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End-to-End Deep Learning for Multipair Two-Way
Massive MIMO with PA Impairments

Maha Cherif

Abstract—Multipair (MP) massive multiple-input—-multiple-
output (MIMO) two-way relaying system is a promising solution
that is able to provide excellent spectral efficiency performance. It
consists in multiple pairs (2K) of single-antenna user terminals
that exchange information through of a relay using a large number
of antennas M, > 2 K. Therelay is equipped with a large number
of energy-efficient power amplifiers (PAs) and ensure the multipair
two-way forwarding. In this article, we first present an analytical
study focused on the effects of PAs on the considered system over
block fading Rayleigh channel. We derive closed-form expres-
sions for the symbol error rate. Then, we develop a new efficient
distributed learning approach for MP two-way massive MIMO.
Specifically, we design the MP two-way massive MIMO system by
leveraging the concept of the autoencoder, whereas the end-to-end
communication system is designed using one deep neural network
(NN). Interestingly, the proposed scheme, referred to as AE-MP-
mMIMO, is suited for varying block fading Rayleigh channel sce-
narios. Indeed, we propose to adopt one stage precoder/decoder for
each UE and two-stage precoding scheme for the relay: 1) an NN-Tx
is used to address the PA nonlinearity and 2) a linear zero-forcing
precoder is adopted to remove the multiuser interference. The
NN-Tx and the UE’s precoder/decoder are trained off-line and
when the channel varies, only the zero-forcing precoder changes
on-line. Numerical simulations show the capability of the proposed
approach to achieve competitive performance with a significantly
lower complexity compared to existing literature.

Index Terms—Multipair, massive multiple-input-multiple-
output (MIMO), power amplifier, deep learning (DL), end to end
(E2E).

1. INTRODUCTION

ASSIVE multiple-input—multiple-output (MIMO) sys-

tem is a promising technology for the sixth generation
(6G) wireless communication standard. Indeed, massive MIMO
represents a multiuser (MU)-MIMO technology where each
base station (BS) is equipped with a large number of transmit
antennas, providing a service to a large number of users [1]. This
new system is regarded as an efficient and scalable approach to
improve both the spectral-efficiency (SE) and energy-efficiency
(EE). Several studies presented in [2] and [3] have shown that
massive MIMO can provide good performance in time division

Manuscript received 1 April 2022; revised 19 September 2022; accepted 22
December 2022. (Corresponding author: Maha Cherif.)

Maha Cherif and Ahlem Arfaoui are with the Innov’COM Lab., SupQ2
Com, Ariana 2083, Tunisia (e-mail: maha.cherif @gmail.com; ahlemar-
faoui07 @ gmail.com).

Rafik Zayani is with the CEA-Leti, Université Grenoble Alpes, 38054 Greno-
ble, France (e-mail: rafik.zayani @cea.fr).

Ridha Bouallegue is with the SupCom, El Ghazala, Ariana 2083, Tunisia
(e-mail: ridha.bouallegue @ gmail.com).

Digital Object Identifier 10.1109/JSYST.2022.3232590

, Ahlem Arfaoui, Rafik Zayani

, and Ridha Bouallegue

duplex (TDD) mode where the uplink and downlink transmis-
sions take place in the same frequency resource but are separated
in time.

Massive MIMO systems typically adopt direct linear signal
processing methods, such as the matched filter (MF) and zero
forcing (ZF), because of their ability to reduce transmitter power
consumption, to realize signal transmission and to eliminate
multiuser interference [4]. However, these linear precoders carry
high peak-to-average power ratio (PAPR) to transmit signals [5].
Consequently, massive MIMO signals are very sensitive to the
nonlinearity of the radio frequency (RF) power amplifier (PA),
which is the main hardware distortion and is inevitable in a
typical transmission chain. Indeed, when RF PA is present in the
transmission chain, signal distortion and phase rotation emerge,
resulting in a transmission performance degradation.

PAs give enough output power at the transmitter level, espe-
cially at the BS, to ensure the routing of the communication over
a long distance. Except that, they are the main source of hard-
ware impairments (HWIs) and are expected to be low-cost and
energy-efficient component to enable cost and energy efficient
massive MIMO BS deployments.

A. Related Works

Many works have aimed at interpreting the two-way relaying
technology, aiming to allow some pairs of users to communicate
through an intermediate relay. At this level, the relay plays a
crucial role in solving the resource allocation problem between
an integrated device-to-device (D2D) terminal pair in a time
division duplex cellular network, which was adopted by the
IEEE 802.11ax [6] to maximize spectrum efficiency.

Recently, a lot of academic and industrial researchers have
focused on studying the SE of multipair unidirectional [7] and
bidirectional two-way half-duplex massive MIMO relaying [8],
for different power scaling schemes. Authors in [9] derived the
asymptotic expressions of the SE and EE of the MP system when
the number of relay antennas goes to infinity. In [10], authors
studied the joint effect of hardware impairments and imperfect
channel state information (CSI) on multirelay networks.

Note that no explicit analytical performance evaluation of
MP two-way massive MIMO system under PA nonlinearity has
never been presented in the open literature, motivating us to
establish an analytical study in terms of symbol error rate (SER),
giving insight into the system deployment and its power effi-
ciency. In order to improve the PA linearity and efficiency, two
complementary solutions have mainly been studied in literature
which are PA linearization [11] and PAPR reduction [12].

