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

communication, onboard computation and energy resources have become key bottlenecks for large-scale
UAV swarms. Mobile edge computing (MEC) provides a practical way to relieve this pressure by offloading
computation-intensive tasks to nearby edge and cloud servers. However, task offloading in multi-UAV
environments remains challenging because of partial observability, time-varying wireless conditions,
resource contention, and the need for coordinated decisions among multiple agents. To address these issues,
this paper studies an energy-efficient task offloading problem for a heterogeneous UAV swarm and develops
a three-layer computing architecture consisting of a UAV layer, an edge server layer, and a cloud layer. Based
on this architecture, we propose an MAPPO-based framework, called SS-MAPPO, which combines a top-K
sparse attention mechanism with a Gaussian-based latent policy representation. The problem is formulated
as a decentralized partially observable Markov decision process (Dec-POMDP), where each UAV makes
offloading decisions according to its local task attributes, queue states, and observable server conditions.
Simulation results show that SS-MAPPO reduces energy consumption, accelerates convergence, and
improves decision stability compared with the evaluated baselines under the tested settings. These results
indicate that the proposed framework is a promising approach for energy-aware collaborative offloading in

dynamic multi-UAV edge computing environments.
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1 Introduction

With the rapid development of UAV technology, UAVs have been widely used in inspection,
logistics distribution, environmental monitoring, and emergency communication. Their mobility
and flexibility allow them to collect data and execute tasks close to the physical scene, which is
valuable for time-sensitive applications. However, as mission complexity increases, a single UAV
often faces limited onboard energy and computation capacity. For computation-intensive or latency-
sensitive tasks, local processing alone is no longer sufficient to meet both efficiency and energy
requirements, which constrains the deployment of larger and more capable UAV systems.

Mobile edge computing (MEC) provides an effective way to relieve this burden by shifting
computation from resource-constrained UAVs to nearby edge or cloud servers. In a UAV task
offloading system, computational tasks generated by UAVs can be executed locally or offloaded to
edge and cloud servers according to current network conditions and resource availability. By
leveraging nearby edge nodes with stronger computation capability and lower communication delay,
MEC can reduce onboard energy consumption and improve task completion efficiency. In multi-
UAV scenarios, the edge architecture also enables collaborative scheduling across UAVs and servers,
which helps increase overall system throughput and service continuity.

However, task offloading in multi-UAV environments remains difficult because of dynamic
topology, partial observability, and contention for wireless and computing resources. UAV mobility
causes frequent changes in link quality and server accessibility, while concurrent access from
multiple agents can lead to channel interference and queue congestion. Traditional optimization
methods are often too expensive to solve in real time for such high-dimensional and time-varying
systems. Although deep reinforcement learning improves adaptability, single-agent methods do not
scale well to large swarms, and existing multi-agent approaches still face challenges such as
inefficient interaction modeling and unstable policy learning. Therefore, designing a scalable and
stable collaborative offloading strategy for large multi-UAV systems remains an open problem.

The main contributions of this paper are summarized as follows:

1. We construct a heterogeneous three-layer UAV-edge-cloud offloading architecture for large-
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scale UAV swarms, and formulate the multi-UAV offloading problem as a Dec-POMDP with queue-
aware observations and an energy-oriented reward function. The architecture incorporates a shared
edge server pool together with a task priority queue to capture resource contention and queue
dynamics, so that each UAV learns from local information while the training process still exploits
centralized value estimation.

2. We propose SS-MAPPO, an improved MAPPO framework for decentralized offloading
decisions, where a top-K sparse attention mechanism is introduced into the centralized critic to
reduce redundant inter-agent coupling, and a Gaussian-based latent policy representation is used in
the actor to smooth discrete action selection.

3. We validate the proposed method through simulation and compare it with representative
baselines. The results show that SS-MAPPO achieves lower energy consumption, faster
convergence, and more stable decisions under different swarm sizes and task loads.

The remainder of this paper is organized as follows: Section 2 reviews related work; Section 3
presents the system model and problem formulation; Section 4 describes the MAPPO-based
framework and the proposed improvements; Section 5 presents the simulation results; and Section
6 concludes the paper and discusses future work.

2 Related Work

Current research primarily focuses on three dimensions: traditional optimization methods,
single-agent deep reinforcement learning (DRL), and multi-agent reinforcement learning (MARL).

Traditional task offloading optimization methods often employ heuristic algorithms. Wei et
al.l’) proposed a multi-resource computing offloading particle swarm optimization task scheduling
algorithm for energy consumption optimization in mobile edge computing, effectively reducing the
energy consumption of mobile terminals. Bozorgchenani et al.[! modeled task offloading in MEC
as a constrained multi-objective optimization problem and designed an evolutionary algorithm to
effectively find the best balance between energy consumption and task processing delay. Zhou et
al.l’l considered the optimization problem in edge-computing-based smart grids, aiming to minimize
task cost, a weighted sum of time and energy consumption. Wang et al.l¥) studied the battery and
computing resource limitations of UAV systems based on fog computing, maximizing the efficiency
of collaboration among UAVs using an iterative algorithm. Chen et al.’! studied the joint

