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Enhancing User Fairness in UAV-Assisted RSMA Networks
: A Proximal Policy Optimization Approach
Donghyeon Hur, Donghyun Lee, Manh Cuong Ho, Wonjong Noh, Sungrae Cho

• A UAV-assisted RSMA system is proposed to enhance user fairness in 6G networks.
• The optimization jointly considers UAV trajectory, precoding, and common rate allocation.
• The nonconvex problem is formulated as a Markov decision process and solved via PPO.
• Simulation results show that the proposed approach provides 23.31%, 48.59%, 50.87%, 63.36%, 79.13%, and 145.67%

enhanced minimum rates over DDPG, SAC, TRPO, REINFORCE algorithm, Greedy algorithm, and Random
strategies, respectively.
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A B S T R A C T
Rate-splitting multiple access (RSMA) and unmanned aerial vehicles (UAVs) are emerging as
key technologies for enhancing connectivity and resource efficiency in future 6G networks. This
study investigated a UAV-assisted RSMA downlink communication system and developed a novel
framework that jointly optimizes the UAV’s trajectory, precoding matrix, and common rate to
maximize the minimum achievable user rate. The proposed system was formulated as a Markov
decision process (MDP) and solved using deep reinforcement learning (DRL), specifically using
the proximal policy optimization (PPO) algorithm. This learning-based approach enables UAVs to
adapt dynamically to the environment without relying on prior channel state information (CSI),
allowing for efficient resource allocation and interference management in complex and dynamic
wireless scenarios. Furthermore, a precoding design based on a uniform rectangular array (URA)
was employed to enhance directional transmission and spatial multiplexing. In simulations, the
proposed method significantly outperformed existing benchmarks, achieving an average minimum rate
improvement of 23.31% over Deep Deterministic Policy Gradient (DDPG), 48.59% over Soft Actor-
Critic (SAC), 50.87% over Trust Region Policy Optimization (TRPO), 63.36% over REINFORCE
algorithm, 79.13% over Greedy algorithm, and 145.67% over Random strategies, respectively. These
results confirm the potential of UAV-aided RSMA networks in next-generation wireless environments.

1. Introduction
UAV-enabled wireless networks have been actively in-

vestigated owing to their potential for improving quality
of service (QoS) in diverse use cases, ranging from emer-
gency response and smart agriculture to military surveil-
lance and temporary event coverage. Their high mobility
allows them to adapt to user distributions, minimize com-
munication distances, and circumvent obstacles that de-
grade signal quality[1, 2]. Additionally, UAVs can operate in
three-dimensional space, enabling agile repositioning in real
time to satisfy user-centric or network-wide performance
objectives [3, 4]. However, the inherent dynamics of UAV
platforms introduce new challenges to resource allocation,
interference management, and spectrum efficiency in multi-
user communication settings.

Advanced multiple-access (MA) techniques are required
to address these issues. Spatial division MA (SDMA) lever-
ages spatial separation through precoding to enable simul-
taneous transmission to multiple users. However, its effec-
tiveness is limited in interference-heavy or high-mobility en-
vironments where residual inter-user interference is treated
as noise. Non-orthogonal MA (NOMA) improves spectral
efficiency by overlapping users in the power domain. How-
ever, it places heavy computational burden on receivers
owing to successive interference cancellation (SIC), and its
performance degrades significantly under imperfect channel
state information (CSI) [5, 6]. Recently, rate-splitting MA
(RSMA) was introduced as a more generalized and robust
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framework encompassing SDMA and NOMA as special
cases [7]. By splitting messages into common parts for all
users and private parts for individual users, RSMA enables
flexible interference management. Users can decode part
of the interference and treat the rest as noise, leading to
enhanced robustness against CSI uncertainty and improved
user fairness [8]. A comprehensive survey of the funda-
mentals and evolution of RSMA, including its theoretical
foundation and practical deployments across various wire-
less scenarios, can be found in [9]. This survey highlighted
RSMA’s versatility in addressing challenges such as user
heterogeneity, imperfect CSI, and dynamic channel condi-
tions. These features make RSMA particularly attractive
for UAV-based communication networks, wherein channel
variations and user mobility are inherent. Several studies
have demonstrated the efficacy of RSMA in UAV-assisted
downlink communication in terms of throughput and energy
efficiency [10, 11, 12, 13].

However, the following requirements must be met for
RSMA to achieve its full potential in such networks: 1) Real-
time and accurate control of RSMA-UAV systems: Conven-
tional methods often require perfect channel knowledge and
are not well-suited to online adaptation in dynamic network
environments. To overcome these limitations, recent efforts
have turned toward deep reinforcement learning (DRL),
which has shown promise in solving high-dimensional and
sequential decision-making problems without the explicit
modeling of system dynamics. 2) Advanced precoding de-
signs that go beyond conventional uniform linear arrays
(ULAs): Uniform rectangular arrays (URAs) offer improved
spatial selectivity in both the azimuth and elevation planes,
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enabling 3D directional precoding that is essential for air-
borne platforms with high degrees of maneuverability. No-
tably, URA-equipped UAVs can effectively suppress inter-
user interference while targeting ground users more pre-
cisely [14].

