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Abstract 1 

With the rapid growth of UAV-enabled applications in inspection, logistics, and emergency 2 

communication, onboard computation and energy resources have become key bottlenecks for large-scale 3 

UAV swarms. Mobile edge computing (MEC) provides a practical way to relieve this pressure by offloading 4 

computation-intensive tasks to nearby edge and cloud servers. However, task offloading in multi-UAV 5 

environments remains challenging because of partial observability, time-varying wireless conditions, 6 

resource contention, and the need for coordinated decisions among multiple agents. To address these issues, 7 

this paper studies an energy-efficient task offloading problem for a heterogeneous UAV swarm and develops 8 

a three-layer computing architecture consisting of a UAV layer, an edge server layer, and a cloud layer. Based 9 

on this architecture, we propose an MAPPO-based framework, called SS-MAPPO, which combines a top-K 10 

sparse attention mechanism with a Gaussian-based latent policy representation. The problem is formulated 11 

as a decentralized partially observable Markov decision process (Dec-POMDP), where each UAV makes 12 

offloading decisions according to its local task attributes, queue states, and observable server conditions. 13 

Simulation results show that SS-MAPPO reduces energy consumption, accelerates convergence, and 14 

improves decision stability compared with the evaluated baselines under the tested settings. These results 15 

indicate that the proposed framework is a promising approach for energy-aware collaborative offloading in 16 

dynamic multi-UAV edge computing environments.17 
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1 Introduction 20 

With the rapid development of UAV technology, UAVs have been widely used in inspection, 21 

logistics distribution, environmental monitoring, and emergency communication. Their mobility 22 

and flexibility allow them to collect data and execute tasks close to the physical scene, which is 23 

valuable for time-sensitive applications. However, as mission complexity increases, a single UAV 24 

often faces limited onboard energy and computation capacity. For computation-intensive or latency-25 

sensitive tasks, local processing alone is no longer sufficient to meet both efficiency and energy 26 

requirements, which constrains the deployment of larger and more capable UAV systems. 27 

Mobile edge computing (MEC) provides an effective way to relieve this burden by shifting 28 

computation from resource-constrained UAVs to nearby edge or cloud servers. In a UAV task 29 

offloading system, computational tasks generated by UAVs can be executed locally or offloaded to 30 

edge and cloud servers according to current network conditions and resource availability. By 31 

leveraging nearby edge nodes with stronger computation capability and lower communication delay, 32 

MEC can reduce onboard energy consumption and improve task completion efficiency. In multi-33 

UAV scenarios, the edge architecture also enables collaborative scheduling across UAVs and servers, 34 

which helps increase overall system throughput and service continuity. 35 

However, task offloading in multi-UAV environments remains difficult because of dynamic 36 

topology, partial observability, and contention for wireless and computing resources. UAV mobility 37 

causes frequent changes in link quality and server accessibility, while concurrent access from 38 

multiple agents can lead to channel interference and queue congestion. Traditional optimization 39 

methods are often too expensive to solve in real time for such high-dimensional and time-varying 40 

systems. Although deep reinforcement learning improves adaptability, single-agent methods do not 41 

scale well to large swarms, and existing multi-agent approaches still face challenges such as 42 

inefficient interaction modeling and unstable policy learning. Therefore, designing a scalable and 43 

stable collaborative offloading strategy for large multi-UAV systems remains an open problem. 44 

The main contributions of this paper are summarized as follows: 45 

1. We construct a heterogeneous three-layer UAV-edge-cloud offloading architecture for large-46 



 3 / 28 

 

scale UAV swarms, and formulate the multi-UAV offloading problem as a Dec-POMDP with queue-47 

aware observations and an energy-oriented reward function. The architecture incorporates a shared 48 

edge server pool together with a task priority queue to capture resource contention and queue 49 

dynamics, so that each UAV learns from local information while the training process still exploits 50 

centralized value estimation. 51 

2. We propose SS-MAPPO, an improved MAPPO framework for decentralized offloading 52 

decisions, where a top-K sparse attention mechanism is introduced into the centralized critic to 53 

reduce redundant inter-agent coupling, and a Gaussian-based latent policy representation is used in 54 

the actor to smooth discrete action selection. 55 

3. We validate the proposed method through simulation and compare it with representative 56 

baselines. The results show that SS-MAPPO achieves lower energy consumption, faster 57 

convergence, and more stable decisions under different swarm sizes and task loads. 58 

The remainder of this paper is organized as follows: Section 2 reviews related work; Section 3 59 

presents the system model and problem formulation; Section 4 describes the MAPPO-based 60 

framework and the proposed improvements; Section 5 presents the simulation results; and Section 61 

6 concludes the paper and discusses future work.  62 

2 Related Work  63 

Current research primarily focuses on three dimensions: traditional optimization methods, 64 

single-agent deep reinforcement learning (DRL), and multi-agent reinforcement learning (MARL). 65 

Traditional task offloading optimization methods often employ heuristic algorithms. Wei et 66 

al.[5] proposed a multi-resource computing offloading particle swarm optimization task scheduling 67 

algorithm for energy consumption optimization in mobile edge computing, effectively reducing the 68 

energy consumption of mobile terminals. Bozorgchenani et al.[6] modeled task offloading in MEC 69 

as a constrained multi-objective optimization problem and designed an evolutionary algorithm to 70 

effectively find the best balance between energy consumption and task processing delay. Zhou et 71 

al.[7] considered the optimization problem in edge-computing-based smart grids, aiming to minimize 72 

task cost, a weighted sum of time and energy consumption. Wang et al.[8] studied the battery and 73 

computing resource limitations of UAV systems based on fog computing, maximizing the efficiency 74 

of collaboration among UAVs using an iterative algorithm. Chen et al.[9] studied the joint 75 

optimization problem of computation offloading, channel allocation, and location deployment in 76 
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coalition-based UAV mobile edge computing networks, formulating a discrete multi-leader multi-77 

follower energy minimization Stackelberg game and achieving equilibrium through a hierarchical 78 

iterative learning algorithm based on spatial adaptive play best response, obtaining the minimum 79 

network energy consumption. Ning et al.[10] considered multi-UAV-assisted MEC networks, 80 

addressing multi-user computation offloading and edge server deployment, using an asynchronous 81 

update algorithm to minimize system computation cost in dynamic environments. Han et al.[11] 82 

studied multi-UAV-assisted MEC networks, jointly optimizing user association and UAV 83 

deployment using optimal transport theory and particle swarm algorithm to minimize average task 84 

delay. Pang et al.[12] studied a multi-UAV-assisted cloud wireless charging system with cloud server 85 

and UAV collaboration, jointly optimizing resources and trajectory using a block coordinate descent 86 

algorithm assisted by a Cauchy mutation-based chaotic adaptive beetle swarm optimization 87 

algorithm to enhance system energy efficiency. Chen et al.[13] proposed a task offloading strategy 88 

and an online UAV scheduling algorithm based on the shortest distance algorithm for multi-UAV-89 

assisted MEC networks, aiming to minimize UAV energy consumption and achieve higher resource 90 

utilization. Zhu et al.[14] employed a combination of particle swarm optimization and genetic 91 

algorithm operators to optimize UAV deployment for minimal delay. These methods obtain optimal 92 

solutions for task offloading, resource allocation, or UAV trajectories through iterative solving. 93 

