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Abstract—This paper investigates rate-splitting multiple access
(RSMA) networks assisted by aerial intelligent surfaces (AIRS)
by employing deep-learning approaches to solve trajectory prob-
lems for unmanned aerial vehicles (UAVs). Specifically, two
models for predicting positions using long-short term memory
(LSTM) and Transformers are developed. Training results show
that both proposed frameworks can capture temporal features to
determine the UAV’s position for tracking user mobility. However,
simulation results indicate that the proposed Transformer-based
model demonstrates robustness against variations in user loca-
tions, providing superior prediction accuracy and consequently
yielding higher performance gains in terms of sum rate when
compared with the LSTM-based model. Additionally, it is demon-
strated that the AIRS-RSMA scheme outperforms AIRS-NOMA
systems due to its ability to effectively handle residual successive
interference cancellation (SIC) errors.

Index Terms—Intelligent reflecting surface (IRS), long-short
term memory (LSTM), rate-splitting multiple access (RSMA),
trajectory design, transformers, unmanned aerial vehicle (UAV).

I. INTRODUCTION

Unnamed Aerial Vehicles (UAV)-assisted wireless networks
have gained significant attention for providing wider cover-
age and reliable communication links to ground devices due
to their high mobility, cost-effectiveness solution, ability to
perform complex tasks in different scenarios, and flexible
configuration [1]. In a parallel avenue, intelligent reflecting
surfaces (IRSs) have been viewed as an effective technology
to customize the propagation environment. In particular, an
IRS represents a sophisticated solution, comprising a planar
metasurface replete with large reflective elements. These ele-
ments can be intricately programmed, operating independently
to manipulate both phase and amplitude to reflect and steer
impinging waves towards any desired direction [2].

Recently, several studies have exploited UAVs integrated
with IRSs [3]-[5]. By exploiting this integration, it is possible
to achieve numerous benefits compared to terrestrial deploy-
ment. In particular, [5] provides a comprehensive discussion
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about the integration of IRS and UAV, called aerial IRS (AIRS)
non-orthogonal multiple access (NOMA) networks, as well
as its architecture, functionality principles, and performance
gains.

Considering the intrinsic requirements expected in beyond-
5G networks, multiple access techniques play a crucial role
in supporting connectivity demands and spectrum manage-
ment. In particular, the rate-splitting multiple access (RSMA)
scheme has received significant interest as a promising en-
abling technique in beyond-5G networks, owing to its resilient
transmission framework and attractive performance enhance-
ments [6], [7]. The interplay between IRS and RSMA can
provide numerous benefits to the networks [8]. Consequently,
the integration of AIRS with RSMA systems can further
improve the performance of the wireless networks as compared
to the terrestrial IRS (TIRS) framework [9].

In response to the complexities of dynamic aerial environ-
ments, extensive research has been conducted in the field of
machine learning (ML) over the years. To learn and extract
resources from the dynamic environment, the long short-
term memory (LSTM) [10] and Transformers [11] techniques
have been explored due to their features to predict sequential
patterns by recursively forwarding the previous information to
the memory.

Despite the numerous studies carried out, there remains a
research gap regarding the application of LSTM and/or Trans-
formers in networks that specifically investigate the integration
of AIRS in RSMA systems. In contrast to existing works,
this study addresses the trajectory problem and proposes two
frameworks based on LSTM and Transformers, respectively, to
predict the trajectory of UAVs for a downlink AIRS-RSMA
multiuser network, exploring scenarios with dynamic users.
A performance analysis, utilizing training and test results, is
presented to demonstrate the effectiveness of the proposed
schemes. Additionally, a detailed comparison of the frame-
works is carried out, wherein the Transformers outperform
LSTM in terms of sum rate. This is because models using
the attention layer, like Transformers, can establish a greater
relationship between past values (context) to more accurately
predict the future.
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Fig. 1: Illustration of a system model: AIRS-RSMA network
with two user groups.

II. SYSTEM MODEL

Consider a downlink MISO network in which a BS with
M antennas communicates with U single-antennas users, in
whichm = 1,--- , M. It is assumed that there is no direct link
between the BS and users. Then, an aerial IRS (AIRS) with N
reflecting elements, withn = 1,--- | N, is employed to enable
the communication between the BS and users, as depicted in
Fig. 1. It is assumed that the users are distributed within a
region of radius R and clustered into G groups based on their
minimum distance from the neighbor user. For simplicity, each
group contains K users, i.e., U = GK. In addition, it is
assumed that the UAV continuously flies at a fixed altitude
H.