On one hand, digital predistortion (DPD) has been shown
as the most promising solution for PA linearization, providing
excellent performance. it consists in adding a module before the
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power amplifier, such that the resulting system, i.e., DPD plus
PA, is linear. Nevertheless, this solution can not be adequate to
massive MIMO systems because of the extremely high number
of DPD modules needed in such massive MIMO BS.

On the other hand, the most important PAPR reduction tech-
niques are tone reservation (TR) [13], selective mapping (SLM)
[14], iterative clipping and filtering [15], active constellation
extension [16], and coding [17]. These methods can, unfortu-
nately, provide moderate PAPR reduction that does not satisfy
the requirements in high power-efficiency for massive MIMO
systems.

Recently, more interesting techniques have been proposed for
massive MIMO systems, like joint MU precoding and PAPR
reduction schemes introduced in [5] and [18], referred to as
MU-PPGDm, RZF-OPNS, POLY-POLY-Horner, and POLY-
OPNS. They consist in gradient-iterative method-based linear
precoding. Unfortunately, all of these techniques were limited
to traditional/colocated massive MIMO systems. Although good
performance is offered by these schemes, they suffer from some
drawbacks like increase of the average power (i.e., signal-to-
noise ratio gap), high latency, and high computational complex-
ity.

Regarding these observations, it is of paramount importance
to study a cutting edge approach that can enable excellent
energy-efficient massive MIMO system while requiring low
computational complexity.

More recently, deep learning (DL) has given significant suc-
cess in a wide set of applications. Interestingly, it has been shown
to be able to provide efficient solutions for physical layer of
wireless communications. In [19], a relatively comprehensive
study of DL techniques for wireless communication systems
was interpreted. It is worth citing channel estimation and signal
detection based DL studied in [20] and [21]. Most importantly,
end-to-end learning of communications systems has attracted
a lot of interest within the wireless community. Its goal is to
learn full communication system, i.e., transmitter, channel, and
receiver, which are optimized for specific performance metrics
and a channel model. A simple framework proposed in [22]
consists in interpreting the whole communication system as an
autoencoder. This latter has been also adopted for MIMO com-
munications where we can cite the work in [23] that introduced a
novel end-to-end learning approach for uplink multiuser single-
input-multiple-output (SIMO) joint transmitter and noncoherent
receiver design in fading channels.

B. Motivation

Different observations have motivated this work, we can
cite: 1) The MP two-way massive MIMO is an emerging
technology providing orders of magnitude gains in terms of
spectral-efficiency and energy-efficiency, targeting the 6G goals.
2) MP two-way massive MIMO can be economically attractive
only if it adopts low-cost hardware, leading to severe HWI
which is very challenging to mitigate. 3) DL together with the
latest advancements of massive MIMO’s precoding schemes can
offer radical performance improvements, leading to practical
and energy-efficient MP two-way massive MIMO. 4) Green
signal processing solutions become extremely needed w.r.t. the
sustainability of the telecommunication sector and decreasing
carbon footprint.

IEEE SYSTEMS JOURNAL

C. Contributions

Regarding the issues discussed above and this work’s motiva-
tion, behind this work, our main contributions are summarized
as follows.

1) We established an original theoretical performance anal-
ysis, in terms of SER, of an MP two-way massive MIMO
system in presence of nonlinear PAs and running under
a block fading Rayleigh channel. In this study, we con-
sidered a 3GPP PA model that reflects the realistic PA
behavior. Analytical closed-form SER expressions have
been developed giving insightful in the transmit power
level needed as well as the deployment of MP two-way
massive MIMO.

2) We investigate the potential of DL to enhance the energy-
efficiency of MP two-way massive MIMO systems via the
compensation of hardware imperfections (HWIs), which
is very challenging. The HWIs are dominated by the
power amplifiers (PA) adopted in the BS. Specifically,
we propose a novel end-to—end (E2E) learning approach
using agents [neural networks (NN)] within the different
entities of the network, i.e., the user terminals and BS.
Here, the optimization of the agents (i.e., find the NNs
weights) is performed globally offline while each can
be implemented independently in the inference mode,
leading to a low computational complexity online. In-
terestingly, we conducted a comparative study showing
the ability of our approach to provide better performance
with lower computational complexity than the classical
solutions proposed in literature.

3) It is worth mentioning that the success of our approach
is related to the fact that the agent at the BS consists in a
two-stage processing: the first stage aims at decoding the
information and taking into account the PA nonlinearity,
while the second stage consists in a linear precoding
aiming to eliminate interuser interference. Note that by
doing that we make a kind of channel charting that helps
to make the training phase faster and more efficient as well
as it makes the inference more efficient while requiring
small NNs (i.e., with few weights to be optimized).

D. Article Outline

The rest of this article is organized as follows: The MP
two-way massive MIMO system in the presence of nonlinear
PAs is introduced in Section II. Theoretical analysis of the
performance in terms of SER of MP massive MIMO system,
with and without, nonlinear PAs is presented in Section III.
Section IV presents the proposed distributed learning technique.
In Section V, numerical results and discussions are presented.
Finally, Section VI concludes this article.

