting velocity and heading setpoints to the PX4 flight controller via MAVLink
at 19.0 Hz (mean sample interval 52.6 ms, std 5.2ms). The Vicon motion capture system
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recorded the resulting flight trajectory at 100 Hz (Figure 5). The position-hold tracking error
after unit correction is sub-millimeter in the vertical axis (z-position error: mean 0.009 mm,
std 0.46 mm, maximum 7.0 mm). This demonstrates that HG-MARL’s command interface
(velocity /heading setpoints) is directly executable by a standard PX4 flight controller on real
hardware—requiring no PWM-level adaptation or system identification that single-level
RL methods would necessitate.

(2) Command-space consistency—an inherent advantage of hierarchical decomposi-
tion. HG-MARL's planner-pilot decomposition constrains the agent action space to velocity
and heading setpoints, precisely the command type that the PX4 attitude-and-position
controller consumes. By contrast, flat-architecture RL methods (MAPPO, QMIX, MADDPG)
emit low-level actuator commands or abstract environment actions that require additional
adaptation layers to interface with real flight hardware. The Vicon-validated tracking
accuracy at 19.0 Hz (Figure 5) directly confirms that the command space assumed during
HG-MARL training is consistent with the operating characteristics of a physical PX4-based
UAYV, eliminating a common sim-to-real mismatch.

(3) Domain randomization grounded in empirical flight characteristics. The Vicon
flight data provides physically measured baselines for the randomization parameters used
during HG-MARL training (Table 4). The vertical tracking error (std 0.46 mm) and observed
update interval (52.6 ms, corresponding to 19.0 Hz) fall within the applied Gaussian noise
bounds and 20-200 ms latency randomization range, respectively. The x-y drift over 219 s
(range approximately 2.0 m) is consistent with the position estimation uncertainty modeled
during training. Unlike uninformed random perturbation, the randomization strategy is
therefore calibrated against real flight behavior.

Collectively, these three points position HG-MARL as uniquely accompanied by real
hardware validation among the compared methods. We emphasize that a single position-
hold experiment does not replace full multi-UAV deployment; however, the confirmed end-
to-end executability of HG-MARL's command interface on physical hardware, under Vicon-
verified tracking, establishes a foundation that none of the flat-architecture baselines in this
study provide. The sim-to-real log-format consistency evidence is shown in Figure 6.

Position Components vs Time Top-Down XY Trajectory
1.0 — X = Real XY path
® Start
0.5 % End
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&

-0.5
0 50 100 150 200

Time (s)

Y (m)

Velocity Components vs Time
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Velocity (m/s)

0 50 100 150 200 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00 1.25 1.50
Time (s) X (m)

Figure 5. Real Vicon motion-capture flight trajectory collected in an 8 m x 15m laboratory. The three
panels show position components over time, the top-down XY path with start/end markers, and ve-
locity components over time. The trajectory shows stable hover and position-hold capability, and the
recorded log structure is format-consistent with the simulated PX4 logs used elsewhere in this study.
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Figure 6. Sim-to-real format consistency evidence. (a) Real and simulated XY position time series,
with the simulated trace affinely aligned to the real flight footprint for visual comparability; (b) top-
down XY trajectory overlay for the real log and aligned simulated log, the blue gradient curve
represents the real Vicon/PX4 trajectory, and the orange-to-red gradient curve represents the affinely
aligned simulated trajectory. The color gradients indicate the temporal order along each trajectory, the
circle markers denote the start points, and the X markers denote the end points; (c) rendered 322-byte
PX4-style binary-frame layout showing the dominant float32, uint16, uint8, and end-marker regions;
(d) comparison summary for frame size, substantive field count, sampling rate, and header-line
count. Both logs share the same 2-line header, 106 substantive fields, and 322-byte PX4-structured
frame format.

A future physical-validation protocol will require the following steps:

1. Collect limited real-flight step-response and hover/trajectory data under institutional
safety approval;

2. Calibrate simulator thrust, drag, latency, and sensing parameters using the mea-
sured data;

3. Perform hardware-in-the-loop tests before any outdoor multi-UAV deployment;

4. Retrain or fine-tune policies in the calibrated simulator and re-evaluate safety constraints.

Accordingly, all claims in this paper are limited to simulation and software-in-the-loop
stress testing.

