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Abstract

Efficient utilization of wireless resources is mandated to fulfill the requirements of the
sixth-generation (6G) wireless networks, such as high data rates, low latency, and ubig-
uitous connectivity. The word "resource" implies quantities such as bandwidth, power,
and time. Efficiently allocating such limited resources is an effective means to enhance
the wireless systems’ performance. Specifically, resource allocation intends to assign lim-
ited resources to users, maximizing the utilization of these resources, and attaining the
best system performance. In this line, in this dissertation, low-complexity and efficient
resource allocation strategies in networks assisted by various technologies, including non-
orthogonal multiple access (NOMA), reconfigurable intelligent surface (RIS), full-duplex
(FD), cell-free massive multiple-input multiple-output (CFmMIMO), and integrated sens-
ing and communication (ISAC) are developed and investigated. The first part of the
dissertation focuses on analyzing the outage and throughput performances, as well as
optimizing the sum rate for an FD NOMA-assisted cooperative spectrum-sharing net-
work. The second part develops novel user clustering and resource allocation algorithms
to boost the sum spectral efficiency of a CFmMIMO-NOMA system. Besides, novel low-
complexity resource allocation algorithms for optimizing the energy efficiency and total
transmit power of RIS-aided CF and RIS-enabled federated learning (FL) networks are
proposed. The third part examines the application of RIS and FD in ISAC networks

to improve the transmission rate and sensing performance. Finally, the last part draws

i



concluding remarks and discusses several topics for future investigation.
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Chapter 1

Introduction and Overview

1.1 Background and Motivation

Within the last decade, mobile communication systems have significantly evolved to meet
the escalating demand for high data rates [1]. Such demand has ever-increased with the
recent epidemic of COVID-19 to support remote data sharing and high-quality video
conferencing. Fulfilling such high data rates is, however, challenging due to the scarcity
of wireless resources, i.e., bandwidth, power, frequency, and time [2]. To cope with this
scarcity, diverse resource allocation schemes are provided as an efficient means to enhance
the system’s performance [3]. Resource allocation strategies intend to assign limited
resources to users, maximizing the utilization of these resources, and attaining the best
system performance.

In future communication networks, e.g., sixth-generation (6G) wireless, resource al-
location techniques have to be integrated with novel emerging communication technolo-
gies to help satisfy the demands for emerging services [4]. For instance, 6G networks
are expected to reach a 100-fold peak data rate (Tb/s) growth, a 10-fold latency de-

crease, and a 99.99 % end-to-end reliability requirement compared to the fifth-generation



(5G) networks [5]. These service requirements have stimulated upcoming communica-
tion scenarios to replace the conventional 5G enhanced mobile broadband (eMBB), mas-
sive machine type communication (mMTC), and ultra-reliable and low latency commu-
nications (URLLC) with their improved 6G counterparts: further eMBB, ultra mMTC,
and URLLC diverse variants [5]. Further, several technologies including cell-free massive
multiple-input multiple-output (CFmMIMO) [6], full-duplex (FD) [1], integrated sensing
and communication (ISAC) [7], non-orthogonal multiple access (NOMA) [7], and recon-
figurable intelligent surface (RIS) [8] have been proposed to fulfill the increased service
requirements of 6G networks. CFmMIMO has the potential to provide all users in a net-
work with uniform quality-of-service (QoS) [6]. FD has the ability to theoretically double
the spectral efficiency (SE) by allowing transceivers to simultaneously transmit and re-
ceive data in the same frequency band [1]. NOMA ensures that multiple users are served
within the same spectrum resources, thus enhancing the SE and user fairness [7]. RIS
can improve the capacity and coverage of wireless communication networks by smartly
reconfiguring the wireless propagation environment through software-controlled reflec-
tions [8]. ISAC enables the combination of sensing and communication systems in order
to efficiently utilize resources and make use of their mutual advantages [7]. Reaping the
benefits of the above technologies can be further expanded by integration with resource
allocation techniques. Motivated by the above, this dissertation aims to optimize resource
allocation and propose optimal or low-complexity sub-optimal solutions to enhance the

system performance for CFmMIMO, FD, ISAC, NOMA, and RIS-assisted networks.

1.2 Key 6G Communication Technologies

In order to obtain the target 6G performance, enabling technologies such as RIS, NOMA,
CFmMIMO, ISAC, and FD have been introduced [9]. Details of such technologies are



presented in the following subsections.

1.2.1 Reconfigurable Intelligent Surface (RIS)

Recently, RIS has been considered as a promising technology to improve the capacity
and coverage of wireless communication networks by smartly reconfiguring the wireless
propagation environment through software-controlled reflections [10]. Specifically, RIS
is a planar array structure that consists of a large number of low-cost passive reflect-
ing elements. These elements, independently adjusted by the RIS controller, cause am-
plitude and/or phase modifications to the electromagnetic incident signals in order to
be coherently added toward specific positions. Hence, RIS can be able to intelligently
change the channel conditions between the transmitter and the receiver via controllable
and smart signal reflections [10,11]. Owing to its potential to achieve fine-tuned chan-
nel gains, enhanced QoS, and improved coverage range of wireless networks, integrating
RIS with other emerging technologies, such as NOMA, CFmMIMO, ISAC, and FD has
attracted considerable research attention. For example, RIS can significantly boost the
SE for NOMA systems [12,13], enhance the SE and the energy efficiency (EE) for CFm-
MIMO systems [12, 14], improve communication, sensing and localization precision for
ISAC systems [8,12], and decrease the effect of self-interference (SI) at the FD systems’

receivers [15].

1.2.2 Non-Orthogonal Multiple Access (NOMA)

NOMA has been recognized as a technology which has the potential to enhance the SE
and user fairness for 5G and beyond wireless networks [16]. In NOMA, multiple user
equipments (UEs) are allowed to simultaneously transmit and receive their signals in
the same time-frequency resources by using different signal signatures (i.e., code-domain

NOMA) or power levels (i.e., power-domain NOMA). Power-domain NOMA has been
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shown to have the potential to considerably enhance the SE and realize massive con-
nectivity [17]. NOMA! has been demonstrated to outperform conventional orthogonal
multiple access (OMA) schemes in many aspects, e.g., by providing lower latency, higher
spectrum efficiency, and massive connectivity [18].

In downlink NOMA, the key benefit is attributed to the fact that UEs with better
channel conditions are able to cancel the interference caused by UEs with poorer channel
conditions using the successive interference cancellation (SIC) technique. User fairness
is then achieved by allocating a large portion of the total power budget to the weak
UEs, which also guarantees SIC’s feasibility at the strong UEs. Fig. 1.1 illustrates an
example of downlink power-domain NOMA scenario with two UEs. The UE with weak
channel conditions, i.e., UEs, is allocated more power to decode its signal by considering
UE;’s signal as noise. By implementing the SIC technique, the UE with strong channel
conditions, i.e., UE;, can decode the UEy’s signal, subtract the UEy’s signal from the
superimposed signal, and then decode its own signal.

In uplink NOMA the base station (BS) conducts successive decoding and cancellation
of different UE signals, ranked by their channel strength. Fig. 1.2 illustrates an example
of uplink power-domain NOMA scenario with two UEs. The BS firstly decodes the UE;’s
signal by considering the UE,’s signal as noise. Secondly, SIC is performed by the BS to
subtract the UE;’s signal and then decode the UEy’s signal.

Thus so far, many research works have been performed to solve the resource allocation
problems for both downlink and uplink NOMA transmission schemes, and some examples
are provided as follows. With regard to downlink NOMA, Si et al. [19] proposed a power
allocation algorithm to maximize the strong user’s transmission rate in a NOMA system.
An energy-efficient power allocation scheme was developed in [20] to maximize the EE

of a NOMA system. With regard to uplink NOMA, a joint time switching and power

INOMA refers to power-domain NOMA in the rest of this dissertation.



Fig. 1.3: An illustration of the CFmMIMO system.

allocation strategy was proposed in [21] to maximize the uplink data rate for an uplink
NOMA system. A three-step resource allocation optimization strategy, including equalizer
optimization, power allocation, and RIS beamforming, was developed in [22] to maximize

the sum rate for a uplink NOMA system.

1.2.3 Cell-Free Massive Multiple-Input Multiple-Output (CFm-
MIMO)

CFmMIMO is one of the major technological enablers for 6G wireless networks [6]. As
illustrated in Fig. 1.3, a large number of spatially distributed access points (APs) are
connected to a central processing unit (CPU) and coherently serve multiple UEs in the
same time-frequency resources [23]. The CFmMIMO technology has received increased
research attention in recent years due to (i) its potential to offer all UEs in a network with
uniform QoS, (ii) the possible compatibility with recent developments in radio-access net-

work, (iii) the great improvement of the network performance in various aspects, such as



superior SE and EE, as compared to the co-located mMIMO and conventional small-cell
systems, and (iv) the flexible integration with various emerging technologies for 5G and
beyond networks in order to enhance the network performance in different perspectives,
such as enhancing the network coverage, SE, EE, and massive connectivity [6,23]. Thus
so far, research works have been carried out to handle the resource allocation problems for
CFmMIMO operation with enabling technologies, i.e., NOMA, RIS, and FD. With regard
to the CFmMIMO integration with NOMA, UEs are grouped into spatial clusters, and
all UEs in each cluster are served on the same time-frequency-spatial resources, while the
transmitted data messages to/from different UEs are assigned various power levels [6].
In [24], an optimum power allocation design was proposed to maximize the SE for a
NOMA-based CFmMIMO system. The authors in [25] developed an optimal method for
user pairing in a RIS-NOMA-assisted CFmMIMO system. By integrating NOMA with
CFmMIMO systems, the number of concurrently served UEs becomes higher than that
of OMA-assisted CFmMIMO systems. Also, such integration can lead to a significant
performance improvement for system models with low path-loss exponents and high AP
density. With regard to the CEFmMIMO operation with RIS, utilizing RIS can enhance
the SE and EE of the CFImMIMO systems due to an extra degree-of-freedom (DoF) pro-
vided by RIS. In [26], the sum rate of a RIS-assisted CFmMIMO system is maximized
by optimizing the APs’ transmit beamforming and RIS coefficients. The authors in [27]
considered the EE maximization problem of RIS-assisted CFmMIMO system. Results
showed that the RIS-based CFmMIMO systems achieve higher sum data rate and EE
than the conventional CFmMIMO systems. With regard to the CFmMIMO integration
with FD, APs operating in FD mode can boost the SE of CFmMIMO systems since they
are able to serve both downlink and uplink UEs on the same spectrum resource [28,29].
Also, low-cost and low-power APs are well-suited for short-range transmissions between

APs and UEs [30]. In [28], the sum SE of an FD-CFmMIMO system was maximized by



optimizing the AP duplex mode selection. The authors in [29] considered the SE max-
imization problem of an FD-CFmMIMO system by optimizing the AP selection, power,

and subcarrier allocation.

1.2.4 Integrated Sensing and Communication (ISAC)

Sensing is considered an important task of the next-generation cellular networks [31].
Many emerging mobile applications, such as smart manufacturing and industrial Internet-
of-Things, not only need high-rate transmission with low latency and high reliability, but
also require location information with high accuracy [32]. In order to offer better per-
formance and efficiently utilize the spectrum, energy and hardware resources, integrating
sensing and communication functions into a single network has become a favorable ap-
proach. By jointly optimizing wireless resources, waveform and signal processing flow,
a significant performance gain can be achieved in ISAC networks [31,32]. Research has
been conducted to deal with the resource allocation problems for ISAC integrated with
enabling technologies, e.g., RIS, NOMA, and FD. With regard to the ISAC integration
with RIS, the latter can be used to simultaneously modify the communication and sensing
channels, thus improving both communication and sensing performance [33]. In [34], the
sum rate maximization problem of a RIS-assisted ISAC system was addressed by jointly
optimizing the transmit beamforming at the BS and the phase shifts of RIS. Simulation
results showed that the proposed system considerably decreases the mutual interference
between radar and BS, and enhances the sum rate for the communication system. In [35],
the minimum beampattern gain was maximized by jointly optimizing transmit beamform-
ing at BS, power allocation coefficients among NOMA UEs, and reflection coefficients at
the RIS for a NOMA-assisted RIS-ISAC system. NOMA can be beneficial for the pro-
posed RIS-ISAC system due to i) its potential to offer extra DoFs by multiplexing UEs

in the power domain and utilizing SIC to mitigate the inter-user interference, and ii) its



capability to allow more UEs to be served than the conventional OMA. With regard to
the ISAC integration with FD, working in the FD mode can allow the transceivers to
concurrently transmit a dual-functional signal, receive the echo signal, and remove the SI
due to the leakage of the transmit signal to the receiver [36]. In [37], a two-criteria opti-
mization problem, i.e., power consumption minimization and sum rate maximization, was
addressed by jointly optimizing the downlink dual-functional transmit signal, the uplink
receive beamformers at the BS, and the transmit power at the uplink UEs. Simulation
results showed that FD communication-assisted ISAC outperforms the half-duplex (HD)

communication-based ISAC in terms of SE and EE.