This study investigated the DRL-based real-time joint
control of RSMA and UAV with URA, aiming at optimal
user fairness.
1.1. Related Works

Recent studies have focused on fairness-oriented RSMA
transmission strategies. For example, Dizdar et al. [15]
proposed a low-complexity algorithm with iterative pre-
coder design that achieves maximum fairness in overloaded
MIMO systems, particularly when the number of users
exceeds the number of transmitting antennas. Their method
effectively balances complexity and performance by avoid-
ing heavy convex optimization. Similarly, Lee and Shin [16]
investigated fairness-aware precoding under imperfect CSI,
with robust precoder design based on bounded CSI error
models. Xu et al. [17] extended the analysis to short-packet
transmission scenarios using finite blocklength theory, high-
lighting the importance of fairness in low-latency RSMA
systems. However, these studies mainly focused on quasi-
static or low-mobility environments with limited dynamics.

Previously, UAVs have been investigated because of
their flexibility, LoS capability, and capability for rapid
deployment in wireless systems [1, 2]. Applying RSMA
to UAV-assisted networks improves throughput and energy
efficiency through the efficient handling of interference in
mobile scenarios. For example, Jaafar et al. [12] conducted
an analytical study on the downlink rate performance in
RSMA-based UAV systems, demonstrating its superiority
over NOMA and OMA under Rician fading. Xiao et al. [18]
proposed a traffic-aware, energy-efficient RSMA resource
allocation algorithm using successive convex approximation
(SCA), balancing latency and energy consumption. Feng et
al. [19] jointly optimized the UAV trajectory and RSMA
resource allocation using an alternating optimization algo-
rithm that separates the spatial and physical layers. Although
effective, these approaches rely on convex or heuristic opti-
mization methods that can be computationally expensive and
less responsive to real-time or high-mobility environments.

On the other hand, online learning algorithms suffer
from slow convergence due to their reliance on real-time
feedback and gradual policy updates. This limitation makes
them unsuitable for dynamic wireless networks [20]. Addi-
tionally, Game-theoretic methods require accurate modeling
of user utilities and rely on equilibrium computations. These
processes are computationally expensive and assume full
knowledge of the environment. Such assumptions do not
hold in UAV-based scenarios [21]. To address these limita-
tions, DRL has emerged as a scalable alternative to adaptive
UAV communication control. Guan et al. [22] developed a
multiagent PPO framework for cooperative UAV trajectory
optimization in emergency scenarios, enabling UAVs to
adaptively serve ground users without centralized control.

Zhan et al. [23] introduced an enhanced PPO-based algo-
rithm for the distributed control of multiple UAVs using a ray
framework, achieving improved scalability and performance
in coordinated UAV missions. However, these studies largely
treated trajectory planning as an isolated control problem,
and did not consider the joint optimization of the trajectory
with RSMA-related variables such as precoding and com-
mon rate allocation.

Another underexplored aspect is the use of advanced
antenna structures in UAV-RSMA systems. Most previous
studies considered ULAs, which limit the beam control to
a single spatial domain. By contrast, URA supports high-
resolution 3D precoding in both the azimuth and elevation
dimensions [24]. This capability is critical in UAV platforms
that operate in three-dimensional space and require precise
directional control for efficient service coverage.
1.2. Motivations and Contributions

Despite the extensive work on RSMA-UAV systems, to
the best of the authors’ knowledge, this is the first study in-
tegrating UAV mobility control, RSMA transmission, URA-
based precoding, and PPO-based optimization simultane-
ously into a unified end-to-end learning framework. The
contributions of this study are summarized as follows:

• This study proposes a nonconvex optimization ap-
proach that maximizes the minimum achievable rate
of users by jointly optimizing the precoding matrix,
common rate allocation, and UAV trajectories.

• To effectively address the nonconvex problem, it was
reformulated as a Markov decision process (MDP)
problem and solved using PPO-based DRL. This ap-
proach enables the UAV to dynamically adapt to the
environment without relying on prior CSI, allowing
for efficient resource allocation and interference man-
agement in complex and dynamic wireless scenarios.

• Simulations confirmed that the proposed method out-
performed existing DRL methods such as DDPG,
SAC, and random methods. Particularly, the proposed
approach improved the minimum user rate by up
to 23.31%, 48.59%, 50.87%, 63.36%, 79.13%, and
145.67% over the Deep Deterministic Policy Gradient
(DDPG), Soft Actor-Critic (SAC), Trust Region Pol-
icy Optimization (TRPO), REINFORCE algorithm,
Greedy algorithm, and Random baseline strategies,
respectively, achieving significant gains in both fair-
ness and adaptability in UAV-based RSMA scenarios.

The rest of this paper is organized as follows: Section 2
describes the system model and problem formulation. In
Section 3, the proposed PPO-based optimization approach is
introduced. Section 4 presents the simulation results. Finally,
Section 5 presents the conclusions drawn from this study.

