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ABSTRACT In this article, we consider a multi-user multiple-input single-output underlay cognitive radio
system with simultaneous wireless information and power transfer (SWIPT) based on the rate-splitting
multiple access (RSMA) framework. The system model is composed of a set of secondary users that only
decode information, and another set of secondary users that simultaneously decode information and harvest
energy based on a power-splitting (PS) ratio. Precoders are designed to minimize the transmission power
of the secondary transmitter subject to a minimum rate requirement, an energy harvesting requirement,
and maximum allowable interference with the primary network. The optimization problem is non-convex
and challenging. Thus, we divide it into two subproblems where the outer problem is solved by a deep
neural network (DNN)-based scheme with an autoencoder, and the inner problem is solved based on the
semidefinite relaxation (SDR) technique. The inner problem takes the solution of the DNN-based scheme to
provide the precoder vectors and PS ratios based on SDR, where a penalty function is proposed to guarantee
feasible solutions to the problems. Our simulation results prove that the proposed framework based on RSMA
outperforms the conventional methods and can achieve performance close to that of the optimal solutions,
with a significant reduction in computational complexity.

INDEX TERMS Rate-splitting (RS), simultaneous wireless information and power transfer (SWIPT), deep

learning, cognitive radio network, semidefinite relaxation (SDR).

I. INTRODUCTION

Currently, the rapid increase in traffic demand expected from
5G and the incoming 6G technologies has promoted the
development of new techniques to maximize the efficient use
of wireless resources. In this respect, the concept of rate-
splitting (RS) led to the development of rate-splitting multiple
access (RSMA) [1], [2], which is a novel multiple access
scheme based on the idea of splitting user messages into
common and private parts. In RSMA, the common parts of
messages are grouped into a super common message, which is
encoded into a common stream based on a shared codebook,
i.e., the common stream needs to be decoded by all users.
The private parts of messages are independently encoded into
separate streams by using private codebooks. Then, based

The associate editor coordinating the review of this manuscript and

approving it for publication was Arun Prakash

VOLUME 10, 2022

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

on the channel state information at the transmitter (CSIT),
the common and private streams are linearly precoded and
superposed to be transmitted over the wireless channel.
On the user side, RMSA uses the successive interference
cancellation (SIC) procedure to first decode the common
stream by considering the interference from the private
streams as noise. Then, the super common message is
re-encoded, precoded, and subtracted from the received
signal to finally decode each intended private stream by
considering the interference from other private streams as
noise. The original message is reconstructed by joining
the intended private message to its respective part in the
super common message. The message-split ratio permits
adjusting the amount of interference to be decoded by the
user, which allows RSMA to partially decode the interference
and partially treat it as noise. This key characteristic is used
in the literature to promote RSMA as a general multiple
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access method, with space division multiple access (SDMA)
and non-orthogonal multiple access (NOMA) as special
cases [2]-[4]. In SDMA and conventional multi-user linear
precoding, the interference from other messages is fully
treated as noise, whereas in NOMA, the interference from
other messages is decoded by using several layers of SIC.
To improve spectral efficiency, cognitive radio (CR) is
presented in the literature as a promising technique [5], [6].
In particular, we study the underlying cognitive radio system,
which is composed of primary users (PUs) who share
their spectrum band with a secondary network, provided
that interference with the PUs is generated by secondary
transmitters at less than a certain predetermined level.
To overcome the power consumption problems of wireless
devices, such as low-power IoT, one efficient technique
is simultaneous wireless information and power transfer
(SWIPT) [7], [8]. SWIPT combines radio frequency (RF)
wireless energy transfer (WET) and wireless information
transfer (WIT) by transmitting information and energy
simultaneously. However, a trade-off between data rate and
energy needs to be considered to achieve an efficient SWIPT
scheme. Power-splitting (PS) is one of the most efficient
structures to be used at the receiver, where the incoming
signal is split into two parts, one to be used for information
decoding (ID) and the other for energy harvesting (EH).

A. RELATED WORKS

An overview of SWIPT and its applications can be found
in [7] and [8]. One of the first works considering SWIPT
with a multiple-input single-output (MISO) system was
proposed in [9] and was composed of users equipped with
a PS structure. They addressed the minimization of total
transmit power by optimizing the beamforming vectors
and PS ratios. In [10], the authors considered a MIMO
system in which several users implemented the PS structure.
They try to minimize transmit power by jointly optimizing
the beamforming vectors and PS ratios. In [11], energy-
efficiency optimization was investigated in a MIMO system
by considering a time-switching structure for SWIPT users
but under constraints on maximum available power and
minimum harvested energy. In a multi-user MISO system,
the NOMA method was studied in [12] to maximize energy
efficiency while optimizing beamforming vectors, subject to
a minimum rate requirement. In [13], the NOMA method was
used in a MISO SWIPT system composed of two users with
cooperative transmission. The authors optimized the transmit
beamformers and the PS ratio to maximize the data rate of
the closer user, subject to a minimum rate for the farther
user. In [14], the authors considered the maximization of
the energy efficiency in a MIMO SWIPT relay network by
assuming an imperfect knowledge of the channel vectors. The
model of the channel errors was the norm bounded model,
which is commonly used in the literature [15]. Moreover, the
S-procedure [16] was applied in [14], [15] to deal with the
infinite number of constraints caused by the imperfect CSI.
The abovementioned works investigated SWIPT in a MISO
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system by applying SDMA or the NOMA technique without
considering an underlying cognitive radio system.

In cognitive radio systems, the authors in [17] used the
SDMA scheme in a CR MISO SWIPT system to minimize
total transmit power from the secondary base station. The
beamforming vectors and PS ratios are optimized by using
the SDR technique, subject to rate, energy, and interference
thresholds. In [18], a multi-user CR MISO SWIPT system
with SDMA was proposed to investigate the max-min fair-
harvested energy problem, subject to rate, energy, and inter-
ference constraints. In [5], underlay MISO-NOMA SWIPT
was considered where secondary users are equipped with the
PS structure. The authors studied the power minimization
problem to optimize transmit beamforming vectors and PS
ratios under rate, energy, and interference constraints, where
the SDR technique with an iterative penalty method was
used to solve the problem. A MISO-NOMA cognitive radio
system with SWIPT was investigated in [6] under imperfect
CSIT, where the secondary receiver architecture relies on a
PS design. The authors considered a minimum transmission
power problem and a maximum energy harvesting problem to
optimize the precoding vectors, the energy vector, and the PS
ratio. The solution was based on SDR and a one-dimensional
search algorithm. Moreover, NOMA in a CR system has
been applied in physical layer security to minimize the
transmission power [19], [20] and maximize the secrecy sum
rate [21].

In the aforementioned works, only the conventional SDMA
and NOMA methods were considered. The RS method was
introduced in [1] as a novel physical-layer strategy that is
capable of providing improvement in spectral and energy
efficiency, compared with traditional methods. In [22], the
RS strategy was applied in a multi-user MISO system
under imperfect CSIT. The authors studied the max-min
fairness problem, where the weighted minimum mean square
error (WMMSE) approach was used to obtain solutions.
The simulation results proved that the RS-based approach
achieved a higher rate, compared with traditional designs.
The RS strategy was applied in a massive MIMO system
in [23] by considering imperfect CSIT to maximize the
minimum rate achieved with the common message. In [24],
the RS method was implemented in a MISO unicast and
multicast system. RS exploited the existing SIC structure
by combining the common part of a unicast message
with a multicast message to maximize both the weighted
sum rate and energy efficiency. The RSMA framework
was introduced in [2] for a downlink, multi-user MISO
system. The authors investigated the weighted sum-rate
maximization problem subject to a minimum rate require-
ment and a power constraint, in which the solution was
based on the WMMSE approach. The authors described
the limitations in the conventional SDMA and NOMA
methods, and presented RSMA as a more powerful and
general method, with SDMA and NOMA as special cases.
Simulation results proved the authors’ claims and the superior
performance of RSMA over conventional frameworks. In [3],
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a two-user MISO system was considered for sum-rate
analysis in order to show analytically that the conventional
methods of orthogonal multiple access (OMA), NOMA, and
SDMA are special cases of the RS framework. In [25],
energy efficiency maximization in a multi-user MISO system
with RS was studied, and the trade-off between spectral
and energy efficiency was investigated in [26]. Both studies
showed that RSMA is more spectral- and energy-efficient,
compared with NOMA and SDMA. In [4], the authors
provided a discussion of RS as a potential candidate for
future 6G multi-antenna systems. The authors showed how
RSMA can address the requirements of data rate, latency,
reliability, mobility, and energy efficiency. They highlighted
the robustness of RSMA in dealing with different kinds of
imperfect CSIT, and showed the flexibility it has in dealing
with several types of traffic, such as unicast, multicast, and
broadcast. Moreover, it was claimed that RSMA permits
reducing the complexity at the receiver, since only one layer
of SIC is required (compared with the several SIC layers
needed in NOMA) while achieving higher performance.