optimization problem of computation offloading, channel allocation, and location deployment in
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coalition-based UAV mobile edge computing networks, formulating a discrete multi-leader multi-
follower energy minimization Stackelberg game and achieving equilibrium through a hierarchical
iterative learning algorithm based on spatial adaptive play best response, obtaining the minimum
network energy consumption. Ning et al.l'” considered multi-UAV-assisted MEC networks,
addressing multi-user computation offloading and edge server deployment, using an asynchronous
update algorithm to minimize system computation cost in dynamic environments. Han et al.l'!]
studied multi-UAV-assisted MEC networks, jointly optimizing user association and UAV
deployment using optimal transport theory and particle swarm algorithm to minimize average task
delay. Pang et al.['?] studied a multi-UAV-assisted cloud wireless charging system with cloud server
and UAV collaboration, jointly optimizing resources and trajectory using a block coordinate descent
algorithm assisted by a Cauchy mutation-based chaotic adaptive beetle swarm optimization
algorithm to enhance system energy efficiency. Chen et al.l'3] proposed a task offloading strategy
and an online UAV scheduling algorithm based on the shortest distance algorithm for multi-UAV-
assisted MEC networks, aiming to minimize UAV energy consumption and achieve higher resource
utilization. Zhu et al.l'*! employed a combination of particle swarm optimization and genetic
algorithm operators to optimize UAV deployment for minimal delay. These methods obtain optimal
solutions for task offloading, resource allocation, or UAV trajectories through iterative solving.
However, UAV networks often exhibit high dynamics; the continuous movement of UAVs leads to
rapid changes in network topology and communication channels, along with the stochastic
generation of tasks. This results in an extremely complex system state space, where traditional
methods often suffer from high computational complexity, making real-time efficient decision-
making difficult, and their scalability performs poorly when facing large-scale UAV swarms.

Deep reinforcement learning (DRL) offers new solutions for dynamic decision-making
problems. Single-agent DRL algorithms, such as Deep Q-Network (DQN), Deep Deterministic
Policy Gradient (DDPQG), and Proximal Policy Optimization (PPO), are applied to optimize mobile
edge offloading scenarios for a single UAV. Liu et al.['*! proposed a centralized Deep Deterministic
Policy Gradient (DDPG) algorithm based on a Markov Decision Process (MDP) combining short-
term task offloading and bandwidth resource allocation to reduce frequent cache switching and
system overhead at edge nodes, experimentally verifying the model's efficiency. Wang et al.l'6]

proposed the TD3-TDCTM algorithm for UAV-assisted MEC systems to optimize UAV trajectories
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and minimize data collection time. Adnan et al.l'”! utilized a reinforcement learning (RL) strategy
framework for path planning optimization in multi-UAV-assisted mobile edge computing (MEC)
networks. Lin et al.l'8! integrated DRL with linear programming, proposing the PDDQNLP
algorithm to maximize UAV energy efficiency while considering offloading fairness. Liu et al.['")
modeled environments like mountainous and disaster areas, proposing the MODRL-COP algorithm
to effectively alleviate the conflict between consumption and delay. Wang et al.?”) proposed a hybrid
trajectory planning algorithm combining PF and DRL for feature extraction and reward shaping,
enhancing the agent's environmental perception and decision-making capabilities. Huo et al.[!]
proposed a joint scheduling strategy based on an improved MATD3 algorithm to obtain robust
solutions for UAVs in highly dynamic environments with channel fading, dynamic computing loads,
and energy constraints. Zhang et al.??! proposed an end-to-end model based on Deep Q-Networks
to jointly optimize computation offloading and UAV trajectory control, reducing the overall system
delay and energy consumption. Liu et al.?3! employed a Double Deep Q-Network to optimize UAV
flight trajectories and associated users, maximizing system throughput in a real-time user mobility
environment. However, in multi-UAV systems, employing single-agent reinforcement learning
algorithms leads to a dimension explosion in state and action spaces, i.e., the "curse of
dimensionality," making training difficult and convergence challenging.

In contrast, multi-agent reinforcement learning (MARL) is more suitable for multi-UAV
collaborative systems. It optimizes global objectives through cooperation and competition among
agents. For multi-UAV edge computing, Wang et al.?*! effectively addressed the load-balancing
problem using MARL methods. Wang et al.[>’ utilized the Multi-Agent Deep Deterministic Policy
Gradient (MADDPG) method to optimize multi-UAV trajectories in real-time, maximizing the
fairness of computing services. Nie et al.?%! targeted privacy issues in multi-UAV networks, using
multi-agent federated learning for distributed training, achieving results close to MARL. Tao et al.l>”]
employed the MADDPG algorithm to find optimal task offloading strategies and UAV flight
trajectories in dynamic air-ground network environments, reducing overall energy consumption and
improving computational performance. Li et al.?® adopted a multi-agent deep reinforcement
learning scheme to balance task offloading fairness and energy efficiency for multiple UAVs in
dynamic environments. Hu et al.?) proposed an offloading optimization and resource allocation

algorithm based on the multi-agent deep deterministic policy gradient to determine offloading
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strategies for MEC servers and terminal devices. Qin et al.’% modeled users and UAVs as
heterogeneous agents and used the multi-agent deep deterministic policy gradient algorithm to
handle high-dimensional hybrid action space problems. SEID et al.’!l designed a multi-UAV-based
IoT edge network model and proposed a multi-agent deep reinforcement learning approach for
collaborative computation offloading and resource allocation.