2. System Model and Problem Formulation
This study considered a scenario wherein a UAV equipped

with 𝑈 antennas flies above 𝑁 stationary ground users,
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Figure 1: Unmanned aerial vehicle (UAV)-assisted rate-
splitting multiple access (RSMA) downlink transmission sys-
tem in which aerial base station serves 𝑁 ground users while
in motion.

as shown in Fig. 1. The UAV is assumed to have prior
knowledge of user positions during each time slot. Com-
munication occurs through an air-to-ground channel, where
𝑛 = 0 represents the UAV, and 𝑛 ∈ [1, 𝑁] denotes ground
users. Time is divided into discrete slots 𝑡, where𝑚 indicates
the movement duration. The UAV’s direction is represented
by angle 𝜑𝑛(𝑡) ∈ [0, 2𝜋], and its speed is given by 𝑉𝑛(𝑡) ∈
[0, 𝑉max]. After moving for 𝑚 s, the UAV hovers to serve
users for |𝑡 − 𝑚| s.
2.1. Channel Model

Unlike terrestrial communication, UAV communication
is significantly influenced by the altitude and elevation an-
gles in the air-to-ground channel. Therefore, the Rician
fading model has been applied to systems that are suitable
for aerial base stations and provide a strong LoS [25]. The
channel between the UAV and user 𝑛 was modeled using a
block-fading Rician channel, as follows [26]:

𝐡𝑛 = 𝐿𝑛

(

√

𝑛∗
𝑛∗ + 1

𝐡𝐿𝑂𝑆𝑛 +
√

1
𝑛∗ + 1

𝐡𝑁𝐿𝑂𝑆𝑛

)

, (1)

where 𝐿𝑛 denotes the large-scale path loss, 𝑛* is the Rician
factor, and 𝐡NLOS

𝑛 follows the distribution  (0, 1). A small
urban environment was considered to allow the use of the
Hata model, which was used as a large-scale fading model
and is defined as follows: [27]:

𝐿𝑢𝑛 = 69.55 + 26.16 log10 𝑓 (2)
+
[

44.9 − 6.55 log10 ℎ𝑏
]

log10 𝑑
− 13.82 log10 ℎ𝑏 − 𝐶𝐻 ,

𝐶𝐻 =(1.1 log10 𝑓 − 0.7)ℎ𝑀 + 0.8 − 1.56 log10 𝑓, (3)
where 𝐶𝐻 , ℎ𝑏, ℎ𝑀 , 𝑓 , and 𝑑 denote the antenna height
correction factor, base station antenna height, mobile station

antenna height, transmission frequency, and distance be-
tween the base station and user, respectively. 𝐡LOS

𝑛 is defined
as follows [24]:

𝐡LOS
𝑛 = 𝐚𝑛(𝜓𝑒𝑛 , 𝜓

𝑎
𝑛 ) = vec

(

𝐚𝑈1
(𝜌)𝐚𝑇𝑈2

(𝜁 )
)

, (4)

where 𝐚𝑛(⋅) ∈ ℂ𝑈×1 represents the steering array, 𝜓𝑒𝑛 is the
elevation angle, and 𝜓𝑎𝑛 is the azimuth angle. Additionally,
vec(⋅) maps the 𝑈1 × 𝑈2 matrix; 𝐚𝑈1

(𝜌) and 𝐚𝑈2
(𝜁 ) are

calculated as follows:
𝐚𝑈1

(𝜌) =
[

1, 𝑒𝑗𝜌,… , 𝑒(𝑈1−1)𝑗𝜌
]𝑇 , (5)

𝐚𝑈2
(𝜁 ) =

[

1, 𝑒𝑗𝜁 ,… , 𝑒(𝑈2−1)𝑗𝜁
]𝑇 , (6)

where
𝜌 = 2𝜋

𝜆
𝑑𝑈1

cos𝜓𝑎𝑛 sin𝜓
𝑒
𝑛 = 2𝜋

𝜆
𝑑𝑈1

𝑥0 − 𝑥𝑛
𝑑0,𝑛

, (7)

𝜁 = 2𝜋
𝜆
𝑑𝑈2

sin𝜓𝑎𝑛 sin𝜓
𝑒
𝑛 = 2𝜋

𝜆
𝑑𝑈2

𝑦0 − 𝑦𝑛
𝑑0,𝑛

, (8)

where 𝜆 denotes the wavelength, and 𝑑𝑈1
and 𝑑𝑈2

rep-
resent the distances between two consecutive vertical and
horizontal antennas, respectively. The parameters 𝜌 and 𝜁
represent the vector from the elevation and azimuth angles,
respectively. The distance between the UAV, which serves as
an aerial base station, and the 𝑛-th user is denoted by 𝑑0,𝑛.The subsequent locations of the UAV are denoted by 𝑥𝑛 and
𝑦𝑛.
2.2. One-layer RSMA Model

In this study, a one-layer RSMA was used, and the
detailed design of RSMA is as follows. Messages intended
for users are divided into common and private components.
The common message shared among all 𝑛 users is embedded
into the common stream 𝑠0, whereas the private message for
IoT device 𝑛 is represented as {𝑠𝑛}. The stream vector 𝐬 and
precoding matrix 𝐏 are defined as follows:

𝐬 =
[

𝑠𝑐 , 𝑠𝑝1,… , 𝑠𝑝𝑁
]𝑇 ∈ ℂ(𝑁+1)×1, (9)

𝐏 =
[

𝐩𝑐 ,𝐩𝑝1,… ,𝐩𝑝𝑁
]

∈ ℂ𝑈×(𝑁+1), (10)
The transmitted signal is expressed as follows:

𝐱 = 𝐩𝑐𝑠𝑐 +
∑

𝑛∈
𝐩𝑝𝑛𝑠

𝑝
𝑛. (11)

Then, the signal received by the 𝑛th user is defined as
follows:

𝑦𝑘 = 𝐡𝐻𝑛 𝐩𝑐𝑠𝑐 +
∑

𝑗∈
𝐡𝐻𝑗 𝐩𝑝𝑗𝑠

𝑝
𝑗 + 𝑛𝑛, (12)

where additive white Gaussian noise 𝑛𝑛 follows the distri-
bution  (0, 𝜎2). The UAV’s transmit power is subject to
the constraint shown in the figure above, considering real-
world conditions ∑

