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Abstract—This paper investigates rate-splitting multiple
access (RSMA) networks with multiusers assisted by aerial
intelligent reflecting surfaces (AIRS). To improve the sum-rate
of the system, the UAV’s trajectory and phase-shift vectors
are optimized, in which the mobility scenarios with static and
dynamic users are explored. In particular, long short-term
memory (LSTM)-based frameworks for predicting the UAV’s
trajectory and the phase-shift of the reflecting elements of AIRS
are proposed. For more insight, a third model is created by
combining information from the static and dynamic scenarios.
Furthermore, to improve the transmit beamforming at the BS,
an algorithm based on alternating optimization (AO) under
the assumptions of imperfect successive interference cancelation
(SIC) is presented. Training progress and testing results are
provided to demonstrate the efficiency of the proposed models.
In addition, numerical simulations are presented to verify the
performance gains in terms of sum-rate. The simulation results
show that the UAV performs better in trajectory prediction
and phase-shift when different investigated scenarios are not
combined.
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I. INTRODUCTION

ATE-SPLITTING multiple access (RSMA) scheme has

received considerable attention as a promising enabling
technique in 6G networks due to the more general and
robust transmission framework [1], [2]. In contrast with
non-orthogonal multiple access (NOMA), where the messages
are superposed into only one stream with different levels of
power or spreading sequences [3], the message transmitted to
the users in RSMA scheme is divided into a common message
and private message by applying superposition coding at the
base station (BS). Then, both common and private messages
are simultaneously transmitted, in which the extra degrees
of freedom (DoF) can be achieved by exploiting smartly the
common message(s). At the receivers, the decoding process is
carried out by using successive interference cancelation (SIC)
techniques [4]. Specifically, the common message is decoded
by all users and the private message is decoded only by the
intended user. To decode the common message, the users first
decode the interference part of the signal from other users.
Assuming perfect SIC, the intended user decodes its private
message, treating the private message of the remaining users
as interference.

In order to customize the propagation environment of future
communication systems, intelligent reflecting surfaces (IRSs)
arise as a promising technology to assist RSMA networks.
An IRS is a planar metasurface composed of a large number
of reflecting elements that can be programmed independently
to induce distinct phase and amplitude changes to reflect
and steer impinging waves towards any desired direction [5].
Despite the potential gains, few works exploit the combination
of IRS and RSMA [6], [7], [8], [9]. By exploring a terres-
trial IRS (TIRS) RSMA, the works [10] and [11] presented
solutions for digital precoder, the rate-splitting vector, the
reflecting vector, and for optimal power allocation at each user,
passive beamforming at the IRS under optimal decoding order
of sub-messages, respectively.

By deploying IRS on aerial platforms, it is possible to
achieve numerous benefits when compared to the TIRS
deployment [12], [13]. In particular, [14] provides a com-

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/


https://orcid.org/0000-0002-2804-1125
https://orcid.org/0000-0001-9409-7736
https://orcid.org/0000-0002-8520-7267
https://orcid.org/0000-0002-5439-7475
https://orcid.org/0000-0001-7315-8739
https://orcid.org/0000-0001-9181-8438

6930

prehensive discussion about the interplay of aerial IRS in
multiple-input multiple-output (MIMO) NOMA networks,
as well as its architecture, functionality principles, and
performance gains. For instance, aerial IRS (AIRS) can pro-
vide flexible deployment and full-angle panoramic reflection
(360A°) [15]. In [16], the authors formulated a robust secrecy
rate maximization problem to enhance the security gain with
aerial RIS reflection and jamming. In [17], the authors inves-
tigate the use of RSMA with finite blocklength codes in such
networks and focus on joint optimization of 3D coordinates
of the UAV/RIS and phase shift matrix at the RIS.

To face the highly dynamic environment and exploit the
potential of IRSs in multiple access networks, solutions
based on machine learning (ML) have been investigated
over the years. In particular, the long short-term memory
(LSTM) technique is a variant of recurrent neural net-
work (RNN) and has been explored due to its potential
to predict sequential patterns by recursively forwarding the
previous information to the memory [18]. This fact, makes
LSTM specialized in extracting resources from the dynamic
environment.

A. Related Works

Research efforts have been carried out in the field of
LSTM-enhanced wireless networks. The work [19] explored
an LSTM-based algorithm in a NOMA network to detect
the channel characteristics automatically. In [20] and [21],
an LSTM was used to extract the sequential correlated features
from the channel information to reduce the energy consump-
tion of the network and to eliminate the need for the use of SIC
for uplink and downlink for RSMA networks, respectively.

Related to the RIS/IRS field, the work [22] investigated
an IRS-MISO NOMA. The authors adopted an LSTM-based
algorithm for predicting the mobility of users, a K-means-
based Gaussian model for user clustering, and a deep
Q-network (DQN)-based algorithm for jointly determining the
phase shift matrix and power allocation policy. In [23], the
trajectories and NOMA decoding orders of robots, phase-shift
of the RIS, and the power allocation of the AP were opti-
mized via LSTM and dueling double deep Q-network (D3QN)
algorithm. In [24], a deep learning (DL)-based channel estima-
tion method using a convolutional LSTM model was proposed.
The algorithm exploits the characteristics of spatial features
and temporal features of a time-series dataset to predict
channel features. The authors [25] explore satellite-aerial-
ground networks and aerial RIS to reflect the uplink signals
from the ground devices to high-altitude platforms. The system
ergodic sum-rate is optimized by exploring LSTM-deep deter-
ministic policy gradient (DDPG) algorithm. In [26], LSTM
and convolutional neural networks were combined to predict
the locations, line-of-sight (LoS), and no line-of-sight (NLoS)
status of the users. In [27], an LSTM-based algorithm was
proposed to perform decision-making by using data about
channel state and RIS’s energy harvesting. The LSTM uses the
current configuration of the IRS, the BS’s transmission power,
and the receiver’s location as input in the training phase.
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In [28], the authors proposed an LSTM-based algorithm to
control the phase shift in the terrestrial RIS-aided systems. The
algorithm exploits and learns temporal variation of channels
from past pilot sequences.

