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Abstract: The paper presents a novel deep learning algorithm that can be used to cancel the
interference caused by multi-input multiple-output system called MIMO-NOMA. The
proposed method is designed to address the challenges of the traditional SIC schemes, such as
the high computational complexity and error propagation. It utilizes a deep neural network to
directly decodes the signals from each user to the corresponding data. The proposed scheme is
performed through a simulation to evaluate its performance. It shows that it can perform better
than the traditional approach when it comes to signal detection and channel estimation. The
proposed algorithm performs better than the traditional SIC schemes in terms of its bit error
rate. It also maintains low computational complexity.

Keywords: Deep learning, MIMO-NOMA, Successive interference cancellation, Bit error rate,
Softmax.

1. Introduction

Deep learning (DL) is a promising tool for developing data-driven methods in the
telecommunications industry. It can help develop new methods for analyzing and mapping the
various features of the data collected in the physical layer [1]. It can also reduce the
computational complexity of signal processing algorithms by replacing the existing ones [2].
DL can also be used to merge multiple processing blocks to create an end-to-end system. The
rapid growth of data traffic and connectivity has made it important that the development of
next generation wireless networks is expected to require the use of advanced technologies. DL
can be used to replace the existing signal processing algorithms in a communications system
[1]. It can also be used to merge multiple processing blocks to create an end-to-end system.
The rapid growth of data traffic and connectivity has made it important that the development
of next generation wireless networks is expected to require the use of advanced technologies.

Non-orthogonal multiple access has been shown to be a promising alternative to traditional
multiple access for enhancing the efficiency of the spectrum [3]. The paper aims to study the
power-domain NOMA of uplink multiple-input multiple output (MIMO) systems, such as the
MIMO-NOMA. These systems involve sharing the same time-frequency resources, which can
result in different power levels being transmitted [4]. The receiver side of the system uses a
signal detection technique known as successive interference cancellation to identify the desired
signals. This method involves performing signals decoding progressively in order to determine
the strengths of the users [3]. SIC works by subtracting the signal from the combined signal of
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the strongest user and the next user before determining which one should be decoded. Each
user then treats the other interfering ones.

A variety of schemes have been developed for making use of the features of the combined
signal in a MIMO-NOMA system. These include having the perfect knowledge of the channel
state information (CSI), signal decoding, and perfect cancellation [4-7]. In principle, SIC can
be performed in a multi-channel system, but there are various constraints that prevent it from
being fully utilized in such a system [8]. One of these is the high complexity of the computation
and the error propagation caused by channel estimation errors. This paper aims to address these
issues by developing a DL-based approach. Several studies have been conducted on the
applications of DL in NOMA systems.

In particular, the authors [9] proposed a DL approach to detect downlink signals in the SIC
receiver. The proposed method involved replacing the entire receiver with a deep neural
network. The output layer of the DL system is composed of groups that represent the various
transmit antennas. The goal of the system is to identify the corresponding downlink signal. The
performance of the proposed system was studied due to the various factors that affect its
performance. However, the authors found the proposed method to be very inaccurate when it
comes to analyzing the channel parameters.

In this paper [10], a DL approach is presented that combines the advantages of a precoder
and an SIC decoder in a downlink MIMO-NOMA system. The two components are designed
to minimize the mean squared error between the received and decoded signals. Two SIC
decoders are used at every step of the SIC process. The first one reconstructs the previous
signal's transmit signal while the second one decodes the current user's signal. Only one SIC
decoder is used at the first step of the process. Despite its advantages, the proposed scheme
suffers from the high computational complexity. There are other DL-based NOMA schemes
that can be used for the same purpose [11-12]. In the previous paper [12], the authors proposed
a short-term memory network as a receiver scheme that can automatically detect the channel
characteristics. They then used a sliding window detection method to speed up the NOMA
process.