E. Notation

Lower case boldface letters (e.g., h) present a vectors, upper
case boldface letters (e.g., H) denote the matrix. The operators
()T and () the transpose and the conjugate transpose, respec-
tively. The operators E[-], |.| and ||.|| denote the expected value,
the module, and the norm, respectively. The matrix I denotes
the identity matrix and the M; x M, present the dimensional
matrix.
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UE,x

--->

Uplink ——> Downlink

Fig. 1. Multi pair two-way massive MIMO system.

II. MULTIPAIR TWO-WAY MASSIVE MIMO SYSTEM

In this investigation, we consider a multipair two-way massive
MIMO system in which K pairs (equivalent to M, = 2K) of
single-antenna devices communicate with each other in pairs,
through a relay with M;-antennas (M; >> M,.). The relay and
all devices operate in time-division duplex mode, so the channels
between each device and the relay are reciprocal in each block.
We consider block fading channel model, where the channels
change independently from block to block while remaining
constant during a block period.

A. System Model

In the considered MP two-way half-duplex AF relaying sys-
tem, the K pairs of single-antenna users, defined as UE 4
and UL, g, k =1,...K, exchange information between them
in pairs and via a shared M;-antenna relay (R), as shown in
Fig. 1. Note that there are no direct transmission links be-
tween user pairs. Moreover, we asssume a TDD mode which
separates the downlink (DL) and on uplink (UL) transmissions
with the assumption of perfect channel reciprocity, assured by
accurate calibration methods [24]. Toward this end, the channel
is assumed to be block Rayleigh fading one, which is constant
during a time-frequency interval, known as the coherence in-
terval, and varies independently between coherence intervals.
The UL and DL channels betwen U Fy j,,x = 1,2 and R are
denoted by hg,, ~CN(0,Bg, In)andhf, k=1,.. K,
respectively. Sr, , denotes the large-scale fading (variance of
the channel), which is antenna independent. For the sake of
simplicity and without loss of generality, we assume that the
large-scale fading coefficients vary slowly, so it is constant over
many coherence intervals.

B. Uplink Transmission

The uplink channel matrix can be constructed as H,x =
[hi1,...,hy k] € CM*E x =12 the downlink channel
matrix can be computed as Hy. In the first phase, all the
devices U Ey i, and U E j, transmit simultaneously their signals
carrying information, i.e., x1 y and 2 1,k = 1, ..., K torelay R,
respectively. We assume that 21 5, and x5 ;, are QAM modulated
data signals and that all devices transmit with the same power

(uplink), denoted by P,. The received signal at R is

K
Iy = Z(hl,kl'l,k +hy pzo ) + 1y 1)
k=1
where n,, € CM+*1 is an additive white Gaussian noise (AWGN

uplink) with independent and identically distributed (i.i.d.) com-
ponents with zero mean and 0% variance. The expression (1) can
also be written in a matrix form as

r, =H,x+n, )
where
b H, = [HulvHu2];
2) Hul = [hU1’17"'7hu1,K] GC]VItXK;
3) Hu2 = [hu2,17~-~>hu2,K] c C]\/[th;

My

=

4) let H, € CMx 2K,

5) x=[x{,x3]";

6) x1 = [551,17 ce ,xl,K]

7) Xo = [CEQJ, . .,‘TQ’K]T S (CKXI;
My

T c (CKXI;

—~=
8) letx € C 2K x1,
9) letn, € CM:*! is an AWGN.

C. Downlink Transmission and Precoding

In the second phase, R multiplies the received signal by a
precoding matrix P € CM:*M: and a power control coefficient
«. Then, R broadcasts to all the UEs signals as an expression of
the form [25]

st = aPr, = aP(H,x + n,,) 3)

P,
o =
\/PuIIPHuI2 +og|P|?
where P, is the power of the signal to be transmitted from the

relay and 0% is the variance of the noise (n,). The precoding
matrix P is defined by the following expression:

“

P =H;(H/MH]) '(H/H,) ' )
where H,; = [Hg, Hgol, Hy = [hgi1,..,ha k] €
(CKXAQ, and H, = [hd271, ...,hdg,K] € CHExM: let

My

Hde(CQK *M: The received signal by the devices on
UEl,i is

T T
rg =hg s +na = hg g (@Pry) + 0. ke

K
=hg x (aP (Z(hul,kxl,k +hu2,kx27k)+nu> ) + 151k

k=1
(6)

My
where ng =n,; ; € C 2K x1 js an AWGN (downlink) with
i.i.d N components [25].
D. Multipair Massive MIMO Under PA Nonlinearities

In this section, we present the effect of the nonlinear distortion
due to PA on the MP massive MIMO system with M; antennas
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Fig. 2. Classical multi pair massive MIMO system under PAs nonlinearity.

