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Abstract

This thesis aims to enhance the anticipated performance of sixth-generation (6G) com-
munication networks by integrating non-orthogonal multiple access (NOMA) and multiple-
input multiple-output (MIMO) techniques using the generalized singular value decom-
position (GSVD)-based linear beamforming method. To do so, the thesis explores dif-
ferent scenarios with specific objectives, including minimizing mobile edge comput-

ing (MEC) offloading delay, maximizing the sum secrecy rate in a MIMO-NOMA sys-
tem, minimizing the total energy consumption of a MIMO-NOMA-MEC system, and
maximizing the sum data rate of the secondary network in a cognitive radio (CR)-based

NOMA-MIMO system.

To minimize the offloading delay in a MIMO-MEC system, the Dinkelbach transform
and the GSVD method are employed. Analytical and simulation-based evaluations are
conducted to assess the performance of the proposed Hybrid-NOMA-MIMO-MEC sys-
tem. The simulation results show that this system achieves superior delay performance
and lower energy consumption than conventional orthogonal multiple access (OMA) ap-

proaches.

To improve the sum rate of confidential transmission in an uplink MIMO-NOMA sys-
tem, the thesis focuses on maximizing the secrecy sum rate (SSR). By leveraging the
GSVD method and first-order Taylor approximation, a suboptimal concave problem for-
mulation is derived to tackle the non-convex nature of the SSR problem. The SSR is
compared with other algorithms, including conventional orthogonal multiple access, and

the simulation results demonstrate the effectiveness of the proposed method.

To minimize the total energy consumption of local computing, task offloading, and MEC
computing in a NOMA-MIMO-based system, the base station optimizes power alloca-
tion vectors and task assignment coefficients under time and power constraints. The non-

convex problem is addressed through successive convex optimization (SCA) and alter-
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nating optimization (AO) techniques. The impact of various factors, such as delay toler-
ance, task size, and user distance, on energy consumption is investigated. Simulation re-
sults indicate that the proposed method outperforms orthogonal multiple access (OMA)

schemes, particularly for large data sizes and stringent delay requirements.

Finally, the thesis presents a novel approach for wireless-powered NOMA-MIMO sys-
tems. This approach is designed for cognitive underlay radio (CR) scenarios where the
primary network requires predefined QoS. Given that requirement, the main objective

is to maximize the sum rate of the secondary network. A joint beamforming vector for
primary and secondary networks and a time-switching coeflicient for energy harvesting
and information transfer are optimized to achieve this objective. The problem formula-
tion is non-convex. Therefore, we use of semi-definite programming, successive convex
approximation, and alternating optimization techniques to solve this problem. The simu-
lation results show that the NOMA-based solution outperforms the TDMA-based bench-

mark scheme, particularly at low transmit power levels.

In conclusion, this thesis investigates integrating NOMA and MIMO technologies in
6G networks. It addresses delay minimization, maximization of secrecy sum rate, en-
ergy consumption optimization, and sum rate in CR scenarios. The proposed solutions
demonstrate significant improvements in spectral efficiency, energy efliciency, data rate,
and overall system performance, making them valuable contributions to the field of 6G

communication networks.
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Chapter 1

Overview

Data plays a critical role in shaping our world and is a driving factor for developing wire-
less communications. Due to the rapid increase in the number of connected devices and
data traffic in wireless mediums, which is expected to continue growing, academia and

industry are giving attention to developing next-generation wireless networks.

Improving multiple access techniques has been considered a crucial way to keep up with
cutting-edge network services. Historically, these advancements have been revealed as
follows [1]. First-generation (1G) cellular networks utilized frequency division multiple
access (FDMA) for transmitting analog voice calls. FDMA involves dividing the fre-
quency band into sub-bands allocated to individual users. However, FDMA has some
drawbacks, such as low spectral efficiency, high inter-channel interference, and limited
capacity. In second-generation (2G) networks, time division multiple access (TDMA)
and code division multiple access (CDMA) technologies were introduced. TDMA al-
locates different time slots to users, allowing them to share the same frequency band.
However, TDMA requires precise synchronization and complex network planning, which
limits its flexibility. On the other hand, CDMA assigns a unique code to each user to
modulate their signals, enabling simultaneous transmission without interference. How-
ever, CDMA is vulnerable to near-far problems, energy inefficiency, and jamming or
eavesdropping. Despite these problems, third-generation (3G) networks widely use CDMA
due to their high spectral efficiency and improved capacity compared to the aforemen-
tioned techniques. Fourth-generation (4G) and fifth-generation (5G) networks host or-
thogonal frequency division multiple access (OFDMA) and spatial division multiple ac-
cess (SDMA) technologies, providing a significant improvement in data rate, network

architecture, and support services. SDMA separates signals from different users by uti-
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lizing multiple antennas based on their spatial locations, while OFDMA allocates mul-
tiple sub-carriers from a wide frequency band to different users. OFDMA systems face
a problem with peak-to-average power ratios, while SDMA can be expensive because it
needs more antennae than the number of users who want to transmit simultaneously [2],
[3]. These problems have prompted scientists to develop a new multiple-access method

that uses signal quality distinctions and serves multiple users with a single resource block

[4].

Non-orthogonal multiple access (NOMA) is gaining momentum as a well-suited tech-
nology to meet the requirements of modern communication systems due to its ability

to provide high spectral efficiency and support massive connectivity [5]. Additionally,
NOMA is compatible with OFDMA, which makes NOMA a natural progression to-
ward sixth-generation (6G) networks. Multiple-input multiple-output (MIMO) is another
wireless communication technology that offers various advantages, such as improved
data rates, increased spatial diversity, and enhanced spectral efficiency, making it essen-
tial for mobile devices [6]. This thesis aims to integrate NOMA and MIMO technologies
for different scenarios. To this end, the thesis mainly focuses on the generalized singu-
lar value decomposition technique to combine NOMA and MIMO. In NOMA, multi-
ple users share the same frequency and time resources, leading to user interference. The
motivation behind using the generalized singular value decomposition (GSVD) tech-
nique in NOMA systems is to enhance user signals separation and reduce system inter-
ference. We provide numerical results showing that applying GSVD to NOMA can help
improve the performance of the NOMA-based systems over orthogonal multiple access

(OMA)-based systems.

1.1 The Aims and Objectives of the Thesis

To propose a GSVD-based MIMO-NOMA transmission system built on OFDMA in 5G,

enhancing system performance compared to existing literature.

* Minimize the transmission delay in the MIMO-MEC to improve spectral efficiency,

energy efliciency, and data rate of MEC offloading.
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* Maximize the secrecy sum rate (SSR) for a MIMO-NOMA uplink network under

maximum total transmit power and QoS constraints.

* Minimize total energy consumption during local computing, task offloading, and

MEC computing in a MIMO-MEC system.

* Maximize the sum rate of the secondary network in a cognitive underlay radio (CR)
scenario, where the primary network requires a certain level of QoS and secondary

network users can download their data using the same spectrum.

1.2 The main contributions of the Thesis

In this thesis, we go beyond the previous studies on NOMA-based systems, which pri-
marily focused on SISO transmission. Instead, we incorporate both NOMA and MIMO
technologies through the GSVD technique, leading to significant advancements in the

contribution chapters. The main contributions of this thesis can be listed as follows:

* A hybrid NOMA-based MIMO-MEC system is introduced to minimize the offload-
ing delay. The system model is formulated and transformed into an easily manage-
able form using mathematical manipulations, the Dinkelbach, the GSVD, and the
KKT methods. Performance evaluation of the Hybrid-NOMA-MIMO-MEC system
is conducted through numerical results. Simulation results further demonstrate the
system’s superiority, showcasing improved delay performance and reduced energy

consumption compared to OMA.

* We investigate a novel uplink MIMO-NOMA network using GSVD in PLS sce-
narios, considering multiple external eavesdroppers and a friendly jammer. The
system configuration and adopted schemes set it apart from previous studies. A
non-concave problem of maximizing SSR is formulated to enhance the system’s
performance. Through an equivalent transformation of norm functions to trace
functions in logarithmic expressions, the problem is reformulated as a difference
of convex (DC) programs. The first-order Taylor approximation method is then ap-
plied to convert the DC problem into a suboptimal concave problem, and an SCA

(successive convex approximation) based algorithm is proposed. The algorithm’s
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properties, including complexity and convergence, are analyzed. Simulation results
demonstrate that the GSVD-based MIMO-NOMA system outperforms conven-
tional MIMO-NOMA regarding SSR. The performance gap between NOMA and

OMA schemes is revealed using the same optimization method.

Another contribution is in a scenario where two multiple antenna-equipped NOMA
users collaboratively offload their data to the MEC server, aiming to minimize total
energy consumption. The energy minimization problem is formulated by consid-
ering various factors such as offloading time limitations, power allocation, task as-
signment, and energy losses in RF chains. To integrate NOMA, MIMO, and MEC
technologies, the GSVD linear beamforming method is also employed. Given the
non-convex nature of the problem, an alternating optimization approach is utilized
to jointly optimize task assignment coefficients and power allocation vectors, with
the task assignment problem solved in the outer layer. The inner layer employs the
successive convex approximation method to convert the non-convex power allo-
cation problem into a first-order linear form, enabling the determination of power
allocation vectors. Numerical results are provided, analyzing the impact of fac-
tors such as offloading time, power budget, users’ locations, and data rate on energy
consumption. Comparative analysis with OMA as the benchmark scheme demon-
strates the significant energy-saving benefits of NOMA-based MIMO-NOMA net-
works, particularly at high SINR rates with a higher number of antennas. Addition-
ally, the findings emphasize the importance of optimal user pairing in reducing en-

ergy consumption within the NOMA framework.

We introduce an underlay network incorporating cognitive radio and MISO-NOMA
technologies. Both the primary and secondary transmitters harvest wireless energy
and employ a time-switching protocol to transmit information signals to their re-
spective users. QoS constraints are satisfied, even with potential interference expe-
rienced by the far user from the primary user. The secondary transmitter optimizes
the sum data rate of the secondary network while considering these constraints.
The wireless power transfer in the first time slot is performed through GSVD beam-
forming. Semi-definite programming and the first-order Taylor series expansion are

utilized in the second time slot to optimize the split time variable and the beam-
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forming vectors for both the primary and secondary networks. Simulations analyze
the impact of QoS and power constraints on the sum rate of the secondary users.
The proposed model outperforms the TDMA-based benchmark scheme due to its
higher spectral efficiency, allowing the primary users to operate at lower power
levels, thus reducing interference for the secondary users. However, as the QoS re-
quirements of the primary users become more stringent, the available transmission
time for the secondary users decreases, leading to a widening performance gap be-

tween the proposed method and the benchmark.

1.3 Organization of the Thesis

This thesis is motivated by the aforementioned aims and objectives to explore the appli-
cation of GSVD-based MIMO-NOMA networks. To compare the performance of the
proposed schemes with the conventional OMA schemes, we formulated different scenar-
ios with specific objectives: delay minimization, secrecy sum rate maximization, energy
minimization, and sum-rate maximization. The formulated problems are solved using

convex optimization techniques. The organization of the thesis is outlined as follows:

Chapter 2: This chapter provides an in-depth explanation and comprehensive compar-
ison of the basic concept of NOMA with OMA schemes. The chapter investigates the
GSVD method and explores its combination with NOMA while offering a relevant re-
view of GSVD-based NOMA systems. Furthermore, the chapter introduces the concept
of MEC and thoroughly discusses its key parameters, accompanied by a comprehensive
review of NOMA MEC. Mathematical tools such as the Karush—Kuhn-Tucker (KKT)
method, fractional programming, the first-order Taylor approximation, semi-definite pro-

gramming, and semi-definite relaxation are explained.

Chapter 3: In the context of sixth-generation communication networks, this chapter

focuses on three key technologies: NOMA, MIMO, and MEC. These technologies are
prominent in satisfying modern communication systems’ high data rate demands. The
primary objective of this chapter is to minimize transmission delay within the MIMO-
MEC system, thereby improving spectral efficiency, energy efficiency, and data rate of

MEC offloading.
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Chapter 4: NOMA, as a well-qualified candidate for 6G mobile networks, has been
attracting remarkable research interests due to high spectral efficiency and massive con-
nectivity. This chapter aims to maximize the secrecy sum rate (SSR) for a MIMO-NOMA
uplink network under the maximum total transmit power and quality of service (QoS)
constraints. Thanks to the generalized singular value decomposition method, the SSR

of NOMA is compared with conventional orthogonal multiple access and other baseline

algorithms in different MIMO scenarios.

Chapter 5: MEC is a distributed computing paradigm that brings computing and data
storage closer to the network’s edge. This chapter considers a MIMO uplink scenario
where NOMA users partially offload their data to a MEC server. This chapter aims to
minimize the total energy consumption during local computing, task offloading, and
MEC computing. To this end, the base station optimizes power allocation vectors and

task assignment coeflicients under time and power constraints.

Chapter 6: The need for physically charging mobile devices is anticipated to become a
thing of the past in the not-too-distant future. In this chapter, a novel approach for wireless-
powered mobile devices is presented, which is based on NOMA and multi-user multiple-
input multiple-output (MU-MIMO) antenna systems. The proposed method is specif-
ically designed for use in a cognitive underlay radio (CR) scenario, where the primary
network requires a certain level of QoS. Meanwhile, secondary network users can down-
load their data using the same spectrum. The main objective of this chapter is to maxi-

mize the sum rate of the secondary network.

Chapter 7: This chapter summarizes the conclusions drawn from this thesis and ex-
plores potential research topics concerning NOMA-based MIMO systems for 6G net-

works.
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Chapter 2

Background Information

This chapter serves as an introductory overview of the key concepts explored in this the-
sis. Initially, the chapter examines uplink and downlink NOMA systems, specifically in
the context of a SISO antenna configuration. Following this, the chapter explores the
GSVD technique and its relevance to beamforming frameworks. To clarify these con-
cepts, an illustrative example is provided. Furthermore, the chapter encompasses a con-
cise review of GSVD-based applications in MIMO systems, thereby establishing the

context for the subsequent discussions.

The chapter then explains the MEC concept and presents the basic formulations related
to MEC. Moreover, a summary of existing works on NOMA MEC is provided, high-

lighting its significance within the research domain.

Finally, the chapter addresses the mathematical tools used in this thesis. Various tech-
niques, including the Karush-Kuhn-Tucker (KKT) method, fractional programming, suc-
cessive convex approximation, semi-definite programming, and semi-definite relaxation,
are introduced, and their relevance within the research framework is established. These
mathematical tools serve as foundational elements for the subsequent analyses presented

in the thesis.

2.1 Non-orthogonal Multiple Access

Non-orthogonal multiple access (NOMA) is a multiple access technique that allows mul-
tiple users to simultaneously share the same frequency, time, or code resources to com-

municate with a base station or access point. There are several NOMA schemes in the
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literature [3]. Some of the well-known ones are summarized as follows. The sparse code
multiple access (SCMA) technique enables multiple users to communicate with a base
station simultaneously by utilizing separate sparse codes assigned to each user, based

on a multi-dimensional codebook [7]. In pattern division multiple access (PDMA), the
available bandwidth is divided into multiple non-overlapping frequency patterns or slots.
Thus, the users have a unique pattern or slot to modulate their signals [8]. Resource spread
multiple access employs a distinct spreading sequence for users to disperse their data
over the frequency band. The receiver then reverses the spreading process by applying
the identical spreading sequence to recover the user’s information [9]. Multi-user shared
access (MUSA) is based on code-domain multiplexing, where symbols are multiplexed
using the same spreading code. These symbols are transmitted over an orthogonal chan-
nel, such as a sub-carrier, as in OFDMA. At the receiver end, SIC decodes the received
symbols [10]. Interleave-grid multiple access (IGMA) is another technique in which the
user’s data is segmented and interleaved based on a specific pattern, creating a grid-like
structure that helps minimize user interference and improves the overall spectral effi-
ciency of the system [11]. Rate-splitting multiple access (RSMA) is also getting huge
research interest. In rate-splitting multiple access, users partition their data into shared
and exclusive components [12]. The shared components of each user are aggregated and
modulated jointly, while each user’s unique components are modulated separately. This
results in a transmitted signal with shared and unique components for all users. Both
users initially decode the shared component at the receiver, treating any interference
from the unique signals as noise. Both users use SIC to decode their exclusive signals

in the subsequent stage.

In 3GPP Release 13, the standardization of power domain NOMA (PD-NOMA), known
as MUST (Multi-User Superposition Transmission), has been introduced for a broad-
cast channel. In PD-NOMA, multiple users use different power levels to share the same
time and frequency resources. At the transmitter, superposition coding is employed to
multiplex the users, while the receiver uses successive interference cancellation to de-
code the superposed signals [13]. PD-NOMA is considered a promising technique for
5G and beyond wireless communication systems, as it can significantly increase spectral

efficiency and support multiple users with diverse communication requirements. PD-
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NOMA can also improve user fairness and energy efficiency, enabling users with weaker
channel conditions to share the same resources with stronger users without sacrificing

their quality of service [14].

2.1.1 An overview of Power-Domain NOMA

This section introduces the basic concepts of PD-NOMA for downlink and uplink net-
works. Additionally, we analyze and compare the sum rate and signal-to-interference-

plus-noise ratio (SINR) of NOMA and OMA.

Downlink NOMA Network

Figure 2.1 illustrates a downlink NOMA scheme consisting of a BS/AP and K receivers,
where the BS broadcasts a superposed signal to all the receivers. The BS combines complex-
valued symbols with superposition coding (SC), and the receivers employ the succes-

sive interference cancellation (SIC) technique to decode their respective signals. Each
receiver, except for the weakest or those without SIC capabilities, performs the SIC pro-

cess at the receiver side. Even though there is a tendency for the SIC process as follows:

the users first extract the strongest signal from the combined signal and then subtract

it to eliminate the interference from the remaining signals, and the SIC process is re-

peated until the receiver’s signal is decoded. This strategy may not be optimal. Ding et

al. showed that dynamic decoding orders according to users’ QoS and CSI-based SIC

orders might improve the system’s performance [15].

A —
UE, > B2
signal decoding
= UE; >
£
o SIC of
o E — >
5 s Base Station > UE, > UE; > UE;
% signal signal decoding
a .
\ SIC of
E —_—
UEk UEx S| UELUE;,.. . UEx 4 UBx
- > signal decoding
Frequency/Time/Code —/ signal

Ordered Users

Figure 2.1. A basic concept of downlink NOMA [14]

To simplify the analysis, we consider a downlink NOMA system with a base station and
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two users to derive the SINRs and sum rates. Additionally, we assume that the base sta-
tion and users are equipped with a single antenna and the system bandwidth (B) is one.
The information-bearing signals, z for the near user (U E;) and x r for the far user (U E5),

are superimposed at the transmitter as follows:

.I:\/PN.’L'N—F PF.’L'F, (21)

where Py and Pr denote the transmission power allocation coefficients for the near and
far users, respectively. P, represents the total transmit power which equals the sum of

Py and Pp. The received signal at the receivers are

h; denotes the channel coefficient between the BS and user U F;, and n; represents the
additive white Gaussian noise (AWGN) with zero mean and o? variance for UE;. Let’s

assume the users are ordered using the CSI-based method at the receiver and the near

2 2
user has a strong signal than of the far user, i.e., “ZZ | > ”Z_LQ' Therefore, the SINR ex-
N F

pression of the near user and far user are given by

Pylhyl|?
SNRy = M (2.3)
ON
Pp|hp|?
SINRp = —————. 24
F PN‘th’Q + O'% ( )
Accordingly, the data rate for the near user and far user can be written as follows:
Py|hn|?
Ry = log, (1 + M) : (2.5)
oN
Pp|hp|?
Rrp =1 1+ ———7—— 2.6

Uplink NOMA Network

As illustrated in Figure 2.2, an uplink NOMA system allows K users to simultaneously
transmit their data to the BS using the same spectrum. The base station employs SIC to

decode the signals from different users. We again assume that the near user has better
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. . hal? hrl? . . . .
channel gain than the far user, i.e., | J’\Q’ | > | U@' . The received signal at the receiver is
N F

y=hyxy + hpxp + npg, 2.7

where np is a AWGN with zero mean and o3, variance at the receiver. If the BS decodes

the received signal in descending order, the data rate for the near and far users are:

Py |hyl|?
Ry =log, (14 52— 2.8
Prlhp|?
Rp = log, <1+ F|2F| ) (2.9)
B

On the other hand, if the BS decodes the received signal in ascending order, the data rate

for the near and far users becomes:

Pyl|hy?
Ry = log, <1+M>, (2.10)
OB
Py|hpl?
Rp =log, ( 1+ ——12FL 2.11
F 0g2( +PN\hN]2+a% 1D

It is worth mentioning that in each case, the sum rate for the users is the same as given in
Equation 2.12. In other words, the sum rate in the uplink NOMA does not depend on the

order of SIC, assuming no error propagation occurs in the SIC process.

(2.12)

Py |hw|? + Pr|hr|? + o2
R+ Ry = tog, (P TEE b )

OB

However, according to Benjebbour [13], performing SIC in the descending order of chan-

nel quality is more practical.
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Figure 2.2. A basic concept of uplink NOMA [14]

An example for sum rate comparison between NOMA, TDMA, and FDMA Networks

This section compares NOMA with TDMA and FDMA schemes for an uplink scenario
as illustrated in Fig. 2.3. The data rate of the near and far users in the NOMA, FDMA,

and TDMA systems are given as follows [16]:

f ((A)) \
“

2
lhal® _ g dB" A .
5 [haf?
4 A 5~ =0dB
\B
S
UEy O
[0
UEFr
A A A
c
c I £
K] _3r _ £ 3 P P
§ UEF, Pr= 5 B=17=1 é UEr, Pr=P, | UEy, Py=P, § UEp, Pr= on UEy, Py = o
= 13 1 1
g s L 1 g| B=2,r=1| B==,7=1
:cz UEN,PN=%,B=1,T=1 ;%; B=1:T=E B=11T=E = 2’ 2 coma
__NOMA, e TDMA ,, - >
Time/Frequency/Code Domain Time Domain Frequency Domain

/

Figure 2.3. Sum rate comparison between NOMA, TDMA, and FDMA networks
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RNOMA Blog2 <1 + PNth| )

NOMA=q RNOMA _ Blog. (1 X M) (2.13)

Py|hN[?+Bo,
0 S PN7 PF S P7
R%DMA — B(l . 7_) 10g2 <1 + PN|hN| >
TDMA={ RIDPMA _ Briog, (1 —ng§'2> (2.14)

0< 7L,

REPMA = B(1 - w) log, (1+ 2aas)

B(1-w)o}
FDMA = RFDMA Bwlog, <1 + Pg|hF\ ) (2.15)
0<w<1,
\
Assuming two uplink users U E/y and U E» with channel gains of Z—év = 18 dB and
B

Z—g = 0 dB, respectively, the total power is the same in all schemes such that Py + Pp =

B
P, where P is the maximum transmit power [13]. In the TDMA scheme, the users are
allocated equal time slots, i.e., 7 = 0.5. The data rates for the near and far users are
RIPMA — 3.0011 bps and REPMA = (.5 bps, respectively. In the FDMA scheme, the
bandwidth is split equally between the users, i.e., w = 0.5, and the resulting data rates
are REPMA = 3.0011 bps and REPMA = 0.5 bps for the near and far users, respectively.
In the NOMA case, the power is split between the users by d, with two out of five for the
near user and three out of five for the far user. Thus, the data rates for the near and far
users are RYOMA = 4.0682 bps and RYM4 = 0.6781 bps. The total sum rates achieved
by the TDMA, FDMA, and NOMA schemes are 3.5011 bps, 3.5011 bps, and 4.7463 bps,
respectively. Based on this example, it can be concluded that NOMA offers a significant

advantage over OMA schemes in terms of spectral efficiency, resulting in 35.57% higher

sum data rates.
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2.2 Enhancing MIMO-NOMA Systems through GSVD: Leveraging Joint

Precoding, Interference Mitigation, and Power Optimization

Generalized singular value decomposition (GSVD) is a powerful matrix factorization
technique that extends the standard singular value decomposition (SVD) to accommo-
date rectangular matrices of potentially different dimensions. This technique encom-
passes two primary types: real-valued GSVD and complex-valued GSVD. Real GSVD
is utilized for real-valued matrices, while complex GSVD is tailored for complex-valued
matrices. Various algorithms, such as Van Loan’s, which was first introduced in 1976,
and Paige and Sounders’ algorithms [17], facilitate the computation of GSVD. By de-
composing matrices into their singular components, GSVD finds widespread applica-
tion across diverse domains. It is employed in signal processing tasks like adaptive fil-
tering, blind source separation, and channel estimation and in analyzing biological data
in bioinformatics [18], [19]. In wireless communication, the GSVD decomposes MIMO
channels into orthogonal SISO channels. In other words, the main use case of the GSVD
is beamforming design. Table 2.1 lists various studies that employ the GSVD to solve

some problems in wireless communication.