Although the existing studies have provided useful insights into UAV task offloading and
multi-agent decision-making, several gaps remain in large-scale heterogeneous UAV edge
computing environments. In particular, many existing methods rely on centralized optimization or
simplified system assumptions, which limits their applicability under partial observability and
dynamic network conditions. In addition, some MARL-based approaches do not explicitly account
for the computational overhead introduced by dense inter-agent interactions, which can reduce
scalability as the number of UAVs increases. The stability of policy learning under discrete
offloading decisions is also still insufficiently explored, especially when queue states and resource
availability vary over time. Motivated by these limitations, this paper investigates an energy-
efficient collaborative offloading strategy for large UAV swarms and develops an MAPPO-based
framework with a top-K sparse attention mechanism and a Gaussian-based latent policy
representation to improve scalability and training stability.

3. System Model And Problem Formulation
3.1 System Architecture

This paper considers a heterogeneous UAV edge offloading system and constructs a three-layer
architecture consisting of a UAV layer, an edge server layer, and a cloud layer. The system is
designed to reflect the practical characteristics of multi-UAV task execution, including
heterogeneous UAV capabilities, dynamic wireless access, queue congestion, and resource

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

Cloud servers,”

3 P lJl.".’.
oy 77777

In the considered scenario, UAVs generate computation tasks over time and must decide, for
each task, whether to execute it locally, offload it to an edge server, or offload it to the cloud. The
architecture is intended to capture the trade-off between energy consumption and processing delay
under limited onboard resources. The UAV layer is responsible for task generation and local
execution; the edge server layer provides nearby computing services with relatively low
communication delay; and the cloud layer offers stronger computing capability but typically incurs
larger transmission delay.

(1) The UAV layer consists of a heterogeneous set of UAVs, denotedas N = {1, 2, .., N},
each equipped with computing resources. UAVs are categorized into three types: light, medium, and
heavy, with the primary distinction lying in their power consumption. The UAVs move along
predefined flight corridors. The communication environment is divided into multiple zones (e.g.
sparse, dense, and crossing zones). UAV speed is configured according to corridor type, with higher
speed in sparse zones and lower speed in congested zones. The position of each UAV U; is
represented by a discrete-time model: P;[t] = (X;[t],Y;[t]). The displacement of the UAV in each
time slot is related to its speed V;, which depends on the type of flight corridor it is in: high speed
in sparse zones, medium speed in dense zones, and low speed in congested zones.

(2) The edge server layer comprises a set of M edge servers (ESs), denoted as M =
{1,2, ..., M}. Each edge server m € M is uniformly deployed along the flight routes to provide
computing and communication services for UAVs. Each edge server possesses powerful computing
capabilities, and they are interconnected via high-speed wired links, forming a shared service pool.

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

(3) The cloud layer contains a powerful cloud server. This server provides abundant computing
resources for UAVs. The cloud server also maintains a task queue and processes computing tasks
based on their priority.
3.2 Communication Model

The communication framework supports cross-layer data exchange, including U2E (UAV-to-
edge server) and U2C (UAV-to-cloud server) communications. Since the energy consumption of a
UAV depends on task processing duration and the corresponding power consumption, the
processing time is calculated first. In this paper, a task-level full offloading mode is adopted; for
each task, the UAV selects either local execution, edge offloading, or cloud offloading. Let Cj
denote the data volume of task k.

Different UAV types exhibit variations in local computing capacity and energy consumption
parameters. Specifically, the type-dependent computing capacity F;*" is defined as:

=12000, t, = medium (D

1000, T, = light
Flimv — {
3000, 1T, = heavy

Furthermore, a type power coefficient 1, is introduced to characterize the differences in

energy consumption characteristics among UAV types:

0.8, 1, =light
1.0, 71, = medium 2)
1.2, 1, = heavy

Nu =

The power parameters for each UAV in various operating states (idle power Pid®, computing

P e, upload power P,”, download power P°™") are obtained by multiplying the base

power
power values by this type coefficient

Here, the base power values are determined by hardware characteristics and are set to typical
values in the simulation. These parameter values are summarized in Table 1.
3.2.1 U2E Communication

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

and the edge server is defined as:

2
PE*|h4S, (1)
U2U (3)

SINRZS, () =
wm(®) NoBYZE + 27 (t) + I5, ()

where P*denotes the UAV's transmission power, h{i%, (t) represents the channel gain,
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1925 (t) indicates the total interference from concurrent transmissions, and IJ5Y.(t) refers to the
interference among UAVs.

During time slot t, the data transmission rate between the UAV and the edge server is:
RYZR(6) = BU2R log, (1 + SINR{S, (1)) )

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

Cr
RIZE(®)

(5)

TP (6) =

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

slot t is

Y C
TdOWTl,e‘S(t) — (6)
o Rz (£)

where yC, denotes the calculated data volume.
3.2.2 U2C Communication (UAV to Cloud Server):
During time slot t, the communication transmission rate between the UAV and the cloud server
is:
RY?C (1) = BV 7)

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

C
cloud ;N _ k
T’:,lgc . (t) - RUZC(t) (8)
u

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

¥ Ck
R, (t)

)

T’gzwn,cloud (t) —

3.3 Energy Consumption Calculation Model

This section constructs a computational model to describe the task processing process at three
offloading destinations: local execution, edge offloading, and cloud offloading.