1.2.5 Full-Duplex (FD)

FD can theoretically double the SE of wireless networks due to its ability to enable simul-
taneous transmission and reception in the same frequency band. This is in contrast to the
traditional HD systems that require the use of distinct orthogonal links for downlink and
uplink transmissions. FD systems, however, suffer from the SI, where the received signal
is interfered by the transmitted signal. Recent advancements in SI suppression techniques
have been introduced to reduce the SI problem and enable FD communication [30]. With
proper SI suppression techniques, FD can be a catalyst for boosting other emerging wire-
less technologies, such as NOMA, CFmMIMO, RIS, and ISAC. These integrated technolo-
gies can further enhance the SE and EE, and reduce latency of future wireless networks.
Thus so far, research works have been performed to solve the resource allocation problems
for FD operation with enabling technologies, i.e., NOMA, CFmMIMO, RIS, and ISAC.
With regard to the FD integration with NOMA, using NOMA can help reduce latency
and enhance massive connectivity by serving multiple UEs on the given radio resources
at the same time [38-40]. In [38], the authors analyzed various FD NOMA-based models,

including cooperative, cellular, and cognitive networks, and provided insights on resource



allocation problems. The authors in [39] addressed the resource allocation problem to
maximize the sum rate for a RIS-aided FD multi-channel NOMA network. In [40], the
total transmit power minimization problem for a RIS-aided FD-NOMA network was for-
mulated and solved by jointly optimizing the power allocation coefficients, the active and
the passive beamformings. The authors in [39,40] showed that incorporating RIS with
FD communication-based networks is profitable as it can help increase the SE and EE,
and expand the network coverage. With regard to the CFmMIMO and ISAC integration
with FD, it is of practical interest to employ FD in CF-mMIMO and ISAC systems in
order to reap all their combined benefits for achieving higher SE and EE [28,29], and

enabling sensing and communication simultaneously [30, 36, 37].

1.3 Thesis Contribution

In this thesis, I have identified and investigated the following research points:

1. T have studied the application of FD, simultaneous wireless information and power
transfer (SWIPT), and NOMA in cooperative spectrum-sharing networks. The out-
age probability and throughput have been derived in tight closed-form approximated
expressions and used to evaluate the system performance. The power allocation
problem has been formulated and solved by a proposed rapid convergent iterative

algorithm to maximize the sum rate of the primary and secondary networks [41].

2. T have devised novel and efficient unsupervised machine learning-based user cluster-
ing (UC) algorithms to effectively cluster UEs into disjoint clusters for a CFmMIMO-
NOMA system. The sum SE maximization problem, taking into account power
constraints at APs, necessary conditions for implementing SIC, and required SE
constraints at UEs, has been formulated and solved by a proposed simple yet effi-

cient iterative algorithm [42].

10



3. I have investigated the integration of RIS in a cell-free (CF) network. The EE
maximization problem, considering a joint design of transmit beamformers at APs
and reflecting coefficients at RISs of RIS-CF network, has been formulated and

addressed by a proposed simple yet efficient alternating algorithm [43].

4. T have developed a framework that applies RIS-aided wireless power transfer (WPT)
in a federated learning (FL) network. The participating mobile users’ total transmit
power minimization problem, taking into account a joint design of the transmission
time, power control, and the RIS’s phase shifts, has been formulated and solved by

a proposed simple yet efficient iterative algorithm [44].

5. I have explored the application of RIS in an ISAC network. The optimization
problem, involving a joint design of the BS’s transmit beamforming, UE’s transmit
power, and RIS’s phase shifts, has been formulated and addressed by a proposed
block coordinate ascend (BCA)-based iterative algorithm to maximize the UE’s

transmission rate [45].

1.4 Thesis Organization

In the remainder of this dissertation, each of the above-mentioned research contributions
is discussed as follows. Chapter 2 develops an outage analysis and an optimization algo-
rithm for sum rate maximization of FD, SWIPT, and NOMA-assisted spectrum sharing
networks. Chapter 3 introduces efficient UC approaches and proposes an optimization
framework for sum rate maximization of NOMA-based CFmMIMO networks. Chapter 4
focuses on RIS-assisted CF networks and presents an optimization framework to maximize
the EE performance. Chapter 5 considers RIS-enabled FL networks and develops an op-
timization algorithm to minimize the total transmit power of MUs. Chapter 6 introduces

RIS-assisted FD ISAC networks and proposes an optimization algorithm to maximize the
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transmission rate of UE. Finally, Chapter 7 draws conclusions and presents the directions

for future research.
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Chapter 2

Outage Analysis and Sum Rate
Maximization of Full-Duplex,
Simultaneous Wireless Information
and Power Transfer, Cooperative

NOMA-Aided Overlay

Spectrum-Sharing Networks

2.1 Abstract

This chapter proposes a novel NOMA assisted cooperative spectrum-sharing network, in
which one of the FD secondary transmitters (STs) is chosen among many for forwarding
the primary transmitter’s and its own information to primary receiver and secondary re-

ceivers, respectively, using NOMA technique. To stimulate the ST to conduct cooperative
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transmission and sustain its operations, the SWIPT technique is utilized by the ST to har-
vest the primary signal’s energy. In order to evaluate the proposed system’s performance,
the outage probability and system throughput for the primary and secondary networks
are derived in tight closed-form approximations. Further, the sum rate optimization prob-
lem is formulated for the proposed cooperative network and a rapid convergent iterative
algorithm is proposed to obtain the optimized power allocation coefficients. Numerical
results show that FD, SWIPT, and NOMA techniques greatly boost the performance of
cooperative spectrum-sharing network in terms of outage probability, system throughput,
and sum rate compared to that of half-duplex NOMA and the conventional orthogonal

multiple access-time division multiple access networks.

2.2 Introduction

NOMA has been recognized as a potential SE improving technique for the fifth-generation
(5G) and beyond wireless networks [1-4]. Its underlying principle enables multiple users to
concurrently access and transmit their signals in the same spectrum resource block (i.e.,
time/frequency/code domain) by using different signal signatures for the case of code-
domain NOMA (CD-NOMA) or power levels for the case of power-domain NOMA (PD-
NOMA). Message passing algorithm and successive interference cancellation (SIC) are
used to separate the superimposed signals for CD-NOMA and PD-NOMA, respectively.
Since NOMA can enhance the SE, user fairness, and realize massive connectivity compared
to the conventional OMA scheme, it can greatly enhance the performance of wireless
networks [1,5]. In [5], a cooperative relaying system in a device-to-device-NOMA was
proposed and its performance was evaluated in terms of scaled system capacity. The

proposed system achieved much higher ergodic capacity compared to the conventional

OMA system.
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For 5G and beyond networks, in addition to the prerequisite of high SE, providing
energy-efficient communications is also an important goal. Further, since wireless users
are battery-operated, it is more likely that performing cooperative transmisison task will
lead to rapid energy exhaustion of their batteries. In order to help mobile users maintain
their operations, SWIPT [6,7] has come out as an efficient way to provide energy and
extend the lifetime of energy-constrained wireless devices. In [6], the authors proposed
a SWIPT-based NOMA network in which near users being close to the source acted as
energy scavenging relays to help the source forward the data to far users. Closed-form
expressions for the outage probability and system throughput were obtained to assess
the system performance. The authors in [7] developed the system model where the relay
user scavenged energy from the base station (BS)’s NOMA signal and used harvested
power to forward the information to the destination. The outage probability was used
as a performance metric to evaluate their proposed system’s performance. However,
the work in [5-7] considered half-duplex (HD) relaying mode, where relay nodes cannot
simultaneously receive and transmit information in the same frequency band.

With the advancement in antenna and signal processing technologies, FD communica-
tion mode has attracted much research interest due to its ability in doubling the spectral
efficiency by allowing users to simultaneously receive and transmit data in the same fre-
quency band [8-10]. In [11], the authors proposed the user-assisted cooperative NOMA
system in which the strong user operating in FD or HD mode forwarded the information
message to the weak user. By analysing the system outage probability and ergodic sum
rate, the authors concluded that FD NOMA was superior to HD NOMA in the low signal-
to-noise ratio (SNR) region. In [12], the authors considered SWIPT in a cooperative FD
NOMA system where the near user relayed the message to the far user by harvesting the
radio frequency (RF) energy. The result showed that the effect of self-interference (SI)

signal in FD communications was mitigated thanks to SWIPT since additional gain could
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be achieved. Besides, cognitive radio (CR) is another potential technology that signifi-
cantly improves the spectrum efficiency by allowing unauthorized secondary users (SUs)
to access authorized primary users’s (PUs) spectrum. Hence, integrating NOMA to CR
networks has a highly conceivable possibility to provide an efficient spectrum use, so that
the requirements of 5G and beyond wireless networks, i.e., high spectral efficiency, low
latency, and massive connectivity, can be readily achieved [13,14]. Considering multiple-
input multiple-output (MIMO) CR-NOMA system, the authors in [15] proposed a novel
joint antenna selection algorithm to further enhance the system performance. In [16], a
cooperative multicast for CR-NOMA scheme was developed to improve the outage prob-
ability of PU. In order to maximize the harvested energy of SUs and based on a practical
non-linear energy harvesting (EH) model, the authors in [17] proposed an optimal resource
allocation strategy in a SWIPT-CR-NOMA network, where SUs shared the licensed spec-
trum with PUs under the condition that the interference caused by SUs was acceptable.
In [18], the cooperative NOMA relay-supported CR network was investigated where SU
helped PU by acting as relays and exploited NOMA technique to transmit the PU’s and
its own messages together to the destination using the licensed spectrum band. Under
the same system model as in [18], [19] focused on user scheduling schemes to improve the
outage performance for both primary and secondary systems.

Unlike the existing works [15-17], [20] which considered NOMA underlay CR networks,
this chapter proposes a novel FD NOMA assisted cooperative overlay spectrum-sharing
system with SWIPT that encourages the cooperation between primary and secondary net-
works. Given that FD, SWIPT, and NOMA are potential spectral and energy efficiency
improving technologies for the beyond 5G wireless networks, applying such technologies
will not only boost the system performance, but also showcase that they can be oper-
ated in tandem in future networks. Although there exist a few works [18,19] which also

considered the application of NOMA to overlay CR network, the major differences of our
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work compared with the existing ones are as follows. Firstly, besides spectrum sharing
to secondary transmitters (STs), in order to stimulate STs to perform cooperative relay-
ing functions and sustain their operations in terms of energy, SWIPT is applied in our
proposed system where STs can harvest RF energy from the primary transmitter (PT)’s
signal and use it for their relaying operations. Secondly, STs operate in FD mode, which
allows them to concurrently receive and transmit signals in the same transmission time.
As a result, significant increase in the spectral and energy efficiencies of the system is
readily achieved. Thirdly, the effect of STs scheduling on the system performance is con-
sidered, where the best ST is selected to maximize the harvested power and improve the
reception quality of primary and secondary networks. The main contributions of this

chapter are summarized as follows:

o This chapter proposes an opportunistic ST selection method to choose one best FD
ST, which has the best channel connection to the PT, among multiple ones. Besides,
this is the first work considering the application of FD, SWIPT, and NOMA in

cooperative spectrum-sharing networks.

o This chapter characterizes the performance of primary and secondary networks in
terms of outage probability and system throughput over Rayleigh fading channels.
To this end, the tight closed-form approximation expressions are obtained for out-
age probability and system throughput of both primary and secondary networks.
Through numerical results, it is shown that the application of FD, SWIPT, and
NOMA techniques significantly improve the proposed system performance compared
to HD and the conventional OMA-time division multiple access (OMA-TDMA)

schemes.

« This chapter proposes an efficient algorithm which solves the power allocation prob-

lem to maximize the sum rate of primary and secondary networks. The obtained
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Fig. 2.1: Hlustration of FD NOMA-supported cooperative overlay CR network.
results show the superior performance of FD compared to its HD counterpart.

The remainder of this chapter is organized as follows. Section 2.3 describes the system
model. In Section 2.4, the outage probability and system throughput for both primary
and secondary networks are successfully derived. In Section 2.5, a novel power allocation
optimization algorithm is proposed to maximize the sum rate of primary and secondary
networks. Numerical results and discussions are shown in Section 2.6. Finally, the chapter
is concluded in Section 2.7.