and M, users (pairs of K users) represented by Fig. 2. The
recovered signals by the UEs (U F; 1) containing the received
information from the relay will be amplified by nonlinear PAs
without memories and subsequently retransmitted to the UEs
(UFEj5 1). Neglecting memory can be justified, as we are pri-
marily investigating how nonlinear distortion is processed over
an MP massive MIMO downlink system, with high energy
efficiency. The PAs are characterized by their dynamic amplitude
distortion AM/AM and phase distortion AM/PM, which depend
only on the current value of the input signal. Considering the
complex envelope s, = pe?? the input PA at each branch, where
p and 0 denote, respectively, the amplitude and the phase of s;.
The recovered signals at the output of the amplifiers without
memory z; can be modeled as follows [26]:

7, = F(s;) = fA(ﬂpk)ej(GkJr}'p(ﬁpk)) (7

where F(.) is the HPA transfer function, F 4(.) and Fp(.) denote
the PA amplitude conversion (AM/AM) and phase conversion
(AM/PM), respectively. The factor 3 is a multiplicative coeffi-
cient added at the input of the PA for an operating point with
a given input back-off (IBO). Here, all IBOs are given in dB
relatives to the back-off from 1-dB compression point. The factor
0 necessary to ensure a signal s; with a given IBO value is

B=./ mﬁfg‘(i,where P, is the transmit power [26].
t

In literature, several PAs have been proposed to amplify a
transmitted signal. In this work, we will consider the modified
Rapp model which fits closely to realistic PAs.

E. SSPA Model

In the case of modified Rapp, the AM/AM and AM/PM
conversions can be represented by

Falselm) = —0L_
<1+ (Gytm) ”) ’
Fr(lsi(n))) = —2dn)l ©

where s; represents the amplitude of the input signal, G is the
small signal gain, Ay is the saturation level, p is the softness
factor, and A, B, and g, respectively, represent the adjustment
parameters [26].

On the other hand, since the signal at the input of the PA
is Gaussian (massive MIMO precoding with large number of
antennas) we can interpret the amplified signal by using the
theorem of Bussgang [27] and the equivalent expression of the
amplified signal can be written in the following form:

Zt:WS+d (10)

where W = diag([w, wa, ..., wyy,]) that is a square diagonal
matrix with {w,,,} elements (complex gain) on the diagonal
and d ~ CN(0,031,,) represents the Gaussian distortion
noise with zero mean and variance o'3. It should be noted that all
PAs work with the same IBO to balance the power consumption
between the different branches in a massive MIMO. More
precisely, by means of a mathematical derivation [28], these
NLD parameters (w,, and o) can be calculated analytically
for any PAs.

Then, we can write the amplified signal at each branch as
Zm, = Wi, Sm, + dm,, Where w,,, is the m;th complex gain
of PA and d,,, represents the Gaussian distortion noise.

Finally, the input—output relationship of the MP massive
MIMO system with nonlinear PAs can be expressed as

vt =Hyz, +ny (11)
where ng ~ CN (0,02 ) is AWGN.
By replacing (10) in (11), we obtain
¥t = H;Ws + Hyd + ng. (12)

III. THEORETICAL ANALYSIS

In this section, we consider a half-duplex AF relaying as
classical method for which an analytical study has been con-
ducted to evaluate the impact of the nonlinear PAs on the (SER)
performance of MP two-way massive MIMO.

In [29], [30], and [31], the performance analysis in terms of
bit error rate (BER) and (SER) is well studied. A fading channel
is considered as an AWGN with a variable gain, and the gain
itself is examined as a random variable with a given probability
density function (pdf).

Moreover, the average SER can be calculated by averaging
SER for instantaneous signal-to-interference-plus-noise ratio
(SINR) over its distribution, using the quadrature amplitude
modulation (M-QAM)

+oo
SER = / SERM—QAMPW (’}/)d’)/ (13)
0

where p. (7) is the pdf of the instantaneous SINR(7y).

So, the SER of a system, which implements M-QAM over a
Rayleigh fading channel, can be defined as [30]

wogQ(M))

U1 (14)

SERM—qgam = 4@ (

where M is the modulation order and () is the standard Q-
function [30].

We develop a new expression of the (SER) for the MP massive
MIMO system over Rayleigh fading channel with and without
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power amplifier. Thus, we will establish the average SER equa-
tion, and determine the SINR(y) equation and its pdf (p (7))
for each scenario.

A. Performance Analysis of MP Massive MIMO System Over
Linear Rayleigh Fading Channel

Using (6), the received signal by the devices on U £y 1 can
be written as

K
rg = thl,k (aP <Z(hu1,kl‘1,k+hu2,k$2,k)+nu>) +1ny
k=1

T T
= ahdePhuQ,kxz,k + ahdePhul,kfl,k

signal selfinter ference
K
T
+ahjy Y (Phyygz + Phyo o)
j=1,j#k

interuserinter ference

+ ah}y  Pn, +ng. (15)

compoundnoise

To determine the SINR equations, we will consider h,; =
h,2 = h, and hg; = hgs = hy.