2.2.1 A definition of GSVD

Let us consider two matrices, Hy € C™*" and H, € C™*". By applying the GSVD
method, we can decompose these matrices into three components: a unitary matrix, a
non-singular matrix, and a non-negative singular matrix. The decomposition can be ex-

pressed as follows [28]:

3; =UH;Q and 3, = VH,Q, (2.16)

where the matrices U € C"™* and V € C™*™ are unitary, while Q € C"*" is non-
singular, and 3, € C"™ " and ¥4 € C™*" are diagonal matrices with non-negative

elements. The dimension of the matrices form X; and X, as follows:
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Table 2.1. GSVD-based MIMO applications

Ref. Objective Tech- System Opti- Con- UL/DL  Result
nology analy- mization straints
sis/Opti- Variable
mization
[20] To minimize outage NOMA- Perfor- Power al- N/A DL Compared with GSVD-
probability while MIMO mance location OMA based transmission,
improving physical analysis coefli- NOMA has superior outage
layer security and opti- cients performance
mization
[21] To design low com- OMA-  Optimiza- Power al- Average DL GSVD-MIMO achieves
plexity and highly MIMO tion location power con- nearly identical performance
efficient GSVD- coeffi- sumption with secure dirty paper cod-
based beamforming cients ing (S-DPC)
to maximize secrecy
capacity
[22] Maximize secrecy OMA-  Optimiza- Sub- Quality of DL GSVD-based precoding
rate MIMO tion channel service outperforms a TDMA-based
and power system
allocation
[23] To obtain the expres- NOMA- Perfor- N/A Finite num- DL GSVD-NOMA achieves a
sions of the average MIMO  mance ber of users higher sum rate than GSVD-
data rate and outage analysis OMA
in a MIMO-NOMA
relaying
[24] Maximize minimum  NOMA- Optimiza- Power al- Imperfect DL The SINR balancing prob-
data rate MIMO tion location channel lem was solved using error
coeffi- estimation bounds. The proposed solu-
cients tion has better performance
than non-robust or OMA-
based solutions
[25] Minimize offloading  H- Optimiza- Power al- Total power UL Hybrid NOMA-MIMO
delay NOMA- tion location based solution has better
MIMO coeffi- delay performance compared
cients with OMA-based solution
[26] Minimize energy NOMA- Optimiza- Task as- Total UL NOMA-MIMO performs
consumption MIMO tion signment power, better than OMA, especially
and power  offloading when the data is high and
allocation time, and time is stringent
coefli- RF chains
cients energy con-
sumption
[27]  Secrecy sum rate NOMA- Optimiza- Power al- Total power UL NOMA has better SSR per-
maximization MIMO tion location and QoS formance than OMA
coefli-
cients
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O(mfn)xn S2
e If m >n, then X7 = and 3y =
Sl O(m—n)Xn

e Ifm<n<2m,r=n—mand qg=2m — n, then

IL. o0, 0, 0, So 0,5,
21: * ) and 22: o 2 e

0q><r Sl 0q><7“ 0r><7“ 07’><q Ir
e If 2m > n, then X3; = (Im Omx(nm)) and X, = (Omx(nm) [m) ,

where 0 and I represent the zero and identity matrices, respectively. Moreover, S; and
S, are non-negative diagonal matrices, with elements between zero and one. Notably,
the elements of S; are sorted in descending order, while those of S, are sorted in ascend-
ing order. Table 2.2 illustrates the key distinctions between the SVD, the GSVD, and the

multi-linear GSVD methods.

Multilinear GSVD (ML-GSVD) is an advanced variant of GSVD, specifically designed
to handle multiple tensors rather than just two matrices. Multilinear GSVD identifies a
shared underlying structure among them, which is then represented through common
factor matrices. Multilinear GSVD finds applications in various domains such as multi-

linear subspace learning, tensor factorization, and MU-MIMO systems.

2.2.2 Application of GSVD in MIMO-NOMA

We consider a base station (BS) with n antennas communicating with two downlink

users, each equipped with m antennas. The channels between the BS and the users can

H;

Va7’

near user denoted as U Ey, and the far user, denoted as U Er, are sorted based on their

be represented by G; = where H; denotes the small-scale fading coefficients. The

large-scale fading element /d?. Here, d represents the distance of the i*" user, and 7

represents their path loss component. The received signals at the receivers are:

Hyx Hgx
YN = =4 ny and yrp= = 4 ng, (2.17)
dy dp

The noise at the i receiver, n;, © € N, F, modeled by the additive white Gaussian

noise, is given by mutually independent and identically distributed elements with zero
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mean and variance o;. The transmitted signal, denoted as x € C™<1 s subject to inter-
ference mitigation techniques using precoding and decoding matrices P, € C"*" and
D, € C™* ™, respectively. The decomposition of channels, as described in Eq. 2.16,
leads to the selection of detection matrices D; as U and V for the near and far users. Ad-
ditionally, the precoding matrix P, is modified to Qv/P/t, where P represents the maxi-
mum transmission power and ¢ is a power normalization coefficient [28]. Consequently,

the MIMO receivers obtain the transmitted signal as follows:

UyN :UHNPbx+UnN = EN—FUHN, (218)

P
t\/dy

P
S+ Vnp. 2.19
N " @19

Please note that U and V are the unitary matrices; therefore, the unitary matrices U and

Vyr = VHEP,X + Vg =

V preserve the variance of noise after multiplication with them.

Example: In this example, we analyze a basic setup comprising a base station with four
transmitter antennas. The near user is equipped with three receiver antennas, while the
distant users have two receiver antennas. The near, which small-scale channel coeflicient
denoted as Hy € C3*4,is located dy = 40 meters away from the base station. On the
other hand, the far user, represented by Hr € C?*4, is located d = 75 meters away

from the base station. The value of the path loss component, denoted as «, is 3.2.

0.629 4 0.735¢ 0.066 + 0.931z 0.193 + 0.616¢ 0.924 4 0.556%
Hy = [0.210 +0.772i  0.260 + 0.013i 0.639 + 0.949; 0.263 + 0.915i | -
0.752 4 0.907: 0.804 + 0.2347 0.524 + 0.950¢ 0.065 4 0.641%

0.390 +0.173¢ 0.604 + 0.1352 0.926 + 0.0212 0.394 + 0.827¢

Hr

0.485 4 0.126z  0.549 + 0.505¢ 0.918 +0.947: 0.963 4 0.0152
Decoding matrices U € C3*3 and V € C**2 can be found as follows:

0.5886 + 0.0000z  0.0000 + 0.0000z  0.8084 + 0.0000¢
U= 02571 —0.6199i 0.4855 + 0.2742i —0.1872 + 0.4513i | ,
—0.2400 + 0.38167 0.6442 + 0.5235¢  0.1747 — 0.2778:
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—0.5294 + 0.7844¢ 0.3201 + 0.0453¢
—0.2029 — 0.2517¢ 0.4024 — 0.85657

And the precoding matrix Q becomes

—0.2004 + 0.3013¢  0.2468 — 0.5664:  1.2740 — 0.50807 0.6976 — 0.72264

—0.4527 + 0.5098: —0.0139 — 0.7738 0.7713 + 0.3349: 0.0869 — 0.8978:
—0.8984 + 0.6990: —0.1623 — 1.2709: 1.4061 — 0.6229: 0.2928 — 0.3442:

0.2405 + 0.5082:  0.6040 — 1.2088: 0.7572 — 0.7511¢ 0.9449 — 0.2902:

Let’s rearrange the super-positioned transmitted signal x € C**! with power allocation
such that x = Ps, where P € C*** is the diagonal nonnegative power allocation matrix

and s € C**! contains the coded signals for both users as follows:

pii O 0 0 lisi1+ m31,2 pr1(lisia + \/msl,z)
0 p22 O 0 lys9.1 + mszg p22(lasas + msm)
0 0 p33 O l3s31 + m&m p3,3(l3ss1 + mss,z)
0 0 0 P4 ] _1434,1 + msm ] _p4,4(l48471 + M«Sm) |

P S

where s; ; and s, » represent the corresponding message, and /; ; and [; 5 are the power

allocation coefficients for the near and far users. Also we assume that s encoded with

unit power i.e, [|s;]|> = 1,7 € {1,2,3,4}. After the GSVD is applied to the downlink

channels, the channels become

0 0.4526 0 0
1.0000 0 0 0
Yy=10 0 10000 0 |, Xr=
0 0.8917 0 O
0 0 0 1.0000
The observations at the near user is equal toyy = f}% + ny that can be written as
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follows:

i P11l1511+\/1—l2312
0 04526 0 0
pao(lasar + /(1 —13)s22

( n

( N1
Yn=1{0 0 1 0 X

(

(

+ nya| >

p33(lssz1 ++/( (1-12%) )S3.2

0 0 01

)
)
)
- P44l4841+m34)
_ 0.4526 X (531 + /(1 — 2)52.) ¢d +nm}

nN3

= 1 x l3$31—|—\/ 1—l 832 \/ —l—nN2
1>< l4841+\/ 1—l 842 \/ +TZN3

Similarly, the observations at the far user yr is equal toyp = \E/ﬂ -+ np and it can be

given as follows:

p11l1811+\/ (1—12)s12)
1 0 00 o p2212821+\/ 1—12 822) 1 nr1
Yr =

(

(
0 08917 0 0| |pysllasss + /1 —B)ssa)| VIF  |nps
p44(l4841+\/ﬁ842)

1 x 11811—|—\/ 1—12 812 \/ +nF1
08917)( 12821+\/ 1—l 822 \/ +nF2

We can consider each sub-channel an individual SISO channel; therefore, they may re-
quire different SIC ordering regarding their effective channel gains. Furthermore, by ex-
amining the expressions for yy and yr, we can deduce that s; corresponds to a private
stream intended for the far user. On the other hand, s3 and s, represent private streams
dedicated to the near user, while s, serves as the common stream shared by both users.
The OMA transmission strategy can be employed for private streams. For example, the
first steam can equal s; = s; 5. Chapter 4 will provide an in-depth examination of se-
crecy aspects for further analysis. Now, let us have a look at the decoding of the com-
mon stream. It can be calculated that the near user has a stronger channel gain than the

04525 ~ 08917 Therefore, the near and far users decode their

far user as follows, i.e., Ji5z 2 e

signals as follows:

20.4525

D22 X ZQ 4032
Ryo=1 1+ ——— 2.20
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(2.21)

P22 X (1- l%) X 07'224127 )

RF72 = log (1 +
? Paa X 135525 4 Var(np,)

Likewise, data rate expressions can be derived for private channels by eliminating inter-
user interference. Additionally, the transmitted power from each antenna, denoted as P,
holds a specific physical interpretation, such as maximum transmit power from each an-
tenna element. Hence, the opportunity for further exploration emerges from optimizing
the elements within P, encompassing enhancing secrecy, improving data rate, ensuring
fairness, and selecting optimal antennas. In Chapter 5, we have conducted additional re-

search on power consumption in RF chains.

2.3 Mobile Edge Computing

Mobile edge computing, also known as multi-access edge computing, brings the pro-
cessing of traffic and services from centralized cloud servers to the edge of the network,
closer to the end-users, as illustrated in Fig. 2.4. Instead of transmitting all the data to
the cloud for analysis, the MEC devices carry out the processing, storage, and analysis of
the data [29]. This approach minimizes latency, improving high-bandwidth applications’
performance in real-time [30]. The combination of NOMA and MEC holds immense
potential, as it not only enhances the spectral efficiency of MEC users but also empowers
IoT devices at the edge to handle computationally intensive tasks. Combining NOMA

and MEC requires optimal resource and power allocation and time management.
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Figure 2.4. NOMA assisted MEC model

In order to minimize offloading time, U E needs to determine the optimal task partition
coefficient () and power allocation (p,s). The offloading time (77,+¢) can be defined as
follows:

BN

Tory = TS (2.22)

Here, N represents the data size of the task, and R is the data rate of the U E.. The en-

ergy consumed during the offloading time (7;¢) can be calculated as:

Eoff = Toff X Doffs joule (223)

In the above equation, p,s¢ denotes the transmit power of the U E. Once the data is of-
floaded to the MEC server, the duration for the mobile execution time 7}, can be deter-

mined using the following equation:

Trnee = %, S (2.24)

fm

In this equation, C,, represents the required CPU cycles to execute a bit, and f,, is the
CPU frequency of the MEC server. The energy consumption during 7,,.. can be calcu-
lated as:

Epee = EBNC f2, joule (2.25)
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where £ denotes the energy consumption coefficient for the MEC. Table 2.3 summarizes
existing works on combining NOMA and MEC. It provides valuable insights into differ-

ent research papers that have explored this area regarding the optimization perspective.

2.4 Mathematical Tools Used in the Thesis

2.4.1 Karush-Kuhn-Tucker Method

The KKT (Karush-Kuhn-Tucker) method is a mathematical technique utilized to solve
optimization problems containing equality and inequality constraints, regardless of whether
the problem is linear or nonlinear. The KKT conditions, namely stationary, primal feasi-
bility, dual feasibility, and complementary slackness, are necessary but insufficient to
determine the global optimal solution. In other words, meeting the KKT conditions at

a point does not guarantee that it is the global optimum but a local optimum. Second-
order sufficient conditions must be examined to ascertain a point’s global optimality. In
this part, we will discuss the necessary and sufficient conditions for the following prob-

lem:

min  f(x) (2.26a)
st gi(x) <0ie{1,2,.m}, (2.26b)
hi(x) =0 € {1,2,.n}, (2.26¢)

Necessary conditions

Stationary: The stationary condition states that if a solution point satisfies the stationary
condition, the point is either a local minimum or local maximum, which means that the
first-order derivative of the objective function on this point is equal to zero, i.e.,V f(x*) =
0.

Primal feasibility: Primal feasibility refers to the process of verifying whether a candi-

date solution (x*) fulfills the equality and inequality constraints of an optimization prob-
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Table 2.3. Summary of some existing works on NOMA-MEC

Ref.  Objective Method Technol-  Constraints Optimization parameters  Offloading
ogy policy
[31]  Minimize task Linear problem  massive Transmit power, Power allocation, computa-  Partial
offloading and using auxiliary ~ MIMO MEC computing tion frequency allocation
computing delay variable capacity
[29]  Minimize delay Bisection SISO- Energy and of- Task partition coefficient, Partial
search MEC floading power, power allocation
computation time
at MEC
[26] Minimize total AO-SCA MIMO- Total power, time, Task partition coefficient, Partial
energy minimiza- MEC energy consump- power allocation
tion during local tion on RF chains
computing task
offloading and
MEC computing
[27]  Minimize delay Dinkelbach MIMO- Total power Power allocations Full
transform-SCA  MEC
[32] Minimize system SCA SISO- Time, transmis- Power allocation Full
energy consump- MEC sion power, decod-
tion ing power
[33] Minimize delay Alternating UAV Energy and QoS Trajectory of UAV, power Full
optimization assisted allocation, user scheduling
(AO) SISO-
MEC
[34] Maximize com- AO, DC pro- Backscatter- Energy and QoS Energy harvesting time Partial
putation capacity gramming assisted coefficient, BackCom time
SISO_NOMA coeflicient, transmission
time, computing resource
allocation
[35] Maximize com- AO, Concave- IRS and Total transmit Phase shift of IRS, trans- Binary
putation capacity convex proce- UAV power mit power, computational
dure and SDR assisted resource allocation, the tra-
SISO- jectory of UAV
NOMA
[36] Minimize system  AO, Matching SISO- Latency Power allocation, time, Binary
energy algorithm, MEC sub-channel allocation
SCA
[37] Maximize com- Deep reinforce-  SISO- Delay, limited Task scheduling, power Binary
putation capacity =~ ment learning multi- sub-channel allocation
MEC
[30] Minimize latency  AO WPT, IRS  Transmit power Power allocation, phase Partial
shift of IRS
[38]  Minimize total TD3 SISO- Transmit power, Task partition, power allo- Binary
energy consump- MEC latency cation
tion
[39] Maximize com- Meta-heuristic-  SISO- Transmit power, Task partition, power allo- Binary/par-
putation probabil-  based algo- MEC computational cation tial/full
ity rithms, PSO, resource
GA
[40]  Minimize power AO, Riemann IRS-MEC  Delay, computa- Bandwidth allocation, Binary
consumption gradient de- tional resource computational resource
scent allocation, power alloca-

tion, the phase shift of IRS
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lem, i.e., g;(x*) < 0and h;(x*) = 0.

Dual feasibility: Dual feasibility requires that the Lagrange multipliers associated with
the inequality constraints are nonnegative, i.e., y1; > 0 fori € {1,2,..m} where m is the
number of inequality constraint.

Complementary slackness: Complementary slackness establishes a connection between
two key aspects of constrained optimization: primal feasibility and dual feasibility. The
complementary slackness indicates whether the inequality constraints are effective or
not on the objective function. The complementary slackness equations for the inequality

constraints in (2.26b) can be given as follows:

1igi(x*) = 04 € {1,2,..m}. (2.27)

Eq. 2.27 indicates that if ;; > 0, i*" inequality is binding; otherwise, y; is not effective
on the objective function. Eq. 2.27 indicates that if the Lagrange multiplier associated
with the *" inequality constraint, denoted as f;, is greater than zero, it indicates that the
i" inequality constraint is binding, meaning it affects the optimization problem’s solu-
tion. Conversely, if y; is zero, it implies that the constraint does not impact the objective

function.

Sufficient conditions

The sufficient condition involves evaluating the second-order derivative of the objec-
tive function with respect to a potential solution point. If the variable x is a vector, the
second-order derivative is represented by the Hessian matrix. A solution point is con-
sidered the global optimum if the Hessian matrix is either positive-definite or negative-

definite. Let’s define the Lagrangian function as follows:

L(x, p;, X)) = f(x) + p"g(x) + ATh(x) (2.28)
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where

g(x) = : , h(x) = |, p(x) = : and A(x) = : (2.29)

The sufficient condition states that if the inequality
s"V2 LXK, A)s > 0 (2.30)

holds for all nonzero vectors s, then the vector x* corresponds to the minimum solution

for the given optimization problem (2.26).

An example for the optimal solution using KKT

Let’s find the optimal solution for the following problem.

min  f(x) = 427 + 323 (2.31a)
st g(X) = 371 + 5zs < 20 (2.31b)
h(X) = 22, + 25 = 10 (2.31c)

The Lagrangian function can be formulated as follows:

L(x, 1, ) = f(X) + pg(x) + Ah(x) (2.32)

where 1 and )\ are the Lagrange multipliers associated with the inequality and equal-
ity constraints, respectively. Substituting the objective function f(x) and the constraint

functions g(x) and h(x), we have:

L(X, 1, \) = 4a] + 325 + (321 + 529 — 20) + A(271 + 29 — 10) (2.33)
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Determine the partial derivatives of the Lagrangian with respect to the decision vari-

ables:

c

I 8y + 3+ 2) (2.34)
8.731
L S (2.35)
8272

Set the derivatives equal to zero to find the stationary points:

814 3 +2A =0 (2.36)

6xy +5u+A=0 (2.37)

Solve the above equations along with the equality constraint and complementary slack-

ness:

2z + 29 =10 (2.38)

(1(321 + 5y — 20) =0 (2.39)

Case 1 (4=0): We assume that p equals zero to solve (2.26). Therefore, we got

8r1+2XA=0 (2.40)
69 + A =0 (2.41)
211 + 29 =10 (2.42)
From the equations above, 1 = %, Ty = g and A\ = —15. Check if x satisfies the

KKT conditions. Primal feasibility: 312 + 52 < 20 is not correct because 23.75 > 20.
Therefore, the given solution is not a feasible solution. Thus, there is no need to check

the other conditions, and we continue to the second case, where 1 > 0.

Case 2 (14>0): From Eq. (2.39) then we can say that 3z1 + bxo — 20 = 0. Therefore,

3x1 + 512 —20 =0 (2.43)

81 +3u+2A=0 (2.44)
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622 4 5+ A =0 (2.45)

From the equations above, 1 = %, Ty = %, A = —94.2857 and n = 17.1429. Check
if x satisfies the KKT conditions. Primal feasibility: g(z, 22)=3x% + 5 x £ < 20,
and h(z, 29)=2 X % + 1—70 = 10. Therefore, primary feasibility constraints are satisfied.
Dual feasibility: the Lagrange multipliers p are non-negative (1« > 0). Therefore, the
solution passes the dual feasibility. Finally, the minimum value for f(x) equals 79.5918.

Figure 2.5 provides an illustration of the objective function, as well as the equality and

inequality constraints.

)
1
P o N W N
/r T 1
I
Y]

©f(x)
37 9(x)
4l —h®
Optimal solution
_5 N, e |
-5 0 5

Figure 2.5. Illustration of the objective and constraint functions

2.4.2 Fractional Programming

Fractional programming is an optimization technique that addresses problems involving
fractional objectives or constraints. In the realm of communication system design, frac-

tional expressions commonly arise in scenarios like power control, beamforming design,
and energy efficiency. These expressions can encompass various types, including linear,

quadratic, polynomial, logarithmic, and exponential forms. Fractional programming can
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be categorized into two groups: single-ratio problems and multiple-ratio problems.

Dinkelbach method

The Dinkelbach method is an iterative approach to solving single-ratio problems, ensur-
ing convergence by updating an auxiliary variable, denoted as y. To begin, let us define

the single-ratio problem as presented in [41]:

max (2.47a)

st. xeX (2.47b)

where A(x) is nonnegative function on the numerator and B(x) is a positive-valued func-
tion on the denominator, i.e., A(x) : R — R, and B(x) : R? — R, . By introducing

the auxiliary variable y, we can transform (2.47) into the following form:

max A(x) — yB(x) (2.48a)

st. xe kX (2.48b)
The variable y is updated as follows:

ylt +1] = (2.49)

where ¢ denotes the iteration number. The Dinkelbach method is effective in providing
the optimal solution for single-ratio problems. However, its applicability to multi-ratio
problems is limited. To address this, Shen et al. introduced the quadratic transform for

multi-ratio fractional problems [42].

Quadratic transform

Let us consider a generalized form of a single-ratio problem, also referred to as a multi-

ratio problem [42]:

M
max Y Am(x) (2.50a)



st. xe kX (2.50b)

where A,,(x) is nonnegative function on the numerator and B,,(X) is a positive-valued
function on the denominator, i.e., 4,,(x) : R — R, and B,,(x) : R — R, and

m =1, ..., M. By using the quadratic transform, (2.50) can be equivalently rewritten as:

M
max > (2yn/AX) — 4 (B(x))) (2.51a)
’ m=1
st. xeX, y,e€R (2.51b)

where y = {y1 y2 ... yar } is a variable that can be updated as follows:
Y Vm=1,.., M. (2.52)

The Dinkelbach algorithm and the Quadratic transform are two well-known methods
used to solve fractional programming problems. While the Dinkelbach method is proven
to converge to the optimal solution for single-variable fractional problems, the Quadratic
transform can be applied to multi-variable fractional problems. Another notable differ-
ence is the complexity: the Quadratic transform converts the fractional expression into a
quadratic optimization form, making it more computationally efficient than the iterative

Dinkelbach solution [42].

2.4.3 Successive Convex Approximation

Suppose k£ > 1 be an integer and the function f : R — R be k times differentiable at the

point a € R. Then, f can be linearly approximated at the point of a as follows [43]:

f(z) =~ f(a) + 82;:1:) oo (7 — @) (2.53)
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f(a) ............... tangent line

Figure 2.6. An illustration of first-order Taylor approximation

The first-order Taylor approximation can be applied to multivariate functions. Let’s as-
sume that f(x) is a multivariate function taking x = [z, Ts, x3]T as the variable. The
linear approximation of f(x) at the point a = [ay, as, az]" can be written as follows:

f(X) ~ f(a) + ag(X) |x=a(x1 - CL1> + 8af(X) |x:a(x2 - CLQ) + aaf—()()’x:a(xg — a3). (254)
T To T3

Further, the first-order Taylor expansion can be extended for matrix-valued functions.
Let assume that f(X) is a matrix-valued scalar function, at A, it can be linearized as fol-
lows:

9f(A)

fX) =~ f(A) + 8—X<X —A) (2.55)

where %g?) is the Jacobian matrix of a function f evaluated at a point A, and it can be

L)y Zna) - 2L
. LA L) - 2
written as
- (A) 2L(A) 2-(A)]
Example:

Linearize the function f(x) = 2} 4+ 323 — 21 + 6o + Tata = [3 1]".

709 % 7@ + E 8y — o) + L - )

f(a) = F(13 1)) = 40

f(x)
o0r,

Q

=327 -1=26
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0f (x)

4op)

0
f(x) =40+ 26(z — 3) + 12(z — 1)

The result of the example is illustrated in Fig. 2.7.

800

=3+ 322 — 2 + 62+ 7

600 | M40 +26(z; — 3) + 12(zs —1)| £
e a3 1] .

400

—~

»x 200

-200

-400 -

10

2 '5 -5 T

Figure 2.7. The first-order Taylor approximation of a vector-valued function

2.4.4 Semi-definite Programming

Semi-definite programming (SDP) is an advanced optimization technique that encom-
passes and extends the capabilities of linear, quadratic, and second-order cone program-
ming. While linear programming typically involves vector decision variables, SDP ex-
tends the scope to positive semi-definite matrices as decision variables. The objective of
SDP is to minimize or maximize an objective function, with positive semi-definite ma-
trices as the decision variables, subject to constraints involving affine combinations of

symmetric matrices [44]. SDP in standard form can be given as follows:

max Tr(CX) (2.56a)
st Tr(AX) = by, i = {1,..,p} (2.56b)
Tr(AjX) =b;, j={p+1,..,m} (2.56¢)

X>0 (2.564)
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where X is a square decision variable matrix. The matrices C, A;, and A; represent ob-
jective and constraint matrices, all of which have the same size as X. The notation X >
0 indicates that X is positive semi-definite. b; and b; are scalar values. PSD matrix can

be defined as follows. If a symmetric square matrix X € R"™*" satisfies the condition

that v Xv > 0 where v is a non-zero real vector, X is a semi-definite matrix. In certain
types of QCQP problems, such as principal component analysis or beamforming design
(discussed in Chapter 6), a rank one solution for the matrix variable X is desired. How-
ever, the rank one constraint is non-convex and cannot be directly incorporated into the

SDP formulation.