Notations: Bold lowercase letters denote vectors and lowercase characters stand for
scalars. [[-||, () and |- | correspond to the Euclidean norm, the Hermitian operator, and
the absolute value, respectively. E|[-] represents the expectation operation, Pr(-) denotes

probability, and C is the set of complex-valued numbers.
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2.3 System Model

2.3.1 System Description

As illustrated in Fig. 2.1, this chapter considers a cooperative overlay spectrum-sharing
system consisting of one pair of primary transceivers denoted by PT and PR, K STs
denoted by STy, k = 1,2,..., K, and M secondary receivers (SRs) denoted by SR,,,
m=1,2,..., M. All STs operate in FD mode and others operate in HD mode. The PT is
equipped with N antennas, n = 1,2,..., N, while the PR and M SRs are equipped with
one transmitting/receiving antenna. Each ST has two antennas, one for receiving and
the other one for transmitting [12,21]. The direct link between the PT and the PR does
not exist since the PR is far away from the PT [19,22,23]. Hence, in order to establish
communication between PT and PR, we consider an overlay spectrum-sharing scenario
where the PT allows STs to access its spectrum resources as a reward for improving the
primary reception by cooperative relaying. The best ST (denoted henceforth by STy,) is
selected among K STs to concurrently transmit the primary information together with its
own data to the PR and M SRs by employing the NOMA technique. The aim of selecting
the STy, is to obtain the best primary and secondary outage performances. Besides, in
order to further encourage the ST}, to conduct the cooperative relaying function, SWIPT
is utilized in the model where the ST}, can harvest energy from the PT signal and use it
for relaying purpose [22].

The transmission time is partitioned into equal transmission time slots of duration 7.
All wireless channels undergo Rayleigh block fading with coherence time of T'. The channel
coefficients are independent and identically distributed (i.i.d.) from one slot to the next.
The channel coefficients from the ST}, to the PR and the SR,, are denoted by complex
scalars hg,p, and hg,,,., respectively. Under Rayleigh fading model, the channel gains

|hs,pl? and |hg,,,,|* are exponential random variables (RVs) with mean E[|hs,p?] = Ay
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and E[|hg, ., |?] = Aa, respectively. The channel vector from the PT to the ST}, is denoted

by h,,, € CV*! where each element follows the Rayleigh distribution. Therefore, the

psy,
channel gain ||hpg ||* follows the Gamma distribution with parameter (N, Aps), where
Aps denotes the mean. Transmit beamforming is used for PT-ST}, link to enhance the
reception quality of the ST},. The noise at each receiver is modeled as additive white
Gaussian noise (AWGN) with zero mean and variance o,, [18,19]. Further, all nodes are

assumed to have perfect channel state information (CSI) to other nodes [18,19,22,23].

2.3.2 Signal Model

At the start of the transmission time slot 7', the ST}, is selected by the PT according to

the following selection criterion:

ST, = argmax ||[hy, ||*. (2.1)
k=12,...K

Practically, the PT can obtain the CSIs from the K STs by first sending the pilot
signals to STs, then STs will estimate and feedback their CSIs to the PT. Thereafter, the
PT will select a ST (ST},) which has the best connection to it.

After choosing the STy, the PT beamforms its signal to the STy,. The received RF

signal sent by the PT at the STy, is given by

Yp,s, = thSpr\/ PSZ'O + h’SbSb PSbLUS + N, (22)

where wy, = hy /||hp, || denotes the transmit beamforming vector, z is the PT’s infor-
mation signal with E[|zo|*] = 1, z, is the composite transmit signal® of the STy, including

signals of the PR and M SRs with E[|xz4|*] = 1. P,, denotes the transmit power of the

!This chapter assumes that the FD STs decode the received signal without any delay, and hence, the
decoded PT’s signal x is included in xs.
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Fig. 2.2: Block time T for the FD STj,.

STy, he,s, represents the SI channel, and ng, is the AWGN antenna noise at the ST,.

ShbSh
Fig. 2.2 describes the transmission time slot 7" at the ST}, where the fraction
(0 < B < 1) of the received RF signal power from the PT is used for EH and the

remaining (1-53) fraction of the received RF signal energy for information decoding (ID).

Thus, according to (2.2), the harvested power at the ST}, is given by [24, 25]

Py = nB( Pallhps, |12+ Py [hays, |*) (2.3)
RF EH Self-EH

where 1 denotes the energy conversion efficiency, 0 < n < 1. The ST}, harvests both the
dedicated energy from the PT and its own energy from the SI channel [25,26].

From (2.3), since the energy harvested from the PT is much larger than that of the
receiver noise, this chapter ignores the negligible energy harvested from the receiver noise
[24]. Next, the transmit power and the harvested power of the ST}, should satisfy P, =
&Y Py [24], where P,

s, refers to the transmit power of the STy, £ denotes the portion of

the harvested power consumed by the power amplifier of the ST}, and v is the energy

utilization efficiency, 0 < ¢ <1 and 0 < ¢ < 1. Thus, the available transmit power of the
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STy, is expressed as:

By, =&Y Pu
= nBEY (Pl Bps, [[* + Py [y, )

= PP By, | (2.4

nB&Y

where p = ToBtoh

The sampled baseband signal at the ST}, is shown as:
yS?Sb = hfibwp (1 = B)Psxo + heysy\/ (1 — B) Pyyws + 1/ (1 — B)ng, + Ne s, s (2.5)

where n.s, denotes the AWGN circuit noise due to RF to baseband signal conversion.
We ignore the antenna noise ng, since its strength is much lower than that of the circuit

processing noise n.gs, [24]. Hence, (2.5) can be rewritten as:

yg?sb = hgbwp\/(l — B)Psxg + heysy\/ (1 — B) Py s + N s, - (2.6)

From (2.4) and (2.6), the achievable data rate at the ST}, to decode xy is given by

(2.7)

1 — A)7||hye ||?
Rsb,;m:logz <1+ ( 5)7” pr )7

(1= B)pV|hsys, [*[[Bps, > + 1
where 4 = P;/0,, denotes the transmit SNR.

The ST}, first decodes zy. If z( is successfully decoded, the ST} superimposes xg
with z;, i = 1,2, ..., M, according to the NOMA principle and broadcasts the composite
signal x, = %/[:0 o; P, x; to all M + 1 receivers, where z; denotes the information signal
intended to t_he PR (i = 0) and SR; (¢ = 1,..., M), and «a; denotes the corresponding

M
power allocation coefficient with condition Y a; = 1. Accordingly, the composite received
i=0
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signal at the receiver r;, 0 <7 < M, from the ST}, can be expressed as:

M
Yspor; — Z aiPsbhsbrixi + Ty, (28)

1=0

where hg,,, is also denoted as hy, .

This chapter considers the pessimistic case when the PR is grouped with M SRs whose
channel gains are stronger.? Hence, the channel gain of the STy-PR link is always smaller
than the channel gains of the ST},-SR,,, links. Henceforth, we assume that channel gains
are sorted as |hgpl? < |hsye,|? < -oo < |hery, |? at the STy, [18,19]. Based on the NOMA
principle, the power allocation coefficients used at the ST} should fulfil the following
condition oy > ... > ayy [18,19].

Each SR,, performs SIC to distinguish the superimposed signals. The SR,, first de-
codes z( followed by z,,...,z,, according to the order of the STy,-SR,, channel gains.
Using (2.4) and (2.8), the achievable data rate at the SR,, to decode x,, is expressed as:

R, =R

m Tm,Tm

= log, (1 + SINR,,, 4,.) (2.9)

where SINR represents signal-to-interference-plus-noise ratio.

The rate (2.9) is achievable provided that the condition R > Ry, Yo > m, v =

m+1,..., M, is met, where R,, denotes the predefined target data rate set for SR,,,, and
R, s, is the achievable data rate at the SR, to decode x,, with v > m, which is expressed

as:

R = log, (1 + SINR,, ,.) , (2.10)

Ty, Tm

2Note that this is a worst case for PR in terms of outage probability, system throughput, and sum
transmission rate. This will be showed later in this chapter. For the other cases when the channel gain
of the PR is stronger than M SRs, the analysis of these cases can be similarly obtained.
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where

ozmp’_y| ‘hpsb ’ ’2 ‘ thrv ‘2
il [Ffh 2+

SINR,, ., = log, [ 1+ (2.11)

The SR, then successfully subtracts x,, from the received composite signal. The SIC
process will last until its own signal x, is successfully decoded. Similarly, the achievable

data rate at the PR to decode xq is expressed as:

040P§||hpsb||2|h8bp|2
M
'—21 aip7||hpsb||2|h5bp|2 +1

Ry = Ry = logy [ 1+ : (2.12)

where hg , = hg,r,, and the achievable data rate at the SRy to decode x,s is expressed

as:

Repe = Ruyyans = 1085 (14 ansp|[Bps, |* sy, ) - (2.13)

Note that if STy, fails to decode xp, it will not transmit any signals. This can be
explained by the sole purpose that PT grants ST} the permission to access primary
spectrum only if ST}, is able to help it send its message to the PR. Thus, the achievable

data rates at the PR and the SR,, in both cases are shown as:

R, =R, =0. (2.14)

2.4 Performance Analysis

This section will provide the performance analysis for primary and secondary networks in

terms of outage probability and system throughput for the proposed system. The outage
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analysis is useful for practical purposes, as it offers information about the minimum data

rate over which a wireless link or a communications system can operate as desired.

2.4.1 Primary Network
2.4.1.1 Outage Probability

In order to calculate the outage probability for the primary network, this section needs
to obtain the cumulative distribution function (CDF) and probability density function

(PDF) of ||hys,||?, which are given in Lemma 2.1.

Lemma 2.1. The CDF and PDF of ||h, ||> are derived as:

S K Iz \ "2 O
Fljiy, j12(2) = > (—1)'exp (= > (2.15)
=0\ [ )‘ps j=0 )‘ps
K Iz \ ‘Y2 ¢, . /-
filbpu 2(2) = > (1) exp (—) = (jxj‘l — :H) . (2.16)
° =1 l )‘PS =0 >\ps] )\ps
Proof: See Appendix A. [ |

Next, this section derives the outage probability for the primary network, where the
outage event occurs under two circumstances. The first situation is when the ST}, can not
successfully decode xg. The second one occurs when the PR can not decode xy provided
that the STy, is able to decode zy. Accordingly, the outage probability of the primary

network is expressed as:
Py = Pr (R, uy < Ro) + Pr (Rayap > Ro, Ry < Ry, (2.17)

where Ry is the target data rate of the primary signal z.
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Remark. Recalling (2.4) and (2.7), it is obvious that when the power splitting (PS)
coefficient (3 increases, the transmit power (P, ) and the achievable data rate (R, .,) of
the STy, readily rise. It is also straightforward to see that the achievable data rates of the
PR and SRs, which are illustrated in (2.12) and (2.13), go up with the increase in . Thus,
the increase in Ry, 5, leads to the decrease in outage probability of the primary network in
(2.17) and the secondary network in (2.20). However, when (5 reaches the optimal value at
which the lowest outage probability of primary and secondary networks is obtained, and if
B continues increasing to 1, the achievable data rate of STy, in (2.7) decreases and reaches
to 0. This is due to the fact that less power is left for the STy, to decode xy; hence, the
outage probability of both networks, as given in (2.17) and (2.20), increases and attains

1, which results in the worst performance. This result is also corroborated in Fig. 2.6.

Theorem 2.1. The outage probability of the primary network can be approximated as:

5) 5 o (k) (=)

qg+c

(—1)"exp (

ps”Y

. nOl > ( Iy ) ( i ) nOgjl < Iy )]
X + — F , — _F +17 — - ,F - 17 — 9
[ (j )‘Sp)‘pS'Y J )\ps’Y J /\ps’Y )\sp)\ps'Y J )\ps’Y

(2.18)
—q g+c K N Q—q q+c
where 14 = = Qq),,Q M—i—lz Z ZZ Z ,and(w):
c=0 n=01=1 j=
c n
K R 2

- Yo = 270 — 1; ’hsbsb| = [SI; o = (1_5)(17%, @0 = ’Y—A?I, and F(,)

{ p<aozam)>

is the incomplete gamma function [28, Eq. (8.350.2)]. Note that q —1 for the PR and
M

q =m+1 for the SR,,. P, is derived in (2.18) when vy < min [1/(/)[31),&0/ <Z 041-)],
i=1

otherwise P, = 1.

Proof: See Appendix B. [ |
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2.4.1.2 Throughput

Given that the ST}, transmits information to the PR at a constant rate Ry bps/Hz, the
throughput of the primary network in the delay-limited transmission mode is computed
as [11]:

v, = (1 = P,) Ry, (2.19)
where P, is shown in (2.18).

Remark. From (2.19), since P, is smaller than or equals to 1 and as the transmit SNR 7
increases, the outage performance of the primary network greatly improves (P, decreases
as shown in Fig. 2.3). Hence, the throughput of the primary network v, goes up with the
rise in the transmit SNR 7 and converges to a throughput floor which equals to Ry at high
7. Note that the throughput of the secondary network vs given in (2.22) also enhances
with the increase in the transmit SNR 7 and attains a throughput floor which equals to

M
> R, at the high 7. These results are also verified in Fig. 2.8.
m=1

2.4.2 Secondary Network
2.4.2.1 Outage Probability

This section derives the outage probability for the secondary network. The outage event
of the SR,,, occurs either when the ST}, can not successfully decode xq or when the SR,,
fails to decode any x,,;, 0 < m’ < m, as long as ST}, successfully decodes xy. Based on

this, the outage probability of the SR,, is shown as:

Py, = Pr(Rqyzy < Ro) + Pr (R, uy > Ro, Py, (2.20)

where P, denotes the outage probability that the SR,, fails to decode any z,,/, 0 < m’ <

m.