The RS strategy was considered in [27] for a multi-user
MISO SWIPT system composed of users that only decode
information and users that only harvest energy. The precoder
vectors and the common rate variables were optimized
to maximize the weighted sum rate under a minimum
energy-harvesting requirement and maximum transmission
power, where WMMSE and a successive convex approx-
imation (SCA)-based algorithm were proposed to solve
the problem. In [28], a MISO interference channel with
SWIPT and RS was considered under imperfect CSIT. The
authors considered transmit power minimization to obtain
the beamforming vectors and PS ratios, subject to rate and
energy constraints. The solution was an iterative gradient
algorithm that solves a semi-definite programming (SDP)
problem in each step. In our previous work [29], a multi-user
SWIPT system was investigated to minimize the transmission
power, subject to rate and energy constraints. The precoder
vectors, common rate variables, and PS ratios were optimized
by a particle swarm optimization (PSO) algorithm along
with the SDR approach. Note that the above articles did not
consider a system with cognitive radio capabilities. In [30],
we considered a multi-user MISO SWIPT system with
RSMA and CR capabilities by assuming two types of users.
The minimum transmit power problem was investigated
subject to rate, energy, and interference constraints in which
a PSO-SDR-based algorithm was proposed to solve the
optimization problem. The simulation results showed a
significant improvement achieved by the RSMA method over
the conventional SDMA scheme. However, the PSO-SDR
algorithm is an iterative method that increases computational
complexity for RSMA, compared with the conventional
methods. Then, it is crucial to investigate novel schemes with
lower computational complexity to solve the optimization
problems in SWIPT RSMA systems.

In the literature, deep learning is a promising method
to approximate the optimization algorithms or to accelerate
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some of their steps, with the objective being to reduce
computational complexity [31], [32]. The capabilities of
different machine learning types and their limitations were
discussed in [33] where a cognitive learning (CL) framework
with adaptation capabilities for dynamic environments, was
introduced in order to improve the quality of the decisions.
The CL framework was used in the modulation recognition
problem by selecting the most appropriate modulation
recognition algorithm and its optimal parameters. In [34],
the authors proposed a deep neural network (DNN)-based
approach to approximate the WMMSE algorithm that solves
the weighted sum-rate maximization problem in a network
composed of several single-antenna transceiver pairs. The
input for the DNN was the magnitude of the channel coefti-
cients, and the output was the power allocation variables. The
simulation results showed that good accuracy was achieved,
with a significant reduction in computational time. In [35],
an underlying CR network system was considered where
the secondary network was composed of a single-antenna
cognitive base station (CBS) and one secondary user.
The authors optimized the transmit power of the CBS
to maximize the transmission rate and energy efficiency.
A deep neural network was used to approximate the optimal
solution for both optimization problems where simulation
results showed that the DNN-based scheme achieved a close
performance to conventional methods with a significant
decrease in the computational time. In [36], the authors
considered a multi-user MISO system, and developed a deep
learning—based approach to solving the power minimization
problem, the signal-to-interference-plus-noise ratio (SINR)
balancing problem, and the sum-rate maximization problem.
The approach has two parts: the deep learning module and the
beamforming recovery module. The deep learning module is
composed of convolutional layers and fully connected layers,
which provide key features to the beamforming recovery
module. The key features are converted to a beamforming
matrix based on expert knowledge of beamforming optimiza-
tion. However, the beamforming recovery module and the
design of the key features are problem-dependent, and cannot
be directly used in other complex systems.

B. MAIN CONTRIBUTIONS

Motivated by the significant improvement from RSMA over
traditional methods in spectral and energy efficiency in the
literature, we consider an underlying MISO-SWIPT system
composed of a set of secondary users that only decode
information, with another set of secondary users equipped
with the PS structure to simultaneously decode information
and harvest energy. We propose a low-complexity approach
to optimize the precoder vectors, the common rate variables,
and the PS ratios while minimizing the transmission power at
the secondary transmitter (STx).

The generalization performance of deep learning schemes
measures the ability of the model to perform well in testing
data which is significantly different from the training data.
This issue is of great importance because in real-world
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implementations the deep learning scheme may cause infea-
sible or suboptimal solutions leading to performance degra-
dation. Therefore, in this paper, we propose a DNN-SDR
approach assisted with an autoencoder where channel vec-
tors, rate thresholds, and energy thresholds are considered
as input parameters. Then, we analyze the generalization
performance of the proposed model for different scenarios
not included in the training data without the need to retrain
the DNN model. The main contributions of this paper are
summarized as follows:

« We propose a novel, deep learning—based approach for
solving the power minimization problem in a CR MISO
SWIPT system with RSMA, subject to constraints on the
minimum rate requirement, the minimum EH require-
ment, and the maximum allowable interference with the
primary network. The proposed solution is composed of
an autoencoder for dimensionality reduction, a DNN to
find the common rate variables, and an SDR module to
obtain the precoder vectors and PS ratios.

« Given the common rate variables by the DNN, the SDR
technique with a penalty method is used to solve the
non-convex problem in the SDR module, in which all
the constraints are being satisfied.

« We consider the scenario with imperfect knowledge of
the channel vectors by assuming a bounded CSI error
model. A robust precoding design is proposed to deal
with the imperfect CSIT, where the proposed solution is
based on the S-procedure and the SDR technique.

« For comparison purposes, we developed a NOMA-based
scheme to solve power minimization in the considered
system model, where the close-to-optimal solution is
based on the SDR technique.

o Numerical simulations are presented to evaluate the
performance of the RSMA method over the conventional
SDMA and NOMA schemes. We prove the general-
ization capability of the proposed approach in several
scenarios, such as different signal attenuations, different
numbers of transmitting antennas, and imperfect CSIT,
which are not considered during the training process.
Moreover, we show that the proposed approach based
on deep learning permits a major reduction in compu-
tational complexity, compared with the close-to-optimal
scheme, while achieving similar performance.

The rest of the paper is organized as follows. Section II
illustrates the system model. Section III presents the problem
formulation, the proposed DNN-based solution, the SDR
approach to the problem, and the comparative NOMA
scheme. Simulation results are illustrated in Section IV,
followed by conclusions in Section V.

Notations: The matrices and vectors are represented by
bold uppercase and lowercase letters, respectively. The
transpose and conjugate transpose, respectively, are denoted
as ()7 and ()". The trace of a matrix is represented by
Tr (), the expectation is denoted as E {-}, and |-| and ||-|| refer
to the absolute value and the Euclidean norm, respectively.

62140

N

ID user-1 D

=) Huser-1

Ve
1—-py

Power
splitter

H user-u

FIGURE 1. Architecture of the underlay MISO-SWIPT system.

CN (,u, 02) represents the circularly symmetric complex

Gaussian (CSCG) distribution with mean  and variance o2.

Il. SYSTEM MODEL

We investigate a multi-user MISO cognitive radio system
with SWIPT by using the RSMA method. The system model
is composed of U hybrid users equipped with a PS structure to
simultaneously decode information and harvest energy, plus
D users with the ability to only decode information, denoted
as ID users, and K PUs, as illustrated in Fig. 1. We consider
an STx with N > 2 antennas, while the U hybrid users, D
ID users, and K PUs each have a single antenna. We denote
as h, € CN*! the channel vector between the STx and the
u-th hybrid user; q; € CN*! denotes the channel vector
between the STx and the d-th ID receiver, and g; € CNx1
is the channel vector from the STx to the k-th PU.

We propose an RS strategy for the multiple access method,
known as RSMA in the literature, to satisfy the rate and
energy requirements in the system. The one-layer RS requires
one SIC in the receiver, which reduces the number of SIC
layers at the receiver, compared to NOMA. The message
for the u-th hybrid user is denoted as m?, which is split

u
H,c P

. . H,
into a common message, m, °*, and a private message, n1, "~ .
1D

Similarly, the message for the d-th ID user is denoted as mz;”,

. . . D,
in which the common and private parts are mQD’C and m P,

respectively.
In RSMA, the common parts of the original messages

intended for the hybrid and ID users, i.e. {mllqc e mg’c,
mllD’c, e mg)’c}, are grouped and jointly encoded into

common stream s, with E {|sc|2} = 1, as illustrated in Fig. 2.

The private parts of the messages intended for the hybrid

D H.p

users, imllq NN st ], are independently encoded into

. . 2 .
private streams {s, ..., si} with E { |s| 1 = 1. Similarly,
the private parts of the messages intended for the ID users,

ID,p ID,p

m L, }, are independently encoded into private

streams {qu e sg) } with E “sélD 2} = 1. The precoder
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vectors for streams s, s, and s* d are defined as w, € CV*1,

w, € CN*! and v, e CN*1 respectively. The transmit
signal is given by

x—wcsc—i—Zwus +ZVdS (1)

u=1

At the hybrid and ID receivers, the first step is decoding
common stream s, by treating interference from the private
messages as noise. The hybrid users with the PS structure
divide the received signal into two power streams based on
PS ratio p, € (0, 1), where one power stream is sent to an ID
module, and the other power stream is sent to the EH module.
Thus, at the u-th hybrid user, the achievable rate of common
stream s, is given by

H
Ru,c
H 2
=log, |1+ ,Ou|hch|
’ w2t 2 [hH |2 2 2 ’
pu| X [0l wil"+ 3 [0 va|” + o, )+
i=1 d=1
Yu, 2

while nuH ~  CN(0, O'I%I’u) is additive white Gaussian
noise (AWGN) at the u-th hybrid user, and 9, ~ CN(0, y2)
is the circuit noise at the ID component of the u-th hybrid
user. The SIC layer is applied after decoding common stream
sc, where private stream s is decoded by treating the
interference caused by other private messages as noise. Then,
the achievable rate of private stream s/ at the u-th hybrid user
is (3), as shown at the bottom of the next page.

