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Abstract— Driven by the increasing deployment of Internet of
Things (IoT) devices and significant progress in Uncrewed Aerial
Vehicle (UAV) technologies, UAV-assisted Mobile Edge Comput-
ing (UMEC) has emerged as an effective approach to address
the challenges of constrained ground network coverage and
insufficient computational resources. Leveraging their mobility,
flexible deployment, and low cost, UAVs can dynamically support
edge networks by providing computation and communication
services for latency and energy sensitive tasks. Nevertheless,
task scheduling and UAV trajectory optimization in UMEC
systems still face significant challenges. To address the task
scheduling problem for energy-sensitive tasks in the UMEC
system, this paper first formulates a mathematical model of the
system’s energy consumption and establishes an optimization
objective aimed to optimize the energy cost of UMEC system.
Building upon this, we propose a task scheduling algorithm that
integrates Multi-Agent Proximal Policy Optimization (MAPPO)
with a bargaining game-based resource coordination mech-
anism. The proposed algorithm reduces the overall energy
consumption and enhances the system performance through
a bargaining-based resource allocation and matching strategy,
alongside MAPPO-driven trajectory optimization. Simulation
results show that our method outperforms the baseline algorithms
in terms of system utility, achieving up to a 7.4% improvement.

Index Terms— Mobile edge computing, uncrewed aerial vehicle
(UAV), task offloading, trajectory optimization, deep reinforce-
ment learning.

I. INTRODUCTION

IN RECENT years, the rapid advancement of cutting-edge
communication technologies such as Beyond 5G (B5G) and

6G has brought transformative breakthroughs to the Internet
of Things (IoT), accelerating the large-scale deployment of
edge nodes and broadening the scope of their application
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scenarios [1]. However, the surge in computational demands
has exposed the limitations of the processing power available
at conventional edge nodes, posing significant challenges to
scalability in massive deployments. To address this issue,
Mobile Edge Computing (MEC) has become a promising
solution by bringing computational resources closer to end
devices, thereby partially mitigating the gap in computing
capabilities [2], [3], [4].

Nonetheless, traditional fixed-position edge servers often
face limitations due to high deployment costs and poor scala-
bility, reducing their effectiveness in dynamic or time-sensitive
environments. Uncrewed Aerial Vehicle-assisted Mobile Edge
Computing (UMEC) systems-where MEC nodes are integrated
into UAVs—have garnered increasing interest due to their flex-
ibility, cost-efficiency, and rapid deployment capabilities [5].
These advantages make UMEC systems especially attractive
within the context of the emerging low-altitude economy,
which refers to the economic activities and industrial ecosys-
tem enabled by low-altitude airspace and UAV technologies,
including applications in urban infrastructure, logistics, and
intelligent sensing networks.

Moreover, with the advent of Artificial General Intelligence
(AGI), UMEC systems are poised to evolve into even more
autonomous and intelligent edge infrastructures. The integra-
tion of AGI can enable on-board learning, dynamic resource
orchestration, and situational awareness, further enhancing the
responsiveness and adaptability of the UMEC system [6], [7],
[8]. These trends have sparked widespread interest from both
academia and industry, prompting deeper investigation into the
potential of UMEC in various contemporary applications.

Although the UMEC system can effectively address the
limited coverage and inflexible deployment of traditional MEC
architectures, they also introduce increased system complexity
and new challenges. These include task scheduling, resource
allocation, trajectory optimization, and energy constraints, all
of which must be carefully managed to ensure robust and
efficient system operation. The existing literature has exten-
sively studied these issues and proposed various optimization
strategies. For instance, [9] proposes a joint optimization
framework that coordinates task assignment, resources man-
agement, and UAV positioning, for accelerating IoT task
completion and reduce UAV energy consumption. In another
study, [10] introduces an iterative optimization algorithm
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that jointly considers user-to-MEC server association, power
control, and UAV mobility management to minimize system
latency and energy consumption, while satisfying transmission
power constraints. Furthermore, [11] focuses on a Multiple-
Input Single-Output (MISO) UMEC system and proposes
a joint optimization strategy that minimizes overall system
energy consumption by optimizing UAV beamforming vectors
and central processing unit frequencies. These advancements
are particularly significant in the context of the low-altitude
economy, where UAV-based edge infrastructure serves as a
critical enabler for scalable, responsive, and intelligent services
across urban airspace. As the deployment of autonomous
aerial networks becomes more prevalent, the integration of
AGI is expected to further enhance the cognitive capabilities
of UMEC systems [12]. AGI-enabled UMEC nodes may
autonomously learn environmental patterns, predict compu-
tational loads, and self-optimize their mobility and resource
orchestration strategies. This convergence of UMEC, AGI,
and low-altitude economic applications paves the way for
resilient, adaptive, and intelligent edge ecosystems of the
future.

To address the aforementioned energy-related challenges in
the context of the low-altitude economy, this paper inves-
tigates resource scheduling and intelligent UAV trajectory
optimization in an energy-constrained UMEC system. The key
contributions of this work are summarized as:
• We construct holistic system energy consumption and

utility models in the context of the UMEC system,
encompassing both edge nodes and drones. By quanti-
tatively modeling the energy expenditure and benefits of
each participant, we formulate a mathematical problem to
achieve maximum system-wide utility. Our model effec-
tively balances energy conservation and task execution
efficiency, thereby laying a solid theoretical foundation
for the subsequent algorithm design.

• We propose an intelligent algorithm that integrates a
bargaining game mechanism with Multi-Agent Proximal
Policy Optimization (MAPPO). By performing joint opti-
mization over resource scheduling and matching strategy
with UAV trajectory optimization, our algorithm achieves
fair utility distribution between users and UAVs, while
significantly strengthening overall system consistency and
energy effectiveness.

• Extensive simulations are conducted to assess the effi-
ciency of the proposed approach. The results demonstrate
that, compared to conventional approaches, our method
yields notable improvements in system stability, fairness
of utility allocation, and energy consumption control, and
achieves performance gains of up to 7.4% in system
utility.

The remainder of this paper is organized as follows.
Section II reviews related work. Section III describes the
system model and formulates the corresponding optimization
problem. Section IV introduces our alternating optimiza-
tion algorithm and analyzes its computational complexity.
Section V reports the experiment results and performance
evaluation. Finally, Section VI summarizes our findings and
concludes the paper.

II. RELATED WORK

A. Energy Consumption Issues in the Low-Altitude Economy

With the swift growth of the low-altitude economy, the
energy consumption of UAV-assisted MEC systems has
become a critical concern. Recent studies have focused on
minimizing energy usage while maintaining service quality,
especially in scenarios involving intensive task offloading and
long-duration UAV flights. The work in [13] explored energy
efficiency and task collection maximization in low-altitude
economy scenarios, proposing a multi-objective reinforcement
learning algorithm. This study effectively balances safety
and energy efficiency by introducing a population intelli-
gence algorithm based on Conditional Variational Autoencoder
(CVAE). In [14], the authors tackled the energy minimization
problem in low-altitude full-duplex systems. Because the prob-
lem is non-convex, they designed a block optimization method
to decompose the optimization problem into tractable sub-
problems. In [15], a Rate-Splitting Multiple Access (RSMA)
system was introduced to address computation capacity and
power consumption challenges in low-altitude networks, sig-
nificantly alleviating energy consumption pressure. Finally,
[16] considered urban space limitations and efficiency require-
ments in low-altitude economic. They proposed a trajectory
optimization framework based on Deep Reinforcement Learn-
ing (DRL) integrated with a Large Language Model to enhance
safety and cost-effectiveness in UAV routing.