32



Theorem 2.2. The outage probability of the SR, can be approximated as:

K K l,u I(N-1) [ J — (_1)c+n+l C.
P, = —1)’ — Cil -1 + ( ~ ) J
m Z ( ) eXP( > ]z% J (A 7) qu q+c l]

=0 l )‘ps/? ps
. nOl C , Ly nOjl , m
X j+ — F(]a >_F<]+17 >_ 711 ]_L — ’
[ < /\sr)\p57> >\p87 )\ps’Y )\sr)\ps’}/ )\ps’}/
(2.21)

where Yy = 28m' — 1, R, denotes the target data rate of x,y, © = max (O, ...,0,,),

0, = 7}\’"4’ , 0 <m’ <m. Note that, ¢ = m + 1 for SR,,.
p(am/— Z ai'ym/>
i=m/+1
Proof: See Appendix C. [ |

2.4.2.2 Throughput

The system throughput of the secondary network is given by:
M —
vs =Y (1—PR,)Rn, (2.22)
m=1

where P, is obtained from (2.21).

2.5 Sum Rate Maximization

In the previous section, the power allocation coefficients were kept fixed, which are not
optimal. Thus, to further improve the performance of the system, this section formulates
the sum rate maximization problem to obtain the optimal power allocation coefficients at

the ST}, and develop a solution method and algorithm.
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2.5.1 Problem Formulation

Recalling (2.9) and the condition R,, ,,, > Ry, Yo >m, v =m+1,..., M, the achievable

data rate to decode x,, at the SR,, is expressed as:

R,, =log, (1 + min (SINR -y SINRy,, 2,,)) - (2.23)

Tm,Tm 9 *

Lemma 2.2. From (2.23), the achievable data rate to decode x,, by the SR, is rewritten

as

R,, =log, (1+ SINR,,, 4,.)- (2.24)

Proof: 1t is proved by contradiction. Let us first assume that SINR,, ,, > SINR,, ..

Then, we have

SINR,, &, > SINR,, 4,
aOP'_Ythsb||2|thp|2 > aop'_7|’hpsb||2|h5brz|2
M - M
;aip7||hpsb||2|hsbp|2 +1 ;aiﬂﬁl|hpsb||2|hsbr1|2 +1

M
_ 2 _
< Qo E :sz‘ (P'7||hpsb||2) |thp|2|thr1|2 + O‘Op7||hpsb||2|h8bp|2
=1

M
— 2 —
> 003 i (Pl 1) o g P + 0971y [Py,

=1

& hspl* > |hsyr, .

The above result violates the condition of channel gain order that is set earlier.
Hence, SINR,, », < SINR,, 5,. Following similar derivation steps as previously mentioned,
SINR,, z, < SINR,,, 4., Vm. Thus, min (SINRy, 2, SINRy, 205 - - - s SINRy,, 20) = SINRy, 40 -

By generalizing the above result, the achievable data rate to decode the SR,,’s data
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Tm, 1 <m < M, by all SR,,,,, m <m/ < M, is given by

me = 10g2 (1 + mlIl(SINR N SINRrA{,$m>)

T'm,Tm? *

= log, (1 + SINR,,, 4,,.) - (2.25)

|
Using Lemma 2.2, the sum rate maximization problem is formulated as follows:
M-1
maximize Ryo+ > Ry , + Ry, (2.26a)
m/=1
st. Ry, > R;,0<i< M, (2.26b)
> . > > > gy, (2.26¢)
M
Zai <1, (2.26d)
i=0
where o = [ag, a1, ..., an] denotes the power allocation coefficients vector. The con-

straint (2.26b) ensures that the QoS requirement R; of each link is guaranteed, the con-
straint in (2.26¢) represents the necessary conditions related to fairness among the users,
and the constraint in (2.26d) puts limit on the total transmit power at the ST},.

It can be observed that the original problem (2.26) is non-convex because of the
objective function, and it is difficult to solve it quickly to obtain a global solution. Instead,
this section aims to solve it for suboptimal solution with faster convergence. To this
end, this section invokes several useful steps, such as its equivalent transformation and

approximation, as described in the next subsection, to solve (2.26).
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2.5.2 Proposed Solution

By noting that the logarithmic function is a monotonically non-decreasing function, (2.26)

is equivalently written as:

M
maxgmize{ [1(1 + SINR,, .,) | (2.26b), (2.26¢c), and (2.26d)}. (2.27)

=0
By introducing a new vector of slack variables t = [to, ..., ty], the problem (2.27) can

be equivalently recast as:
M

maximnize g) ti (2.28a)
s.t. SINR, 2o = to — 1, (2.28b)
SINR, , o, >tw —1,1<m' <M -1, (2.28¢)
SINR,,, 20 =t — 1, (2.28d)

B M
00D, |[* oy > (270 — 1) (Z @ip|[Bps, | *[hopl* + 1> , (2.28¢)

i=1

) M
O‘m’P7||hpsb||2|thrm/|2 > (sz/ - 1) ( Z ai97||hpsb||2|hb‘brm/|2 + 1)

i=m/+1
1<m' <M-1, (2.28f)
s | Pps, | Py |2 > (25 = 1), (2.28g)
(2.26¢) & (2.26d). (2.28h)

By noting that the constraints (2.28b)-(2.28d) are active at optimality, then (2.28) is
the equivalent formulation of (2.27). Further, note that the objective function (2.28a)
is the product of optimization variables t;, Vi, and hence, admits a second-order cone
(SOC) representation. However, (2.28) is still intractable because of the non-convexity

involved in constraints (2.28b) and (2.28c). Next, the constraints (2.28b) and (2.28¢) are
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considered and reformulated as follows:

M
;07| [ hos | hs o> + 1 < 20, 2.29a
(2.28b) < ; PV Bps, [ *| sy < 20 ( )
a0p§||hpsb||2|hsbp|2 > Zolo — 2o, (2.29b)
M
;i p7| s, ||P1hse 12+ 1 < 2, 2.30a
sy o | 20 Ol Pl 1 < (2.300)
amlp;YthSbHﬂthrm/ ’2 Z Zm’tm’ — Zm/, (230]3)
where 1 < m’ < M — 1 and z = (29, z1, . . ., 2p—1] represent newly introduced variables.

After replacing (2.28b) and (2.28¢) with (2.29a) and (2.29b), and (2.30a) and (2.30b),
respectively, we get an equivalent formulation of (2.28). However, this is still non-convex
because of (2.29b) and (2.30b). To this end, this section approximates them by using
the first-order Taylor series expansion. Firstly, this section considers (2.29b) and rewrites
the multiplicative terms 2ot in the form of the difference of convex (d.c.) functions as

follows:
1
ZOtO = Z |:(ZO + t0)2 — (ZO — to)ﬂ . (231)

Then, approximating (2o — tp)? by using the first-order Taylor series around the point
(z(()T), t((]T) ), which is obtained at the 7th iteration, (2.29b) can be replaced with the follow-

ing convex constraint:

oy T T 2 T T
0| s, |2 hsypl? = 0.25 (20 + to)® — 20 — 0.25[ (87 = t67) +2 (= - 157

X (zo — 2 o+ tg”) 1 . (2.32)
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Similarly, (2.30b) can be replaced with the following convex constraint:

O —t0) 42 (0 —4)

wmm&mmﬁzwwmehmwmﬂ@

X (2w = 250 — o + 1)) 1 (2.33)

Finally, the convex problem to be solved at the 7th iteration can be written as:

M

maximize g ti (2.34a)
L 2 2
z Ozip’}/thst |thp| +1 S 205

s.t. =1 , (2.34b)

M
) Z aip/7||hpsb||2|hsbrm/|2 + 1 S Zm!
i=m+1 1<m' < M-—1, (2.34¢)

(2.33),
anr | Bps, [P Psyr* = tar — 1, (2.34d)
(2.28¢) — (2.28h). (2.34e)

After solving (2.34), the involved optimization variables are updated and the procedure

is repeated until convergence. The proposed algorithm is summarized in Algorithm 1.

Algorithm 1 Proposed iterative algorithm to solve (2.26).

Initialization: Set 7 = 0 and generate an initial feasible point (tl(-o), zfg,) ),0<i< M, 0<
m <M —1.
1: repeat
2:  Solve the convex program (2.34) to obtain the optimal solution: (tZ(T)’*, Z(T,)’*), 0<
i< M,0<m' <M-—1.

3. Update (&7 20y = (0% 2O o<i < M,0<m' < M —1.

4: Set =71+ 1.
5. until Convergence
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2.5.3 Convergence and Complexity Analysis

The proposed algorithm begins with a random initial feasible point for the updated vari-
ables (t(o) Z(O)), 0<i<M,0<m'<M-—1. In each iteration, the convex program (2.34)

i ~m/

is solved to produce the next feasible point (tETH), zf,?l)), 0<i<MO<m <M-1.

This procedure is successively repeated until convergence, which is stated in the following

proposition.

Proposition 1. Initialized from a feasible point (t(o) z(o)), 0<i<MO<m'<M-1,

Algorithm 1 produces a sequence (tZ(T), 27(7:,)), 0<i<MO0O<m <M-—1, of improved so-
lutions to problem (2.34), which satisfy the Karush-Kuhn-Tucker (KKT) conditions. The

M t(T)

o0
sequence { i—oti } is monotonically increasing and converges after a finite number
T=1

of iterations for a given error tolerance € > 0.

Proof: See Appendix D. [ |

An SOC programming (SOCP) is solved in each iteration of the procedure illustrated

in Algorithm 1. Hence, the worst case of the complexity is regulated by the SOCP in
each run. To assess the complexity estimate, the worst case complexity of the SOCP in
(2.34) is estimated. As shown in [29], for general interior-point methods, the complexity
of the SOCP relies on the number of constraints, variables, and the dimension of each
SOC constraint. The total number of constraints in (2.34) is 3M + 4 + a, where a is a
non-negative integer constant and denotes the SOC constraints with different M. This is
because the objective function in (2.34) represents the equivalent SOC of the geometric
mean [29]. Hence, the number of iterations required to decrease the duality gap to a
small constant is upper bounded by O (\/M) [29]. The per iteration worst
case complexity estimate of the interior-point method is O ((3M +2+a)’ (3M )), where
3M + 2+ a and 3M represent the number of optimization variables and the dimension of

the SOC constraints in (2.34), respectively.
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Fig. 2.3: Outage probability of primary and secondary networks operating in FD and
HD modes, where § = 0.8, N =5, and K = 3. ana: analytical results; sim: simulation
results.

2.6 Numerical Results

In this section, simulation results are presented to verify the findings presented in Sections
2.4 and 2.5. Without loss of generality, we set M = 2, A,s = 5, and Agp = Ay = 50.3
The target data rates of primary and secondary signals are Ry = Ry = Ry = 0.5 bps /Hz.
The residual SI channel hg s, is modeled as described in [30,31], and its variance is set
t0 |hes,|> = Ist = /¢, where ¢ = -1 dB [30]. The energy conversion efficiency is set
to be n = 0.75, £ = 1, and ¢ = 0.75 [24]. For the results corresponding to the outage

probability analysis, the power allocation coefficients are set as ay = 0.6, a; = 0.3, and

Qg = 0.1.
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2.6.1 Outage Probability

Fig. 2.3 compares the outage probability performance between primary and secondary
networks operating in FD and HD modes. The conventional OMA-TDMA scheme is
considered as a benchmark. In OMA-TDMA scheme, the first s fraction of the block
time T, where x denotes the time allocation parameter, is used for the transmission from
the PT to the ST}, whereas the remaining (1-x) fraction of 7' is equally divided into
(M+1) time slots for the transmission from the ST}, to the PR and M SRs. In this figure,
the block time allocation parameter & is set to 1/2. Further, PRFD, SR;FD, and SRyFD
curves denote the outage performance of the PR, the SR;, and the SRy when the ST}
operates in FD mode, respectively. PRHD, SR{HD, and SRoHD curves represent the
outage performance of the PR, the SR, and the SRy when the ST}, operates in HD mode,
respectively, while PROMA, SR{OMA, and SR,OMA curves are the outage performance
of the PR, the SRy, and the SRy in OMA-TDMA scheme, respectively. As can be seen
from Fig. 2.3, for both FD and HD cases, the outage performance of the primary network
is worse than that of the secondary network®. This can be explained that even though the
PR is assigned larger power allocation coefficient compared to the SR; and the SRs, the
quality of ST,-PR channel is worst compared to that of ST,-SR; and ST},-SRy channels
and since the PR suffers interference from SRs when it decodes its information, which lets
the achievable data rate of the PR in (2.12) be smaller than that of SRs in (2.9). Hence,
outage probability obtained at the PR is higher than that at SRs. In addition, it can
be seen that outage probability of both networks in FD case is much smaller than that
in HD mode, confirming the benefit of FD compared with HD technique. This makes

sense since with FD, the ST}, can simultaneously receive the signal from the PT and

3This chapter considers the network scenario where STs are located near the PR and SRs, but they
are far from PT.