However, UAV networks often exhibit high dynamics; the continuous movement of UAVs leads to 94 

rapid changes in network topology and communication channels, along with the stochastic 95 

generation of tasks. This results in an extremely complex system state space, where traditional 96 

methods often suffer from high computational complexity, making real-time efficient decision-97 

making difficult, and their scalability performs poorly when facing large-scale UAV swarms. 98 

Deep reinforcement learning (DRL) offers new solutions for dynamic decision-making 99 

problems. Single-agent DRL algorithms, such as Deep Q-Network (DQN), Deep Deterministic 100 

Policy Gradient (DDPG), and Proximal Policy Optimization (PPO), are applied to optimize mobile 101 

edge offloading scenarios for a single UAV. Liu et al.[15] proposed a centralized Deep Deterministic 102 

Policy Gradient (DDPG) algorithm based on a Markov Decision Process (MDP) combining short-103 

term task offloading and bandwidth resource allocation to reduce frequent cache switching and 104 

system overhead at edge nodes, experimentally verifying the model's efficiency. Wang et al.[16] 105 

proposed the TD3-TDCTM algorithm for UAV-assisted MEC systems to optimize UAV trajectories 106 
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and minimize data collection time. Adnan et al.[17] utilized a reinforcement learning (RL) strategy 107 

framework for path planning optimization in multi-UAV-assisted mobile edge computing (MEC) 108 

networks. Lin et al.[18] integrated DRL with linear programming, proposing the PDDQNLP 109 

algorithm to maximize UAV energy efficiency while considering offloading fairness. Liu et al.[19] 110 

modeled environments like mountainous and disaster areas, proposing the MODRL-COP algorithm 111 

to effectively alleviate the conflict between consumption and delay. Wang et al.[20] proposed a hybrid 112 

trajectory planning algorithm combining PF and DRL for feature extraction and reward shaping, 113 

enhancing the agent's environmental perception and decision-making capabilities. Huo et al.[21] 114 

proposed a joint scheduling strategy based on an improved MATD3 algorithm to obtain robust 115 

solutions for UAVs in highly dynamic environments with channel fading, dynamic computing loads, 116 

and energy constraints. Zhang et al.[22] proposed an end-to-end model based on Deep Q-Networks 117 

to jointly optimize computation offloading and UAV trajectory control, reducing the overall system 118 

delay and energy consumption. Liu et al.[23] employed a Double Deep Q-Network to optimize UAV 119 

flight trajectories and associated users, maximizing system throughput in a real-time user mobility 120 

environment. However, in multi-UAV systems, employing single-agent reinforcement learning 121 

algorithms leads to a dimension explosion in state and action spaces, i.e., the "curse of 122 

dimensionality," making training difficult and convergence challenging. 123 

In contrast, multi-agent reinforcement learning (MARL) is more suitable for multi-UAV 124 

collaborative systems. It optimizes global objectives through cooperation and competition among 125 

agents. For multi-UAV edge computing, Wang et al.[24] effectively addressed the load-balancing 126 

problem using MARL methods. Wang et al.[25] utilized the Multi-Agent Deep Deterministic Policy 127 

Gradient (MADDPG) method to optimize multi-UAV trajectories in real-time, maximizing the 128 

fairness of computing services. Nie et al.[26] targeted privacy issues in multi-UAV networks, using 129 

multi-agent federated learning for distributed training, achieving results close to MARL. Tao et al.[27] 130 

employed the MADDPG algorithm to find optimal task offloading strategies and UAV flight 131 

trajectories in dynamic air-ground network environments, reducing overall energy consumption and 132 

improving computational performance. Li et al.[28] adopted a multi-agent deep reinforcement 133 

learning scheme to balance task offloading fairness and energy efficiency for multiple UAVs in 134 

dynamic environments. Hu et al.[29] proposed an offloading optimization and resource allocation 135 

algorithm based on the multi-agent deep deterministic policy gradient to determine offloading 136 
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strategies for MEC servers and terminal devices. Qin et al.[30] modeled users and UAVs as 137 

heterogeneous agents and used the multi-agent deep deterministic policy gradient algorithm to 138 

handle high-dimensional hybrid action space problems. SEID et al.[31] designed a multi-UAV-based 139 

IoT edge network model and proposed a multi-agent deep reinforcement learning approach for 140 

collaborative computation offloading and resource allocation. 141 

Although the existing studies have provided useful insights into UAV task offloading and 142 

multi-agent decision-making, several gaps remain in large-scale heterogeneous UAV edge 143 

computing environments. In particular, many existing methods rely on centralized optimization or 144 

simplified system assumptions, which limits their applicability under partial observability and 145 

dynamic network conditions. In addition, some MARL-based approaches do not explicitly account 146 

for the computational overhead introduced by dense inter-agent interactions, which can reduce 147 

scalability as the number of UAVs increases. The stability of policy learning under discrete 148 

offloading decisions is also still insufficiently explored, especially when queue states and resource 149 

availability vary over time. Motivated by these limitations, this paper investigates an energy-150 

efficient collaborative offloading strategy for large UAV swarms and develops an MAPPO-based 151 

framework with a top-K sparse attention mechanism and a Gaussian-based latent policy 152 

representation to improve scalability and training stability. 153 

3. System Model And Problem Formulation 154 

3.1 System Architecture 155 

This paper considers a heterogeneous UAV edge offloading system and constructs a three-layer 156 

architecture consisting of a UAV layer, an edge server layer, and a cloud layer. The system is 157 

designed to reflect the practical characteristics of multi-UAV task execution, including 158 

heterogeneous UAV capabilities, dynamic wireless access, queue congestion, and resource 159 

contention among multiple computing nodes. 160 
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Figure 1 UAV Edge Computing Architecture for Multi-Zone Aerial Coverage 

 

In the considered scenario, UAVs generate computation tasks over time and must decide, for 161 

each task, whether to execute it locally, offload it to an edge server, or offload it to the cloud. The 162 

architecture is intended to capture the trade-off between energy consumption and processing delay 163 

under limited onboard resources. The UAV layer is responsible for task generation and local 164 

execution; the edge server layer provides nearby computing services with relatively low 165 

communication delay; and the cloud layer offers stronger computing capability but typically incurs 166 

larger transmission delay.  167 

(1) The UAV layer consists of a heterogeneous set of UAVs, denoted as 𝒩 = {1，2，…，ܰ}, 168 

each equipped with computing resources. UAVs are categorized into three types: light, medium, and 169 

heavy, with the primary distinction lying in their power consumption. The UAVs move along 170 

predefined flight corridors. The communication environment is divided into multiple zones (e.g. 171 

sparse, dense, and crossing zones). UAV speed is configured according to corridor type, with higher 172 

speed in sparse zones and lower speed in congested zones. The position of each UAV ௜ܷ  is 173 

represented by a discrete-time model: ௜ܲ[ݐ] = ( ௜ܺ[ݐ], ௜ܻ[ݐ]). The displacement of the UAV in each 174 

time slot is related to its speed ௜ܸ, which depends on the type of flight corridor it is in: high speed 175 

in sparse zones, medium speed in dense zones, and low speed in congested zones. 176 