At the d-th ID user, the achievable rate of common stream
sc is given by
Jaff we”

. =logy | 1+ U " ; ,
> lagwal” + 2 lag vl +oip
u=1 j=1

vd, &)
where n ~ CN(O, o,D d) is AWGN at the d-th ID user.
Once common stream s, is successfully decoded, we can
apply the SIC procedure, and the achievable rate of private
stream s, y D at the d-th ID user is given by

Jalfval”

R2D=10g2 1+ U ; D ;
Yldiw + X laivil + o
u=1 j=1,j#d

vd. (5)

We define a common rate, R., at which common stream
s¢ 18 transmitted, where R, must not exceed the achievable
rate of s. at the weakest hybrid and ID users, i.e. R, =

min {R?c, .. R’é o R{DC, .. Rﬁ) ,} The total rate of the
u-th hybrid user is given by R + rMH > Where rH is the rate
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of the common part of the original message of the u#-th hybrid
user, i.e. m{f ¢, Similarly, the total rate of the d-th ID user is
given by R’D + r’D , where r’D is the rate of the common part
of the original message of the d-th ID user, i.e. méD €. Then,
R can be expressed as

D

U
RC:ZVIZC—*_ZVZI,DC' (6)
u=1

At the u-th hybrid user, the energy harvested at the EH
component is computed as

2
u Wi

E5’=nu<1—pu)(

D
+2
d=1
where the energy-harvesting efficiency of the u-th hybrid user
is denoted by n, € (0, 1].

The interference power at the k-th PU user from the STx is
given by

pint — ’ ellw,

2 2
" +od) Ve @

, U

+Z‘ngwu , Vk. (8)
u=1

Ill. PROBLEM FORMULATION AND SOLUTION

A. PROBLEM FORMULATION

In this paper, we aim to minimize the total transmit power at

the STx by optimizing the precoder vectors, the PS ratios,

and the common rate variables. The optimization problem

proposed in this paper is formulated as follows:

2 D 2
+Z ‘ngVd
d=1

U D
min Iwell> 4+ " lwal® + Y " llvall®> ()
We \WuVa Tl i pu =1 d=1
st. Clorfl 4+ RV >R L Vu (9b)
C2: rlP +RP > Rd s Vd (9¢)
C3: Z,C+Zrdch;’L, Yu (9d)
U D
Ca: Y rl +> 12 <RP. vd (%e)
u=1 j=1
C5:Ef > y,, Vu (9f)
U D
C6: well® + ) Wl + D I1vall* < Ponax
u=1 d=1
%92)
C7: P < i, Vk (9h)
C8:0<py < 1 Yu (%91)
C9: ru’ >0, r >0, Yu, Vvd, Ci)

where Ppyax represents the maximum transmit power of the
STx, ¥, denotes the minimum harvested energy required at
the u-th hybrid user, x; represents the maximum tolerable
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FIGURE 2. Rate-splitting framework for the proposed system model.

interference power of the k-th PU, and Ru min and RéDmm are
the minimum rate requirements of the hybr1d and ID users,
respectively. In (9b)-(9h), C1 and C2 guarantee the minimum
rate requirement for the messages of the hybrid and ID users;
C3 and C4 guarantee that common stream s, is effectively
decoded by the hybrid and ID users; and C5 establishes the
minimum harvested requirement at the hybrid users. C6 limits
the maximum transmission power at the STx, and C7 restricts
the power level for interference with the PUs.

Problem (9) is difficult to solve due to non-convex
constraints C1 to C5. Thus, we divide main problem (9) into
two subproblems, and propose a DNN-SDR solution to solve
them.

First, a DNN-based aprroach is used to obtain the common

H
uc’rdc ’

and energy requirements, as detalled in Sect1on III.B. Then,
given the fixed rate variables, r . and rd .» problem (9) can
be simplified to

rate variables, based on the channel vectors, rate,

U D
\(min p}||wc||2+Z||wu||2+2||vd||2 (10a)
> WWu,Vd s Pu
— _
subject to:
2
hf'w
U | l") u| >, , Yu
2 2 2
> w3 [hfva|"+og 2
i=1,iu d=1
(10b)
He |2
Vv
. |qd d| > oP, vd
Z]qdwu\ + Z ’quJ‘ +0ip.q
u=1 J=1.j#d
(10c)

H 2
- |hu WC| > ﬂ, Yu
> [t wil* + Z Wfival +of, + 4
i=1
(10d)
along with (9), (9g), (9h) and (9i),
H 2
Jag . >8,¥d  (10¢)

d Hy |2 D H |2 2
Zl|qdwu‘ +2|‘lde| +%ip.a
u= =

Z fi+2
where B = 2i=1 = d= —1,auH —=max {0, AR min Tl _ 1}’

RID . _,ID A
and ozd = max {O, 2%d,min™"d.c — 1}. Problem (10) is still

a non-convex problem. Then, we propose solving problem
(10) based on the SDR technique in Subsection III.C, and
we present the NOMA method as a comparative approach to
solving main problem (9) in Subsection IIL.D.

The proposed scheme can be used to minimize the total
power consumption at the STx by modifying the objective
function (9a) to the following [24]:

Png = qDPSTx +Pc,antN + Pstv (11)
where PST" is the total power consumption at the STX, Psy, =

well> + 2 Iw, 1> + Z [val?, ® > 1 represents the
u=1 =1
power inefficiency of the power amplifier, P, 4, represents
the circuit power consumption due to each antenna in the
STx, and Py, is the static circuit power consumption, which is
independent of the transmitted power. Typical values for the
aforementioned parameters are & = 2.85, P, 4y = 27 dBm,
and P,; = 30 dBm [24]. Since the values of ®, P, 4, and

pul bl wi|*

=log, | I +
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o 2 2 2 2 ’
pu| X W]+ Y [Wva|"+og )+ v
i=1,istu d=1

Y. 3)
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with an
Autoencoder
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SDR W AW, /Va. Py,

FIGURE 3. General structure of the proposed DNN-SDR based scheme.

Py, can be considered constant, the total power consumption
is defined and directly proportional to Pgry.

B. DNN-BASED ALGORITHM TO OBTAIN THE COMMON
RATES

In this paper, we propose a DNN-based scheme with an
autoencoder to obtain the approximate optimal values of the
common rate variables in problem (9). In particular, we find
the values for common rate variable {r_} of the u-th hybrid

user and for common rate variable {rfc} of the d-th ID

user. Fig. 3 shows the structure of the proposed method.
The proposed approach is composed of three main modules:
an autoencoder, a DNN, and an SDR module to solve
problem (10).

The elements of the channel vectors in a MISO system
depend on the number of antennas, where each element is
composed of a real part and an imaginary part. Then, as the
number of users and antennas increases, so does the total
input required at the DNN while increasing the complexity
required at the DNN module. For instance, considering eight
antennas at the STx and six total users, we have 96 inputs just
due to the channel vectors, and if we increase the number of
antennas to 28, we have 336 inputs due to the channel vectors.
Therefore, we propose an autoencoder as the first module,
which is in charge of reducing the dimension of the channel
vectors and dealing with the imaginary part. In particular,
each channel vector from the STx to the users (hybrid, ID,
and PUs) is independently encoded into a lower-dimensional
representation and is used as input for the DNN. The first
step of the process is to separate each element of the channel
vectors into real and imaginary parts, i.e. the number of inputs
for the autoencoderis 2 x N.

The autoencoder is an unsupervised learning method and a
type of neural network composed of one input layer, an odd
number of hidden layers, and an output layer with the same
dimensions as the input layer. The general objective is to
reproduce the data from the input layer to the output layer by
passing through the hidden layers, while the reconstruction
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FIGURE 4. Example of the autoencoder module for channel vector h;.

error or loss function is used to optimize the weights of the
network. For dimensionality reduction, the autoencoder is
designed to have fewer units in the middle layer than in the
input layer. In detail, we consider an M-layer autoencoder,
where the m-th layer has the same number of units as
the (M — m + 1)-th layer [37]. Then, we can divide the
autoencoder into an encoder part, which includes the input
layer to the (M +1)/2-th layer and that is in charge of mapping
the input data into a lower-dimensional representation, and
a decoder part, which includes the (M + 1)/2-th layer
to the output layer. The (M + 1)/2-th layer is the most
constricted layer, where the reduced representation of the
input data is obtained. Fig. 4 illustrates an example of
the proposed autoencoder-based scheme for dimensionality
reduction, composed of three hidden layers, where the
input is represented by the real and imaginary parts of
the channel vector, and the encoded state is the output of
the second hidden layer (composed of J units). We denote
as AEp, € R™! the reduced representation of channel vector
h,. Similarly, AEq, and AE, are the reduced representations
of channel vectors qg and gy, respectively.

The second module is a DNN composed of an input
layer, Mpyy hidden layers, and an output layer, as illustrated
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FIGURE 5. Overview of the training and deployment phases.

in Fig. 3. The input of the DNN corresponds to the
encoded representation of the channel vectors given by the
autoencoder, i.c. {AEy,, ..., AEy,, AEq,, ..., AEg }, and
the rate and energy requirements of the hybrid and ID users.

The output of the DNN module is the common rate variables

rfc, rd (- The DNN module solves a regression problem

in order to map the input of the DNN to the common rate
variables. Thus, a dataset with the optimal common rate for
each input is required to train the DNN by optimizing the
weights of the network.