4Note that, if the PR is grouped with SRs whose channel gains are weaker, the outage performance
of the PR and SRs will swap.
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Fig. 2.4: Impact of the number of STs K on the outage performance of primary and
secondary networks operating in FD and HD modes, where § = 0.8, N =5, and 7 = —9
dB.

forward its signal to the PR and SRs, whereas with the HD technique the ST} has to
separate the time used for receiving the PT’s signal and the time for its transmission
to the PR and SRs. Furthermore, the performance of the proposed FD-NOMA scheme
is obviously better than OMA-TDMA scheme for both primary and secondary networks
since the proposed scheme enhances the use of primary spectrum resource, i.e., the PR and
SRs are concurrently served in the same resource block, while the OMA-TDMA scheme
requires separated resource blocks. From Fig. 2.3, it can be seen that the tight closed-
form approximate expression curves, which are shown in (2.18) and (2.21), match well
with simulation results. Hence, this verifies the correctness of the mathematical analysis.

Fig. 2.4 shows the impact of the number of STs K on the outage probability of primary
and secondary networks operating in FD and HD modes. It can be observed that when
K increases, the outage performance of both primary and secondary networks in FD and

HD modes is greatly improved. This is because the growth in the number of STs increases
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Fig. 2.5: Effect of the number of transmit antennas N on the outage performance of
primary and secondary networks operating in FD and HD modes, where g = 0.8, K = 3,
and v = —9 dB.

the probability of choosing the optimal ST},.

Next, the effect of the number of transmit antennas N on the outage probability of
primary and secondary networks operating in FD and HD modes is shown in Fig. 2.5. It
can be seen that for both FD and HD cases, the larger the number of transmit antennas at
the PT, the better the outage performance can be obtained. The reason is that a larger
number of antennas provide higher spatial diversity, which in turn leads to improved
signal reception quality at the STj,.

Fig. 2.6 depicts the impact of PS ratio 8 on the outage performance of the FD and HD
primary and secondary networks. As 3 increases, the outage probability of both networks
significantly reduces and attains the minimal values. The reason is that the growth in
allows the ST}, to harvest more energy and in turn enhances the ST}’s transmit power
and the achievable data rate at the ST}, as shown in (2.4) and (2.7), respectively, which

improves the information reception at the PR and SRs. Nevertheless, as [ continues
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Fig. 2.6: Impact of the PS 3 on the outage performance of primary and secondary networks
operating in FD and HD modes, where N =5, K = 3, and ¥ = —5 dB.

increasing and reaches 1, the outage probability of both networks goes up and attains
1 since more power is given for energy harvesting and less power is left for the ST}, to
decode xy. Hence, outage occurs since the STy, is unable to decode the PT’s signal.

Fig. 2.7 illustrates the outage performance of primary and secondary networks in the
FD and HD modes when the mean of ST,-PR (\y,) channel varies, respectively. It is
clear that the outage performance of primary and secondary networks greatly improves
for better channel quality (higher channel mean) of ST,-PR link for both FD and HD
modes. Note that similar results of the outage performance of primary and secondary
networks in FD and HD modes are obtained with the increase in the mean of PT-STy,

(Aps) or STL-SRs (Ag) channels as a result of the improvement in channel quality.
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2.6.2 System Throughput

The system throughput of primary and secondary networks in FD and HD modes is il-
lustrated in Fig. 2.8. It is clear that the proposed scheme obtains much higher system
throughput than HD and the conventional OMA-TDMA schemes due to its lower outage
probability. Besides, for all schemes, as the transmit SNR increases, the system through-
put of primary and secondary networks goes up and reaches the system throughput floor,

as presented in Remark 2.4.1.2.

2.6.3 Sum Rate

Fig. 2.9 illustrates the convergence behavior of our proposed sum rate maximization al-
gorithm for the network when the ST}, operates in FD and HD modes, respectively. It
can be observed that the proposed sum rate maximization algorithm only requires a small

number of iterations to converge in both modes. Besides, increasing the number of SRs

46



FD NOMA

Average Sum Rate [bps]
o

1 1
0 5 10 15 20 25 30 35 40 45 50

ST,-PR Channel Mean (/\Sp)

Fig. 2.10: Effect of ST},-PR channel mean on the average sum rate of the proposed network
in FD and HD modes, where 8 = 0.8, N =5, K =3, 7 = =5 dB, A\s = 5, and A\, = 50.
M can significantly augment the sum rate of the proposed network in both modes.

Fig. 2.10 demonstrates the impact of STp-PR (\s,) channel mean on the average sum
rate of the network when the FD and HD operation modes are used, respectively. It is
obvious that the average sum rate greatly enhances with better channel quality (higher
channel mean) of the ST,-PR link for both modes. Note that similar results of the
average sum rate in FD and HD modes are obtained with the increase in the mean of PT-
ST}, (Aps) or STH-SRs (Ag;) channels as a result of the enhancement in the channel quality.
Furthermore, the average sum rate achieved by the proposed system using NOMA is higher
than that in OMA-TDMA scheme. Moreover, this figure also compares the performance
of Algorithm 1 with the exhaustive search (ES), which is the method to find the globally
optimal solution by searching all possible combinations of power allocation values. It can
be seen that the average sum rate achieved by Algorithm 1 is very close to the globally
optimal solution found by the ES method. Therefore, the proposed iterative algorithm is

able to achieve near-optimal performance with low complexity.
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Next, the effect of the PS coefficient S on the average sum rate in the FD and HD
cases is examined in Fig. 2.11. It is seen that as [ increases, the average sum rate of the
network operating in both FD and HD modes considerably grows for different number of
SRs. The achieved results are reasonable since the rise in 3 enables the ST}, to scavenge
more energy and in turn improves the transmit power of the ST}, and hence, enhances
the achievable data rates of the PR and SRs. However, when [ reaches 1, all RF power is
harvested and no power is available for the PT to the ST}, information processing. Hence,
the sum transmission rate of primary and secondary networks equals to 0 as the ST}, is

unable to decode the PT’s signal.

2.7 Conclusion

In this chapter, a novel NOMA assisted cooperative spectrum-sharing network has been

proposed to encourage the collaboration between primary and secondary networks. In
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particular, the PT needs the help from the ST}, to relay its information and as an incentive,
the ST}, has access to primary network’s spectrum and uses it to transmit primary and
secondary messages concurrently by using NOMA. The outage probability of primary
and secondary networks has been derived in tight closed-form approximate expressions,
and used to evaluate the system performance. Besides, the power allocation coefficients
at ST}, have been optimized to maximize the sum transmission rate of the primary and
secondary networks. Numerical results have showed the superior performance of the FD-
NOMA system compared to the HD-NOMA and the conventional OMA-TDMA systems.
Furthermore, it has been seen that several system design parameters, i.e., number of
ST transmit antennas N, number of STs K, number of SRs M, the power allocation
coefficients «, power splitting ratio £, which have high impact on the system performance,
should be carefully chosen in order to optimize the performance of the FD-SWIPT-NOMA

cooperative spectrum-sharing network when applied in practice.

Appendix A: Proof of Lemma 2.1

By using that [|hps, ||? has the Gamma distribution and the PT-ST}, links are independent,

the CDF of ||y, ||> = ,max ||hps, || can be derived as in (2.15), where C; = 1 for j = 0,

C;=1lfor j=1,and C; =

> POy for 2 < j < I(N —1). g = min(j, N — 1). By
p=1

1
J p!

differentiating (2.15), the PDF of ||hyg, ||* can be obtained as in (2.16).

Appendix B: Proof of Theorem 2.1

By denoting the first term Pr (Rsb’x0 < R0> and the second term Pr (Rsbm > Ry, R, < R())

in (2.17) as ®; and ®,, respectively, and substituting (2.7) and (2.15) into ®1, ®; can be
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rewritten as:

")/thst
PWSIthst2 +1

2 o
= Pr ll hy, |7 < -8 (1 - ’}/op[SI)]
= o (1 I < )

K

:li; z (—l)lexp( M) 2 C, (pr)j’ (2.35)

7=0

<0

where vy < 1/(pls1); otherwise ®; = 1, which leads to @, in (2.17) equalling to 0 and
hence P, = 1.
Next, this appendix derives the term ®, in (2.17). Substituting (2.7) and (2.12) into

(2.17), @5 can be rewritten as:

q)g =Pr ||h

PSp

Yo 2 2 Yo
||2 > = ||hps || |hs | < ]
1-— 1-— Igr)’ b bP _ M
7( 5) ( Yop SI) %0(0[0 _ 21 Oéz"Yo)

O
=m(m%m2 e [Elhospl? < 7), (2.36)

M
where 7y < min [1/(,01'51),040/ (Z aiﬂ If v > ap/ <E 041>, = 1.
i=1
With the use of the binomial theorem [27, Eq. (1.111)] and order statistics [18], the

CDF of |hg,p|? is shown as follows:
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where |hg, ,|? is the unsorted channel gain of STy-PR link and F, p(2) =1—exp ( )\bp).
Besides, ¢ = 1 for PR and ¢ = m + 1 for SR,,.
M
In the case that vy < min [1/(@751),@0/ <Z aiﬂ and using (2.16) and (2.37), (2.36)
=1

can be further derived as:

[e.o]

S}
(I)Q = / Pr (’hspr < 0) f||hp5b‘|2($)d$
Y
w/y
I Q=g | aFc | (=1 n0y \ | K
= /quz ( ) exp (—)\_O>Z (_1)l
=0 n=0 c n q+c sp V) =1 | ]
n/y
1\ "=V ( I A
X exp | — —= | ja?~ —xj> dz
< >‘p8> jz;) Aps’ Aps
1)c+n+l n@[) ll’ Cj i1 l j
= Al S — " , _ d
// L"Z( ) g+ c eXp( W Rt RV I W D Wt B
/7

where 3 = Z 2 Z Z

c=0 n=01[=1 j=

Q—qgqtc K I(N-1) Q—q q-+c K
and (N)

c n [
Since the integral in (2.38) can not be further simplified, this appendix uses the fol-

lowing approximation e~®/® ~ 1 — a/z for large values of |z| [26]. Hence, (2.38) can be

further given by

oo (_1)c+n+l lﬂi’ Cj i l ]
Dy ~ / L <~)exp — | g T — —2 | do
qz qg-+c Aps) Aps’ Aps

m/y

T = (1)t 1o, w\ C (1
- ~ N ——a’ |de. (2
// L"Z( ) P W W B A Wl S )
w/y

With the help of [27, Eq. (3.381.3)] and after some manipulation steps, (2.39) can be
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further solved as:

— ( 1)c+n+l C l —Jj - l/~L l —J l,U/
b, ~ ~ r - r 1,
2 Ml (M) T q+c Apsﬂ Ao I " X Ao W
/ q+c Sp7 )\ps ’ )\psi/ )\ps ’ )\psﬁ
F— (L)t e n@ol ol , L
~ ~)— r — | =T 1
qu ( ) q _|_ c l'] j + ASpApS'? j? Apsﬁ/ .] + Y )\ps’j/

nBgjl ( , L ) ]
— —{j—-1,——]|. 2.40
Asp Aps (240)

Finally, substituting (2.35) and (2.40) into (2.17), this appendix obtains the desired

result as in (2.18).

Appendix C: Proof of Theorem 2.2

Denote the second term Pr (RSMDo > Ro,ﬁrm) in (2.20) as Y. Since the first term in (2.20)
is already derived in (2.35), we will derive the second term Y. P, in T can be written
as:

Py, =1-Pr(E ,n...NE ), (2.41)

T'm,M
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where Efm,m/ =Rz, > Rm/, 0 < m’ < m, denotes the event that SR,, successfully

decodes x,,. From (2.9) and (2.10), Pr (Efmm,) is expressed as:

Pr (B, )
— Pl" = CY?”ﬂ/p/?||h'psb||2|hsbrm|2 Z f}/m/
5 up g [Pl 2+ 1
TYm/
= Pr | |lhge |2l 2 > -
P (osz - X owmf)
L i=m/+1
2 2 O
= Pr { [[Bps, " syl = — |, (2.42)
Y
M
when v,y < g/ > «;|; otherwise, SR,, suffers from the outage. According to
i=m’/+1

(2.41) and (2.42), P, is revised as:

P il [thstzlhsbrmP > 2%(00, O, On)
g

_pr (thsbuﬂhsbrmﬁ <

2| D

) : (2.43)
Next, substituting (2.43) into Y in (2.20), T is rewritten as:
2 o M 2 ,_ ©

T =Pr{ |[hy,[[* = §,|Ihpsb|| [ssrnl™ < = ) (2.44)

Following the same steps to derive @5 in Appendix B, T is lastly obtained as follows:

F— (=)t os T nOl C 4 L
T~ DTG r s
qu( ) ate b Vo) Ua s It NG

nOjl < _ L ) ]
- (-1, 2.45
)\sr)\psﬁ)/ >\psﬁ)/ ( )
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Finally, substituting (2.35) and (2.45) into (2.20), the final result is obtained as in

(2.21).