The task completion time consists of execution time, queuing delay, and transmission delay,
and the UAV's energy consumption depends on the execution time, queuing delay, transmission time,
and corresponding power. To model dynamic task arrival and processing rates, the M/M/1 queue
model is adopted.

3.3.1 Local Energy Consumption Calculation Model
The execution time of computing tasks performed locally by UAVs depends on its

computational capabilities:
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Ck
Tea ") = paw (10)
u

where FE*%Y denotes the local computing capacity.

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

1
Tqueue,loc £) =
N OErr0)
loc

where ;2€(t) denotes the service rate of UAV tasks, while represents the arrival rate of these

(11)

tasks.

Therefore, within time slot t, the energy consumption of the UAV's local computation is:
E}iolf (t) — ch’zmp,loc (t) . puCompute + Tlgzeue,loc (t) . Puidle (12)

3.3.2 Energy Consumption Calculation Model for Edge Servers
When a UAV offloads computational tasks to an ES, the ES's processing time depends on its

computational capacity:
comp,es _ Ck
Tew (O =75 (13)
g
During time slot t, the ES also maintains a task queue with the following queuing delay:
1
' (0) — 25 ()

where uf5(t) denotes the task service rate of the edge server, while A%5(t) represents its task

Tlgzeue,es (t) —

(14)

arrival rate.

Therefore, when the UAV offloads tasks to the edge server, its total energy consumption is

EgS,(6) = Ten (0 - By + T (¢) - Pldle +
ch‘z;mp,es (t) . P,idle + de'ZWH,BS(t) . P,fown (15)
3.3.3 Cloud Computing

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

based computation execution is

1

queue,cloud _
Tk ) = 'ucloud (t) — )cloud () (16)
Therefore, the total energy consumption for cloud offloading is:
E,iﬁf”d(t) = T’;ip.cloud(t) . Puup + qu'zeue,cloud () - Puidle
+T’€Zmp,cloud (t) . puidle + Tlggwn,es (t) . Pliiown (17)

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

and link quality affect energy consumption indirectly through delay terms.
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3.4 Optimization Problem
The optimization problem is formulated to minimize total energy consumption subject to

energy and computational resource constraints as follows:

min 2 2 Xyj By j (18)

UEN jeD

where E, ; denotes the energy consumption when UAV u selects offloading option ;.
The energy constraint is expressed as:

zxu,j ‘Ey; <EN, YueUu (19)
€D

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

The computational resource constraints are represented as

C
xk,u,j (t) :

k
—k < pmax (20)
P} J

ueU keK(t)

Offloading option constraints are given as

Exk,u,j(t) =1 (21)
Jjej
xk,u,j (t) € {Oll}l ka n;j

The system requires the UAV to decide whether to execute the computational tasks locally,
offload them to the ES, or offload them to the cloud.
3.5 Shared edge server pool and task priority queue

The proposed framework incorporates a shared edge-server pool and a task priority queue to
improve resource utilization and load balancing. The edge servers are aggregated into a unified
resource pool. When edge server m becomes overloaded, the task is reallocated to other
underutilized edge servers in the shared pool m*. The selection criteria for the optimal edge server

arc:

Ck
* . ?S
m’ = arg min, <Q, () +—Fjes ) (22)

where Qg°(t) denotes the task queue of edge server j, and the ratio C;/Ff* is employed to
approximate the processing delay of task k.
The task priority queue determines the processing order of tasks based on their specific

priorities. The calculation formula is as follows:

Py

a0 ® .

Si(t) =
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The priority of task k is denoted as Py, with a being the sensitivity coefficient. Tasks with
higher priority will be processed first in the queue, thereby reducing the UAV's standby time and
overall energy consumption.

The system model described above shows that task offloading decisions are strongly coupled
with task size, queue congestion, communication conditions, and UAV heterogeneity. Since each
UAV can only observe limited local information and the system state evolves dynamically over time,
the resulting decision-making process is naturally modeled as a Dec-POMDP. Under this
formulation, each UAV must infer an appropriate offloading action from partial observations while
considering the impact of its decision on queue delay and energy consumption. To solve this
problem, we adopt MAPPO as the core learning framework and further enhance it with a top-K
sparse attention mechanism and a Gaussian-based latent policy representation to improve scalability
and training stability.

4. Deep Reinforcement Learning Framework Based on the MAPPO Algorithm

The task offloading problem in the considered heterogeneous UAV edge computing system is
characterized by partial observability, dynamic queue states, and frequent competition for
communication and computation resources. Each UAV can only observe local information and a
limited set of server states, while the global system evolves according to the joint decisions of all
agents. Therefore, the offloading problem is naturally modeled as a decentralized partially
observable Markov decision process (Dec-POMDP).

To solve this problem, we adopt the centralized training and decentralized execution paradigm
and use MAPPO as the baseline multi-agent reinforcement learning framework. On top of MAPPO,
we further propose SS-MAPPO, which introduces a Gaussian-based latent policy representation in
the actor and a top-K sparse attention mechanism in the centralized critic. These two improvements
are designed to enhance policy stability and scalability in large-scale multi-UAV offloading
scenarios.

4.1 Dec-POMDP Formulation

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

by the tuple
M = (N, 8, {0, {ANLL PR Y). (24)

Here, N =1{1,2,...,N} denotes the set of UAV agents, § denotes the global state
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space, O; denotes the observation space of agent i, A; denotes the action space of
agent i, P denotes the state transition probability, R denotes the reward function, and y € (0,1) is
the discount factor.