𝑛∈ ‖𝐩𝑛‖2 ≤ 𝑃𝑡, where 𝑃𝑡 represents
the maximum allowable transmission power. The receiver
initially treats all private streams as interference to decode
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the common stream. Subsequently, user 𝑛 decodes its private
stream while treating the remaining private streams as noise.
Finally, each user combines the decoded common and pri-
vate messages. The signal-to-interference-plus-noise ratios
(SINRs) are as follows:

𝛾𝑐𝑛 =
|

|

𝐡𝐻𝑛 𝐩𝑐|
|

2

∑

𝑗∈
|

|

|

𝐡𝐻𝑗 𝐩𝑝𝑗
|

|

|

2
+ 𝜎2

, (13)

𝛾𝑝𝑛 =
|

|

𝐡𝐻𝑛 𝐩𝑝𝑛||
2

∑

𝑗∈ ,𝑗≠𝑛
|

|

|

𝐡𝐻𝑛 𝐩𝑝𝑗
|

|

|

2
+ 𝜎2

, (14)

where 𝛾𝑐𝑛 and 𝛾𝑝𝑛 denote the SINRs for user 𝑛 associated
with the common and private messages, respectively. The
achievable rates are as follows:

𝑅𝑐𝑛 = log2(1 + 𝛾𝑐𝑛 ), (15)
𝑅𝑝𝑛 = log2(1 + 𝛾𝑝𝑛 ), (16)

where𝑅𝑐𝑛 and𝑅𝑝𝑛 denote the achievable rates for user 𝑛 asso-
ciated with the common and private messages, respectively.

A common message should be decoded by all users;
therefore, it should be sent at the following rate:

𝑅𝑐 = min(𝑅𝑐1,… , 𝑅𝑐𝑁 ), (17)
which is referred to as the common rate 𝑅𝑐 . Here, 𝑅𝑐 can
be further divided among users through a common rate-
allocation vector 𝐜 = [𝐶1, 𝐶2,… , 𝐶𝑁 ], where 𝐶𝑛 represents
the portion of the common message rate assigned to user 𝑛
that satisfies the following expression:

∑

𝑛∈
𝐶𝑛 ≤ 𝑅𝑐 , (18)

Finally, the total achievable rate for user 𝑛 becomes the sum
of the allocated common and private rates.

𝑅𝑛 = 𝐶𝑛 + 𝑅𝑝𝑛. (19)
2.3. Problem Formulation

This study aimed to maximize the minimum achievable
rate to ensure user fairness. The optimization jointly consid-
ers the precoding matrix 𝐏, common rate allocation vector 𝐜,
and UAV trajectory parameters 𝜑0(𝑡) and 𝑉0. Based on the
system model, the optimization problem can be formulated
as follows:

max
𝐏(𝑡),𝐜(𝑡),𝜑0(𝑡),𝑉0(𝑡)

min
𝑛∈

𝑅𝑛, (20)

s.t.
∑

𝑛∈
‖𝐩𝑛‖2 ≤ 𝑃𝑡, (21)

∑

𝑛∈
𝐶𝑛 ≤ min(𝑅𝑐1,… , 𝑅𝑐𝑁 ), (22)

𝐶𝑛 ≥ 0, ∀𝑛 ∈  , (23)
0 ≤ 𝜑0 ≤ 2𝜋, (24)

0 ≤ 𝑉0 ≤ 𝑉max. (25)
In this formulation, the transmission power constraint is

given in (21), while constraint (22) ensures that all users can
successfully decode the common stream. The constraint (23)
ensures that the rate has a positive value. The constraints (24)
and (25) define the allowable ranges of the directional angle
and UAV speed, respectively.

The defined optimization problem is not easy to solve
using a general method. First, joint optimization over the
precoding matrix, common rate allocations, and UAV tra-
jectory parameters are highly coupled. Second, because of
the nonlinear dependence of SINRs on the precoding matrix
and UAV locations, the problem is nonconvex and lacks
a closed-form solution. Conventional optimization methods
can be used to decompose the problem into a precoding ma-
trix subproblem, common rate allocation subproblem, and
UAV mobility subproblem. Subsequently, these problems
are solved iteratively. This approach requires many iterations
and inevitably entails suboptimality from the convexification
of a nonconvex user achievable rate expression. Therefore,
it does not satisfy the requirements for real-time optimal
adaptation. However, DRL techniques can efficiently handle
nonconvex, dynamic, and high-dimensional optimization
settings [28]. These advantages of DRL techniques moti-
vated this study to adopt the DRL approach.

3. Proposed Approach
3.1. MDP Formulation

To solve the problem using DRL, we reformulated (20)
as an MDP. The detailed definitions of the MDP components
are as follows:

1. State Space (): The state 𝑠𝑡 at time 𝑡 is defined as fol-
lows: 𝑠𝑡 = (𝑥0(𝑡), 𝑦0(𝑡), {(𝑥𝑘, 𝑦𝑘)}𝑁𝑘=1, 𝑅𝑐(𝑡−1)). Here,
(𝑥0(𝑡), 𝑦0(𝑡)) denote the UAV’s coordinates, (𝑥𝑘, 𝑦𝑘)are the fixed ground user positions, and 𝑅𝑐(𝑡 − 1) is
the common rate at the previous step. Thus, the state
space is a (2 + 2𝑁 + 1)-dimensional real vector.

