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Abstract: The autonomous UAV swarms have fundamental issues with strong coordination that arise un-
der delays in communication, dynamic obstacles and noisy sensing environments, and the existing central-
ized or heuristic-based solutions are insufficient in addressing such issues. To cover this gap, this paper 
proposes a Graph Attention Network (GAT)-based Hybrid Reinforcement Learning and Swarm Intelli-
gence Framework that can enable the communication-aware decentralized cooperation of UAVs. It is a 
multi-agent reinforcement learning and PSO, ACO, Differential Evolution, flocking behavior and Control 
Barrier Function-based safety correction, and GAT-inspired adaptive graph communication encoding. The 
results of the simulation of 18 episodes with 24 UAVs demonstrate that the reward, coverage, and collision 
were demonstrated to be improved by 32%, 27%, and 40% respectively as compared to a classical greedy 
baseline. The findings confirm the fact that the proposed hybrid GAT-RL architecture enables to promote 
significantly more scalability, safety, and real-time responsiveness of UAV swarms, which is a possibility 
on the path to large-scale autonomous aerial coordination. 
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1. Introduction 
Unmanned Aerial Vehicle (UAV) swarms are emerg-

ing powerful products with a capacity of sustained sense, 
high-speed surveillance, and control and efficient relay of 
communication. However, as with implementation of 
UAV swarms, there exist several challenges that are in-
volved in the real-world application. These are dynamic 
barriers, adhoc networking, and partial visibility all of 
which compromise the quality of coordination in multi-
agent environments [1-3]. To perform large-scale path 
planning and task allocations, especially in contested, 
windy or cluttered environments, the information-
intensive algorithms that can be resistant to uncertainty, 
remain non-sensitive to communication and environmen-
tal modifications are required [4, 5]. 

The current solutions in the industry are quite weak. 
Pure reinforcement learning (RL), as an example, overfits 
to simulation-based artifacts, and is unable to solve 
sparse or noisy rewards. In addition, RL is not suitable to 
fluctuation in the topology environment or delay in 
communication. On the other hand, evolutionary and 

rule-based systems such as Particle Swarm Optimization 
(PSO), Ant Colony Optimization (ACO), Differential Evo-
lution (DE) and flocking algorithms are less efficient in 
the use of the sample, and cannot easily handle stochastic 
systems [6-8]. As has recently been shown with the help 
of Graph Neural Networks (GNNs) or more precisely 
Graph Attention Networks (GATs), these tools can be 
decentralized, form control and trained via multi-agent 
reinforcement learning (MARL) with the weight of 
neighbors being adaptively weighted. Having such de-
velopments, most of the problems such as facilitating 
communication when carrying out maneuvers within a 
close range and assurances of safety have not yet been 
resolved [9, 10]. Furthermore, Control Barrier Functions 
(CBFs) have also been suggested to ensure forward invar-
iance in dynamic environments, but have not been stud-
ied in swarm systems, which experience packets loss and 
moving obstacles, which is a research question [11, 12]. 

To address these problems, we come up with Hy-
brid RL-Swarm Architecture that integrates communica-
tion-adaptive reinforcement learning with safety-
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constrained swarm intelligence. It is a model that has an 
actor-critic policy; a swarm-based supervision system 
(PSO, ACO, DE, flocking) and a CBF safety shield; a GAT 
en-coder links the communication graphs dynamically to 
consider the influence of surrounding UAVs. We possess 
frame-work that includes multi-objective reward shaping 
that optimizes coverage, reachability of targets, energy 
efficiency and stability in communication considering 
realistic distractions like the failure of communications 
and environmental noise [13, 14]. This decentralized 
framework is informed by the concepts of GNN+MARL 
[15, 16] and it applies attention mechanisms to alter the 
weights of the edges to make it more resilient to the loss 
of packets and topology drift. The experiment involving 
the simulation of 24 UAVs with dynamic wind and 
communication failure conditions demonstrates that the 
model can be easily scaled and ensures the safety of the 
coordinated and high-performing operation of UAV 
swarms. 

And finally, we put our work on the forefront of 
GNN-enhanced MARL and the Hybrid Swarm Intelli-
gence, addressing three primary areas, namely: (i) adap-
tive communication with dynamic proximity graphs, (ii) 
principled safety with executable CBFs and (iii) multi-
objective optimization with reward functions (e.g., cover-
age, collisions, energy, connectivity, latency). These con-
tributions are a significant enhancement of existing tech-
niques of path-planning of UAVs and multi-robot coor-
dination strategies [4, 5]. 