B. Network Resource Scheduling in UMEC Systems

Resource scheduling in UAV-assisted UMEC systems has
become a key research area, with methods mainly cate-
gorized into four types: traditional optimization, heuristic
algorithms, game-theoretic approaches, and learning-based
methods. Traditional optimization techniques, such as convex
and fractional programming, have been applied to address
non-convex scheduling problems. In [17], the authors used
the Alternating Direction Method of Multipliers (ADMM) in
a 6G UAV-based Vehicular Edge Computing (UVEC) frame-
work to analyze and optimize network robustness. In [18],
a centralized algorithm based on Semidefinite Programming
(SDP) was designed to minimize energy consumption in
Software-Defined Wireless Sensor Networks (SD-WSNs),
achieving global optimality. Heuristic algorithms, such as
greedy algorithms, water-filling, genetic algorithms, simulated
annealing, and ant colony optimization, solve problems based
on experience-inspired strategies. In [19], the Ant Colony
Optimization (ACO) algorithm was improved with chaotic
mapping techniques to pre-plan UAV flight paths under uncer-
tain factors in UMEC, effectively avoiding obstacles. Resource
competition and cooperation has been modeled using both
non-cooperative and coalition game theories. In [20], a static
game model was established for cross-cell Device-to-Device
(D2D) communication, and the total system rate and gain were
improved through a Repeated Game (RG). Reinforcement
learning (RL), especially multi-agent RL, has shown promise
in dynamic and large-scale UMEC scenarios. Algorithms like
Actor-Critic (AC) [21], Deep Deterministic Policy Gradient
(DDPG) [22], Proximal Policy Optimization (PPO) [23], and
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Multi-Agent Deep Deterministic Policy Gradient (MADDPG)
[24] address task offloading, trajectory control, and multi-
objective optimization. Overall, UMEC scheduling methods
are evolving toward adaptive, collaborative intelligence. Future
research is expected to integrate optimization theory, game
models, and deep reinforcement learning to build scalable
and intelligent scheduling frameworks. In [25], the authors
solved the problem of aerial target search driven by the
development of the low-altitude economy. They proposed an
efficient resource management method that enables effective
target search and resistance to jamming attacks under limited
battery life constraints.

C. Optimization of UAV Trajectory

Trajectory optimization for UAV is a core component in
the UMEC system for enabling efficient task offloading and
collaborative resource management. By dynamically adjusting
UAV positions, coverage, and service delivery across dif-
ferent regions can be achieved, thereby optimizing energy
consumption, reducing task latency, and balancing communi-
cation coverage with computational load. In [26], the authors
considered UAV trajectory optimization on a 2D plane. They
modeled the problem based on UAV coverage strategies and
approximated it as a Traveling Salesman Problem (TSP) tar-
geting coverage shrinkage optimization. UAV trajectories were
derived by solving small-scale integer programming problems.
Although computationally efficient, this method sacrifices tra-
jectory control precision and is suitable for constrained or
simple scenarios. In [27], the environment was discretized into
a 3D grid, and UAV movements were modeled as integer-based
trajectory decisions in three-dimensional space. DRL was
used to solve the discrete trajectories, supporting obsta-
cle avoidance through learning. However, control precision
remained limited compared to continuous trajectory decision-
making. In [28], continuous 3D trajectory decisions were
explored using Successive Convex Approximation (SCA),
improving spatial control accuracy but facing challenges such
as high computational complexity and multivariable coupling.
To enhance Quality of Service (QoS) through decreased
latency and lower energy usage in UMEC systems, the study
in [29] tackled the trajectory design problem for a single drone
through an optimistic AC approach. In [30], the researchers
independently planned the UAV’s two-dimensional flight path
to enhance task offloading efficiency and included a corre-
sponding trajectory illustration in their experimental results.
Meanwhile, [31] aimed at minimizing Age of Information
(AoI) and energy usage through the development of both
task offloading strategies and a two-dimensional trajectory
design. Their simulations demonstrated the convergence of
their proposed approach and visualized the movement result.
Despite extensive research in the field, most existing studies
on UAV trajectory optimization remain focused on hovering
or two-dimensional flight, with limited exploration of flexible
and dynamic three-dimensional trajectories.

In summary, existing studies on energy consumption con-
trol, resource scheduling, and UAV trajectory optimization
have each made important contributions but also exhibit certain

Fig. 1. UAV-enabled MEC scheduling and trajectory optimization model.

limitations. Most approaches focus on a single aspect, such as
energy efficiency or trajectory design, while lacking a unified
framework to balance trade-offs among multiple objectives.
Moreover, scalability and coordination across multiple UMEC
systems are often insufficient. To address these issues, our
work proposes an integrated framework that combines bar-
gaining game-based resource allocation with MAPPO-driven
trajectory optimization, thereby achieving joint optimization
of energy efficiency and system-wide performance.

III. PROBLEM DESCRIPTION AND MODELING

We intend to tackle the challenge of reducing energy
consumption in UMEC systems with constrained resources.
With the increasing application of UAV-assisted computing
and communication systems in low-power networks, achieving
efficient task execution and response under limited energy
resources has become a critical challenge that demands urgent
attention.

A. System Model

Figure 1 presents the considered task offloading scenario
in a UMEC system with multiple UAVs. For long-term
performance optimization, we adopt a dynamic MEC model
spanning several time slots. The entire period is segmented
into uniform time slots, defined as T = {1, 2, . . . , T}, each
of duration δt. Here, t ∈ T represents the index of a specific
time slot.

The system includes M user devices, represented by M =
{1, 2, . . . ,M}, and N UAVs as movable edge servers, rep-
resented by N = {1, 2, . . . , N}. The position of user m at
time slot t is qm(t) = [xm(t), ym(t), 0], while the position of
UAV n is rn(t) = [xn(t), yn(t), zn(t)]. Each user generates
a non-divisible, computation-intensive task in every time slot,
expressed as Im(t) = {dm(t), cm(t)}, with dm(t) denoting the
task data size in bits and cm(t) the number of cycles needed
per bit.

The energy consumption model primarily consists of two
components: user energy consumption and UAV energy
consumption:

Authorized licensed use limited to: N.C. State University Libraries - Acquisitions & Discovery  S. Downloaded on January 27,2026 at 02:17:29 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: JOINT ENERGY-EFFICIENT TASK SCHEDULING AND TRAJECTORY OPTIMIZATION 3061

1) User Energy Consumption: Includes the energy con-
sumed for local task computation and the energy used
for uploading tasks;

2) UAV Energy Consumption: Includes the energy con-
sumed for UAV flight, inter-UAV task transmission, and
task computation offloaded to the UAV.

The following sections are organized to present the UAVs
movement model, communication model, computation model,
user energy consumption model, and problem formulation in
sequence.

B. UAVs Movement Model

We define the operational space of the UAV as a
cuboidal three-dimensional region bounded by the vectors[
0, 0, Zmin

]T
and [Xmax, Y max, Zmax]T , subject to the fol-

lowing constraints:

0 ≤ xn(t) ≤ Xmax,∀n ∈ N , t ∈ T , (1)
0 ≤ yn(t) ≤ Y max,∀n ∈ N , t ∈ T , (2)

Zmin ≤ zn(t) ≤ Zmax,∀n ∈ N , t ∈ T . (3)

To ensure safe navigation, UAVs must comply with con-
straints on maximum velocity vmax and minimum allowable
distance Dmin, where Dmin represents the minimum separation
required to avoid potential collisions, as expressed below:

∥rn(t + 1)− rn(t)∥ ≤ vmaxδt,∀n ∈ N , t ∈ T , (4)

∥rn(t)− rn′(t)∥ ≥ Dmin,∀n, n′ ∈ N , n ̸= n′. (5)

Moreover, given that UAV n has a maximum elevation
angle ϕn, which reflects the hardware constraint of its onboard
antenna or sensor, its maximum horizontal coverage radius at
time t can be determined as follows [32]:

Cmax
n (t) = zn(t) tan(ϕn),∀n ∈ N , t ∈ T . (6)

User m can offload its task to UAV n only if it resides
within the UAV’s coverage region. The horizontal position of
UAV n is given by hn(t) = [xn(t), yn(t), 0]T , leading to the
following constraint:

xm,n(t) · ∥hn(t)−qm(t)∥ ≤ Cmax
n (t),

∀m ∈M, n ∈ N , t ∈ T , (7)

The binary variable xm,n(t) ∈ {0, 1} indicates whether task
Im(t) is offloaded to UAV n. The UAV’s maximum coverage
radius Cmax

n (t) which determined by the UAV’s altitude zn(t)
and maximum elevation angle ϕn. By limiting the horizon-
tal distance between the communicating parties, offloading
is ensured to occur only under reliable communication
conditions.