K
rthik (aP <Z (h%kak+hu7kx$2,k)+nu>> +ng

k=1

T T
= ahd7kPhu7k$27k + ahd,kPhu,kak

K
+ahl, Y (Phyjz;+Phy iz ;)
J=1,j#k
+ ohy  Pn, + ng. (16)
The SINR of U E; j; can be expressed as
|a*Py|h] , [*[Phy, 4]
A/l’lyk = . Lk - (17)

A+B+C+D
where

1) A= |a]*Pu|h],[? Zf:l,j;ﬁk('Phu’jF + [Phy

2) B= \a|277u\h£k|2|Phu7k|2;

3) C = ook |hg . [*|P|*:

4) D = o072 and |h], |?is assumed to be a flat fading one, and
itis exponentially distributed with a pdf given by P., () =
&exp™, where Q = E[|h7, 2] [29].

The average SER of the M-QAM MP massive MIMO system

without PAs can be expressed as

2);

SER:E 1 — 1

i (18)

M2-1
L+ ylogo M

B. Performance Analysis of Nonlinear MP Massive MIMO
Over Rayleigh Fading Channel

According to (11) and (12) on the one hand and Fig. 2 on
the other hand, the signal recovered at the output of the power

amplifier is given as follows:

I‘fiVL = hdl,k(wst + d) +ny

K
=hgi (W <04P (Z(hul,kxl,k +hyokrak)

k=1

o)) ra)

K
=hgi (WO&P Z(hul,kxl,k +hyo pzo k)
k=1

+ WaPn, + d) + ny

K
= Woh}, P Z(hm,km,k + hoy2 kT2 1)
k=1
+ WozthkPnu + h§17kd + ng. (19)
Considering h,,; = hys = h, and hy; = hzy = h, the am-

plified signal received by the devices on UFE) j, can be inter-
preted as

ry" = Wah] ,Ph, y22 + Wah]  Phy, g2

amplifiedsignal sel finter ference
K
T
+Wa Y b (Phyjzr, + Phyjas,)
J=1j#k

interuserinter ference
Wah!, P hl,.d 20
+ ahg  Pny + hy,d+ng . (20)
———
hardwareimper fections(PA)  compounednoise

The SINRN Y of U Ez 1, can be developed as follows:
|W|2|O‘|2Pu|th,k‘2|Phu,k|2

NL
kT A+ B+ G+ Dy + & @D
where
A= |W|2|a‘2pu|h£k|222§{:1,j#k [Phy, x|
2) By = |WP|a|*Pulhg [*[Phy k[*:
3) C1 = |WP?|alPoR|hg . [*[P[*
4) D1 = ojlh],|%
5) 51 = U?Ld.
Dividing equation (18) by [W|? |a|?, we obtain
NL Pulb | [Phy . [* 22)

Yok = A B+ G+ D + &

where «
A= Pu|th,k|22Zj:1,j¢k |Phu,j|2§
2) B} = Py|hj,[*[Phy k[

0.2
3) Dy = rwpfap hisl™:

= WPR[al?
/ Uzd
4 & = rwitfar-
Let
1) ¥ =hl, %
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2) Yh = ‘Phu,k 2;

K
3) Vg =2 jer [Phu
2

ag
4) yvL = W;

2.

)

5) =0k + % equation (22) becomes

P,
ok = n = F(T) (23)

,Pu‘ll’yh + 2,Pu\IJ’Yh,j + ’YNL\I/ + Vn B

and the pdf is given by p)* (v) = pu(g(7))g' (). The 1%
can be expressed by

B Puyng () L4

Purng(Y) + 2Puyn,i9(7) + L9 (y) + n
From (24), we can establish g(7) and the derivative of g(7)

(9'(7)

Yoy

_ 25

9() Puvn — Puvny — 2PuYn,3Y — YNLY )
PU n

g = ( TnTh (26)

Puth — Puvny — 2Puvh, iy — INLY)?

Thus, the average SER of the M-QAM nonlinear MP massive
MIMO system is given by

Do s———. o2 3vloga M
SERVE — /Whh"j+W 4 20927
0 @ M—1

Puvnvn

X

QPuvh — Puvny — 2Puvn,jY — INLY)?

X exp (— Y ) .
,Pu’yh_/Pu’Yh’Y_QIPu’yh,jfy_’yNL’y
(27)

IV. DEEP LEARNING TECHNIQUE FOR NONLINEAR
DISTORTION CANCELLATION

There is a strong demand for low-cost nonlinear PAs which,
however, introduce nonlinear distortions. This is because mod-
ern and expensive APs exhibit high energy efficiency in the
nonlinear region. We have tried to find the best operating point
to ensure a good compromise between nonlinear distortion and
efficiency.

On the other hand, we are still looking to deal with random
data, support vector machines, logistic regression, etc., but tra-
ditional machine learning algorithms are generally inefficient
as the size of the data increases. This problem is solved by
using the advent of DL. It will allow us to train an Al to predict
outcomes, based on a set of input data. In this section, we will use
two compensation methods-based DL to eliminate a nonlinear
distortion caused by PA in massive MIMO system.

A. Neural Networks-Based Compensation

In our work, we consider an architecture based on an indirect
learning NN to process data using feed-forward technology,
characterized by the passage of data from the input of the
network to its output without returning in back. For this type of
network, we used the multilayer network called the multilayer
perceptron (MLP); Fig. 3 shows an example of its architecture.
The basic idea of the proposed compensation technique is to

IEEE SYSTEMS JOURNAL

Output

Hidden layers

Fig. 3. Architecture of MLP network, where the indices R and I refer to the
real and imaginary parts, respectively.