Appendix D: Proof of Proposition 1

Let define F(t) = [I¥,t;. Note that F(t) > F(t),Vt, and F(t) = FO ().
Further, ) () > F) (7)) whenever (t(71) # (t(7)) since the former and the latter
are the optimal solution and a feasible point for (2.34), respectively. Hence, F (t(”l)) >
FO @) > FO () = F(t), presenting that (1)) is a better feasible point than
(t(™) for problem (2.28). The sequence (t(™) of improved feasible points for (2.28) thus

converges at least to a locally optimal solution which satisfies the KKT conditions [28].

As a result, the objective value of (2.34) is monotonically increasing, i.e., [, tZ(T) >
M, ¢,
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Chapter 3

Efficient User Clustering Approaches

and Sum Rate Maximization in

NOMA-CFMmMIMO Networks

3.1 Abstract

The superior SE and user fairness feature of NOMA systems are achieved by exploiting
UC more efficiently. However, a random UC certainly results in a suboptimal solution
while an exhaustive search method comes at the cost of high complexity, especially for
systems of medium-to-large size. To address this problem, this chapter develops two
efficient unsupervised machine learning based UC algorithms, namely k-means++ and
improved k-means++-, to effectively cluster users into disjoint clusters in CFmMIMO
system. Adopting full-pilot zero-forcing at APs to comprehensively assess the system
performance, we formulate the sum SE optimization problem taking into account power
constraints at APs, necessary conditions for implementing successive interference cancella-

tion, and required SE constraints at UEs. The formulated optimization problem is highly
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non-convex, and thus, it is difficult to obtain the global optimal solution. Therefore, this
chapter develops a simple yet efficient iterative algorithm for its solution. In addition, the
performance of collocated massive MIMO-NOMA (COmMIMO-NOMA) system is also
characterized. Numerical results are provided to show the superior performance of the

proposed UC algorithms compared to baseline schemes. The effectiveness of applying

NOMA in CFmMIMO and COmMIMO systems is also validated.

3.2 Introduction

The tremendous growth in the number of emerging applications will certainly pose enor-
mous traffic demands with ultra-high connection density for next-generation wireless net-
works. It is approximated that more than 20 billion devices were connected to the Internet
in 2020, and this number is predicted to exceed 35 billion devices by 2025 [1]. The global
data traffic of mobile devices is expected to reach 226 exabytes per month by 2026 [2], and
will further increase over the next decade. However, traditional OMA techniques seem
to reach their fundamental limits in the near future, and therefore are no longer suitable
to meet these requirements. Consequently, it calls for innovative techniques that utilize
radio resources more efficiently to attain the optimal performance.

NOMA has been envisaged as a key enabling technology that significantly enhances
SE and user fairness of traditional wireless communication systems [3-5]. In NOMA,
multiple UEs are allowed to simultaneously transmit and receive their signals in the same
time-frequency resource by using different signal signatures (i.e., code-domain NOMA) or
power levels (i.e., power-domain NOMA) [6-8]!. In particular, in a downlink system the
key benefit of NOMA is attributed to the fact that UEs with better channel conditions

are able to cancel the interference caused by UEs with poorer channel conditions using

! This chapter will focus on power-domain NOMA ; henceforth, it is referred to NOMA.
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the SIC technique. User fairness is then achieved by allocating a large portion of the total
power budget to weak UEs, which also guarantees the SIC’s feasibility at strong UEs.
Recently, CFmMIMO, which is a scalable version of massive MIMO networks, has been
introduced to overcome the large propagation losses as well as provide better quality-of-
experience services for cell-edge UEs [9-11]. CFmMIMO comprises a large number of
APs that are spatially distributed over a wide area to coherently serve multiple UEs in
the same time-frequency resources. All APs are coordinated by a CPU through fronthaul
links. Each AP performs beamforming based on its local CSI only, and this feature thus
greatly reduces the complexity in terms of the fronthaul overhead. Since each UE is
coherently served by all APs, the effect of cell boundaries can be effectively removed. It
was shown in [9] and [12] that CFmMIMO is superior to small-cell and COmMIMO in
terms of SE and EE, respectively. However, the key advantages of favorable propagation
and channel hardening properties to multiplex numerous UEs are only achieved in the case
of multiple antennas at APs and/or low propagation losses [13]. For the aforementioned
reasons, it is of pivotal interest to study the combination of NOMA and CFmMIMO to
reap all their benefits, towards fulfilling the conflicting demands on high SE, massive
connectivity with low latency, and high reliability with user fairness of future wireless

networks [14].

3.2.1 Related Work

Despite its potential, there are only a few research works investigating the benefit of
NOMA in CFmMIMO systems in the literature. NOMA for downlink CFmMIMO was
first studied in [15], where the closed-form expression of the achievable sum rate was
derived. Numerical results showed the superior performance of NOMA compared to
OMA. The authors in [16] investigated the impact of NOMA in the uplink CFmMIMO

system and derived a closed-form approximation for the sum SE (SSE). Simulation re-

62



sults demonstrated that CFmMIMO-NOMA is capable of utilizing the scarce spectrum
more efficiently. In [17], different types of precoding techniques such as maximum ratio
transmission (MRT), full-pilot zero-forcing (fpZF), and modified regularized ZF (mRZF)
at APs were considered in downlink CFmMIMO-NOMA. It was shown that downlink
CFmMIMO-NOMA with mRZF and fpZF precoders significantly outperforms the OMA
with MRT in terms of the achievable sum rate. These existing works mainly focused on
characterizing the performance analysis in CFmMIMO-NOMA, but did not show how
UEs are paired/grouped.

To be spectrally-efficient, it is crucial to group a sufficiently large number of UEs
with distinct channel conditions that performs NOMA jointly [3-5,18]. In the context of
CFmMIMO-NOMA, the authors in [19] proposed three distance-based pairing schemes
including near pairing, far pairing, and random pairing to group UEs into disjoint clusters.
It is not surprising to see that the close pairing, where two UEs with the smallest distance
between them are paired, provides the worst performance, which is also aligned with the
NOMA principle [3,4]. Another interesting study is to group a large number of UEs into
one cluster [20], referred to as UC, in which a low complexity suboptimal method based
on the Jaccard distance coefficient was developed to find the most dissimilar UEs in the
CFmMIMO-NOMA system. Nevertheless, the UC algorithms in the above-cited works
were developed based on the distances among UEs only, without considering any learning
features.

Recently, unsupervised machine learning (ML) techniques have been considered as an
effective means for different optimization targets, which exploit adaptive learning fea-
tures. In this regard, the authors in [21] proposed a kernel-power-density based algorithm
to cluster multipath components of MIMO channels into disjoint groups. A cluster-based
geometrical dynamic stochastic model was introduced in [22], where scattered nodes were

grouped into different clusters according to the density of nodes in MIMO scenarios.
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In [23], a clustered sparse Bayesian learning algorithm was developed for channel esti-
mation in a hybrid analog-digital massive MIMO system by using the sparsity charac-
teristic of angular domain channel. The authors in [24] proposed a clustering scheme
for machine-to-machine communications in a hybrid time-division multiple access-NOMA
system in order to increase the battery lifetime of machines, using the popular k-means
algorithm [25]. This work was extended in [26] to improve the network sum through-
put by considering an enhanced k-means algorithm. Further, the k-means algorithm was
used to cluster UEs in mmwave-NOMA [27] and CFmMIMO [28]. Although these works
demonstrated the effectiveness of applying unsupervised ML to clustering tasks for var-
ious wireless communication systems, its application for UC in CFmMIMO-NOMA has
not been previously studied.

On the other hand, the k-means has also been considered as the most well-known
data clustering algorithm due to its simple implementation, that allows to provide more
insight into the underlying nature and structure of the data. There are several variants of
the k-means algorithm based on choosing different representative points for the clusters,
including the k-medoids [29], k-medians [30], k-modes [31], and employing feature trans-
formation techniques, including weighted k-means [32] and kernel k-means [33]. Different
from the k-means algorithm where the representative point for each cluster is the mean
of all the points within each cluster, the representative point for each cluster in the k-
medoids, k-medians, and k-modes algorithms is the actual data point inside each cluster,
the median of each cluster, and the mode of each cluster, respectively. Although the k-
medoids and k-medians are more robust to outliers than the k-means, their computational
complexity is much higher and therefore not suitable for large datasets. Moreover, the
k-modes is designed to handle categorical data, and thus not appropriate for numerical
data. Given that the k-means algorithm considers all features equally important, the

weighted k-means introduces a feature weighting mechanism, where different features are
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assigned different weights [32]. In [33], the kernel functions are applied in the k-means
in order to find non-linearly separable clusters. However, both the weighted and kernel

k-means algorithms are computationally more expensive than the k-means.

3.2.2 Motivation and Main Contributions

In CFmMIMO-NOMA systems, the effect of network interference is increasingly abnormal
and acute as the APs become denser. Most existing works on CFmMIMO-NOMA systems
[15-17] focused on the performance analysis while they neglect the importance of UC,
which has been shown to significantly improve the performance of NOMA-based systems
[3,4,34]. A direct application of random UC schemes [4,18] to CFmMIMO-NOMA systems
would result in poor performance, even worse than the traditional linear beamforming
without NOMA. In addition, a joint UC and beamforming design [5], which clusters
UEs by means of the tensor model, is not very practical for CFmMIMO-NOMA due to
excessively high complexity in terms of computational and signalling overhead. Although
the k-means algorithm has been widely adopted for different clustering tasks [24-28], its
main drawback is sensitivity to the initialization of centroids.

Taking into account all these issues, this chapter devises novel UC algorithms along
with an efficient transmission strategy such that the SSE of CFmMIMO-NOMA systems

is remarkably enhanced. In particular, our main contributions are summarized as follows:

« This chapter proposes two efficient unsupervised ML-based UC algorithms, includ-
ing k-means+-+ and improved k-means++, to effectively cluster UEs into disjoint
clusters in CFmMIMO-NOMA. The proposed k-means++ algorithms further ad-
dress the limitation of k-means due to the randomness of initial centroids. In addi-
tion, they are able to ensure the maximum number of UEs per cluster, which can

not be achieved by the conventional k-means.
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» By adopting the fpZF precoding at APs, this chapter formulates optimization prob-
lems for both CFmMIMO-NOMA and COmMIMO-NOMA systems by incorporat-
ing power constraints at APs, necessary conditions for implementing SIC at UEs,
and the minimum SE requirement at UEs; these belong to the difficult class of non-
convex optimization problems. Towards appealing applications, two low-complexity
iterative algorithms based on the inner approximation (IA) method [35] are devel-
oped for their solutions, which are guaranteed to converge to at least a locally

optimal solution.

« Extensive numerical results are provided to confirm the effectiveness of the proposed
UC algorithms on the SSE performance over the current state-of-the-art approaches,
i.e., close-, far- and random-pairing schemes [19], and Jaccard-based UC scheme [20].
They also show the significantly achieved SSE gains of CFmMIMO-NOMA over
COmMIMO-NOMA.

3.2.3 Chapter Organization and Notations

The remainder of this chapter is organized as follows. Section 3.3 describes the system
model. In Section 3.4, two unsupervised ML-based UC algorithms are presented. The
proposed iterative algorithms for CFmMIMO-NOMA and COmMIMO-NOMA are intro-
duced in Sections 3.5 and 3.6, respectively. Numerical results are given in Section 3.7,
while Section 3.8 concludes the chapter.

Notations: Bold uppercase letters, bold lowercase letters, and lowercase characters
stand for matrixes, vectors, and scalars, respectively. |- |, ()%, ()T, (\)*, and || - |2
correspond to the cardinality, the Hermitian transpose, the transpose, the conjugate, and
the [2—norm operators, respectively. E[-] represents the expectation operation. CN (u, 0?)

stands for circularly symmetric complex Gaussian random variable (RV) with mean p and
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Fig. 3.1: An illustration of the CFmMIMO-NOMA system.

variance 2.

3.3 System Model

3.3.1 System Description

This chapter considers an CFmMIMO-NOMA system, where the set M = {1,2,--- M}
of M APs is connected to the CPU through perfect wired fronthaul links to serve the set
N 2 {1,2,--- N} of N UEs via a shared wireless medium, as shown in Fig. 3.1. Each
AP is equipped with K antennas, while each UE has a single antenna. APs and UEs
are assumed to be randomly distributed in a wide coverage area. The communication
between APs and UEs follows the time division duplex (TDD) mode. Each coherence

interval, denoted by 7., includes two phases: uplink training 7, (7, < 7.) and downlink
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data transmission (7. — 7,). The total N UEs are grouped into L clusters and each UE
belongs to one cluster only. We denote the set of L clusters by £ = {1,2,--- L}. The set
of UEs in the I-th cluster is defined as A; = {1;,--- ,n;,---, N;} with |[Vj| = N;, where
Uiee M| = N and MiNNy = 0 for I #1'.