Fig. 5 illustrates the overview process for the training
and deployment phases. First, the training and validation
datasets are collected based on the solution of traditional
optimization algorithms and features extracted from the
channel vectors, and rate and EH requirements. The feature
extraction is performed by the autoencoder module in Fig. 4.
We considered the PSO-SDR solution from [30] as the
traditional optimization algorithm to solve the minimum
transmit power problem in the proposed scheme. However,
PSO-SDR is an iterative algorithm that requires solving an
SDR problem dozens of times, which involves high compu-
tational complexity. Therefore, in this paper, we approximate
the PSO algorithm with the DNN module deployed at the
STx. Next, the training dataset is used to optimize the weights
of the DNN, and the validation data is used to select the best
hyperparameters of the DNN. Finally, the trained DNN is
used for the deployment phase detailed in Fig. 3.

An additional step after the DNN module is the filtering
process, which limits the values for the common rate
variables. These limits are obtained based on the prob-
lem formulation and their related constraints as follows.
We denote the maximum values for 7 and r d asrll, . and
ermax, respectively. Based on constralnt (10d), we derive the
following:

}thwc max ’2

2 2
Ohi TV

H _ .
ru,maxl - 1I<r}1<nU logz I+

(12)
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Then, by using the Cauchy—Schwarz inequality and limit-
ing the norm of precoder vector w, to Ppax, (12) becomes

111> Prmax

S B— (13)
UH itV

H
Fymax; = lminU

log, (1 +

By following the procedures in (12) and (13), and based

on constraint (10e), an additional limit for ru max 15 defined
as follows:
2
i [ Prax
r < min {lo 1+ — , (14)
U, maxp 1<j<D 22 UIZDJ'

where we denote 6; =min;<;<y 1log, (1 + ”h I P,m)} and

UH l+yl
. ”q ||2Pmax
dr=minj<j<p ylog, | 1 + ’02— for future use. In the
ID.j

case o o> it can be shown that the same limits, 6; and 6,
are attained by following the aforementioned process from
(12) to (14).

The maximum value of r,f ¢

fID

is also restricted by constraints

Z ,p+ Z
(10b) and (10d) through the terms B = 2i=! —
H
1 and off = max {0, 2R min™Tie _ 1] First, we analyze
the case where rf!. < RY . which leads to a value of

u,min’
a greater than zero while restricting the value of rH to
[0 RH

u mln) Second, we consider the case where rH >

RA . which leads to a value of zero for of’. In this case,
we notice that constraint (10b) is always satisfied for all
possible values of w,, {w,, v4, p,}. Then, we use constraint

. . . H H . .
(10d) to limit the maximum value of r,/. to R, .. This is

because, as we reduce the value of B, by decreasing rfc,
2. . . .

a lower value of |h{f WC| is required while reducing the

transmission power. Therefore, we can conclude that another

limit for the maximum value of r .18 RZI min®

For rd ‘max» DY following the preV1ous procedure and taking
into account the expressions A and o/ d , and constraints (10c)
and (10d), we can define RIP in as another limit on the
maximum value of r

By combining the above results, the maximum values of

the common rates are defined as

rlfmax = min( u,min> d1, 52) (15a)
Fimax = Min (R{f?mm, 51, 62) : (15b)

Finally, the corrected values of the common rate variables
are defined as follows:

0, 1fr . <0, Vu, (16a)
r‘fc = rlfmaxv lfr ¢~ rlflmax’ Vu, (16b)
r 5 o othervwse, Yu (16¢)
0, ifrlP. <0, vd, (17a)
riPo= 3 P iR s rP L vd, (17b)
VéDC, otherwise, Vd (17¢)
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For the DNN module, we consider the computational
complexity of the online prediction because the training
process is performed in offline. The complexity of the
DNN module depends on the number of layers and nodes.

We have J (U + D+ K) + 2U + D nodes in the input

layer, U + D nodes in the output layer and miDNN

nodes in the i-th hidden layer where i = 1,..., Mpnn-
Then, the computational complexity of the DNN mod-
ule is given by O((J (U +D+K)+2U + D) mP™ +
m?NngNN + ...+ mAD,IJZJA\,’N W+ D)), which can be approx-
imated by O (J (U + D + K)) when parameters of the DNN
are assumed to be fixed.

One substantial advantage of the autoencoder module is the
ability to adapt the proposed approach to several numbers of
transmitting antennas while keeping the same DNN module.
In particular, collecting data and training an autoencoder is
a relatively easy job, since it is an unsupervised method.
Then, we can train a new autoencoder module when the
number of antennas at the STx increases, while keeping
the same dimensions in the middle layer (J units) so that
we can use the same DNN module for several numbers
of transmitting antennas. We analyze this capability in the
simulation results of Section IV.B. Note that training a
new DNN (without the autoencoder module) for a different
number of transmitting antennas requires collecting new
datasets, which is a time-consuming task since the DNN
module needs the optimal common rate variables as output
for each input sample in order to optimize the weights.

The third module is the SDR-based approach, which is
used to solve problem (10) where a penalty-based method is
applied to guarantee a feasible solution.

C. SDR-BASED APPROACH TO SOLVING PROBLEM (10)
We propose using the SDR technique [38] to solve minimum
transmit power problem (10). First, we define W, = wcwf ,
W, = wowi, Vy = vyvi  H, = hh!, Qs = quq,
and Gx = ggl. Then, it follows that W, W, and Vg4
are rank-one symmetric positive semidefinite matrices, i.e.
W, W, V;, = 0, rank(W,) = 1, rank(W,) = 1,
and rank (V4) = 1. Moreover, we have the following
equivalences: [w[|* = Tr (W), [[wy[I* = Tr (W), [[val* =
Tr (Vy), [hw,|* = Tr(H,W,), and |qZva|* = Tr(QqVa).
Then, by ignoring the rank-one constraints for matrices W,
W, and V, the original problem (10) can be converted to the
following problem:

U D
min Tr (We) + Tr (W,)+ Tr (V 18a
We AWu.Va, pu} ( C) ; ( u) dgl ( d) ( )

subject to:
U
~Tr(H,W,) + Y TrHW)al
i=1,i#u
D ally?
+> Tr(H,Va) el +oj 0 + = <0, Vu
= Pu
(18b)
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U
—Tr(QusVya) + Z Tr (QuW,) aéD

u=1

D
+ > Tr(QaV)) el +ojp gl <0, Vd  (18¢)
j=1j#d
U D
—Tr (H,W,
— O Y T HW) + YT )
i=1 d=1

J/2
+0h,+ "~ <0, Vu

u

(18d)

—Tr (QdWc)
B

+oipg <0, Vd

U D
+ Y Tr(QaW) + Y Tr(QaV))
u=1

j=1
(18e)

U D
—Tr (H,W,) — ) Tr (H,W) — Y Tr (H,V,)

i=1 d=1
24— 0w (18f)
' M (1 = pu)
U D
Tr(Wo) + Y Tr(Wa) + > Tr(Va) < Prax (18g)
u=1 d=1
U
Tr (GeWo) + ) Tr(GyW,)
u=1
D
+ ) Tr(GiVa) — i < 0. Vk (18h)
d=1
0<pu<1, Vu (18i)
We, W,, Vg =0, Vu, Vd. (18j)

Problem (18) is convex, and the convex optimization
toolbox CVX [39] in Matlab can be used to obtain the

solution. In constzraints (18b), (18d), and (18f), note that

wu
Nu(1—pu)

respect to p, with 0 < p, < 1. Problem (18) consists
of My = U + D + 1 matrices as variables with size
N x N,and L = 3U + 2D + K + 1 linear constraint
variables. Then, the complexity for solving problem (18)
is O («/MVN (M N® + M,LN?)log (l/e)) with a solution
accuracy of ¢ > 0 [18], [29]. The CVX toolbox commonly
uses the interior point method to solve semidefinite program-
ming (SDP) problems, where the convergence analysis of the
interior-point algorithm can be found in Section 11 of [40].

Define W}, W}, and V; as the optimal solutions to
problem (18). Then, if W}, W}, and V; are rank-one, the
precoder vectors can be obtained by

are convex functions with

the expressions );i and
u

We = 4/ Amax (VVC)Kmax,WC (19a)
Wy = v/ Amax (Wi)kmax,w,, Vi (19b)
Vi = vV Amax (Va)kmax,v,, Vd, (19¢)

where Amax (W) represents the maximum eigenvalue for W,
and kmax, w is the eigenvector corresponding to the maximum
eigenvalue of W.
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Otherwise, if the rank of W, W7, and V}; is larger than
rank-one, we can apply the Gaussian randomization method
or the penalty function method [5], [41], [42]. The Gaussian
randomization method [29], [38] consists of creating a set of
candidate precoder vectors to achieve a near-optimal solution
based on the eigen-decomposition of precoder matrices W,
Wy, and V; and random Gaussian vectors. However, the
Gaussian randomization method cannot guarantee feasible
solutions within the set of candidate precoder vectors. Note
that in the proposed approach, the common rate variables are
obtained based on a DNN method, which gives approximate
optimal solutions. Then, the SDR module needs to provide
precoder vectors that guarantee a feasible solution.