2. Action Space (): The action 𝑎𝑡 at time 𝑡 is defined
as 𝑎𝑡 = (𝐏(𝑡), 𝐜(𝑡), 𝜑0(𝑡), 𝑉0(𝑡)). Here, 𝐏(𝑡) is the
precoding matrix, 𝐜(𝑡) is the common rate allocation,
𝜑0(𝑡) is the UAV’s directional angle, and 𝑉0(𝑡) is the
UAV’s speed. Each precoding element 𝑝𝑛 in 𝐏(𝑡) is
represented by its real and imaginary parts as 𝑝𝑛 =
ℜ(𝑝𝑛) + 𝑗ℑ(𝑝𝑛).

3. Reward Function (𝐑): The objective is to maximize
the minimum reward across users while satisfying the
given constraints. The reward function 𝑅 ∶  × is
defined based on the objective function, providing an
instantaneous reward at each step.

𝑟(𝑡) = min
𝑛∈

𝑅𝑛,𝑡, (26)
wheremin𝑛∈ 𝑅𝑛,𝑡 represents the minimum rate among
all users at time slot 𝑡. Here, the agent selects actions
to maximize the cumulative expected reward based on
the defined objective.
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Based on this formulation, we propose a DRL approach to
determine the optimal solutions.
3.2. Proposed Algorithm

In the actor-critic framework of PPO, the actor network
learns a policy distribution parameterized by (𝜇(𝑡), 𝜏2(𝑡)).
This defines a policy 𝜋𝜃(𝑎(𝑡)|𝑠(𝑡)) that selects actions 𝑎(𝑡)
based on state 𝑠(𝑡). Considering a realistic scenario wherein
the UAV moves continuously, the policy for a continuous
action space was designed as a Gaussian distribution. In
the PPO algorithm, this policy function is parameterized by
𝜃, which allows adjustments through learnable parameters
to optimize the action selection for a given state. For the
precoding action, the 𝑛th precoding vector 𝐩𝑘 is redefined
as follows:

𝐩𝑛 =
[

𝛼1, 𝛼2,… , 𝛼2𝐿−1, 𝛼2𝐿
]𝑇 ∈ ℝ2𝐿, (27)

where 𝛼 ranges from 0 to 1. The true scaled value of the
precoding action is calculated as follows:

ℜ(𝐩𝑛,𝑙) =
𝑃𝑡

√

Υ𝑛
𝛼2𝑙−1, ℑ(𝐩𝑛,𝑙) =

𝑃𝑡
√

Υ𝑛
𝛼2𝑙, (28)

Υ𝑛 =
2𝐿
∑

𝑙=1
𝛼𝑙, ∀𝑛 ∈  . (29)

Regarding the common rate action 𝐜, the softmax function
was applied to ensure that the sum of its𝑁 elements is equal
to 1:

𝐜̄ =
[

𝛽1,… , 𝛽𝑁
]𝑇 ∈ ℝ𝑁 . (30)

The true scaled value of the common rate is computed as
follows:

𝑅𝑐 = min
(

𝑅𝑐1,… , 𝑅𝑐𝑁
)

( 𝑁
∑

𝑛=1
𝛽𝑛

)

. (31)

The UAV’s speed and direction angle functions are calcu-
lated as follows:

𝑉0 = 𝑉0𝑉max, 𝜑0 = 𝜑̄02𝜋. (32)
Therefore, the original action determined by the policy at
each step is redefined as follows:

𝑎̄(𝑡) =
{

𝛼1(𝑡),… , 𝛼2𝐿(𝑡), 𝛽1(𝑡),… , 𝛽𝑁 (𝑡), 𝑉0(𝑡), 𝜑̄0(𝑡)
}

.
(33)

To update the actor network parameters, a batch of past
experiences 𝐵 = (𝑠(𝑡), 𝑎(𝑡), 𝑟(𝑡), 𝑠(𝑡 + 1)) is sampled from
the replay memory, where 𝑠(𝑡 + 1) represents the next state
after performing action 𝑎(𝑡) in state 𝑠(𝑡).

In this implementation, the actor and critic networks
were parameterized independently. The overall objective
function integrates the following three components: the
clipped surrogate objective stabilizes policy updates, value
function loss for accurate state value estimation, and entropy

bonuses to encourage exploration. The combined loss func-
tion is expressed as follows:

𝐿𝐶𝐿𝐼𝑃+𝑉 𝐹+𝑆𝑡 (𝜃) = 𝔼̂𝑡[𝐿𝐶𝐿𝐼𝑃𝑡 (𝜃) − 𝑐1𝐿𝑉 𝐹𝑡 (𝜙) (34)
+ 𝑐2𝑆[𝜋𝜃(𝑠(𝑡))]],

First, PPO optimizes a clipped surrogate objective𝐿CLIP
𝐵 (𝜃),

ensuring stable updates [29]:
𝐿CLIP
𝐵 (𝜃) = 𝔼𝑡

[

min
(

𝑟𝑡(𝜃)𝐴̂𝑡, clip(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴̂𝑡
)]

,
(35)

where probability ratio 𝑟𝑡(𝜃) = 𝜋𝜃(𝑎(𝑡)|𝑠(𝑡))
𝜋𝜃old (𝑎(𝑡)|𝑠(𝑡))

compares
the new and old policies. The clipped objective in (35)
constrains 𝑟(𝜃) to the range [1 − 𝜖, 1 + 𝜖]. This restriction
enhances stability by preventing excessively large updates.
To estimate the advantage function accurately, we this
study adopted the generalized advantage estimation (GAE)
method proposed in [30].