(2) The edge server layer comprises a set of ℳ  edge servers (ESs), denoted as ℳ =177 {1,2, … , ݉ Each edge server .{ܯ ∈ ℳ is uniformly deployed along the flight routes to provide 178 

computing and communication services for UAVs. Each edge server possesses powerful computing 179 

capabilities, and they are interconnected via high-speed wired links, forming a shared service pool. 180 

When an edge server becomes overloaded with tasks, its tasks are reassigned to other idle edge 181 
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servers. Meanwhile, each edge server maintains a task queue to process tasks offloaded by UAVs. 182 

(3) The cloud layer contains a powerful cloud server. This server provides abundant computing 183 

resources for UAVs. The cloud server also maintains a task queue and processes computing tasks 184 

based on their priority. 185 

3.2 Communication Model 186 

The communication framework supports cross-layer data exchange, including U2E (UAV-to-187 

edge server) and U2C (UAV-to-cloud server) communications. Since the energy consumption of a 188 

UAV depends on task processing duration and the corresponding power consumption, the 189 

processing time is calculated first. In this paper, a task-level full offloading mode is adopted; for 190 

each task, the UAV selects either local execution, edge offloading, or cloud offloading. Let ܥ௞ 191 

denote the data volume of task ݇. 192 

Different UAV types exhibit variations in local computing capacity and energy consumption 193 

parameters. Specifically, the type-dependent computing capacity ܨ௨uav is defined as: 194 

௨uavܨ = {1000, ߬௨ = light2000, ߬௨ = medium3000, ߬௨ = heavy
(1) 195 

Furthermore, a type power coefficient ߟ௨  is introduced to characterize the differences in 196 

energy consumption characteristics among UAV types: 197 

௨ߟ = {0.8, ߬௨ = light1.0, ߬௨ = medium1.2, ߬௨ = heavy
(2) 198 

The power parameters for each UAV in various operating states (idle power ௨ܲidle, computing 199 

power ௨ܲcompute, upload power ௨ܲup, download power ௨ܲdown) are obtained by multiplying the base 200 

power values by this type coefficient 201 

Here, the base power values are determined by hardware characteristics and are set to typical 202 

values in the simulation. These parameter values are summarized in Table 1. 203 

3.2.1 U2E Communication  204 

In time slot t, the signal-to-interference-plus-noise ratio (SINR) of the link between the UAV 205 

and the edge server is defined as: 206 

௨,௠஺ீܴܰܫܵ (ݐ) = ௨ܲ௧௫|ℎ௨,௠஺ீ 2|(ݐ)
௎2ாܤ0ܰ + (ݐ)௨,௠௎2ாܫ + ௢௧ℎ௘௥௎2௎ܫ (ݐ) (3) 207 

where ௨ܲ௧௫ denotes the UAV's transmission power, ℎ௨,௠஺ீ  represents the channel gain, 208  (ݐ)
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௢௧ℎ௘௥௎2௎ܫ indicates the total interference from concurrent transmissions, and (ݐ)௨,௠௎2ீܫ   refers to the 209 (ݐ)

interference among UAVs. 210 

During time slot t, the data transmission rate between the UAV and the edge server is: 211 ܴ௨,௠௎2ோ(ݐ) = ௎2ோܤ 2݃݋݈ (1 + ௨,௠஺ீܴܰܫܵ ((ݐ) (4) 212 

the task upload time from the UAV to the edge server is: 213 

௞ܶ,௨௨௣,௘௦(ݐ) = (ݐ)௞ܴ௨,௠௎2ாܥ (5) 214 

The time required to download the task results from the edge server to the UAV within time 215 

slot t is 216 

௞ܶ,௨ௗ௢௪௡,௘௦(ݐ) = (ݐ)௞ܴ௨,௠௎2ாܥߛ (6) 217 

where ܥߛ௞ denotes the calculated data volume. 218 

3.2.2 U2C Communication (UAV to Cloud Server):  219 

During time slot t, the communication transmission rate between the UAV and the cloud server 220 

is:  221 ܴ௨௎2஼(ݐ) = ௎2஼ܤ (7) 222 

Time to upload the task from the UAV to the cloud server: 223 

௞ܶ,௨௨௣,௖௟௢௨ௗ(ݐ) = (ݐ)௞ܴ௨௎2஼ܥ (8) 224 

Time to download the task from the cloud server to the UAV: 225 

௞ܶ,௨ௗ௢௪௡,௖௟௢௨ௗ(ݐ) = (ݐ)௞ܴ௨௎2஼ܥߛ (9) 226 

3.3 Energy Consumption Calculation Model  227 

This section constructs a computational model to describe the task processing process at three 228 

offloading destinations: local execution, edge offloading, and cloud offloading.  229 

The task completion time consists of execution time, queuing delay, and transmission delay, 230 

and the UAV's energy consumption depends on the execution time, queuing delay, transmission time, 231 

and corresponding power. To model dynamic task arrival and processing rates, the M/M/1 queue 232 

model is adopted. 233 

3.3.1 Local Energy Consumption Calculation Model  234 

The execution time of computing tasks performed locally by UAVs depends on its 235 

computational capabilities: 236 
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௞ܶ,௨௖௢௠௣,௟௢௖(ݐ) = ௨௨௔௩ܨ௞ܥ (10) 237 

where ܨ௨௨௔௩ denotes the local computing capacity. 238 

In time slot t, the UAV locally maintains a task queue with the following queuing time: 239 

௞ܶ,௨௤௨௘௨௘,௟௢௖(ݐ) = (ݐ)௨௟௢௖ߤ1 − (ݐ)௨௟௢௖ߣ (11) 240 

    where ߤ௨௟௢௖(ݐ) denotes the service rate of UAV tasks, while represents the arrival rate of these 241 

tasks.  242 

Therefore, within time slot t, the energy consumption of the UAV's local computation is: 243 ܧ௞,௨௟௢௖(ݐ) = ௞ܶ,௨௖௢௠௣,௟௢௖(ݐ) ∙ ௨ܲ௖௢௠௣௨௧௘ + ௞ܶ,௨௤௨௘௨௘,௟௢௖(ݐ) ∙ ௨ܲ௜ௗ௟௘ (12) 244 

3.3.2 Energy Consumption Calculation Model for Edge Servers  245 

When a UAV offloads computational tasks to an ES, the ES's processing time depends on its 246 

computational capacity: 247 

௞ܶ,௨௖௢௠௣,௘௦(ݐ) = ௚௘௦ܨ௞ܥ (13) 248 

During time slot t, the ES also maintains a task queue with the following queuing delay: 249 