By exploring UAV-enabled wireless networks, [29] pro-
posed an algorithm based on Kalman filtering and LSTM
to improve the beam tracking accuracy and spectrum effi-
ciency, while reducing the overheads of high-speed railway
wireless networks. The authors in [30] proposed a method
by combining DDPG and LSTM to minimize the total energy
consumption of the UAV and maximize the system throughput
and the total harvested energy. In [31], the authors proposed
an LSTM-based method to predict cellular traffic. The authors
in [32] performed a data preprocessing of the spatio-temporal
parameters such as longitude, latitude, altitude, and time.
Then, an LSTM-based model is applied to predict the UAV’s
position. The works [33], [34] also explored problems related
to the UAV trajectory, in which an LSTM-based layer was
used to optimize trajectory and velocity by predicting the
time-varying energy harvesting and channel conditions.

B. Motivation and Contributions

Although the aforementioned research contributions have
provided solutions for AIRS or TIRS with different mul-
tiple access techniques, there is some published work that
specifically investigates the integration of AIRS in RSMA
networks. In particular, in [9], expressions for the approxi-
mate cumulative distribution function of common and private
stream signal-to-interference-plus-noise ratios (SINR), and the
average outage probability were derived. In addition, by using
an iterative algorithm, the power allocation coefficients in
each time slot of UAV flight duration are obtained. In a
similar vein, the work [35] investigated a RIS-UAV-aided
RSMA network. RSMA parameters, 3D-coordinates of the
aerial RIS, and phase shift matrix at the RIS were jointly
optimized by using a heuristic approach for optimum power
allocation. In [36], a two-user scenario was explored and
just beamforming was optimized. Although recent work has
investigated AIRS-RSMA systems, the effects of the dynamic
environment are still not clarified, and machine learning (ML)-
based solutions such as the powerful LSTM technique have not
been explored. In order to fill out this gap in the literature,
this paper investigates downlink AIRS-aided multiple-input
single-output (MISO) RSMA (AIRS-RSMA) networks, taking
into account the effects of imperfect SIC in the environ-
ment. In contrast with [36], where a two-user scenario was
explored and only beamforming was optimized, this work
explores a multiuser scenario, for both static and dynamic
user movement, in which beamforming at BS, the trajectory
of the UAV, and the phase-shift of the AIRS were optimized
by combining conventional optimization method and machine
learning approaches. Further details and the main contributions
of this work are summarized as follows:

¢ A beamforming design is proposed under the assumption

of imperfect SIC for multiuser scenarios. In particu-
lar, an optimization problem is formulated in order to
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Fig. 1. Tllustration of AIRS-RSMA network with two groups of users.

maximize the total achievable rate by optimizing the
transmit beamforming at the BS and common rates to
the users. The optimization problem is converted into a
semi-definite program (SDP) problem and an alternating
optimization (AO)-based method is used to design a
suboptimal algorithm.

e LSTM-based algorithms are developed to accurately
design the trajectory of the UAV and the phase-shift of
the AIRS, taking into account the centroid of each user
group. To improve the achievable rate of the system, two
learning policies are proposed, in which the scenarios
with static and dynamic users are explored. Then, two
LSTM-based networks are employed to predict the next
positions of the UAV and the efficient phase-shift of
AIRS.

o The UAV is configured to follow a new trajectory, aiming
to maximize the total achievable rate of the system, while
the phase-shift is optimized to maximize the sum-rate of
each group. At each time step ¢, the UAV assumes a
new position, calculates the instantaneous sum-rate, and
compares it with the sum-rate obtained at time ¢ — 1.
If the sum-rate at time ¢, is lower than that at time ¢t — 1,
the UAV reverts to its previous position and recalculates
a new position to maximize the total achievable rate at
time ¢ 4 1.

e Training and test results are presented to demonstrate the
potential of the proposed scheme, as well as numerical
simulation results. The results show that the proposed
models efficiently predict the UAV’s trajectory and
phase-shift vectors to maximize the sum-rate of the
systems for static and dynamic scenarios.

II. SYSTEM MODEL

Consider a MISO-RSMA downlink network where one base
station (BS) equipped with N antennas communicates with G
clusters composed of U single-antenna ground users. Users
are clustered based on their channel gain and distance from
each other [37]. To this end, the principles of K-means are
exploited. For simplicity, we assume that each group consists
of K users, i.e., U = GK. Due to the blockage, it is assumed
that there is no direct link between the BS and the k-th user
of the g-th cluster, in which £ € K = {1,--- ,K} and
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g€ G={1,---,G}. Thus, an IRS with L reflecting elements,
denoted by £ = {1,--- , L}, is deployed at the UAV to enable
communication between the BS and the users. In addition,
it is assumed that the UAV continuously flies with a constant
velocity in a 3D plane. Note that the beamforming at BS,
the phase-shift matrix of AIRS, and the UAV trajectory will
be explored in depth in the following sections. The proposed
method is versatile and with great potential for adaptability,
trained to enable and enhance communication in two scenarios.
In the first scenario, it is assumed that the users are arranged
in a static way, while in the second scenario, the users are in
constant mobility in a delimited area.