Fig. 4. Algo NN for MP massive system MIMO in the presence of PAs under
Rayleigh fading channel.

identify the inverse PA transfer function using MLP networks.
At this level, we will interpret an algorithm based on NNs
(Algo NN) for the joint compensation of the nonlinear distortion
caused by the PAs and channel effects on the massive MP MIMO
system, as shown in Fig. 4.

1) Multilayer Perceptron: This type of network consists of
an input layer, an output layer, and several hidden layers between
these two layers, and the number of layers used corresponds to
the number of weight matrices available. Thus, we can notice
that a PMC is in this case considered as the network best adapted
to treat nonlinear functions. Fig. 3 presents the architecture of the
PMC having several layers, where, we can note that the first layer
is connected directly to the inputs, each layer is connected to the
previous and the next and the last layer gives the outputs. We
must consider an adaptive NN, where the modifications of each
parameter carried out on each neuron will be able to adapt the
network in order to establish and carry out all types of operations,
and these modifications will be interpreted and used during the
learning phase [26].

2) Compensation Algorithm Based on NN for MP Massive
MIMO in the Presence of PAs: The compensation algorithm-
based NN (Algo NN) for the effects of PAs introduced in Fig.
4 aims to eliminate the effects of nonlinearities and establish an
opposite response to that given by PAs (linear response). Thus,
an additional nonlinear function is necessary to preprocess the
input signal PA, and thus, linearize the amplified signal. The goal
of our approach is to formulate a simple convex optimization
method that allows to implement an efficient, simple, and reli-
able algorithm. For the nonlinear MP massive MIMO system,
as introduced in this work, we can interpret the problem by
minimizing the minimum square error (MSE) between the signal
x and the amplified signal x through the channel H, as

MSE =[x — x|3 (28)

MSE = argmin ||[Hgf(s) — x||3. (29)
S
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It is difficult to directly address the problem of (29) because
of the nonlinear operation induced by the PAs, where we can
note the input signals of the PA are Gaussian and complex.
Using the Bussgang’s theorem given by [28], we can decompose
the nonlinear signal recovered at the output of PA into a linear
function and an uncorrelated distortion term. Alternatively, the
iterative algorithm could achieve a very high-performance gain
with insignificant computational complexity. By minimizing the
mean square error (MSE) of the symbols x and the output signal
of PAs outputs given by the Bussgand’s theorem z through the
H, channel, we can rewrite (29) as

minismize J(s) = |Hgs + Hyd — x]|2. (30)
The proposed equation (12) will allow an efficient iterative NL
distortion attenuation algorithm, which aims to search for s,,t
symbols guaranteeing excellent transmission quality. Thus, we
generate a local copy of the distortion vector received by the
targeted users on the transmitter side, so that it can be used to
adapt the precoded vector s and would be canceled when the
latter is amplified and passed through the channel. To calculate
the distortion vector, we use an initial estimate of the vector s°
using the direct approximate models PAs which introduce the
NL distortion on the signal (10), in the same way as the real PAs
in the real transmission, i.e., expressed by d = F'(s) — Wss.
Then, the channel estimates H, reproduce the distortion
vector d = H at the receiver level emulating the true propaga-
tion. This estimated distortion vector is considered, and a new
estimate of the vector s can be obtained. This second estimate
s! can be used to reestimate the distortion vector. This process
can be performed iteratively until a certain specific limit is
reached. Therefore, an alternative estimate has been presented
in (12), in which we estimate s by minimizing the function 7 (s)
with respect to s and estimating the distortion vector. Thus, the
alternative procedure in the (¢ 4 1)th iteration is expressed as

st = argmin(J(s®,d®) 31

dHY = p(stHDy — Wt (32)

So, the considered optimization problem lends itself to an ef-
ficient implementation for massive MIMO systems by offering
an algorithm of low complexity and which only requires matrix-
vector multiplications. The gradient descent method (GD) at
iteration s(**1) are determined by the negative gradient of the
function cost 7 to s(*), which is given by

VI (s, d®) = oWHHI [ H;Ws® + Hyd® —x].
(33)
To improve the rate of convergence of our algorithm, we add
a coefficient y to ensure the link between the previous iteration
and the current iteration. The vector s will be adjusted according

to
st — g _ Ag® (34)

where As(Y) = 4V, 7(s(®), d®) — uAs*~). The proposed al-
gorithm in the form of Algo NN is defined as follows.

B. End-to-End Learning for MP Massive MIMO Systems in
the Presence of PAs Using Autoencoder

In this section, we proposed an E2E wireless communication
system based on the deep neural network (DNN) autoencoder to

Algorithm 1: Algo NN.

INITIALIZATION:
s¥ = 0pr,%1,d! = 0y, 1, As® = 0y, 1, we fix the
maximal number of iterations as 7', the learning rate as
~ and the momentum coefficient as x4
for t=1,....T do
As®) =
2yWHHI H;Ws®) + Hyd® — x] — pAst+1)
gt+1) — o) _ Ag(®)
Adjustment of power of s(**1) to considered ibo.
dt+1) — F(s(t“)) — Wst+D
end for
return s(7+1)

eliminate jointly the effect of power amplifier and imperfect
channel state information for MU massive MIMO systems.
The DNNs are applied to perform existing functions in the
transmission chain, such as modulation, demodulation, coding,
decoding, and PA, etc.