𝐴̂𝑡 = 𝛿𝑡 + (𝛾𝜄)𝛿𝑡+1 +⋯ + (𝛾𝜄)𝑇−𝑡−1𝛿𝑇−1, (36)
where 𝛿𝑡 denotes the temporal difference (TD) error, 𝛾 is
the discount factor, and 𝜄 is the weighting parameter for
future rewards. T-step rewards are used as alternatives to
recurrent network structures, enabling the agent to consider
future rewards over multiple steps and learn strategies that
maximize cumulative rewards.

Second, 𝐿𝑉 𝐹𝑡 denotes the squared-error loss, which is
defined as (𝑉𝜙(𝑠(𝑡)) − 𝑉 target

𝑡 )2. Here, 𝑉𝜙(𝑠(𝑡)) and 𝑉 target
𝑡represent the estimated state value and the actual reward of

the advantage function 𝐴̂𝑡, respectively.
Third, the entropy bonus𝑆 promotes exploration, whereas

𝑐1 and 𝑐2 are weighting coefficients balancing the policy and
value updates.

The actor network updates its parameters 𝜃 using the
clipped loss 𝐿CLIP, as follows:

𝜃new = argmax
𝜃

𝔼𝑡
[

𝐿CLIP
𝑡 (𝜃) − 𝑐1 ⋅ 𝑆[𝜋𝜃(𝑠(𝑡))]

]

. (37)
By maximizing this loss function, the actor network param-
eter 𝜃 is updated.

The critic network parameter𝜙 is updated by minimizing
𝐿VF:

𝜙new = argmin
𝜙

𝔼𝑡
[

(

𝑉𝜙(𝑠(𝑡)) − 𝑉
target
𝑡

)2
]

. (38)

The overall flow of the proposed PPO algorithm is
presented in Algorithm 1.

Fig. 2 illustrates the PPO framework. The actor network
takes the current observation as the input, including the UAV
position, user locations, and previous common rate. Then,
it outputs continuous actions for precoding, common-rate
allocation, and UAV speed and direction. These actions are
sampled from a Gaussian policy and scaled to satisfy the
system constraints. The critic network receives the same
input and estimates the state value to guide the computa-
tion. Both networks share a multilayer perceptron (MLP)
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Algorithm 1 Proximal policy optimization (PPO) with
actor-critic structure in rate-splitting multiple access
(RSMA)-based unmanned aerial vehicle (UAV) network.

1: Initialize policy parameters 𝜃, value network parame-
ters 𝜙

2: Initialize replay buffer , learning rate 𝑙𝑟, discount
factor 𝛾 , clipping factor 𝜖

3: for each episode 𝑒 = 1 to 𝐸 do
4: Reset environment and observe initial state 𝑠0
5: for each timestep 𝑡 = 1 to 𝑇 do
6: Execute action 𝑎(𝑡) and observe reward 𝑟𝑡, next

state 𝑠𝑡+1
7: Store transition (𝑠(𝑡), 𝑎(𝑡), 𝑟(𝑡), 𝑠(𝑡 + 1)) in 
8: end for
9: Compute advantage estimates 𝐴̂𝑡 using GAE

(Eq. 36)
10: Compute targets 𝑉 target

𝑡
11: for each update step do
12: Compute clipped loss 𝐿CLIP

𝑡 (𝜃) using Eq. (35)
13: Compute value loss 𝐿𝑉 𝐹𝑡 (𝜙) and entropy bonus

𝑆[𝜋𝜃(𝑠𝑡)]
14: Compute total loss 𝐿CLIP+VF+S

𝑡 Eq. (34)
15: Update 𝜃 and 𝜙
16: end for
17: end for
18: Return optimized policy 𝜋𝜃∗ and value function 𝑉𝜙∗

structure with two hidden layers. Each layer is followed
by layer normalization and ReLU activation to improve
learning stability. The actor ends with sigmoid activation
to constrain the output range and maintain a trainable log-
standard deviation for action variance modeling. The critic
ends with a single linear output for value estimation. The
advantage estimates are computed using GAE. The actor is
updated using a clipped surrogate objective and the critic
minimizes the value function loss. An entropy bonus is also
added to encourage exploration. This end-to-end framework
enables stable and efficient learning in highly dynamic UAV-
RSMA environments.
Remark. This study selected PPO over DDPG [31], SAC
[32], TRPO [33] and REINFORCE algorithm [34] for the
following reasons. First, PPO is an on-policy algorithm that
allows multiple updates from a single batch of collected data.
Consequently, sample usage is improved without requiring
complex replay buffers, stabilizes policy updates using a
clipped surrogate objective, prevents large changes, and
improves robustness in dynamic and high-dimensional envi-
ronments [29]. Second, PPO reduces implementation com-
plexity and computational overhead by avoiding the need for
replay buffers as required in DDPG, entropy tuning used in
SAC, second-order optimization demanded by TRPO, and
high-variance gradient estimation typical of REINFORCE
algorithm, thereby delivering a more stable and scalable
solution for our problem [35, 36, 37]. Therefore, given the
complexity of RSMA-UAV control and continuous action
spaces and the requirement for reliable and scalable learning,

PPO is better suited to this study compared with DDPG,
SAC, TRPO and REINFORCE algorithm.