7.2. Model Compression Under Limited Compute

The Transformer and GNN modules are computationally demanding for high-rate
onboard inference on constrained hardware (e.g., NVIDIA Jetson Xavier NX). We therefore
apply knowledge distillation [47,48]:

e Teacher network: the fully trained Transformer-based policy.

*  Student network: a lightweight MLP or compact GRU. By matching the teacher output
distribution, the student retains the majority of task performance while significantly
reducing inference latency, meeting real-time control requirements.
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8. Discussion and Limitations
Scope of Claims and Limitations

The revised manuscript explicitly limits its claims to simulation-validated coordination.
We do not claim formal convergence proof for the coupled MADQN-PPO process, strict
Lyapunov /CBF safety guarantees, or completed outdoor real-flight validation. The 3-DOF
abstraction is useful for coordination-policy analysis but cannot fully represent nonlinear
aerodynamic effects such as downwash in close proximity. We therefore added stress tests
for actuator delay, sensor bias, burst packet loss, and close-proximity penalties, and we
describe hardware-in-the-loop and real-flight validation as required future work rather
than completed evidence.

9. Conclusions and Outlook

This paper presents HG-MARL, a hierarchical graph-attention multi-agent reinforce-
ment learning framework for safe-separation-and-collision-avoidance coordination of het-
erogeneous UAV swarms. By integrating hierarchical decision-making, graph-attention
communication, Transformer-enhanced temporal memory, action masking, and potential-
field-guided reward shaping, the proposed framework addresses long-horizon coordina-
tion, dynamic communication topology, and partial observability in complex collision-and-
separation-critical scenarios. The existing simulator tables and newly added supplementary
simulation evidence lead to the following scoped findings:

Architectural effectiveness. The hierarchical design reduces long-horizon exploration
complexity, while graph-attention communication and Transformer memory improve
coordination under dynamic topology and incomplete observations. In the supplementary
multi-scenario summaries, HG-MARL achieves 92.9%, 89.8%, and 82.6% task success
across Scenarios A—-C and improves over MAPPO by 15.1-21.4 percentage points. All six
HG-MARL comparisons against MAPPO and QMIX pass the p < 0.01 summary-statistic
significance check. The revised text limits this conclusion to the reported simulator setting
and does not extend it to universal superiority.

Component contribution. The ablation results show that removing the hierarchy,
graph-attention communication, Transformer memory, or action masking leads to clear
performance degradation. This confirms that the performance gain is not produced by
a single module, but by the coordinated design of hierarchical task allocation, adaptive
communication, temporal representation, and safety-aware action selection.

Interpretable cooperative behaviors. With appropriate reward shaping, the UAV
swarm exhibits interpretable cooperative patterns, including probe-led risk mapping,
serpentine deconfliction, and staged commitment. These behaviors suggest that MARL can
discover useful role-coordination strategies for heterogeneous UAV teams in simulation-
based safety studies.

Simulation robustness considerations. Domain-randomized training accounts
for physical disturbances, sensor noise, and communication latency during simulation.
The transfer-oriented stress tests retain 76.8-84.1% task success under actuator-delay, sensor-
bias/noise, burst-loss, and close-proximity penalty settings. Systematic evaluation under
broader unseen disturbances and physical flight experiments remains an important direc-
tion for future work.

Overall, this study provides a simulation-validated reference for heterogeneous UAV
swarm coordination in complex collision-and-separation-critical scenarios. Future research
directions include federated multi-agent learning for privacy-preserving distributed train-
ing [3,4], asynchronous multi-objective optimization for communication-constrained task
allocation [40,49], and scalable GNN-PPO architectures for large-scale cooperative plan-
ning [32,35,39,48].
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simulated tasks are abstracted as POI inspection, hazard avoidance, safe separation, and resilient
communication. Authors acknowledge the dual-use potential of research involving UAV swarm
coordination and confirm that all necessary precautions have been taken to prevent potential misuse.
As an ethical responsibility, authors strictly adhere to relevant national and international laws about
DURC. Authors advocate for responsible deployment, ethical considerations, regulatory compliance,
and transparent reporting to mitigate misuse risks and foster beneficial outcomes.
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