In [41], the authors proposed a penalty function method
that consists of finding a close optimal solution by approxi-
mating rank-one matrices. Since W, is positive semidefinite,
with all its eigenvalues being non-negative, it is true that
Tr(Wy) > Amax (Wy), where Amax (W,) represents the
maximum eigenvalue of W,,. If W, is rank-one, the equality
is true, i.e. Tr(W,) = Amax (Wy). The aforementioned
analysis is also applied to matrices W, and V. Therefore,
our objective is to make Tr (W,) — Amax (W) as small as
possible. To achieve this goal, we include penalty terms in
the objective function, as follows:

U D
min Tr (W) + Tr (W,) + Tr(Vy)
We. {Wu,Va, o4} ¢ MZ:; ! dX:; ¢

+ ¢ (Tr (We) — Amax (We))

U
+ ¢ (Tr (W) — Amax (Wo)

u=1

D
+ ¢ (Tr(Va) = max (Va)  (200)
d=1

subject to: (18b), ..., (18j), (20b)

where ¢ is the penalty factor. In [41], it was established that
Amax (W,) is a convex function, so Tr (W,) — Amax (Wy)
is a concave function. Then, an iterative-based algorithm
is proposed to find the approximate optimal solution.
From [41], we have the following inequality for any X,, > 0:

Amax (Wu) > Amax (Xu) + Krll;lax,xu (Wu - Xu) Kmax, X, » (21)

where kmax, x, 18 the unit-norm eigenvector corresponding to
the maximum eigenvalue of X,,.

Therefore, based on a given feasible W,(f) for problem
(20), we can express Amax (W) in iteration i as follows:

M (W) = Janax (W) 4+ 0L, (Wa = W) D,
22)

Finally, we reformulate problem (20) as follows:

U D
min Tr (W.) + Tr (W,) + Tr (V)
W, {Wy,Va,p0u} ¢ u; ! dX:; d

+ ¢ <Tr (W) — Amax (ng))
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TABLE 1. The proposed penalty method based on problem (23) to solve
problem (10).

1: inputs: channel vectors h,, qq, g, required rate at the users
H 1D . : arts $3A06S
wmin® Rl min® the rate of the common parts of the messages,

{rﬁc, ré,lz } obtained from the DNN module, the required minimum

EH at the hybrid users, ¢, and the approximation accuracy, ¢ > 0.
2: Solve problem (18) with the CVX toolbox to obtain W,

(Wi, Vel
3: If the matrices W, {W;, V;} are rank-one, then use (19a)-(19¢)

to find precoder vectors w., [w;, V:;] and go to step 12.
Otherwise, go to step 4.

4: Initialize index i = 0.

S: Set the initial feasible matrices as Wg.i) =Wy, Wf,” =W;, and
v =ve.

6: repeat

7: Solve problem (23) with CVX to obtain W, (W, V5. 05}

8: Seti=i+1

9: Assign the feasible points for the next iteration W(Ci) =Wy,

WY =Wy and V) = v,
10: until (Tr (W) = dax (W) + él (Te (WE) = Amax (W)
D . .
B (1)~ e (V) > 5
11:  Use (19a)-(19c¢) to find the precoder vectors w, [W;, VZ]
based on Wf‘i) s {Wf,') ,VS) }
12:  outputs: w}., [w;, V;,p;}.

- KI(IQIZWC (WC - ng)) Kl(rllgix,wc)
U -
+ ¢ 3 (Tr (W) = hanax (W)

u=1

_OH (Wu _ Wff)) 0! )

max,wy max,wy

+ ¢ i (Tr (Vi) — Ao (VS))
d=1

- Kr(r?dl)-(l,vd (Vd - Vc(z’l)> Kr(lizx,vd) (23a)
subject to: (18b), ..., (18j). (23b)

Problem (23) is convex and can be solved iteratively with
the CVX toolbox. The overall procedure to solve original
problem (10) with the penalty method in problem (23) is
described in Table 1. The precoder vector can be obtained
from the matrix variables by using (19a)-(19c).

The feasibility of the problem (9) can be determined by the
solution of the following optimization problem:

find we, {wy. va. rile, 10 o) (24a)

s.t. (9b), (9¢), (9d), (Ye), (91), (9g), (Oh), (91), (9j) (24b)

The solution to problem (24) is obtained by following the
procedure described in Subsection III.A for the optimization
problem (9). In this paper, we focus on defining the
maximum allowed values for the rate and EH requirements.
First, we derive the maximum allowed value for the rate
requirements at the u-th hybrid user and the d-th ID
user based on the Cauchy—Schwarz inequality and the
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constraints (9b), (9¢), (9g), (13) and (14) as follows:

h, %P
RY in <min (81, 82) +log, | 1+ ””—“‘3" , Yu (25a)
UH u+y
%m_mm&m%OJ%L—ywwm)
ID d

The maximum allowed value for the EH at the u-th hybrid
user is derived based on (9f) and (9g) as follows:

Vi = (IPPoas +07,,) . Y @6)

Consequently, the problem (9) is infeasible if the con-
ditions (25a), (25b), and (26) are not fulfilled. However,
the feasibility of problem (9) cannot be guaranteed by only
satisfying the conditions (25a), (25b), and (26). An extensive
analysis of the feasibility conditions is beyond the scope of
this paper and will be studied in future works.

D. ROBUST PRECODING DESIGN FOR PROBLEM (10)

In previous subsections, we assumed a perfect CSIT.
However, practical systems are subject to channel estimation
errors and quantization errors [14] leading to an imperfect
CSI knowledge. Therefore, in this subsection, we propose
a robust precoding design to deal with the imperfect CSIT
based on the bounded CSI error model as follows [14]
and [15]:

Hu
Qz{m+mMMﬂA%<ﬁd}v¢<ﬂm

Gr = {gk + Agi ’AngAgk < sék}, Vi,

u

dab <ef, | va @7

(27¢)

where hu, Q4. 8 are the estimates of channel vectors,
Ahy, Aqq, Agy are the channel uncertainty of the channel
vectors hy, qg, gk, respectively. Moreover, Enu Eq.d> Eak
represent the radius of the uncertainty region for the
corresponding CSI of the channels h,, qq, g, respectively.
Then, the robust optimization problem is composed of
infinitely many constraints due to the imperfect CSI. To solve
this problem, we propose the S-procedure [16], which permits
dealing with the infinite number of constraints by adding
extra variables while obtaining an equivalent problem with
a finite number of constraints as follows.

Lemma 1 (S-procedure [16], [15]): Let f; (x) = x7A;x +
2Re {ble} + ¢, i = 1,2, where A; = Af{. The condition
f1 (x) <0 = fo(x) <0 holds if, and only if, T > 0 such that

Ay by A, by
— > 0.
d N IR EUNC
Next, we replace h, = ﬁu + Ah,, h, € H, into the rate
constraint (10b) and reformulate the constraint as follows:

AhB, AR +2Re{(B b )HAh }+ﬁHB b, + o}
u Pu u ully u u Puttu H.u

v
Pu

+ % <0, AhAhy, <&p . Vu,  (29)

VOLUME 10, 2022

where B, = —& + Z W, + Z V. Then, we deal with
o/ i=1,i#u d=1
the CSI uncertainties in (29) based on Lemma 1 as follows:

x = Ah,, A; =1Iy.c; = —&} .. Ay = B, b, = B,h,, and

~ A~ 2
= h{f B,h, + O’E[, ut % < 0. Therefore, constraint (29) is
rewritten as

TH,uIN — B —B ﬁ
CH CH Vi » | =0, Vu,
—h;B, —h; Bh O‘HM—E—‘L'Hué‘h”
(30)
where gy = [tg1..... rH,U]T are slack variables.

Similarly, we use the Lemma 1 and replace (27b) to transform
the constraint (10c) as follows:

Iy — C —C4q
TID.d N d qu . |=0, va,
_qd Cd _qd qud Oip,d — TID,d¢q g4
(31)
v U D
where C;, = —% + > W,+ Y V,and 75jp =
d u=1 j=1,j#d
[rlD,l,....,nD,D]T are slack variables. Next, Lemma 1

and (27a) are used to represent the constrain (10d) as
follows:

THc,uIN — B B fl
CH CH 2 » =0, Yy,
—h;/ B, —h, Bh GHLt_p_uu_IHLughu

(32)

W U D
where B, = -5 + >W; + > V;, and 5, =

i=1 j=1
[rHc,l, e, rHc,U]T are slack variables. Similarly, we can

use Lemma 1 and replace (27b) to transform the constraint
(10e) as follows:

Tpe,dIn — Be
_Qch

_Bc(id

2 :|ZO, vd,
~9Dad~

N 2
—q,; B:qq TDc.d€q.q

(33)
T .
where t;p. = [nDC,l, e TDe, D] are slack variables.

The EH constraint (9f) can be reformulated with Lemma 1
and (27a) as follows:

TE,uIN —E —Eflu -0
" H CHT 2 u 2 | =0
—bE  —BYEh, + o}, — s — e us],

Yu, (34)
U D

where E = - YW, — YV, and 1g =
i=1 j=1

[tE10 - e ‘L'E,U]T are slack variables. Finally, the interfer-

ence power constraint (9h) is reformulated with (27¢) and
Lemma 1 into the following:

pu kv + E Eg;
A I - S >0, Vk, (35
|: g7E 8TES + xi — TPU,kSé’k - (35

T .
where py = ['L'PU,], R TPU,K] are slack variables.
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Based on [15], we propose the variables v, and U, to
replace - and =~ in (30), (32), and (34). Therefore,
by ignoring the rank-one constraint, the optimization prob-
lem in (10) under imperfect CSIT can be formulated as
follows

U D
min Tr (Wo+ Y Tr (W) + Y Tr (V)
WCa Wua Vdv Pu> u=1 d=1

Uy, Uy, TH,u> TID,d >
THe,us TIDc,d s TE ,u»

TPU k
(36a)
s.t. (30), (31), (32), (33), (34) and (35) (36b)
Uy > i Uy > ! , Yu (36¢)
Pu 1 —py
TH ,u> TID,d> THe,us UIDc,d > TE u»
TPUk = 0, Yu, Vd, Vk (36d)
W., W,,V; >0, Yu, Vd (36e)
0<p, <1, Vu (36f)

Problem (36) is convex and can be solved with the CVX
toolbox in MATLAB. Moreover, if the matrix solutions
are not rank-one, the penalty method of Subsection III.C
is used to obtain the solution of the beamforming
vectors. The complexity of the problem (36) can be
given by O (VARM, +BrN -2, - |22 + AxM? + BeN+
Zo (ARMSZ—G—BRNZ)])log (é) because the problem (36)
is composed of Ag 3U + 2D + K linear matrix
inequality (LMI) constraints with size My = N + 1,
Br = U + D + 1 LMI constraints with size N,
and the number of decision variables has an order of
20 = BRN? [43].