C. Communication Model

1) Ground-to-Air (G2A): To consider obstacles like build-
ings and trees, we use a probabilistic LoS/NLoS channel
model, commonly applied in UAV communications due to its
practical balance of accuracy and simplicity [33]. The LoS
probability depends on the environment and the elevation angle
θm,n(t) = 180

π · arctan
(

zn(t)
∥qm(t)−rn(t)∥

)
between UAV n and

user m at time t that can be formulated as P(LoS, θm,n(t)) =
1

1+a·exp (−b(θm,n(t)−a)) . Correspondingly, the NLoS probabil-
ity can be given by P(NLoS, θm,n(t)) = 1−P(LoS, θm,n(t)).
The environmental constants a and b influence the probability
of the LoS channel occurrence. Since a single time slot is
typically short, similar to [34], the channel probability is
assumed constant within each slot. Consequently, the average
path loss from the ground user to the drone is given by:

PLm,n(t) = P(LoS, θm,n(t))
(
Lm,n(t) + ηL

)
+ P(NLoS, θm,n(t))

(
Lm,n(t) + ηN

)
, (8)

where Lm,n(t) = 20 lg
(

4π·frc·dm,n(t)
c

)
represents the

free-space path loss, frc is the carrier frequency, ηL is the
excess path loss for the LoS channel, while ηN corresponds
to the NLoS channel.

We assume that users offload tasks to UAVs via Orthogonal
Frequency Division Multiple Access (OFDMA), with each
user assigned a unique sub-band to avoid intra-UAV inter-
ference. Each user is associated with a single UAV at any
time, and frequency reuse among UAVs is not considered,
thus inter-UAV interference is neglected. This assumption,
consistent with [35], focuses the analysis on trajectory and
resource optimization. The expected uplink rate from user m
to UAV n is given by [33]:

rm,n(t) = BG2A
m,n log2

(
1 +

pm(t) · 10−PLm,n(t)/10

NG

)
, (9)

where PLm,n(t) denotes the average path loss in decibels
(dB), which is converted to linear scale using 10PLm,n(t)/10

for the purpose of data rate calculation. Here, pm(t) and NG

represent the transmit power and the noise power, respectively,
and BG2A

m,n denotes the uplink bandwidth from user m to
UAV n. The allocation of limited bandwidth resources should
comply with the following constraints:∑

m∈M
BG2A

m,n ≤ BG2A,∀m ∈M, n ∈ N , t ∈ T , (10)

BG2A
m,n ≥ 0,∀m ∈M, n ∈ N , t ∈ T . (11)

2) Air-to-Air (A2A): Considering that LoS connections are
usually dominant in A2A links [36], the communication
between UAV n and n′ is modeled using the free-space
path loss approach to accurately capture signal attenuation,
expressed as:

PLn,n′ = 20 lg
(
∥rn(t)− rn′(t)∥

1000

)
+ 20 lg(frc) + 32.45.

(12)

Therefore, the data transfer rate can be expressed as:

rn,n′(t) = BA2A
n,n′ log2

(
1 +

pn(t) · 10−PLn,n′/10

NA

)
, (13)

where pn(t) and NA denote the transmit and noise power,
respectively, and BA2A

n,n′ is the bandwidth allocated from
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UAV n to n′. There exists bandwidth constraints similar to (10)
and (11): ∑

m∈M
BA2A

n,n′ ≤ BA2A,∀n, n′ ∈ N , (14)

BA2A
n,n′ ≥ 0,∀n, n′ ∈ N , t ∈ T . (15)

D. Computation Model

Each task Im(t) is processed either locally or via edge
computation. Since there are N UAVs available for offloading,
the edge mode offers (N + 1) possible offloading options.
We introduce a extend set N † = {0}∪N . Then, the offloading
decisions

{
xm,n(t),∀m ∈M, n ∈ N †} form a binary matrix

of size M × (N + 1).
1) Local Mode When xm,0(t) = 1: Task Im(t) is processed

on the user’s device itself, resulting in zero transmission delay.
The total delay is thus determined solely by the local execution
time, given by T loc

m (t) = dm(t)·cm(t)
fm(t) , where fm(t) denotes the

local CPU frequency of user m.
2) Edge Mode When xm,n′ (t) = 1: Task Im(t) is offloaded

to UAV n′ for processing. Because UAVs have a limited
coverage area, it must be verified whether user m is located
inside the coverage zone of UAV n′. If user m is covered,
the task is transmitted directly over the G2A link. Otherwise,
the task is first sent to UAV n, which then relays it to
UAV n′ via the A2A link. Assuming a full-duplex commu-
nication framework allowing UAVs to receive and forward
data simultaneously, the transmission delay is calculated as
T off

m,n′(t) = max
{

dm(t)
rm,n(t) ,

dm(t)
rn,n′ (t)

}
. Since UAVs operate over

LoS channels with minimal interference and higher transmit
power than users [33], we have rm,n(t) ≪ rn,n′(t), and the
transmission delay simplifies to T off

m,n′(t) = dm(t)
rm,n(t) .

Once task Im(t) is offloaded to UAV n′, it is executed
at the edge. Let fm,n′(t) denote the CPU timeslice allocated
to the task, then the execution time on UAV n′ is given by
T exe

m,n′(t) = dm(t)·cm(t)
fm,n′ (t)

.
In summary, the total delay for task Im(t) in the edge mode

is formulated as:

T edge
m,n′ (t) = T off

m,n′(t) + T exe
m,n′(t). (16)

Additionally, the allocation of limited computing resources
should be subject to the following constraints:∑

m∈M
fm,n(t) ≤ fn,∀n ∈ N , t ∈ T , (17)

fm,n(t) ≥ 0,∀n ∈ N , t ∈ T , (18)

where fn indicates the maximum processing capability of UAV
n in terms of CPU frequency.

E. User Energy Consumption Model

1) Local Task Computation Energy: Local computation
energy follows the dynamic power model of Complementary
Metal-Oxide-Semiconductor (CMOS) circuits, where power
scales with the cube of the CPU frequency. Thus, the energy
consumption is proportional to both the computation time and

the cube of the frequency. The local computation energy for
user m at time slot t is given by:

Elocal
m (t) = φm(fm(t))3T loc

m (t), (19)

where φm is the effective capacitance coefficient specific to
user m’s device hardware.