௞ܶ,௨௤௨௘௨௘,௘௦(ݐ) = (ݐ)௨௘௦ߤ1 − (ݐ)௨௘௦ߣ (14) 250 

where ߤ௨௘௦(ݐ) denotes the task service rate of the edge server, while ߣ௨௘௦(ݐ) represents its task 251 

arrival rate.  252 

Therefore, when the UAV offloads tasks to the edge server, its total energy consumption is 253 ܧ௞,௨௘௦ (ݐ) = ௞ܶ,௨௨௣,௘௦(ݐ) ∙ ௨ܲ௨௣ + ௞ܶ,௨௤௨௘௨௘,௘௦(ݐ) ∙ ௨ܲ௜ௗ௟௘ +௞ܶ,௨௖௢௠௣,௘௦(ݐ) ∙ ௨ܲ௜ௗ௟௘ + ௞ܶ,௨ௗ௢௪௡,௘௦(ݐ) ∙ ௨ܲௗ௢௪௡ (15) 254 

3.3.3 Cloud Computing  255 

If the UAV chooses to offload computations to the cloud server, the time required for cloud-256 

based computation execution is 257 

௞ܶ௤௨௘௨௘,௖௟௢௨ௗ(ݐ) = (ݐ)௖௟௢௨ௗ ߤ1 − (ݐ)௖௟௢௨ௗ ߣ (16) 258 

Therefore, the total energy consumption for cloud offloading is: 259 ܧ௞,௨௖௟௢௨ௗ(ݐ) = ௞ܶ௨௣,௖௟௢௨ௗ(ݐ) ∙ ௨ܲ௨௣ + ௞ܶ,௨௤௨௘௨௘,௖௟௢௨ௗ(ݐ) ∙ ௨ܲ௜ௗ௟௘+ ௞ܶ,௨௖௢௠௣,௖௟௢௨ௗ(ݐ) ∙ ௨ܲ௜ௗ௟௘ + ௞ܶ,௨ௗ௢௪௡,௘௦(ݐ) ∙ ௨ܲௗ௢௪௡ (17) 260 

    The energy model couples computation, communication, and queuing delays, so queue states 261 

and link quality affect energy consumption indirectly through delay terms. 262 
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3.4 Optimization Problem 263 

The optimization problem is formulated to minimize total energy consumption subject to 264 

energy and computational resource constraints as follows: 265 ݉݅݊ ∑  ௨∈ே ∑ ௨,௝ݔ ⋅ ௨,௝ܧ  ௝∈஽ (18) 266 

where ܧ௨,௝ denotes the energy consumption when UAV u selects offloading option j. 267 

The energy constraint is expressed as:  268 ∑ ௨,௝ݔ ⋅ ௨,௝ܧ  ௝∈஽ ≤ ݑ∀，௨௠௔௫ܧ ∈ ܷ (19) 269 

Each UAV must select exactly one offloading option at a time. 270 

The computational resource constraints are represented as 271 

∑  ௨∈௎ ∑ (ݐ)௞,௨,௝ݔ ⋅ ௝ ௞∈௄(௧)ܨ௞ܥ ≤ ௝௠௔௫ܨ (20) 272 

Offloading option constraints are given as  273 ∑ (ݐ)௞,௨,௝ݔ = 1௝∈௃ (ݐ)௞,௨,௝ݔ(21) ∈ {0,1}, ∀݇, ݊, ݆  274 

The system requires the UAV to decide whether to execute the computational tasks locally, 275 

offload them to the ES, or offload them to the cloud. 276 

3.5 Shared edge server pool and task priority queue 277 

The proposed framework incorporates a shared edge-server pool and a task priority queue to 278 

improve resource utilization and load balancing. The edge servers are aggregated into a unified 279 

resource pool. When edge server ݉   becomes overloaded, the task is reallocated to other 280 

underutilized edge servers in the shared pool ݉∗. The selection criteria for the optimal edge server 281 

are: 282 ݉∗ = ݃ݎܽ ݉݅݊(௝∈ℳ) (ܳ௝ ௘௦(ݐ) + ௞ܥ  ௝௘௦ܨ   ) (22) 283 

where ܳ௞ ௘௦(ݐ) denotes the task queue of edge server j, and the ratio  ܥ௞ ⁄௝௘௦ܨ  is employed to 284 

approximate the processing delay of task ݇. 285 

The task priority queue determines the processing order of tasks based on their specific 286 

priorities. The calculation formula is as follows: 287 ܵ௞(ݐ) = ௞ܲ1 + (ݐ)௝ ௘௦ܳߙ (23) 288 
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The priority of task k is denoted as ௞ܲ, with ߙ being the sensitivity coefficient. Tasks with 289 

higher priority will be processed first in the queue, thereby reducing the UAV's standby time and 290 

overall energy consumption. 291 

The system model described above shows that task offloading decisions are strongly coupled 292 

with task size, queue congestion, communication conditions, and UAV heterogeneity. Since each 293 

UAV can only observe limited local information and the system state evolves dynamically over time, 294 

the resulting decision-making process is naturally modeled as a Dec-POMDP. Under this 295 

formulation, each UAV must infer an appropriate offloading action from partial observations while 296 

considering the impact of its decision on queue delay and energy consumption. To solve this 297 

problem, we adopt MAPPO as the core learning framework and further enhance it with a top-K 298 

sparse attention mechanism and a Gaussian-based latent policy representation to improve scalability 299 

and training stability. 300 

4. Deep Reinforcement Learning Framework Based on the MAPPO Algorithm 301 

The task offloading problem in the considered heterogeneous UAV edge computing system is 302 

characterized by partial observability, dynamic queue states, and frequent competition for 303 

communication and computation resources. Each UAV can only observe local information and a 304 

limited set of server states, while the global system evolves according to the joint decisions of all 305 

agents. Therefore, the offloading problem is naturally modeled as a decentralized partially 306 

observable Markov decision process (Dec-POMDP). 307 

To solve this problem, we adopt the centralized training and decentralized execution paradigm 308 

and use MAPPO as the baseline multi-agent reinforcement learning framework. On top of MAPPO, 309 

we further propose SS-MAPPO, which introduces a Gaussian-based latent policy representation in 310 

the actor and a top-K sparse attention mechanism in the centralized critic. These two improvements 311 

are designed to enhance policy stability and scalability in large-scale multi-UAV offloading 312 

scenarios. 313 

4.1 Dec-POMDP Formulation 314 

The multi-UAV offloading problem is formulated as a Dec-POMDP, which can be represented 315 

by the tuple 316 ℳ = ⟨𝒩, ࣭, {ࣩ௜}௜=1ே , {ࣛ௜}௜=1ே , ܲ, ܴ, .⟨ߛ (24) 317 

Here, 𝒩 = {1,2, … , ܰ}  denotes the set of UAV agents, ࣭  denotes the global state 318 
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space, ࣩ௜  denotes the observation space of agent ݅ , ࣛ௜  denotes the action space of 319 

agent ݅, ܲ denotes the state transition probability, ܴ denotes the reward function, and ߛ ∈ (0,1) is 320 

the discount factor. 321 

At each time slot ݐ , the environment is in state ݏ௧ ∈ ࣭ . Agent ݅  receives a local 322 

observation ݋௧௜ ∈ ࣩ௜, selects an action ܽ௧௜ ∈ ࣛ௜, and the joint action of all agents is denoted by 323 a௧ = (ܽ௧1, ܽ௧2, … , ܽ௧ே). (25) 324 