Indeed, autoencoders are unsupervised learning algorithms
based on artificial NNs that can generate new representations
of datasets, which are generally more compact and have fewer
descriptors, thus reducing the size of the dataset. The architecture
of the autoencoder consists of two parts: 1) an encoder and 2) a
decoder.

1) The encoders: They consist of a set of layers of neurons
that process the data to build new representations called
“encoded.”

2) The decoders: The layers of neurons in the decoder receive
these representations and process them to reconstruct the
original data with a minimal deviation.

In our work, we will consider the MP massive MIMO system,
where the relay has a large number of M, antennas with PAs
and aims to exchange the symbols between several pairs users
(M, = 2K). By exploiting the concept of the autoencoder, in
which the E2E transmission system is modeled using a DNN.
Fig. 5 gives us an idea of the working principle of our proposed
technique. This adopted diagram shows us how to use a nonlinear
amplifier as an autoencoder to represent an E2E communication
system and how to train this autoencoder to send the symbols
and eliminate the effects of PAs and the channel.

However, the main goal of the transmission system under
consideration is to successfully return the information sent to
the end users. This communication task can be approached as a
classification problem for which categorical cross-entropy is a
frequent choice of loss function. We recall that the autoencoder
used can be trained E2E through gradient descent algorithms
to minimize the average cross-entropy between the one-hot
representation of the predicted messages and the probability vec-
tors generated by the user [32]. Specifically, the cross-entropy
constrains the output of the decoder to be the same symbol as
the input to the precoder. The gradients are back-propagated
through the decoder and then the encoder, which allows us to
perform weight updates.

At this level, we emphasize that a common DNN is used to
present the encoding and decoding procedures of different users
or each one is modeled with two hidden layers and an activation
function (Relu). They are trained with 40 epochs (in other words,
40 different channels), chosen at random.
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Fig. 5. End-to-end learning architecture for a nonlinear MP massive MIMO system.
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Fig. 6. Relay-level processing.
TABLE I
PA PARAMETERS
PA Parameters
SSPA G=16,As =19,p=11,A=-3458=0.17,q=4
ibo 1dB, 3 dB

To begin with, most existing DL libraries only support the
manipulation of real values, so we must first transform the
complex model into a real model by concatenating the real and
imaginary parts.

Thus, we consider 1,, as an autoencoder input containing
information sent to the user. This vector is transferred to the
transmission DNN which has several nonlinear layers followed
by a linear layer. This information will be transmitted via an
uplink channel. In order to eliminate the effects of the channel
and to decode the information received at the relay level (R),
we implemented a decoder with several layers. At this level, R
multiplies the decoded signal by a precoding matrix P. Then,
the obtained vector will be amplified by nonlinear APs. Finally,
this vector is broadcast to all users via a downlink channel (as
shown in Fig. 6). At the receiver, another DNN with multiple
layers is considered as a decoder, as in the case of the transmitter
encoder. At the receiving DNN, the activation function of the last
layer is defined as a softmax activation function to generate the
probability vector at user equipment k [23].

V. SIMULATIONS RESULTS

In this section, we present the simulation results and per-
formance theoretical analysis in terms of SER of a nonlinear
multipair massive MIMO system under Rayleigh fading channel
with QAM modulation. We plot the SER as a function of the
SNR of the two approaches (algo NN and EA), where the SNR
is defined as SNR = %’;”% and the parameters of the considered
amplifiers are shown in Table I. At this level, we consider random
data of size 10°. These data are processed and then stored to
facilitate learning.

104 F

0 5 10 15 20 25 30
SNR (dB)

Fig. 7. Comparison of simulation and theoretical SER in nonlinear (NL) MP
massive MIMO system for M, = 10.

A. Comparison Between Theoretical and Simulation Results

The theoretical and simulated average SER performances
of the MP massive MIMO system with and without PA are
shown in Fig. 7. The theoretical curves are obtained from the
theoretical expression [(18) and (26)] of the SER and are given
by marker lines. The simulated curves are represented solid lines.
The theoretical values of the nonlinear parameters, such as the
complex gain w and the variance o3 of the nonlinear noise d(t)
are interpreted and calculated in [28] and [29]. Fig. 7 shows that
the theoretical results are very close to the simulated ones. On
the other hand, it presents the effect of the power amplifier on
the performance of the considered system especially for a low
value of 7bo (1 dB). On the other hand, one can notice the effect
of the PAs for SNR values higher than 25 dB (constant level).