In this paper, we proposed a method that enables a base station to detect multiple users'
signals in a multi-user uplink MIMO-NOMA scenario using deep learning. The method is very
simple and does not require the user to explicitly cancel out the decoded signal. The proposed
method utilizes a single Deep Learning model for each user. The output of the model is the
decoded signal of that user. The input of the model is the combined signal of all the users'
previous signals and the first decoded user. The proposed technique is more efficient and has
better computational complexity than other DL-based methods.

The rest of the paper is organized as follows: Section 2 deals with the system model of the
uplink MIMO-MOMA.. Section 3 deals with the DL based SIC framework. Section 4 deals
with the simulation results and finally conclusion is drawn in section 5.

2. System model

Figure 1 shows the single cell uplink MIMO-NOMA system, the uplink transmission in the
form of an M-antenna BS is performed by K single antenna users. All of them share the same
frequency band, and each user sends multiple frames to the BS. The superscripts D and P refer
to data and pilot, respectively. The interval between frames is comparable to the coherence
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time, which is the time it takes to establish a fixed channel. During data transmission, the signal
from all users received at the BS is given as
YoP=HBXP+VP,

where Y P @ c M2N and the subscript 0 denotes the initial received signal before any SIC
steps. H = [h,..., h, 1@ C MK is the channel matrix between the BS and all the K users, where
h = [Ny 1. Ny 18 C M denotes the channel coefficients between the BS and user k
assuming Rayleigh fading.

is a diagonal matrix defined by & = diag { , where Ax denotes the allocated

power for user K. Let Pmax represents the maximum total power consumption of all the uplink
users such that i-1 LBP o XP =[XP.., XP1" Bc XN denotes the data matrix, where

X = [XP,.., XPyIT BC NBLjs the vector of normalized modulated symbols of user k for
data transmission within a single frame, i.e. g x?, P} =1,8n@{1., N}and gk B{L.., K}

VP mCN (NI, )Iisthe AWGN at the BS for data transmission. Similarly, the received
signal during pilot transmission is given by

Y,P=HBXP+VP
where Yy P mcMPt, x P =[x P .. XPJ]" @cXtdenotes the pilot matrix and v P g c M2t
0 1 3

is the AWGN at the BS for pilot transmission. It was shown in [14] that it is not necessarily
to allocate more power to users with poor channel. Accordingly, in this setup, we adopted
equal power allocation such that @, =P, /K,Bk & {L.. K}[7]. Let us assume the channel
coefficients to be independent and identically distributed over all the antennas of the BS and
the users. Without loss of generality, let us index the users in a descending order of their
channel gains at the BS. That is, if a user has a higher channel gain, the user has a lower
index, i.€., || hy il h, |8 ... &l ]

Received signal
of user 1 (
| " Uplink: users use NCMA
L= /=" tosend the data to the BS
Received signal 7,
of user K

Power

Frequency AN

Received combined

signal at BS R .,‘/'“\ user 1
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Figure 1. Single cell uplink MIMO-NOMA system
A typical SIC receiver uses a pilot-based channel estimation method which is shown in
Figure 2. The two solid lines represent the paths of data symbols and the dash represents
the strongest signal. The receiver then decodes the strongest signal from user 1 and then
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takes it out of the combined signal. The resultant signal is then used to decode the second
strongest signal (user 2). The operation is repeated K times until decoding the weakest

signal (user K). Let us denote by Y 2, Y iiay the received combined signal of data (pilot)

transmission at the k™ step of the SIC decoding after cancelling the decoded signals of the
previous k-1 users. General channel estimation methods could be used to estimate the
channel coefficients h, from the received signal Y fian using the transmitted pilots x ”

such as Least-Square (LS) or Minimum Mean Squared Error (MMSE) methods. Next, the
BS uses the estimated channel r, to detect the desired data signal y" O of the k™ user from

the received signal v B . Finally, the transmitted bits b, {0,13" ' 22 of user k can be