At each time slot t, the environment is in state s; €S . Agent i receives a local
observation o} € 0;, selects an action al € A;, and the joint action of all agents is denoted by

a; = (a},a?,...,aM). (25)

The environment then evolves according to

P(St+1 1 Se,ar), (26)

and each agent receives an instantaneous reward 7{. The objective of each agent is to maximize
the expected discounted return, and the system objective is to minimize the total energy
consumption of all UAV's while satisfying the task execution requirements.

4.2 Observation Space, Action Space, and Reward Design

Each UAV makes decisions using only partial local information. To reflect the factors that
directly affect task execution delay and energy consumption, the local observation of agent i at time
slot t is defined as

of = [df, qlil,t' qé,t! Aet hliz,e,tJ hi,c,t: et], (27)

where d! is the size of the newly generated task, qfl,t is the local queue length of
UAV i, qé_t is the queue length of the accessible edge server, q., is the queue length of the cloud
server, hflle,t and hfmt denote the channel conditions for UAV-to-edge and UAV-to-cloud
transmission, and e} represents the remaining energy of UAV i.

The action space of each UAV is discrete and defined as

A; ={0,1,2}, (28)

where al = 0 denotes local execution, al = 1 denotes offloading to an edge server, and al =
2 denotes offloading to the cloud server.

To guide the learning process toward energy-efficient offloading, the reward is designed as a
negative normalized energy cost with additional penalty terms for invalid or overloaded decisions.
The reward of agent i at time slot ¢ is given by
i

i Et
T't—_

- Al Hviolate - /12 Hoverflow' (29)
max

where E! denotes the energy consumption induced by the selected action, E.y is a
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normalization factor, Ijoate 18 an indicator of constraint violation, Iyyerfiow 1S an indicator of
server overload or queue overflow, and A4, 4, are penalty coefficients.

The cumulative return of agent i is defined as
Gi= V1t B0)
k=0

Maximizing G{ is equivalent to minimizing long-term energy consumption while maintaining
feasible task processing behavior.
4.3 MAPPO Baseline

MAPPO follows the centralized training and decentralized execution paradigm. During
training, a centralized critic uses global information to estimate the value of the joint state, while
the actor of each agent is trained using only local observations. During execution, each UAV chooses
actions independently according to its own policy.

Let ﬂgi(aé | o)) denote the policy of agent i parameterized by 6;. The joint policy of the

system is

N

mo@a o) =] [mo (@ 10D, 3D

i=1
where o, = (o}, 0%, ...,0}N).
The centralized critic estimates the value function Vi (s;), where ¢ denotes the critic
parameters. To improve policy learning stability, MAPPO uses the PPO clipped objective. The
probability ratio is defined as

pie = 2o 0.
Ty, (a; 1 o)
Liyip(8)) = E¢[min(pf(6) AL, clip(pi (6,),1 — €,1 + €)A})], (32)
where AL is the advantage estimate and € is the clipping parameter.
The advantage is computed using generalized advantage estimation (GAE) as
St=ri+ YV (Ser1) — Vi (Se),

-t

AL =) (st (33)

~

~
]
=]

where A € [0,1] is the GAE parameter.

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

N
Lmappo = Z(Liclip(ei) + CentEt[}[(T[Gi('l Oti))]) — oyl [(qu (se) — ﬁt)z]: (34)
i=1

where R, is the return target, H'(+) is the entropy function, and ce,e and ¢ are balancing
coefficients.

Although MAPPO is effective for cooperative decision-making, a standard centralized critic
becomes increasingly expensive in large-scale systems, and a directly parameterized discrete actor
may produce unstable action transitions when queue states and channel states change rapidly. These
issues motivate the proposed SS-MAPPO framework.

4.4 SS-MAPPO Algorithm Framework

SS-MAPPO improves MAPPO from two aspects. First, the actor adopts a Gaussian-based
latent policy representation to smooth policy generation in the hidden space. Second, the centralized
critic uses a top-K sparse attention mechanism to reduce redundant inter-agent coupling and
improve scalability.

4.4.1 Gaussian-Based Latent Policy Representation

Instead of mapping observations directly to discrete action logits, the actor first encodes the
local observation into a latent Gaussian distribution. Let gy, (-)denote the observation encoder
together with the mean and standard deviation heads. The latent policy representation is given by

ueor = gy(or). (39
A latent variable is sampled through the reparameterization form
zt=ut + ol €k, et ~N(0,D),. (36)

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

layer:
pi = softmax(szé + bp), at ~ Cat(pé), (37)

This design does not change the discrete nature of the offloading decision. Instead, the
Gaussian latent representation acts as an intermediate stochastic model that helps smooth the policy
update process and reduces abrupt action changes under dynamic queue and channel conditions.
4.4.2 Top-K Sparse Attention Mechanism

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

mechanism in the centralized critic. Let x}denote the embedding of agent i, which is obtained from
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its observation and relevant state features. The query, key, and value vectors are generated as
qt = Woxt, ki = Wiext, vi = Wi (38)
where W, Wy, and W,are learnable projection matrices. For each agent i, let K;be the index
set of the top-K agents with the highest attention scores. The sparse attention weight from agent ito

agent jis computed as

_exp(qiTklNA)
a; = P ] EX; (39)
Zle](i eXp(qt kt/\/a)

and «@;; = Ofor j € X;, where dis the feature dimension. The contextual representation of

agent iis obtained by aggregating the selected value vectors:

Cé = Z aij Utj, V¢(5t) = fV([Cg' Ctz' ""Ctl'v])’ (40)
JEX;

where f;,(+)is the value head of the critic network.