3.3.2 Signal Model and Sum Spectral Efficiency (SSE)
3.3.2.1 Uplink Training

In the uplink training phase, all UEs send their training pilots to APs for channel es-
timation. Then, downlink channels are achieved by leveraging the channel reciprocity
property of the TDD mode. With the aim of minimizing the channel estimation overhead
in CFmMIMO-NOMA, UEs in the same cluster share the same pilot sequence, and the
pilot sequences among different clusters are pairwisely orthogonal [15,19] which requires
7, > L. This chapter assumes that 7, = L. Let denote the pilot sequence sent from the
UEs in the [-th cluster by ¢, € C™*! with [ € {1,2,...,7,}, satisfying the orthogonality,
ie., ||¢||2 =7, and @' ¢, = 0if I # . The channel vector from UE n; to AP,, is defined
as h,, ,, € CE*1. This chapter focuses on slowly time-varying channels, and assumes that
the channel coefficients are static during the 7, interval. The channel h,, ,, is generally

modeled as follows:

hm,nl = \/ﬁm,nlﬁm,np (31)

where f3,, ,, represents the large-scale fading coefficient accounting for path loss and shad-
owing, and h,,,, € CX*! is the small-scale fading vector in which the components are

independent and identically distributed (i.i.d.) CN(0,1) RVs. The training signals re-
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ceived at AP,, can be written as follows:

Yﬁl = Z Z V pnzhm,nz d){{ + Wifm (3'2)

leEL nEN

where p,, and W2 & CE*" are the normalized transmit power of UE n; and the additive
noise matrix at AP,, whose elements follow CN (0, 1), respectively.
Given Y? . AP,, estimates h,,,, using the minimum mean square error (MMSE)

criterion. The projection 32, € CE*! of Y? at AP,, onto ¢, can be derived as follows:

}A’fn = an¢l = Tp Z vpmhmmz + W£n¢l' (3'3)
nl€M

Hence, the MMSE estimate of h,, ,, is given as

A R " R -1 R
B, = E{hy, 0, (55,)7} (E{5%,(55)}) 94,

_ P
= Umm ¥m> (3.4)
where v,, ,, = /PPy . The estimation error vector of h,,,, is given as
i Tp Z pn’lﬁm,n’l+1 "
n’lENl

A

Cmn = hm,nl - hm,nla (35)

where the elements of e,), ,,, and ﬁm,nl arei.i.d. RVs distributed as CN (0, (B, — Yimumy) 1)

Tpp"lﬁrzn,nl
Tp Z pn’lﬁm,n’l+1
n/ €N
cooperation among APs to exchange the channel estimate information.

. Note that there is no

and CN (0, Y., 1x), respectively, with ~,, ., =

Remark. The so-called pilot contamination exists when APs estimate the channels of

UFEs belonging to the same cluster. The relationship of channel estimates of UE n; and
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UE n/; in the l-th cluster with n; # n/; and n;,n'; € Ny, at AP, is expressed as follows:

i"m,nz — 7\W%7n,l. (3.6)
\/ pn’lﬁm,n’l

3.3.2.2 Downlink Data Transmission

Under TDD operation, this chapter considers the channel reciprocity to acquire CSI
to precode the transmit signals in the downlink [9,12]. This chapter adopts the fpZF
precoding [36] to cancel inter-cluster interference, but still take into account intra-cluster
interference. Compared with the pure ZF [37], each AP computes fpZF precoding using
its local CSI only, leading to a distributed implementable algorithm. From (3.2), the

full-rank matrix H,,, € C¥*™ of fpZF precoder at AP,, is given by [36]

where ¢ = [, Pq, - ,¢Tp] € C™»*™ denotes the collection of 7, orthogonal pilot se-

quences. Hence, from (3.4) and (3.7), the channel estimate h,, ,, is rewritten as

flm,nl = Um,n, Hm‘Pl? (38)

where ¢, is the [-th column of the identity matrix I,,. From (3.7) and (3.8), the beam-
forming vector w,,; € CHE*1 oriented to the I-th cluster at AP,, can be expressed as

follows:

(3.9)
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The transmitted signal x,, € CX*! from AP,, is given by

T, \/ ’wm ATn;, (3-10)

leL n €N

where ,, is the symbol intended for UE n;, and p;; is the normalized transmit power
(normalized by the noise power at AP,,) allocated to UE n; at AP,,. Besides, z,, and

Ty, for 11" € £ and ny,n'y € N must satisfy the following condition

1, if I=10 and n=n/,
E{ 2, (2,)"} = (3.11)

0, otherwise.

Then, the received signal at UE n; in the [-th cluster can be written as

Yn, = Z hm mTm + Zn

meM
_ H /
- Z pmhm,mwmlenl + Z Z pn m nlwm,l‘rn'l
meM meMn’ eN\{n;}
Desired signal Intra-cluster interference before SIC

+ Z Z Z \/pnl/ mnlwml’xnl/ +an; (312)

meM U eL\{l} nyeNy

Inter-cluster interference

where z,, ~ CN(0,1) is the additive white Gaussian noise (AWGN) at UE n;.

Without loss of generality, in the [-th cluster this chapter considers a descending order
of channel gain, i.e., UEs 1; and N; are the users with strongest and weakest channel gains,
respectively. By NOMA principle [3,4], UE n; in the [-th cluster first decodes the signals
of UEs n’; > n; with poorer channel conditions, and then its own signal is successively
decoded after removing the interference from those UEs. Denote by SINRZ;Z and SINRZ:i
the signal-to-interference-plus-noise ratios (SINRs) in decoding the signal of UE n/; by

UE n; and itself, respectively. Towards an efficient and implementable SIC, the following
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necessary condition is considered [19]
E {log, (1+ SINRp;") } > I {log, (1 + SINR}.! ) } , (3.13)

Vn < n’l,Vl e L.

Remark. We note that perfect SIC is practically unattainable owing to the effects of intra-
cluster pilot contamination and channel estimation errors. Consequently, the received

signal at UE n; in the [-th cluster after SIC processing can be written as follows:

n;—1

Yny = Z \/ Pry h‘m,mwm:lxnl + Z Z pn’zhmv"lwm’lxn,l
meM meMn/;=1
Desired signal Intra-cluster interference after SIC

N,
H
G Do D0 o P Wm g,

meMn/j=n;+1

Intra-cluster interference due to imperfect SIC

+ Z Z Z ,/pﬁl/hg,mwmyyxnl, +2n,, (3.14)
meM U eL\{1} nyeNy

Inter-cluster interference

where C,, is a general SIC performance coefficient at UE n; in the [-th cluster. In
particular, ¢, = 1 (¢, = 0) indicates no SIC' (perfect SIC), while 0 < (,, < 1 means
imperfect SIC.

3.3.2.3 Downlink Performance Analysis

Given the UC algorithms that will be introduced in Section 3.4, we first derive the SSE
of CFmMIMO-NOMA. From (3.14), the SINR of UE n; in the [-th cluster is given by

DS|”

n;—1 N, )

E{|BU|?} + ZZ E {|ICI|?} + i E {|RICI]?} + X > EA{|UIP}+1
n/;=1 n'j=n;+1 Vel\{l} ny G./\[l/

(3.15)

SINR,, =
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where DS = ]E{mEM \//)»nl mnlwm l} (mEM A/ pnl mnlme_]E{mGM \/ pnl mnlwm’l}>’

ICI meM \/El m nlwm b RICI o \/CT” Z p””l m "zwm’l’ and UI meM M m mwm:l'

are the coherent beamforming gain (desured signal), beamforming gain uncertainty, intra-
cluster interference after SIC, residual interference due to imperfect SIC, and inter-cluster
interference, respectively.

To simplify (3.15), we first compute the expectation term in the denominator of (3.9)

[38]:

E {HHm (| = U’%“”_T Vn, € M. (3.16)

From (3.8), (3.9), and (3.16), we have

rH Ymn; H
hm,niwm,l = Pi P %mm(K - Tp)

Umvnl

Yoy (K — 1), if i =1,
= (3.17)

0, if i1

Lemma 3.1. The closed-form expression for the SE of UE n; in the l-th cluster is given

by

Ry — (1 P) log2<1 n SINRm)
Te

(1—>log2<1—|— min  SINR] ) Vny. (3.18)
Te

n'1=1,...,n;

With p & {00 Ymemmeniiec, SINR and SINR};

s VN <y, are derived as follows:

(K—m)| X \/pnﬂmnz>2

SINR? = T;”G;; : (3.19)
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2
(K - Tp) <m§/\/l \/W)

SINR! = :
" Iy, (p) +1

(3.20)

where I7'(p) and 1, (p) are defined as

2
p) &= > (K —Tp)( > \/p;”nﬂm,m>

TL”ZE./\/Z\{TLZ} meM

+ Z Z Z nn"l/pz’l/ (ﬁmﬂl - ’Vm,nl) )

Vel n”l/ GM/ meM

2
e 2 Y e K= n)( X me)

" €N \{ni} meM

+ Z Z Z nn/'z/pz’l/ (6”%"'1 - 'Ym,n’l) )

lelLn'eNy meM

with

L, ifl' # lorl = landn", < ny,
nn”l’ =
Cn,, Otherwise.

Proof. We follow similar steps as in [17] to derive (3.19) and (3.20), by taking into account

the residual interference due to imperfect SIC. O

We define the virtual channel of UE n; in the [-th cluster as h,,, = [Y1.4,, - - - 7WMM]T,
Vn; € N;. We assume that UEs in the [-th cluster are sorted based on their virtual
channels, such as ||hy,||s > ||hyll2 > ... > ||hyll2, VI € L. From (3.18), the SSE of

CFmMIMO-NOMA is expressed as

By=> > I

leEL nEN]
—(1-2)% 3 tog,(1+ SINR,,). (3.21)
Tc leL nEN;
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3.4 Clustering Cell-Free Massive MIMO-NOMA Sys-
tem

In CFmMIMO systems, a large number of APs are deployed in the area, which leads to the
heterogeneous locations between UEs and different APs. In this section, we propose two
unsupervised ML-based UC algorithms to effectively divide all UEs into separate clusters,
which are implemented at the CPU by exploiting the large-scale fading coefficients and
considering all the APs. Similar to [19] and [28], large-scale fading coefficients of UEs are
assumed to be collected and shared with the CPU before performing the UC algorithm.
We note that it is only necessary to estimate the large-scale fading coefficients once every
40 7. intervals [15], and thus, conveying these coefficients via the fronthaul links occurs
much less frequently than data transmission. Denote by B, = [B1.n, Boms - - - Burm)! €
RMx1 the set of large-scale fading coefficients from all APs associated to UE n,Vn € N.
The vector 3, can be considered as an effective feature-vector denoting the location of

UE n.

3.4.1 The k-means Algorithm

The k-means algorithm for UC studied in [27] and [28] is one of the simplest unsupervised
ML algorithms to partition UEs in the coverage area into separate groups. The key idea
is to find a user-specified number of clusters L, which are represented by L centroids, one
for each cluster. The number of clusters L in the k-means algorithm is predetermined.
The principle of k-means algorithm is given as follows. Firstly, L initial centroids are
randomly selected. Secondly, each point is assigned to the nearest centroid, and each
mass of points assigned to the same centroid creates a cluster. Then, the centroid of each
cluster is updated according to the points associated to the cluster. The assignment and

update processes of centroids are repeated until either there is no change in the clusters

1)



or centroids remain similarly.

In the context of NOMA systems, it should be noted that the k-means algorithm
studied in [27] results in clusters that have unlimited number of UEs, which may not be
applicable to NOMA systems because of the increase in SIC computational complexity and
the degradation of the decoding performance. As the number of UEs per group increases,
it also becomes more challenging to achieve suitable receive power ratios among NOMA
UEs, especially under practical setups where the SIC is imperfect and error propagation
can be significant. Hence, this chapter imposes a constraint to limit the number of UEs
per cluster. In the context of CEmMIMO-NOMA, the procedure of k-means can be

summarized as follows:

o Step 1: L initial centroids are randomly selected from N UEs, where L is a predefined

number. The set of L cluster centroids is defined as follows:
C={a,leL}, (3.22)

where ¢; represents the centroid of the [-th cluster.

o Step 2: Each UE n € NV is grouped to the nearest centroid, and hence, UEs assigned

to the same centroid creates a cluster:

' = arg min fy (Bn, BCZ) , (3.23)

viel

where f; (Bn, Bq) = ||B,, — B¢, ||, represents the Euclidean distance from UE n to
centroid ¢; [27]. As shown in (3.23), UE n is grouped to I-th cluster (denoted by

centroid ¢y) since the distance from UE n to centroid ¢ is nearest.

o Step 3: The centroid of each cluster is recalculated under given UEs assigned to this
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cluster:

1
By=—= > BuVIEL, 3.24
V| g@ 320

where 3, represents the updated centroid for the [-th cluster, which can be calcu-

lated by the mean of all UEs belonging to the [-th cluster.

o Step 4: Steps 2-3 are repeated until convergence, i.e., there is no change in the

clusters or the centroids remain the same.

e Step 5: If 31" € L such that |N#| > ¢, where ¢ denotes the maximum number of
UEs in each cluster, and with £” denoting the set of clusters with size exceeding ¢,
ie., L ={l"1" € L with |Nv| >}, the UEs from the oversized clusters in L" are

pooled as:

N = U N (3.25)

VI"eLl with [Np|>e

Repeat Steps 1-4 to N targeting |£”| + 1 clusters.