estimated by demodulating the detected signal x",° ,where Q is the modulation order of the
used digital modulation scheme. For model simplicity, we omit the channel coding and
decoding in the second part of the Figure 2. However, in a typical SIC receiver, the receiver
would have a pair of blocks for channel coding and one for demodulation. The NOMA
system is an interference-limited system. Increasing the number of users makes it harder to
use SIC to process multiple signals efficiently. Also, it takes longer to decode the signals.
In order to process the weakest signal, the BS has to first decode the signals from all its
users. One strategy is to split the users into multiple groups so that the NOMA is applied
to each user group and the OMA is divided between the different groups [15]. This method
is known as user-pairing and is beyond the scope of this paper.
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Figure 2: Pilot Channel Estimation using SIC receiver
3. Deep learning mechanism for SIC

In this section, we propose a DL framework to directly decode users’ signals without
estimating channels parameters or subtracting decoded signals explicitly. The problem is
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considered as a classification problem in which DNNs are utilized to map the received
symbols to transmitted bit sequences. The operation is performed successively in which the
signal of a single user is decoded (symbol by symbol) using a separate DNN at each SIC
step starting with the user of the strongest signal. The number of nodes in the output layer
of the proposed DNN is based on the BPSK Modulation.

Fig. 3(a) describes the proposed DL-based SIC protocol during data transmission. Let
us denote by Fk(.) the nonlinear processing function approximated by the k™ DNN to decode
the user k’s signal. All the complex numbers are decomposed into real parts and imaginary
parts. Hence, we can define the function of the k"™ DNN as
F () = R2M=KmDm {0,13'°2¢=1 that maps the received combined symbol and the

previous decoded symbols of all the k-1 users to the transmitted bit sequence of the k™ user.
Note that this operation is done for N times at each SIC step according to N data symbols.
Compared with the traditional SIC scheme in Fig. 2, the DNN combines the following
operations: channel allocation, interference cancellation, channel estimation, signal
detection and demodulation. Hence, the proposed scheme can potentially reduce error
propagation that might results from channel estimation or subtracting decoded signal from
the received combined signal. Each DNN is composed of J fully connected layers followed
by an output layer that uses a softmax function (normalized exponential) as the activation
function. The softmax function @ () takes an input vector z = [z, .., z, 1@ R ?®*and outputs

a vector t = [t, ..., to ]0f real values between 0 and 1 given by [16]

Zq
ty =0 (2), = ,q B {l.., Q}
m-1 ©
where the denominator Q:1 e” is used for normalization to make sure that

Q =1
q:Eq

For training, DNN uses L pilot samples at the beginning of each frame before data
decoding as shown in Fig. 3(b). Let a* denotes the transmit bit sequence of the pilot signal
of the k" user which represents the training target of the k™ DNN (represented by dashed
lines in Fig. 3(b)). The DNN’s objective is to minimize the categorical cross-entropy loss
function between the output value and training target using stochastic gradient descent
(SGD) with momentum given by [16].

loss = Bq log( tig )
I1=1qg=1

where Piqis a binary indicator ground truth such that Piqg= 1 if and only if the 1™ sample
belongs to the g™ class. tiq denotes the probability that the network associates the 1" input
with class g which actually is the output of the softmax function. After pilot transmission,
we acquire the weight matrix Wy and bias matrix Bk of the kiy DNN to approximate F(.)
function, 2k B{1,..., K} which can be utilized to directly transform the received symbols

and previous decoded symbols into transmitted bits bAk . The Wi is nk X mi weight matrices,

where n represents the width of the layer k and the my represents the width of the layer k-
1. Bk is the bias vectors of layer k and layer k-1.
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Figure 3. Proposed Architecture for Deep Learning based SIC
4. Simulation Results