Compared with dense attention, top-K sparse attention reduces redundant pairwise interaction
modeling and lowers computational overhead. At the same time, it preserves the most influential
inter-agent dependencies, which is important in offloading systems where queue contention and
shared resource competition dominate the system dynamics.

4.4.3 Overall Optimization Objective

Combining the latent actor and sparse critic, the final SS-MAPPO objective is written as
N
Lsswanppo = ). (Luip (00 + Coneht (o, (1 00))) = v B[ (Vs = R)’],  (an)
i=1

2

where the actor loss and critic loss are computed using the latent-policy-based action
distribution and the sparse-attention-based value estimate, respectively.
4.5 Theoretical Analysis

This section provides an intuitive analysis of the advantages of SS-MAPPO in terms of
computational complexity, policy smoothness, and training stability.
4.5.1 Computational Complexity

In a dense attention-based critic, each agent must consider its relationship with all other agents.
As a result, the interaction cost grows quadratically with the number of UAVs, which becomes
expensive in large-scale systems.

With top-K sparse attention, each agent retains only the K most relevant neighbors. Therefore,
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the per-agent interaction cost is reduced from dependence on all N agents to dependence on
only K selected agents. When K « N, the computational and memory overhead is substantially
reduced. This makes the critic more scalable and more suitable for large UAV swarms.
4.5.2 Policy Smoothness

In the actor, the latent Gaussian variable introduces stochasticity in a structured way. Since the
final discrete policy is generated from a latent representation rather than directly from the raw
observation, the policy is less sensitive to small perturbations in the input features. This is useful in
dynamic offloading environments where queue lengths, link quality, and server load vary over time.

Therefore, the proposed policy parameterization may help the actor avoid abrupt changes in
action preference and improve exploration behavior during training.
4.5.3 Training Stability

PPO already limits drastic policy updates through the clipped objective. When combined with
the Gaussian-based latent policy representation, the update process becomes smoother in practice.
Meanwhile, sparse attention reduces the complexity of the critic and avoids excessive coupling
between weakly related agents.

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

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

Algorithm 1 Training Process of SS-MAPPO

Algorithm 1 Training Procedure of SS-MAPPO

Input: number of agents N, environment Env, actor learning rate «, critic learning rate «,, discount factor v,
PPO clipping parameter €, GAE parameter A, entropy coefficient 8, PPO update epochs K, minibatch size B,
training epochs E, and time slots per epoch T

Output: trained actor networks and critic network

- N
1. Initialize N actor networks {n'gi}i_l

, one centralized critic network Vi, and their optimizers.
2. Initialize the rollout buffer.

3. Forepoch =1to E do

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

5. For time slot t =1to T do

6. Collect the local observation o; for each agent i.
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7. For each agent i, compute the action distribution using the Gaussian-based latent policy
representation actor and sample an action a;.

8. Execute the joint action a; = {a,¢, a4, ..., ay ¢} in the environment.

9. Obtain the immediate reward R; ., next observation 0;;,4, and termination signal done, from

the environment.

10. Store the transition (o¢, a;, Re, 0441, doneg, log m;) into the rollout buffer.
11. Update the task queues of UAVs, edge servers, and the cloud server.

12. End for

13. Compute state values Vi (s;) and Vg (S¢41) using the centralized critic.

14. Estimate advantages with GAE:
0t = Ry + YV (Se41) — Vi (St)
Ay =6+ YAy

15.  Normalize the advantages.

16. For update step k = 1to K do

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

18. Compute the probability ratio:

7o (Qie | 0i¢)

r(6) = —2nht 1 Oue)
(6) gy (@it 1 05¢)

19. Update the Actor networks by maximizing the PPO clipped objective with entropy regularization:
LEYP(9) = min(r,(0)A,, clip(r:(0),1 — €,1 + €)A,)
20. Update the critic network by minimizing the value regression loss:
LV(¢) = (V¢(5t) - @t)z
21. End for
22.  Clear the rollout buffer.

23. End for

447 5. Simulation Results
448 In this paper, the algorithm performance is evaluated through extensive simulation experiments.
449  The simulation scenarios include 120 UAVs and tasks of four different scales. The simulation

450  parameters are given as follows in Table 1.
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To comprehensively evaluate the effectiveness of the proposed method, we select baselines
from three representative categories: learning-based multi-agent methods, classical heuristic
algorithms, and rule-based scheduling policies. MAPPO is included as the most direct baseline
because it shares the same CTDE framework with SS-MAPPO, and the performance gap between
them can clearly reflect the contribution of the proposed top-K sparse attention mechanism and
policy parameterization. MADDPG and MATD3 are selected as representative multi-agent actor-
critic methods to assess the advantage of SS-MAPPO over widely used deterministic MARL
approaches under partial observability and dynamic queue states. Genetic algorithm, simulated
annealing, and round-robin scheduling are used as heuristic and rule-based references to provide
non-learning benchmarks and to demonstrate the superiority of the proposed method in terms of
adaptability, scalability, and decision quality. This baseline set covers the major solution paradigms

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

Table 1 Simulation Parameters

Parameter Value Unit
Number of UAVs 120

Number of edge servers 24

Number of cloud servers 1

Wireless transmission power 10 w
Task size 300-3300 KB
UAV computing capacity 1000/2000/3000 KB
Edge server computing capacity 20000 KB
Cloud computing capacity 200000 KB
Bandwidth of UAV to edge server 10 Mbps
Bandwidth of UAV to cloud server | 20 Mbps
Base idle power 8 w
Base computing power 40 w
Base upload/download power 10 w
Edge server transmission power 8 w
Training epochs 200

Time slots 100

Rollout buffer size 64

Batch size 64

Discount factor (y) 0.9

PPO clip (¢) 0.2

Entropy 0.2

The environment parameters are configured for a UAV edge computing scenario, aiming




464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

20 / 28

to preserve simulation feasibility while capturing the key characteristics of dynamic, resource-
constrained, and delay-sensitive task offloading. The number of UAVs is set to 120 to emulate
a dense aerial workload, thereby ensuring sufficient competition for task requests and
computing resources. A multi-region edge server deployment is adopted to form a typical air-
ground cooperative computing architecture, where the service capability and workload of each
node vary dynamically with UAV mobility, reflecting the heterogeneous nature of practical
UAV networks. Meanwhile, the task arrival rate, task size, computation density, bandwidth, and
mobility-related parameters are selected within commonly used ranges in UAV networking
studies to capture wireless link fluctuations, limited edge computing capacity, and scheduling
pressure in realistic scenarios. A workload that is too light would fail to reveal performance
differences among policies, whereas an excessively heavy workload may keep the system
persistently congested and thus hinder fair comparison. Therefore, the adopted parameter
settings strike a balance between challenge and feasibility, and are representative of practical
UAV edge computing environments.

5.1 Experiment 1: Effect of Learning Rate on Algorithm Convergence

The learning rate is an important hyperparameter in deep reinforcement learning because it
directly affects the update step size of the policy network and value network, and therefore
influences both convergence behavior and training stability. To examine the effect of different
learning rate settings on the training performance of SS-MAPPO, four groups of comparative
experiments were conducted. The learning rate combinations for the Actor and Critic networks
weresetto 1 X 107*, 1x 1075 1 x 107°, and a mixed setting (Actor: 1 X 10~*, Critic:

1 X 107°). All experiments were performed under the same simulation conditions, and the
evaluation metric was the average energy consumption over 200 training episodes.

As shown in Figure 2, when the learning rate was set to 1 X 107*%, the average energy
consumption decreased rapidly during the early training stage, indicating faster initial
convergence. However, after approximately 30 episodes, the curve became noticeably more
volatile, suggesting that a relatively large learning rate may lead to unstable policy updates. When
the learning rate was setto 1 X 1076, the training curve decreased more slowly, and the model
did not reach a stable state within 200 episodes, which indicates lower training efficiency. In

contrast, with a learning rate of 1 X 107>, the model achieved relatively stable convergence after
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about 50 episodes, and the final energy consumption was lower than that of the other tested
settings. The mixed learning rate setting converged quickly in the early stage, but its later-stage
stability was slightly weaker than that of the uniform setting. Based on these results, this paper
adopts 1 X 107> as the learning rate for both the Actor and Critic networks in order to balance
convergence speed and training stability.

Figure 2 Energy consumption curves during training under different learning rates
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5.2 Experiment 2: Impact of top-K Sparse Attention Mechanism on Algorithm Convergence

To evaluate the effect of the top-K sparse attention mechanism on the convergence behavior of
SS-MAPPO, a set of comparative experiments was carried out by varying the number of attention
heads (H) and the sparsification parameter (K), which determines how many neighboring agents
each agent focuses on. With other hyperparameters fixed, combinations including n = 2,k = 4,
n=2k=8, n=4,k=8,and n =8,k =16 were tested, and the average energy consumption
over 200 training episodes was recorded.

As shown in Figure 3, the experimental results indicate that the combinations n = 2,k =
8 and n = 8,k = 16 both achieved low energy consumption levels, with n = 2,k = 8 showing a
slight advantage in convergence speed. When k = 4, each agent focused on too little neighbor
information, resulting in insufficient collaborative information, poorer policy convergence, and
higher energy consumption. The combination n = 4,k = 8 performed slightly better but still fell
short of the n = 2,k = 8 combination. Considering that training time complexity is positively

correlated with the product n X k, the n = 2,k = 8 combination ensures good convergence
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513  performance while significantly reducing computational overhead. Therefore, this paper
514  selects n =2,k =8 as the default parameter configuration for the top-K sparse attention
515  mechanism to achieve a balance between performance and efficiency.

Figure 3 Energy consumption curves during training under different attention parameters
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516 5.3 Experiment 3: Convergence Performance Comparison of Different MARL Algorithms

517 To compare the convergence behavior of SS-MAPPO with other multi-agent reinforcement
518  learning methods in the considered task offloading scenario, SS-MAPPO was evaluated against
519 MAPPO, MATD3, and MADDPG. All methods were trained under the same simulation settings for
520 200 episodes, and the average system energy consumption during training was recorded.