The environment then evolves according to 325 ܲ(ݏ௧+1 ∣ ௧ݏ , a௧), (26) 326 

and each agent receives an instantaneous reward ݎ௧௜. The objective of each agent is to maximize 327 

the expected discounted return, and the system objective is to minimize the total energy 328 

consumption of all UAVs while satisfying the task execution requirements. 329 

4.2 Observation Space, Action Space, and Reward Design 330 

Each UAV makes decisions using only partial local information. To reflect the factors that 331 

directly affect task execution delay and energy consumption, the local observation of agent ݅ at time 332 

slot ݐ is defined as 333 ݋௧௜ = [݀௧௜ , ௨,௧௜ݍ , ௘,௧௜ݍ , ௖,௧ݍ , ℎ௨,௘,௧௜ , ℎ௨,௖,௧௜ , ݁௧௜], (27) 334 

where ݀௧௜  is the size of the newly generated task, ݍ௨,௧௜  is the local queue length of 335 

UAV ݅, ݍ௘,௧௜  is the queue length of the accessible edge server, ݍ௖,௧ is the queue length of the cloud 336 

server, ℎ௨,௘,௧௜  and ℎ௨,௖,௧௜  denote the channel conditions for UAV-to-edge and UAV-to-cloud 337 

transmission, and ݁௧௜ represents the remaining energy of UAV ݅. 338 

The action space of each UAV is discrete and defined as 339 ࣛ௜ = {0,1,2}, (28) 340 

where ܽ௧௜ = 0 denotes local execution, ܽ௧௜ = 1 denotes offloading to an edge server, and ܽ௧௜ =341 2 denotes offloading to the cloud server. 342 

To guide the learning process toward energy-efficient offloading, the reward is designed as a 343 

negative normalized energy cost with additional penalty terms for invalid or overloaded decisions. 344 

The reward of agent ݅ at time slot ݐ is given by 345 ݎ௧௜ = − maxܧ௧௜ܧ − ॴviolate 1ߣ − ,ॴoverflow 2ߣ (29) 346 

where ܧ௧௜  denotes the energy consumption induced by the selected action, ܧmax  is a 347 
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normalization factor, ॴviolate  is an indicator of constraint violation, ॴoverflow  is an indicator of 348 

server overload or queue overflow, and 1ߣ,  are penalty coefficients. 349 2ߣ

The cumulative return of agent ݅ is defined as 350 

௧௜ܩ = ∑ ∞௞ߛ
௞=0 ௧+௞௜ݎ . (30) 351 

Maximizing ܩ௧௜ is equivalent to minimizing long-term energy consumption while maintaining 352 

feasible task processing behavior. 353 

4.3 MAPPO Baseline 354 

MAPPO follows the centralized training and decentralized execution paradigm. During 355 

training, a centralized critic uses global information to estimate the value of the joint state, while 356 

the actor of each agent is trained using only local observations. During execution, each UAV chooses 357 

actions independently according to its own policy. 358 

Let ߨఏ೔(ܽ௧௜ ∣  ௜ . The joint policy of the 359ߠ ௧௜) denote the policy of agent ݅ parameterized by݋

system is 360 

ఏ(a௧ߨ ∣ o௧) = ∏ ఏ೔ߨ
ே

௜=1 (ܽ௧௜ ∣ ,(௧௜݋ (31) 361 

where o௧ = ,௧1݋) ,௧2݋ … ,  ௧ே). 362݋

The centralized critic estimates the value function థܸ(ݏ௧) , where ߶  denotes the critic 363 

parameters. To improve policy learning stability, MAPPO uses the PPO clipped objective. The 364 

probability ratio is defined as 365 

(௜ߠ)௧௜ߩ = ఏ೔(ܽ௧௜ߨ ∣ ఏ೔old(ܽ௧௜ߨ(௧௜݋ ∣ (௧௜݋ .  366 

clip௜ܮ (௜ߠ) = ॱ௧[݉݅݊(ߩ௧௜(ߠ௜)̂ܣ௧௜ , clip(ߩ௧௜(ߠ௜),1 − ߳, 1 + ௧௜ܣ̂(߳ )], (32) 367 

where ̂ܣ௧௜  is the advantage estimate and ߳ is the clipping parameter. 368 

The advantage is computed using generalized advantage estimation (GAE) as 369 ߜ௧௜ = ௧௜ݎ + ߛ థܸ(ݏ௧+1) − థܸ(ݏ௧),  370 

௧௜ܣ̂ = ௟்−௧(ߣߛ)∑
௟=0 ௜௧+௟ߜ , (33) 371 

where ߣ ∈ [0,1] is the GAE parameter. 372 

The critic is trained by minimizing the value loss. To encourage exploration, an entropy 373 
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regularization term is added. The final optimization objective of MAPPO is 374 

MAPPOܮ = clip௜ܮ)∑ (௜ߠ) + ܿentॱ௧[ℋ(ߨఏ೔(⋅∣ ௧௜))])ே݋
௜=1 − ܿ௏ॱ௧ [( థܸ(ݏ௧) − ܴ̂௧)2] , (34) 375 

where ܴ̂௧  is the return target, ℋ(⋅) is the entropy function, and ܿent and ܿ௏  are balancing 376 

coefficients. 377 

Although MAPPO is effective for cooperative decision-making, a standard centralized critic 378 

becomes increasingly expensive in large-scale systems, and a directly parameterized discrete actor 379 

may produce unstable action transitions when queue states and channel states change rapidly. These 380 

issues motivate the proposed SS-MAPPO framework. 381 

4.4 SS-MAPPO Algorithm Framework 382 

SS-MAPPO improves MAPPO from two aspects. First, the actor adopts a Gaussian-based 383 

latent policy representation to smooth policy generation in the hidden space. Second, the centralized 384 

critic uses a top-K sparse attention mechanism to reduce redundant inter-agent coupling and 385 

improve scalability. 386 

4.4.1 Gaussian-Based Latent Policy Representation 387 

Instead of mapping observations directly to discrete action logits, the actor first encodes the 388 

local observation into a latent Gaussian distribution. Let ݃ట(⋅) denote the observation encoder 389 

together with the mean and standard deviation heads. The latent policy representation is given by 390 ߤ௧௜ , ௧௜ߪ = ݃ట(݋௧௜). (35) 391 