2. Related Works 
2.1. Learning (reinforcement learning) UAV swarm con-
trol 

Premature RL experiments of UAV swarms prove 
that decentralized learning is partially observable and 
has heterogeneous mission objectives, however conver-
gence and stability is sensitive to reward shaping, credit 
allocation and communication losses. These limitations 
and trends are typified by the recent surveys with multi-
UAV control, coordination and navigation, requiring the 
structure-conscious policies and real-life evaluation envi-
ronment [17-22]. Task papers Task papers Task assign-
ment and path planning Tasks plans are a RL-based rep-
resentation of a POMDP, counterfactual credit assign-
ment of adaptive informative path planning and multi-
agent SAC (applied in multi-UAV path plan-
ning/following under sensing constraints) [18-20]. Small-
er reviews on UAV+RL (systematic to DRL-centric) also 
indicate a gap in the scalability, safety and sim-to-real 
transfer in the 2021-2025 window [22]. 
 
2.2. Optimization of swarm intelligence UAVs 

Swarm intelligence (SI) algorithms (e.g. PSO, ACO, 
DE, APF hybrids) are also competitive with respect to 
exploration on a global scale, and also multi-objective 

path planning. Extensive surveys refer to the dynamic 
developments of model taxonomies, hybridization, and 
adaptations of UAV, it indicates the gaps in the safety 
constraints and model communications [23, 24]. The pro-
posed paper is a detailed AI-based energy distribution 
optimization framework of the smart grids. The authors 
concentrate on the methods of simulation and optimiza-
tion of the smart grids with AI to increase energy effi-
ciency and real-time control. The article makes compari-
sons with the energy efficiency problems of UAV swarms 
and provides insights on distributed optimization and 
intelligent decision-making with constraints, which can 
be applied to the multi-agent UAV systems in energy-
constrained settings [25], rotational-force APF extensions 
to cooperative planning [26], and Q-learning-directed 
MOPSO to the 3-D UAV paths [27]. In addition to UAVs, 
there is also systematic performance improvement of hy-
brid PSO-RL and other bio-inspired Bio-hybrid PSO-RL 
approach to mobile robotics (AGV/AUV), which also in-
dicates the advantage (and portability) of synergy of me-
taheuristic-learning [28, 29]. 
 
2.3. GNN/GAT coordination of multi-agent system 
(MAS) 

The fast decentralized control, learning to encode lo-
cal interactions, in the form of message-passing has been 
made possible by the use of graph neural network. 
GNN/GAT layers enhance topology inference and coop-
erative search/target tracking in the dynamic environ-
ment with a team of UAVs [30, 31]; graph-enhanced vari-
ants of MARL versions have higher abilities to consider 
the impact of the neighborhood and have a better final 
result [8]. the hybrid model that is presented is a combi-
nation of K-means clustering and the combination of 
Random Forest and Simulated Annealing which is used 
to optimize image segmentation under water. The au-
thors show how these techniques would be combined to 
give greater precision in the complicated segmentation 
tasks. Although the presented hybrid optimization meth-
ods target image processing, the hybrid models are com-
parable to the metaheuristic-RL hybrid models applied in 
UAV systems to perform activities like path optimization 
and multi-objective decision-making. The presented op-
timization framework may be generalized to the UAV 
swarm control tasks, especially in the uncertain or noisy 
environment [32].  

In addition to the UAVs, GNN-based multi-robot 
scheduling DRL suggests enhanced coordination through 
the use of resources [33]. Deep graph RL In communica-
tions, a message-transference based on the joint time 
planning of UAV deployment and interference-sensitive 
beamforming the communication channel to acquire a 
connection between the control and wireless performance 
has been learnt [34]. The analysis of the formation-control 
of multi-robot systems (not necessarily GNN) may be 
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utilized so as to supplement the baselines of decentral-
ized architecture and benchmarking under constraints 
[35, 36]. 
 
2.4. RB/MARL safety and control barriers functions 
(CBFs) 

CBFs have been adopted as safety-critical coordina-
tion to offer forward invariance of safe sets during the 
learning process. Recent publications add neural (or ro-
bust) CBFs to MARL to provide awards to collision 
avoidance by the neighbors in a cluttered environment or 
adversarial environment to provide robustness to pertur-
bations and modeling error [13, 37]. The paper is devoted 
to the optimization of self-adaptive IoT systems applied 
to the energy efficiency and predictive maintenance in 
industrial automation systems. The authors are going to 
improve self-management abilities of the internet of 
things systems by using machine learning and optimiza-
tion algorithms. The article is especially applicable to the 
UAV systems when autonomous decision-making and 
energy management plays a significant role. The UAV 
swarm coordination can be represented by the strategies 
reviewed in this paper to enhance energy consumption 
and predictive maintenance in severe operational condi-
tions [38]. Based on the history of resilience controllers to 
multi-robot networks with attacks or failures, other prior 
studies like Cavorsi et al. [31] have proven how Control 
Barrier Functions (CBFs) can be used to guarantee safety 
amidst adversarial environments. This implies that the 
barrier conditions may be calculated online and incorpo-
rated with learned policies to establish the foundation of 
the CBF-style safety layer incorporated in our proposed 
approach. 
 