Figure 4 Energy consumption convergence curves of different multi-agent reinforcement learning algorithms
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521 As shown in Figure 4, MADDPG and MATD3 converged relatively slowly in this scenario and

522  did not stabilize at a low energy consumption level within 200 episodes. Their training curves also
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exhibited noticeable fluctuations, which suggests that policy updates may be less stable under partial
observability and dynamic multi-agent conditions. The original MAPPO algorithm reached a
relatively low energy consumption level after about 60 episodes, but its curve still showed some
oscillations during later training. In comparison, SS-MAPPO reached stable convergence after about
50 episodes and maintained a lower energy consumption level than the other tested methods in the
training process. These results indicate that the introduced top-K sparse attention mechanism and
Gaussian-based latent policy representation may help improve convergence behavior and reduce
training fluctuations in this scenario.
5.4 Experiment 4: Robustness to Variations in the Number of UAV's

To evaluate the robustness of the algorithms under different swarm sizes, the number of UAVs
was increased from 24 to 120 in steps of 16. The average system energy consumption over 200 time
slots was measured for SS-MAPPO, MAPPO, the genetic algorithm (GA), simulated annealing (SA),
and round-robin (RR). The purpose of this experiment was to observe how each method behaves as
the system scale increases and resource competition becomes more intense.

Figure 5 average energy consumption under varying numbers of UAVs
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As shown in Figure 5, SS-MAPPO maintained a lower average energy consumption than the
compared methods across all tested swarm sizes. In addition, as the number of UAVSs increased, the
energy consumption of SS-MAPPO rose more gradually than that of the baseline methods,
indicating relatively better scalability in the tested scenarios. MAPPO performed slightly worse than

SS-MAPPO, while SA and GA showed acceptable performance at smaller scales but degraded more
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noticeably as the swarm size increased. RR produced the highest energy consumption and also
exhibited larger fluctuations. Overall, these results suggest that the top-K sparse attention
mechanism may help reduce the impact of redundant inter-agent interactions in larger swarms,
thereby supporting more stable collaborative offloading decisions.
5.5 Experiment 5: Energy Consumption Distribution for Task Completion

To examine the effect of task size on algorithm performance, four task data sizes were
considered: 300 KB, 1300 KB, 2300 KB, and 3300 KB. The average energy consumption per
completed task over 200 time slots was measured for SS-MAPPO, MAPPO, GA, SA, and RR. This
experiment was designed to evaluate how sensitive each method is to task scale changes.

Figure 6 Average energy consumption under different task sizes
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As shown in Figure 6, for the smallest task size of 300 KB, SS-MAPPO and SA achieved
similar energy consumption levels. However, as the task size increased to 1300 KB and beyond, the
energy consumption of SA and GA increased more rapidly, indicating that these methods may be
less effective when handling computation-intensive tasks under resource constraints. SS-MAPPO
showed relatively smaller variations across different task sizes and maintained a lower energy
consumption level in most cases. Compared with the original MAPPO algorithm, SS-MAPPO did
not always produce a large absolute improvement, but it exhibited smaller fluctuations as task size
changed, which suggests that the proposed policy representation may contribute to smoother
decision behavior and better robustness under the tested conditions.

5.6 Experiment 6: Algorithm Stability
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To quantitatively evaluate decision stability, the standard deviation of energy consumption for
completing tasks by 120 UAVs over 200 consecutive time slots was calculated and compared
between SS-MAPPO and the original MAPPO algorithm. A smaller standard deviation indicates
less variation in decisions across time slots and thus relatively higher stability.

As shown in Figure 7, the standard deviation of energy consumption for SS-MAPPO was lower
than that of MAPPO throughout the tested period, and the corresponding curve showed smaller
fluctuations. This suggests that SS-MAPPO produces more consistent decisions under the tested
conditions. The improvement may be related to the top-K sparse attention mechanism, which
reduces the influence of less relevant neighbor information, and the Gaussian-based latent policy
representation, which may help smooth the action selection process. Overall, these results indicate
that SS-MAPPO exhibits relatively more stable decision making in the considered multi-UAV

oftloading scenario.
Figure 7 standard deviation of energy consumption over 200 time slots
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6 Conclusion

This paper investigates the task offloading problem in multi-UAV edge computing
environments and develops an improved Multi-Agent Proximal Policy Optimization framework,
SS-MAPPO, by incorporating a top-K sparse attention mechanism and a Gaussian-based latent
policy representation. A three-layer heterogeneous computing architecture consisting ofa UAV layer,
an edge server layer, and a cloud layer is constructed, together with a shared edge server pool and a

task priority queue, to support resource scheduling and load balancing in the considered scenario.
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The proposed SS-MAPPO framework is designed to reduce redundant inter-agent interactions
and to provide a smoother policy parameterization for discrete offloading decisions. Under the tested
simulation settings, the results indicate that SS-MAPPO achieves lower energy consumption, faster
convergence, and smaller decision fluctuations than the selected baseline methods across different
swarm sizes and task scales. These observations suggest that the proposed framework may be a
useful approach for energy-aware task offloading in dynamic multi-UAV edge computing
environments.

However, this study still has several limitations. The current model considers UAVs moving
along fixed routes and adopts a full offloading mode, which may not cover all practical deployment
conditions. Future work will further investigate more flexible mobility patterns, partial offloading

strategies, and more complex task dependencies.
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