E. THE NOMA-BASED APPROACH

We describe the NOMA-based scheme [12] used as a com-
parative scheme for the proposed system model. We consider
two groups of users, one group composed of hybrid users,
and the other group composed of ID users. Then, we apply
NOMA in each group while treating the interference between
groups as noise. In NOMA, the original messages, m/ and
m] d , intended for the u-th hybrid user and the d- th ID user
are independently encoded into private streams s and 5 d ,
respectively. The precoder vectors for streams s and s
are defined as w, € CM! and v, e CMNl, respecnvely
We consider the users to be ordered according to their
channel strengths: ||hy|| > |h2|] = .... > |hy| and

laill = llazll = ... = llapll.

The SIC procedure for the u-th hybrid user permits it to
successively decode and subtract the intended signals for the
weaker users, u + 1,..., U. Similarly, the signals of the
weaker users, d + 1, ..., D, are decoded through the SIC
layers at the d-th ID user.

The achievable rate at the u-th hybrid user when decoding
the signal intended for the i-th hybrid user can be expressed
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as

‘hH\Tvi]2

R{Zizlogz 1+l1
2
/_ |hHWj| +Z |hHVd| +0Hu+%‘l

Yu, Vi>u. (37)

The achievable rate at the d-th ID user when decoding the
signal intended for the r-th ID user can be expressed as

- 2
q;v
R” = log, I+ |d7r| ,

vd, Vr >d. (38)

The energy harvested at the EH module of the u-th hybrid
user is given by

ELIZNOMA
v 2
= Nu (1 —Pu) Z u{}d‘ +O—[?1,u ’
Jj=1
Yu. (39)

The interference power at the k-th PU is given by

P ia = Z el g Z o vd} VK. (40)

Therefore, minimization of the total transmit power at the
STx by considering the NOMA method, subject to the min-
imum data rate requirement, the minimum EH requirement,
and the maximum power allowed for interference with the
PUs, is formulated as follows:

_min Z ||Wu || + Z ||V || (41a)

Wy, d u

s.t. RY, >Rf’mm, Vu, Vl >u (41b)
R’D >RD e ¥, Vr>d (41c)
Eu,NOMA > Y, Vu (41d)

U 2 D 2

2oIWlT+ D Val” < P 41e)
u=1 d=1
P}S;\@MA < xx. Vk (41f)
O0<p, <1, Vu. (41g)

Problem (41) is non-convex and can be reformulated as
a convex problem by using the SDR technique, detailed in
Section II1.C, as follows:

> () + 1)

{wu Vd pu} —

Subject to:

(42a)
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i—1
= Tr (H,W) + Y Tr (HW)) 67
=1

D
I CAAL
d=1

2 ~H &zHVuz .
+og.,0 + ,0_ <0, Vu, Vi>u (42b)
u
U
Ty (QdV,) +3 T (Qqu) &P
u=1
r—1
+ > Tr(QuV;) &
j=1
+ojh g’ <0, Vd, Vr > d (42¢)
U D
- YT (HW) = YT (W) - o,
j=1 d=1
Y
+—1 <0, Vu (424d)
Nu (1 — py)
U D
YT (W,,) +Y T (Vd) < P (42¢)
u=1 d=1

iTr (kau> + iTI‘ (Gk\?d> —xx <0, Vk
d=1

u=1

(42f)
O0<py<1, Vu (42g)
W,,V, >0, Yu, Vd (42h)

~H RH ~ID RID .
where ;" = 2%min — 1, and ¢, = 2"rmin — 1. Problem (42)
is convex and can be solved with the CVX toolbox, based on
the Algorithm in Table 1 using the penalty method if the rank
of W* and \72 is larger than rank-one.

F. COMPARATIVE ITERATIVE SCHEMES

The proposed DNN-based scheme is not an iterative scheme
and the solution to the problem (9) consists of two steps.
In the first step, the value of the common rate variables is
provided as the output of the DNN module. In the second step,
an SDR-based scheme is used to optimize the beamforming
vectors and PS ratios. On the other hand, iterative algorithms
require dozens of steps to achieve the close-optimal solution
while solving an optimization problem in each step. Then,
iterative algorithms have high computational complexity,
which limits the use of those algorithms in practical scenarios
where a fast solution is required due to the changing nature
of the wireless channels.

We consider a PSO-based scheme with SDR [30] as the
main comparative iterative scheme. The PSO algorithm is
a metaheuristic algorithm used to obtain the value of the
common rate variables and the SDR method is used to
optimize the beamforming vectors and PS ratios. In partic-
ular, the PSO scheme consists of Npgp particles, where each
particle has a position with a dimension which is equal to the
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number of common rate variables. First, the positions of the
Npso particles are randomly initialized within the constraints
detailed in (15a) and (15b), and their corresponding objective
function values are obtained from (9a) after solving the
SDR-based problem (18) for each particle. Next, based on
the objective function of each particle and the best particle
in the swarm, the PSO algorithm evaluates the velocity of
each particle which is used to update the particle’s positions
for the next iteration. Then, the updated particle’s positions,
which represent the common rate variables, are used as inputs
to calculate their corresponding objective function values
by solving the problem (18). The aforementioned process
is repeated until convergence is being reached, which can
be defined based on a maximum number of iterations /55,
or a relative change in the objective function. Consequently,
in each iteration, the problem (18) needs to be solved Npso
times. A detailed description of the PSO algorithm can be
found in [30].

For comparison purposes, we consider three additional
schemes based on the metaheuristic algorithms: the genetic
algorithm (GA) [44], the cuckoo search (CS) algorithm [45],
and the butterfly optimization algorithm (BOA) [46]. These
metaheuristic algorithms are based on an iterative approach
with a similar procedure to the PSO-based scheme. That is,
the metaheuristic algorithm is used to optimize the common
rate variables and the SDR-based problem (18) is used to
obtain the beamforming vectors and PS ratios. GA is based
on a set of Ng4 chromosomes, where each chromosome
is composed of several variables representing the common
rate variables. The value of the chromosomes is updated
based on selection rules and mutation methods to obtain the
best chromosome that minimizes the objective function in
a total of I53* generations. The CS algorithm consists of
Ncs host nests with a dimension representing the common
rate variables, where the variables in the nests are updated
in each iteration based on the Lévy flight until reaching a
maximum number of iterations Ig‘;". Moreover, a portion
Pa.cs of the worst nests is discarded and will be replaced by
newly generated nests in each iteration. BOA is composed of
a population of Nppy butterflies with a position representing
the values of the common rate variables. The position of each
butterfly is updated in each iteration based on the fragrance
of the butterfly, determined by its fitness function, until a
maximum number of generations /5y is being reached.

The complexity of the proposed DNN-SDR scheme
is composed of the complexity of the DNN module
described in Subsection III.B and the complexity to solve
the problem (18) detailed in Subsection III.C. Then, the
total complexity of the proposed DNN-SDR approach
is given by O (J(U+D+K) + ¥spg), where Y¥spr =
@) (m (M aN ® + M,LN 2)) represents the complexity to
solve the problem (18). Note that the complexity of the
proposed DNN-based scheme can be simplified to that of
solving the problem (18) because the complexity of the DNN
module is very low and can be omitted. Concerning the
comparative iterative schemes, the PSO-based algorithm has
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Imax

a complexity of O (Npsolpeswspr). The CS-based scheme
has a complexity of O (IZ&* (Nc¢s + pa,csNcs) ¥spr)- In the
case of BOA, the complexity is given by O (IE‘SXNBOA WSDR)-

The proposed DNN-based scheme does not require an
initial point since the inputs are the channel vectors and
rate and EH requirements. However, if the values of the
common rate variables, provided as the output of DNN,
leads to an infeasible solution to the problem (18), we can
set these variables to zero and remove the beamforming
vector w. with its corresponding constraints (9d) and (9e).
In this case, the RSMA-based problem is transformed into
an SDMA-based problem, which does not require an initial
feasible point. It is worth highlighting that in our simulations,
the proposed DNN-based scheme has provided feasible
values for the common rate variables in all the considered
scenarios.

On the other hand, feasible starting points are required
for iterative-based schemes. In particular, we only need
to analyze a feasible initial value for the common rates,
which are limited based on (16) and (17) as mentioned in
Subsection III.B. Then, based on the analysis of (16) and
(17), we can increase the possibility of selecting a feasible
initial point since we limit the search area for the common
rate variables. Moreover, the iterative-based schemes, used
for comparison purposes in this paper, start with a population
of 10 individuals where it is expected that at least one feasible
point was found in the set.

IV. SIMULATION RESULTS

In this section, we present numerical results to prove the
effectiveness of our proposed scheme based on a DNN
with an autoencoder and the SDR technique, denoted as
DNN-SDR RSMA. The values of the parameters adopted
in the simulation are N = 8, U = 2, D = 2, K = 2,
yuz = Ulgl,u = O[IZD,d = —60dBm, Ri{,min = Rfll,)min = Rumin,
Yu =Y, =1, xx = —60dBm, ¢ = 0.0001, and Ppax =
40dBm. The simulations were performed on a computer with
an Intel Core i7 and 16GB of RAM.