In this section, we conduct an experiment to demonstrate the performance of the
proposed DL technique for enhancing SIC. We consider an uplink MIMO-NOMA system
with the following parameters: M = 2 antennas, L = 960 pilot symbols, N = 3840 data
symbols and Pmax = 4 Watt. All users use BPSK modulation. For all DNNs of the proposed
scheme, we use 2 hidden layers with 100 nodes each. Exponential linear unit (ELU) and
rectified linear unit (ReLU) are used as the activation functions of the two hidden layers,
respectively. We train the proposed scheme during the pilot transmission with learning rate
of 0.001 and training epoch of 0.001 and 100. The performance of the proposed approach
is compared with other two methods in terms of bit error rate (BER) and total mean squared
error (MSE) under different signal-to- noise ratio (SNR) values. The first method that is
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used for comparison is another DL-based SIC proposed in [10], namely DL-SIC. The
second method is traditional SIC based on zero forcing [17], [18] namely ZF-SIC.
DL-SIC[10]: The architecture of the existing DL-SIC scheme is shown in Figure 4 which
is having two parts: The first part is precoder and the second part is SIC decoder.

Figure 4: a) Precoder b) SIC decoder [10]
They developed the precoder and SIC decoders using deep neural networks such that
the transmitted signals intended to multiple users can be properly precoded at the transmitter
based on the superposition coding technique and the received signals are accurately decodable

at the users by the SIC decoding.
Assume K = 2, Fig. 5 shows the total MSE between the users’ actual signals and their

K A
decoded signals given by [?] E{|| X Dk X 'i ||?}for different SNR values. Form Fig. 4, we
k=1
observe that the proposed technique achieves much lower MSE than both DL-SIC and ZF-
SIC, indicating that the proposed scheme learned very well at every SIC step. For a better
analysis, Figs. 5 and 6 show the BER versus SNR values for user 1 and user 2, respectively.
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From Fig. 6 we observe that both proposed and DL-SIC have similar performance with
low BER compared with ZF-SIC. This is because decoding user 1 signal is done at the first
step of SIC since it is the strongest signal. Hence, the corresponding DNNSs in both the

proposed and DL-SIC techniques can directly learn the decoded signal of user 1 from the
received combined signal.
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Figure 6. BER for user 1 versus the SNR.
The superiority of our proposed scheme compared with the other DL-SIC appears in
Fig. 7 for decoding user 2’s signal where it achieves the best BER performance. This
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because the proposed scheme uses one DNN to directly learn the decoded signal of user 2
from the original received combined signal and user 1 decoded signal, while the DL-SIC
algorithm uses 2 DNNs. The first DNN is used to reconstruct the transmitted signal of user
1 so that it can be cancelled from the received combined signal. The resultant signal is then
used by the second DNN to decode user 2 signal.
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Figure 7. BER for user 2 versus the SNR.

From the above experiment, the advantages of the proposed approach are twofold: first
it reduces the computational complexity which could speed-up the consumption time.
Specifically, compared with DL-SIC, the proposed scheme uses K-1 DNNSs less. This can
significantly improve the computational complexity assuming that both schemes have
DNNs of the same size. Second it reduces the error propagation in SIC since it directly
estimates the decoded signal without any need to estimate the channel coefficients or cancel
out decoded signal from the received signal explicitly. This leads to a better performance
in terms of BER and MSE compared with other existing SIC methods. This conclusion is
confirmed for the case of K > 2 as follows. Figs. 8 and 9 show the MSE versus SNR values

for 3 users and 4 users, respectively. Again, the proposed scheme offers significant
improvements compared with DL-SIC and ZF-SIC.
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5. Conclusion

A DL-based SIC scheme is proposed that allows a BS to decode multiple users' signals
at the same time. The system utilizes a single DNN to perform the task. Each step in the
SIC process is connected to a fully-connected layer. The resulting bit sequences are then
sent to the corresponding user. The classification problem is usually solved by taking into
account the combined signal received by the receiver and the previous decoded symbols.
The proposed scheme trains the DNNs to perform a single shot of the user's signal without
having to estimate channel coefficients or cancel out the decoded signal. This method can
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reduce the error propagation in the SIC. According to the simulations, the proposed scheme

outperforms the existing SIC schemes for various users. It also offers a reduction in

computational complexity compared to other DL-based SIC methods.
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