Based on RSMA principles, the message intended for k-th
user within g-th group is split into a common part, sg,, and a
private part, sgk, [1]. Specifically, the messages of each user
within each group are encoded together in a common stream
sy = (Sg1,""* ,8gx), using a codebook shared by the k-th
user of the g-th group, while the private parts are encoded
independently into private streams SZ - 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

=y (pgﬁsg + Zpgk\/@sﬁk) ec™ )

g=1

where the vector of symbol streams to be transmit-

ted to the g-th group can be denoted by s, =
[sgag,sglozgl,--~  Sgrcgr]t € CHEFTDXL wwhere ot and

. are, respectively, the power allocation coefficients for the
common and private messages in which ag + Zkl,(zl 045 s =1
Py € CN*1 denotes the beamforming vector of the common
message serving all users within g-th group and pZ s € Cchx1
represents the beamforming vector of the private message for
the k-th user of the g-th group. For notation simplicity, the
precoding vectors intended for the g-th group are reexpressed
by Py = [P, Ph, s Pokl € CN*(E+1D) | where P, stands
for the beamforming matrix of the g-th user group.

The channel gain links between the BS and the AIRS, and
the AIRS and the k-th user of the g-th group can be written,
respectively, as

H=/gHe """, )

and
hy, = \/Bgehgr € CH*1 VR K, Vg€ G,  (3)

where H and flgk denote the small-scale fading, modeled by
the Nakagami distribution, as in [12]. The parameters 3; =
Bod; " and By = d_;’ denote, respectively, the large-scale
average channel power gain between the BS and the AIRS,
and the AIRS and the k-th user of the g-th group, in which
Bo symbolizes the gain parameter. The parameters d; and dgp,
mean the distance between the BS and the AIRS, and the AIRS
and the k-th user of the g-th group. In addition, v refers to
the pathloss exponent. Based on three-dimensional Cartesian
coordinates, the location of the UAV can be represented by

(z},y}, 2}) and the location of the k-th user within the g-th
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group at the ¢ time step by (z,,,y;,0), the distances d; and
dgi can be given, respectively, by

df = (o~ + o 92 + ()2 @

and

de = (@l = 2402 + (f — )2 + (D2 6

For each time step ¢, the UAV chooses a new position to cross
according to the centroid of each group. Since the users are
in mobility, their distances are also recalculated in each time
step. The data related to the distance will be deeply explored
in the following sections, specifically in the trajectory training
subsection.

It is assumed that the AIRS is equipped with a controller
that can smartly adjust the AIRS’s phase shifts. To characterize
the phase shifts, in training step, it is considered that the
phase-shift matrix of the AIRS is diagonal and can be written
as [12] ® = diag[r1e/% kel ... kpet?t] € CEXL,
denotes the phase-shift occurring at r-th element of the AIRS,
in which |k;e7%| = 1 for 6, € [0,27) and [ € £, and &; refers
to the fixed amplitude reflection coefficient. We assume that
K; = 1, as commonly adopted in the literature, i.e., [22], [23].
For practical implementation purposes, we consider that dis-
crete phase shifts are adopted at each element of the AIRS.
Then, each element of the AIRS can take a finite number of
values by uniformly quantizing the interval [0, 27), which can
be expressed as [38]

5 )
ale{;;l,n:071,2,-~-,2b—1}, vie L (6)

where b denotes the bit resolution. The interval in (6) is used
in the training process of our proposed DL models.

In particular, the effective end-to-end (e2e) channel gain
from the BS to k-th user of the g-th group via AIRS is given by

h,, = hfl ®H e CV*. (7

The signal received at the k-th user of the g-th group can
be expressed as ygr = hgix + wg, Where wgy, ~ CN (0, o?)
denotes the additive white Gaussian noise (AWGN) at the k-th
user within g-th group.

In RSMA systems, the SIC technique is used once in each
receiver to separate the common and private messages. After
the common message is separated using SIC, the private mes-
sage of a specific user can be decoded, considering the private
message of the other users as interference. Specifically, 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

. plhgipy| oy o
Tok = K P2 P ) (8)
P2 iz hgrpg;[Pog; +1

where p means the transmit signal-to-noise ratio (SNR).
By considering imperfect SIC, 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 noise.
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Thus, the SINR to decode the private message at the k-th user

of the g-th group is given by

_ P|h9/~cng]k|20‘[g)k

= = ,
plhgep§age + p 375y hgrpy,|2ag; + 1

where € € [0,1] is the coefficient of imperfect SIC. On one

hand, the instantaneous achievable rate of the k-th user of

the g-th group in decoding the common message can be
expressed as

7 ©)

Tor = 10go (1 + vgp)- (10)

On the other hand, the e2e instantaneous achievable rate of
the k-th user in decoding its desired private message can be
expressed as

Toe = loga(1+70,)- (11)

Since the common message is shared amongst all users,
the rate of the common message is formulated as 7y, =
miﬂkeK{T;k} to ensure that all users can decode the com-

mon message. Given the common rate 7¢,, the constraint

S, af < 7, should be satisfied.

Finally, based on the achievable common rate 7¢, and
achievable private rate rgk, the total achievable rate of the
k-th user can be expressed as

gk>

Ryy, = Ty + T (12)
Next, it is formulated a beamforming design for the pro-
posed AIRS-RSMA network.

III. BEAMFORMING DESIGN

Given the considered system model, we formulate an opti-
mization problem to maximize the minimum total achieved
rate via transmit beamforming optimization at BS and achiev-
able common rate at the users, taking into account imperfect
SIC. The optimization problem can be formulated as

max min{Rgi}, (13a)
K
subject to C1: 7y, > > 70, Vk e K,Vge G,  (13b)
=1
K
C2: [[P5]1” + D |IPh|1° < Pt (13¢)
=1
C3: f; >0, (13d)
K
Cd: afy+> ab =1, (13e)
i=1
where T) = [rgq,- - Ty )T denotes the vector of achiev-

able common rate among users within g-th group, which is
optimized together with the precoding matrix Py, and P
refers to the maximum transmit power at BS. Constraint (13b)
ensures that all users can decode correctly the common
message. Constraint (13d) is imposed to guarantee that the
common rate achieved by k-th user of the g-th group is non-
negative.

To solve the problem (13a), we first transform it into its
epigraph form to facilitate the design of a method based on
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majorization minimization. Firstly, we introduce two optimiza-

tion variables, rb = [rp,--- 70 ]" > 0 and Q, > 0. The

g
problem (13a) can be rewritten as

max g, (14a)
P,T,rh, Q,
subject to C'1: Ry > Q, (14b)
C2: A5(Py) + B (Py) = > 76, (140)
=1

C3:C(Py) + Dy (Pg) > 1y, (14d)

K
C4:Tr (P; + ZPZZ) < Piot, (14e)

=1
C5: g, > 0and 7}, >0, (14f)
C6: P, =0, (14g)
C7: Rank(P,) = 1, (14h)

where
ok (Pg) =log, (Phngghia;
K
+ chngfhch‘Si + 1)aVk7v97 (15)
i=1
;k(P 10g2( Z hnggz gk agi + 1>7Vkav9a
(16)
K
C?.(Py) = log, (phng;hfj ale+p Y huP?hlal,
ik

+ thngmhg 1>,Vk,Vg, (17)

=1

Db (P,) = —log, (phgkpghgfkage

4 53 by PP b, 1) as)
i#£k

where PS = pSpS and P, = pgkng, with ¢ € §
and k € K, €, is an auxiliary optimization variable, Tr(+)
denotes the trace of a matrix, and Rank(-) means the rank of
the matrix. Since the elements of constraints (14c) and (14d)
are concave, specifically (15) and (17), while (16) and (18)
are non-convex, the problem (14a) is non-convex. However,
these constraints are expressed in the form of difference of
convex functions. Thus, (14c¢) and (14d) can be rewritten
by their corresponding lower bound functions to tackle the
non-convex parts. In addition, constraints (14g) and (14h)
are imposed to guarantee that P, holds after optimization,
in which the rank-one constraint in (14h) can be tackled by
applying semi-definite relaxation technique. In particular, for
handling the non-convex parts of constraints (14c¢) and (14d),
we use the following proposition.

Proposition 1 [39]: Let a € R'*! be a positive scalar and
f(a) = —(ab/In 2) +log, a + (1/In 2). Tt follows that

—logy b = max f(a), (19)

6933

and the optimal solution to the right-hand side of (19) is
a=1/b.

Proof: Since f(a) is concave, the optimal solution
to the right-hand side of (19) is obtained by setting
d0f(a)/0a = 0. [ |

By applying Proposition 1 in (14a), we transform the
elements (16) and (18) into convex optimization problems.
In the ¢-th iteration, we approximate By (P,) and D}, (Py)
as affine functions by using their corresponding lower bound
functions. Thus, we have the following problems

B (Pg) = Eor(05r), Yk € K, Vg € G, (20)

max
Q;k€R1X1, Q;k>0

Dy (Py) =

max
szeR1X17 Q§k>0

he(hy), Yk € K,Vg € G, (21)

where

fgk(ggk

ng< Zhngmh api+1>

1

— 22
2’ (22)

+ logy (o) +
and

qu
In 2

K
+ /’Zhykszh ap —|—1>
i#£k

gk(g];k) = (phng hqkage

1

1 P —. 2
+logz(gpy) + 1 (23)

According to Proposition 1, when the optimal Pf]t) in the
(t — 1)-th iteration, which is denoted by Pgtil), is obtained,
0y, and g];k can be updated in the ¢-th iteration by solving

c () _ Zgr p (t—-1)p,H p
[ —arggnzgxo ln2< Zhng h, KOy —|—1>
+ logs (05 ) + ﬁaVk cK,Vgeg, 24
and
Qp
(t) = arg ;Il:);xo _ l<ph Pc(t 1)hgka €
K
+pY hy PP~ Dnlob 1)
i#k
+logy(0fy) + 5 Vk R Vg G (25)

Since it is assumed perfect CSI at the BS, (24) and (25) can
be rewritten, respectively, as [39]

-1
e _< Zh (PP 1>hgk%l+1) . (6
and
-1
+thngp (t=pl ai—l—l) . @D

i#£k
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Based on the solution Pg(t_l) obtained in the (¢t — 1)-th
iteration, the global underestimation of By, (P,) in (16) can be
iteratively approximated at the ¢-th iteration. Then, B{; (Py)
can be re-expressed based on its lower bound function, given
by B2 (Py(*~1)) in (28), as shown at the bottom of the page.

In a parallel avenue, in t¢-th iteration Dp w(Pg) in (18) is
replaced by its lower bound. Its correspondmg lower bound
solution is given by ng(Pg(tfl)), shown in (29), as shown
at the bottom of the page.

As a result, the problem (14a) can be expressed based
on its lower bound functions and, therefore, reformulated as
follows

mmax Qq, (30a)
Py rg,rg,QJ
subject to C'1 : ‘0‘ > Qg (30b)

K
C2: AL (PeW) + B (Pe(—)) > Z
(3oc)
c3: Ch(P? W)+ Db (PP (7Y > P
(30d)
K
C4: Te(Pg+ Y PP) < Py, (30e)
k=1
C5: 7y, > 0and rgk >0, (300
C6: P, =0, (30g)
CT7: Rank(Pg) =1, Rank(P},) = 1. (30h)

One can notice that the problem (30a) consists of an SDP
problem. Thus, one can use the AO approach to design a
suboptimal iterative algorithm in order to optimize o qgﬂ ), glq),(f) ,
and P, Vk € K, and Vg € G, at each iteration. If the optimal
matrix solutions to the problem (30a) are rank one, then the
optimal precoders are defined as the optimal solution to the
problem. To verify that the relaxed problem satisfies the rank-
one condition, the following proposition is presented.

Proposition 2: The solution P} of the problem (30a) satis-
fies the rank-one conditions.

Proof: Please refer to Appendix.

Thus, by performing an eigenvalue decomposition on the
solution P;, the beamforming vector that maximizes the
achievable rate is obtained by selecting the principal eigen-
vector. The proposed algorithm to realize the above alternating
optimization is summarized in Algorithm 1. Since P, and ry
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Algorithm 1 AO Algorithm for Beamforming Design in
AIRS-RSMA Networks

1. Initialize: P_Sﬁ) Vg € G, set the convergence index 7 =
10~4, and the number of iteration ¢ = 1;

4. Repeat:
1. In the t-th iteration, approximate B, (Py) and
Dp . (P4) as affine functions by using their corresponding
1ower bound functions obtained by solving (20) and (21).
2. Solve (26) and (27) to obtain p (k) and gp,(f), respec-
tively;
3. With the given Oy ) and Oy

to obtain Pg ). ;

5. Given P_g ), solve (10) and (11) to obtain 7¢
6. Update iteration ¢t = ¢ + 1;
5. Until: Q%) — QN <rort= Tmax,
6. Output: P; = [P;*,P!’;Z], 7o, and 18
Vg € G.

P solve the problem (30a)

D
gk, and Tk’

o> Vk € K and

are optimized, the objective value is non-decreasing and the
convergence of problem (30a) is guaranteed for a sufficient
number of iterations T,.x. On the other hand, the stop criteria
|Q§t) — Qg(t_1)| < 7 controls the convergence of Algorithm 1.

Remark: The complexity of solving an SDP problem is
O(nggy - (maapnly, +m2ynZy, +my)) -log(1/7) [40], where
Mggp 1S the number of semidefinite cone constramts Ngdp
represents the dimension of the semidefinite cone, and T
denotes the accuracy of solving the problem. Since we have
T number of alternating optimization, Mg, = 7 and ngp =
(N +1), the computational complexity of the problem can be
expressed as

7 5 1 1
T-O(T(N +1)% +49(N +1)F +343(N + 1)) - log(-).

€19

IV. PHASE-SHIFT AND TRAJECTORY OPTIMIZATION
WITH LSTM

A. Long Short-Term Memory Networks

LSTM are 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 [41],
[42], [43]. These two types of networks differ from other
neural networks since the network parameters are shared along

0, (pZ

b Py, Vhgap; + 1)

e (t—1)\ _
ok (Pyg )= max - —
gpk(’)>0

bZk(Pg“_”) =

max -

In 2

gzk(t) <phng§(t)hHa EJFPZZ# gkpgl(t)hH ap + 1>

1
c )y 1
+logy(0gr' ) + o Q,Vk e K, (28)

o, (>0

In 2

1
1 P (t)
+logy (09, ") + m Q,Vk e,
(29)
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Fig. 3. Architecture of the proposed system.

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 RNN analyzes correspond to a time interval §, 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 1®, 6®
and f F(t) respectively, and &, C and h, correspond to the input,
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. Trajectory

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

_ t t t tot,t tot,t
ST— Ty, Yrs 2y E le, E R .

k=1

(32)

As shown in Fig. 3 the St is represented by the sensor
data where there is a GPS, an AIRS and also an IMU. The
information from these sensors will feed two AI modules,

6935

TABLE I

THE PROPOSED CUSTOM RNN ARCHITECTURE HYPERPARAMETERS
FOR Al TRAJECTORY MODEL

Layer Output  Hyperparameters
INPUT S5x1
LSTM_1 600 N, = 1440000;

Ny, = 1803; optm=ADAM

FC OUTPUT 3 loss=Mean Square Error

Algorithm 2 The Proposed Training Model Phase of
Section IV-B
Require: e=1,..., N, LST M, = 600,
1: // Build the Deep Learning Model
2: fore=1,...,N do
3: model[0] — input
4: model[l] — LSTM,
5: model[2] — FNN
//Compile Model
model < Loss = Mean Square Error
model <+ Optimizer = Adam
//Train Model

8: model <— Dataset
//Score model evaluation and save it
9: results < model.save

10: end for=0

the module for trajectory prediction and the module for
phase-shift prediction (the second module will be explained
in Section IV-C). As for the trajectory Al module, 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
the network are shown in Table I and Algorithm 2, where N,
denotes the amount of neurons in each layer, the input is equal
to 5 which represents the current 3D UAV position (x, y and z)
and the sum-rate experienced by each group. The model was
implemented using Matlab with Deep Learning Tool Box asso-
ciated. 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.

When this position is generated by the trajectory Al module,
this result will feed the drone’s velocity controller so that
it can adapt its current speed until it reaches the desired
destination. This controller extends a proportional—integral—
derivative (PID) controllers, where the variables change
depending on the type of UAV, the UAV’s velocity calculation
on the three axes were based on [44], where:

(®) () (®)

eP’ = gP —cP , (33)
and
(t)
= [l(e@ I, (34)
() . -~ (1)
where eQ) ~ represents the error position, g@ ~ the goal

.. ~ (T .. . . ~ (T
position, cQ( ) the current position at time instant ¢, and e D

. . . - (t
is the distance error position eQ(
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With (33) and (34) it is possible to normalize the error as
follows
ep(t)
eb(t)

A (t)

eN" = 35)

where e N @ is the error normalized. If the distance is lower
than a certain threshold, 7 (in this work, the threshold value
is set to 7 = 5 meters, obtained by calculating the Euclidean
distance for the coordinated x and y), (36) is activated.

D(t) SF
~ (t ~ (t
0" = " (e ) 7 (36)

T

where UQ(t) is the velocity vector and SF is the Smooth
Factor (the SF was set to 2 [44]). If the distance is higher
than 5 meters (threshold), (37) is then used.

0" — N

=eN

In (37), PMYV = 2 denotes the Param Max Velocity.

In this way, it is allowed to dynamically vary the UAV
speed depending on the UAV distance in relation to the desired
destination without any sudden changes regarding the UAV’s
acceleration.

The Command Multiplexer module subscribes to the manual
topic controlled by a human and the trajectory Al module and
prioritizes the manual topic in order to increase the safety of
the UAV’s navigation.

PMV. (37)

C. Phase-Shift

While the AI module in section IV-B predicts the next UAV
position, this section will describe how the phase-shift for
each user group is optimized. In particular, the observation
space used as input to train the LSTM consists of UAV
position, a phase vector, and the data related to the centroid
of each group. In the training process, the phase-shift of
the [-th element of the AIRS is chosen from an action set.
Specifically, a set of actions is created, which is composed
of different phase vectors of size L resulting from the per-
mutation of possible values in (6). Then, at each instant of
time t, the system takes an action from the action set. In the
end, for each group of users, the action that maximizes the
sum-rate is chosen. Therefore, we obtain the phase change
that maximizes the rate of each group for a specific UAV
position. This phase vector, also called action set, is used
as input to the LSTM, as well as the UAV position and
the coordinates of the centroid of the g-th group. Then,
the observation space for phase shift optimization can be
expressed as

Si = [1';72/;,2?755;73/;79;1 o Q;L} . (38)

where 2 and yg denote the coordinates x and y of the centroid
of the g-th group and 67, denotes the phase of the [-th element
of the AIRS.

To generate the AIRS’s next phase-shift, the parameters
that were used to train the network are shown in Table II
and Algorithm 3, where the input is the current phase-shift,
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TABLE I

THE PROPOSED CUSTOM RNN ARCHITECTURE HYPERPARAMETERS
FOR Al PHASE-SHIFT MODEL

Layer Output  Hyperparameters
INPUT 65x1

LSTM_1 600 N, = 1598400;
LSTM_2 600 Ny, = 2882400;

Ny, = 36060; optm=ADAM

FC OUTPUT 60 loss=Mean Square Error

Algorithm 3 The Proposed Training Model Phase of
Section IV-C
Require: e=1,..., N, LSTM,; = 600, LST M5 = 600,
1: //Build the Deep Learning Model
2: fore=1,...,N do

3: model[0] — input
4: model[l] — LSTM,
5: model[2] — LSTM,
6: model[3] — FNN

//Compile Model

7: model «— Loss = Mean Square Error
8: model <+ Optimizer = Adam
//Train Model
9: model «— Dataset
//Score model evaluation and save it
10: results «— model.save

11: end for=0

the current UAV 3D position and the coordinates ¢ and yg of
te centroid of the g-th group (65 values), the output is the next
predicted phase-shift and /N,, denotes the amount of neurons
in each layer.

While in Section IV-B only one LSTM layer was used to
build the model, in this section, as the network input is larger,
it is necessary to increase the size of the network’s LSTM
layer. As mentioned in [41], it’s better to split the LSTM
layer into more than one to improve performance and reduce
the complexity of the network, making the model more tiny,
rather than increasing the size of just one LSTM layer. Another
advantage of making the model more tiny is the ability to run
these algorithms directly on the UAV, making the response
action faster than sending and receiving the information via
the cloud [45], [46].

V. RESULTS

In this section, simulation results are provided to evaluate
the performance of the proposed method. It is considered a
scenario with N = 4 antennas at the BS and K = 3 single-
antenna users per group, which are positioned in a cell of
radius of 200 m. The UAV continuously flies, following the
height range 20 < z < 60 in meters, and an IRS with
L = 60 reflective elements is fitted to the UAV. In particular,
it is assumed b = 2, v = 2.2, a5 = 0.9, ol = 0.05
Vk € K, 7 = 1073, Tiax = 103, and By = 1000. The
parameter (3 is adjusted based on the desired performance of
the receivers [47]. For AIRS-NOMA scenario, it is considered
agr = 0.7, aga = 0.2, and a3 = 0.1. When not specified,
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Fig. 4. Generating the observation space.

the value for SNR is set as 40 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 Sec-
tions IV-B and IV-C. By exploring the static scenario, Fig. 4a
depicts the AIRS’s trajectory in the training process based on
the learning policy to find the centroid of the static user groups,
as described in Section IV. In this figure, one can see that the
UAV explores 50 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 ¢. Then, an observation space is generated by considering
the data obtained for each starting point, as expressed in
equations (32) and (38).

Similarly, Fig. 4b shows the training process, but now
exploring the dynamic scenario. The learning policy is for-
mulated by considering that the users are in movement, and a
new observation space is generated. The observation spaces are
used as input to the LSTM networks to predict the trajectory
and phase-shift. In addition to the static and dynamic user
group data that feeds the LSTM individually, further training
was carried out in which this data (static and dynamic) is
grouped together and fed into another LSTM network to also
evaluate this information.

As the model for predicting the phase-shift is more complex
than the model for predicting the trajectory (trajectory network
returns 3 output values, while the phase-shift network returns
a vector of size L, where L > 3), the number of epochs of the
phase-shift will have to be higher in order to have an algorithm
that can learn and predict with good performance. Thus, the
model in Section IV-B has a number of epochs equal to 200,
while the model in section IV-C was set to 500 epochs. The
results can be observed in Figs. 5 and 6.

As can be seen in Figs. 5 and 6, the model that predicts the
trajectory manages to converge more quickly than the model
that predicts the phase-shift. This is due to the complexity
of the network’s input values, where the first model only
needs five variables, and the second needs an input 13 times
larger to predict the phase-shift. The other reason for the
difference in convergence has to do with the complexity of the
network, where the second model has approximately 5 million
parameters to optimize, while the first is almost 5 times
smaller.
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Fig. 6. RMSE and loss training results for phase-shift model with the static
and dynamic group movement.

In terms of RMSE and Loss for the trajectory models, the
static model has an RMSE of 0.171 with a training loss of
1.46%, the dynamic model has an RMSE of 0.168 with a
training loss of 1.42% and the mix model (static and dynamic
together) has an RMSE of 0.164 with a final loss of 1.35%.
Although the results are very close, it is possible to recognize
that the results of the model that uses static and dynamic
information to predict the trajectory are better compared to the
other 2 models in the training phase. This is due to the fact
that the other 2 models were only trained with one type of data
(either only static information or only dynamic information).
In addition, it is also possible to observe the peaks in both
figures due two possible reasons: the regularization put in
place during the training phase (L2 regularization method) and
the attempt to converge on a minimum (local or global).

As can be observed in Fig. 6, although both models (static,
dynamic, and mix) converge throughout the training phase,
it can be concluded that using both pieces of information
(static and dynamic) to predict the phase-shift of the AIRS
makes the model less effective at predicting it, having a RMSE
higher than 1.4, while models that only use one type of
information manage to be below 1 in RMSE. Concerning the
models that only use one type of information, the results are
quite close, but the dynamic model achieves better results.
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Fig. 7. Performance comparison static scenario with p = 40 dB and € = 0.1.

B. Performance Analysis

In order to demonstrate the potential of the proposed meth-
ods, this subsection provides testing and performance results
for each investigated scenario. Fig. 7 depicts the trajectory
of the UAV (Fig. 7a) and the sum-rate versus the episodes
(Fig. 7b and Fig. 7c) in the proposed AIRS-RSMA network for
a static scenario. The analysis considers both non-optimized,
where a random precoder is used, and optimized beamforming
approaches. For comparison, the AIRS-NOMA scheme is also
plotted. The AIRS-NOMA scheme shows lower performance
gains, as it is more susceptible to errors caused by imperfect
SIC. In contrast, the AIRS-RSMA scheme can reduce and
control decoding errors by adjusting the split of the common
and private messages. By employing optimized beamforming,
higher performance gains are achieved due to the capacity to
redirect the signal, providing an adaptive beam between the
BS and AIRS.

Fig. 8 shows the trajectory of the UAV (Fig. 8a) and
the sum-rate versus the episodes (Fig. 8b and Fig. 8c) for
a dynamic scenario, considering both optimized and non-
optimized beamforming. It is evident that the application of
optimized beamforming results in better and more stable rate
gains throughout the episodes. Furthermore, in this scenario,
the AIRS-RSMA network also outperforms the AIRS-NOMA.

Fig. 9 investigates the total sum-rate for the static scenario
versus the transmit SNR. To compare the performance between
the proposed DL methods, the joint dynamic-static (dyn-sta)
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Performance comparison dynamic scenario with p = 40 dB and

and static (sta) models based on combining data from all
user groups (gl-g2) are applied to predict the phase-shift (PS)
and the trajectory (Traj) of the UAV. One can see that the
static model achieves superior gains in terms of sum-rate when
compared with dyn-sta model. In particular, when the SNR is
35 dB and € = 0.1, the static method achieves a performance
of 23.7 bits/s/Hz, while dyn-sta can reach 20.1 bits/s/Hz. Since
the combined model uses data from both static and dynamic
scenarios, the UAV may follow a parabolic trajectory when
it is not needed. Additionally, it is observed that the impact
of the trajectory is greater than that of the phase-shift. This
result is confirmed when the dyn-sta model is applied for PS
optimization and the static model for trajectory optimization.
In this case, the obtained sum-rate shows similar results to
when the static model is used to predict both PS and trajectory.

Fig. 10 investigates the total sum-rate for the dynamic
scenario versus the transmit SNR, in which the joint dyn-sta
and dynamic models are applied. It is evident that the dynamic
model outperforms the dyn-sta model. For instance, when the
SNR is 35 dB and € is 0.1, the dyn-sta method achieves
a performance of 17.7 bits/s/Hz, while the dynamic model
can reach 20.3 bits/s/Hz, representing a performance gain
of approximately 12.8%. Additionally, it is observed that
trajectory prediction also has a greater impact on the dynamic
scenario.

In particular, by comparing the performance between Fig. 9
and Fig. 10, one can see that the static scenario achieves
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Fig. 10. Sum-rate for AIRS-RSMA scheme versus transmit SNR for dynamic
scenario with different prediction models.

superior performance compared to the dynamic scenario. It is
important to mention that the dynamic scenario represents
the worst case. Additionally, the combined model (dyn-sta)
achieves similar performance for both scenarios when the SNR
is 40 dB. This is because the dyn-sta scheme is modeled by
combining data from both scenarios, and the models were
trained considering p = 40 dB. Note that it is possible to
perform the training process for other values.

For a fair comparison, we compared the performance of the
LSTM with the Gated Recurrent Unit (GRU) [48], commonly
used in sequence modeling tasks. Despite their similarities,
there are some differences between LSTM and GRU layers:

o« LSTM has a more complex architecture compared to
GRU: the input gate, forget gate, and output gate. Due
to its more complex architecture, LSTM can potentially
learn more complex patterns and relationships in the
data. It is well-suited for tasks where capturing long-term
dependencies is critical;

e GRU has a simplified architecture with two gates: the
update gate and reset gate. While simpler, GRU can still
learn to capture long-term dependencies effectively.

To validate the comparison of the two architectures, per-
formance comparison were conducted as seen in Fig. 11 and
Fig. 12
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Fig. 11 presents a performance comparison in terms of the
achievable rate for each user group in the static scenario when
the UAV reaches the shortest distance to the centroid of the
user groups. The observation space used to train the LSTM is
also for training the GRU. One can see that both techniques
provide similar performance in terms of rate, which means
both methods have been finding the centroid in a similar
direction. However, the predicted trajectory by LSTM is more
effective in terms of group rate fairness than the one provided
by GRU.

Fig. 12 depicts a performance comparison in terms of the
achievable rate for each user group in the dynamic scenario.
One can see that the LSTM is able to identify the characteris-
tics of the environment more efficiently and is more robust to
the random nature of user movement. Additionally, the UAV
follows a trajectory that aims to benefit both groups, resulting
in better overall performance rates. On the other hand, the
trajectory generated by the GRU provides lower rates and a
lower fairness factor between the groups, demonstrating that
the learning index of the GRU is lower than that of the LSTM.

VI. CONCLUSION

In this work, MISO-RSMA network with multiuser assisted
by AIRS was investigated. We presented the system model and
formulated the beamforming problem, along with its solution.
Our focus was on enhancing the total achievable rate of the
system by predicting environmental characteristics, including
the trajectory of the UAV and the phase-shift of the AIRS
elements. We constructed dynamic and static observation
spaces based on real-time environmental features such as UAV
position, phase-shift vectors maximizing the sum-rate of each
group at the ¢-th time, and total system sum-rate. To yield more
insightful results, we combined the dynamic and static models
to create a third model. Subsequently, we tested the proposed
models on the AIRS-RSMA network, presenting training,
testing, and numerical results for each scenario, which showed
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improved sum-rate compared to non-optimized beamforming
AIRS-RSMA and AIRS-NOMA schemes.

In addition, it has been validated that using static and
dynamic information separately is more effective than com-
bining them when predicting the next position in the trajectory
and forecasting the phase-shift. Furthermore, it has been
revealed that the trajectory has a more significant impact on
the sum-rate than the phase-shift. The results also demonstrate
that the combining model achieves similar performance for
both scenarios.

APPENDIX

To verify if the solution for P, satisfies the rank-one
condition, we first investigate if the obtained solution satisfies
the Karush-Kuhn-Tucker (KKT) conditions. To verify the KKT
conditions, the Lagrangian function of problem (30a) is formu-
lated following a similar approach provided in [39] and [49].
Without loss of generalization, the Lagrangian function of
problem (30a) with respect to P¢* is given by

K
LPS) =3 iylphPo bl o]
k=1

—PST! + X [P — Pul, (39)

where p* and \* are the optimal dual variables associated with
the constraint (30c) and (30e), respectively. Besides, I'} is the
optimal dual variable matrix associated with constraint (30g).
The KKT conditions of problem (30a) are expressed as

C2:PST; =0,
CT4 : )\* [P;* - Ptot] =0.

C1:T: =0,
€3 P -0,

Taking partial derivate of E(Pg*) in (39) and applying the
KKT conditions, we obtain

K
Vg LPG) = Y wglphyrhgiag] ~ T2+ XTIy, 40)
k=1
For /p:- L(PJ") = 0, we obtain
K

T; = XNy — Y pilohghfial],
k=1

(41)

c*
Hg

where H¢* is a Hermitian matrix. Since I'? = A" Iy —Hg" = 0

i~s positive semi-deﬁpite for KKT condition C'1, and \* >

e = 0, in which Afe is the maximum eigenvalue of HE™.
g g

From the condition C2, since A\* > A\J2X, T has a full rank.
g

On the other hand, if \* = ~ﬂ"3§5 and Rank(T%) = N — 1,
we have Rank(P¢*) = 1. Similarly, it is possible to prove that
the solution of sz, Vk € K and Vg € G is rank-one.
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