2.4.5 Semi-definite Relaxation

Semi-definite relaxation efficiently approximates non-convex QCQP problems by ex-
cluding the rank-one constraint. This approach allows for solving vector-valued QCQP
problems via the matrix-valued SDP method. Figure 2.8 illustrates the relationship be-

tween QCQP and SDP. A real-valued homogeneous QCQP problem can be expressed as

[45]:
min  x'Cx (2.57a)
xeR”™
st. XTAx>=b;, i={1,..,p} (2.57b)
xX'Ax=b;, j=1{p+1,..,m} (2.57¢)

where the matrices A; and A; are symmetric; however, their definiteness is not specified.
It is important to note that the main distinction between (2.56) and (2.57) lies in the vari-
able that requires optimization. The first step is to reformulate (2.57) as in (2.56). In this

process, the vector variable x is transformed into a new matrix variable X = xx’,

48



Figure 2.8. Tllustrating the relationship between linear programming, quadratically constraint quadratic

programming, and semi-definite programming

Importantly, it should be noted that the vector x is equivalent to a rank one PSD matrix.

Therefore, (2.57) can be rewritten as follows:

max Tr(CX)
Xesn

S.t. TI'(A.X) =~ bia 1= {17 7p}
Tr(AX) = bj, j ={p+1,..,m}
X>0

rank(X) = 1.

By relaxing the rank one constraint, (2.58) can be written as follows:

max Tr(CX)
Xesn

st. Tr(AX) = b;, i ={1,...p}
Tr(A;X) = bj, j = {p+1,..,m}

X > 0.

(2.58a)

(2.58b)
(2.58¢)
(2.58d)

(2.58¢)

(2.59a)

(2.59b)
(2.59¢)

(2.594d)

The problem denoted by (2.59) represents a convex optimization problem, which can

be effectively solved using a convex optimization toolbox such as [46]. Upon obtain-

ing the optimal solution X*, it is necessary to derive the corresponding optimal x* from

it. However, the extraction process is not always as straightforward as in the case where

rank(X*) is equal to one, resulting in X = xx’. In scenarios where rank(X*) is greater

than one, alternative methods exist to obtain the optimal solution. One commonly used

approach involves considering the largest eigenvalue. By performing eigenvalue decom-
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position, the eigenvalues corresponding to X* can be arranged in descending order as
follows: Ay > Xo > ... > A, > 0. The associated eigenvectors are denoted as
qi,--.,q, € R", where r represents the rank of X*. A sub-optimal solution for prob-
lem (2.59) can be obtained using the largest eigenvalue. Specifically, the approximate
solution is given by X = \;q;q?. This method provides an effective strategy for scenar-
ios where rank(X*) exceeds one. The Gaussian randomization method is another widely
used technique. For a more comprehensive explanation and utilization of the Gaussian

randomization method, please refer to Chapter 6, which is discussed in detail.
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Chapter 3

Hybrid NOMA Based MIMO
Offloading for Mobile Edge Computing

in 6G Networks

3.1 Introduction

Increasing demand for both achieving higher data rate to solve computationally intensive
tasks timely and connecting more user equipment (UEs) simultaneously have prompted
researchers to develop new technologies in the area of wireless communications. The
transmission delay time is a comprehensive metric for satisfying these demands.

Table 3.1. Comparison of OMA, NOMA, and H-NOMA

MA Scheme Advantages Disadvantages
OMA Lowest receiver complexity, Lowest spectrum efficiency,
Lowest signaling overhead Serve the lowest number of UEs,
Lowest fairness, Near-Far prob-
lem
NOMA Exploit Near-Far problem, Serve  Similar channel gain leads to
the highest number of UEs, Ful-  SIC error propagation, Higher
fil different QoS requirements, receiver complexity than OMA

Lower latency compared with
OMA, Higher spectral efficiency

than OMA
H-NOMA Combining the advantages of Highest signaling overhead,
OMA and NOMA, Balanced Serve a lower number of users

complexity-performance, Lower  compared with NOMA
latency compared with NOMA
under limited energy constraint

Non-orthogonal multiple access (NOMA), multiple-input multiple-output (MIMO), and
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mobile edge computing (MEC) are promising technologies for minimizing the uplink/down-
link transmission delay [47], [5]. Specifically, NOMA, which hosts more than one user

in the same sub-carrier by exploiting the power domain, could play a vital role in the
next-generation communication networks due to its higher spectral efficiency, lower la-
tency, user fairness, and greater connectivity features compared with the traditional or-
thogonal multiple access (OMA) techniques [48]. Motivated by the advantage of high
throughput due to array and spatial diversity gains, several studies have shown that MIMO
will maintain its importance in 5G and beyond [47]. Driven by the increasing applica-
tions with computationally intensive tasks, MEC was proposed to reduce the computa-
tion time. The main idea behind MEC technology is to bring mini cloud computers to

the edge. Therefore, UEs in the cell can enjoy the cloud computing-like facilities by of-

floading their computationally complex tasks to the MEC server [49].

Existing studies with MEC mainly utilized OMA protocols [50], [51]. Joint optimiza-
tion of radio and computation resources have been investigated to reduce energy con-
sumption with latency constraints for the OMA-based MIMO-MEC system [50]. In [52],
the weighted sum of energy consumption and round transmission delay for OMA-based
multi-user MIMO-MEC offloading was minimized by using the semi-definite relaxation
(SDR) method. In [53], an inter-user task dependency problem was investigated while
minimizing a weighted sum of energy and offloading delay in the time division multi-
ple access (TDMA) based SISO-MEC systems. In [51], a TDMA-based multiple input
single output (MISO)-MEC system was integrated with secure wireless power transfer

(WPT).

Recently, researchers have demonstrated the superiority of NOMA over OMA in the
single-input single-output (SISO)-MEC for a delay minimization problem [5]. In [54],
offloading tasks partition ratio and offloading transmit power of the users were jointly
optimized to minimize the offloading delay. In [55], the energy minimization problem
was studied for a multi-user multi-BS NOMA-MEC network with imperfect channel
state information (CSI). In [56], total energy consumption was minimized by optimiz-
ing the user clustering, computing and communication resource allocation, and trans-
mit power for the NOMA-based SISO-MEC. In [6], a NOMA-based secure and energy-

efficient massive MIMO system was investigated.
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Hybrid NOMA (H-NOMA) is a hybrid multiple-access concept that combines NOMA
and OMA. More specifically, if there are two H-NOMA users in a cluster, they start up-
loading/downloading their data concurrently using the NOMA protocol. Once one of
the users completes its transmission, the other user switches to the OMA protocol to up-
load/download its remaining task. The advantages and disadvantages of the H-NOMA,
in comparison with OMA and NOMA, are presented in Table 3.1. H-NOMA achieves
better delay performance than pure NOMA and OMA as energy consumption is con-
sidered [5]. In [57], power allocation, time slot allocation, task assignment, and user
grouping methods were utilized to minimize energy consumption in the H-NOMA-based

SISO-MEC system.

In SISO-NOMA, two channels can be compared and their corresponding transmit pow-
ers can be allocated to the channels, but it is not as easy for MIMO as it is in SISO. The
generalized singular value decomposition (GSVD) method, which simultaneously de-

composes two matrices into their singular values, was proposed for MIMO-NOMA up-

link and downlink transmissions in [58].

Existing studies on NOMA-based MEC were mostly built on SISO transmission [5],
[56], [57]. To exploit MIMO’s diversity gain and H-NOMA'’s superior delay performance
[5] with balanced spectral efficiency and system complexity features [59], we integrate
H-NOMA, MIMO and MEC technologies by the GSVD technique. To this end, an op-
timal power allocation problem is formulated. The problem is non-convex. Therefore,
some insights are provided to transform the non-convex problem into a suboptimal con-
vex form. The delay minimization problem is divided into two subproblems which are
represented by two time-frames: 7 and 75. T} represents the total offloading delay dur-
ing NOMA transmission, and 75 is for OMA transmission. In addition, the MIMO chan-
nels between UEs and the MEC-assisted base station are decomposed into SISO chan-
nels by using the GSVD and the singular value decomposition (SVD) techniques accord-
ing to the H-NOMA method. Moreover, we mainly focus on 75 because 7} is a basic
concave problem [5]. In other words, 77 could be easily solved by numerical methods.
Due to the fractional form of 75, the Dinkelbach method [41] is applied to transform 75
into a subtractive form. After the transformation, an iterative closed-form solution for 75

is derived by using the Karush-Kuhn-Tucker (KKT) conditions. Finally, the delay perfor-
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mance of the OMA-MIMO-MEC and H-NOMA-MIMO-MEC systems are compared.
The effect of the antenna number on delay in the H-NOMA-MIMO-MEC system is also

investigated.

3.2 System Model

We consider a MIMO-NOMA-MEC uplink communication scenario in which one MEC-
assisted eNodeB communicates with two UEs, as shown in Fig. 3.1. We assume the

base station has M antennas, and each UE has K antennas. We consider the H-NOMA
scheme in this system model due to its superior delay minimization performance [5].
The model aims to minimize the total offloading time for U £/, and U E/,. We assume that
U E; is the near user and has a higher SINR than U Ej5. In order to achieve a further re-
duction in system complexity, it is assumed that the data amount for each user is identi-
cal. As shown in Fig. 3.2, U E); offloads its task during 7;. Concurrently, U E, offloads
its task. However, U E> might not complete its task in 77 due to its lower SINR. There-
fore, U E; needs to continue offloading during 75 to complete its task. Accordingly, the

total delay time for U F, can be found by 7 + T5.

MEC-assisted Base Station

A

-
UE, —
UE,

Coverage Area

Figure 3.1. H-NOMA based MIMO MEC system model
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Figure 3.2. A basic concept of hybrid NOMA

Under the time-invariant wireless channel condition, the received signal at the base sta-

tion can be formulated as follows:
2
y=> Hx+n, (3.1)
i=1

where y is an M x 1 dimensional vector. x; € C'*¥ denotes information vector created
by the i-th user,n € C*! denotes a complex additive noise with zero mean and o
variance. H; € CM*X represents a complex Gaussian channel matrix between U E; and
the base station. H; can be decomposed into SISO channels by GSVD as follows:

H, = UA VT i e {1,2}, (3.2)

10

where U is an M x M matrix, V; is an M x M unitary matrix and A;= diag(o; 1, ..., 0; k).

In addition, we assume that the users have perfect channel state information (CSI). The
power of the transmitted signal x; ; is set to be normalized. Therefore, the received sig-

nal at the MEC-assisted base station can be expressed as:

2 K

Y=Y AP+ ny, (3.3)

i=1 j=1

where 7 is still a complex AWGN. P, ; is the power allocation expression for the i-th
user’s j-th sub-channel. The SIC technique can be used to decode the received signals.

According to the applied SIC order, x; is decoded first and then it is subtracted from
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the superposed signals. Finally, x; is decoded from the residue. This strategy is mainly
used for the delay-sensitive far user with low target data rate [60]. Therefore, this strat-

egy eliminates the occurrence of non-convex expressions in (3.5).

In the H-NOMA-based system, the achievable maximum data rates are denoted by I?;
and R, for UE; and U E», respectively. Compared to NOMA, these rates in an OMA
system, i.e., orthogonal frequency division multiple access (OFDMA), are given by R3

and R,.

Ry =B x Zlog2 <1+ pe
J

o3

Ry B><Zlog2 <1+ 2 Py
=5 X Zlog2 (1 + 033 ”) bits/s/Hz (3.4¢)

=5 X Zlog2 (1 +

) bits/s/Hz (3.4a)
_oaby

) bits/s/Hz (3.4b)
n]

) bits/s/Hz (3.4d)

where B is the bandwidth. o, ; and o0, ; are the generalized singular values; o3 ; and o4 ;
are singular values of the strong channel and the weak channels, respectively. The power
allocation expressions of the j" subchannels for U E; and U E; are denoted by PN and

PQNJ in NOMA; PO and PO are the power allocation expressions in OMA as illustrated

in Fig. 3.2.

3.3 Problem Formulation and Solution

As 6G networks are expected to serve an unprecedented number of UEs with different
data rate requirements and power constraints, we formulate the transmission delay prob-
lem based on the H-NOMA technique in this section. According to H-NOMA, 77 and 75
correspond to the delay time during NOMA and OMA transmission in (3.5). The delay

minimization problem can be formulated as

min T+ T (3.5a)

N N O
ENTENTEY
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St = Praa < — Y PP <0, (3.5b)
j=1
K
— Prar < =Y PN <0, i={1,2}, (3.5¢)
j=1
N
T, = - e (3.5d)
B x> logy(1+ %)
o2 .PN.
N—BxTyY & logy(l+ i)
T, = : (3.5¢)

B o3 Ps)
7 X Zj:l log, (1 + #)

where (3.5a) is the objective function minimizing total transmission time. Particularly,
NOMA and OMA-based transmission time expressions are given in (3.5d) and (3.5e),
respectively. The inequality constraints in (3.5b) and (3.5¢) denote the transmit power

limits for the users. (3.5) can be divided into two sub-problems (3.6) and (3.7).

min 7T} (3.6a)
Py
N
s.t. 11 = (3.6b)
K o2 PN
B x Zj:l logy (1 + —5+2)
K
— Prax < =Y _ P <0. (3.60)
j=1
PfVJ,IJIDIQI?,PO T, (3.7a)
‘72 P2N
N —1T1B x Z 10g2(1 + #N—i-?n)
s.t. Ty = (3.7b)

O' O
z ZJK:1 log,(1 + %)

Pz < — ZPO <0, (3.7¢)
K

— Prar < =Y PN <0, i={1,2}. (3.7d)
j=1

where (3.6) only depends on PN and for this reason (3.6) is a concave optimization prob-
lem as in [48]. To solve (3.6), we use CVX, a package for specifying and solving con-

vex programs [46]. Therefore, we assume that PN and 7 are fixed for 7, '. However,

'While alternating optimization often converges to a favorable local optimum, which might be in proximity to the global op-
timum, it lacks a general guarantee of always reaching the global optimum, particularly when dealing with complex non-convex
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(3.7) is still a non-convex problem owing to its concave-to-convex fractional expression
in (3.7b). Fortunately, (3.7b) can be reformulated as a subtractive optimization problem
by applying the Dinkelbach method. As P{Yj is fixed for 75, (3.7) can be rewritten as fol-

lows:

min T 3.8a
Rrg, o
K 2 po
o2 Po.
st N =Ty logy(1+—2L20) + (3.8b)
i=1 M
A
K 2 N
N 05 Py
log, (1 + —L24 3.8
consty ;f)gQ( * constzz (3.8¢)
X
K
~ P < = ) P <0, (3.84)
j=1
K
~ Puas < =) Py <0, (3.8¢)
j=1
K 2 N *
os . PV
const; = Y log,(1 + —L5-1) (3.8f)
j=1_ " .
&

P +ng, i={1,2}. (3.82)

consty = 0} j

Given that Ple* is fixed, the values of const; and const, remain constant. The Dinkel-

bach transform is applied to (3.8) as follows:

K K
1
fla)= max =% A;j—q) (C;—B)) (3.92)
PN PO 2 = =
K
St = Praa < — Y PP, <0, (3.9b)
j=1
K
- Pmaac S - Z Pz]’\j[ S 0; (390)
j=1
i={1,2}, ¢ R, (3.9d)

where ¢ is the Dinkelbach parameter. Thus, (3.7) is transformed into a convex optimiza-

tion problem. To obtain the optimal solutions for P2]Yj and ng, the Lagrange multipliers

problems.
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method is applied to (3.9). The Lagrange function of (3.9) is written as follows:

ﬁ(PQ()]aPQJ\ga)‘lja)\Qja)\?ya)\él) =

=~ 1]P1_7
z:log2 n2 Ezlog2 1+ ——=)

j=1 2,
- Zlog ”PQNU — Mg (=P2) = oy (— P
2 const2 ) 2. ) 2.
K
- >‘3(Z PQO] - maz )\4 Z PQAQ max (310&)
j=1

where \; are the Lagrange multipliers. The KKT conditions are derived to find the opti-

mal solutions as follows:

OL(PS, Py M j, Aajy Asy M)

=0 3.11
a‘C(PQOy PQ]) )\1]'7 )\2]'7 )\37 )\4)
ca =0 3.11b
by ( )
Aj(=P) =0 3.11¢)
Ao j(=Py) =0 (3.11d)
ZPZOJ maz :0 (3.11e)
ZPQNJ Praz) =0 (3.11f)
ZPQO] max_o (311g)
ZPQNJ Praz <0 (3.11h)
—P), <0 (3.114)
PP <0 (3.11j)
ALj, A2y Az, Ay > 0. (3.11k)

The optimal solutions for PQZYJ. and PQOJ. are given in Lemma 3.3.1. Algorithm 1 describes

Dinkelbach’s method-based closed-form solution.

59



Lemma 3.3.1. H-NOMA power allocation policy

Ox* j
Py = max I — g,j 01, (3.12a)
Praz + ZKfl - const
PN* — max S R 20/, (3.12b)
2 K agyj
where max(a, b) denotes the maximum of a and b.
Proof. Please see Appendix 3.5. 0

Algorithm 1 Optimal power allocation algorithm for 75

1: Find T} by a convex optimization package (e.g., CVX)
2: Plug Pij in (3.7b)
3: Sett=0,¢q=0,A—0
4: if f(q) > A then
50 t=t+1

6:  Update Pg’; and P;'; by Lemma 3.3.1
7. Update q as ¢ = EEaA

‘ >, (C—By)
8: end if
9: PQNJ* and PQOJ?‘ are found by using ¢ = ¢; in Lemma 3.3.1.

Complexity Analysis

The time complexity of the proposed algorithm is analyzed in this subsection. Algo-
rithm 1 consists of two loops: the outer loop is to apply the Dinkelbach algorithm and
the inner loop, which is a water filling-based solution, is to specify the number of power
allocated sub-channels (K') and to assign optimal power. The Dinkelbach parameter ¢ is
updated in each iteration until f(q) < A. The computational complexity of the Dinkel-
bach algorithm is O(T'), where O(.) describes the upper bound of the time complexity
and 7' is the number of iterations required for convergence of the Dinkelbach algorithm
[61]. The required number of operations, at worst, for the inner loop, is O(K'), where K
is the minimum rank of the near and the far users’ channel matrices. Therefore, the pro-

posed algorithm has a O(T'K') complexity.
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3.4 Numerical Results

In this section, we evaluate the performance of the proposed H-NOMA-MIMO-MEC

system. The simulation parameters are given in Table 3.2.

Table 3.2. Simulation parameters

Parameter Value

Noise spectral efficiency, Ny -174 dBm/Hz
Bandwidth, B 10 MHz

Path loss component, o 3.2

Error tolerance, € 10e-3

The radius of the inner ring 40 m

The radius of the outer ring 125 m

The number of bits needs to be offloaded, N 1 Gbit
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Figure 3.3. Delay performance comparison of H-NOMA-MIMO-MEC with OMA-MIMO-MEC

Fig. 3.3 demonstrates the offloading delay performances of the H-NOMA and OMA-

based MIMO-MEC systems. The base station and the U E/s are equipped with three an-
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tennas. The figure shows that the H-NOMA-MIMO-MEC performs better than OMA-
MIMO-MEC, particularly at higher power levels. This is because the weak NOMA user
suffers from co-channel interference at low SNR. Also, it can be concluded that increas-
ing transmit power has less impact on delay minimization compared with bandwidth.
This is one of the key advantages of using NOMA. Fig. 3.3 shows that the H-NOMA-
MIMO-MEC improves delay performance by an average of 11% compared to the OMA-
MIMO-MEC.

200 T T 1 T T
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Figure 3.4. Delay performance of antenna numbers in H-NOMA-MIMO-MEC system

In Fig. 3.4, the impact of antenna numbers on transmission delay is demonstrated. Trans-
mission delay is closely related to the antenna number. The figure shows that the pro-
posed H-NOMA-based MIMO-MEC achieves better delay performance than SISO-MEC.
The most striking result from the figure is that having more antennas improve delay per-

formance significantly on the low transmit power region.
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Figure 3.5. Transmit energy consumption versus power budget

In Fig. 3.5, energy consumption of the H-NOMA based MIMO offloading system is
compared with OMA. It can be seen that NOMA yields better results for each antenna
configuration. Since the power budgets are the same for the UEs in H-NOMA and OMA
transmissions and the proposed H-NOMA based system completes offloading earlier

than OMA, energy efficiency is improved.
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Figure 3.6. Convergence performance of the proposed algorithm in terms of iteration number

Fig. 3.6 presents sub-linearly convergence of the proposed algorithm versus iteration
number. It can be observed in Fig. 3.6 that the algorithm significantly converges within

20 iterations for H-NOMA-MIMO-MEC.

3.5 Conclusion of Chapter 3

Recent developments in wireless communication have increased the need for spectrum
efficiency, energy efficiency, and data rate. This chapter presented the first study to com-
bine H-NOMA, MIMO and MEC technologies for delay minimization. In this chapter,
the H-NOMA-MIMO-MEC offloading delay was investigated. Due to the concave-to-
convex fractional nature of the problem, the Dinkelbach method was used to eliminate
fractional expression. Finally, an iterative closed-form solution was obtained. Accord-
ing to the simulation results, the proposed method improved the delay performance and

reduced the total energy consumption of the MIMO-MEC.
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Appendix

Proof of Lemma 1

Proof. To find the optimal value for onj, it is necessary to show that there is no more

feasible descent for (3.9) in terms of PQOJ-. Therefore, (3.11a) is executed as follows:

W + )\17]‘ - )\3 = 0. (3133)

22,7

A1; is the vector consisting of the Lagrange multipliers (A; 1, ..., A1 k) corresponding

to (PQOJ, ey PfK), respectively. From the complimentary slackness condition in (3.11¢),
either Py, or Ay ; must be zero. When a MIMO channel is decomposed into decoupled
SISO channels, some may not be feasible for power allocation. Accordingly, we intro-
duce a variable (L) indicating the number of power-allocated SISO channels. Hence, we
can eliminate \; ; expression in (3.13a) for the weak SISO channels. Therefore, A3 can
be written as follows:

A3 = K . (3.13b)

)
K n;

Por + E i1 0:2:'
g

It is clear from (3.13b) that A3 is positive. Therefore, (3.13c) can be obtained from (3.11e).
K
> PP~ Pz =0. (3.13¢)
j=1

Furthermore, Pz‘?j can be simplified as follows:

2 ~2

Py = <. (3.13d)

2

Finally, by combining (3.13b) with (3.13d), the optimal expression for PQOJ- becomes

K 7
J ~
Pras + 2500 7~ i
»J

- .
K o3

Py = (3.13¢)

We follow similar steps to those above to find the optimal expression for PQAQ* (3.10a) is

differentiated with respect to PQJYj as follows:
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q 93,5
consta
—N+)\2,j_)\4:0'
o5 P,
14 22
constz

A2,; goes zero for power allocated sub-channels. Thus, A\, becomes

2
qos ;

consty + o3 jP2Nj

A =

Pivj can be manipulated as follows:

qo3 ; — Asconsty

N _
P27] -

We rewrite (3.11f) by using (3.14c) as
i qcrij — Agconsts 0

2
- M40

(3.14a)

(3.14b)

(3.14c¢)

(3.144d)

We combine (3.14b) with (3.14d). Finally, the optimal power allocation expression for

PQNj is as follows:

consto
Praz + Z] 1 03, constsy

- 2
K 03

Nx __
P27j -

Therefore, the proof for Lemma 3.3.1 is complete.
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Chapter 4

Secrecy Sum Rate Maximization for a
MIMO-NOMA Uplink Transmission in

6G Networks

4.1 Introduction

Chapter 3 focused on minimizing offloading delay. The significance of security in criti-
cal networks is evident, alongside the objective of minimizing delay. Building upon this
foundation, Chapter 4 aims to investigate the problem of maximizing the secrecy sum

rate in NOMA-Based MIMO-NOMA networks.

Spectral efficiency, massive connectivity, and low latency are essentials for wireless com-
munication. Besides, data security is an increasingly important area in the sixth genera-
tion of radio access networks (6G-RANSs). This is because there is a sharp increase in

the number of critical Internet of Things (IoT) devices and services, such as autonomous
cars and mobile online banking applications; however, wireless channels are vulnerable
to malicious eavesdropping attacks. To protect wireless communication, physical layer
security (PLS) methods have gained importance before implementing high-level cryp-

tography techniques [22].

Non-orthogonal multiple access (NOMA), superposing multiple users’ signals in the
power domain, is a promising technique to meet those requirements. Furthermore, be-

ing compatible with the present schemes in use, such as time division multiple access
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(TDMA) or orthogonal frequency division multiple access (OFDMA), is a remarkable
feature of NOMA [62]. There is a growing body of literature that proves the supremacy
of NOMA over orthogonal multiple access (OMA) in terms of sum ergodic capacity

[63], user fairness [4] and green communication [64].