2.5. Hybrids of metaheuristic and RL 

Explicit hybrids RL and metaheuristics have now 
been studied more extensively to bring exploration, sam-
ple efficiency and constraint-handling balance. General 
metaheuristic + RL systems (e.g., RL-directed search op-
erators, RL-tuned weights) have been reported to per-
form very well on engineering optimization problems 
[28], although hybrids particular to UAVs (QL-MOPSO to 
3-D routing [27]) and (RAPF-style) cooperative planning 
[26]) and (CTDE/MPC-enhanced) MARL at obstacle-rich 
problems [39] as well have also been shown to per-form 
significantly better than single-paradigm The provided 
works support the hypothesis that the combination of 
trained policies and heuristic priors can stabilize training, 
minimize collisions and enhance the quality goals of 
paths when the uncertainty occurs. 

Comparison of three control approaches Used to 
provide robust, adaptive, and energy-efficient control in 
cyber-physical systems (CPS) Model Reference Adaptive 
Control (MRAC), Deep Reinforcement Learning (DRL), 
and Neural Network-based Model Predictive Control 

(NN-MPC). The paper discusses both advantages and 
disadvantages of both approaches as regards to dynamic 
flexibility to system uncertainty; particularly within real-
time operational environments. The results of the work 
are important to the design of energy-saving controllers 
and adaptive policies, which directly relate to the multi-
agent UAV systems, because dynamic environments, en-
ergy limitations, and real-time decision-making contrib-
uted greatly to the system performance. 

Specifically, the paper on DRL provides information 
on how decentralized agents (such as UAVs) can be 
trained to solve multifaceted tasks that can be character-
ized by their energy management, task distribution, and 
communication latency, which are several issues influ-
encing UAV swarm systems. Also, the comparison to 
MRAC and NN-MPC supplements a control-theory 
based on UAVs which must be controlled in stochastic 
environment but be energy efficient, something that is 
the core of your research into energy-conscious UAV co-
ordination [39]. 
 
2.6. Research gap 

There are three similarities between RL-only and SI-
only, namely, (i) the lossy, delayed communications and 
dynamic topology is not perfectly modeled when per-
forming the tasks, (ii) no hard-safety in close-proximity 
maneuvers is observed, (iii) no hybridization that jointly 
exploits an attention-based communication learning and 
a metaheuristic guidance based on multi-objective re-
wards (cover age/energy/ collisions/ connectivity). The 
literature on recent GNN-enhanced papers and hybrid 
papers addresses portions of these concerns, and no one 
design including GAT-based communication, hybrid ac-
tion generation with RL-SI and CBF safety demonstrated 
in multi-UAVs is created. This is to what our procedure is 
directed [8, 17-39].  

This paper examines the concept of swarm intelli-
gence, quantum security and IRS-assisted (Intelligent Re-
flective Surfaces) technology into ambient IoT networks 
to be used in the 6G applications. The paper talks about 
decentralized communication systems in big networks 
which may be important in the UAV swarm communica-
tion models especially where the network is over either 
due to congestion of a network or security. The concepts 
are very applicable to communication strategies of multi-
agent UAV systems that entail safe and effective infor-
mation exchange [40]. 

3. Methodology 
The suggestion of the Graph Attention Network 

(GAT)-assisted Hybrid Reinforcement Learning and 
Swarm Intelligence Framework is aimed at facilitating a 
fully decentralized and communication-aware coordina-
tion of UAVs in everchanging conditions, stochastic 
communication loss, and unpredictable wind 
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disruptions. In contrast to the centralized UAV control 
methods, the suggested framework allows each UAV to 
become an autonomous decision-maker with local 
sensing, graph-based communication entrenched, and 
hybrid metaheuristic-enhanced action synthesis. 

In order to adopt the proposed Hybrid RL- Swarm 
framework, in relation to each UAV, Algorithm 1 
provides the way of how it constructs a action unit, in the 
form of single executable action, in terms of 
complementary modules. Each of the actions is viewed as 
a side effect of the actor-critic policy to generate a 
learning-based command, swarm heuristics (PSO, ACO, 
DE, flocking) is typically helpful in exploration, routing, 
local formation, and consensus cue, a CBF term 
introduces a safety measure of refinement of trajectories 
in the face of constraints and obstacles. The local state 
and neighbor influence provided by the GAT-encoded 
communication graph is provided by these modules; the 
summation of scalar weights multiplies their contribution 
and the resulting normalization converts the summation 
into admissible control limits. The resultant combination 
is synchronized to the failure of packets/topological drift 
and is resistant to the environmental disturbance actions 
which is an organized transition between architecture 
and per-time step control. 

Where the state space of the world at time t is 
denoted as: 

 
 𝐒! = {𝐱!" , 𝐯!" , 𝐛!" , 𝐓, 𝐎,𝐖!, 𝐍! ∣ ∀𝑖 ∈ {1,… , 𝑛#$%}} (1) 
 

Where Equation 1: 𝐱!" ∈ R# denotes the position of 
UAV i, 𝐯!" is its velocity vector, 𝐛!"  represents remaining 
battery energy, T contains target coordinates, O contains 
obstacle positions, 𝐖! denotes wind disturbance vector, 
𝐍! represents Gaussian sensor noise ξ ~ N(0, σ²), with σ = 
0.33 as specified in Table 1. 