A latent variable is sampled through the reparameterization form 392 ݖ௧௜ = ௧௜ߤ + ௧௜ߪ ⊙ ߳௧௜ ,  ߳௧௜ ∼ ܰ(0, ,(ܫ . (36) 393 

and the sampled latent vector is then mapped to the discrete action distribution by a projection 394 

layer: 395 ݌௧௜ = softmax( ௣ܹݖ௧௜ + ܾ௣) ,  ܽ௧௜ ∼ Cat(݌௧௜), (37) 396 

This design does not change the discrete nature of the offloading decision. Instead, the 397 

Gaussian latent representation acts as an intermediate stochastic model that helps smooth the policy 398 

update process and reduces abrupt action changes under dynamic queue and channel conditions. 399 

4.4.2 Top-K Sparse Attention Mechanism 400 

To estimate the global value more efficiently, SS-MAPPO uses a top-K sparse attention 401 

mechanism in the centralized critic. Let ݔ௧௜denote the embedding of agent ݅, which is obtained from 402 
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its observation and relevant state features. The query, key, and value vectors are generated as 403 ݍ௧௜ = ௤ܹݔ௧௜ ,  ݇௧௜ = ௞ܹݔ௧௜ , ௧௜ݒ  = ௩ܹݔ௧௜ (38) 404 

where ௤ܹ, ௞ܹ, and ௩ܹare learnable projection matrices. For each agent ݅, let ௜ࣥbe the index 405 

set of the top-K agents with the highest attention scores. The sparse attention weight from agent ݅to 406 

agent ݆is computed as 407 

௜௝ߙ = exp(ݍ௧௜⊤݇௧௝/√݀)∑ exp௟∈ࣥ೔ (݀√/௧௜⊤݇௧௟ݍ) ,  ݆ ∈ ௜ࣥ , (39) 408 

and ߙ௜௝ = 0 for ݆ ∉ ௜ࣥ , where ݀ is the feature dimension. The contextual representation of 409 

agent ݅is obtained by aggregating the selected value vectors: 410 ܿ௧௜ = ∑ ௜௝௝∈ࣥ೔ߙ ௧௝ݒ ,  థܸ(ݏ௧) = ௏݂([ܿ௧1, ܿ௧2, … , ܿ௧ே]), (40) 411 

where ௏݂(⋅)is the value head of the critic network. 412 

Compared with dense attention, top-K sparse attention reduces redundant pairwise interaction 413 

modeling and lowers computational overhead. At the same time, it preserves the most influential 414 

inter-agent dependencies, which is important in offloading systems where queue contention and 415 

shared resource competition dominate the system dynamics. 416 

4.4.3 Overall Optimization Objective 417 

Combining the latent actor and sparse critic, the final SS-MAPPO objective is written as 418 

SS−MAPPOܮ = ∑ ௖௟௜௣௜ܮ) (௜ߠ) + ܿ௘௡௧ܪ ∣⋅)ఏ೔ߨ) ௧௜)))ே݋
௜=1 − ܿ௏ܧ௧ [( థܸ(ݏ௧) − ܴ̂௧)2] , (41) 419 

where the actor loss and critic loss are computed using the latent-policy-based action 420 

distribution and the sparse-attention-based value estimate, respectively. 421 

4.5 Theoretical Analysis 422 

This section provides an intuitive analysis of the advantages of SS-MAPPO in terms of 423 

computational complexity, policy smoothness, and training stability. 424 

4.5.1 Computational Complexity 425 

In a dense attention-based critic, each agent must consider its relationship with all other agents. 426 

As a result, the interaction cost grows quadratically with the number of UAVs, which becomes 427 

expensive in large-scale systems. 428 

With top-K sparse attention, each agent retains only the K most relevant neighbors. Therefore, 429 
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the per-agent interaction cost is reduced from dependence on all ܰ  agents to dependence on 430 

only ܭ selected agents. When ܭ ≪ ܰ, the computational and memory overhead is substantially 431 

reduced. This makes the critic more scalable and more suitable for large UAV swarms. 432 

4.5.2 Policy Smoothness 433 

In the actor, the latent Gaussian variable introduces stochasticity in a structured way. Since the 434 

final discrete policy is generated from a latent representation rather than directly from the raw 435 

observation, the policy is less sensitive to small perturbations in the input features. This is useful in 436 

dynamic offloading environments where queue lengths, link quality, and server load vary over time. 437 

Therefore, the proposed policy parameterization may help the actor avoid abrupt changes in 438 

action preference and improve exploration behavior during training. 439 

4.5.3 Training Stability 440 

PPO already limits drastic policy updates through the clipped objective. When combined with 441 

the Gaussian-based latent policy representation, the update process becomes smoother in practice. 442 

Meanwhile, sparse attention reduces the complexity of the critic and avoids excessive coupling 443 

between weakly related agents. 444 

As a result, SS-MAPPO can improve the stability of multi-agent policy learning, especially in 445 

environments with partial observability, queue congestion, and frequent resource contention. 446 

Algorithm 1 Training Process of SS-MAPPO 

Algorithm 1 Training Procedure of SS-MAPPO 

Input: number of agents ܰ, environment ݒ݊ܧ, actor learning rate ߙ௔, critic learning rate ߙ௖, discount factor ߛ, 

PPO clipping parameter ߳, GAE parameter ߣ, entropy coefficient ߚ, PPO update epochs ܭ, minibatch size ܤ, 

training epochs ܧ, and time slots per epoch ܶ 

Output: trained actor networks and critic network 

1. Initialize ܰ actor networks {ߨఏ೔}௜=1ே , one centralized critic network థܸ, and their optimizers. 

2. Initialize the rollout buffer. 

3. For epoch = 1 to ܧ do 

4.   Initialize the UAV swarm, edge servers, cloud server, and all queue states in the environment. 

5.   For time slot ݐ = 1 to ܶ do 

6.      Collect the local observation ݋௜,௧ for each agent ݅. 
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7.      For each agent ݅ , compute the action distribution using the Gaussian-based latent policy 

representation actor and sample an action ܽ௜,௧. 

8.      Execute the joint action ܽ௧ = {ܽ1,௧, ܽ2,௧ , … , ܽே,௧} in the environment. 

9.      Obtain the immediate reward ܴ௜,௧, next observation ݋௜,௧+1, and termination signal ݀݁݊݋௧ from 

the environment. 