4. Evaluations
This section presents an analysis on the complexity

of the proposed algorithm and discusses the evaluation of
the convergence and achievable maximum–minimum rate.
For the simulation, the system parameters were determined
based on previous studies [27, 29, 38] and are listed in Table
1.

Table 1
System parameters

System parameter Value

Network Size [27] 500 m × 500 m × 50 m
Large-scale fading, 𝐿ℎ𝑘 [27] 112.472 + 33.772 ⋅ log10(𝑑𝑘)
UAV maximum speed 50 m/s
Rician factor, 𝑛∗ [38] 10
Transmission frequency [27] 1500 MHz
Bandwidth [27] 1 MHz
Noise variance [38] -64 dBm/Hz
Buffer capacity, 𝐶 1𝑒5
Batch size, 𝐵 128
Clipping coefficient, 𝜖 [29] 0.2
Value function loss term, 𝑐1 [29]0.5
Entropy bonus term, 𝑐2 [27] 1𝑒-3
Learning rate, 𝑙𝑟 1𝑒-3
Discount factor for GAE, 𝛾 [29] 0.95

The proposed algorithm was compared with the follow-
ing benchmark schemes.

• PPO-NOMA: This scheme adopts the PPO algo-
rithm under a NOMA-based downlink transmission
framework. The agent is trained to optimize the UAV
trajectory, power allocation, and decoding order over
3000 episodes.

• PPO-SDMA: This scheme applies PPO to a con-
ventional SDMA-based system. Beamforming vectors
and UAV positions are jointly optimized during 3000
training episodes.

• DDPG: This scheme employs the DDPG algorithm
to jointly optimize the UAV trajectory, RSMA pre-
coding, and common rate allocation. The model was
trained for 3000 episodes.

• SAC: This scheme uses the SAC algorithm under the
same system configuration. The model was trained for
3000 episodes.

• TRPO: This scheme uses the TRPO algorithm under
the same system configuration. The model was trained
for 3000 episodes.

• REINFORCE: This scheme uses the REINFORCE
algorithm under the same system configuration. The
model was trained for 3000 episodes.
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Figure 2: Proposed proximal policy optimization (PPO) framework based on actor-critic architecture.

• Greedy: This scheme uses the greedy algorithm under
the same system configuration. The model was trained
for 3000 episodes.

• Random: This non-learning baseline selects UAV
positions and precoding vectors randomly at each time
step. The minimum user rate was averaged over 50
independent trials.

Simulations were conducted on a server equipped with
an Intel Core i7-10700F CPU, Nvidia RTX 2070 SUPER
GPU, and 32 GB of memory using Python 3.9.13, PyTorch
2.3.1, and CUDA 11.8.
4.1. Complexity Analysis

During the training phase, the PPO agent updates its
actor and critic networks using forward and backward prop-
agations. Each network comprises two hidden layers. The
time complexity of a single forward or backward pass is
given by 𝑂(𝑆𝐻1 + 𝐻1𝐻2 + 𝐻2𝐴), where 𝐻1 and 𝐻2denote the number of neurons in the first and second hidden
layers, respectively; 𝑆 = 2𝑁 + 3 is the state dimension
consisting of the UAV position, user positions, and previous
common rate; 𝐴 = 2𝑁𝐿 + 𝑁 + 2 is the action dimension
consisting of precoding vectors, rate allocations, and UAV
control variables. Here, 𝑁 is the number of users and 𝐿
is the number of UAV antennas. Considering that PPO
performs 𝐸 epochs of updates per episode with a mini-
batch size 𝐵 over 𝑇 time steps and that both the actor and
critic networks are trained, the total training complexity is
𝑂(2𝑇𝐵𝐸(𝑆𝐻1 + 𝐻1𝐻2 + 𝐻2𝐴)). Factor 2 accounts for
the independent training of both actor and critic networks.
During the execution phase, only the actor network per-
forms forward propagation, resulting in a per-step inference
complexity of 𝑂(𝑆𝐻1 + 𝐻1𝐻2 + 𝐻2𝐴). Therefore, the

proposed PPO-based RSMA framework exhibits polynomial
time complexity in both the training and execution phases
while jointly optimizing precoding, rate allocation, and UAV
control in a high-dimensional environment.
4.2. Convergence

Fig. 3 shows the average reward convergence during
the training episodes for different learning rates (𝛾 ∈
{0.0001, 0.0005, 0.001, 0.005}). Among the tested values,
the learning rate of 0.001 achieved the most stable and high-
est reward convergence, indicating an appropriate balance
between learning speed and stability. By contrast, high learn-
ing rates, such as 0.005, led to unstable learning behavior,
with the average reward stagnating at approximately 0.02.
Consequently, the learning rate of 0.001 was adopted in the
proposed framework.

Fig. 4 shows the average reward and its convergence
behavior over training episodes for different numbers of
users (𝑁 ∈ {4, 6, 8, 10}). In this simulation, the number of
antenna and transmit power are set to 25 and 15 dBm, respec-
tively. The scenario with 4 users achieved the fastest conver-
gence and the highest reward, consistently improving over
episodes and reaching an average reward of approximately
0.09. For more than 4 users, there is a clear degradation
in convergence speed and final reward values. For 6 users,
the average reward is stabilized around 0.035, indicating
moderate convergence performance. As the number of users
increased to 8, the reward fluctuated more and saturated
near 0.02. The scenario with 10 users showed the poorest
performance, with the reward stagnating below 0.01.