In recent years, there has been an increasing interest in the physical layer security of
NOMA networks. In [65], the optimal closed-form power allocation policy was derived
to maximize the secrecy rate in a single-input, single-output (SISO)-NOMA downlink
system. This study revealed that NOMA has a better secrecy sum rate (SSR) than OMA
in the single antenna configuration [65]. In [66], a maximum ratio transmission beam-
forming was used to secure the far user from internal eavesdropping in a two-user multiple-
input single-output (MISO)-NOMA downlink network. In [67], an artificial noise (AN)
based transmit beamforming scheme and an inter-user-interference-based scheme were
used to disturb the eavesdropper in a MISO-NOMA downlink network. In [66], the co-
operative rate splitting method was introduced to maximize the SSR in a MISO down-
link scenario. According to this method, the message for the legitimate users was split
into two parts: common and private parts. Herein the common signal was used as AN;
the private signals can be decoded by applying successive interference cancellation (SIC)
techniques. In [68], a secure beamforming design was studied for a private unicasting
user among multicasting users in an unmanned aerial vehicle (UAV)-assisted MISO-
NOMA downlink network. In [69], a secure beamforming design was studied in a MIMO-
NOMA downlink network with and without having perfect channel state information
(CSI). In [70], the SSR was maximized in a MISO-NOMA-based simultaneous wireless
information and power transfer (SWIPT) system. The SSR maximization problem for a
MISO-NOMA downlink multiple-input multiple-output (MIMO)-NOMA network was
converted to a second-order cone programming (SOCP) problem in [69]. To improve
PLS for a cognitive radio network (CRN) assisted downlink MIMO-NOMA system, the
zero-forcing and eigen beamforming techniques were proposed in [71]. In [72], the arti-
ficial noise injection technique was utilized for a massive MIMO-assisted NOMA down-
link network. In [73], the SSR optimization problem for a downlink MIMO-NOMA net-
work which hosts multiple MIMO users and a multiple-antenna-equipped eavesdropper

was investigated.
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However, a few studies in the literature regarding the SSR have only focused on uplink
PLS system [74]-[75]. In [74], a secure single input multiple outputs (SIMO)-NOMA
system was studied by optimizing the SIC order and the power allocation to the legiti-
mate users. In [76], effective secrecy throughput (EST) was proposed as a new physical
layer security metric that helps decide on design parameters in the SIMO-NOMA net-
works. In [77], a cooperative dynamic jamming system was proposed to increase the
EST performance of the SIMO-NOMA network. In [75], an alternating optimization-
based algorithm was introduced to solve the secrecy problem in an OMA-based MIMO

uplink network.

The generalized singular value decomposition (GSVD) based linear precoding technique
has been widely considered in a growing body of literature because the GSVD technique
has low complexity and high performance [78]. However, few studies investigate the
GSVD-based SSR maximization problem in NOMA-MIMO networks. In [79], the SSR
maximization problem against legitimate internal users was investigated in a downlink
MIMO-NOMA system. In [80], an energy-eflicient precoding design was presented in

a cooperative two-way relay transmission with an insecure relay. To the authors’ knowl-
edge, the GSVD-based SSR maximization problem with a jammer and multiple eaves-
droppers in a NOMA-MIMO uplink network has not been studied. The contributions of

this chapter to this growing area of literature are given as follows:

* A novel GSVD-based uplink MIMO-NOMA network is investigated in PLS scenar-
ios, where multiple external eavesdroppers and a friendly jammer are considered.
The researched system is different from [74]-[75], [80] due to the adopted schemes

or system configuration.

* To improve the considered system, a non-concave SSR maximization problem is
formulated. By equivalently transforming the norm functions in the original prob-
lem to the trace functions in the logarithmic expressions, a problem with the dif-
ference of convex (DC) programs is reformulated. After that, the first-order Taylor
approximation method is utilized to convert the DC problem into a suboptimal con-
cave problem, and an SCA-based algorithm is proposed. The property of the pro-

posed algorithm is analyzed, including complexity and convergence.
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* Simulation results indicate that GSVD-based MIMO-NOMA can significantly out-
perform conventional MIMO-NOMA regarding SSR. Moreover, the performance
gap between NOMA and OMA schemes is revealed based on the same optimiza-

tion method.

Notations

Matrices and vectors are presented by uppercase and lowercase boldface letters, respec-
tively. (-)7 and (-)~# denote the Hermitian and the inverse of Hermitian, respectively.
Tr(-), (-)"! and || - || stand for the trace, the inverse, and the Euclidean norm of a ma-
trix, respectively. | - | denotes for the absolute value of a complex number. The notation
diag(-) represents a diagonal matrix where the diagonal elements are from a vector and
[z]T represents max(z,0). BlkDiag(A,B, C) generates a block diagonal matrix from

A, B and C matrices.

4.2 System Model and Problem Formulation

This chapter investigates a NOMA-based uplink network with one BS and two legitimate
users, as depicted in Figure 4.1. The antennas at the BS, at the near user, and at the far
user are N, Ny, and Np, respectively. The legitimate users transmit their private data
to the BS simultaneously in the presence of a friendly jammer with /V; antennas and P

eavesdroppers with a single antenna’.

This RAN setup may be practical for some powerful base stations [81].
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Figure 4.1. NOMA-MIMO wiretap channel with a friendly jammer

The jammer is assumed to have more antennas than the BS [81]. Having more antennas
enables the friendly jammer to utilize null space beamforming (NSBF), concentrating
jamming power towards the eavesdroppers while creating spatial nulls on the BS. The

received signals at the BS and eavesdropper can be expressed as follows:

Legitimate Signals
N

p
ys = Hpnxy + Hppxp + Hpyx; + np, (4.1a)
—— —— —— ~—~
Near User Signal ~ Far User Signal ~ Jamming Signal Noise

Overheard Signals
7\

yEp:rhENpXN + hEFpXF\‘{' hp,x; + ng,, (4.1b)
—— —— —_——  —~~

Near User Signal ~ Far User Signal ~ Jamming Signal Noise

where Hgy € CVoXNV Hpp € CVoXNr and Hg; € CV2*N7 are complex Gaussian
flat-fading MIMO channel matrices from the near user, the far user and the jammer to
the BS, respectively. hpy, € C*N hpp € CNr and hg,;, € C'*N7 are the Rayleigh
flat-fading MISO channel vectors from the near user, the far user and the jammer to the
p" (p € {1,..., P}) eavesdropper, respectively. xy € C*¥*!andxp € CNr*! are
the precoded information bearing vectors, x; € C*"7 is the precoded jamming vector
andng € C"#*'and np, € C'*! are the additive Gaussian noises with variance og
and o, respectively. The channel coeflicient vectors and matrices can be expressed as
\/%, where g ~ CN(0,1) is the small scale Rayleigh fading gain, « is the path-loss

exponent, and d is the distance between transmitter and receiver.
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It is assumed that the the perfect CSI of Hp; and hg;, are known by the friendly jam-
mer, and the CSI of the Hzy and Hpy are known by the legitimate users and the BS?

[79]. By applying the GSVD method, Hg and Hpr can be decomposed as follows.

Theorem 4.2.1. [82]: Let consider that C consists of (HE, HE ), k is the rank of C,
ris equal to k — rank(HE ), and s is found by rank(HE ) + rank(HE ) — k. There
exists Uy € C"N*NN and Up € CNeXNF gre unitary matrices, V.€ CNB*NB jg g

non-singular matrix, M € C*** and 0 is a zero matrix of order k x (n — k) such that

V'HzyUy = Ax(M, 0py), 4.2)

V 'HprUpr = Ap(M, 0pF), (4.3)

where Ay = BlkDiag(In,Dn,On), Ar = BlkDiag(Ig,Dg,Op), Ir and Iy are r X r
and (k —r — s) x (k — r — ) identity matrices. Dy denotes the diagonal coefficients
of Hgy, i.e, Dy = diag(An 41, s Anrts) and Dy denotes the coefficients of Hpp, i.e,
Dy = diag(Af i1, .., Afrss) are s X s diagonal matrices which include the generalised
singular values of Hgy and Hpy, respectively. Ox and Og are (Ny —r —s) X (k—r —s)

and (Np —r — s) x (k —r — s) zero matrices, respectively.

As an uplink scenario is investigated in this chapter, the signals from the legitimate users
are precoded first and decoded at the BS. Therefore, the precoding matrix becomes Uy
for the near user, and Uy for the far user, and the decoding matrix at the BS becomes
V1. The precoded signals transmitted by the near user, the far user, and the jammer can

be presented as follows:

Xy = UN\/PNSN, Xp = UF PFSF7 and Xg =WjZj, (44)

where Py = diag(pY, .., pN, ) and Pr = diag(pf , .., py, ) respectively denote the power
allocation matrices of the near user and the far user, and w; € C V7*! denotes the beam-
forming vector of the jammer. The power of the transmitted symbols sy € C Vvx1,

sp € C Nrx1 and artificial noise vector z; € C "™/ are normalized with one and the

transmit power of the jammer is Pj,,,. Moreover, NSBF is utilized at the jammer to gen-

2It’s essential to note that estimating the eavesdropper’s CSI can be challenging, especially when the eavesdropper is intention-
ally trying to remain hidden or when the channel conditions are highly dynamic. However, advanced signal-processing techniques
can estimates the eavesdropper’s channel information.
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erate w;, which is in null space of Hp; such that Hg;w; = 0. Therefore, after applying

the GSVD, the received signal at the BS can be written as follows:

V'lyg = V''HpyUy/Pysy + V ' HprUp\/Prsg
~~
Yp

+ VﬁlHBJWJZJ + VflnB,
——

np

gB :AN\/PNSN—FAF\/PFSF—F’FLB. (45)

Even though MIMO channels cannot be compared directly, it is assumed that the chan-
nel gain of the near user is stronger than that of the far user due to a lower large-scale
path loss effect. Hence, according to the CSI-based SIC principle, the BS first decodes
xn by treating xg as interference. After Xy is decoded and reconstructed, it is subtracted
from yg. The remaining residue consists of xg and ng. Finally, from the residue signal,
Xr can be retrieved. The instantaneous signal-to-interference-plus-noise ratios (SINR) of

the near user and far user at the BS can be expressed as follows.

N A2 pN
SINRy, = ot
B, )\?ﬂ-pf‘ + (VHB(]WJW?HgJV)m‘ + U%,i
A2 pN
_ nen 4.6a
Ty o
A2 pf
SINRE, = E
B (VHp wywiHE V), + Ok
A2 pff
= Ziih (4.6b)
0B
The received signal at the eavesdropper is given by
ye, = hpny, Un\/Pysy +hpp,Up/Prsr +hpywiz; +ng,. 4.7)

Additionally, the assumption is made that the eavesdropper is capable of employing SIC.
Considering the discourse in Chapter 2, where the SIC order’s influence on the sum ca-
pacity in uplink NOMA networks remains unaltered, it can be deduced that the change

between (4.8a) and (4.8b) do not influence the sum capacity. The SINR for the near user
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and the far user at the eavesdropper can be respectively formulated as follows:

hen, Unyv/Pal?

SINRgp - Iher, Up/Pe|? + Pom|lhzy, |2 +O?ﬂp7 (4.8a)
SINRE = Ihor,UrVPrI” (4.8b)
* Pjaml|hg,,|* + 0%,
The SSR maximization problem is formulated to be solved at the BS as follows:
P
R, = [nax [Rp — pz_; Rg,)" (4.92)
s.t.  Tr(Pp) +Tr(Py) < P, (4.9b)
Pr >0,Py >0, (4.9¢)
Ry > Q;, i€ {F N}, (4.9d)
Rg, >0, (p=1..P), (4.9¢)

where Rp and Ry, denote the capacity of the BS and the p'" eavesdropper, respectively.
R, is the SSR of the proposed system. P, is the power budgets and () and )y are
the QoS requirements for the far and the near user, respectively. (4.9b) indicates that
the users cannot exceed the power budget, (4.9c) makes sure that the transmit powers
are non-negative, and (4.9d) defines the QoS constraints for the legitimate users. (4.9¢)

guarantees that the capacity of the p'* eavesdropper cannot be negative.

4.3 Problem Solution and Performance Analysis

The sum capacity at the BS and the p'" eavesdropper are given by (4.10a) and (4.10b),

respectively.

Nn Np
Rp =) log,(1+ SINRY,) + Y _logy(1+ SINRF ),

i=1 j=1

L
A2 pN 1 \2 pff
= log, (1+ nibs ; ribl ) (4.10a)

=1 O-Bvi

Rpg, =logy(1+ SINR} ) +log,(1+ SINR}, ),
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(4.10b)

Ihen, UnvPr||? + |hep, Upy PFH2>

=log (1—1—
’ Pjam| g, ||> + 0%,

where L denotes the number of parallel virtual SISO channels between the legitimate
users and the BS. Also, L is the minimum rank number of the legitimate channels [22].
In order to guarantee the quality of service (QoS) of legitimate users, the following con-

straints should be satisfied by the far and near users, respectively.

N - nzpz +)\fzpz +UBz
RY = log, — > Qn + Qr. (4.11a)
=1 B,i
L 2 F 2
ANepi +on,
RE=N"1 ZR B S O 4.11b
B ; 0g2< . ) > Qr (4.11b)

In order to solve (4.9), which is a non-concave and NP-hard problem [83], the Taylor ap-
proximation method is provided to convert it into a suboptimal concave problem. To do

this end, some mathematical manipulations are applied first as follows:

Nn
“hENpUN\/ PNH2 = Z(hENpUN V PN)ZZ )

NN NN
= Z(hENpUN VPN); = Z(hENpUN)?pN,iv
= Tr(|diag(hgy, Un)[*Py). (4.12)

By following similar steps above, ||hgr, Up/Pp||? can be equivalently written as
Tr(|diag(hgr, Ur)|*Pr). However, (4.9) is still not a concave problem due to the sub-
traction of concave functions. Hence, the first-order Taylor approximation is applied on
the sum of R, in order to convert (4.9) into subtraction of concave and linear functions.

As aresult, (4.9) becomes a concave optimization problem, as presented in following

K) p(K
0g5(Py Py)

P
f(Py,Pr) (P py — Py — P
gzrvli’); N, F ;gp N OP ( N N )
8 P(K),P(K)
gp( é\/PF F )(PF_P%K)))]-Q- (4.13a)
s.t. (4.9b), (4.9¢), (4.9d), and (4.9¢). (4.13b)

where P%K) and P%() are the optimal points of R at the K™ iteration.
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f(Py,Pp) and gp(Pg\[,Q, P%K)) are given by (4.10a) and (4.10b), respectively. The partial

gradients of g, with respect to Py and P are given by (4.14a) and (4.14b), respectively.

Ihen, UnvPN|2+ e UrvPr|?
agp(P%()7P%K)) (P P(K)) _ 0 (ln (1 * ’ Pjam||hEJp”2+;%P ))
Py NoIN T n(2) Py ’
9 (ln (1 n Tr(diag(hENpUN)|2PN)+Tr(diag(hEFpUF)|2PF)>)
1

Pjam||hEJp||2+0%P

In(2) Py ’
- iy Tr(|diag(hpy, Un) (P — PYY))
* Tr(|diag(hpy, Un)[2PY)) + Tr(|diag(hes, Ur) PPE) + Pialhisy, |2 + 0%,
(4.14a)

0g,(Py, P
oPr

1 5 <ln <1 + Tr(diag(hENpUN)2PN)+Tr(|diag(hEFpUF)|2PF)))

Jp ) -

ln(2) Pjam||hEJp”2+0'2EP

OPr ’
- gy Tr(|diag(hgr, Ur) *(Pr; — P§Y))

Tr(|diag(hpy, Un) 2P ) + Tr(|diag(hpr, Un) PPY) + Py, |2 + 0%,
(4.14b)

To solve (P2), a successive convex approximation (SCA) programming-based iterative

algorithm is presented in Algorithm 2.

Algorithm 2 GSVD-based SCA algorithm for solving (P2)

1: Initialize Pg\?) and P;?), set K =0and ¢
2. while |[RET) — RU9| < e do

3 Update P{) and P by solving (P2)
4:  Update K = K + 1

5: end while

Accordingly, ng) and P;?) are equally power allocated at the beginning. € is the stopping
criteria. In each iteration, power allocation coefficients converge to a suboptimal solu-

tion.

4.3.1 Convergence Discussion

R, is linearized at the K th jteration of the first-order Taylor approximation. Therefore,
(4.9a) can be defined as the subtraction of a linear function from a concave function,

which is a concave function. As the P](VK) and P}K) are at initial points, the solution can
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be derived by solving (P2) at the (K + 1) iteration if |RgK+1) — RgK)| < € 1is satis-
fied. The first-order Taylor approximation-based method is a non-decreasing expression
[66]. Therefore, the optimal solution is bounded by the error tolerance. This guarantees

the convergence of the proposed solution.

4.3.2 Complexity Analysis

Algorithm 2 runs the GSVD-based precoding within the first-order Taylor approximation-
based loop. The complexity of the GSVD based precoding is O (%3 + Llog(L)) [84],
where L is found by min(Ny + Ng, Np) and o is the search step. In the outer loop, K
is the number of iterations, and ¢ is the error tolerance. Using the first-order approxima-
tion, R, is linearized, and the objective becomes a concave problem. Thus K has the
complexity of O(log(+)). In addition, the first order derivative of Ry, is taken with re-
spect to Py and Pr. The complexity of these two processes is given by O(max{ Ny, Ng}).
Finally, the time complexity of the proposed algorithm can be expressed by

O(L—3 + L log(l)) X log(l) max{ Ny, Np}).

o 0 € €

In addition, the proposed method is applicable to the MIMO-OMA scheme, where the
complexity of the near and the far users becomes O((% + Llog(1)) x log(X)Ny) and
(’)((%3+§) log(£)) xlog(2)N). The proposed method can be extended to the multi-user
scenario using a user pairing algorithms, i.e., near-far user pairing with a linear com-

plexity.

4.3.3 Extension to the Case of More Than Two Users

Even though this chapter investigates the SSR performance of the two-user GSVD-based
MIMO-NOMA system, this work can be easily extended to multi-user scenarios by ex-
ploiting hybrid multiple access methods. This makes the design compatible with the
3GPP specifications. The idea behind the hybrid multiple access system is that the BS
assigns a maximum of two users to one group as standardized in the 3GPP-LTE sys-
tem by using user pairing methods [85]. The pairs can be separated by orthogonal sub-

carriers or time slots, while the users in the same pair can use the proposed NOMA scheme.
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Therefore, the hybrid multiple access technique improves the SSR performance of the

current OMA system with existing fundamental resource blocks [86].

4.3.4 A Cost Comparison between MIMO-NOMA and MIMO-OMA

When a cost comparison is made between MIMO-OMA and MIMO-NOMA systems,
there are four important factors: spectral efficiency, power consumption, computational
complexity, and equipment cost. MIMO-NOMA systems are proven to be more spec-
tral efficient in [62], [63]. [87] reveals that multi-user NOMA achieves better joint en-
ergy and spectral efficiency than OMA systems. Regarding the equipment cost, the SIC
receiver has similar cost and hardware complexity compared with the traditional multi-
user receivers [88]. These results support the idea that MIMO-NOMA-based systems are

more cost-effective than MIMO-OMA systems.

4.4 Numerical Results

In this section, the performance of SSR achieved by MIMO-NOMA with a friendly jam-
mer is compared with some benchmark results. The power of the noise at the i sub-
channel of the BS (denoted by ‘7129,2‘) and the p* eavesdropper (denoted by J?EP) can be
calculated as 02 = Ny x B. The simulation parameters are listed in Table 4.1.

Table 4.1. Simulation parameters

Parameter Value

Noise spectral efficiency, Ny -174 dBm/Hz
Bandwidth, B 10 MHz

Path loss component, « 3.2

Error tolerance, ¢ 10e-3

The distance between the equipment 80 m

The number of legitimate users 2
The number of eavesdroppers, P 2
QoS requirements, QQy and Q 2 BPCU
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In NOMA, sharing CSI information between nodes causes longer signaling overhead
compared to OMA; however, the performance degradation of NOMA can be compen-
sated by superior spectral efficiency and higher secrecy rate. Furthermore, the number of
assigned users in a group is limited to two to cope with the signaling overhead and high

receiver complexity problems.

30 | | .
1
—+&— Proposed Method
—&— NOMA
251 GSVD-OMA 1
—o— OMA
=+— RBF

Secrecy Sum Rate (bit/s/Hz)

5 10 15 20 25
SNR (dB)

Figure 4.2. SSR comparison in MIMO systems

In Fig. 4.2, the SSR comparison of the proposed method (GSVD-NOMA) with an MMSE-
based iterative NOMA, conventional TDMA (OMA), and random beamforming (RBF)
methods in [69] are shown in a MIMO scenario (Ng = 6, Ny = 2, Ngp = 2), where P;
is 20 dBmW. The covariances of Hpr and Hpy are ten times higher than the variance of
the hgp and hgy. To make a fair comparison between the systems, we randomly deploy
two eavesdroppers instead of an eavesdropper with two antennas because the capacity

of MIMO systems is proportional to the multiplication of the receiver and the transmit-

ter antennas, while the capacity of the MISO system is proportional with the number of
transmitter antennas. Also, the nodes are placed equally distant from the BS, i.e., 80 m.
Hence, hr has similar large-scale fading with hgzy, which is the lower bound for the

proposed algorithm. The figure shows that the proposed method has better SSR than

79



other methods. It can also be seen that the proposed algorithm can be applied to OMA
systems, and it (denoted by “GSVD-OMA”) archives better SSR compared to conven-
tional OMA systems. Another important insight from Fig. 4.2 is that the performance
gap between NOMA and OMA schemes is increased with the increasing SNR. This is

because NOMA-MIMO has better channel capacity compared with OMA.

30 T T T 1
& AM-POTDC i
—6—A0_CVX

o5 L AO_PG

—&— SVD-Waterfilling

—£— Proposed Method w/ 10 dBW
Proposed Method w/ 10 dBm

—8— EPA w/ 10 dBm

20

Secrecy Sum Rate (bit/s/Hz)

0 | | |
5 10 15 20 25

SNR (dB)

Figure 4.3. SSR comparison NOMA with OMA

In Fig. 4.33, the SSR performance of the proposed method is compared with various
schemes in [75], namely alternating optimization-based (AM-POTDC), AO-CVX, AO-
PG algorithms, the singular value decomposition (SVD) based waterfilling algorithm,
and the equal power allocated NOMA. The main difference of this setup (Ng = 6, Ny =
6, Np = 6, P = 3) from the previous figure is the number of eavesdroppers. It can

be found that the jammer has increased the SSR performance of the proposed method.
However, it is clear that in low SNR, the NOMA system is more vulnerable to wiretap-
ping than the OMA-based system. This is because NOMA suffers from co-channel in-
terference along with multiple eavesdroppers. However, NOMA becomes more advan-

tageous with high SNR as the legitimate users share the whole bandwidth. Therefore,

31t should be noted that in Figures 3.3 and 3.4, with a data rate of 1 Gbit for N, the corresponding delay is notably elevated.
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the most striking conclusion from this figure is that OMA or NOMA schemes are suit-
able for different SNRs. To maximize the SSR over SNR, a hybrid system should be
considered. Please note that the reason why the 1000-fold increase does not affect the
performance of the proposed method is the following. The reason the enhancement in
the secrecy sum rate was not substantial, despite a thousandfold increase in jamming
power, can be attributed to the base station’s utilization of the GSVD technique. This
technique facilitates the targeted transmission of downlink signals to authorized users,
while the jammer employs omnidirectional jamming except towards the base station.
This is achieved through null spacing beamforming. Consequently, the power of the jam-

ming signal does not notably impact the received power from the base station.

Fig. 4.4 compares the SSR performance of NOMA with OMA with two different QoS
requirements. It can be seen from the figure that OMA users need less power to start se-
cure transmission compared to NOMA. This is because the far user in NOMA suffers
from inter-user interference severely, especially in low SNR. Moreover, as the () con-
straint increases, the far user must utilize more transmit power to meet the QoS crite-

ria. Hence, the interference becomes more severe. As a result, if any of the NOMA users
can not satisfy the QoS constraints, the SSR becomes zero as there is no transmission.
On the other hand, once QoS requirements are met, NOMA provides better SSR perfor-

mance than OMA due to higher spectral efficiency.
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Figure 4.4. The effect of the QoS on the SSR in NOMA and OMA systems
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Figure 4.5. The SSR versus the iteration number

Fig. 4.5 presents the convergence performance of the proposed algorithm. This is be-
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cause, SCA based algorithm has linearized the sum of Ry, at the point of (P¥, Py). There-
fore, the objective function becomes a convex optimization problem. Hence, the prob-
lem can be solved in two iterations. The figure also proves the convergence of the pro-

posed method.

4.5 Conclusion of Chapter 4

Security is one of the fundamental aspects of wireless networks. In this chapter, the sum
secrecy rates of a NOMA-MIMO uplink network have been maximized under total trans-
mit power and QoS constraints in different scenarios. The SCA-based algorithm has
been exploited as the objective function was not convex. Numerical results showed that
NOMA had achieved better SSR than some benchmarks, especially in high SNR. Fur-
ther research might explore eliminating noise floor in NOMA to increase SSR. Also,
combining OMA and NOMA, a hybrid multiple access system could be a good research

direction to enhance SSR performance.
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Chapter 5

Green NOMA-Based MU-MIMO

Transmission for MEC in 6G Networks

5.1 Introduction

Chapter 3 and Chapter 4 focused on the optimization of non-orthogonal multiple access
(NOMA)-based multiple-input multiple-output (MIMO) networks, primarily aiming to
maximize data rate while considering specific objectives such as secrecy rate or delay.
In this chapter, our investigation shifts towards examining the energy consumption of

NOMA-based MIMO-NOMA networks.