2) Task Offloading Energy: The energy consumed for task
offloading depends on the user’s transmit power ptrans

m (t) and
the transmission delay T off

m,n(t). Specifically, the energy for
user m to offload the task to UAV n is given by:

Eoff
m,n(t) = ptrans

m (t) · T off
m,n(t). (20)

3) Total User Energy Consumption: The total energy con-
sumption of user m consists of either the offloading energy
or the local computation energy, depending on the selected
computation mode. Specifically, the total energy consumption
is given by:

Euser
m (t) = xm,n(t) · Eoff

m,n(t) + xm,0(t) · Elocal
m (t). (21)

F. UAV Energy Consumption Model

1) UAV Flight Energy: The propulsion power of a UAV
during flight is given by [11]:

pfly
n (t) =

1
2
d0ρgS0(vn(t))3 + Pblade

(
1 +

3(vn(t))2

V 2
tip

)

+ Phover

(√
1 +

(vn(t))4

4v4
0

− (vn(t))2

2v2
0

) 1
2

, (22)

where d0 denotes the UAV drag ratio, vn(t) denotes the
velocity of UAV n (m/s), ρ is the air density (kg/m3), and
g is the gravitational acceleration (m/s2). Pblade is the blade
profile power, Vtip is the blade tip speed, Phover denotes the
hovering induced power, and v0 represents the average induced
velocity of the rotor. The flight energy of UAV n is therefore:

Efly
n (t) = pfly

n (t) · δt. (23)

2) Inter-UAV Task Transmission Energy: When UAV n
chooses to transmit the task to UAV n′ for execution, the
transmission time is:

Tn,n′(t) =
dm(t)

rn,n′(t)
. (24)

The corresponding transmission energy consumption is:

Etrans
n,n′ (t) = ptrans

n (t) · Tn,n′(t), (25)

where ptrans
n (t) denotes the transmission power of UAV n,

which is assumed to be a fixed constant in this work, consistent
with typical UAV communication hardware settings.

3) Task Computation Energy of UAVs: The energy con-
sumed by UAV n to execute task Im(t) depends on its
computation frequency fm,n(t) and execution time T exe

m,n(t),
following the same dynamic power model as in local com-
putation. The corresponding computation energy consumption
is:

Eexe
m,n(t) = φn(fm,n(t))3T exe

m,n(t), (26)

where φn is the effective switching capacitance of UAV n.
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4) Total UAV Energy Consumption: The total energy con-
sumption of UAV n at time t consists of three parts: propulsion
energy for flying, transmission energy for forwarding tasks to
other UAVs, and computation energy for executing user tasks.
It is expressed as:

EUAV s
n (t) = Efly

n (t) +
∑

n′∈N
Etrans

n,n′ (t) +
∑

m∈M
Eexe

m,n(t).

(27)

G. Problem Formulation

1) User Utility: The utility of UAV n for user m is defined
as the user’s Quality of Experience (QoE), which is similar
to [37] and consists of two components: task completion
satisfaction and energy consumption:

Un
m(t) = ωm·

log
(
1 + Tmax

m − Tuser
m,n (t)

)
log (1 + Tmax

m )

−(1− ωm) · E
user
m (t)

Emax
m (t)

. (28)

Due to the diminishing marginal effect of task completion,
where user satisfaction or perceived value increases at a
decreasing rate as task completion improves, a logarithmic
function is adopted to model the satisfaction. Both satisfaction
and energy consumption are normalized. ωm is a weight factor
representing the importance of task satisfaction versus energy
consumption. It is set as a fixed parameter to reflect different
user service sensitivity types, where a larger value indicates
delay-sensitive users and a smaller value corresponds to
energy-sensitive users. Tmax

m is the maximum task completion
time constraint, and Tuser

m,n (t) = xm,n(t) ·T edge
m,n (t)+xm,0(t) ·

T loc
m (t) denotes the actual task completion time. Emax

m (t) is
the maximum energy budget for user m.

2) UAV Utility: The utility of user m for UAV n represents
the revenue of the MEC server and consists of the service fee
collected from the user and the energy consumed by the UAV:

Um
n (t) = ωn ·

fm,n(t)pn

fmax
n pmax

n

−(1−ωn) ·
Efly

n (t) + Etrans
n,n′ (t) + Eexe

n (t)
Emax

n (t)
, (29)

where, ωn is a weight factor representing the trade-off between
service revenue and energy cost. pn is the unit price paid by
the user for computation resources, pmax

n is the maximum
allowable unit price, and Emax

n (t) is the maximum energy
constraint of UAV n.

3) Total System Utility: The total system utility comprises
both user utility and UAV utility:

U(t) =
∑

m∈M

∑
n∈N

[
ωutUn

m(t) + (1− ωut)Um
n (t)

]
, (30)

where, ωut ∈ [0, 1] is the utility allocation weight, which
adjusts the relative importance of user utility and UAV utility
in the total system utility. When ωut is close to 1, the system
prioritizes user utility; when it is close to 0, it emphasizes
UAV utility.

4) Optimization Objective: We aim to minimize the energy
consumption of the UMEC system while ensuring the required
service quality. To this end, we formulate an objective func-
tion that maximizes the overall system utility U(t). This
is achieved by jointly optimizing the offloading decisions
X = {xm,n(t),∀m ∈ M, n ∈ N †, t ∈ T }, UAV trajec-
tories R = {rn(t),∀n ∈ N , t ∈ T }, resource allocation
strategies B = {BG2A

m,n (t),∀m ∈ M, n ∈ N , t ∈ T },
F = {fm,n(t),∀m ∈M, n ∈ N , t ∈ T }.

The energy-aware overall system utility optimization prob-
lem can be formulated as follows:

max
X,R,B,F

∑
t∈T

U(t) (31)

s.t. (1)− (5), (7), (10), (11), (14), (15), (17), (18)

xm,n(t) ∈ {0, 1},∀m ∈M, n ∈ N †, t ∈ T (32)

N+1∑
n=0

xm,n(t) = 1,∀m ∈M, n ∈ N †, t ∈ T (33)

Tuser
m,n (t) < Tmax

m ,∀m ∈M (34)

Euser
m (t) < Emax

m (t),∀m ∈M (35)

EUAV s
n (t) < Emax

n (t),∀n ∈ N , (36)

where constraints (1)-(5) define the UAVs’ location and
movement limitations, (7) ensures that tasks can only be
offloaded to UAVs within the user’s coverage area, (10) caps
the maximum G2A transmission bandwidth, (11) guarantees
that the allocated G2A bandwidth is strictly positive. Similar
resource allocation constraints also exist (14), (15), (17), (18).
Constraint (32) and (33) enforces a task indivisibility. Con-
straint (34) ensures that task completion meets time deadlines,
(35) enforces user energy limits, and (36) limits UAV energy
usage.

Since total system utility is influenced by multiple users
and UAVs, it forms a multi-agent optimization problem.
Moreover, the utility considered here spans over time, making
it a long-term optimization problem rather than an instanta-
neous one. In the following sections, we develop an effective
approach that integrates DRL and game theory to optimize
long-term system utility, while ensuring efficient and coordi-
nated resource scheduling among all participants.

IV. ALGORITHM DESIGN

Based on the aforementioned system model and opti-
mization problem formulation, we design an energy-efficient
resource scheduling algorithm for the UMEC system, named
UMEC Offloading and Utility-aware Resource Strategy
(UOURS). It’s mainly includes two parts: (1) resource schedul-
ing and matching strategy design, and (2) flight trajectory
optimization and optimization.

First, a bargaining-based resource scheduling and user-UAV
matching strategy is designed. In this phase, UAV locations are
fixed. Through a bargaining mechanism, resource allocation
is optimized to allow UAVs to efficiently assign computing
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tasks and enhance overall system performance by matching
users with appropriate UAVs. Subsequently, fixing the resource
allocation and matching strategy, the algorithm proceeds to
the flight trajectory optimization phase, which is based on
MAPPO. In this part, each UAV is treated as an agent that
leverages MAPPO to plan and optimize its trajectory. Specif-
ically, using a policy optimization method based on unsuper-
vised learning, agents adapt their flight paths during interaction
with the environment to maximize total system utility.

A. Resource Scheduling and Matching Strategy

At the beginning of each time slot, the algorithm calculates
the resource scheduling and matching strategy based on the
current positions of the UAVs.

1) Resource Scheduling: As described earlier, users pur-
chase computing resources from UAVs to offload tasks at a
certain cost, while UAVs earn revenue by providing computing
resources F and communication resources B, at the expense
of energy consumption. This process can be seen as a market-
like transaction: users act as buyers and UAVs act as sellers.
Thus, we adopt a bargaining mechanism to facilitate nego-
tiation between users and UAVs regarding the allocation of
on-demand computing and communication resources.