Fig. 5 shows the average reward and its convergence
behavior over training episodes for different UAV speeds
(𝑉 ∈ {20, 30, 40, 50}𝑚∕𝑠). In this simulation, the number
of antenna and transmit power are set to 25 and 15 dBm,
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Figure 3: Reward convergence for different learning rates.

Figure 4: Reward convergence for different number of users.

respectively. Among the different speeds, the scenario with
50 m/s achieved the fastest convergence and the highest
reward, consistently improving over episodes and reaching
an average reward of approximately 0.1. As the UAV speed
decreased, there was a noticeable degradation in both con-
vergence rate and final reward performance. For 40 m/s, the
average reward saturated around 0.06, indicating moderate
performance. At 30 m/s and 20 m/s, the learning curves
became flatter, and the rewards stabilized near 0.055 and
0.05, respectively, with increased fluctuations and slower
convergence. These results suggest that higher UAV mobil-
ity facilitates faster and more effective learning in the con-
sidered environment, likely due to enhanced spatial diversity
and improved LoS connectivity.
4.3. Comparison with Multiple Access Techniques

To demonstrate the superiority of the RSMA technique
in the proposed framework, the PPO-based RSMA was
compared with the PPO-based NOMA and SDMA schemes.
Fig. 6 presents the minimum achievable user rate versus the

Figure 5: Reward convergence for different UAV speeds.

Figure 6: Minimum rate versus transmit power for different
multiple access technologies.

transmit power levels ranging from 5 to 25 dBm. Across all
power levels, PPO-RSMA consistently outperformed PPO-
NOMA and PPO-SDMA. For example, at 10 dBm, PPO-
RSMA achieved a minimum rate of approximately 15.5 bps,
compared with 13 bps for PPO-NOMA and 9 bps for PPO-
SDMA. At 25 dBm, the gap became more pronounced, with
PPO-RSMA reaching approximately 25 bps, while PPO-
NOMA and PPO-SDMA achieved approximately 21 bps and
17 bps, respectively. This performance gain is attributed to
RSMA’s inherent ability to split messages into common and
private parts, enabling partial interference decoding. Such
flexibility improves interference management and ensures
a more balanced rate allocation among users. By contrast,
NOMA relies on SIC, which is sensitive to channel estima-
tion errors and may lead to degraded performance. More-
over, SDMA depends on spatial separation, which becomes
less effective when users have correlated channels or limited
antenna resources. These results confirm that RSMA, when
combined with PPO-based control, provides more robust and
fair performance across various power levels.
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4.4. Comparison with Different DRL Algorithms
To validate the effectiveness of the PPO algorithm in

high-mobility UAV environments, the proposed PPO-based
method was compared with other DRL algorithms includ-
ing DDPG, SAC, TRPO, REINFORCE, greedy algorithm
and random policy baseline. Fig. 7 shows the minimum
achievable user rate under different learning algorithms as
the transmit power increased from 5 to 25 dBm. As can be
seen, the proposed PPO method consistently outperformed
all baseline methods across all power levels. At 25 dBm, it
achieved a minimum rate of approximately 26 bps, while
DDPG, SAC, TRPO, REINFORCE, and greedy methods
reached around 21, 17, 17, 16, and 15 bps, respectively.
The random policy remained below 11 bps even at higher
power levels. These results validate the effectiveness of
PPO’s policy optimization in complex control tasks. The
clipped surrogate objective enables stable and reliable policy
updates, while structured exploration improves learning ef-
ficiency in continuous action spaces. These characteristics
make PPO particularly well-suited for proposed dynamic
UAV-assisted RSMA systems.
Remark. On the other hand, existing studies [39, 40] demon-
strated that user demand imbalance can significantly affect
system fairness and performance. The proposed PPO-based
framework can be extended to incorporate task load hetero-
geneity without modifying the core optimization structure.
By assigning user-specific weights (corresponding to each
user’s traffic load) to the reward function, the learning pro-
cess can prioritize weighted fairness-aware scheduling, as
proposed in [41], [42].

5. Conclusion
This study proposed a DRL-based framework for op-

timizing UAV-assisted RSMA downlink systems equipped
with URA antennas. To enhance communication fairness, a
max-min fairness problem that jointly optimizes the UAV
trajectory, RSMA precoding matrix, and common rate al-
location was formulated. To solve the joint optimization
problem, a PPO-based algorithm was proposed. This al-
gorithm supports highly dynamic UAV scenarios without
relying on prior CSI and URA-based precoding, allowing for
efficient resource allocation and interference management in
complex and dynamic wireless scenarios. Simulation results
revealed that the proposed PPO-based RSMA framework
consistently outperformed baselines such as DDPG, SAC,
TRPO, REINFORCE algorithm, greedy algorithm and ran-
dom selection in terms of user fairness. In other words, the
proposed method significantly improved the minimum user
achievable rate compared with the other benchmarks.

In future work, the proposed framework will be extended
to multi-UAV cooperative RSMA environments, and user
mobility models will be considered. Also, hybrid techniques
combining mathematical optimization-based methods and
machine learning methods will be developed to achieve more
accurate and faster control. Furthermore, asymmetric traffic
scenarios will be applied to reflect heterogeneous user load

Figure 7: Minimum rate versus transmit power for different
algorithms.

distributions, enabling the proposed framework to optimize
under more realistic network conditions.
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