Based on three-dimensional Cartesian coordinates, the lo-
cation of the BS, AIRS, and k-th user within the g-th
group at the ¢ time step can be represented, respectively,
by (0,90, 20), (x*,y*, H), and (2};,9%,0). Based on this,
the distances between BS—AIRS, dfl, and AIRS—k-th user
within the g-th group, de’ can be given, respectively, by
dt, = /(o —@)? + (o —y)° T (20— H)% and dty =
V@ =) 4 (o — yly)? + ()2

It is important to mention that the mobility of the users is
taken into account, where for each moment ¢, the users assume
a new position. Based on this, the scenario will be referred by
dynamic users.

Since the channels between BS—AIRS and AIRS—k-th
user can be seen as LoS (line-of-sight) links, their channel
power gain can be expressed as

Hmn =V anGmn S (CJWXNv (1)

and
hr = \/Bgrger € CV', VE € K, )
where Byn = fody,” and By = d;k” denote, respec-

tively, the large-scale average channel power gain between
BS—AIRS and AIRS—k-th user, in which Sy symbolizes
the gain parameter. The parameter d;, with j € {n,gk},
means the distance between BS— AIRS and AIRS— k-th user,
and v refers to the pathloss exponent. In addition, G,,,, and
ggk denote the small-scale fading, modeled by the Nakagami
distribution.

It is assumed that the AIRS is equipped with a con-
troller that can adjust the AIRS’s phase shifts. To char-
acterize the phase shifts, it is considered that the phase-
shift matrix of the AIRS is diagonal and can be written as
& = diag[k1e’%, kpe??2, ... kyelN] € CNVXN| denotes the
phase-shift occurring at n-th element of the AIRS, in which
k1797 | =1 for 6,, € [0,27) and n € N, and &, refers to the
fixed amplitude reflection coefficient. We assume that s, = 1
with n = 1,.-- | N, as commonly adopted in the literature,
i.e., [12]. For practical implementation purposes, we consider
that discrete phase shifts uniformly quantizing the interval
[0, 27) are adopted at each element of the AIRS, which can be

given as [13] 6, € {QQL i=0,1,2,- - ,25—1},Vne/\/,

b 7
where b denotes the bit resolution. Based on that, the effective
end-to-end (e2e) channel gain from the BS to k-th user of the
g-th group via AIRS is expressed by

h, = H,,,®h}} € C"*". 3)

Since the RSMA strategy is employed to transmit data to
the users, the message intended for w-th user is split into
two messages: common and private [6]. Based on that, the
transmission can be viewed as two-stage process. The first
one consists of separating the data to serve multiple groups of
users, then the stream is sent to serve the user within each
group. In order to achieve this, the messages intended for
users of a specific group are encoded in a common stream
sg = (g1, , 85k ), using a codebook shared by the k-th
user of the g-th group, while the private parts are encoded
independently into private streams S’g’ - At the transmitter, the
data streams are linearly precoded and superimposed in the
power domain, then simultaneously transmitted. As a result,
the signal transmitted by the BS can be expressed as

G K
x = Z (cg\/oTESZ + Zpgkw/a’;ks’g’k> eCVNxt (@)
-1

g=1 k

where the vector of symbol streams to be transmit-

ted to the g-th group can be denoted by s, =
[scag, shiag,, - ,s]g”KagK]T e CHEHFDXL " where of and

o/;k are, respectively, the power allocation coefficients for the
common and private messages in which ag + Zszl a’g’ =1
cy € CN*1 denotes the precoding vector of the common
message serving all users within g-th group and pg; € CcNxt
represents the precoding vector of the private message for the
k-th user of the g-th group, in which ||cy4|| =1 and ||pgx|| =
1. For notation simplicity, the precoding vectors intended for
the g-th group are reexpressed by W, = [cg, Pg1, - - , Pgk] €
CN*(E+1) | where W, stands for the precoding matrix of the
g-th group. The conventional zero-forcing (ZF) precoder is
considered.

Without loss of generality, the AIRS can only serve one
group within each time slot to mitigate inter-group interfer-
ence. Then, at the users’ side, the SIC technique is used once
in each receiver to separate the common and private messages.
The common message is detected first, considering the private



message of the other users of the g-th group as interference.
Based on this, the corresponding signal-to-interference-plus-
noise ratio (SINR) to decode the common message at the k-th
user of the g-th group is given by

P‘hkchO‘;
K b
P iz [hepgil?ad; + 1

where p means the transmit signal-to-noise ratio (SNR). Since
imperfect SIC is considered and the common message is not
decoded perfectly, the k-th user of the g-th group must decode
its private message taking into account the other users’ private
messages and the common message as interference. Thus, the
SINR to decode the private message at the k-th user of the
g-th group is given by

®)

c _
Yok =

_ plhipgr|*af),
= - ,
P|hkcg|20‘§§ + pZ#k |hkP§z‘|20‘§¢ +1

in which £ € [0,1] denotes the coefficient of imperfect
SIC. Therefore, the instantaneous achievable rate of the k-
th user of the g-th group in decoding the common message
can be expressed as Ry, = logy(1+ v;;). Nevertheless, the
achievable rate of the k-th user in decoding its intended private
message is given by R];k; = log,(1 + ’ygk).

To ensure that all users of the g-th group can successfully
decode the common message, the rate of the common message
should be formulated as R; = mingex{RS;}. Finally, based
on the achievable common rate R¢, and achievable private rate
RZ «.» the total achievable rate of the k-th user can be expressed

as

(6)

P
Yok

Ry, = Ry + R, ©)

Next, it is formulated a trajectory design for the proposed
AIRS-RSMA network.

III. DEEP LEARNING-BASED TRAJECTORY DESIGN
A. Basics of LSTM

LSTM is part of a group of architectures called RNN, which
are a family of neural networks widely used for models whose
problems are characterized by data sequences [14], [15]. These
two types of networks differ from other neural networks since
the network parameters are adopted along several points of the
sequence under analysis. The outputs of the previous elements
influence each one of the output elements. This particularity
of persistence of the characteristics present in the data allows
the model to look at a sequence as a whole and not just at an
individual element. Unlike other networks, RNNs use feedback
from activation’s from previous time slots as input from the
network to make a decision for the current input. It should
be noted that the sequences that the recurrent neural network
(RNN) analyzes correspond to a time interval J, which may
not refer precisely to the phenomenon of time duration in the
real world.

Given the example of an LSTM cell and the complete
internal structure illustrated in Fig. 2, where the input gate,
the output, and the forget gate are represented by (), 6(®)
and f ) respectively, and &, C and h, correspond to the input,
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Fig. 2: Internal structure of the LSTM cell. Adapted from [16].

state and output of the current cell and the previous cell, that
is, the time stamp ¢ — 1. The variable C' represents the vector
of new values that can be added to the state C'. Then the final
state C' of the previous LSTM cell may or may not be affected
by the output of each of the three gates, creating a new state
of the current cell.

B. Basics of Transformers

The transformers represent a neural architecture that has
stood out for its ability to efficiently handle sequences of data,
becoming essential for complex tasks such as automatic trans-
lation, text summarization, and natural language processing in
general. The transformer architecture was initially introduced
by [17] in 2017, marking a paradigm shift in how language
models were designed and trained.

At the core of the [17] architecture lies multihead attention,
a technique that allows the model to focus on different parts of
the input simultaneously. This provides a richer understanding
of complex contexts, enabling the model to capture long-range
relationships between words in a sequence. The absence of
direct sequential dependence, present in previous architectures,
contributes to remarkable computational efficiency.
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Fig. 3: Transformer Architecture. Adapted from [17].

As can be seen in Fig. 3 there are two core parts: enconder
(left side) and decoder (right side) blocks.

The encoder blocks are responsible for processing the input
sequence. It consists of multiple identical layers (referred to



as encoder layers), where each encoder block has two main
sub-components:

1) Multi-Head Self-Attention Mechanism: This mechanism
allows the encoder to focus on different parts of the
input sequence simultaneously. It computes attention
scores for each position in the input sequence, capturing
relationships between different tokens;

2) Feedforward Neural Network: After the attention mecha-
nism, the output is passed through a feedforward neural
network. This helps capture complex, non-linear rela-
tionships in the data.

Both sub-components (attention and feedforward) have a
residual connections to allow the model to learn incremental
changes, and a layer normalization to apply to the sum of the
input and the output of each sub-component.

The decoder block is responsible for generating the output
sequence. Like the encoder, it consists of multiple identical
layers (decoder layers), where each decoder block has three
main sub-components:

1) Masked Multi-Head Self-Attention Mechanism: Similar
to the encoder’s attention mechanism, but with a mask
applied to prevent attending to future positions in the se-
quence during training. This is crucial for autoregressive
generation;

2) Encoder-Decoder Attention Mechanism: This attention
mechanism allows the decoder to attend to different parts
of the input sequence. It helps the model align the input
and output sequences effectively;

3) Feedforward Neural Network: Similar to the encoder, the
output from the attention mechanisms is passed through
a feedforward neural network.

The tree main sub-components, as in the encoder, are
followed by a residual connection and layer normalization.

For this work, only the decoder block was considered,
following a similar approach to the Generative Pre-trained
Transformer (GPT) [18].

C. Trajectory Prediction Process

The observation space used to train the network is composed
of the location of the UAV and the sum-rate experienced by
each group at the ¢-th interval of time. Since the training pro-
cess is performed by considering two groups, the observation
space for trajectory optimization can be expressed as

K

K
St=laty', D RN ) Ry 8)
k=1 k=1

As shown in Fig. 1 the St is represented by the sensor data
where there is a GPS and also an AIRS (both are attached
to the UAV). The information from these sensors will feed
two Al algorithms for trajectory prediction: the LSTM and
Transformers deep learning algorithms. To predict the UAV
next position, it receives the UAV’s current position and the
rate of each user group and returns the next UAV position to be
reached. To generate the UAV’s next position, the parameters
that were used to train both networks are shown in Tables I

and II, where NN,, denotes the number of neurons in each
layer, the dimension of the Transformer input layer is equal
to 4, which represents the current 2D UAV position (x?, and
y') and the sum-rate experienced by each group. The model
was implemented using Matlab with Deep Learning Tool Box
associated. The model was also trained on a laptop with
NVIDIA GeForce GTX 1060, 16GB RAM and Intel Core i7-
8750H CPU @ 2.20GHz x 12.

TABLE I: The proposed custom RNN architecture hyperpa-
rameters for Al trajectory model.

Layer Output  Hyperparameters
Input 4x1

LSTM_0 600 L, = 1452000;
LSTM_1 600 L,, = 2882400;

Ly, = 1202; optm=ADAM

FC Output 2 loss=Mean Square Error

TABLE II: The proposed custom Transformer architecture
hyperparameters for Al trajectory model.

Layer Output  Hyperparameters
Input 4x1

Embedding 768 L, = 3840;
Positional Enconding  1x768 L, = 15360;
Decoder Block_0 768 L, = 7085568;
Decoder Block_1 768 L, = 7085568;
Decoder Block_2 768 L,, = 7085568;
Decoder Block_3 768 L,, = 7085568;
Decoder Block_4 768 L,, = 7085568,;
Normalization Layer 768 L,, = 1536;

FC Output 9 L, = 1536; optm=ADAM

loss=Mean Square Error

With regard to the transformer model, it is necessary to
reinforce some important hyperparameters, namely:

o Context Length: 2;

o Embedding dimension: 768;

o Number of heads: 12;

o Number of enconders blocks: 5;
e Drop rate: 0.1.

IV. RESULTS

In this section, simulation results are provided to evaluate
the performance of the proposed method. It is considered a
scenario with NV = 4 antennas at the BS and K = 3 single-
antenna users per group, G = 2, which are positioned in a cell
of radius of 100 m. The UAV continuously flies, following the
fixed height I = 20 m, and an AIRS with N = 60 reflective
elements is fitted to the UAV. In particular, it is assumed b= 2,
v =22, a; =0.9, O‘];k- =0.03 Vk € K, and 3y = 1000. The
parameter [y is adjusted based on the desired performance
of the receivers. For AIRS-NOMA scenario, it is considered
agr = 0.7, ago = 0.2, and ay3 = 0.1. When not specified,
the value for SNR is set as 30 dB. In addition, it is assumed
that the power consumption of IRS is 3 mW per element.



A. Training Progress

One of the crucial phases in the development of this system
is the training phase for the models proposed in Sections III-A
and III-B, as shown in Algorithm 1.

Algorithm 1: The proposed training LSTM and Trans-
former models phase.
Require: e =1,..., N, LST M; = 600, LST M- = 600,
1: //Build the Deep Learning Model
2. fore=1,...,N do
3 //LSTM Model

4. modelgrnnN[0] < input

5. modelgnnNI[l:2]+ LSTM,, LSTM,

6: modelRNN[S] <~ FNN
//Transformer Model

7. modelrrr[0] + input

8:  modelrrgr[l] + DecoderBlock
modelrrr[2] < FNN
//Compile Models

10:  modelgnn, modelrpr < Loss = MSE

11:  modelgryn, modelrrpr <— Optimizer = Adam
//Train Models

12:  modelgnn, modelrrr < Dataset
//Save models evaluations scores

13: resultsgpyny < modelgnn.save

14:  resultstrpr + modelrrpr.save

15: end for
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Fig. 4: Generating the observation space.

By exploring the scenario, Fig. 4 depicts the AIRS’s tra-
jectory in the training process based on the learning policy
to find the centroid of the static user groups, as described in
Sections III-A and III-B. In this figure, one can see that the
UAV explores 30k starting points. The AIRS starts from one
of these points and, at each time ¢, recalculates the distance
to the center of the user groups based on linear equation. The
coefficients of the equation of line are updated at each time
t. Then, an observation space is generated by considering the
data obtained for each starting point, as expressed in (8). The
observation spaces are then used as input to the LSTM and
transformers networks to predict the trajectory.

Fig. 5 shows the relationship between the loss value (y-
axis) and each step (x-axis) during models training. Despite
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Fig. 5: Loss training results for trajectory model with the
dynamic group movement.
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Fig. 6: Predicted trajectory.

the generic overlap in the loss values of both models, the
LSTM model converges faster than the transformer model
to predict the UAV trajectory. This is due to the complexity
of the transformer network’s values, where the LSTM model
has around 4.3 million of learnable parameters, and the
transformer model has approximately 35.5 million learnable
parameters to optimize, which is 8 times larger than the LSTM
model [16].

B. Performance Analysis

Fig. 6 depicts the UAV trajectory obtained by apply-
ing LSTM and Transformers to predict the UAV’s position.
One can see that the Transformer-based approach predicts
the UAV’s optimal position faster compared to LSTM. The
Transformer-based network discerns that achieving a high
success rate doesn’t necessarily require drastic movements or
strict adherence to the user group’s centroid position. Instead,
it identifies a nuanced correlation between base stations (BS)
and users, considering factors such as the transmitted power
from the BS. To corroborate this insight, Fig. 7 presents a
performance comparison in terms of sum rate versus episodes
for Transformers and LSTM in AIRS-RSMA networks. It is
observed that the Transformer-based model consistently out-
performs LSTM across all time intervals. It is noteworthy that
LSTM’s performance suffers when the UAV strictly follows
circular paths to track user groups, while the Transformer’s
model strikes a balance between sum rate and positioning
between BS and UAV, as well as between UAV and user
groups.

Fig. 8 plots the sum rate of the proposed AIRS-RSMA
network using both the proposed LSTM and Transformer
models. For comparison purposes, the AIRS-NOMA scheme
is also included. By comparing Fig. 8a and 8b, it is evident
that the proposed Transformer method significantly enhances
the system performance by striking a balance between rate
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and distance from the BS. Furthermore, AIRS-RSMA exhibits
impressive sum rate values compared to AIRS-NOMA, owing
to the additional degree of freedom achieved by intelligently
utilizing common messages. Although NOMA leverages the
advantages of the user channel, in dynamic scenarios where
users may be close to each other, NOMA can achieve similar
performance to RSMA in terms of sum rate. For example,
in Fig. 8a, during episode 126, AIRS-RSMA achieves a per-
formance of 8.67 bits/s/Hz, while AIRS-NOMA reaches 4.44
bits/s/Hz, representing a performance gain of approximately
51%. Similarly, for the LSTM model, as shown in Fig. 8b,
AIRS-RSMA achieves 5.71 bits/s/Hz, while AIRS-NOMA
reaches 2.55 bits/s/Hz, translating to a performance gain of
44%. Comparing Transformers to the LSTM model for AIRS-
RSMA systems, Transformers can achieve gains of up to
43.5%

V. CONCLUSIONS

In this work, MISO-RSMA networks assisted by AIRS with
dynamic multiuser scenarios were investigated. We presented
the system model, the fundamentals of LSTM and Trans-
formers, and two models to predict the trajectory of UAVs.
Training and testing results were presented to compare the
performance of the proposed models. The simulation results
demonstrated the robustness of the proposed Transformer
model, significantly improving the sum rate compared to the
LSTM schemes. For comparison purposes, AIRS-NOMA was

also simulated. The results underscored the robustness of
AIRS-RSMA systems, achieving a superior performance gain
compared to AIRS-NOMA systems.
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