To analyze the curvature of U(t) with respect to bandwidth
allocation Bm,n(t), we compute the second derivative:

∂2U(t)
∂2B∗

m,n(t)
= (1− ωm) · cm(t)

Emax
m (t)

·
(
− 2

Bm,n(t)3

)

+ ωm ·
cm(t) ·

(
− 1

u2Bm,n(t)2 ·
cm(t)

Bm,n(t)2 −
2

uBm,n(t)3

)
log2 (1 + Tmax

m ) · ln 2
,

(37)

where u = Tmax
m − cm(t)

Bm,n(t) −
dm(t)

fm,n(t)2 and cm(t) =
dm(t)

log2

(
1+

ptrans
m (t)

P Lm,n(t)NG

) . Since the second derivative is negative,

U(t) is a concave function of Bm,n(t), implying the existence
of a maximum. Given fixed computation resource fm,n(t),
the optimal bandwidth allocation B∗

m,n(t), where the first
derivative is zero, is given by:

B∗
m,n(t) =

cm(t)

1 + Tmax
m − c2

m(t)

fm,n(t)−ωmEmax
m (t)
A

, (38)

where A = log(1 + Tmax
m ) ln 2(ωm − 1)cm(t).

To ensure feasibility, both user and UAV utilities must be
positive, i.e., Un

m(t) > 0 and Um
n (t) > 0. Solving these

inequalities yields the minimum and maximum bounds of
computation resources fm,n(t):

fmin
m,n (t) =

ωmdm(t)cm(t)

ωm(Tmax
m )− ωmT off

m,n(t)− (1− ωm) · Eoff
m,n(t)

Emax
m (t) · (Tmax

m )
,

(39)

fmax
m,n (t) =

ωnpnEmax
n (t)−

√
(ωnpnEmax

n (t))2 − 4AC

2A
,

(40)

where A = (1 − ωn)fmax
n pmaxφndm(t)cm(t) and C =(

Efly
n (t) + Etrans

n,n′(t)
)

.
The size of the computable resource interval is then

∆fm,n(t) = fmax
m,n (t) − fmin

m,n (t). The resource transaction
between user m and UAV n during the interval ∆fm,n(t) is
formulated as a bargaining game [38]. Clearly, both players
prefer to reach an agreement early, as their utilities are dis-
counted over time. A discount factor is introduced to describe
this time sensitivity. A smaller discount factor implies lower
patience and higher urgency.

The discount factors for user m and UAV n are defined as:

ϵm(t) = 1−
T edge

m,n (t)
Tmax

m (t)
, (41)

ϵn(t) = 1−
T exe

m,n(t)
Tmax

m (t)
. (42)

A longer task upload time results in lower ϵm(t) for the user,
indicating greater impatience. Similarly, longer execution time
yields lower ϵn(t) for the UAV. Additionally, a larger deadline
Tmax

m (t) indicates greater tolerance for delay, resulting in
higher discount factors for both.

The bargaining game yields a unique optimal allocation ratio
that reflects a fair distribution of resources between user m and
UAV n. Assuming the negotiation unfolds over a maximum
of Tb discrete rounds, with user m initiating the first offer,
the final allocation is determined through backward induction.
This method solves the game from the final round back to the
beginning, ensuring rational decision-making at each stage.
Two possible scenarios are considered depending on which
party makes the last proposal in round Tb: (1) if user m makes
the final offer, they gain an advantage in securing a more
favorable outcome; (2) if UAV n makes the final offer, the
bargaining power shifts in its favor. In both cases, backward
induction leads to a stable and efficient allocation strategy
acceptable to both sides.

When user m proposes an allocation ratio of (1, 0) in
round Tb, UAV n will make a proposal in round Tb − 1.
To prevent user m from rejecting this proposal, UAV n offers
an allocation ratio of (ϵm, 1 − ϵm) in round Tb − 1. In this
case, UAV n implies: if you reject this, you will only get ϵm in
the next round, making the user rationally accept the current
offer. Here, the computational resource allocated to user m by
UAV n equals what the user would receive in the next round
upon rejection. Thus, UAV n maximizes its own remaining
computational resource as 1− ϵm. Similarly, in round Tb− 2,
user m offers (1 − ϵn(1 − ϵm), ϵn(1 − ϵm)). The remaining
rounds follow the same pattern.

When Tb is even, the optimal resource share for user m in
the first round is:

rm∗
m (t) =ϵm(t) (1− ϵn(t) (1− ϵm(t)(· · · )))

=ϵm(t)− ϵm(t)ϵn(t) + ϵm(t)2ϵn(t)

− ϵm(t)2ϵn(t)2 − · · · − (ϵm(t))
Tb
2 −1 (ϵn(t))

Tb
2 −1

+ ϵm(t)
Tb
2 (ϵn(t))

Tb
2 −1
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=

Tb
2 −2∑
n=0

[ϵm(t) (1− ϵm(t)) (ϵm(t)ϵn(t))n]

+ ϵm(t)
Tb
2 (ϵn(t))

Tb
2 −1

=
ϵm(t) (1− ϵm(t))

(
1− (ϵm(t)ϵn(t))

Tb
2 −1

)
1− ϵm(t)ϵn(t)

+ ϵm(t)
Tb
2 (ϵn(t))

Tb
2 −1

. (43)

When Tb is odd, the optimal allocation share for user m
when UAV n makes the first proposal is:

rm∗
m (t) =1− ϵn(t) (1− ϵm(t)(· · · ))

=1− ϵn(t) + ϵm(t)ϵn(t)− ϵm(t)ϵn(t)2

+ ϵm(t)2ϵn(t)2 − · · · − (ϵm(t))
Tb−3

2 (ϵn(t))
Tb−1

2

+ ϵm(t)
Tb−1

2 (ϵn(t))
Tb−1

2

=

Tb−3
2∑

n=0

[(1− ϵm(t)) (ϵm(t)ϵn(t))n]

+ ϵm(t)
Tb−1

2 (ϵn(t))
Tb−1

2

=
(1− ϵm(t))

(
1− (ϵm(t)ϵn(t))

Tb−1
2

)
1− ϵm(t)ϵn(t)

+ ϵm(t)
Tb−1

2 (ϵn(t))
Tb−1

2 . (44)

Therefore, when user m makes the proposal in round Tb,
the optimal allocation ratio for user m in the first round is:

rm∗
m (t) =



ϵm(t) (1− ϵm(t))
(
1− (ϵm(t)ϵn(t))

Tb
2 −1

)
1− ϵm(t)ϵn(t)

+ (ϵm(t))
Tb
2 (ϵn(t))

Tb
2 −1

,

when Tb is even,

(1− ϵm(t))
(
1− (ϵm(t)ϵn(t))

Tb−1
2

)
1− ϵm(t)ϵn(t)

+ (ϵm(t))
Tb−1

2 (ϵn(t))
Tb−1

2 ,

when Tb is odd.

(45)

When UAV n makes a proposal of (0, 1) in round Tb, the
derivation is similar and omitted due to space limitations. The
optimal allocation ratio for user m in the first round is:

rn∗
m (t) =



(1− ϵn(t))
(
1− (ϵm(t)ϵn(t))

Tb
2

)
1− ϵm(t)ϵn(t)

,

when Tb is even,

ϵm(t) (1− ϵn(t))
(
1− ϵm(t)

Tb+1
2 ϵn(t)

Tb−1
2

)
1− ϵm(t)ϵn(t)

,

when Tb is odd.

(46)

Based on the optimal allocation ratio for user m, the
corresponding allocation for UAV n is:

rm∗
n (t) = 1− rm∗

m (t),
when user m makes the proposal in round Tb,

rn∗
n (t) = 1− rn∗

m (t),
when UAV n makes the proposal in round Tb.