As mentioned in Section III.B, the DNN module is a
supervised scheme that requires training data to learn the
optimal parameters. Thus, we used our previously proposed
solution for a MISO SWIPT cognitive radio system [30] to
obtain the dataset by assuming a perfect CSIT. We compared
the results of the proposed scheme with baseline schemes
using SDMA and NOMA as described in Section IIL.E of [37]
and Section II.D of this paper, respectively. Moreover,
we consider the iterative schemes described in Section III.F
of this paper as comparative approaches. All compared
methods were implemented with the penalty method when
the matrix variables were higher than rank-one.

In each example, we considered Rician fading to construct
the channel vectors from the STx to the hybrid and ID
users, as well as Rayleigh fading for channels to the PUs.
We assumed a signal attenuation of €2 dB from the STx to the
hybrid and ID users. For instance, an average distance of five
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meters corresponds to a signal attenuation of 2 = 40 dB [9].
The channel from the STx to the u-th hybrid user is expressed

as
KR LOS 1 NLOS
h, = | h — 43
" 1+Kg “ + 1+Kg “ 43)

where hZ05 is the line-of-sight (LOS) deterministic com-
ponent, Kg is the Rician factor equal to 5dB, and h],:’LOS
denotes the Rayleigh fading component composed of CSCG
random variables with zero mean and covariance of —2 dB.
To generate hsos , we considered the far-field uniform linear
antenna array model given in [47]:

hLOS = 10-15 [1 o—Jmsin(6l) ,—j2w sin(6})
efj(Nfl)nsin(Gf):IT’ (44)

where 9,7 represents the direction of the u-th hybrid user to
the STx, and assuming that spacing between antennas at the
STx is half the carrier wavelength. To generate the channel
vectors, qg, we used the aforementioned procedure in (43)
and (44), with 6P being the direction of the d-th ID user to
the STx. The channel vectors, gx (from the STx to the PUs),
were modeled with Rayleigh fading considering a power
attenuation of 60dB.

We considered three separate datasets: training, validation,
and testing. The training data were used to optimize the
weights of the DNN module, and the validation data were
used to select the best hyperparameters of the DNN, such as
the learning rate, the number of hidden layers and units, the
batch size, the number of epochs, and so on. The testing data
were used to evaluate the performance of the final model, i.e.
the model trained with the best hyperparameters. The training
data is comprised of 6800 samples with a signal attenuation
of @ = 40 dB, N = 8 antennas at the STx, the angles of
the users set at Q]H = 30°, 9{’ = 50°, G{D = —25°, and
6iP = —60°, data rate requirements from Ryin = 1 bit/s/Hz
to Rmin = 8 bits/s/Hz, with EH requirements from y =
—6 dBmto Yy = —24 dBm. The validation set was composed
of 560 samples considering N = 8 antennas at the STx,
data rate requirements from Rpj, = 1 bit/s/Hz to Ry =
8 bits/s/Hz, and EH requirements from v = —6 dBm to
Y = —27 dBm. The testing data were used as described
in Section IV.B and were varied based on the case to be
analyzed. Note that the testing data were not used during the
training and hyperparameter selection processes. Moreover,
the training and validation dataset were collected by assuming
a perfect CSIT.

A. TUNING THE HYPERPARAMETERS OF THE MODELS

First, we describe the autoencoder, which is composed of
three hidden layers with 8, 1, and 8 units in each hidden layer,
i.e. J=1. We use the tanh function as the activation function
along with the Adam optimizer, where mean absolute error is
the loss function. As described in Section III.B, the samples
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FIGURE 6. Convergence behavior of the autoencoder.

of the dataset for the autoencoder were the channel vectors,
which could be hy,, q, or gx. In particular, we used a training
dataset composed of 84,000 channel vectors and a validation
set of 12,000 channels. The channel vectors were generated
considering N = 8 antennas at the STx. Note that this
dataset can easily be obtained because the autoencoder is
an unsupervised learning method and does not require any
labels for training. To simplify the presentation of the results,
we considered the parameters of the learning rate (Ir), the
batch size, and the number of epochs. However, other types of
activation function, numbers of hidden layers, and units were
analyzed in order to select the best hyperparameters.

Fig. 6 shows the convergence behavior of the autoencoder
for several combinations of batch size and learning rate,
where training iterations represented the process to update
the weights in the autoencoder through the backpropagation
algorithm. For instance, with a batch size of 256 and
84000 training samples, 329 training iterations were executed
in each epoch. Increasing the batch size means that more
samples were used to accurately estimate the error gradient
in each step, which allowed the model to converge in
fewer iterations. However, as the batch size increases, more
machine memory is required. Moreover, we observed that as
the learning rate increased, faster convergence was achieved,
but not even the slightest reconstruction error was reached.
On the other hand, a very low learning rate presented low
convergence. Then, we selected a learning rate equal to
0.0001, a batch size of 256, and 200 epochs.

The DNN is composed of three hidden layers with
100 units in each. The activation function was the exponential
linear unit (ELU) function along with the Adam optimizer,
with mean absolute error as the loss function. Moreover,
we shuffled the training data before each epoch. Fig. 7 shows
the convergence behavior of the DNN with a batch size of
256 for different values of learning rate and J. We observe
that a high learning rate involved fast convergence, but caused
overfitting. On the other hand, a very low learning rate
had slow convergence and required more epochs to achieve
convergence. Moreover, we investigated the effect of the
number of units in the middle layer of the autoencoder (J).
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FIGURE 8. Convergence behavior of the DNN based on the batch size.

In the case of an autoencoder with J = 2, the best structure
for the DNN was three hidden layers with 150 units in each.
Concerning the case of the autoencoders with / = 4 and
J = 6, the best structure for the DNN was four hidden
layers with 50 units in each. We see that the schemes with
J = 1and J = 2 achieve similar results with / = 1 having
fewer trainable parameters. In addition, we observe that as we
increase the value of J, less is the generalization ability of the
DNN.

Fig. 8 compares convergence of the DNN for different
batch sizes with a learning rate of 0.0005. Similar to Fig. 6,
as we increase the batch size, faster is the convergence.
We observe that the batch sizes of 256 and 512 achieve the
lowest error with a batch size of 256 requiring less machine
memory. Then, we selected / = 1, a learning rate equal to
0.0005, a batch size of 256, and 200 epochs for the rest of the
simulations.

B. PERFORMANCE ANALYSIS OF THE PROPOSED
APPROACH

In this subsection, the presented results are averaged over
several channel realizations. Moreover, we averaged the
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FIGURE 9. Convergence behavior of the comparative schemes.

results obtained with several DNNs, each of them trained with
the same dataset but with different initial weights.

In our simulations, the main parameters of the iterative-
based schemes are Npso = Nga = Ncs = Npoa = 10,

and Ips, = IG5 = 15 = Iggy = 20. Fig. 9 shows
the convergence behavior of the comparative schemes for
RSMA when an EH requirement of v = —19 dBm is

given. We see that all the iterative-based schemes converge
within 20 iterations and achieve a similar transmission power.
Moreover, the PSO-based scheme converges faster than the
other iterative-based schemes, while achieving the lowest
transmission power.

In Fig. 10 and Fig. 11, the testing data were composed

of samples with a signal attenuation of 2 = 40 dB,
N = 8 antennas at the STX, and angles of the users at
off = —15°, 011 = —70°, 0/P = 80°, and 0P = 10°.

Fig. 10 shows the transmit power at the STx according to
the data rate requirement for the hybrid and ID users when
a minimum EH of ¢y = —19 dBm is given. We observe
that the proposed DNN-SDR approach achieves a very
close performance to those of the comparative iterative
methods with less computational complexity. Moreover, the
schemes developed with the RSMA technique achieved lower
transmission power, compared with the traditional SDMA
and NOMA. The increase in the gap between the proposed
DNN-SDR approach and the PSO-SDR RSMA method at
rate requirements higher than Ry, = 8 bits/s/Hz is because
Runin = 9 bits/s/Hz and Ryin, = 10 bits/s/Hz are new
scenarios never seen in the training and validation data. The
improvement of NOMA over SDMA is because NOMA
performs SIC to decode the interference caused by other
secondary users’ messages, which increases the achievable
rate for the secondary users while reducing the required trans-
mission power. However, as the rate requirement increases,
more transmission power needs to be allocated to each user’s
message. In particular, the closer user needs to decode the
message of the farther user through SIC, which requires
increasing the transmission power for the message of the
farther user. Then, for high-rate requirements, the SDMA
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scheme had better performance, compared to NOMA, since
more directive beams can be obtained by optimizing the
precoder vectors. In the rest of this Section, we denote the
PSO-based scheme with RSMA as Close-optimal RSMA for
comparison purposes.

Fig. 11 provides comparisons of the total transmit power
at the STx according to the minimum required EH at the
hybrid users for minimum data rate requirements of Ry, =
4 bits/s/Hz and Rpi, = 6 bits/s/Hz. As expected, both RSMA
methods outperformed the SDMA and NOMA schemes in
terms of minimum transmit power. Note that the proposed
scheme based on the DNN achieved results similar to the
close-to-optimal RSMA but with a significant reduction in
computational complexity. Thus, we proved the superiority of
the RSMA method over the conventional SDMA and NOMA
schemes in the proposed system model, where RSMA is
established in the literature as a general multiple access
method, with SDMA and NOMA as particular cases [2], [3].
For instance, the SDMA strategy can be applied by setting
the precoder vector of the common stream to zero, which
means that message m/ is directly encoded into s, and

mﬁlD is directly encoded into s{iD . The slight decrease on
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TABLE 2. Comparison of computational time.