10.      Store the transition (݋௧, ܽ௧, ܴ௧, ,௧+1݋ ,௧݁݊݋݀ log  .௧) into the rollout bufferߨ

11.      Update the task queues of UAVs, edge servers, and the cloud server. 

12.      End for 

13.   Compute state values థܸ(ݏ௧) and థܸ(ݏ௧+1) using the centralized critic. 

14.   Estimate advantages with GAE: ߜ௧ = ܴ௧ + ߛ థܸ(ݏ௧+1) − థܸ(ݏ௧) ̂ܣ௧ = ௧ߜ +  ௧+1ܣ̂ߣߛ

15.   Normalize the advantages. 

16.   For update step ݇ = 1 to ܭ do 

17.     Sample a minibatch of size ܤ from the rollout buffer. 

18.     Compute the probability ratio: 

(ߠ)௧ݎ = ఏ(ܽ௜,௧ߨ ∣ ఏoldߨ(௜,௧݋ (ܽ௜,௧ ∣  (௜,௧݋

19.     Update the Actor networks by maximizing the PPO clipped objective with entropy regularization: ܮ௧CLIP(ߠ) = min(ݎ௧(ߠ)̂ܣ௧,  clip(ݎ௧(ߠ),1 − ߳, 1 +  (௧ܣ̂(߳

20.     Update the critic network by minimizing the value regression loss: ܮ௏(߶) = ( థܸ(ݏ௧) −  ௧)2ܩ̂

21.   End for 

22.   Clear the rollout buffer. 

23. End for 

 

5. Simulation Results 447 

In this paper, the algorithm performance is evaluated through extensive simulation experiments. 448 

The simulation scenarios include 120 UAVs and tasks of four different scales. The simulation 449 

parameters are given as follows in Table 1. 450 
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To comprehensively evaluate the effectiveness of the proposed method, we select baselines 451 

from three representative categories: learning-based multi-agent methods, classical heuristic 452 

algorithms, and rule-based scheduling policies. MAPPO is included as the most direct baseline 453 

because it shares the same CTDE framework with SS-MAPPO, and the performance gap between 454 

them can clearly reflect the contribution of the proposed top-K sparse attention mechanism and 455 

policy parameterization. MADDPG and MATD3 are selected as representative multi-agent actor-456 

critic methods to assess the advantage of SS-MAPPO over widely used deterministic MARL 457 

approaches under partial observability and dynamic queue states. Genetic algorithm, simulated 458 

annealing, and round-robin scheduling are used as heuristic and rule-based references to provide 459 

non-learning benchmarks and to demonstrate the superiority of the proposed method in terms of 460 

adaptability, scalability, and decision quality. This baseline set covers the major solution paradigms 461 

for UAV MEC offloading and therefore enables a fair and balanced comparison. 462 

Table 1 Simulation Parameters 

Parameter Value Unit 

Number of UAVs 

Number of edge servers 

Number of cloud servers 

Wireless transmission power 

Task size 

UAV computing capacity 

Edge server computing capacity 

Cloud computing capacity 

Bandwidth of UAV to edge server 

Bandwidth of UAV to cloud server 

Base idle power 

Base computing power 

Base upload/download power 

Edge server transmission power  

Training epochs 

Time slots  

Rollout buffer size  

Batch size 

Discount factor (ߛ) 

PPO clip (ߝ) 

Entropy  

120 

24 

1 

10 

300-3300 

1000/2000/3000 

20000 

200000 

10 

20 

8 

40 

10 

8 

200 

100 

64 

64 

0.9 

0.2 

0.2 

 

 

 

W 

KB 

KB 

KB 

KB 

Mbps 

Mbps 

W 

W 

W 

W 

 

 

 

 

 

 

 

 

The environment parameters are configured for a UAV edge computing scenario, aiming 463 
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to preserve simulation feasibility while capturing the key characteristics of dynamic, resource-464 

constrained, and delay-sensitive task offloading. The number of UAVs is set to 120 to emulate 465 

a dense aerial workload, thereby ensuring sufficient competition for task requests and 466 

computing resources. A multi-region edge server deployment is adopted to form a typical air-467 

ground cooperative computing architecture, where the service capability and workload of each 468 

node vary dynamically with UAV mobility, reflecting the heterogeneous nature of practical 469 

UAV networks. Meanwhile, the task arrival rate, task size, computation density, bandwidth, and 470 

mobility-related parameters are selected within commonly used ranges in UAV networking 471 

studies to capture wireless link fluctuations, limited edge computing capacity, and scheduling 472 

pressure in realistic scenarios. A workload that is too light would fail to reveal performance 473 

differences among policies, whereas an excessively heavy workload may keep the system 474 

persistently congested and thus hinder fair comparison. Therefore, the adopted parameter 475 

settings strike a balance between challenge and feasibility, and are representative of practical 476 

UAV edge computing environments. 477 

5.1 Experiment 1: Effect of Learning Rate on Algorithm Convergence 478 

The learning rate is an important hyperparameter in deep reinforcement learning because it 479 

directly affects the update step size of the policy network and value network, and therefore 480 

influences both convergence behavior and training stability. To examine the effect of different 481 

learning rate settings on the training performance of SS-MAPPO, four groups of comparative 482 

experiments were conducted. The learning rate combinations for the Actor and Critic networks 483 

were set to 1 × 10−4, 1 × 10−5, 1 × 10−6, and a mixed setting (Actor: 1 × 10−4, Critic: 484 1 × 10−5). All experiments were performed under the same simulation conditions, and the 485 

evaluation metric was the average energy consumption over 200 training episodes. 486 

As shown in Figure 2, when the learning rate was set to 1 × 10−4, the average energy 487 

consumption decreased rapidly during the early training stage, indicating faster initial 488 

convergence. However, after approximately 30 episodes, the curve became noticeably more 489 

volatile, suggesting that a relatively large learning rate may lead to unstable policy updates. When 490 

the learning rate was set to 1 × 10−6, the training curve decreased more slowly, and the model 491 

did not reach a stable state within 200 episodes, which indicates lower training efficiency. In 492 

contrast, with a learning rate of 1 × 10−5, the model achieved relatively stable convergence after 493 
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about 50 episodes, and the final energy consumption was lower than that of the other tested 494 

settings. The mixed learning rate setting converged quickly in the early stage, but its later-stage 495 

stability was slightly weaker than that of the uniform setting. Based on these results, this paper 496 

adopts 1 × 10−5 as the learning rate for both the Actor and Critic networks in order to balance 497 

convergence speed and training stability. 498 

Figure 2 Energy consumption curves during training under different learning rates 

 

5.2 Experiment 2: Impact of top-K Sparse Attention Mechanism on Algorithm Convergence 499 

To evaluate the effect of the top-K sparse attention mechanism on the convergence behavior of 500 

SS-MAPPO, a set of comparative experiments was carried out by varying the number of attention 501 

heads (H) and the sparsification parameter (K), which determines how many neighboring agents 502 

each agent focuses on. With other hyperparameters fixed, combinations including ݊ = 2, ݇ = 4, 503 ݊ = 2, ݇ = 8, ݊ = 4, ݇ = 8, and ݊ = 8, ݇ = 16 were tested, and the average energy consumption 504 

over 200 training episodes was recorded. 505 

As shown in Figure 3, the experimental results indicate that the combinations ݊ = 2, ݇ =506 8 and ݊ = 8, ݇ = 16 both achieved low energy consumption levels, with ݊ = 2, ݇ = 8 showing a 507 

slight advantage in convergence speed. When ݇ = 4 , each agent focused on too little neighbor 508 

information, resulting in insufficient collaborative information, poorer policy convergence, and 509 

higher energy consumption. The combination ݊ = 4, ݇ = 8 performed slightly better but still fell 510 

short of the ݊ = 2, ݇ = 8 combination. Considering that training time complexity is positively 511 

correlated with the product ݊ × ݇ , the ݊ = 2, ݇ = 8  combination ensures good convergence 512 
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performance while significantly reducing computational overhead. Therefore, this paper 513 

selects ݊ = 2, ݇ = 8  as the default parameter configuration for the top-K sparse attention 514 

mechanism to achieve a balance between performance and efficiency. 515 

Figure 3 Energy consumption curves during training under different attention parameters 