NOMA is a promising candidate for 6G networks [25]. Unlike the traditional orthogo-
nal multiple access (OMA) schemes, NOMA enables multiple users to be served at the
same communication resource (i.e., time, frequency, or code) [89]. As a result of this ap-
proach, NOMA was proven to have higher spectral efficiency compared to orthogonal
frequency-division multiple access (OFDMA) [90]. In recent years, there has been an in-
creasing interest in the power-domain NOMA, which superposes the transmitted signals
over the power domain and applies the successive interference cancellation (SIC) tech-
nique to decode the received signals [90]. MIMO is also one of the critical technologies
for next-generation multiple access schemes by exploiting multiplexing gain or spatial
diversity. Comparing channel matrices in MIMO-NOMA is not as straightforward as in
SISO-NOMA [86]. To circumvent this issue, [86] proposed using the generalized sin-
gular value decomposition (GSVD) technique to decompose two MIMO channels into

parallel SISO channels; consequently, GSVD enables the users to combine the benefits
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of NOMA with those of MIMO effectively [27].

Computational-intensive, delay-sensitive, and energy-hungry applications, such as vir-
tual/augmented reality and online gaming, require telecommunication operators to bring
cloud computing-like facilities to the edge of the networks. Mobile edge computers (MEC)
are small-size cloud computers that can meet different needs such as low delay, high pri-
vacy, and context-awareness in mobile networks [91]. Most research on NOMA-MEC
has been carried out using single-antenna configuration [92]-[93]. In [92], energy effi-
ciency for a delay-constraint massive Internet of Things (IoT) network was maximized
by jointly optimizing sub-channels, transmission power, and sub-carriers. In [94], dif-
ferent from [92], an energy minimization problem for multiple single-antenna users was
jointly optimized by considering the binary offloading model. The common assumption
of these two studies was that the users have the same data length; however, in a massive-
user scenario, the same length causes decoding order inconsistency and co-channel in-
terference. To solve this problem, users’ average delay was minimized by optimizing of-
floading task size and computation resources in [95]. In [96], different from the previ-
ous studies, a multi-user multi-base station scenario was investigated to minimize energy
consumption. The authors optimized this scenario’s binary task assignment, power allo-
cation, and user assignment variables. In [93], a wireless-powered NOMA-MEC system
was introduced. In the two-user system model, the users harvest the ambient energy and
offload their data to the MEC server. The time slots for wireless power transfer (WPT),

power allocation variables, and beamforming vectors were optimized [93].

Besides the SISO-NOMA-based studies above, OMA-based approaches can be applied

to NOMA systems for energy minimization. The authors of [97] proposed a slotted ALOHA
technique for wireless-powered IoT devices accessing the MEC server. This work opti-
mized a time interval for energy harvesting and data offloading. On the other hand, co-
channel interference is one of the problems of the NOMA system. This technique can
reduce co-channel interference and save energy by allowing the paired NOMA users to
access the MEC at a slotted time. In [98], the authors proposed a Lyapunov stochastic
optimization-based solution for energy minimization of MEC under the accuracy and la-
tency constraints. Unlike [98], to minimize long-term energy consumption, modulation,

and coding schemes, power and CPU frequencies of mobile devices and a base station is

85



optimized in a discontinuous method [99].

It is more realistic to assume that the users have multiple antennas rather than one. Nev-
ertheless, a relatively small body of literature is concerned with the combination of the
NOMA, MIMO, and MEC technologies [25], [100]. In [25], the total offloading delay
was minimized for a hybrid NOMA-based MIMO-MEC system under power budget and
quality of services constraints. In [100], a millimeter wave (mmWave) MIMO-based
MEC offloading scenario was studied to maximize the weighted sum rate. In this work,
multi-antenna users were associated with a base station, and optimal precoding design

and power allocation were proposed.

Research has not yet investigated the combination of multiple-antenna-equipped NOMA
users and MEC technologies for the total energy minimization problem. For this reason,
the motivation of this chapter is to bring MEC’s computation, MIMO’s communication,
and NOMA’s connectivity capabilities together. To this end, we formulate the total en-
ergy minimization problem for a GSVD-based NOMA-MIMO-MEC and provide a low
complexity algorithm to solve the formulated problem. The main contributions of this

chapter can be listed as follows:

* We consider multiple antenna-equipped two NOMA users offloading their data to
the MEC server by cooperatively sharing the same communication resource to re-
duce total energy consumption. The energy minimization problem is formulated
by considering offloading time limitations, power allocation, task assignment, and

losses in RF chains.

* To combine NOMA, MIMO, and MEC technologies, we exploit the GSVD linear
beamforming method. As the formulated problem is non-convex, we used the al-
ternating optimization method by dis-jointly optimizing the task assignment coef-
ficients and the power allocation vectors. The task assignment problem was solved
in the proposed solution on the outer layer. The successive convex approximation
method was applied in the inner layer to convert the non-convex power allocation
problem into a first-order linear form. And the power allocation vectors were ob-

tained.

* Numerical results are provided to analyze the impact of offloading time, power
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budget, users’ locations, and data rate on energy consumption. We use OMA as a
benchmark scheme. According to the findings, NOMA based MIMO-NOMA net-
work saves a significant amount of energy compared to OMA, especially at a high
SINR rate with multiple antennas. Also, the findings reveal that optimal user pair-

ing is crucial to reducing energy consumption for NOMA.

5.1.1 Network Model

We consider a two-user NOMA-based MIMO-MEC offloading scenario where the base
station has M antennas, and the users (U E;) are equipped with /K antennas as illustrated
in Fig. 5.1. The users can simultaneously offload their time-limited, CPU-intensive, or

memory-demanding tasks to the base station.

()

MEC-assisted BS

B2y

B1N1 D

? ™ UE

Figure 5.1. NOMA-based MIMO-MEC network

5.1.2 Channel Model

The wireless channel between the i** user (U E;) and the base station is formulated as a
quasi-static Rayleigh fading channel, i.e., H; € CM*E ~ CAN(0, 1) with a large scale
fading d~“, where d is the distance between the user and the base station and « is the
path-loss component. The users and the base station are assumed to know full channel

state information (CSI).
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5.1.3 Application of the GSVD Technique on MIMO Systems

GSVD is a linear precoding and decoding scheme widely proposed in NOMA-based
MIMO systems [86], [27]. The GSVD technique converts two MIMO channels into vir-
tual multiple orthogonal SISO channels so that GSVD simplifies communication re-
source allocation problems in MIMO systems. Even though the GSVD cannot provide
optimal performance, it was proven to be highly efficient and reduce the complexity of
MIMO systems [86]. H; € CM*X denotes a complex Gaussian channel matrix between
the i*" user and the base station. Two MIMO channels can be decomposed as follows
[86]:

H, = UA VT i {1,2}, (5.1)

10

where U is an M x M square invertible matrix, V7 is an M x M unitary matrix and
A,; is a diagonal matrix. The diagonal elements of the A; are made up from the singu-
lar values, i.e., A; = {0;1...0;;} where j is the number of orthogonal subchannels. It
should be noted that o ; is in increasing order, and o ; is in decreasing order. In this

way, pairing o, ; with oy ; is ideal for combining MIMO with NOMA [86]. Therefore,

V; and U™! become the precoding and the detection matrices to diagonalize H;.

5.1.4 Multiple Access Model

The key idea of the power domain NOMA is to allow multiple U E's to share the same
orthogonal resource blocks such as time, frequency, or codeword by exploiting the power

domain. The received signal at the base station is
2
y=> Hx+n, (5.2)
i=1

where x; is the information vector of the i*" user. For the uplink transmission, the appli-

cation of GSVD to NOMA can be given by

2 L

Y=Y oij/Pzi,+ iy, (5.3)

i=1 j=1

88



where L is the number of orthogonal sub-channels, P, ; denotes the power allocation co-
efficient for the i*" user’s j** subchannel. x; represents the i*" user’s information bearing
signal. 7; is complex additive white Gaussian noise at the j* orthogonal channel. The

achievable maximum data rates for U )y and U F, can be given as follows:

L 2
0'1 'Pl,j .
Ri=B) log, |1+ ——>22—— |, bits/s/Hz, (5.4a)
jzl U%,jPQJ —I— n?
L 2
05 Ps
Ry=B log, [ 1+ 252 ) bits/s/Hz, (5.4b)
i=1 "

where B denotes the transmission bandwidth for NOMA users.

5.1.5 Mobile Edge Computing

This chapter considers partial task offloading. Accordingly, U E's can compute their tasks
locally, partially or completely remotely. Note that we omit downloading the results be-
cause the task might be just storing data to the MEC or the result consists of the insignif-

icant size of bits [96].

Local Computing

Local computing is to execute tasks locally on the UE’s processor. The variables 3, and
P9 are introduced as the task assignment coefficients for U E; and U F5 such that (1 —
B1)N7 and (1 — ) N; bits are assigned to U E; and U E, for local computing, respec-

tively. The local computing times for these processes can be found by

(1 - 61)N1011

(1 = B2)NoClo
Jn 7

Tloc —
' Ji2

and 7o = (5.5)

where f;; and fj, are the CPU frequencies and Cj; and )5 are the required CPU cycles
to execute one bit for U Ey and U L, respectively. The energy consumption for U £; and

U E, for local computing are [96]
B = Gu(1 = Bi)NiCu fi and By = Ga(1 — B2)NaCia fis, (5.6)

where (;; and (5 are the energy consumption coefficients for U E; and U Es.
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Energy Consumption in RF Chains

There is no single formula for calculating the optimal power consumption of an antenna
system. It is equal to the superposition of different components, i.e., amplifier, filter, cir-
cuitry, cooling, and operation parameters (frequency, bandwidth, modulation technique,
etc.). Therefore, these parameters should be optimized separately. Increasing the ar-

ray size to a certain point can allow more data to be transmitted simultaneously. Yet, as
the system grows in size, the high power consumption and complexity of the RF chains
may offset the benefits of MIMO. To compare the MIMO systems fairly, the energy con-
sumed on each antenna element must be considered [101]. [102] shows that the power
an antenna consumes is proportional to the number of optimized antenna sizes. This is
because each antenna element requires its power amplifier and other components. The

radiated power P,,4 can be written as [103]:

PTad:V(Pb“d_ZKXPEFC_MXPgFC)J (57)

where v is the efficiency of the power amplifier and P, is the system’s power budget.

K and M are the number of antennas, and P2, and Pk, are the power consumed in an
RF chain at the transmitter and receiver. We make the assumption, without loss of gener-
ality, that there are two identical transmitters, and the value “2” in Eq. (5.7) corresponds

to these transmitters.

Task Offloading

There are 51 N; and 35N, bits that need to be offloaded to the MEC for remote execution

of UFE, and U E5’s tasks, respectively. The offloading times for U F; and U E; are given

by
o BNy o B2 Ny
T = . and T3/ = o (5.8)
The corresponding total energy consumption for U E; and U Ej5 is [103]
port = O L P+ KPL. + MPE 5.9
VTR, Z 1j T 8 Crpe + M FRpe (5.9)
j=1
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L
N.
B = % (Z Py + KPL., + MPI{;FC) : (5.10)

j=1

MEC Computing

After the tasks are offloaded, remote computation at the MEC can start. The computa-

tion times at the MEC server for U E/; and U F, are

N,Cy, Ny C,
B1 N1 and TJec — B2 Ny 7
Jm fm

mec __
Tl —_—

(5.11)

where f,, is the CPU frequency and C), is the required CPU cycles to execute one bit at
the MEC. The energy consumption for remote execution at the MEC server for U £; and

U L5, respectively, can be given by [96]
E7 = (BN Cy 7, and EY*C = (82 NoCin f 2, (5.12)

where (,,, is the energy consumption coefficient for the MEC.

5.2 Problem Definition and Solution

The total energy minimization problem for task offloading, MEC computing, and local

computing with time constraints is formulated as follows:

B1,682,P1,5,P2,;

L
(P1) min Tl (Z P+ KPL. + Mngc>

J=1

L
+ 1917 (Z Py + KPL.. + MPgFC>

Jj=1

+ B NCon 2 4 GnBaNoCo f2,

+ (1 — 51)N10l1f121 + G2(1 — /32)N2012fl22 (5.13a)

N
st. T = ELI T (5.13b)

Ry

N,
1o/t = 282 ot (5.13¢)

Ry

1— BN
Tl — % < 21207 (5.13d)
1
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(1 B /BQ)N2CIQ

Ty = < 21701 (5.13¢)
12
N
Tyree = A1Cm < oty (5.13f)
NoCi
ryee = 5020 oy (5.13g)
L
0<Y Py <Pasic{l2}, je{l,., L} (5130
7j=1
Py 20 (5.13i)
0<Bi<l, (5.13))

where (5.13b) and (5.13c) require that offloading time has to be less than or equal to an
offloading time for the U F/; and U E», respectively. (5.13d) and (5.13e) indicates that
the deadline for local computing is less than or equal to the sum of offloading time and
computing time at the MEC, i.e., T < 279/ (5.13f) and (5.13g) are to avoid con-
gestion at the MEC server, the deadline for the MEC computing is less than or equal to
offioading time, i.e., 77" < T} /T and Timee < Ty 1 as illustrated in Fig. 5.2 [95].
(5.13h) makes sure that the users cannot exceed the power budget. (5.13i) indicates that

the power allocation coefficients are non-negative. (5.13j) guarantees that 3; can get any

value between zero and one.

A

Local Computing

Task Offloading MEC Computing

time
Toff oroff

max max

>

Figure 5.2. Execution times for local computing, task offloading, and MEC computing

(P1) is not a convex optimization problem due to the fractional expressions; however,

(P1) can be written as an alternating optimization problem as in (P2).

L
. A 5y T R
(P2)  min g(81,5) & min E(Pij, o) = - (; Prj+ K Pig+ M PRFC)

BaN.

2
+
Ry

L
(Z P+ KPh, + MPsFC) + CnBi N1 Con 2+ G BaNoCrn 2,
j=1
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+ G1(1 = B)NiCn fi + Go(1 = Bo)NoCia f5 (5.14a)
st (5.13b), (5.13¢), (5.13d), (5.13¢), (5.13f), (5.13¢), (5.13h) and (5.13§),
(5.14b)

where ¢([1, 02) is the outer problem and E(P; ;, P, ;) is the inner problem. Therefore,
1 and (3, are fixed to deal with the inner problem E(P, ;, P» j).After sub-optimal val-
ues for E (P j, P, ;) are found, we fix them to find out g(/, 52). Yet (P2) is not a con-
vex problem; the optimal solution can be found by exhaustive search. However, this is

a computationally complex and time-consuming solution. Because the computational
complexity of (P2) grows exponentially with the number of antenna sizes and power
levels. Therefore, the successive convex approximation method can be applied to (P3) to

solve P, ; and P, ; iteratively. The inner problem becomes

OE(P{;, P3Y)

. —~ K K 1,50 K
(P3) Pgll,%j E(Pyj, Pyj) =~ E(Pl,ja PQ,j) + 8pjl,j (Prj— Pl,j)
OE(PK., PK)
#(ngj —Py) (5.15a)
N
st. O T (5.15b)
Ry
N.
BalNa T (5.15¢)
Ry
L
0<> Py ie{l,2}, je{l, .. L} (5.15d)
j=1
P; >0, (5.15¢)

where the partial derivative of E(P/%;, Py';) with respect to P, ; and P, ; can be written

respectively as follows:

L ,
K pK S In(1+ ot Pl ) — oty (Sims Pyt KPEr +MPEr )
aE(PLj, PQ,j) o BlNl log (2) % .7:1 a%ﬁijjJrnj U%,ijj+U§,ijj+nj
- 2
aPl,j B ZL In(1+ ot Pl
Jj=1 o3 ;Py+n

(5.16a)

L
aE(Pl{(j, PQKJ) 1Ny log(2) (Zj:l Pyj+ K Py, + MP}?FC> Pl{(jaijgg,j

X
0Py, B (02, PF +n;) (02, PE + 02, PE + ;)
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K 2
P. 035

L RN L
| B2 log(2) Dy In(l 4 =220) — S (Zj:l Pyj+ KPgp. + MPch>

ag.
2,7 2,5

0'2. K. 2
B [Srin (14 22

(5.16b)

Proposition 1. After finding sub-optimal Py . and Py

' 5 j» the outer problem, g(B1, 32), be-

comes a linear optimization problem.

L L
9(B1, B2) :Tloff(zpl*,j "‘KPch"‘MP}?Fc) "‘Tzoff(ZP;j"‘KPch"‘MPch)

j=1 j=1

+ CnBLN1Con f2 4 G B2 NaCo f2, 4 Ga (1 — B1)N1Cu f7 + (1 — Ba) NoCla f5.
(5.17)

Finally, the problem can be rewritten as follows:

L L
(P4) min T (Z P+ KPlp, + MP}jFC) + 1ot (Z P5;+ KPhp, + MPgFC>

j=1 j=1

+ CuBiN1Con f2, 4 CuBaNoCon f2 4+ G (1 — BI)N1Ci [ + G2(1 — Ba) NoCla f3

(5.18a)

Tioc = = BN < 27°1 (5.18b)
1

Tl = (1_5;% < 27947 (5.18¢)
e = DG ors (5.18d)
qmee = 92N pors (5.18¢)
BNy < RT3l (5.18f)
BoNa < RoTO) (5.182)
0<B;<1,ie{1,2}. (5.18h)

5.2.1 Complexity Analysis

Algorithm 3 runs the GSVD-based iterative method inside the inner and outer loops. As

the task assignment problem (P4) is formulated as a linear optimization problem, and
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Algorithm 3 Alternating optimization (AO) based algorithm to find 31, B2, P ;, and P ;

1: Initialize 8, and s

2: while Ag(ﬁl, ﬁg) — 0do
3:  Initialize P, ; and P ;
4 while (AE(P]_J,PQJ‘) — 0) do

5 Find out the optimal P; ; and P, ; by using (P3)
6:  end while

7: Solve (P4) to find out the optimal 5; and [35

8 Update (1 and 32

9: end while

the power allocation problem (F3) is linearized in the inner loop; consequently, the algo-
rithm converges in the second iteration. The GSVD based precoding has the complexity
of O (%3 + Llog(1/e)), where L is the minimum number of antenna of the paired U E,

and o is the search step [77]. Consequently, the complexity of the proposed algorithm is

O (22 4 2Liog(1/e)).

5.2.2 Extension to multi-user scenario

This chapter focuses on the two-user scenario. However, this scenario can be extended
to a multi-user scenario by using hybrid multiple access protocol [86] as depicted in Fig-
ure 5.3. According to the hybrid multiple access method, the users are paired first. Then,
the paired users are allocated to orthogonal resource blocks (e.g., time, frequency) as in
OMA systems. User pairing is a key factor in NOMA as it increases spectral efficiency,
optimizes resource usage, ensures fairness, manages interference, and facilitates massive
connectivity. The users in each orthogonal block exploit the proposed scheme. There-
fore, the proposed scheme can reduce the energy consumption of the existing OMA-

based systems.

T

Power

Time
Pp Pp Py N

S P, P,

¥ TR Ay

Figure 5.3. Extension from two-user to multi-user scenario
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5.3 Numerical Results

This section provides numerical results to validate the superior performance of the NOMA-
based MIMO-MEC compared with OMA. The simulation parameters are given in Table
5.1.

Table 5.1. Simulation parameters

Parameter Value
Bandwidth, B 10 MHz

Cell radius 500 m

Noise Power, N, -94 dBm

Path loss component 3

Error tolerance, € 10e-5

Energy consumption coefficient for MEC, (,,, 10e-29

Energy consumption coefficient for UEs, (;1,(;2  10e-27

MEC CPU frequency, f,, 2.5e10 cycles/sec

UEs CPU frequency, fi; and fjo

3.23e9 cycles/sec

CPU cycles per bit in MEC, C,,, 500 cycles/bit
CPU cycles per bit in UEs, C; and Cjo 1000 cycles/bit
The efficiency of the power amplifier, v 0.68

The power expenditure on the transmitter, PEFG 24.1 mW

The power expenditure on the receiver, Pf.. 31.25 mW
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Figure 5.4. Total energy consumption for different antenna configurations with respect to offloading time

Figure 5.4 shows the energy consumption of NOMA and OMA-based MIMO-MEC sys-
tems with respect to offloading time. As shown in Figure 5.4, when the number of an-
tennas increases, energy consumption decreases significantly in both OMA and NOMA
schemes. This is because, as the offloading time is relaxed, a user can offload more data
to the MEC server. And energy consumption of MEC servers is lower than local com-
puting. Therefore, offloading data to the MEC is preferable from the energy perspec-
tive. Another intuition from Figure 5.4 is that the energy consumption for data offload-
ing is low compared to the need for processing. Therefore the lines become almost equal
when there is sufficient time for offloading. Figure 5.4 also shows that the NOMA-based
MIMO-MEC system outperforms the OMA-based system when the users have stringent

time constraints.
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Figure 5.5. Total energy consumption for different antenna configurations and power levels

Figure 5.5 presents the impact of data sizes on energy consumption. As it is expected
that the energy consumption will grow with the size of the offloaded data. However, af-
ter a point for each MIMO configuration, there is a rapid increase in energy consump-
tion. This increase is because users can offload their data until they reach their power
budgets. Once the users reach that point, they should process the remaining data locally,
leading to a power consumption jump. The NOMA users can offload more data than

OMA, so the performance range increases, especially when the data rate is high.
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Figure 5.6. Total energy consumption concerning the near user’s position

In Figure 5.6, the x-axis shows the distance of the near users from the base station when
the far user is located 500 meters away from the base station. Due to co-user interfer-
ence, the energy consumption significantly increases when the near user approaches the
cell edge in the NOMA scheme. It is clear that the 41?47 NOMA performs best, but
also it is the most affected configuration by co-user interference. It can be concluded
from Figure 5.6 that user pairing can significantly improve the energy efficiency of the

NOMA-MEC systems.
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Figure 5.7. Total energy consumption concerning iteration number

Figure 5.7 shows the convergence performance of the proposed algorithm. The inner
problem in (5.14) is linearized by the successive convex approximation method, and the
outer layer is a linear problem. As a result, the proposed algorithm converges in the sec-

ond iteration.
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Figure 5.8. The effect of the antenna number over sum capacity

Figure 5.8 compares the sum capacity of different antenna configurations at various total
power budgets. It can be seen from the figure that there is a trade-off between the num-
ber of antennas and the sum capacity. Sum capacity increases with the number of an-
tennas up to an optimal point due to multiplexing gain. However, adding more antennas
consumes more power in the RF chains. Therefore, less power is emitted from the anten-

nas, and this reduces the sum capacity.
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5.4 Conclusion of Chapter 5

NOMA, MIMO, and MEC are regarded as key technologies for 6G networks. Due to
the computational intensive, delay-sensitive and energy-hungry applications, the en-
ergy consumption for NOMA-MIMO-MEC networks was an open research question. In
this chapter, an energy minimization problem has been formulated, and a low complex-
ity algorithm has been proposed. The numerical results have shown that the proposed
NOMA-based MIMO-MEC system outperforms the conventional OMA-based scheme,
especially when the users need to offload high and time-constrained data. It can be con-
cluded from the simulation results that user pairing may significantly reduce the energy
consumption of NOMA-MIMO-MEC Networks. This chapter has also found that in-
creasing the antenna number does not necessarily mean higher sum capacity; therefore,
when a MIMO system is designed, the optimal antenna number should be considered. A
further study could assess the effects of user pairing, task scheduling, and other commu-
nication parameters, i.e., CPU frequencies, especially when the users are equipped with

multiple antennas.
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Chapter 6

Wireless Powered NOMA-Based

Cognitive Radio for 6G Networks

It is envisioned that sixth-generation (6G) mobile networks will provide support for high
capacity with peak rates of 1 Tbit/s and experienced rates of 10 — 100 Gbit/s, as well as
massive connectivity of up to 10 million/km?, comprehensive coverage of at least 10 dB,
ultra-reliability of 99.99999%, higher energy efficiency by a factor of 100 compared to
5G, and low latency of 0.1 ms [104]. However, there are also potential challenges that
come with 6G networks. One such challenge is the potential for spectrum scarcity due to
the increasing number of connected devices and the high demand for data, which could
limit the available radio frequency spectrum. Powering connected mobile devices is an-
other challenge. However, wireless power transfer improves their battery life and energy

efficiency, contributes to sustainability efforts, and ensures their reliability and availabil-
ity.

NOMA is a strong candidate to meet 6G requirements thanks to its spectral efficiency
[105]-[106], improved secrecy [27], broad connectivity [107], high data capacity [108],

and low latency [25] compared with orthogonal frequency division multiple access (OFDMA).
Two main types of NOMA schemes exist code-domain NOMA and power-domain NOMA.
This chapter focuses explicitly on power-domain NOMA, which employs superposition

coding at the transmitter and successive interference cancellation (SIC) techniques at the

receiver to increase the data capacity of orthogonal multiple access schemes [109].