(47)

Accordingly, when user m initiates the proposal, the optimal
computational resource requested by user m is:

fuser
m (t) = fmax

n (t)− rm∗
m (t)∆fm,n(t). (48)

The optimal amount of computational resource offered by
UAV n is:

fuav
n (t) = fmin

n (t) + rm∗
n (t)∆fm,n(t). (49)

Since ∆fm,n(t) = fmax
m,n (t) − fmin

m,n (t) and rm∗
n (t) =

1 − rm∗
m (t), we have fuser

m (t) = fuav
n (t). Therefore, the two

parties reach an agreement on the allocated computational
resource:

f∗m,n(t) = fuser
m (t) = fuav

n (t) = fmax
n (t)− rm∗

m (t)∆fm,n(t).

Similarly, if UAV n makes the proposal, the optimal allo-
cation is:

f∗m,n(t) = fmax
n (t)− rn∗

m (t)∆fm,n(t).

In conclusion, the optimal bandwidth and computational
resource allocations are:

B∗
m,n(t) =

cm(t)

1 + Tmax
m − c2

m(t)

fm,n(t)−ωmEmax
m (t)
A

, (50)

f∗m,n(t) =


fmax

n (t)− rm∗
m (t)∆fm,n(t),

if user m makes the proposal (a),

fmax
n (t)− rn∗

m (t)∆fm,n(t),
if UAV n makes the proposal (b).

(51)

Based on the optimal bandwidth allocation strategy B∗ =
{B∗

m,n(t),∀m ∈ M, n ∈ N , t ∈ T } and computational
resource allocation strategy F ∗ = {f∗m,n(t),∀m ∈ M, n ∈
N , t ∈ T }, the bargaining process between users and UAVs
over system utility is defined as Algorithm 1.

2) Matching Strategy: Based on the optimal resource allo-
cation strategy, we design a user-UAV matching strategy
using multi-party preference profiles to efficiently handle the
complexity between task demand and resource supply. This
enables users and UAVs to reach mutually beneficial com-
putation offloading decisions that satisfy QoE and improve
resource utilization. Let the set of users who have not yet
offloaded their tasks at time slot t be denoted as Mreq(t) =
{Mm(t) | m ∈M, t ∈ T }. A many-to-one matching mecha-
nism is used to determine the offloading strategy for all tasks
of edge nodes.

We define the current matching as a triplet
(P(t), Θ(t), Π(t)):
• P(t) = (Mreq(t),N ) denotes the set of pending offload-

ing tasks and the set of UMEC servers.
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Algorithm 1 Bargaining-Based Resource Scheduling
Strategy
Input: User m, UAV n.
Output: Optimal bandwidth resource B∗

m,n(t)
between user m and UAV n;
Optimal computational resource allocation

strategy f∗m,n(t).
1 Initialize Un

m(t) = 0, Um
n (t) = 0, f∗m,n(t) = fmax

n (t);
2 Initialize bandwidth resource B∗

m,n(t) using
Equation (50) and f∗m,n(t);

3 if User m makes the proposal then
4 Compute fuser∗

m,n (t) using Equation (51-a);
5 Calculate user utility Un

m(t) and UAV utility
Um

n (t) via Equations (28) and (29);
6 Compute total utility Uuser = Un

m(t) + Um
n (t);

7 end
8 if UAV n makes the proposal then
9 Compute fuav∗

m,n (t) using Equation (51-b);
10 Calculate user utility Un

m(t) and UAV utility
Um

n (t) via Equations (28) and (29);
11 Compute total utility Uuav = Un

m(t) + Um
n (t);

12 end
13 if Uuser > Uuav then
14 f∗m,n(t) = fuser∗

m,n (t);
15 end
16 else
17 f∗m,n(t) = fuav∗

m,n (t);
18 end
19 Compute the optimal bandwidth resource B∗

m,n(t)
using Equation (50).

• Θ(t) = (Θm(t), Θn(t)) includes the preference lists of
both tasks and UMEC servers. Each task Mm(t) ∈
Mreq(t) has a descending-ordered preference list over
UMEC servers: Θm(t) = {n | n ∈ N , n ≻Mm(t)

n′}, where ≻Mm(t) indicates that task Mm(t) prefers
n over n′. Similarly, each MEC server n ∈ N has
a descending-ordered preference list over tasks: Θn =
{Mm(t) ∈ Mreq(t),Mm(t) ≻n Mm′(t)}, where ≻n

indicates that UMEC server n prefers task Mm(t) over
Mm′(t).

• Π(t) ⊆Mreq(t)×N is the many-to-one matching result
between tasks and UMEC servers. Each task Mm(t) ∈
Mreq(t) can be matched with at most one UMEC server,
i.e., Πm(t) ∈ N , while each MEC server n ∈ N may
serve multiple tasks, i.e., Πn(t) ⊆Mreq(t).

3) Construction of the Preference List: The construction
process of the preference list Θ(t) is as follows:
• Predict Resource Allocation: Based on the resource

scheduling strategy in Algorithm 1, predict the optimal
bandwidth resource B∗

m,n(t) and optimal computational
resource allocation f∗m,n(t) that UAV n would allocate to
user m.

• Calculate Task Preferences for UMEC Servers: For
each user m ∈ Mreq(t), compute its preference value
toward each UMEC server n ∈ N as PVm(n) = Un

m(t),

where Un
m(t) is the utility gained by user m when

offloading the task to UAV n.
• Construct User Preference Lists: Sort the UMEC

servers in descending order based on PVm(n) to form
user m’s preference list Θm(t).

• Calculate UMEC Server Preferences for Tasks: For
each UMEC server n ∈ N , compute its preference value
toward each task m ∈ Mreq(t) as PVn(m) = Um

n (t),
where Um

n (t) is the utility of UAV n when processing
task m.

• Construct UMEC Server Preference Lists: Sort tasks
in descending order based on PVn(m) to form the UMEC
server n’s preference list Θn(t).

4) Matching Construction Process: The matching process
is as follows:
• Initialize Rejection Set: All tasks are initially placed

into the rejection set Mrej(t) =Mreq(t).
• Select Most Preferred Server: For each task m ∈
Mrej , select the top-ranked server n = Θm(t)[0] from
its preference list and temporarily add it to the task’s
matching list Πm(t).

• Update Server Matching List: If task m prefers server
n, temporarily add m to server n’s matching list Πn(t).

• Update Matching List Based on Resource Constraints:
Server n updates its matching list Πn(t) by keeping
the top bn preferred tasks, where bn is the number of
currently available CPU cores. The update follows these
rules:

– If the number of tasks in Πn(t) does not exceed bn,
and the total allocated computational resources do
not exceed fmax

n , then keep all matched tasks.
– Otherwise, remove the less preferred tasks and place

them into a removal set Dn.
• Add Removed Tasks to Rejection Set: Add all removed

tasks Dn into the rejection set Mrej(t).
• Update Preferences and Matchings for Removed

Tasks: For each task m ∈ Dn, remove server n from its
preference list Θm(t) and update its matching list Πm(t)
accordingly.

• Repeat Matching Process: Repeat the above steps for
tasks inMrej(t) until all tasks are matched with a server,
or have been rejected by all servers, in which case the
task is executed locally.