Update the number of clusters £ < £ + 1.

« Step 6: Step 5 is repeated until |N;| <, VI € L.

Note that Steps 5-6 are performed iteratively to ensure that all clusters are bounded
above. The k-means algorithm for UC in CFmMIMO-NOMA is given in Algorithm 2.
Note that k-means is a greedy algorithm, which can converge to a local minimum since
its performance highly depends on the predefined number of clusters L and the centroid

initialization process, i.e., how to select L initial centroids.
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Algorithm 2 The k-means Algorithm for UC in CFEmMIMO-NOMA

1: Input: L and 3,,Vn € N.
2: [ /**Identify L cluster centroids at random c;, Yl € L (Step 1)**//
3: Set C = () and [ = 1, where C denotes the set of cluster centroids.
4: while [ < L do

5. ¢ = generateRandom(1, NV|;
6

7

8

9

if ¢; ¢ C then
C+ ¢
l=1+1;
. end if
10: end while
11: //**Main process (Steps 2-4)**//
12: while C changes do
13:  //**Identify Ny, VI € L, containing the subset of UEs that are closer to ¢y than
o, with I # 1 (Step 2)**%//
14:  for n € N\C do

15: I = argmin fy (Bn, ﬁcl), where fy (Bn?ﬁcl) =8, — 5clH2§

vieL
16: Ny« n;

17:  end for
18:  //**Recalculate ¢; of cluster Nj, VI € L (Step 3)**//
19: forl=1:Ldo

. S .
20 /@cl_ ‘M‘HEZMBHJ

21:  end for

22: end while

23: //**Ensure |N|| <, VI € L (Steps 5-6)**//
24: L ={1",1" € L with [Npw| > 1};

25: L =L\ L

26: while £” # () do

o N'= U Ny

Vl//eﬁ//
28:  Repeat Steps 2-22 to N7 with |£"”| = |£”| + 1 clusters, where £ denotes the set

of |[L"| + 1 clusters;
29 L=LU{l", 1" e L" with INp| <}
30 L' ={1",1" € L with [Ny| >}
31: end while
32: Output: N, and ¢, VI € L.
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3.4.2 Proposed k-means++ Algorithm

One drawback of the k-means algorithm is that it is sensitive to the initialization of the
centroids [39,40]. If an initial centroid is a far point, it might not associate with any other
points. Equivalently, more than one initial centroids might be created into the same cluster
which leads to poor grouping. In this section, the k-means++ algorithm is developed to
resolve this issue. It aims at providing a clever initialization of the centroids that improves
the quality of the grouping process. Besides, the proposed k-means+-+ algorithm is able
to control the maximum number of UEs per cluster. Except for the improvement in the
centroid initialization process, the remainder of k-means++ algorithm is the same as in
the k-means. In the context of CFmMIMO-NOMA, the proposed k-means++ can be

summarized as follows:
e Step 1: The first initial centroid c; is randomly selected from N UEs.

e Step 2: For each UE n (with n € N and n ¢ C), its distance from the nearest

centroid is calculated as follows:

fa (B Be,) = 1180 = Be,ll (3.26)

where ¢, = argmin f; (Bm Bcl>'
Ve, eC

o Step 3: The next centroid is selected from UEs (Vn € AM\C) such that the probability
of selecting a UE as a centroid is in direct proportion to its distance from the nearest
and previously selected centroid, i.e., the UE having the maximum distance from

the nearest centroid is virtually to be chosen next as a centroid:

o = argmax fq (B,,B.,) - (3.27)
vneN\C
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o Step 4: Steps 2-3 are repeated until L — 1 centroids are selected.
o Step 5: The process continues following Steps 2-6 in the k-means algorithm.

The centroid initialization process of the proposed k-means++ (from step 1 to step 4)
ensures that chosen centroids are far away from each other. This increases the opportunity
of initially selecting centroids that are located in different clusters. The proposed k-

means++ algorithm for UC in CFmMIMO-NOMA is described in Algorithm 3.

3.4.3 Proposed Improved k-means+-+ Algorithm

As shown in Sections 3.4.1 and 3.4.2, the performance of the k-means algorithm can be
enhanced by selecting the L initial centroids more effectively. Based on the characteristics
of CFmMIMO-NOMA, we propose the improved k-means++ algorithm which includes a
new approach to cleverly select L initial centroids. Since initial centroids are chosen as
UEs that have highest large scale fading coefficients to the largest number of APs, the
resulting clusters are served by more APs with better signal quality. The procedure of

improved k-means++ is summarized as follows:

o Step 1: Each AP identifies an associated UE, denoted by A,,, which has the best

connection, i.e., highest large-scale fading coefficient (3, ,,:

A, = argmax B, ,, Vm € M. (3.28)
vneN

o Step 2: The CPU then selects a subset of APs, denoted by T,, which have best

connections to UE n:

Y,={AP,,: UEn==A,},VneN. (3.29)
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Algorithm 3 The k-means++ Algorithm for UC in CFmMIMO-NOMA

1: Input: L and B, Vn € .

2: //**Identify the first cluster centroid ¢, (Step 1)**//

3: Set C = () and ¢; = generateRandom[1, NV];

4: C < ¢y and set f = 0;

5. //**Identify L — 1 cluster centroids, ¢;, | =2,...,L (Steps 2-4)**//
6: for [=2:L do

7. forn=1:N do

8: fort=1:1—1do

9: if n # ¢; then

10: dis (1,t) = fy (ﬁn,ﬁCt), where f; (ﬂn,ﬂq) =18, — B, Il,;
11: else

12: dis (1,t) = NaN;
13: f=f+1;

14: end if

15: end for

16: if f ==0 then

17: dist (1,n) = max dis;
18: else

19: dist (1,n) = NaN;
20: f=0;
21: end if

22:  end for
23: ¢ = arg max dist;

VneN\C
24: C « ¢;
25: end for

26: //**Main process (Step 5)**//
27: while C changes do
28:  for n € N\C do

29: I' = argmin fy (Bn, Bcl) where fy (Bn,ﬂcl> =B, — Belly

VieL
30: Ny <+ n;

31: end for
32:. forl=1:Ldo

33: /8 T Z Bna

neN
34:  end for l
35: end while
36: //**Ensure |N|| <, VI € L (Step 5)**//
3. L7 ={I",1" € L with [N >}
38: L=L\ L
39: while £” # () do
40: N = U M//;

vl//€£//
41:  Repeat Steps 2-35 to N with [L£"| = \E”| + 1 clusters, where £ denotes the set

of |£"| 4+ 1 clusters;
2. L=LU{l"]l" e E’” with [Np| < L}
43 L7 ={1"1" € L with [Np| > };
44: end while
45: Output: N, and ¢, VI € L.




o Step 3: The CPU selects a UE having the highest number of serving APs as a

centroid:

¢, = argmax |1, (3.30)
vYneN\C

where |T,,| denotes the cardinality of T,.
o Step 4: Step 3 is repeated until L centroids are chosen.

o Step 5: The process continues following Steps 2-6 in the k-means algorithm.

The centroid initialization process of the improved k-means++ for UC in CFmMIMO-
NOMA (Steps 1-4 above) is described in Algorithm 4.

Algorithm 4 Centroid Initialization Process of the Improved k-means++ Algorithm for
UC in CFmMIMO-NOMA

1: Input: L and 3,,Vn € N.

2: //**Identify UE that has the best connection to each AP (Step 1)**//
3: form=1:M do
4

A, = argmax B, p;
VYneN
end for

//**Identify the subset of APs that have best connections to each UE (Step 2)**//
forn=1: N do
form=1: M do

if n == A,, then
10: T, < m;
11: end if
12:  end for
13: end for
14: //**Identify L cluster centroids, c¢;, ¥l € L, that have large number of serving APs

(Steps 3-4)**//
15: C = (), where C denotes the set of cluster centroids.
16: for [=1:L do
7. ¢ = argmax |Y,[;

VneN\C

18: C « ¢;
19: end for

20: Output: C.
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3.5 The SSE Maximization

From (3.19) and (3.20), it is clear that the SSE of CFmMIMO-NOMA highly depends on
the power allocation (PA) at all APs. Thus, it is necessary to optimize the transmit power
at APs so that the SSE of CFmMIMO-NOMA can be enhanced. In this section, we aim
at optimizing the normalized transmit power p = {00 Yyt to maximize the SSE under
the constraints of the transmit power budget at the APs, SIC conditions, and minimum

required SE at UEs. The optimization problem can be mathematically expressed as

max ( - Tp) S>> 10g2(1 +SINRm) (3.31a)
g ¢’ leL meN;
st Y > pn < Pr.Yme M, (3.31b)
leL neN;
P < ppysmg € [L,Ng— 1] ,VYm e M,l € L, (3.31¢)
(1 - ?) log2(1 + SINRm)Z Roy,Viu. (3.31d)

Herein, constraint (3.31b) indicates that the total transmit power at AP, is limited
by the normalized maximum power P . constraint (3.31c) is the necessary condition to
implement SIC in the [-th cluster, VI € £, and constraint (3.31d) denotes the minimum
SE requirement an of UE ny, Vn;. We note that SINR,,, in (3.31a) is a nonconvex and
nonsmooth function with respect to p, making problem (3.31) intractable. Therefore,
it may not be possible to solve the problem directly. In addition, the globally optimal
solution (e.g., exhaustive search) comes at the cost of high computational complexity, and
may not be suitable for practical implementation. In what follows, we develop newly ap-
proximated functions using the A framework [35,41], and then propose a fast converging
and low-complexity algorithm.

Equivalent Optimization Problem: To apply the IA method, several transformations

are necessary to make (3.31) tractable. To do so, we introduce the auxiliary variables
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r& {r”l}\m, and ¢ = {(pnl}an to rewrite (3.31) equivalently as

max ( - Tp) > 2 (3.32a)

Te

lel TLZGM
st. In(1+ @) >y In2 Yo, € N, (3.32b)
SINRy > ¢y, Vn'y < ng, Vg € N, (3.32¢)
SINR}! > o, Yy € N, (3.32d)
(1 - :p)rm > Ry, (3.32¢)
(3.31b), (3.31c). (3.32f)

It is clear that the objective function becomes linear. The equivalence between (3.31)

and (3.32) is verified by the following lemma.

Lemma 3.2. Problems (3.31) and (3.32) share the same optimal solution set and the
same optimal objective value. In particular, let (p*,r*,¢*) be the optimal solution to

problem (3.32), then p* is also the optimal solution to problem (3.31) and vice versa.

Proof. The proof is done by showing the fact that constraints (3.32b)-(3.32d) will hold
with equality at the optimum. This statement is proved by contradiction. Suppose that
constraints (3.32c) and (3.32d) are inactive at the optimum for some users, i.e., there
exists ¢, > 0 such as min(SINRZfl, SINRZ?) = ¢, > - It is clear that ¢ is also a
feasible point to (3.32b), and 7, = In (1 + 90;”) /In2 > In (1 + <p¢”) /In2 =ry. Asa

consequence, this results in a strictly larger objective value, i.e., (1 — %) lzc Z/\/ T, >
€L meN;

(1 — :—p) >. X 1, which contradicts the assumption that (p*,r*,¢*) represents the
¢/ leLneN
optimal solution to problem (3.32). O

Inner Approximation (IA) for Problem (3.32): The nonconvex parts include (3.32c)

and (3.32d). The direct application of IA method is still not possible due to the com-
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plication of SINR;} and SINR}!. In the following, the change of variable is made as
P = (pp)?, ¥y € Ny. Firstly, (3.32c) can be handled by rewriting SINR} as

(K =7)( 5, n/Tot).

R 339

SINR}), =

where p £ {7}y, and

2
i) 2 Y e (K =) X A )

€N\ i} meM

+ Z Z Z My, (ﬁ;ri’l,)Q (ﬁm,n’l - PYm,n’L)- (334)

l'eLn €Ny meM

By introducing the slack variables @ £ {@)} byn,, T = {T:,//l}vnl, and 0 £ {6 }yn,,

constraint (3.32c) can be equivalently rewritten as

D P A, = Wk, V' < g, Vg € N, (3.35a)
meM
Z ﬁg’l\/me,n/l < T:///ll, Vn’l <ny, