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Abstract—In this paper, we investigate a deep learning-based
spectral efficiency maximization in multiple users multiple si-
multaneously transmitting and reflecting reconfigurable intel-
ligent surfaces (STAR-RISs) massive multiple-input multiple-
output (MIMO)-non-orthogonal multiple access (NOMA) net-
works, where multiple STAR-RISs are deployed to assist a
base station (BS) in communicating with multiple near and far
users simultaneously. To improve spectral efficiency (SE), we
formulate a joint optimization of the precoding matrix, the phase
shift of reflection and transmission of the STAR-RIS problem
subject to the individual quality of services (QoS) of each user,
maximum power budget at BS and the discrete phase shift. The
formulated problem belongs to the class of mixed-integer non-
convex optimization problem, which is difficult to solve optimally.
We first relax the formulated problem and then transform it into
an equivalent non-convex one but with a more tractable form. We
then apply the inner approximation method to approximate the
non-convex parts iteratively. Towards real-time optimization, we
propose a novel deep learning framework with a convolutional
neural network (CNN) model to predict the downlink SE based on
users’ position information and channel gains. Numerical results
show that the proposed approach improves the SE compared to
the massive MIMO systems with conventional RIS. Besides, the
DL framework for the proposed scheme predicts the optimal SE
within a short time compared to the conventional approach.

Index Terms—Deep convolutional neural networks, inner ap-
proximation, massive MIMO, NOMA, non-convex optimization,
phase shift, spectral efficiency, STAR-RIS.

I. INTRODUCTION

Spectral efficiency (SE) is one of the key performance
metrics in the fifth generation (5G) and beyond 5G [1]. In
massive multiple-input multiple-output (MIMO) systems, a
base station (BS) equipped large antenna array can improve
the SE performance [2], [3]. To provide high SE and large
connectivity in the network, massive MIMO combined with
non-orthogonal multiple access (NOMA) has been realized
in [4], [5]. In [4], massive MIMO-NOMA was investigated
for the uplink channels to improve the number of connected
devices and overall SE while beamforming selection and user
grouping for massive MIMO-NOMA to improve the downlink
SE in [6].

Simultaneously transmitting and reflecting reconfigurable
intelligent surface (STAR-RIS) has recently proposed to
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achieve 360" wireless coverage and improve network perfor-
mance by using both sides of the surface [7]. However, in
the context of the SE improvement, the analysis has been
restricted to a single STAR-RIS. Moreover, recent works have
not investigated the impact of multiple users multiple STAR-
RISs on the massive MIMO-NOMA networks, which brings
several technical challenges related to the system’s complexity.

On the other hand, convolutional neural network (CNN) has
gained significant attention recently since it can effectively
solve various problem in wireless communication systems [8],
[9]. Due to its accuracy in predicting high non-linear functions
at low complexity, it has been studied for a wide range of
applications in wireless networks such as beamforming opti-
mization [10], power allocation [11] and channel estimation
in cellular massive MIMO systems [12]. The CNN can help
to predict the optimal solution in real-time settings in wireless
communication networks since the deep CNN with multiple
convolutional blocks effectively gathers the highly relevant
features of each block at multiple signal input resolutions [13].
In this paper, we investigate a spectral efficiency problem in
multiple users multiple STAR-RISs massive MIMO-NOMA
networks, where multiple STAR-RISs aim to enhance the
system performance, accompanied by an efficient deep convo-
lutional neural network evaluation approach. The benefits of
implementing a CNN, STAR-RIS, and massive MIMO-NOMA
networks due to a large number of STAR-RIS and users can
reduce the processing time and complexity, also promising to
achieve optimal solutions with high SE. At the same time,
other works have not studied the effect of CNN and multiple
STAR-RISs in massive MIMO-NOMA networks. We briefly
outline the main contributions of this paper as follows:

e« We propose a joint optimization problem of a linear
precoding matrix and phase shift of transmission and
reflection for multiple users multiple STAR-RISs-aided
massive MIMO-NOMA networks to achieve the max-
imum downlink SE. The problem belongs to the class
of mixed-integer non-convex program problem, which is
very challenging to solve globally.

o We propose an iterative algorithm with low complexity to
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solve the formulated problem effectively. Firstly, we relax
the phase shift constraint to be continuous and transform
the formulated problem into a non-convex equivalent
form yet with a more tractable form. We then apply the
inner approximation (IA) method to approximate the non-
convex parts iteratively.

o Towards real-time optimization, we propose a novel deep
learning (DL) framework with a convolutional neural
network model to predict the optimal solution of the SE
maximization problem based on the designed IA method.

o Numerical results show the SE performance improvement
of the proposed scheme over its counterpart with con-
ventional RIS. Furthermore, the proposed DL framework
can predict the optimal solution of the SE maximization
problem within a short time compared to the conventional
approach. Besides, the impact of multiple STAR-RISs
on massive MIMO-NOMA networks is discussed and
evaluated thoroughly.

Mathematical Notations: Small face, boldface lower and
upper-case letters denote scalars, vectors and matrices, re-
spectively. ||.|| denotes the Euclidean norm of matrices. The
complex numbers denote as C, and PR symbolizes the real
part. The circularly symmetric complex Gaussian distribution
denotes as CN (v, A) with covariance matrix A and mean v.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

Let us consider a downlink of multiple users in multiple
STAR-RIS massive MIMO-NOMA networks, where a base
station (BS) with Mpgs > 1 antennas transmits its message
to N near users (U,) and F' far users (Uy) with My and
ME > 1 antennas assisted by K STAR-RISs (R) using NOMA,
as shown in Fig. 1. The considered cell is assumed to be

lfi Edge Computing

STAR-RIS I

Fig. 1. The proposed multiple users massive MIMO-NOMA systems with
multiple STAR-RISs.

divided virtually into two zones, the near zone and the far
zone. The BS is located in the center of the cell and connected
to edge computing for offline training deep learning model
while STAR-RIS is deployed randomly at the edge of the
near zone. A set N = {U,,n=1,--- N} of near users are

deployed randomly in the near zone or front of the STAR-RIS,
where aset F = {Uy, f =1,--- , F'} of far users are deployed
randomly in the far zone or behind STAR-RIS. Moreover, only
U,, has direct links to BS, whereas no direct link between BS
and U due to human or natural-made obstacles. It is important
to note that the channel condition of near users in the near zone
and far users in the far zone is different due to the radius of
near zone d and far zone D. The STAR-RIS works in mode
switching (MS) protocol, allowing each element to operate
in either full reflection or transmission mode [14]. Thus, the
STAR-RIS is equipped with two main parts: the first part is
transmitting L, and the second part is reflecting L, elements
to help the users in far and near zone, respectively. Besides
that, we also consider the phase shift amplitude of transmission
and reflection to be ideal (i.e., Ky = Kk, = 1).

The signal from BS to U,, and Uy can be expressed as

N F
x:Zann—i-Zchf, (1
n 7

where W,, and W; € CMesxd denote the linear precoding
matrices from BS to n-th U,, and f-th Uy, respectively; ¢, €
C¥! and ¢; € C?¥! denote the (d x 1)-element downlink
data signal for n-th U,, and f-th U, respectively; and d is
the number of data streams transmitted for U,, and Uy, with
1 S d S min{Mgs, MN, MF}

The equivalent channel gains from BS to U,, and U (I:IB,n,
Hg ;) can be expressed, respectively, as

K
Hg,(0) =Hgy, + > Her,O:Hg, u,, (2)
k
K
Hg ;(V) = > Hsg, ViHg,, v, 3)
K

where Heraun € (CLTXMN, HB,Rk S CLXxMBS, X £
{r,t}, Hgy, € CMv<Mss and Hg, y, € CF>Mr de-
note channel gain from k-th STAR-RIS with reflection el-
ements to U,, BS to k-th STAR-RIS, BS to U,, k-th
STAR-RIS with transmission elements to Uy, respectively.
O denotes the phase shift matrix of k-th STAR-RIS with
reflection elements with the diagonal reflecting matrix being
O = diag(k10r,1, K2dr,2, "+, Krdk,L,), Where ¢p 1 =
el%Lr with 0. € (0,27] denotes the phase shift of
reflection elements on the k-th STAR-RIS. V¥, denotes the
phase shift matrix of k-th STAR-RIS with transmission el-
ements with the diagonal transmission matrix being U, =
diag(m,ék?l, 525&2,"' , Iittsk-th), where 5k,L,, = eIV¥k.Ly
with ., € (0,27 denote the phase shift of transmission
elements on the k-th STAR-RIS. The channel gains H =
verH, H € {Hgy,,HsR,,Hr, u,,Hr,, u,}, Where pj
denotes the large scale fading and H denotes the small scale
fading matrix both generated with distribution CA/(0,1) [15].
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The received signal at U,, and Uy can be expressed, respec-
tively, as

I:IB,n(@)ann + Z I:IB,n(G W Gns

n'€N\{n}

+> Hg(0)Wycs +m,, )
feF

He ;(1)Wysp + Y He f(1)Wycp

Frer\{f}
+ Z I:IBJ(\I/ W6, + ny, (5)
neN

Yn =

Yr =

where n,, and ny are noise vector at U,, and Uy with variance
on and o} and zero-mean, respectively. By following the

principle of successive interference cancellation (SIC), the

SINR at U,, to eliminate the U’s message can be expressed
as
Hg,, (©)W|?
W, 0 P WO (6)
W W0 =5 w.e)
where
®n,f(W,0) Z HHBn nH2
neN
+ Y Hea(@Wp*+on. ()
frer\{f}

Furthermore, the U, by using SINR can decode its own
message, which can be expressed as

[Hgn (©)W,, |2
v (W, 0 bl X0 ALY 1 8
( )= Z.(W,0) (®)
where
En(W,0)= Y [Hs.(0)W,|?

n’€N\{n}
+ > [He o (©)W|* + 07 9)

feFr

The Uy by using SINR can decode its own message directly,
which can be written as

| Hg,; (T)W, |2
U _— 1
YWY = (10)
where

Z”HBJ‘ YWa|?
neN
+ > Bef(Wp |2 +0F. (D)
freF\{f}

The downlink spectral efficiency of U,, and U; in nat/sec/Hz
can be written, respectively, as

R, (W,0) =In(1+~(W,0)), VneN, (12)
Ri(W,¥) =In(1 4+ (W,¥)), VfeF. (13)

B. Problem Formulation

Let us consider the joint design of linear precoding matrix
W and phase shift of transmission O and reflection ¥y, at
STAR-RIS, which will be combined to maximize spectral
efficiency. The goal is to maximize the spectral efficiency in
the network subject to individual quality of services (QoS)
and maximum power budget at BS by jointly optimizing the
linear precoding matrix, phase shift reflection and transmission
of IRSs, which can be formulated as

max Ry £ > Ra(W,0)+ ) Ry (W, ¥), (l4a)
o neN feFr

st. Ro(W,0) >R, VneN, (14b)

Ri(W,¥) >R;, VYfeF, (14c)

[[Wa| |2+ [[W][? < PRE™, (14d)

(Qk’lr‘o < Gk,lr < QW},V/C eK, Il €L, (14e)

(V11,10 < iy, <27 ,Vk € K, Iy € Ly, (14f)

where (14b) and (14c) indicate the QoS of each user guar-

anteed by predefined thresholds for U, R, > 0 and U ¥
Rf > 0. Constraint (14d) indicates the total power of all
UEs, which is constrained by the maximum power budget at
the BS. Constraints (14e) and (14f) denote the phase shift
of reflection and transmission elements of STAR-RIS that
have discrete values. Clearly, the objective function (14) is
non-convex subject to mixed-integer constraints. Since the
precoding matrix, the phase shift of transmission and reflection
at STAR-RIS are coupled, the formulated problem in (14) is
difficult to solve optimally. Thus, we propose a low-complexity
iterative algorithm to solve the formulated problem (14), which
will be explained in the next section.

III. SPECTRAL EFFICIENCY MAXIMIZATION ALGORITHM

It is very challenging to solve problem (14) optimally since
W, © and ¥ have a strong couple so that it is only possible to
use exhaustive search to find the optimal solution for the prob-
lem (14) which has very high computational complexity. In
fact, when the number of BS antennas, the number of STAR-
RIS with the number of elements and the number of users
with multiple antennas increase, the computational complexity
value of exhaustive search will increase exponentially. Based
on mentioned above, we are motivated to propose an algorithm
to solve the formulated problem (14) with low computational
complexity.

Firstly, the standard way to tackle the discrete properties
in problem (14) to be more tractable is by relaxing the dis-
crete properties into continuous properties. Thus, the relaxed
problem of (14) can be rewrite as

Jnax. Ry 2 ) Ra(W,0)+ > Rp(W,0), (15a)
neN feF

O, € [0,27],Vk € K, 1, € Ly, (15b)

Yra, €[0,27),Vk € K, I, € Ly, (15¢)

(14b), (14¢), (14d). (15d)
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We introduce new variables = £ {Z,,Z;},en fer and
r = {rn, 7} nen, rer, where =, and =y, and 7, and ry;
denote soft data rates and SINRs of U,, and Uy, respectively.
Next, we transform problem (15) into an equivalent non-
convex one with a more tractable form. Thus, the equivalent
of the problem (15) can be rewritten as

Wi, Ry & gf” + ;m (162)

5 (W,0) > 1/Z,, Vne N, (16b)

V¥ (W, W) > 1/Z;, Vf € F, (16¢)

In(l+1/2,) >r,, Vn €N, (16d)

In(1+1/Z5) >y, Vf € F, (16e)

Tn > Ry, Vn e N, (16f)

ry >Ry, Vf € F, (162)

(14d), (15b), (15¢). (16h)

We introduce new variables ( € {Cn,Cf} ( {¢ >0}
which satisfy the convex constraint |[Hg,,(¥)W,|> < (.

and |[Hg, ;(¥)W;||> < ¢;. By following the TA method, the
problem (16) can be approximated at (x + 1) iteration as

(k) &
welE R Z Ty + Z Tr, (17a)
neN feF
|Hg,, ()W, ||2 < 0y VR €N, (17b)
[He s (0)W|* < (5, Vf € F, (17¢)
£(K)
n Wa 9
S (W.0.0) _ s (w, @), (17d)
(k) W. 0
M < f("f)(w \I/) (17¢)
=f
n 1+ 2 i T = >,
75, S04
(171)
1 1 =
) T 1+E 2P+
(17g)
(14d), (15b), (15¢), (161), (16g), (17h)
where

20 { (Hle. . (O)W(?)" (He  (O)W,) | — e, (@)W,
< [Hen(O)W, [ £ £ (W, 0), (18)
29 { (Fla, (W) W) (Hle s (V)W) | — |[Fla, (1) W (|
< [ (W)W > £ £ (W, 0), (19)
> Hen@Wul 02+ Y Gu

n’€N\{n} freF
< [He o (©)W,||* £ £,(W,©,(),

> M (MWel® +0F+ > Crm
freF\{r} n'eN
< |[Hp (D)W [* £ £6(W, 0, Q).

(20)

21

When solving problem (17), we achieve the optimal solution
of 0, and v;, which have non-integer values. So, the
optimal solution obtained from problem (17) is not feasible
for the original problem (14). To overcome this problem,
we propose a rounding function after obtaining the optimal

solution to the problem (17) as
Y =YW —1/2], Y € {04, T}, k€K, (22)

Finally, we summarize the proposed low-complexity iterative
algorithm to solve the SEM problem (14) in Algorithm 1.

Algorithm 1 Proposed IA Algorithm for solving spectral
efficiency Maximization (14)

1: Initialization:
Set (W*, ©*, U*) + 0, and generate initial feasible point
with a random value (W(O), OO, wO=©) ¢y for (17).
2: for k =0,1,2,--- do
. Solve the convex problem (17), to find (W*, ©*, ¥*
=(x) C(*))
4 Update (WD @letd) plstl) Z(rtl) ¢(mtl))
(W*, @*, \I/*, '—(*), C(* )
5:  if Convergence then
6: Break;
7. end if
8: end for
9: Round up the 0pt1mal solutlon (©*, ") based on (22);
10: (W*, 0%, T%) + (W) 9 ),
11: Based on (W*, ©*, U*) calculate Ry~ in (14a).
12: Output: Optimal solution (W*, ©*, U*) and Ry-.

IV. DEEP LEARNING DESIGN FOR THE SEM PREDICTION

In this section, we introduce the proposed DL framework
to predict the optimal solution of SEM consisting of offline
training and online predicting, as shown in Fig 5. The pro-

Algorithm 1 HOptimal solution

Output CNN

Problem (17)

Input parameters

Learning CNN model
* Error

Minimizing error by update model parameters (biases and weights)

(a) Training

[ Problem (17) H Trained CNN model H Desired Solution

(b) Predicting
Fig. 2. The proposed DL framework with CNN model for SEM problem

posed DL framework takes the CNN model as the underlying
technology since the parameter sharing adopted in the CNN
can reduce the number of the learned parameters compared to
a fully connected DNN. Furthermore, CNN is well known to
be effective for extracting features, which will benefit the pre-
dicting optimal solution of SEM problem by using the users’
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position information and channel gains. In Fig. 5(a), the DL
learns to map between input parameters from problem (14) and
target (optimal solution) obtained after Algorithm 1 solving the
problem (14). During offline training, DL keeps optimizing
the CNN model by updating model parameters (weights and
biases) to minimize the error between the target and output
CNN model. The target of the CNN model is generated from
Algorithm 1. The trained CNN model is utilized as a mapping
function to predict the optimal solution online via a quick
inference process whenever the new parameters are available
at the input layer of the CNN model, as shown in Fig. 5(b).
Thus, the computational complexity is transferred to offline
computational complexity for training. After offline training
completed, the computational complexity is transferred to on-
line training, which facilitates the lightweight online execution
of the proposed optimization algorithm.

We consider the input parameters of the DL framework
consisting of users’ position information (geographic and
zone), UP, U;, Uz, ch, and the channel gains from BS to near
users, Hg y,,, from BS to k-th STAR-RIS, Hg r, and from
STAR-RIS to users, Hg, u,,, HRk,Uf. Based on these settings,
the deep CNN model can predict the optimal solution of the
SEM problem in real-time.

w
(S}
14

Input CL BN AC CL BN AC Flatten FC AC  Output

Fig. 3. The proposed CNN model to predict SEM problem.

Fig. 3 illustrates the CNN model to approximate the map-
ping function from users’ position information and channel
gains to predict the optimal solution of the SEM problem.
The proposed CNN model includes an input layer, batch
normalization (BN) layers, convolutional (CL) layers, a flatten
layer, activation (AC) layers, and a fully connected (FC)
layer. In detail, every CL layer comprises several filters that
apply convolutional operations on the input layer, capture
the input patterns, and pass the output to the next layer. A
variety of channel coefficients shares the filter’s parameters.
The primary purpose of the BN layers is to use two trainable
parameters to normalize the output of the CL layers (i.e.,
mean and standard deviation). Additionally, the BN layers can
enable a higher learning rate also decreasing the probability
of over-fitting while AC layers assist the neural networks in
extracting useful information and suppressing the input data’s
insignificant points. In our proposed CNN model, since the
predicted variables are continuous and positive values, we
consider the rectified linear unit (ReLU) is appropriate for the
AC layer. In order for the FC layer to understand the input,
the flatten layer must change the input’s shape into a vector.

—— DL with 2 CLs
—6o— DL with 3 CLs
—a— DL with 4 CLs

RMSE

Epoch

Fig. 4. Impact of the epoch on the DL with a variation of CLs for training.

V. NUMERICAL RESULTS AND DISCUSSIONS

This section evaluates the numerical results of the proposed
scheme and deep learning approach. Simulation parameters
are set as follows: D = 100 m, d = 50 m, L; = L, = 32,
R, = Ry = 1bps/Hz, Mgs = 100, My = Mg = 10,
N =F =4, K =5 and SNR = [-30:10:30] dB. The result of
SE is obtained in nats/sec/Hz, so to get bps/Hz we divide it
by In(2). To solve the convex problem (17), we consider CVX
optimization toolbox and SDPT3 convex solver. We generate
a 20K dataset and divide it into the training and test sets with
a ratio of 90:10. For performance comparison, we consider
conventional RIS at the same location as STAR-RIS, with each
RIS consisting of L,./2 elements to have the same coverage
and a fair comparison with STAR-RIS. The proposed deep
CNN model consists of one input, output, FC, and flatten
layer, two BN layers, three AC layer, and multiple CL layers.
Besides, every CL layer has eight kernels with the size of 3x 3
while each AC layer uses the ReL.U function.

In Fig. 4, we analyze the impact of the epoch on the DL
training loss function with a variation of CLs. The training
value’s root means square error (RMSE) will decrease from
1.57 to 0.19, 1.4 to 0.12, and 1.28 to 0.03 of DL with 2,
3 and 4 CLs when the epoch value increases from 0 to 50,
respectively. The reason is that the DL can update the weights
and biases with each additional epoch [16].

Fig. 5(a) shows the cumulative distribution function (CDF)
of the average SE of the system. As can be observed, the
proposed scheme outperforms the conventional RIS scheme
since it has twice the number of elements to serve the users
compared to the conventional RIS. Besides, the DL can predict
the SE with an accuracy of up to 96.7%. In Fig. 5(b), we show
the impact of the transmit SNR on the average SE. As can
be observed, the average SE will increase when the transmit
SNR increases. The proposed scheme has a better SE than
the conventional RIS; one of the reasons is that the proposed
scheme effectively has a larger element to improve the signal
quality received by users. Again, the DL can predict SE with
good accuracy.
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Fig. 5. CDF of the average SE and average SE versus SNR

TABLE I

APPROACH UNDER VARIATION NUMBER OF USERS

[ Number of UE

[

[12 ] 16 ] 20 |

Conventional [minutes]

9

22

81

DL [seconds]

8
3
1

1

1

1

approach provided a better capability to predict the optimal
value under the suggested approach.
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Finally, the average execution time of the conventional
approach comparing with the DL approach is shown in Table 1.
These results show that the DL approach requires a very
short execution time even the number of users increases. On
the other hand, the conventional approach requires a longer
execution time under the same condition. The reason is that
the DL approach uses a mapping function to predict the
optimal solution to be able to predict the optimal solution
quickly. However, in the conventional approach, when running
Algorithm 1 requires multiple iterations to achieve optimal
solution, so it spends much time compared to the DL approach.

VI. CONCLUSIONS

This paper investigated deep learning-based multiple users
multiple STAR-RISs massive MIMO-NOMA networks to
improve SE in the system. We considered a joint design
optimization of the precoding matrix, phase shift matrix of
reflection and transmission element at the STAR-RIS subject
to the individual QoS of each user, maximum power budget at
BS and the discrete phase shift. Moreover, the low-complexity
iterative algorithm was proposed to solve this problem with
guaranteed convergence at a relatively optimal level. To sup-
port real-time optimization, a DL framework with deep CNN
was proposed to predict the optimal value of SE according
to users’ position information and the channel gains every
link. Furthermore, the proposed approach improved SE over
massive MIMO with conventional RIS. Additionally, the DL
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