Cognitive radio (CR) technology is another promising solution to tackle the issue of

spectral scarcity, allowing unlicensed users to share the licensed spectrum for wireless
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communication [110]. This chapter explores the CR-assisted MIMO-NOMA network,
following the investigation of single-cell MIMO NOMA networks in Chapter 3, Chap-
ter 4, and Chapter 5. There are three primary implementation approaches for CR: inter-
weave, overlay, and underlay CR [111]. Interweave cognitive radio functions by trans-
mitting signals within the gaps or unused spectrum of the primary wireless system with-
out interfering with it [112]. In contrast, the cognitive radio device selects the best avail-
able frequency band in overlay CR to avoid interference with the primary system [113].
In this chapter, we optimize an underlay CR network, where secondary users operate
concurrently with primary users in the same frequency band. Underlay CR necessitates
careful power level management and interference control to prevent primary users’ com-

munication disruption.

Recently, a growing body of literature has explored the combination of NOMA-based
underlay CR with other technologies to improve system performance. However, energy
and spectral efficiency are critical parameters that often conflict with each other in these
systems. Wireless energy harvesting (EH) is a promising technology for CR-NOMA
networks, as it offers sustainability, cost-effectiveness, long-term reliability, energy ef-
ficiency, and independence. To address this issue, the use of reflected integrated surfaces
(RIS) was proposed in [114], formulating the system model as a multi-objective opti-
mization problem. An iterative block coordinate descent-based algorithm was developed
to find an optimal balance between energy and spectral efficiency. Another approach
suggested in [115] was to use an unmanned aerial vehicle (UAV) to improve the total
throughput of a NOMA-based underlay CR network. A K-means and traveling salesman-
based iterative algorithm were used to optimize the UAV’s time, transmit power, and lo-
cation. In [116], a mobile edge computer-assisted underlay CR-NOMA network was ex-
amined to enhance computation capacity while considering total weighted energy and
physical layer security. In [117], the authors analyzed an overlay CR-NOMA network’s
throughput and outage probability under imperfect successive interference cancella-

tion (SIC). Meanwhile, [118] proposed a non-linear EH model and optimized the power

splitting factor and beamforming vector to minimize total power.

This chapter aims to tackle spectrum scarcity and energy supply issues by combining

NOMA, CR, and EH technologies in an innovative, dynamic, and effective way. The key
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contributions of this chapter are summarized below:

* Our proposal involves an underlay network that utilizes cognitive radio, MIMO and
NOMA technologies. In this network, both the primary and secondary transmitters
harvest wireless energy from a power beacon and utilize a time-switching protocol
to transmit information signals to primary and secondary users. Despite possible
interference experienced by the far user from the primary user, we ensure that the
quality of service constraint is satisfied. Meanwhile, considering this constraint, the

secondary transmitter optimizes the secondary network sum data rate.

* During the first time slot, wireless power is transferred using a beamforming method
based on generalized singular value decomposition. In the second time slot, we use
semi-definite programming and the first-order Taylor series expansion to optimize
the split time variable (o) and the beamforming vectors for the primary (wp) and

secondary (wg) networks.

* In the simulations, we study the impact of the QoS and power constraints on the
sum rate of the secondary users. Based on the simulation results, the proposed model
demonstrated superior performance compared to the TDMA-based benchmark scheme,
primarily attributed to its higher spectral efficiency. This higher spectral efficiency
allows the primary users to operate with lower power, affecting the energy con-
sumption coefficient set by the secondary network and ultimately reducing inter-
ference for the secondary users. However, as the QoS requirements of the primary
users become more stringent, the available transmission time for the secondary
users decreases. As a result, the performance gap between the proposed method

and the benchmark widens as the QoS requirements of the primary users increase.

6.1 System Model

We consider a NOMA-based heterogeneous cognitive network comprising a wireless-
powered primary ultra-reliable low-latency communication (URLLC) network and a
secondary massive machine-type communication (mMTC) network. The system is de-

signed to accommodate multiple users with different requirements in the same resource
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block, with the primary network allocating two NOMA users in a resource block while
the secondary network accommodates multiple mMTC devices in the same resource
block. The power beacon (P Bea) simultaneously transmits energy signals to the pri-
mary and secondary networks and the harvested energy is utilized for downlink trans-
mission. The primary transmitter (Pr) and secondary transmitter (St) are equipped with
Np and Ng antennas, respectively, while the power beacon is equipped with /Ng anten-
nas. The primary and secondary users are equipped with a single antenna, and the wire-
less channels are considered quasi-static, meaning that the channels remain constant be-
tween consecutive codewords. The underlay principle ensures that the secondary net-
work does not interfere with the primary users’ quality of service constraints. The en-
ergy transfer in the network occurs during o7', while the harvested energy is utilized
during (1 — «)T, as depicted in Figure 6.2, where T represents the transmission time

interval.

Power
Beacon (PBea)

power beacon
coverage area

—) Information Transfer
-

(A)
St
hp2

Interference

E—) Energy Transfer

hi2 / Sohen
. z Vool = Lha o \s\
Pgr, ﬁ

SRK SRz

mMTC
Secondary Network

URLLC
Primary Network

Figure 6.1. System model

Pr
PBea—> Py, Sy PRy, PR,
ST _)PRQ, SR2, ) SRK tirrle
aT T

Figure 6.2. Transmission time frame
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The received power signals can be expressed as follows at Pr and St, respectively:

Yr = DIHIPXpow + np (613)

Ys = DZHZPXpow + ng, (6 lb)

where the channel matrices between the power beacon and the primary and secondary
base stations are denoted as Hy € CVr*V5 and Hy € CNs*NVE | respectively. The pre-
coding matrix of the power beacon is represented by P € CV5*V5 while the decoding
matrices for the primary and secondary users are Dy and D,, respectively. The power

signal is denoted by Xpow € CVE*1.

The signals transmitted by the primary and secondary networks, represented by x,, and
X, respectively, are transmitted for a duration of (1 — «)7". The signal received by the
primary near, primary far, and the k' secondary receiver are expressed as ¥ P, YPr, >

and yp, , respectively:

Xp = Wp1Sp,1 + Wp25p2 (6.2a)

underlay signal for PRa2 K
"

X, = WetSp Y WekSok (6.2b)
k=2

Ypr, = b Xy + 1py, (6.2¢)

Ypr, = hpaXp +hiXo 4+ np, (6.2d)

Ysp, = hgiXs + X, + ng,, (6.2¢)

where s, 1, 5,2, and s, , are the information-bearing signals for the primary near, pri-

mary far, and k" secondary users, respectively, and that ||s,,||> = 1forv € 1,2, k. If

the power signal is normalized to one, i.e., Xp0w||2 = 1, then the maximum received

power at Pr and St are denoted as P, and P, respectively.

P, = tr(D;H,PP"H]'D}") (6.3a)

P, = tr(D,H,PP"H}DY). (6.3b)

Assuming that P Bea, Pr, and Pg are each equipped with K antennas without loss of
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generality. As aresult, the SINR at Pg,, Pg,, and Sg, is

W
SNRp, M
Up
h® w,, + hE w2
S[NRP2 = H p,ZHP,2 25,1 S,21H
[y, Wpall* + 0
SINRg = [ w2
=

> ImShowsil|? + [Ihfowy |2 + 02

6.2 Problem Definition and Solution

(6.4a)

(6.4b)

(6.4c)

We assume that the UEs on the secondary network are arranged in descending order of

b iws 1] > |Ihihwg,|> > ... > ||hfwsk||*. Additionally, we assume that the vari-

ances of n Pr, > MPp,» and ngp, are all equal to BN,. Following SIC, the achievable data

rates for R Pr, > R Pr,> and R ps, are respectively provided as follows:

h w12
Rp,, = log, (1 + %) ,bits/s/Hz
0

||hH2Wp2 +h§1wsl||2
Rp, =1 1 P bit H
Pr, = 108y ( + ||h 2Wp1H2+BN ,bits/s/Hz

LAy
Rpy, =log, | 1+ ;k ° 5
S5t Inwsl[2 + [ wy|| + BN

Therefore, we formulate the optimization problem as follows:
K
(P1) ppmax, 2 B
k=2
S.t. RPSk Z R&k, k= {2, ,K}
Rp, > Rn

Rpy, 2 Ry

(n x Pp)a

T e

Zuw W < e

O<axl
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(6.5b)

(6.5¢)

(6.6a)

(6.6b)
(6.6¢)
(6.6d)

(6.6e)

(6.61)

(6.6g2)



where 7 represents a power harvesting coeflicient. The data rate requirement of the pri-
mary near, far, and secondary k" users is denoted by R, Ry, and Ry i, respectively.
While PBea sends power signal Xpow to Pr and St during o7, the expressions for Py
and P, are non-convex, making optimization challenging. To address this, we utilize a
GSVD-based linear beamforming scheme that efficiently exploits the wireless spectrum
to define P, Dy, and D, [25]. However, the original problem remains non-concave due
to the non-convex constraints. To simplify the problem, we apply a low-complexity and

highly efficient GSVD method [28] instead.

The GSVD can be briefly defined as follows: Consider H; € C*V, where i = {1, 2},
and its elements are i.i.d. with zero mean and unit variance. The decomposition of H; by

GSVD can be expressed as [28]:

Hi - UiEiQ_la 1= {17 2}7 (67)

where U; is M; x M, unitary matrix, Q is an N x N non-singular matrix, and
Y;=diag(o; 1, .., 0i min(vy) ) € RM>MinM) §5 a diagonal matrix. (6.3a) and (6.3b) can be

rewritten as follows:

P, = tr(D;U;3:Q 'PPHQ M3, UYDY) and P, = tr(D,U,XZ,Q 'PPHQ X, UNDY).
(6.8)

The GSVD method dictates that P should be set equal to Q, and D, and D, should be
equivalent to U; ! and U, ™, respectively. As a result, we can express P, and P, as fol-

lows:

P =tr(U;'0; 2; Q'QQYQ 1 3, Ufu M) (6.92)
I

P, =tr(U;'U, 2, Q'QQ"Q " 2, U)'DY) (6.9b)
|

P =tr(¥?) and P, =tr(X2). (6.9¢)

The original problem can be expressed by taking into account imperfect energy harvest-
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ing as follows:

K
(P2)  max > Rp, (6.10a)
S
s.t. Rpsk > Rk, k=1{2,..,K} (6.10b)
}%pR1 Z Rtl (610C)
Rpy,, > Ry (6.10d)
{ Py } o
1+exp(fac(tr(2%)fb))mem 1-a
[Wpall? + [[Wp2l? < i — (6.10e)
" T4exp (ach)
K [ Pr, . } _a
1+exp(—ac(tr(22)—b))—PmW -«
> lIwakll* < s (6.10f)
P ~ Trew@b)
O<ax<l (6.10g)

where a. and b are positive constants associated with the circuit specifications, and P,

represents the maximum quantity of power that can be harvested when the EH circuit

’ S

is saturated [119]. Let denote Wg = |:WI[;II7 Wgz] Wi — |:W§Il7 "'7W:-IK:| and ﬁiH =

o],

p,l’

{h{ip h{lz} . Also, ﬁp,l, ﬁpﬁz, ﬁi and ﬁsﬁj are zero-padded vectors such that ﬁ:l = [hH

ﬁiz = [0", hi] h; = {hin hg] , ﬁ:lj = [0", h{l] and w}' = [w}, w{], as illustrated in

p )
Fig. 6.3.
H
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H H H H H H
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Figure 6.3. Concatenation of the beamforming vectors

Accordingly (6.10) can be written as

(Ps) ZK:I <1+ L > (1—a) (6.11a)
3) max 0g, — : i X (l—« dla
A S0imn w12 + ([ owy |2 + BN
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S.1. Og2 — H . H > 2 , — -
Z?:ll Hﬁs,kWyHQ + ||ﬁi,kwy”2 + BNy (1-a)
(6.11b)
H
1A, wy 2 R
logy {14+ —2——] > 6.11
022( + BN, 2 =a) ( c)
H
log, [ 1+ Hﬁdwy”2 > Ry 6.11d)
’ 6" w2+ BN, )~ (1—a) '
B, ywy[[2 + 0
EFH
[wy(1: 4)]* < 1—pa (6.11e)
—«
FH,«o
[wy (5 : 20 < T (6.119)
0<a<l (6.11g)

Due to the fractional expressions in (6.11a), (6.11b) and (6.11d), and coupling vari-
ables, P3 remains a non-convex optimization problem. To address this, we propose a
two-layer alternating optimization algorithm, summarized in Algorithm 4. We fix o in
the inner layer and find an optimal vector wy. In the outer layer, we keep wy constant and
obtain a sub-optimal solution for o. We repeat these steps until the objective value con-

verges.

K
Tr(Hg W
(Py) max Zlog2 I+ —— r(HauWy) x (1—a)
Wy =2 Z TI'(HSJ(Wy) + TI'(HLkWy) + BNO

=1

(6.12a)

R, k—1
st Tr(HgW,y) > (2755 — 1) x (Z Tr(Hy \Wy) + Tr(H; W) + BNO) :

j=1

k=12, K} (6.12b)
Tr(H, W,) > BN, x (215 — 1) (6.12¢)
Tr(HgW,) > (2155 — 1) x (Tr(H,2Wy) + BN) (6.12d)
Tr(W,(1:4,1: 4)) < i‘ﬁi}z’ (6.12¢)
Tr(W,(5 : 20,5 : 20)) < ‘i‘b: h; (6.12f)
O<a<l (6.12g)
W, = 0 (6.12h)
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rank(Wy) = 1. (6.121)

By combining the term inside the logarithm, we reformulate (P,) as (Ps).

K k
. Tr(Hg W,) + Tr(H; W, ) + BN,
(775) max Zlogg Zi:i ( K y) ( K y) 0

Wy o Z Tr(Hs,kWy) + Tr(Hi’kWy) + BNy

j=1

> x (1—a) (6.13a)

st (6.12b), (6.12¢), (6.12d), (6.12¢), (6.12f), (6.12g), (6.12h), and (6.12i).
(6.13b)

SCA based solution

We propose an SCA-based solution for (P5) in this subsection because it is still not con-

cave due to the fractional expression. (6.13) can be rearranged as follows:

K k
(Ps) max Z log, (Z Tr(HgxWy) + Tr(H;  Wy) + BN0> X (1—a)

k=2 j=1
K k—1

—) log, (Z Tr(Hs xWy) + Tr(H; W) + BN0> x (1 —a) (6.14a)
k=2 j=1

st (6.12b), (6.12¢), (6.12d), (6.12¢), (6.12f), (6.12g), (6.12h), and (6.12i).

(6.14b)
Further, we can use the homogeneity principle as follows
K k
(P7) max I; log, (Tr(Wy 2 H, ) + Tr(W,H;,) + BNO) x (1 — a) (6.15a)
= ]:
11(Wy)

K k—1
— " log, <Tr(WyZ H, ) + Tr(W,H;),) + BN0> x(1—a)
k=2 =

7=1

v~

2(Wy)
st (6.12b), (6.12¢), (6.12d), (6.12¢), (6.12f), (6.129), (6.12h), and (6.12i).

(6.15b)

The objective function consists of summation of f;(Wy) and f>(Wy) multiplied by (1 — «).

Where f>(Wy) breaks concavity in the objective function, it can be approximated using
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the first-order Taylor series. Furthermore, fg(Wy) is not a holomorphic function, which
means that complex differentiation of f,(Wy) in each neighborhood of complex-valued
W, matrix does not exist. However, it is a real function of a complex matrix Wy. There-

fore, the complex gradient of f5(Wy) is equal to [43]

0fs(Wy) _ 1 (0fs(Wy)  Of2(Wy)
O(Wy) 2 (8%(Wy) ~a3(Wy) ) ) (6.16)

where *{Wy } and S{Wy} are the real and imaginary parts of Wy, respectively. Note
that Wy is a symmetric matrix; therefore, taking the derivative of f>(Wy) with respect to
W, ’s lower triangular part is sufficient to calculate the first order Taylor approximation

of fo(Wy) [120]. Finally, (6.11) can be reformulated using DC programming as follows:

(Ps) max Fi(Wy) = fo(W, D)

¥y
N z—-1

t—1 8f2(W )
- ZE 1 g 1 R{W, (2, 2) — Wy(z,2)" D} x 8%(Wy(z,$y)(t*1)) (6.17a)
N 2z-—1 an(W )
— & Z,%) — 2, )Y y
2 2 SWler) =Wl ) X Gy )

st (6.120), (6.12¢), (6.12d), (6.12¢), (6.12f), (6.12¢g), (6.12h), and (6.12),
(6.17b)

where (t) denotes the iteration number. The partial derivative of f,(Wy) with respect to

the real and imaginary parts of Wy can be given by

8f2( ) Z ] 1 sk(z ZE) +H ( )) +Hi,k(zax) +Hi[,1k(zvx)
OR(Wy(z,7)) = r(Wy Y5 Hsk) + Tr(W,Hix) + BN,
(6.18a)
0f(Wy) _ =i i >0y (Hok(z,7) — H(2,2)) + Hig(z, 2) — Hi\ (2, @)
O3(Wy(z,2))  In(2) ~ & Tr(Wy 3571 Hy) + Tr(WyHii) + BN, ’

(6.18b)

where (z, ) represent the z-th row and z-th column of the matrices.

113



Gaussian Randomization Method for Semi-Definite Programming

The fundamental concept of Gaussian randomization involves generating random solu-
tions from a Gaussian distribution. These random solutions undergo a feasibility check
for the optimization problem, and if deemed feasible, the best solution within the fea-
sible set is selected as the final solution. The original optimization problem (6.10) was
first divided into two sub-problems (6.17) and (6.19). Then, the SCA-based solution was
proposed in (6.2). (6.11) is first transformed into a semi-definite programming problem
by relaxing the non-convex constraint rank(Wy) = 1. The rest of the problem is solved
efficiently in (6.17). Gaussian randomization method was used to obtain an optimal wy

from Wy as shown in Algorithm 4.

6.2.1 A Solution for the Time Switching Coefficient in the Outer Layer

After finding an optimal solution for wy, an optimal solution for a can be found as fol-

lows.
K H (|2
[[hgjwyll
(Py) RNOMA — max Zlog2 (1 + = =3 X (1—a)
R 2 =1 IhGhwi |2 + [[hiwi [ + BN

(6.192)
hgiws [I*

log, | 1+ P
( Zj:l ||h£,lkw;||2 + ||hi},1k"";||2 + BNy

> X (1 —a) Z Rs,k,

k={2,.. K} (6.19b)
[y wy 12
log, | 14+ =22 | x (1—0a) > Ry (6.19¢)
0
log, [ 1+ I vy X (1—a) > Ry (6.19d)
|hy w3 |2 + BN -
EH
lws (1: 4)||> < % (6.19€)
. o H,
Iwy(5:20)° < T—— (6.19f)
O0<a<l. (6.19¢)
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Algorithm 4 SCA and alternating optimization-based algorithm to find sub-optimal wy and o

repeat
Initialize «
Find out an optimal Wy by solving (6.17)
wy j = mvarnd(zeros(1, N), Wy, J), where j = 1,2,...,J
repeat
if wy j is feasible then
Calculate Y1, R P, using (6.19a)
end if
ji=j+1
until j <J
Find wy j- = arg Illaxv‘,_d-(z:,i(:2 Rpsk),j =12,..,J
Solve (6.19) to find out o*
until AY ", Rp, — 0

6.2.2 A TDMA-Based Benchmark Scheme

This section defines a TDMA-based benchmark scheme that prioritizes the primary users,
as in the NOMA case. The aim is to maximize the sum rate of the secondary users con-
sidering the QoS constraints of the primary users on time. The system model for the

benchmark can be described as follows:

K H |2
s,k || l—a—-t -t
(P1o) max Zlog2 <1 + D s ) X aTh T (6.20a)
k=2

&,Pp,1,Pp,2,Ps,k BNO K — 1
R
5.t t; e <h (6.20b)
log, (1 + ~5p—)
R
22 AN (6.20c)
log, (1 + —p’NE;’(;z )
EH
Dot + Py < ol (6.20d)
1 —«
K
EH,
Y pr < (6.20¢)
P 1 —«
pp,lapp,Qaps,k Z Oa k= {27 sy K} (620f)
O0<a<l. (6.20g)

where ¢ and ¢, denote the transmission time slot for the primary users. We propose an
alternating algorithm that finds an optimal value for o and the other parameters as given
in Algorithm 5. After fixing «, it becomes clear that p, ; and p, » are independent of
Ds,k- This allows us to divide Eq. (6.20) into two sub-problems, denoted as (P11) and
(P13). The objective of (P17) is to meet the QoS requirements of the primary users with

minimal latency. Following that, for (P;3), our objective is to maximize the total data
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Algorithm 5 Alternating optimization-based algorithm to find sub-optimal «, p;, 1, pp,2, and p

Initialize o

repeat
Setl=1
Initialize p, 1 to some value, such as p;?i = EHp/2
repeat

Calculate the gradient of f3(p, 1) as in (6.23)
Update p,, 1 by using (6.24)
l=1+1

until A f3(p,1) — 0

Calculate ¢1 and to and plug them in (6.26b)

Update p, . using (6.27)

Update o using (6.28)

until A", Rp, — 0

rate of the secondary users within the remaining time slot.

. R R
(Pll) pnlllpn2 i;ll, 1||hH1||2 + tpiznhnzllz (6213)
" logy (14 ) log, (14 ™)
o'EH
SU Do+ 2p2 < 70 (6.21b)
l—«a
Prs P2 2 0. 6.21¢)

We observe that (P11) is not convex. To minimize the delay for the primary users and

provide more time to the secondary users, we need to ensure that the allocated power for

o*EH,

the primary users sums up to the maximum available power, i.e., pp1 + pp2 = 5

Thus, we can express pj, 2 as (O‘I*_Lgf’ —pp,1)- Therefore, (P11) can be reorganized as (Pi2).

R R
(P12) r;li{l tz;;lthHIH? + (ﬁ_ N (6.22a)
" lomy (14 D) g, (1
f3(;9:,1)
*EFH
st 0< pp,lﬁP. (6.22b)
_a*

To solve (P;2), the SCA method is applied to (6.22a). The derivative of the objective

function can be taken with respect to p,, ; as follows:

df3<pp,1> _ 51n(2) ”hng2
P gt (1 Pl (el 2
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Rosn(2) i

o 2 2
NBO]n2 <””_’1m+1) <ﬂ@.\_+1>

(6.23)

N By N By

An optimal solution for p, ; can be found by (P;3) in each iteration as defined in Algo-

rithm 5.

dfs (ng,l)

(P13) min f3 (pp 1) + (pp,l - plp71) (6243)
Pp,1 dpp,l
“EH
st 0<pyy < ‘1‘ i (6.24b)
— X

where [ denotes the iteration number. Using the optimal value for p; ;, t; and ¢; can be

given as follows:

t = fiu TINE (6.25a)
log, (1 + Pp. = "‘ )
R
ty = e Eif o (6.25b)
log, (1 + =g p—22)
K
Ds, k” || 1—a*— (tl -+ tg)
] 1 6.26
(Pra) max kz:; 08, ( + BNO X 1 (6.26a)
K
“EH,
S (6.26b)
k=2 —a
sk > 0,k ={2,..,K}. (6.26¢)

The closed-form solution for p, ;, can be found by using the waterfilling method as fol-

lows:
1 BN, T K
Pir=|— , s.t. e = EH,. (6.27)
* |:Mk |[hg |2 ;
ps,thng2 l—a—t -1
(P15) max Zlo g, (1 =8N, ) X K- (6.28a)
akH,
s.t pp1+pp2_ 1—0( (628b)
K
EFH,
Y pr<S (6.28¢)
- 11—«
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0<a<l (6.28d)

Equivalently, the closed-form solution for «v is given as follows:

+ S itaPay
vt min (ot Tiare (629)
Pot + Ppz + EH, S5y 1 EH,

6.2.3 Complexity Analysis

This subsection presents the time complexity analysis of the proposed algorithm. Al-
gorithm 4 consists of two loops: an outer loop that uses a linear program to solve for «,
and an inner loop that utilizes semi-definite programming to solve for w, and w;. In the
other problem for «, the worst-case time complexity of the simplex method, a linear pro-
gram with n variables and m constraints, is O(2"), where n is the number of variables
and m is the number of constraints. Please note that n is equal to 1 in this case. In the
inner loop, the worst-case time complexity of solving a semi-definite relaxation using
interior point methods is O ((c + v)%%1In(1/¢)), where c is the number of variables, v is
the number of constraints, and ¢ is the desired accuracy. Above all, the complexity of the
GSVD-based precoding is O (%3 + %), where L is the minimum number of antennas
between P Bea and Pr and St and o is the search step [26]. Finally, the time complexity

of the proposed algorithm is O ((%3 + L)+ 2(c+v)%® ln(l/e)).