 

5.3 Experiment 3: Convergence Performance Comparison of Different MARL Algorithms 516 

To compare the convergence behavior of SS-MAPPO with other multi-agent reinforcement 517 

learning methods in the considered task offloading scenario, SS-MAPPO was evaluated against 518 

MAPPO, MATD3, and MADDPG. All methods were trained under the same simulation settings for 519 

200 episodes, and the average system energy consumption during training was recorded. 520 

Figure 4 Energy consumption convergence curves of different multi-agent reinforcement learning algorithms 

 

As shown in Figure 4, MADDPG and MATD3 converged relatively slowly in this scenario and 521 

did not stabilize at a low energy consumption level within 200 episodes. Their training curves also 522 
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exhibited noticeable fluctuations, which suggests that policy updates may be less stable under partial 523 

observability and dynamic multi-agent conditions. The original MAPPO algorithm reached a 524 

relatively low energy consumption level after about 60 episodes, but its curve still showed some 525 

oscillations during later training. In comparison, SS-MAPPO reached stable convergence after about 526 

50 episodes and maintained a lower energy consumption level than the other tested methods in the 527 

training process. These results indicate that the introduced top-K sparse attention mechanism and 528 

Gaussian-based latent policy representation may help improve convergence behavior and reduce 529 

training fluctuations in this scenario. 530 

5.4 Experiment 4: Robustness to Variations in the Number of UAVs 531 

To evaluate the robustness of the algorithms under different swarm sizes, the number of UAVs 532 

was increased from 24 to 120 in steps of 16. The average system energy consumption over 200 time 533 

slots was measured for SS-MAPPO, MAPPO, the genetic algorithm (GA), simulated annealing (SA), 534 

and round-robin (RR). The purpose of this experiment was to observe how each method behaves as 535 

the system scale increases and resource competition becomes more intense. 536 

Figure 5 average energy consumption under varying numbers of UAVs 

 

As shown in Figure 5, SS-MAPPO maintained a lower average energy consumption than the 537 

compared methods across all tested swarm sizes. In addition, as the number of UAVs increased, the 538 

energy consumption of SS-MAPPO rose more gradually than that of the baseline methods, 539 

indicating relatively better scalability in the tested scenarios. MAPPO performed slightly worse than 540 

SS-MAPPO, while SA and GA showed acceptable performance at smaller scales but degraded more 541 
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noticeably as the swarm size increased. RR produced the highest energy consumption and also 542 

exhibited larger fluctuations. Overall, these results suggest that the top-K sparse attention 543 

mechanism may help reduce the impact of redundant inter-agent interactions in larger swarms, 544 

thereby supporting more stable collaborative offloading decisions. 545 

5.5 Experiment 5: Energy Consumption Distribution for Task Completion 546 

To examine the effect of task size on algorithm performance, four task data sizes were 547 

considered: 300 KB, 1300 KB, 2300 KB, and 3300 KB. The average energy consumption per 548 

completed task over 200 time slots was measured for SS-MAPPO, MAPPO, GA, SA, and RR. This 549 

experiment was designed to evaluate how sensitive each method is to task scale changes. 550 

Figure 6 Average energy consumption under different task sizes 

 

As shown in Figure 6, for the smallest task size of 300 KB, SS-MAPPO and SA achieved 551 

similar energy consumption levels. However, as the task size increased to 1300 KB and beyond, the 552 

energy consumption of SA and GA increased more rapidly, indicating that these methods may be 553 

less effective when handling computation-intensive tasks under resource constraints. SS-MAPPO 554 

showed relatively smaller variations across different task sizes and maintained a lower energy 555 

consumption level in most cases. Compared with the original MAPPO algorithm, SS-MAPPO did 556 

not always produce a large absolute improvement, but it exhibited smaller fluctuations as task size 557 

changed, which suggests that the proposed policy representation may contribute to smoother 558 

decision behavior and better robustness under the tested conditions.  559 

5.6 Experiment 6: Algorithm Stability 560 
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To quantitatively evaluate decision stability, the standard deviation of energy consumption for 561 

completing tasks by 120 UAVs over 200 consecutive time slots was calculated and compared 562 

between SS-MAPPO and the original MAPPO algorithm. A smaller standard deviation indicates 563 

less variation in decisions across time slots and thus relatively higher stability. 564 

As shown in Figure 7, the standard deviation of energy consumption for SS-MAPPO was lower 565 

than that of MAPPO throughout the tested period, and the corresponding curve showed smaller 566 

fluctuations. This suggests that SS-MAPPO produces more consistent decisions under the tested 567 

conditions. The improvement may be related to the top-K sparse attention mechanism, which 568 

reduces the influence of less relevant neighbor information, and the Gaussian-based latent policy 569 

representation, which may help smooth the action selection process. Overall, these results indicate 570 

that SS-MAPPO exhibits relatively more stable decision making in the considered multi-UAV 571 

offloading scenario. 572 

Figure 7 standard deviation of energy consumption over 200 time slots 

 

6 Conclusion 573 

This paper investigates the task offloading problem in multi-UAV edge computing 574 

environments and develops an improved Multi-Agent Proximal Policy Optimization framework, 575 

SS-MAPPO, by incorporating a top-K sparse attention mechanism and a Gaussian-based latent 576 

policy representation. A three-layer heterogeneous computing architecture consisting of a UAV layer, 577 

an edge server layer, and a cloud layer is constructed, together with a shared edge server pool and a 578 

task priority queue, to support resource scheduling and load balancing in the considered scenario. 579 
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The proposed SS-MAPPO framework is designed to reduce redundant inter-agent interactions 580 

and to provide a smoother policy parameterization for discrete offloading decisions. Under the tested 581 

simulation settings, the results indicate that SS-MAPPO achieves lower energy consumption, faster 582 

convergence, and smaller decision fluctuations than the selected baseline methods across different 583 

swarm sizes and task scales. These observations suggest that the proposed framework may be a 584 

useful approach for energy-aware task offloading in dynamic multi-UAV edge computing 585 

environments. 586 

However, this study still has several limitations. The current model considers UAVs moving 587 

along fixed routes and adopts a full offloading mode, which may not cover all practical deployment 588 

conditions. Future work will further investigate more flexible mobility patterns, partial offloading 589 

strategies, and more complex task dependencies.  590 
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