Through the above matching mechanism, each task can
select the most suitable offloading target according to its
own preference and the UMEC servers’ preferences under
resource constraints. The final matching result is denoted by
Π∗(t), which is then transformed into the offloading decision
X∗ = {x∗m,n(t),∀m ∈ M, n ∈ N †, t ∈ T }, based on the
following rule:

x∗m,n(t) =


1 if Πm(t) = ∅ and n = 0,

1 if Πm(t) = n and n ̸= 0,

0 otherwise.
(52)

Thus, the optimal offloading decision X∗ is obtained.
Algorithm 2 outlines the key steps involved in the matching
process.
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Algorithm 2 Many-to-One Matching Mechanism
Input: Pending task setMreq(t), UMEC server set N .
Output: Optimal offloading decision X∗, resource

allocation B∗ and F ∗.
1 Initialization: Mrej(t) =Mreq(t), Π(t) = ∅
2 for each task m ∈Mreq(t) do
3 for each UMEC server n ∈ N do
4 Predict resource allocation B∗

m,n(t) and
f∗m,n(t) based on Algorithm 1;

5 Compute the task’s preference value toward
UMEC server n: PVm(n) = Un

m(t);
6 Compute UMEC server n’s preference value

toward task m: PVn(m) = Um
n (t);

7 PVm(n) > PVm(n′) ⇐⇒ n ≻Mm(t) n′, thus
Θm(t) = {n, n′};

8 PVn(m) > PVn(m′) ⇐⇒ m ≻n m′, thus
Θn(t) = {m, m′};

9 end
10 end
11 while there exists Mm(t) ∈Mrej(t) such that

Θm(t) ̸= ∅ and Mm(t) /∈ Θn(t) do
12 for each m ∈Mrej(t) do
13 Select the most preferred UMEC server

n = Θm(t)[0];
14 if PVn(m) > 0 then
15 Temporarily add task m to UMEC server

n’s matching list Πn(t);
16 end
17 end
18 for each UMEC server n ∈ N that received new

tasks do
19 if number of tasks in Πn(t) exceeds bn or total

resources exceed fmax
n then

20 Keep the top bn preferred tasks and remove
the rest Dn;

21 Add removed tasks Dn to the rejection set
Mrej(t);

22 for each task m ∈ Dn do
23 Update task m’s preference list Θm(t)

by removing server n;
24 Update task m’s matching list Πm(t);
25 end
26 end
27 end
28 end
29 Convert the final optimal matching list Π∗(t) into the

optimal offloading decision X∗ based on
Equation (52).

B. Flight Trajectory Optimization

Given known resource allocation and matching strategies,
the next step is to compute the optimal flight trajectory.
This trajectory optimization is first modeled as a Partially
Observable Markov Decision Process (POMDP), and then
addressed using the MAPPO framework.

1) POMDP Formulation: In a UMEC system, each UAV
is modeled as an agent with limited sensing capabilities and
only local observation of the dynamic environment. Therefore,
the problem is characterized as a POMDP, defined by the
tuple < U ,S,O,A,P,R, γ >, where γ ∈ [0, 1) repre-
sents the discount factor. The other parameters are detailed
below:

a) Multiple agents: : Each UAV, represented as an agent
in the set U = {1, 2, . . . , U}, seeks to maximize the overall
system utility by training an optimal flight path scheme based
on the current state.

b) State and observation space: : The state S of the
UMEC system is constructed from the individual observations
O made by each UAV agent. As UAVs have access only
to their own local environments, the observation for UAV
n is defined as on = rn(t) = [xn(t), yn(t), zn(t)]T ∈ O,
representing its current 3D position. Consequently, the
global state space is given by S = {o1, . . . , oN} ={

[x1(t), y1(t), z1(t)]
T

, . . . , [xN(t), yN(t), zN(t)]T
}

.
c) Action: : To optimize the UAV trajectory, the action

of UAV n at time slot t is defined as an(t) = {∆rn(t)} ∈ A,
where ∆rn(t) = ∥rn(t + 1) − rn(t)∥ indicates the UAV’s
position change at time t.

d) Transition Probability: : P(on(t + 1)|on(t), an(t))
denotes the probability of agent n transitioning from state
on(t) to on(t + 1) at time slot t given action an(t).

e) Reward function R: As the aim of this paper is
to maximize total system utility through UAV trajectory
optimization, the reward function should be positively cor-
related with this objective. Given the cooperative strategy
among UAVs, a shared reward function is used for all
agents:

R =

{
U(t), if all constraints are satisfied,

U(t)− Pn, otherwise.
(53)

A positive reward encourages the agents to maximize sys-
tem utility when constraints are met. When any constraint
is violated—such as energy limits of UAVs or users, task
delay violations, out-of-bound flights, or collisions—a penalty
term Pn is imposed to discourage unsafe or undesirable
behavior.

2) MAPPO Framework: MAPPO is an extension of PPO
under the Centralized Training with Decentralized Execution
(CTDE) paradigm. It optimizes a shared global value function
while allowing independent policy execution by each agent.
MAPPO provides a distributed learning perspective for intelli-
gent resource allocation and task offloading in UMEC systems,
especially under partial observability. The framework includes
N agents, each UAV running PPO with its own policy and
value networks.

As illustrated in Fig. 2, each agent operates in two phases:
(1) centralized training and (2) decentralized execution. The
components are defined as follows:
• Policy Network:

– Input: Local observation on of agent n.
– Output: Action probability distribution

πθn(an | on).
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Fig. 2. MAPPO framework in UMEC system.

• Value Network:
– Input: Global state st (i.e., joint observation

o1t, o2t, . . . , oNt).
– Output: State value estimate Vϕ(st).

To prevent overly large policy updates, the surrogate objec-
tive function is clipped:

LCLIP
n (θn) =Et

[
min

(
rn,t(θn)An(st,at),

clip (rn,t(θn), 1− ϵ, 1 + ϵ) An(st,at)
)]

, (54)

rn,t(θn) =
πθn

(an,t | on,t)
πθold,n

(an,t | on,t)
, (55)

where rn,t(θn) is the importance sampling ratio between
new and old policies. The joint action is defined as at =
(a1,t, . . . , aN,t). The advantage function An(st,at) is esti-
mated using the Generalized Advantage Estimator (GAE):

An(st,at) =
T−t∑
l=0

(γλ)lδt+l
n (56)

The Temporal Difference (TD) error δt+l
n is computed as:

δt+l
n = rt

n + γVϕ(st+1)− Vϕ(st).

a) Value Function Loss: The value network is optimized
by minimizing the mean squared error between estimated and
actual returns:

LValue(ϕ) = Et

[
(Vϕ(st)−Rt)

2
]
, (57)

where Rt =
∑T−t

k=0 γkrt+k is the cumulative discounted
return.

3) Training Procedure:
• Data Collection: All agents interact with the environment

using their current policies, storing the trajectory data:

{(st, o1,t, a1,t, . . . , oN,t, aN,t, rt)} , (58)

• Advantage Estimation: Estimate advantage At using
Equation (56).

• Policy Update: For each agent n, update policy param-
eters θn as:

θnew,n = arg max
θn

LCLIP
n (θn), (59)

using gradient ascent:

θn ← θn + αactor∇θnLCLIP
n (θn), (60)

where αactor is the learning rate for the actor network.
• Value Update: The global value network parameters ϕ

are updated by:

ϕnew = arg min
ϕ

LValue(ϕ), (61)

using gradient descent:

ϕ← ϕ− αcritic∇ϕLValue(ϕ), (62)

where αcritic is the learning rate for the critic network.

C. Overall Procedure of UOURS

By integrating the designed resource scheduling and match-
ing strategy with the UAV flight trajectory optimization
strategy, this section presents the complete workflow of the
UOURS algorithm, as illustrated in Algorithm 4. The UOURS
algorithm first utilizes the MAPPO-based UAV trajectory
design approach outlined in Algorithm 3, and stores the
optimized policy network parameters for UAV flight.

Then, the environment parameters are initialized. At each
time slot, each UAV determines its flight trajectory based on
the currently observed local state and the learned optimal
flight policy. Furthermore, using the many-to-one matching
mechanism from Algorithm 2, the optimal offloading decision
X∗, along with the corresponding resource allocations B∗

and F ∗ for that time slot, are determined.
Based on the UOURS algorithm, efficient and coordinated

scheduling of network resources in the UMEC system can be
achieved, thereby maximizing the overall energy efficiency of
the system.