6.3 Numerical Results

In this section, we evaluate the performance of the proposed method. As a benchmark
scheme, we use a TDMA-based system defined in Section (6.2.2). Table 6.1 presents the

essential simulation parameters.
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Table 6.1. Simulation parameters

Parameter Value

The number of antenna and users at the primary and secondary networks 2 and 4
Distance from P Bea to Pr and Pg 10 m

Distance from Pr to Pr 1 and Pg o 15mand 25 m

Distance from St to Pg 2, Ps 3 and Pgs 4

Distance from Pr to secondary users

10 m, 15 m, 20 m and 25 m

10 m, 15 m, 20 m and 25 m

Noise power o and o7 -94 dBm/Hz
Path loss components for the primary network o, and secondary network ;3.2 and 3
16
| JI— :
———————————————————— O-mmm e O
14 = = Hl
___________ B/ Vit
12 D/D £

(IR
o

(o]

Sum Capacity of the Secondary Users (bits/Hz/s)
N

-

-V

—+Ry=2 Rp=1, Ry, =0.1 ]
"Ry =4, Ro=1, Ry =0.1
5 Ryu=4, Ro=1, Ry, =05
"Ry =6, Rp=3, Ry =0.1

—B—Rﬂ = 6, th = 6, Rs,k =0.1

2 3

4

Iteration Number

Figure 6.4. Convergence of the proposed method

The convergence performance of the proposed algorithm is shown in Figure 6.4. It can

be observed that the algorithm’s solution experiences significant changes in the first three

iterations, resulting in a rapid increase in the sum rate of the secondary users. However,

after the third iteration, the increase stabilizes, suggesting that further iterations may not

yield significant improvements.
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Figure 6.5. The effect of QoS and transmitted power on the sum capacity of the secondary network

Figure 6.5 presents the relationship between the primary network’s QoS requirements
and the secondary users’ sum rate. It can be seen from the figure that the secondary users’
sum rate decreases as the primary network’s required QoS increases. This can be at-
tributed to two key factors: firstly, the signals intended for the primary users are per-
ceived as interference by the secondary users, and secondly, if the primary network fails
to meet its QoS demands, the distant user within the primary network collaborates with
the secondary transmitter, resulting in energy loss and interference for the secondary net-
work. The proposed method outperforms the benchmark TDMA model due to its higher
spectral efficiency. With superior spectral efficiency, the primary users necessitate less
power, effectively determining the energy consumption coefficient established by the
secondary network, and reducing interference for the secondary users. However, as the
primary users’ QoS requirements increase, the secondary users’ available transmission
time is shortened. Consequently, the performance gap between the proposed method and

the benchmark widens.
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Figure 6.6. The effect of minimum rate constraint for the secondary users on the sum capacity

Figure 6.6 illustrates the variations in the sum rate of the secondary users as the QoS
threshold for the secondary users’ changes. These constraints are implemented to ensure
fairness among the users, but they result in substantial reductions in the sum rate. The
decrease in the sum rate is primarily attributed to the minimum SINR rate experienced
by the furthest user, caused by interference from the preceding users. Consequently, to
meet the QoS constraint specified in Eq. (6.10b), the previous users are compelled to re-

duce their power, leading to a loss in the overall sum rate.
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6.4 Conclusion of Chapter 6

The chapter introduced a new wireless-powered mobile device approach using NOMA
and MU-MIMO antenna systems. This solution was tailored for a cognitive underlay ra-
dio scenario where a primary network demanded a specific QoS while secondary net-
work users utilized the same spectrum for downloading their data. The proposed method
optimized a joint beamforming vector for primary and secondary networks and a time-
switching coefficient for energy harvesting and information transfer. The problem for-
mulation was non-convex; therefore, we used semi-definite programming, successive
convex approximation, and alternating optimization to develop an effective and low-
complexity algorithm. The NOMA-based solution achieved a higher achievable data
rate than the TDMA-based benchmark scheme and outperformed it, especially in the low

transmit power region.
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Chapter 7

Conclusions and Future Works

7.1 Conclusions of the Thesis

6G Networks require massive connectivity, ultra-reliability, secure and high-speed data

transfer, and diverse QoS requirements. NOMA-MIMO-based systems are promising to
overcome these demands. This thesis has addressed various aspects of wireless commu-
nication by combining NOMA and MIMO technologies with GSVD-based linear beam-
forming to optimize the performance of the proposed systems. The central contributions

and key insights of this thesis can be encapsulated as follows:

Chapter 2 presented an explanation and comparison of NOMA with OMA schemes.
Furthermore, the required mathematical tools used in the thesis were introduced in this

chapter.

Chapter 3 focused on the delay minimization problem in the hybrid-NOMA-based MIMO-
MEC offloading scenario. An iterative closed-form solution was obtained using the Dinkel-
bach method to handle the fractional expression. Simulation results demonstrated that

the proposed method significantly improved delay performance and reduced energy con-

sumption in the MIMO-MEC system.

Chapter 4 explored enhancing physical layer security in NOMA-MIMO systems. The
objective of maximizing sum secrecy rates under power and quality-of-service constraints
was executed using an SCA-based algorithm. The results indicated that NOMA outper-
formed other benchmarks, particularly in high SINR. From this chapter, it is evident that
the presence of multiple antennas at both the transmitter and receiver plays a pivotal role

in significantly enhancing the system’s delay performance.
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Chapter 5 investigated the energy consumption of NOMA-MIMO-MEC networks, con-
sidering the rise of computational-intensive and delay-sensitive applications. An en-
ergy minimization problem was formulated, and a low-complexity algorithm was pro-
posed. The numerical results demonstrated the superiority of the NOMA-based MIMO-
MEC system over conventional OMA-based schemes, particularly for high and time-
constrained data offloading. This chapter’s findings lead to the conclusion that augment-
ing the number of antennas within the confines of a constant power budget does not uni-
formly escalate data rates, mainly owing to power consumption within RF chains. Ad-
ditionally, the impact of user pairing on energy consumption within the NOMA MEC

system has been illuminated.

Chapter 6 proposed a new protocol for wireless-powered mobile users utilizing NOMA
and MIMO technologies. The primary network has pre-defined quality of service (QoS)
requirements, which coexist with a secondary network. The secondary network oper-
ates by utilizing the underlay cognitive radio technique to download data. By optimizing
joint beamforming and time-switching coefficients, the NOMA-based approach achieved
higher achievable data rates compared to the benchmark TDMA-based scheme, particu-
larly at low transmit power levels. The pivotal discovery of this chapter underscores that
NOMA exhibits superior performance particularly as the quality of service constraint

escalates for primary users.

In summation, this thesis traversed the intricacies of cutting-edge wireless communica-
tion paradigms, culminating in the fusion of NOMA and MIMO technologies bolstered
by advanced beamforming strategies. The results presented within each chapter collec-
tively underscore the potency of the proposed methodologies in advancing the domain
of 6G Networks, charting a compelling course for the future of wireless communication

systems.

7.2 Future Works

1. A promising direction for future research involves addressing the limitation of as-
suming perfect CSI availability at the transmitters and receivers. One possible ex-

tension is to explore the implications and benefits of incorporating imperfect chan-
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nel estimation with random error matrices, as demonstrated in [121]. By adopting
this approach, the studies conducted in the thesis can be expanded to real-world

scenarios where imperfect CSI is more prevalent.

. Another limitation arises from the constraints of the GSVD technique, which only
allows the combination of two users simultaneously. Fortunately, recent advances
in the field have shown that the GSVD technique can be extended to more than two
users, as demonstrated in [122] and [123]. The results obtained indicate that the
proposed methods have considerable potential for expansion beyond two MIMO-

NOMA users. This enables assigning more than two users in a resource block.

. An enticing avenue for future research involves integrating the proposed system
models with emerging technologies such as intelligent reflecting surfaces and un-
manned aerial vehicles. This integration holds significant potential and offers promis-

ing opportunities to enhance the received SINR of the MIMO-NOMA systems.

. The research conducted in Chapter 5 explores the potential benefits of an optimal
user pairing that reduces the energy consumption of a pair of NOMA users. There-
fore, the proposed method in Chapter 5 could be further extended to a multi-user
scenario considering the total minimization of the whole system. Thus this research
idea would provide valuable insights into the efficacy of user pairing in large-scale

user deployments.

. The remarkable performance improvement achieved by hybrid-SIC ordering in a
SISO-NOMA network highlights its significance in SISO-NOMA networks [15].
However, this issue is even more crucial in MIMO cases, as elaborated in the con-
text of GSVD-based MIMO-NOMA networks in Section 2.2.2. Notably, to the best
of the authors” knowledge, this particular issue has not been thoroughly investi-
gated in the existing literature. Consequently, there is a research gap that necessi-

tates further exploration and analysis.

. In this thesis, the solutions primarily rely on employing convex approximations
to convert non-convex problems into convex. In order to overcome the limitations
arising from the conversions, which often result in suboptimal solutions and po-

tential performance loss, a promising direction for future work involves investigat-
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ing the application of machine learning-based algorithms. By leveraging machine
learning capabilities, such algorithms can provide adaptive and efficient solutions
to the discussed system models, handling the complexity introduced by adding more

variables and adapting to time-varying environments.

7. Future work for the thesis includes exploring the potential benefits and performance
improvements offered by the rate-splitting multiple access techniques compared
to NOMA. The thesis has already investigated the GSVD-based MIMO scheme,
which decomposes the channel into private and common components. This scheme
can be extended to the rate-splitting technique, where the transmit signal incorpo-
rates common and private components for each user. This observation suggests a
valuable opportunity to transform the proposed studies on NOMA-based systems
into rate-splitting-based studies. By analyzing and evaluating the performance of
the rate-splitting technique, a comprehensive understanding of its advantages over

NOMA can be obtained.

This thesis makes significant contributions to the field of wireless communication sys-
tems by integrating MIMO and NOMA technologies through the utilization of the GSVD-
based beamforming technique. The proposed solutions have successfully showcased ad-
vancements in various key aspects, including reduced offloading delay, enhanced energy
efficiency, improved security, and higher achievable data rates. These findings provide

a deeper understanding of the potential benefits of MIMO-NOMA integration and pave
the way for future research directions. Areas worth exploring include investigating the
effects of imperfect CSI, exploring the multi-linear-GSVD approach, combining the pro-
posed techniques with emerging technologies such as intelligent reflecting surfaces and
unmanned aerial vehicles, optimizing adaptive SIC ordering strategies, and exploring
the transformation of the proposed solutions into GSVD-based RSMA-MIMO networks.
These future research avenues hold promise for further improving the performance and

capabilities of wireless communication systems.

126



References

[1]

[3]

[5]

S. A. A. Hakeem, H. H. Hussein, and H. Kim, “Vision and research directions of
6G technologies and applications,” Journal of King Saud University-Computer

and Information Sciences, 2022 (cited on p. 16).

K. Higuchi and A. Benjebbour, “Non-orthogonal multiple access (NOMA) with
successive interference cancellation for future radio access,” IEICE Transactions

on Communications, vol. 98, no. 3, pp. 403414, 2015 (cited on p. 17).

B. Makki, K. Chitti, A. Behravan, and M.-S. Alouini, “A survey of noma: Cur-
rent status and open research challenges,” IEEE Open Journal of the Communi-
cations Society, pp. 179-189, 2020. por: 10 . 1109/ 0JCOMS . 2020 . 2969899

(cited on pp. 17, 23).

Z. Chen, Z. Ding, X. Dai, and R. Zhang, “An optimization perspective of the su-
periority of NOMA compared to conventional OMA,” IEEE Transactions on Sig-

nal Processing, vol. 65, no. 19, pp. 5191-5202, 2017 (cited on pp. 17, 68).

Z. Ding, D. W. K. Ng, R. Schober, and H. V. Poor, “Delay Minimization for NOMA-
MEC Offloading,” IEEE Signal Processing Letters, vol. 25, no. 12, pp. 1875—

1879, 2018 (cited on pp. 17, 52-54).

W. Zhao, B. Wang, H. Bao, and B. Li, “Secure Energy-Saving Resource Alloca-
tion on Massive MIMO-MEC System,” IEEE Access, vol. 8, pp. 137 244—137 253,

2020 (cited on pp. 17, 52).

M. Taherzadeh, H. Nikopour, A. Bayesteh, and H. Baligh, “Scma codebook de-
sign,” in 2014 IEEE 80th Vehicular Technology Conference (VTC2014-Fall),

2014, pp. 1-5. por: 10.1109/VTCFall.2014.6966170 (cited on p. 23).

127


https://doi.org/10.1109/OJCOMS.2020.2969899
https://doi.org/10.1109/VTCFall.2014.6966170

[8] J.Zeng, B. Li, X. Su, L. Rong, and R. Xing, “Pattern division multiple access
(PDMA) for cellular future radio access,” in 2015 International Conference on
Wireless Communications & Signal Processing (WCSP), 2015, pp. 1-5. por: 10.

1109/WCSP.2015.7341229 (cited on p. 23).

[9] Y. Cao, H. Sun, J. Soriaga, and T. Ji, “Resource spread multiple access - a novel
transmission scheme for 5G uplink,” in 2017 IEEE 86th Vehicular Technology
Conference (VIC-Fall), 2017, pp. 1-5. por: 10.1109/VTCFall.2017.8288412

(cited on p. 23).

[10] Z. Yuan, G. Yu, W. Li, Y. Yuan, X. Wang, and J. Xu, “Multi-user shared access
for internet of things,” in 2016 IEEE 83rd Vehicular Technology Conference (VIC
Spring), 2016, pp. 1-5. por: 10 . 1109/ VTCSpring . 2016 . 7504361 (cited on

p. 23).

[11] S. Hu, B. Yu, C. Qian, et al., “Nonorthogonal interleave-grid multiple access
scheme for industrial internet of things in 5G network,” IEEE Transactions on
Industrial Informatics, vol. 14, no. 12, pp. 5436-5446, 2018. por: 10 . 1109/

TII.2018.2858142 (cited on p. 23).

[12] B. Clerckx, H. Joudeh, C. Hao, M. Dai, and B. Rassouli, “Rate splitting for MIMO
wireless networks: A promising physical layer strategy for LTE evolution,” IEEE
Communications Magazine, vol. 54, no. 5, pp. 98-105, 2016. por: 10 . 1109/

MCOM.2016.7470942 (cited on p. 23).

[13] A. Benjebbour, “An overview of non-orthogonal multiple access,” ZTE Commu-
nications, vol. 15, no. S1, pp. 21-30, 2017. por: 10 . 3969/ j . issn . 1673 -

5188.2017.51.003 (cited on pp. 23, 26, 28).

[14] M. Aldababsa, M. Toka, S. Gokeeli, G. K. Kurt, and O. Kucur, “A tutorial on
nonorthogonal multiple access for 5G and beyond,” Wireless Communications
and Mobile Computing, pp. 1-24, 2018. por: 10.1155/2018/9713450 (cited on
pp- 24, 27).

128


https://doi.org/10.1109/WCSP.2015.7341229
https://doi.org/10.1109/WCSP.2015.7341229
https://doi.org/10.1109/VTCFall.2017.8288412
https://doi.org/10.1109/VTCSpring.2016.7504361
https://doi.org/10.1109/TII.2018.2858142
https://doi.org/10.1109/TII.2018.2858142
https://doi.org/10.1109/MCOM.2016.7470942
https://doi.org/10.1109/MCOM.2016.7470942
https://doi.org/10.3969/j. issn. 1673-5188. 2017. S1. 003
https://doi.org/10.3969/j. issn. 1673-5188. 2017. S1. 003
https://doi.org/10.1155/2018/9713450

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Z. Ding, R. Schober, and H. V. Poor, “Unveiling the Importance of SIC in NOMA
Systems—Part 1: State of the Art and Recent Findings,” IEEE Communications
Letters, vol. 24, no. 11, pp. 2373-2377, 2020. por: 10 . 1109 /LCOMM . 2020 .

3012604 (cited on pp. 24, 125).

Z. Yang, M. Chen, W. Saad, W. Xu, and M. Shikh-Bahaei, “Sum-rate maximiza-
tion of uplink rate splitting multiple access (RSMA) communication,” in 2019
IEEFE Global Communications Conference (GLOBECOM), 2019, pp. 1-6. por:

10.1109/GLOBECOM38437.2019.9013344 (cited on p. 27).

C. C. Paige, “Computing the generalized singular value decomposition,” SIAM
Journal on Scientific and Statistical Computing, vol. 7, no. 4, pp. 1126-1146,

1986. por: 10.1137/0907077 (cited on p. 29).

S. Doclo and M. Moonen, “GSVD-based optimal filtering for single and multi-
microphone speech enhancement,” IEEE Transactions on Signal Processing,
vol. 50, no. 9, pp. 2230-2244, 2002. por: 10.1109/TSP . 2002 . 801937 (cited

on p. 29).

O. Alter, P. O. Brown, and D. Botstein, “Generalized singular value decompo-
sition for comparative analysis of genome-scale expression data sets of two dif-
ferent organisms,” Proceedings of the National Academy of Sciences, vol. 100,

no. 6, pp. 3351-3356, 2003 (cited on p. 29).

C. Rao, Z. Ding, and X. Dai, “GSVD-based MIMO-noma security transmission,”
IEEE Wireless Communications Letters, vol. 10, no. 7, pp. 1484-1487, 2021.

por: 10.1109/LWC.2021.3071365 (cited on p. 30).

S. A. A. Fakoorian and A. L. Swindlehurst, “Dirty paper coding versus linear
GSVD-Based Precoding in MIMO broadcast channel with confidential mes-
sages,” in 2011 IEEE Global Telecommunications Conference - GLOBECOM

2011, 2011, pp. 1-5. por: 10.1109/GLOCOM.2011.6134129 (cited on p. 30).

129


https://doi.org/10.1109/LCOMM.2020.3012604
https://doi.org/10.1109/LCOMM.2020.3012604
https://doi.org/10.1109/GLOBECOM38437.2019.9013344
https://doi.org/10.1137/0907077
https://doi.org/10.1109/TSP.2002.801937
https://doi.org/10.1109/LWC.2021.3071365
https://doi.org/10.1109/GLOCOM.2011.6134129

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

W. Mei, Z. Chen, and J. Fang, “GSVD-based precoding in MIMO systems with
integrated services,” IEEE Signal Processing Letters, vol. 23, no. 11, pp. 1528—

1532, 2016 (cited on pp. 30, 67, 75).

C. Rao, Z. Ding, and X. Dai, “GSVD-based precoding in MIMO systems with
integrated services,” IET Communications, vol. 14, no. 21, pp. 3802-3812, 2020.

por: 10.1049/iet-com.2020.0555 (cited on p. 30).

M. F. Hanif and Z. Ding, “Robust power allocation in MIMO-NOMA systems,”
IEEE Wireless Communications Letters, vol. 8, no. 6, pp. 1541-1545, 2019 (cited
on p. 30).

Y. Dursun, F. Fang, and Z. Ding, “Hybrid NOMA based MIMO offloading for

mobile edge computing in 6G networks,” China Communications, vol. 19, no. 10,

pp- 12-20, 2022 (cited on pp. 30, 84, 86, 103, 109).

Y. Dursun, M. B. Goktas, and Z. Ding, “Green NOMA based MU-MIMO trans-
mission for mec in 6G networks,” Computer Networks, vol. 228, p. 109 749, 2023,
1ssN: 1389-1286. por: https://doi.org/10.1016/j. comnet.2023.109749

(cited on pp. 30, 39, 118).

Y. Dursun, K. Wang, and Z. Ding, “Secrecy sum rate maximization for a MIMO-
NOMA uplink transmission in 6G networks,” Physical Communication, vol. 53,

p. 101675, 2022 (cited on pp. 30, 39, 85, 88, 103).

Z. Chen, Z. Ding, X. Dai, and R. Schober, “Asymptotic performance analysis of
GSVD-NOMA systems with a large-scale antenna array,” IEEE Transactions on
Wireless Communications, vol. 18, no. 1, pp. 575-590, 2019. por: 10 . 1109/

TWC.2018.2883102 (cited on pp. 29, 33, 109).

F. Fang, Y. Xu, Z. Ding, C. Shen, M. Peng, and G. K. Karagiannidis, “Optimal
Resource Allocation for Delay Minimization in NOMA-MEC Networks,” IEEE
Transactions on Communications, vol. 68, no. 12, pp. 7867-7881, 2020. por:

10.1109/TCOMM. 2020 .3020068 (cited on pp. 36, 39).

130


https://doi.org/10.1049/iet-com.2020.0555
https://doi.org/https://doi.org/10.1016/j.comnet.2023.109749
https://doi.org/10.1109/TWC.2018.2883102
https://doi.org/10.1109/TWC.2018.2883102
https://doi.org/10.1109/TCOMM.2020.3020068

[30] G.Li, M. Zeng, D. Mishra, L. Hao, Z. Ma, and O. A. Dobre, “Latency minimiza-
tion for IRS-Aided NOMA MEC systems with WPT-enabled IoT devices,” IEEE
Internet of Things Journal, pp. 1-1, 2023. por: 10.1109/JI0T.2023. 3240395

(cited on pp. 36, 39).

[31] S.S. Yilmaz and B. Ozbek, “Massive MIMO-NOMA Based MEC in Task Of-
floading for Delay Minimization,” IEEE Access, vol. 11, pp. 162-170, 2023. por:

10.1109/ACCESS.2022.3232731 (cited on p. 39).

[32] Y.Zhang, Z. Na, Y. Wang, and C. Ji, “Joint power allocation and deployment op-
timization for HAP-assisted NOMA-MEC system,” Wireless Networks, pp. 1-13,

2022 (cited on p. 39).

[33] F. Guo, H. Zhang, H. Ji, X. Li, and V. C. Leung, “Joint Trajectory and Compu-
tation Offloading Optimization for UAV-assisted MEC with NOMA,” in /[EEE
INFOCOM 2019 - IEEE Conference on Computer Communications Workshops
(INFOCOM WKSHPS), 2019, pp. 1-6. por: 10 . 1109/ INFOCOMWKSHPS47286 .

2019.9093764 (cited on p. 39).

[34] C. Zheng and W. Zhou, “Computation bits maximization in backscatter-assisted
wireless-powered NOMA-MEC networks,” EURASIP Journal on Wireless Com-

munications and Networking, vol. 2022, no. 1, p. 23, 2022 (cited on p. 39).

[35] Y. Xu, T. Zhang, Y. Zou, and Y. Liu, “Reconfigurable Intelligence Surface Aided
UAV-MEC Systems With NOMA,” IEEE Communications Letters, vol. 26, no. 9,

pp- 2121-2125, 2022. por: 10.1109/LCOMM. 2022. 3183285 (cited on p. 39).

[36] 1. Altin and M. Akar, “A joint resource allocation method for hybrid NOMA MEC

offloading,” Physical Communication, vol. 54, p. 101 809, 2022 (cited on p. 39).

[37] L.Lin, W. Zhou, Z. Yang, and J. Liu, “Deep reinforcement learning-based task
scheduling and resource allocation for NOMA-MEC in industrial internet of things,”
Peer-to-Peer Networking and Applications, vol. 16, no. 1, pp. 170-188, 2023

(cited on p. 39).

131


https://doi.org/10.1109/JIOT.2023.3240395
https://doi.org/10.1109/ACCESS.2022.3232731
https://doi.org/10.1109/INFOCOMWKSHPS47286.2019.9093764
https://doi.org/10.1109/INFOCOMWKSHPS47286.2019.9093764
https://doi.org/10.1109/LCOMM.2022.3183285

[38] C.Li, H. Wang, and R. Song, “Mobility-aware offloading and resource allocation
in NOMA-MEC systems via DC,” IEEE Communications Letters, vol. 26, no. 5,

pp. 1091-1095, 2022. por: 10.1109/LCOMM. 2022 . 3154434 (cited on p. 39).

[39] T. Van Truong and A. Nayyar, “System performance and optimization in NOMA
mobile edge computing surveillance network using GA and PSO,” Computer

Networks, p. 109 575, 2023 (cited on p. 39).

[40] M. Chen, Y. Wan, M. Wen, and T. Zhou, “Fairness optimization in IRS-assisted
MEC computational offloading,” Physical Communication, vol. 54, p. 101 855,

2022 (cited on p. 39).

[41] W. Dinkelbach, “On nonlinear fractional programming,” Management science,

vol. 13, no. 7, pp. 492498, 1967 (cited on pp. 44, 53).

[42] K. Shen and W. Yu, “Fractional programming for communication systems—part
i: Power control and beamforming,” IEEE Transactions on Signal Processing,

vol. 66, no. 10, pp. 2616-2630, 2018 (cited on pp. 44, 45).

[43] K. B. Petersen, M. S. Pedersen, et al., “The matrix cookbook,” Technical Univer-
sity of Denmark, vol. 7, no. 15, p. 510, 2008 (cited on pp. 45, 113).

[44] S.P. Boyd and L. Vandenberghe, Convex optimization. Cambridge university

press, 2004 (cited on p. 47).

[45] Z.Luo, W.-k. Ma, A. M.-c. So, Y. Ye, and S. Zhang, “Semidefinite relaxation of
quadratic optimization problems,” IEEE Signal Processing Magazine, vol. 27,

no. 3, pp. 20-34, 2010. por: 10.1109/MSP.2010.936019 (cited on p. 48).

[46] M. Grant and S. Boyd, Cvx: Matlab Software for Disciplined Convex Program-

ming, version 2.1, 2014 (cited on pp. 49, 57).

[47] Z.Ding, F. Adachi, and H. V. Poor, “The Application of MIMO to Non-Orthogonal
Multiple Access,” IEEE Transactions on Wireless Communications, vol. 15, no. 1,

pp- 537-552, 2015 (cited on p. 52).