B. Performance of Compensation Techniques Based on
Deep Learning

Indeed, several methods have been proposed to eliminate
imperfections caused by PAs, such as: iterative algorithms [33],
PAPR reduction, and DPD [19] on different transmission sys-
tems. In this context, we first prepared a comparative table
(Table II), where we compared our two proposed methods with
those used in the literature. Second, we will introduce our two
methods proposed in this article: an algorithm based on NN s
(Algo NN) and a new E2E (AE) approach allowing to establish
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TABLE II
PERFORMANCE COMPARISON (M,. = 20 AND IBO=3)

Techniques SER for SNR = 10 dB SER for SNR = 14 dB
DPD 0.10905 0.0095
PAPR reduction 0.10334 0.00797
Algo NN 0.10306 0.00782
AE 0.0094 0.0051
TABLE III
SIMULATION PARAMETERS
Parameters Values
Number of users (M) 2,10,20
Number of antennas (M¢) 100
QAM order 16
107 T T T T T T T
[ Ideal
—&— Nonlinear
— # —Algo NN H real
—-=+-—AE Hreal
—=+=-=AE H estimated
102F — # —Algo NN H estimated | J

o
w
(2]
104 -
10°F
10° L . L L L L L
0 1 2 3 4 5 6 7 8
SNR (dB)
Fig. 8. Comparison of Algo NN and AE in MP massive MIMO system for

M, = 2 and ibo = 3 dB for different types of channels.

the same transmitter—receiver transmission chain of the MP
massive MIMO system. When coming to the proposed approach,
the NN adopted at the BS has as input the received signal, i.e.,
at the channel output. This NN has as role to perform the first
stage precoding and the generated signal will serve as an input
to the linear precoder (i.e., second stage precoding). This NN
has many layers (i.e., deep) can be seen as a black box but
it can perform like a decoder and precoder (it is no longer a
classical AF), leading to an improved performance compared to
classical methods. The simulation parameters for these solutions
are shown in Table III.

Fig. 8 presents the impact of the channel estimation error on
the SER performance. We consider the channel matrix in the
frequency domain as represented by: H, = H, + H,, where
H, ~ CN(0, U%d) is the channel estimation error whose entries
are complex Gaussian distributed with a variance of aﬁd [18].

Figs. 8-10 show the performance of the iterative algorithm
Algo NN and the AE approach for different numbers of users
(where M, = 2K). Whatever the number of users, by analyzing
the curves given by the figures the nonlinear distortion can
be considerably compensated by using the two proposed tech-
niques, except that, the curves given by the AE method tend to
approach at most the linear curve.

SER

10

Ideal
—6— NL (ibo=1)
—#— NL (ibo=3)
— © — Algo NN (ibo=1)
= #* —Algo NN (ibo=3)

10 |—-©-—AE (ibo=1) 2 3
—-#%-— AE (ibo=3)
: ‘ : : ‘ ‘
0 2 4 6 8 10 12 14
SNR (dB)
Fig. 9. Comparison of Algo NN and AE in MP massive MIMO system for
M, = 10.
10°
107
o
-2
& 10
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—6— NL (ibo=1)
103 | —*—NL (ibo=3) \ B
= © = Algo NN (ibo=1)
— # —Algo NN (ibo=3)
—-©-— AE (ibo=1)
—-#-— AE (ibo=3)
104 ‘ : : : ‘ ‘ ‘
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SNR (dB)
Fig. 10. Comparison of Algo NN and AE in MP massive MIMO system for
M, = 20.

C. Complexity Analysis

In this work, we develop a complexity study focused on the
algo NN based on the multilayer perceptron and the E2E method-
based DNN. The Algo NN is applied to each branch of antenna
before the power amplifier. More precisely, we considered for
this algo a single layer, one hidden layer with NV,, neurons. Most
learning libraries accept only real values, so, we transformed the
complex model into a real model (two neurons in the input layer
and two neurons in the output layer). In the fact, to compensate
the effect of PA nonlinearities, we considered the Algo NN learn-
ing off-line, then, their complexity is not considered. According
to the proposed algorithm, we obtained the complexity given
by O(T(3(M¢M, + M))), where T presents the maximum
number of iterations. To simplify the complexity of the proposed
algorithms to eliminate the hardware imperfections, we have
interpreted the E2E approach. The advantage of this approach
is that all blocks in the chain are processed offline.
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VI. CONCLUSION

In this article, we presented a theoretical analysis for the SER
performance of a multipair two-way massive MIMO system, in
presence of non linear PA and under independent Rayleigh block
fading channel. This analysis can provide important insights into
the practical impact of power-efficient PA and also how to effi-
ciently deploy MP two-way massive MIMO systems. Further-
more, we presented two DL-based techniques to eliminate the
nonlinear distortion caused by PA and then enhance the energy
efficiency of the system. The first proposed method consists in
an algorithm based on an NN (Algo NN), it is designed with low
complexity architecture, enabling energy-efficient MP two-way
massive MIMO. Interestingly, the second is a novel E2E learning
approach, whereas the E2E MP massive MU-MIMO is designed
using one deep NN, referred to as AE-MP-mMIMO. Most
importantly, the proposed AE-MP-mMIMO is suited for varying
block fading channel scenarios, such that it fits any Rayleigh
fading and do not need to be retrained when the channel changes.
Here, we adopted two-stage precoding scheme, at the relay,
to effectively tackle both multiuser interference and nonlinear
distortion. It is worth to recall that all the deep NN layers are
trained off-line, except the ZF precoder changes on-line when
the channel changes. As a perspective, we intend to extend this
proposed approach to cell-free massive MIMO systems which
can provide uniformly better spectral efficiency for users than
traditional cellular technology.
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