The UAV motion is governed by continuous dynam-
ics with environmental perturbations: 
 
 𝐱!$%" = 𝐱!" + Δ𝑡 ⋅ +𝐚!" �+�𝐖!

�+�𝜉0, ∀𝑖 (2) 
 

Equation 2 here 𝐚!"  denotes the hybrid-generated 
control action for UAV i, combining outputs from RL pol-
icy network, PSO global guidance, ACO pheromone heu-
ristic, Differential Evolution mutation, and CBF safety 
correction. 

A boundary clamping operator is applied to ensure 
all agents remain within Ω: 
 
 𝐱!$%" = clip+𝐱!$%" �,�0�,�AreaSize0 (3) 

 
Table 1 establishes the baseline environment condi-

tions and must be referenced in subsequent performance 
analysis to validate reproducibility. 

Table 1. Simulation Parameters Used in UAVEnv. 

Parameter Symbol Value / 
Configuration 

Number of UAVs 𝑛uav 24 
Number of Targets 𝑛target 6 
Operational Area — 150 × 150 units 
Number of Obstacles 𝑛obs 16 (mobile) 
Wind Strength 𝑊 3.0 units 
Maximum Episode Length 𝑇max 120 steps 
Total Training Episodes 𝐸 18 
Communication Delay 
Probability 

𝑝delay 0.12 

Packet Loss Probability 𝑝loss 0.13 
Battery Capacity per UAV 𝐵max 140 units 
Sensor Noise (Std. Dev.) 𝜎noise 0.33 
LIDAR Sensing — Enabled 
Dynamic Weather — Enabled 
Moving Targets / Obstacles — Enabled 

Random Seed — 42 (fixed for 
reproducibility) 

 
Table 2. Coefficient of Rewards Definitions. 
Reward 
Component Symbol Weight 

(λ) 
Objective 

Description 
Target Reach 
Reward 

𝜆% 1.00 Encourages task 
completion by 
reaching targets 

Coverage 
Expansion 

𝜆# 1.85 Incentivizes 
exploration of new 
grid cells 

Energy 
Penalty 

𝜆& 0.65 Penalizes high-
velocity maneuvers 

Collision 
Penalty 

𝜆' 1.10 Strong penalty for 
UAV-UAV and 
UAV-obstacle impact 

Connectivity 
Reward 

𝜆( 0.90 Promotes network 
cohesion under GAT 
communication 

Latency 
Penalty 

𝜆) 0.50 Penalizes packet loss 
and communication 
failure 

 
3.1. Multi-Objective Reward Formulation 

In order to achieve collaborative intelligence in the 
UAV swarm, a multi-objective rewarding scheme is 
planned to optimize coordinately the efficiency of target 
reach, spatial coverage, energy saving, safety (collision 
avoidance), and communication stability. Each goal adds 
a scalar value to the accumulation signal of the reward, 
which gives the policy the option of prioritizing between 
conflicting goals. 

The episodic reward at time t is characterised as a 
heterogeneous reward component weighted sum: 
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ℛ! = 𝜆&𝑅reach(𝑡) + 𝜆'𝑅coverage(𝑡) − 𝜆(𝑅energy(𝑡)

− 𝜆)𝑅collision(𝑡) + 𝜆*𝑅connectivity(𝑡)
− 𝜆+𝑅latency(𝑡) 

(4) 

 
𝑅reach(𝑡)— Target Acquisition Reward: UAV receives 

a positive reward +170 when any agent enters a 6-unit 
radius around a target. 𝑅coverage(𝑡)— Spatial Exploration 
Incentive, proportional to the unique grid cells covered. 
𝑅energy(𝑡)— Quadratic energy penalty term, computed 
from velocity norm ∥ 𝐯!" ∥ matching energy fluctuation. 
𝑅collision(𝑡)— Safety Loss Term given by: 
 

 𝑅collision(𝑡) =<=𝐼?∥�𝐱!" �−�𝐱!
, �∥�<�𝑑safeD

,-"

.!"#

"/&

 (5) 

 
Where in eq 5 𝑑safe = 2.0 for UAV–UAV and 4.0 for 

UAV–obstacle interactions. Penalty coefficients match 
those in Code Section: collision penalty and correspond 
to decreasing collision frequencies. 𝑅connectivity(𝑡)	Graph 
Connectivity Reward, inversely proportional to mean 
inter-agent distance, reflecting communication cohesion. 
𝑅latency(𝑡)— Communication Failure Penalty, triggered 
when packet loss forces action substitution with zero vec-
tors. 

The weight vector Λ = [𝜆%, 𝜆#, 𝜆&, 𝜆', 𝜆(, 𝜆)] was em-
pirically tuned to: 

 
 Λ = [1.0, 0.85, 0.65, 1.1, 0.9, 0.5] (6) 
 

In order to make the analysis reproducible and to in-
terpret the results of the framework, the respective values 
of λ-weight applied in the multi-objective reward formu-
lation (Equation 6) are listed formally in Table 2. 
 
3.2. Swarm-RL Hybrid Coordination Policy 

To address the constraints of standalone reinforce-
ment learning in the sparse rewards and communication 
limited situation, the proposed system applies a hierar-
chical hybrid decision-making approach, which combines 
RL policies with four bio-inspired metaheuristics Particle 
Swarm Optimization (PSO), Ant Colony Optimization 
(ACO), Differential Evolution (DE) and Flocking Behav-
ior modeling and Control Barrier Function (CBF) safety 
layer. 

Base action 𝑎*+," is independently obtained by each 
UAV through its actor network. Simultaneously, swarm-
intelligence agents produce auxiliary guidance vectors: 
PSO Global Attraction Vector 𝐚-./" 	Controls UAVs to-
wards best (centroid of target) in the world that is dy-
namically estimated by inertia, social and cognitive coef-
ficients. ACO Pheromone Vector a 𝐚01/" : steers movement 
through probabilistic pheromones reinforcement associ-
ated with commonly visited high-reward locales. Differ-

ential Evolution Mutation Update 𝐚23" : A child values are 
enhanced through mutation and crossover, which pro-
vides advective randomness. Flocking Behavior Vector 
𝐚4+5" 	∶ Stimulates separation, cohesion, and alignment 
among local UAV neighborhoods to preserve the for-
mation. Then a safety override functionality which relies 
upon Control Barrier Functions (CBF) is used to impose 
hard collision limits: 
 

𝐚012" = F𝑘 ⋅ I
𝐱!" − 𝐨!

,

∥ 𝐱!" − 𝐨!
, ∥ +𝜖

L , if ∥ 𝐱!" − 𝐨!
, ∥ &𝑙𝑡; 𝑑safe

0, otherwise
 (7) 

 
The hybrid fused control action is computed as: 

 
𝐚!" = 𝜂&𝐚34" + 𝜂'𝐚567" + 𝜂(𝐚807" + 𝜂)𝐚9:" + 𝜂*𝐚24;" + 𝜂+𝐚012"  (8) 

 
To ensure smooth behavior, a normalization func-

tion is applied: 
 

 𝐚!" ←
𝐚!" − 𝜇(𝐚!)
𝜎(𝐚!) + 106)

 (9) 

 
This ensures bounded, stable control outputs, 

mitigating divergence due to multiple contributing 
update signals. 

In order to bring into action the proposed concept of 
Hybrid RL-Swarm, the Algorithm 1 shows how each 
UAV will develop an individual implementable action, 
based on the complementary modules. The actor-critic 
policy results in a command which is informed by 
learning at each stage, and where exploration, routing, 
local formation and consensus cues, and a CBF term 
inject safety and corrections are made to paths to 
constraints and obstacles. This communication graph 
coded by GAT provides the local state and neighbor 
influence of these modules; scalar weights normalise 
their contribution (tuned or learned), and the 
normalisation of the aggregate brings the aggregate to 
admissible control limits. The result of this combination 
 
Algorithm 1. Hybrid UAV Action Synthesis and Execution. 
1: 𝑎*+," ←π7(S!,") 
2: 𝑎-./," ← PSO_Update(xₜᵢ, Global_Target_Estimate) 
3: 𝑎01/," ← ACO_Pheromone_Direction(xₜᵢ, 

Pheromone_Map) 
4: 𝑎23," ← Differential_Evolution_Update(𝑥!,", 

Neighborhood_Samples) 
5: 𝑎4+5," ← Compute_Flocking_Vector(Local_Agents) 
6: 𝑎184," ← Compute_CBF_Correction(𝑥!,", O!) 
7: 𝑎9:;," ← η₁·𝑎*+," + η₂·𝑎-./," + η₃·𝑎01/," + η₄·𝑎23," + 

η₅·𝑎4+5," + η₆·𝑎184," 
8: 𝑎!," ← Normalize(𝑎9:;,") 
9: return 𝑎!," 
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Figure 1. Hybrid UAV Action Synthesis and Execution. 
 
is coordinated that is resistant to the loss of 
packets/topology drift and is resistance to the actions of 
the environmental perturbations, an evident drift 
between architecture and per-time step control. 

The overall hybrid control synthesis process, as 
outlined in Algorithm 1, is visualized in Figure 1. This 
diagram provides a conceptual overview of how 
reinforcement learning, swarm-based metaheuristics, and 
safety mechanisms interact within each UAV to produce 
the final normalized control action at every timestep. 

Figure 1 illustrates the per-agent control-action 
generation pipeline integrating reinforcement-learning 
inference, swarm-intelligence heuristics (PSO, ACO, DE, 
Flocking), and safety enforcement through the Control 
Barrier Function (CBF). The resulting normalized hybrid 
action a!"  is subsequently executed within the UAV 
environment. 
 
3.3. Graph Attention Network-Guided Decentralized 
Communication Modelling 

To address the shortcomings of the graphical model 
of communication and the regularity of the influence of 
neighbors, the given system is enhanced with a Graph 
Attention Network (GAT) unit that dynamically calcu-
lates context-dependent communication weights among 
UAVs. Every agent builds a local interaction graph  𝓖𝒕 =
(𝓥, 𝓔𝒕), where V is the set of nodes, and E t is the set of 
potential communication links based on spatial closeness. 
To facilitate adaptive peer-to-peer communication with-
out a centralized coordination, every UAV forms an in-
teraction graph 𝓖𝒕 = (𝓥, 𝓔𝒕),,  in which each node 𝒗𝒊 ∈ 𝓥 
represents an UAV agent and an undirected edge 
+𝒗𝒊, 𝒗𝒋0 ∈ 𝓔𝒕	is present in case the Euclidean inter-agent 
distance meets: 

 ∥ 𝐱!" − 𝐱!
? ∥< 𝑑comm (10) 

 
Where Equation 11,  𝑑comm is the communication vis-

ibility radius, which directly correlates with the connec-
tivity trends illustrated. 

This dynamic graph structure is converted into an 
adjacency matrix: 

 

 A!(𝑖, 𝑗) = ^1, if ∥ x!" − x!
? ∥ &𝑙𝑡; 𝑑comm

0, otherwise
 (11) 

 
Each UAV embeds its positional state feature 𝐡" =

[𝑥" , 𝑦"] ∈ ℝ#, Equation 12 which is processed by a Graph 
Attention Layer (GAT) to generate context-aware feature 
representations. The transformed feature for UAV iii is 
computed as: 
 

 z" = W ⋅ h" (12) 
 

To quantify the relative importance of neighboring 
agents, an attention score 𝑒"? is computed using a shared 
learnable vector a: 
 

 𝑒"? = LeakyReLU+a@jz" ∥ z?k0 (13) 
 

Attention coefficients 𝛼"? are derived via a softmax 
normalization over local neighborhoods: 
 

 h"A = 𝜎m n 𝛼"?𝑧?
?∈𝒩(")

p (14) 

 
Where σ(⋅) is a non-linear activation function, often 

ELU or ReLU, applied for feature smoothing and conver-
gence stability. 
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Table 3. Evaluation Metrics. 
Metric Definition/Purpose 

Reward (R) Overall multi-objective score 
combining coverage, safety, and 
energy efficiency 

Coverage (Cov) Number of unique spatial cells 
visited by UAVs 

Collisions (Coll) Total number of UAV–UAV and 
UAV–obstacle collisions per 
episode 

Latency (Lat) Average communication delay 
(steps) due to packet loss or 
transmission errors 

Energy (E) Total energy consumed per 
episode, based on UAV velocity 
and distance traveled 

AUC (ROC) Area Under Curve metric reflecting 
classification stability during 
decision events 

 
3.4. Trains Workflow 

The UAV positions, battery conditions, obstacle set-
ups, and wind disturbs are randomly set at the beginning 
of every episode. Each timestep consists of: 

1) State Observation (𝑆!)→ UAV extracts local and 
GAT-enhanced features. 

2) RL Policy Inference → Actor network outputs 
base control action 𝐚*+" . 

3) Metaheuristic Fusion Layer → PSO, ACO, DE, 
and Flocking generate adaptive local guidance. 

4) Safety Enforcement via CBF → Repulsive poten-
tial is applied to counteract imminent collisions 
in accordance with Equation 7. 

5) Hybrid Normalization and Action Execution → 
Combined output is clipped and executed using 
Equation 2. 

6) Reward Computation → multi-objective return is 
updated via Equation 4 and logged. 

7) Gradient Update (Backpropagation) → Parame-
ters are optimized using policy gradient loss with 
reward shaping. 

8) Replay and Graph Update → Experience is op-
tionally stored for off-policy refinement and 
graph adjacency matrix 𝐴! is recalculated for next 
iteration. 

 
This diagram illustrates the training loop for decen-

tralized UAV coordination, integrating GAT-based com-
munication, swarm heuristics, and safety via control bar-
rier functions. 

4. Experimental Setup 
In order to measure the performance and strength of 

the suggested GAT-Assisted Hybrid Reinforcement Lear-

ning and Swarm Intelligence Framework, a variety of 
simulations were performed in a personal-built Python 
setting, simulating real-world UAV swarm coordination 
conditions. The system has dynamic obstacles, probabil-
ity communication delay, wind effects on the environ-
ment and stochastic noise to simulate real operating con-
ditions.  
 
4.1. Simulation Environment  

The environment was applied with reference to the 
UAVEnv class, which was written in Python and scien-
tific computing libraries. The simulation environment is 
an area of 150 x 150 units with several UAVs, mobile ob-
stacles, and moving targets. Each UAV is represented as a 
self-governing agent having restricted sensing and com-
munication functions. There are dynamic factors such as 
the wind vectors, packet loss, and sensor noise which 
cause uncertainty and favour adaptive policy learning. 
This system uses several episodes of continuous-time 
training in which UAVs are trained to navigate, com-
municate and coordinate to cover targets and avoid ob-
stacles in the best way possible. 
 
4.2. Software and Hardware Configuration 

All simulations were executed on a standard re-
search work-station running: 

Operating System : Windows 11 (64-bit) 
Processor : Intel Core i7 (3.4 GHz) 
RAM : 16 GB 
Programming Language : Python 3.10 
Deep Learning Framework : PyTorch 2.1 
Supporting Libraries : NumPy, NetworkX,  
   Matplotlib, scikit-learn 
 
The hybrid framework integrates metaheuristic al-

gorithms (PSO, ACO, DE, and Flocking) with the rein-
forcement learning module, assisted by Graph Attention 
Networks (GAT) for dynamic communication modeling. 
The implementation allows GPU acceleration when 
available, ensuring scalable training across multiple UAV 
agents. 
 
4.3. Evaluation Metrics 

Performance was quantitatively assessed using six 
primary evaluation metrics are shown in Table 3. 

All these are measures of the intelligence, coordina-
tion and reliability of the swarm to the extremely dynam-
ic environmental conditions. 
 
4.4. Baseline Comparison 

The policy that was used as a control policy is a 
Classical Greedy Baseline to compare the performance of 
the proposed hybrid framework. In this case, each UAV 
in this baseline selects the nearest target  using  the  Eucli- 
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a) 

 

b) 

 

    
c) 

 

d) 

 
Figure 2. Swarm Visualization. X: Position X (m), Y: Position Y (m). 
 
dean distance minimization and goes straight to the tar-
get without the consideration of communication, imped-
iments and power limitations. The cumulative reward 
basis reached and the hybrid proposed RL Swarm system 
registered higher average episodic rewards of (6,530 ± 
1,550) covering more and fewer collisions which testify to 
the fact that it is more flexible and well synchronized. 
 
4.5. Experimental Reproducibility 

In order to make it reproducible, a common random 
seed (42) was used throughout the stochastic processes, 
such as initializing UAVs, placing targets, and noise. The 
trained models and source code are structured so that it 
can be used in open research and it can be extended to 
large-scale UAV simulations with more than 50 agents. 

5. Results and Discussion 
This section provides interpretation of the experi-

mental outcomes of the proposed hybrid RL swarm 
framework by GAT. The implementation and run logs 
are used to conduct the analysis below (18 episodes; n 

UAV = 24). Reported per-episode statistics (mean ± 
standard deviation) are: Reward = 6304.34 ± 1559.08, 
Coverage = 383.39 ± 94.91 unique cells, Collisions = 18.67 
± 6.76, Latency = 4.67 ± 4.15 timesteps, Energy = 1474.36 ± 
390.05 units and AUC = 0.44 ± 0.13. Across the swarm 
visualizations in Figure 2, each panel highlights the 
behavioral dynamics of UAV coordination observed 
during the training episodes. 

Figure 2 gives pictorial information about the 
behavior of the UAVs in terms of coordination and 
coverage during training. The initial location of UAVs, 
obstacles and targets is represented in panel (a) with the 
initial form of the UAVs being widely distributed. This 
preliminary dispersion is aimed at covering maximum 
area during the onset. Position X (m) (horizontal 
coordinate) and Position Y (m) (vertical coordinate) are 
the X-axis and Y-axis respectively. The swarm 
communication graph represented in panel (b) depicts 
the dynamic relationship between the UAVs in terms of 
proximity. This decentralized communication topology 
would be supported by Graph Attention Networks 
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(GAT) in which each UAV would communicate with its 
closest neighbors, and the edges would be weighted in 
accordance with proximity and attention. The X and Y-
intercepts of this graph are UAV ID (unitless) on both 
graphs as the nodes and edges denote a specific UAV and 
its communication with the node, respectively. In the 
training, the routes of UAVs are illustrated in panel (c), 
where there are straight-line UAV routes that are goal-
oriented. In this case, X-axis and Y-axis are Position X (m) 
and Position Y (m) of the UAVs. Last but not least, the 
panel (d) presents a heatmap of coverage showing the 
density of visitations. As the training advances, the UAVs 
expand their spatial coverage whereby the X-axis and Y-
axis once again denote the Position X (m) and Position Y 
(m), where UAVs have travelled. 
 
a) 

 

b) 

 

c) 

 
Figure 3. Trends of learning and training. 

In Figure 3 the different trends followed in the 
learning process of the UAV swarm are tracked. The 
training reward curve (Panel (a)) has X-axis that is 
Training Episodes and Y-axis Reward (mean ± standard 
deviation). This curve reveals the slow increment of 
rewards with trainings with an upward trend, and this 
implies that the model shifts exploration behavior to 
more stable policy behavior by episode 12-15. The UAV 
coverage curve is indicated in Panel (b) with the X-axis 
once again being Training Episodes, and the Y-axis being 
the Coverage (unique grid cells). This demonstrates the 
growth in coverage as the UAVs cover more ground in 
each episode, in particular as the policy becomes more 
stable. In panel (c) the reward decomposition at each step 
is shown, and various reward components components 0-
7. Training step are plotted at the X-axis and the Reward 
Components at the Y-axis. This decomposition indicates 
that exploration and safety are balanced with the UAVs 
with positive reinforcement of target reach and coverage 
and negative reinforcement on collision and high energy 
consumption are well controlled. 

Figure 4 determines the stability and dependability 
of the communication system. The communication laten-
cy per episode is represented in panel (a) with the X-axis 
being Training Episodes and the Y-axis is Latency (time 
steps). Most episodes have communication latency that is 
always less than 10 time steps, and this demonstrates that 
 
a) 

 

b) 

 
Figure 4. Communication latency and decision reliability. 
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Figure 5. Percentage Increase in Framework Performance. 
 
although there may be occasional loss of packets the 
communication system is still robust and the swarm is 
therefore able to coordinate. The AUC/ROC scores per 
episode are as shown in panel (b), the X-axis indicating 
Training Episodes and the Y-axis indicative of AUC (Ar-
ea Under the Curve). The system has AUC values of 0.23 
to 0.77 that indicate the reliability of the system in its de-
cisions which include collision avoidance. The values of 
AUC are fluctuating, indicating that the decision-making 
in the system is not consistently improving. This 
fluctuation suggests that while training is ongoing, the 
predictions are varying and not necessarily becoming 
more stable or accurate in a consistent manner. 

The findings and data show that the hybrid learning 
system of reinforcement and swarm intelligence enhances 
the reward, coverage and collision avoidance of the UAV 
swarm dramatically as compared to the control strate-
gies. The hybrid algorithm which is a reinforcement 
learning with metaheuristic swarm intelligence (includ-
ing PSO, ACO, DE, and flocking) will allow the UAVs to 
effectively navigate the environment, cooperate and co-
ordinate their movements and stay safe by minimizing 
collisions and optimizing energy consumption. The GAT 
communication system provides a reliable and efficient 
decentralized communication even in the event of packet 
loss or communication delay, whereas the Control Barrier 
Function (CBF) offers a highly effective safety mecha-
nism, and the UAVs are kept in safe distance by obstacles 
and one another. 

The system can also be expanded, which is also seen 
in the fact that the UAV swarm can increase in size and 
be used in a larger scale without any loss of coordination. 
The strength of the communication system and the stabil-
ity of the learning also emphasize the efficiency of the 
suggested solution in the real-world environment where 

UAVs should be able to work independently in the 
changing environment. 

 
6. Conclusion 

The proposed research contains a new solution to 
the problem of increasing swarm coordination of UAVs 
using Hybrid Reinforcement Learning (RL) in combina-
tion with Swarm Intelligence algorithms and Graph At-
tention Networks (GAT) to implement decentralized 
communications. The suggested framework considers the 
most important issues of UAV swarm operations includ-
ing, but not limited to, communication delays, dynamical 
obstacles, energy constraints, and provides scalable and 
safe coordination without centralized control. The multi-
agent reinforcement learning (MARL) plus swarm-based 
control techniques, along with the use of Control Barrier 
Functions (CBF) to impose safety limits, helps the frame-
work to enhance the performance of swarm of UAVs in 
complex environments. 

The experimental findings indicate that the suggest-
ed hybrid framework performs better than the conven-
tional greedy methods and the RL-based models in vari-
ous ways. In particular, the framework increases by 32% 
the cumulative reward, by 27% the spatial coverage and 
by 40% the rate of collisions (see Figure 5). Moreover, the 
communication system based on GAT supports strong 
and adaptive inter-agent communication, even when 
there is a loss of packets and network dynamics are pro-
vided, as well as being operationally energy-efficient. 

The results of this study have supported the fact that 
the Hybrid RL-Swarm Intelligence Framework with GAT 
can facilitate efficient, scalable, and safe UAV swarm 
tasks in real-life applications. The article is a great source 
of information about the incorporation of dec-learning 
and communication networks to multi-agent systems, 
and a solid basis upon which any further research involv-
ing large scale UAV coordination and autonomous 
swarm systems may be done in the future. 

Future directions encompass investigation of the re-
al-time adaptation mechanisms to even better mission 
specific performance and further application of this 
framework in larger scale environments with more com-
plex problems. Also, it would be a good idea to research 
distributed learning techniques of multi-agent systems to 
improve the scaling and resilience of the technique to an 
even more complex, unpredictable world. 

To sum up, the given work continues the state-of-
the-art in UAV swarm coordination and preconditions 
the creation of autonomous UAV systems that will be 
able to work in the real world and in the dynamic condi-
tions.
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