V. SIMULATION RESULTS AND ANALYSIS

This subsection presents numerical simulation experiments
to validate the effectiveness of the UOURS algorithm proposed
in this chapter. First, we introduce the simulation environment
of the UMEC system and the settings of algorithmic param-
eters. Then, the performance of UOURS is compared with
baseline algorithms in terms of system utility and convergence
behavior.

A. Experimental Settings

Table I details the parameters associated with the UMEC
model. These parameters were selected based on prior works,
particularly [39] and [40].
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Algorithm 3 UAV Trajectory Optimization Algorithm
Based on MAPPO

Input: Environment parameters: number of users M , UAVs
N , initial environment state s0;

Training parameters: learning rates αactor, αcritic, discount
factor γ, GAE parameter λ, clipping threshold ϵ, number of
training iterations K.
Output: Optimized policy network parameters {θ∗1 , . . . , θ∗N}

and value network parameters ϕ∗.
1 Initialize policy network parameters {θ1, . . . , θN} and value

network parameters ϕ;
2 for k = 1toK do
3 Reset the environment and obtain initial global state s0;
4 for t = 1toT do
5 for n = 1toN do
6 Sample action an,t ∼ πθn(· | on,t);
7 end
8 Execute joint action at = (a1,t, . . . , aN,t);
9 Compute optimal matching list Π∗(t) and resource

allocations B∗
m,n(t) and f∗m,n(t) using

Algorithm 2;
10 Execute actions and observe reward rt and next state

st+1;
11 Store trajectory

(
st, {on,t, an,t}N

n=1, rt

)
;

12 end
13 for t = 1toT do
14 Compute advantage At =

∑T−t
l=0 (γλ)lδt+l using

Equation (56);
15 end
16 for n = 1toN do
17 Compute importance sampling ratio using

Equation (55);
18 Compute clipped surrogate objective using

Equation (54);
19 Update policy network parameters using

Equation (59);
20 end
21 Compute value loss using Equation (57);
22 Update value network parameters using Equation (61);
23 end

1) Baseline Algorithms: The baseline algorithms include
the MAAC algorithm (multi-agent actor-critic) from [41], and
the single-agent PPO algorithm from [42]. We choose these
two methods because they are representative in multi-agent
and single-agent reinforcement learning, respectively, and are
widely used in UAV and edge computing scenarios. MAAC
applies centralized training with access to global information
but may suffer from high training complexity and sensitivity
to the number of agents. PPO, as a single-agent method
aggregating the states and actions of all UAVs, tends to strug-
gle with high dimensionality and poor convergence stability.
Including both algorithms allows for a comprehensive compar-
ison between centralized multi-agent learning and aggregated
single-agent learning approaches.

B. Result Analysis

Figure 3 shows the training reward curve for the rein-
forcement learning component of the UOURS algorithm,
demonstrating convergence performance. In the early training
stage (0–280 episodes), the reward fluctuates significantly
due to exploration. After 280 episodes, the reward increases

Algorithm 4 UOURS Algorithm
Input: Environment parameters and training parameters.
Output: Optimal UAV trajectories R∗, optimal offloading

decision X∗, and resource allocations B∗ and F ∗.
1 Compute the converged policy network parameters
{θ∗1 , . . . , θ∗N} using Algorithm 3;

2 Reset the environment and obtain the initial global state s0;
3 for t = 1toT do
4 for n = 1toN do
5 Sample action an,t ∼ πθ∗n(· | on,t);
6 end
7 Compute the optimal offloading decision X∗ and

resource allocations B∗ and F ∗ using Algorithm 2;
8 Execute the actions and observe the overall system

utility U(t) and the next state st+1;
9 end

TABLE I
MAIN SIMULATION PARAMETERS

Fig. 3. Convergence performance of the UOURS algorithm in the UMEC
system.

sharply from around 0 to approximately 1250. In the later
stage (300–500 episodes), the reward stabilizes around 1000,
indicating good convergence and training stability.
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Fig. 4. UAV flight trajectories in the UMEC scenario.

Fig. 5. Utility comparison under different numbers of users.

Fig. 6. Utility comparison under different numbers of UAVs.

Figures 4a and 4b show the 3D and 2D UAV flight trajec-
tories under UOURS. The UAVs operate within a 50m× 50m
square area with altitude constraints of 10–20m. Black dots
represent users, while red, blue, green, and yellow represent
four UAVs. Crosses indicate UAV trajectories, circles mark
start points, and triangles denote end points. From Figure 4a,
we observe purposeful UAV movement towards users with
reasonable paths. Figure 4b shows UAVs hovering over user-

concentrated areas, reducing task transmission and inter-UAV
transfer energy consumption, thereby enhancing system utility
and service quality.

Figure 5 compares the utilities of three algorithms under
varying numbers of users. Figure 5a shows user utility increas-
ing with user numbers up to 15, due to sufficient MEC
resources. Beyond 15 users, utility stabilizes due to resource
saturation and matching limitations. Figure 5b shows UAV
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Fig. 7. User utility and UAV utility under different utility allocation weights.

utility following a similar trend. Figure 5c presents total utility
(user + UAV). UOURS consistently outperforms, with up to
7.4% improvement over MAAC and 41.7% over PPO.

Figure 6 compares the utilities with varying numbers of
UAVs. Figure 6a shows user utility improving with more
UAVs up to 23, then stabilizing. Figure 6b shows UAV utility
peaking and then declining due to idle UAVs consuming
energy without task assignments. Figure 6c confirms that
UOURS remains superior under different UAV counts, while
MAAC and PPO degrade due to increased agent complexity
and dimensionality.

Figure 7 shows the user utility and UAV utility under
different utility allocation weights ωut. As ωut increases
from 0 to 1, the system utility gradually shifts from prioritizing
UAV utility to emphasizing user utility. It can be observed
that the average UAV utility decreases from approximately
1150 to around 800, while the average user utility increases
from about 280 to around 350. This indicates that ωut serves as
a trade-off factor between user and UAV utility. By adjusting
ωut, the system can flexibly optimize the strategy according to
practical requirements, such as service quality demands, user
battery capacity, or UAV endurance, in order to achieve an
optimal utility balance.

The superior performance of UOURS can be attributed to
its ability to jointly optimize resource allocation and trajectory
design in a multi-agent framework, which enhances scalability
and stability. In contrast, MAAC suffers from high training
complexity and instability as the number of UAVs increases,
while PPO struggles with scalability and convergence due to
its single-agent aggregation scheme. These limitations become
particularly evident in scenarios with a larger UAV population,
dynamic task arrivals, and heterogeneous resource demands,
where UOURS consistently achieves higher system utility.

VI. CONCLUSION

This paper focuses on the optimization of system utility in
an energy-constrained UAV-assisted UMEC system. First, user
and UAV utility are defined, and utility models are constructed
from the perspectives of user task processing efficiency,
delay satisfaction, and UAV energy consumption and rev-
enue. On this basis, an optimization-based resource scheduling
algorithm called UOURS, which integrates MAPPO and a
bargaining mechanism, is proposed. By simultaneously opti-
mizing UAV flight paths, computation mode, bandwidth and

computational resource management, the algorithm achieves
the maximization of total system utility. Experimental eval-
uations demonstrate that UOURS outperforms the baseline
algorithms, achieving improvements of up to 7.4% in system
utility. Notably, it maintains high utility and stability even
when the number of users increases and system resources
become more constrained. This research provides an effective
solution for utility optimization in UAV-assisted edge com-
puting networks and holds significant theoretical and practical
value.

In future work, we will incorporate realistic UAV constraints
such as hardware limitations and flight regulations into the
model. We will also explore larger-scale scenarios and uncer-
tain network conditions to further validate the framework.
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