Close-to- DNN-SDR
Method | i aiRSMA | Rsma | NOMA | SDMA
Time [s] | 61.0490 08703 08195 | 0.7335

the performance of the DNN-SDR approach at Rpnj, =
6 bits/s/Hz compared with the case of Ry, = 4 bits/s/Hz

is because the DNN predicts the value of the common rate

H .ID

variables {ru’c, Tic

} of which upper limits are defined by

their corresponding {Rf min® RéDmin} as detailed in (15a) and

(15b). Therefore, as Rpin increases, more are the possible
values for the common rate variables leading to a slight
increase in the prediction error. However, the difference in
the performance of the DNN-SDR approach compared with
that of the close-optimal RSMA for rate requirements lower
than Rpin, = 8 bits/s/Hz is very small as we can observe in
Fig. 10.

Table 2 shows the computational time achieved by the com-
parison methods with eight antennas at the STx. We consider
several channel realizations with different values for rate and
EH requirements, where we report the average computational
time. Moreover, all the considered schemes are subject to the
same channel vectors and system parameters to guarantee a
fair comparison. As described in Section III.B, the proposed
scheme is composed of the training phase and deployment
phase, where the computational time of the training phase
is not included in Table 2 because it is performed in offline
before the deployment phase. Then, the computational time
for the proposed DNN-SDR scheme is composed of the
computational time of the DNN module given by 0.0975s and
the computational time to solve the problem (18) given by
0.7728s. We observe that the proposed DNN-SDR approach
can reduce the computational time about 70-fold, compared
with the close-to-optimal method, while achieving similar
performance. Moreover, the computational complexity of
the DNN-SDR scheme is only slightly higher than SDMA
and NOMA, while providing a significant improvement.
In the results shown in Table 2, the penalty method was not
necessary, since all the matrices were rank-one. In general,
concerning the results presented in this section, only 1.2% of
the cases needed the penalty method where only one iteration
was required in most of the cases.

Now, we study the generalization performance of the
proposed scheme for scenarios that are different from the ones
used in the training data, such as different signal attenuations,
different numbers of transmitting antennas at the STx, and
imperfect CSIT. Fig. 12 shows the transmit power at the
STx versus the signal attenuation for the hybrid and ID
users subject to an EH requirement of ¥ = —19 dBm and
a rate requirement of Ry, = 6 bits/s/Hz. The test data
were composed of signal attenuations from 2 = 36 dB to
Q = 50 dB, N = 8 antennas at the STX, and angles of
users set at Gf{ = —15°, Gf = -70°, OfD = 80°, and
QéD = 10°. We see that the proposed DNN-based scheme
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FIGURE 12. Total transmit power at the STx versus signal attenuation.

had performance similar to the close-to-optimal approach
while reaching a significant improvement over the NOMA
and SDMA methods. Note that the DNN and autoencoder
were trained by using samples with a signal attenuation of
Q2 = 40 dB, and then, the proposed scheme proved to be
robust to diverse signal attenuations.

Fig. 13 illustrates the transmit power at the STx versus
the number of transmitting antennas subject to an EH
requirement of ¥y = —15 dBm and a rate requirement of
Rmin = 6 bits/s/Hz. The test data were composed of signal
attenuation 2 = 40 dB, numbers of antennas at the STx
ranging from N = 6 to N = 28, and angles of users at
of = —15°, 04 = —70°, 6/P = 80°, and 03P = 10°. This
is a challenging scenario, because as the number of antennas
increases, more elements are presented in the channel vector
modifying the input dimension of the samples. As mentioned
in Section III.B, we kept the same DNN module for all the
number of antennas, and only trained a new autoencoder for
new numbers of antennas while keeping the same dimension
in the middle layer. For instance, with N = 28 antennas,
we used an autoencoder composed of three hidden layers
with 28, 1, and 28 units in each hidden layer for the case
of DNN-SDR RSMA with / = 1 while using the same
DNN as the case of N = 8§ antennas. Moreover, training an
autoencoder is a relatively easy task since the same input is
used as output. For comparison purposes, we included the
schemes with / = 2 and J = 4, each of them having an
indenpendent DNN with a structure detailed in Subsection
IV.A. We observed that the proposed scheme can adapt to
challenging scenarios while achieving a result similar to the
close-to-optimal approach. In addition, we see that at N = 8
antennas, the schemes J = 1, J = 2, and J = 4 had
similar results. However, at N = 28 antennas the schemes of
J = 1and J = 2 achieve a lower transmit power compared
with the scheme of J = 4, which is consistent with the results
obtained in Fig. 7. It is worth highlighting that the training
data only considered samples with N = 8 antennas, which
proves the generalization capability of the proposed approach
for very different scenarios.
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Finally, we study the generalization performance with
imperfect CSIT. The radii of the channel errors are defined as
Ehu = Hhu . eqd = Hq.d|dd] = pgkl &,
where unh, = pqa = Hgk = K, 0 € [0,1) are
the relative value of CSI uncertainties. Fig. 14 shows the
transmit power at the STx according to the rate requirement
subject to different levels of imperfect CSIT with an EH
requirement of ¥ = —25 dBm. This is a very difficult
scenario to prove the generalization performance since the
training and validation datasets were collected by assuming
a perfect CSIT and do not contain samples with imperfect
CSIT and EH requirement of ¢y = —25 dBm. We see that
the transmission power increases according to the value of
the CSI uncertainties. The reason is that the considered model
for imperfect CSIT leads to optimizing a robust beamforming
problem to satisfy the worst-case user requirements. Then,
as the level of imperfect CSIT increases, higher is the effect
of the worst-case user requirements, which increases the
required transmission power. We observed that the proposed
DNN-based scheme can successfully deal with imperfect
CSIT scenarios while achieving a result similar to the close-
to-optimal approach. Moreover, we see that RSMA with
imperfect CSIT achieves a significantly lower transmission
power than SDMA and NOMA with perfect CSIT for the
considered rate requirements.

27 8g,k

C. THE FINE-TUNING PROCESS
Fine tuning is based on retraining the weights of the final
DNN to adapt the model to a new working condition.
We applied fine tuning to improve the performance of
the proposed scheme in scenarios never seen during the
training process. The general procedure is to use the weights
of the final DNN as initial weights in order to execute
the backpropagation procedure with the new training data
collected for the new scenario. This procedure permits us
to have a scheme with better performance for the new
scenario by collecting relatively few samples, since we used
a pre-trained model as the initial point.

Fig. 15 shows the transmit power at the STx according
to the data rate requirements, with a minimum EH of
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FIGURE 15. Total transmit power vs. data rate requirements after fine
tuning.

Y = —19 dBm, and where the DNN model after
the fme -tuning process is denoted as DNN-SDR RSMA
(updated). The fine-tuning procedure used a learning rate
of 0.0005, and a batch size of 128 with 10 epochs. The
new training data consisted of 1900 samples with data rate
requirements of Ry, = 9 bits/s/Hz and Ry, = 10 bits/s/Hz,
and EH requirements from ¢ = —10dBmto ¢» = —25dBm.
The objective of fine tuning is to improve the performance
for scenarios with rate requirements of Ry, = 9 bits/s/Hz
and Rpin = 10 bits/s/Hz. We observed from the fine-tuning
procedure that a slight improvement was achieved, compared
with the case of fixed weights.

Fig. 16 shows the transmit power at the STx according
to the EH requirements with a rate requirement of Ry =
6 bits/s/Hz and N = 24 antennas. The fine-tuning procedure
used a learning rate of 0.0001, a batch size of 256, and
10 epochs. The new training data consisted of 2000 samples
with N = 24 antennas, data rate requirements from Rpj, =
3 bits/s/Hz to Rpin = 10 bits/s/Hz, and EH requirements from
Y = —7dBmto ¢y = —25 dBm. We see that the fine-tuning
process permits an improvement over the case with fixed
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FIGURE 16. Total transmit power vs. EH requirements with
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weights, since the weights of the DNN were optimized to
the new scenario. Then, by using the fine-tuning procedure,
we can adapt the trained DNN to new scenarios without the
need to collect very much new data.

V. CONCLUSION

In this paper, we considered a multi-user underlying MISO
SWIPT system with RSMA by considering hybrid users and
ID users. The precoder vectors, common rate variables, and
PS ratios were optimized to minimize the total transmission
power at the STx, subject to rate, energy, and interference
constraints. The minimum transmit power problem was
divided into two subproblems, where the outer problem
was solved with a DNN-based scheme with an autoencoder,
and the inner problem was solved with the SDR technique.
To guarantee feasible results, a penalty function was applied
along with the SDR technique. Simulation results showed
that the proposed DNN-SDR scheme achieved performance
superior to the conventional SDMA and NOMA methods, and
performance comparable to the close-to-optimal approach,
with a significant reduction in the computational complexity.
We showed that the proposed scheme, aided with an autoen-
coder, has excellent generalization performance to deal with
new conditions, such as different signal attenuations, different
numbers of transmitting antennas, and imperfect CSIT,
without the need to modify the main DNN module. Moreover,
we presented the fine-tuning process as a useful method to
improve the performance of the proposed framework in new
scenarios.
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