132


https://doi.org/10.1109/LCOMM.2022.3154434
https://doi.org/10.1109/MSP.2010.936019

[48]

[49]

[50]

[51]

[52]

[53]

[54]

S. R. Islam, N. Avazov, O. A. Dobre, and K.-S. Kwak, “Power-Domain Non-
Orthogonal Multiple Access (NOMA) in 5G systems: Potentials and Challenges,”
IEEE Communications Surveys & Tutorials, vol. 19, no. 2, pp. 721-742, 2016

(cited on pp. 52, 57).

Y. Wang, R. Chen, and D.-C. Wang, “A survey of Mobile Cloud Computing Ap-
plications: Perspectives and Challenges,” Wireless Personal Communications,

vol. 80, no. 4, pp. 1607-1623, 2015 (cited on p. 52).

S. Sardellitti, G. Scutari, and S. Barbarossa, “Joint Optimization of Radio and
Computational Resources for Multicell Mobile-Edge Computing,” IEEE Trans-
actions on Signal and Information Processing over Networks, vol. 1, no. 2, pp. 89—

103, 2015 (cited on p. 52).

J. Wang, B. Liu, and L. Feng, “Secure MISO Cognitive-based Mobile Edge Com-
puting with Wireless Power Transfer,” IEEE Access, vol. 8, pp. 15518-15 528,

2020 (cited on p. 52).

C. Ding, J.-B. Wang, H. Zhang, M. Lin, and J. Wang, “Joint MU-MIMO Precod-
ing and Resource Allocation for Mobile-Edge Computing,” IEEE Transactions

on Wireless Communications, 2020 (cited on p. 52).

J. Yan, S. Bi, Y. J. Zhang, and M. Tao, “Optimal Task Offloading and Resource
Allocation in Mobile-Edge Computing with Inter-User Task Dependency,” IEEE
Transactions on Wireless Communications, vol. 19, no. 1, pp. 235-250, 2019

(cited on p. 52).

F. Fang, Y. Xu, Z. Ding, C. Shen, M. Peng, and G. K. Karagiannidis, “Optimal
Resource Allocation for Delay Minimization in NOMA-MEC Networks,” IEEE

Transactions on Communications, vol. 68, no. 12, pp. 7867-7881, 2020 (cited on

p. 52).

133



[55] F. Fang, K. Wang, Z. Ding, and V. C. Leung, “Energy-Efficient Resource Allo-
cation for NOMA-MEC Networks with Imperfect CS1,” IEEE Transactions on

Communications, 2021 (cited on p. 52).

[56] A. Kiani and N. Ansari, “Edge Computing Aware NOMA for 5G Networks,”
IEEE Internet of Things Journal, vol. 5, no. 2, pp. 1299-1306, 2018 (cited on

pp- 52, 53).

[57] H.Li, F. Fang, and Z. Ding, “Joint Resource Allocation for Hybrid NOMA-assisted
MEC in 6G Networks,” Digital Communications and Networks, vol. 6, no. 3,

pp- 241-252, 2020 (cited on p. 53).

[58] Z.Ma, Z. Ding, P. Fan, and S. Tang, “A General Framework for MIMO Uplink
and Downlink Transmissions in 5G Multiple Access,” in IEEE 83rd Vehicular

Technology Conference (VTC Spring), IEEE, 2016, pp. 1-4 (cited on p. 53).

[59] Z.Ding, X. Lei, G. K. Karagiannidis, R. Schober, J. Yuan, and V. K. Bhargava,
“A survey on Non-Orthogonal Multiple Access for 5G Networks: Research Chal-
lenges and Future Trends,” IEEE Journal on Selected Areas in Communications,

vol. 35, no. 10, pp. 2181-2195, 2017 (cited on p. 53).

[60] Z.Ding, R. Schober, and H. V. Poor, “Unveiling the Importance of SIC in NOMA
Systems—Part 1: State of the Art and Recent Findings,” IEEE Communications

Letters, vol. 24, no. 11, pp. 2373-2377, 2020 (cited on p. 56).

[61] Y.Zhang, Y. Wang, and W. Zhang, “Energy Efficient Resource Allocation for
Heterogeneous Cloud Radio Access Networks with User Cooperation and QoS
guarantees,” in 2016 IEEE Wireless Communications and Networking Confer-

ence, IEEE, 2016, pp. 1-6 (cited on p. 60).

[62] L. Dai, B. Wang, Z. Ding, Z. Wang, S. Chen, and L. Hanzo, “A survey of non-
orthogonal multiple access for 5G,” IEEE Communications Surveys & Tutorials,

vol. 20, no. 3, pp. 2294-2323, 2018 (cited on pp. 68, 78).

134



[63] Y.Liu, G. Pan, H. Zhang, and M. Song, “On the capacity comparison between
MIMO-NOMA and MIMO-OMA,” IEEE Access, vol. 4, pp. 2123-2129, 2016

(cited on pp. 68, 78).

[64] F. Kara, “Error performance of cooperative relaying systems empowered by SWIPT

and NOMA,” Physical Communication, vol. 49, p. 101 450, 2021 (cited on p. 68).

[65] Y.Zhang, H.-M. Wang, Q. Yang, and Z. Ding, “Secrecy sum rate maximiza-
tion in non-orthogonal multiple access,” IEEE Communications Letters, vol. 20,

no. 5, pp. 930-933, 2016 (cited on p. 68).

[66] F.Jia, C. Zhang, C. Jiang, M. Li, and J. Ge, “Guaranteeing positive secrecy rate
for NOMA system against internal eavesdropping,” IEEE Communications Let-

ters, vol. 25, no. 6, pp. 1805-1809, 2021 (cited on pp. 68, 77).

[67] Y. Cao, N. Zhao, Y. Chen, et al., “Secure transmission via beamforming opti-
mization for NOMA networks,” IEEE Wireless Communications, vol. 27, no. 1,

pp- 193-199, 2019 (cited on p. 68).

[68] C. Yin and L. Yan, “Secure beamforming design for the UAV-enabled transmis-
sion over NOMA networks,” EURASIP Journal on Wireless Communications

and Networking, vol. 2020, no. 1, pp. 1-11, 2020 (cited on p. 68).

[69] Y. Deng, Q. Li, Q. Zhang, L. Yang, and J. Qin, “Secure beamforming design in
MIMO NOMA networks for internet of things with perfect and imperfect CSI,”

Computer Networks, vol. 187, p. 107 839, 2021 (cited on pp. 68, 79).

[70] F.Zhou, Z. Chu, Y. Wu, N. Al-Dhahir, and P. Xiao, “Enhancing PHY security
of MISO NOMA SWIPT systems with a practical non-linear EH model,” in 2018
IEEE International Conference on Communications Workshops (ICC Workshops),
IEEE, 2018, pp. 1-6 (cited on p. 68).

[71] N. Nandan, S. Majhi, and H.-C. Wu, “Beamforming and power optimization for

physical layer security of MIMO-NOMA based CRN over imperfect CS1,” IEEE

135



Transactions on Vehicular Technology, vol. 70, no. 6, pp. 5990-6001, 2021 (cited
on p. 63).

[72] M. Zeng, N.-P. Nguyen, O. A. Dobre, and H. V. Poor, “Securing downlink mas-
sive MIMO-NOMA networks with artificial noise,” IEEE Journal of Selected

Topics in Signal Processing, vol. 13, no. 3, pp. 685-699, 2019 (cited on p. 68).

[73] M. Tian, Q. Zhang, S. Zhao, Q. Li, and J. Qin, “Secrecy sum rate optimization
for downlink MIMO nonorthogonal multiple access systems,” IEEE Signal Pro-

cessing Letters, vol. 24, no. 8, pp. 1113-1117, 2017 (cited on p. 68).

[74] K. Jiang, T. Jing, Y. Huo, F. Zhang, and Z. Li, “SIC-based secrecy performance
in uplink NOMA multi-eavesdropper wiretap channels,” IEEE Access, vol. 6,

pp- 19664-19 680, 2018 (cited on p. 69).

[75] J. Steinwandt, S. A. Vorobyov, and M. Haardt, “Secrecy rate maximization for
MIMO gaussian wiretap channels with multiple eavesdroppers via alternating
matrix POTDC,” in 2014 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), IEEE, 2014, pp. 5686-5690 (cited on pp. 69,
80).

[76] G. Gomez, F. J. Martin-Vega, F. J. Lopez-Martinez, Y. Liu, and M. Elkashlan,
“Physical layer security in uplink NOMA multi-antenna systems with randomly
distributed eavesdroppers,” IEEE Access, vol. 7, pp. 70422-70435, 2019 (cited
on p. 69).

[77] K. Jiang, W. Zhou, and L. Sun, “Jamming-aided secrecy performance in secure
uplink NOMA system,” IEEE access, vol. 8, pp. 15072—-15 084, 2020 (cited on
pp- 69, 95).

[78] M. Vaezi, W. Shin, and H. V. Poor, “Optimal beamforming for gaussian MIMO

wiretap channels with two transmit antennas,” IEEE Transactions on Wireless

Communications, vol. 16, no. 10, pp. 67266735, 2017 (cited on p. 69).

136



[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

C. Rao, Z. Ding, and X. Dai, “GSVD-based MIMO-NOMA security transmis-
sion,” IEEE Wireless Communications Letters, vol. 10, no. 7, pp. 1484—1487,

2021 (cited on pp. 69, 72).

S. Zhao, J. Liu, Y. Shen, X. Jiang, and N. Shiratori, “Secure and energy-efficient
precoding for MIMO two-way untrusted relay systems,” IEEE Transactions on

Information Forensics and Security, vol. 16, pp. 3371-3386, 2021 (cited on p. 69).

S. Goel and R. Negi, “Guaranteeing secrecy using artificial noise,” IEEE Trans-
actions on wireless communications, vol. 7, no. 6, pp. 2180-2189, 2008 (cited on

pp- 70, 71).

M. F. Hanif and Z. Ding, “Robust power allocation in MIMO-NOMA systems,”
IEEE Wireless Communications Letters, vol. 8, no. 6, pp. 1541-1545, 2019 (cited

on p. 72).

N. Vucic, S. Shi, and M. Schubert, “Dc programming approach for resource al-
location in wireless networks,” in 8th International Symposium on Modeling and
Optimization in Mobile, Ad Hoc, and Wireless Networks, IEEE, 2010, pp. 380-

386 (cited on p. 75).

Y. Qi and M. Vaezi, “Secure transmission in MIMO-NOMA networks,” IEEE

Communications Letters, vol. 24, no. 12, pp. 2696-2700, 2020 (cited on p. 77).

Y. Yuan, Z. Yuan, G. Yu, et al., “Non-orthogonal transmission technology in
LTE evolution,” IEEE Communications Magazine, vol. 54, no. 7, pp. 6874,

2016 (cited on p. 77).

Z. Chen, Z. Ding, X. Dai, and R. Schober, “Asymptotic performance analysis of
GSVD-NOMA systems with a large-scale antenna array,” IEEE Transactions on
Wireless Communications, vol. 18, no. 1, pp. 575-590, 2018 (cited on pp. 78, 84,

88, 95).

137



[87] W. U. Khan, F. Jameel, T. Ristaniemi, S. Khan, G. A. S. Sidhu, and J. Liu, “Joint
spectral and energy efficiency optimization for downlink NOMA networks,” IEEE

Transactions on Cognitive Communications and Networking, vol. 6, no. 2, pp. 645—

656, 2019 (cited on p. 78).

[88] M. Mollanoori and M. Ghaderi, “Uplink scheduling in wireless networks with
successive interference cancellation,” IEEE Transactions on Mobile Computing,

vol. 13, no. 5, pp. 1132-1144, 2013 (cited on p. 78).

[89] S. M. R. Islam, N. Avazov, O. A. Dobre, and K.-s. Kwak, ‘“Power-domain non-
orthogonal multiple access (NOMA) in 5G systems: Potentials and challenges,”
IEEE Communications Surveys & Tutorials, vol. 19, no. 2, pp. 721-742, 2017.

por: 10.1109/COMST.2016.2621116 (cited on p. 84).

[90] L. Dai, B. Wang, Z. Ding, Z. Wang, S. Chen, and L. Hanzo, “A survey of non-
orthogonal multiple access for 5G,” IEEE Communications Surveys & Tutorials,
vol. 20, no. 3, pp. 2294-2323, 2018. por: 10 . 1109/ COMST . 2018 . 2835558

(cited on p. 84).

[91] Y. Mao, C. You, J. Zhang, K. Huang, and K. B. Letaief, “A survey on mobile
edge computing: The communication perspective,” IEEE Communications Sur-

veys & Tutorials, vol. 19, no. 4, pp. 2322-2358, 2017 (cited on p. 85).

[92] B. Liu, C. Liu, and M. Peng, “Resource allocation for energy-efficient MEC in
NOMA-enabled massive iot networks,” IEEE Journal on Selected Areas in Com-

munications, vol. 39, no. 4, pp. 1015-1027, 2020 (cited on p. 85).

[93] B. Su, Q. Ni, W. Yu, and H. Pervaiz, “Optimizing computation efficiency for
NOMA-assisted mobile edge computing with user cooperation,” IEEE Trans-

actions on Green Communications and Networking, vol. 5, no. 2, pp. 858-867,

2021 (cited on p. 85).

138


https://doi.org/10.1109/COMST.2016.2621116
https://doi.org/10.1109/COMST.2018.2835558

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

L. Lin, J. Liu, D. Zhang, Y. Xie, et al., “Joint offloading decision and resource al-
location for multiuser NOMA-MEC systems,” IEEE Access, vol. 7, pp. 181 100—

181116, 2019 (cited on p. 85).

M. Sheng, Y. Dai, J. Liu, N. Cheng, X. Shen, and Q. Yang, “Delay-aware com-
putation offloading in NOMA MEC under differentiated uploading delay,” IEEE

Transactions on Wireless Communications, vol. 19, no. 4, pp. 2813-2826, 2020

(cited on pp. 85, 92).

F. Fang, K. Wang, Z. Ding, and V. C. Leung, “Energy-efficient resource allo-
cation for NOMA-MEC networks with imperfect CSI,” IEEE Transactions on

Communications, vol. 69, no. 5, pp. 3436-3449, 2021 (cited on pp. 85, 89, 91).

N. A. Mitsiou, P. N. Gavriilidis, P. D. Diamantoulakis, and G. K. Karagiannidis,
“Wireless powered multi-access edge computing with slotted ALOHA,” IEEE

Communications Letters, 2022 (cited on p. 85).

F. Binucci, P. Banelli, P. Di Lorenzo, and S. Barbarossa, “Dynamic resource al-
location for multi-user goal-oriented communications at the wireless edge,” in
2022 30th European Signal Processing Conference (EUSIPCO), IEEE, 2022,

pp- 697-701 (cited on p. 85).

M. Merluzzi, N. di Pietro, P. Di Lorenzo, E. C. Strinati, and S. Barbarossa, “Dis-
continuous computation offloading for energy-efficient mobile edge computing,”
IEEE Transactions on Green Communications and Networking, vol. 6, no. 2,

pp. 1242-1257, 2021 (cited on p. 86).

G. Niu, Q. Cao, and M.-O. Pun, “Qos-aware resource allocation for mobile edge
networks: User association, precoding and power allocation,” IEEE Transac-
tions on Vehicular Technology, vol. 70, no. 12, pp. 12617-12 630, 2021 (cited
on p. 86).

E. Vlachos, J. Thompson, A. Kaushik, and C. Masouros, ‘“Radio-frequency chain

selection for energy and spectral efficiency maximization in hybrid beamform-

139



[102]

[103]

[104]

[105]

[106]

[107]

[108]

ing under hardware imperfections,” Proceedings of the Royal Society A, vol. 476,

no. 2244, p. 20200451, 2020 (cited on p. 90).

A. Kaushik, J. Thompson, E. Vlachos, C. Tsinos, and S. Chatzinotas, “Dynamic
RF chain selection for energy efficient and low complexity hybrid beamforming
in millimeter wave MIMO systems,” IEEE Transactions on Green Communica-

tions and Networking, vol. 3, no. 4, pp. 886900, 2019 (cited on p. 90).

Y. Pei, T.-H. Pham, and Y.-C. Liang, “How many RF chains are optimal for large-
scale MIMO systems when circuit power is considered?” In 2012 IEEE Global
Communications Conference (GLOBECOM), 1IEEE, 2012, pp. 3868-3873 (cited
on p. 90).

B. Rong, “6G: The Next Horizon: From connected people and things to con-
nected intelligence,” IEEE Wireless Communications, vol. 28, no. 5, pp. 8-8,

2021. por: 10.1109/MWC.2021.9615100 (cited on p. 103).

Y. Liu, S. Zhang, X. Mu, et al., “Evolution of NOMA toward next generation
multiple access (NGMA) for 6G,” IEEE Journal on Selected Areas in Commu-
nications, vol. 40, no. 4, pp. 1037-1071, 2022. por: 10 . 1109/ JSAC . 2022 .

3145234 (cited on p. 103).

H. Semira, F. Kara, H. Kaya, and H. Yanikomeroglu, “Multi-user joint maximum-
likelihood detection in uplink NOMA-IoT networks: Removing the error floor,”
IEEE Wireless Communications Letters, vol. 10, no. 11, pp. 2459-2463, 2021

(cited on p. 103).

M. B. Goktas and Z. Ding, “A wireless power transfer assisted NOMA transmis-
sion scheme for 5G and beyond mMTC,” IEEE Wireless Communications Let-

ters, vol. 11, no. 6, pp. 1239-1242, 2022 (cited on p. 103).

Y. Liu, G. Pan, H. Zhang, and M. Song, “On the capacity comparison between
MIMO-NOMA and MIMO-OMA,” IEEE Access, vol. 4, pp. 2123-2129, 2016

(cited on p. 103).

140


https://doi.org/10.1109/MWC.2021.9615100
https://doi.org/10.1109/JSAC.2022.3145234
https://doi.org/10.1109/JSAC.2022.3145234

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

M. Vaezi, R. Schober, Z. Ding, and H. V. Poor, “Non-orthogonal multiple access:
Common myths and critical questions,” IEEE Wireless Communications, vol. 26,

no. 5, pp. 174-180, 2019 (cited on p. 103).

A. Goldsmith, S. A. Jafar, I. Maric, and S. Srinivasa, “Breaking spectrum grid-
lock with cognitive radios: An information theoretic perspective,” Proceedings of

the IEEE, vol. 97, no. 5, pp. 894-914, 2009 (cited on p. 104).

S. Bhattacharjee, T. Acharya, and U. Bhattacharya, “Cognitive radio based spec-
trum sharing models for multicasting in 5G cellular networks: A survey,” Com-

puter Networks, vol. 208, p. 108 870, 2022 (cited on p. 104).

A. Srivastava and G. Kaur, “CEAR: A cooperation based energy aware reward
scheme for next generation green cognitive radio networks,” Physical Communi-

cation, vol. 56, p. 101 947, 2023 (cited on p. 104).

Y. Zheng, X. Li, H. Zhang, et al., “Overlay cognitive ABCom-NOMA-based
ITS: An in-depth secrecy analysis,” IEEE Transactions on Intelligent Transporta-

tion Systems, 2022 (cited on p. 104).

Y. Wu, FE. Zhou, W. Wu, Q. Wu, R. Q. Hu, and K.-K. Wong, “Multi-objective
optimization for spectrum and energy efficiency tradeoff in IRS-assisted CRNs
with NOMA,” IEEE Transactions on Wireless Communications, vol. 21, no. 8,

pp. 6627-6642, 2022 (cited on p. 104).

S. K. Nobar, M. H. Ahmed, Y. Morgan, and S. A. Mahmoud, “Resource alloca-
tion in cognitive radio-enabled UAV communication,” IEEE Transactions on
Cognitive Communications and Networking, vol. 8, no. 1, pp. 296-310, 2021

(cited on p. 104).

W. Feng, J. Tang, N. Zhao, et al., “NOMA-based UAV-aided networks for emer-
gency communications,” China Communications, vol. 17, no. 11, pp. 54-66,

2020 (cited on p. 104).

141



[117]

[118]

[119]

[120]

[121]

[122]

[123]

D.-T. Do, A.-T. Le, and B. M. Lee, “Noma in cooperative underlay cognitive
radio networks under imperfect SIC,” IEEE Access, vol. 8, pp. 86 180-86 195,

2020. por: 10.1109/ACCESS.2020.2992660 (cited on p. 104).

S. Mao, S. Leng, J. Hu, and K. Yang, “Power minimization resource allocation
for underlay MISO-NOMA SWIPT systems,” IEEE Access, vol. 7, pp. 17 247—

17255, 2019 (cited on p. 104).

K. Xu, M. Zhang, J. Liu, N. Sha, W. Xije, and L. Chen, “SWIPT in mMIMO sys-
tem with non-linear energy-harvesting terminals: Protocol design and perfor-

mance optimization,” EURASIP Journal on Wireless Communications and Net-

working, vol. 2019, pp. 1-15, 2019 (cited on p. 110).

G. Li, M. Zeng, D. Mishra, L. Hao, Z. Ma, and O. A. Dobre, “Energy-efficient
design for irs-empowered uplink MIMO-NOMA systems,” IEEE Transactions on

Vehicular Technology, vol. 71, no. 9, pp. 9490-9500, 2022 (cited on p. 113).

C.-L. Wang, Y.-C. Ding, Y.-C. Wang, and P. Xiao, “A low-complexity power al-
location scheme for MIMO-noma systems with imperfect channel estimation,”
in 2022 IEEE 33rd Annual International Symposium on Personal, Indoor and
Mobile Radio Communications (PIMRC), 2022, pp. 234-239. por: 10 . 1109/

PIMRC54779.2022.9977487 (cited on p. 125).

L. Khamidullina, A. L. F. de Almeida, and M. Haardt, “Multilinear generalized
singular value decomposition (ml-GSVD) and its application to multiuser MIMO
systems,” IEEE Transactions on Signal Processing, vol. 70, pp. 2783-2797, 2022.

por: 10.1109/TSP.2022.3178902 (cited on p. 125).

L. Khamidullina, A. L. F. de Almeida, and M. Haardt, “Rate splitting and pre-
coding strategies for multi-user MIMO broadcast channels with common and pri-
vate streams,” in ICASSP 2023 - 2023 IEEE International Conference on Acous-
tics, Speech and Signal Processing (ICASSP), 2023, pp. 1-5. por: 10 . 1109/

ICASSP49357.2023.10095138 (cited on p. 125).

142


https://doi.org/10.1109/ACCESS.2020.2992660
https://doi.org/10.1109/PIMRC54779.2022.9977487
https://doi.org/10.1109/PIMRC54779.2022.9977487
https://doi.org/10.1109/TSP.2022.3178902
https://doi.org/10.1109/ICASSP49357.2023.10095138
https://doi.org/10.1109/ICASSP49357.2023.10095138

	Front matter
	Title page
	Contents
	List of figures
	List of tables
	List of publications
	Terms and abbreviations
	Abstract
	Declaration of originality
	Copyright statement
	Acknowledgements

	1 Overview
	1.1 The Aims and Objectives of the Thesis
	1.2 The main contributions of the Thesis
	1.3 Organization of the Thesis

	2 Background Information
	2.1 Non-orthogonal Multiple Access
	2.1.1 An overview of Power-Domain NOMA

	2.2 Enhancing MIMO-NOMA Systems through GSVD: Leveraging Joint Precoding, Interference Mitigation, and Power Optimization
	2.2.1 A definition of GSVD
	2.2.2 Application of GSVD in MIMO-NOMA

	2.3 Mobile Edge Computing
	2.4 Mathematical Tools Used in the Thesis
	2.4.1 Karush-Kuhn-Tucker Method
	2.4.2 Fractional Programming
	2.4.3 Successive Convex Approximation
	2.4.4 Semi-definite Programming
	2.4.5 Semi-definite Relaxation


	3 Hybrid NOMA Based MIMO Offloading for Mobile Edge Computing in 6G Networks
	3.1 Introduction
	3.2 System Model
	3.3 Problem Formulation and Solution
	3.4 Numerical Results
	3.5 Conclusion of Chapter 3

	4 Secrecy Sum Rate Maximization for a MIMO-NOMA Uplink Transmission in 6G Networks
	4.1 Introduction
	4.2 System Model and Problem Formulation
	4.3 Problem Solution and Performance Analysis
	4.3.1 Convergence Discussion
	4.3.2 Complexity Analysis
	4.3.3 Extension to the Case of More Than Two Users
	4.3.4 A Cost Comparison between MIMO-NOMA and MIMO-OMA

	4.4 Numerical Results
	4.5 Conclusion of Chapter 4

	5 Green NOMA-Based MU-MIMO Transmission for MEC in 6G Networks
	5.1 Introduction
	5.1.1 Network Model
	5.1.2 Channel Model
	5.1.3 Application of the GSVD Technique on MIMO Systems
	5.1.4 Multiple Access Model
	5.1.5 Mobile Edge Computing

	5.2 Problem Definition and Solution
	5.2.1 Complexity Analysis
	5.2.2 Extension to multi-user scenario

	5.3 Numerical Results
	5.4 Conclusion of Chapter 5

	6 Wireless Powered NOMA-Based Cognitive Radio for 6G Networks
	6.1 System Model
	6.2 Problem Definition and Solution
	6.2.1 A Solution for the Time Switching Coefficient in the Outer Layer
	6.2.2 A TDMA-Based Benchmark Scheme
	6.2.3 Complexity Analysis

	6.3 Numerical Results
	6.4 Conclusion of Chapter 6

	7 Conclusions and Future Works
	7.1 Conclusions of the Thesis
	7.2 Future Works

	References

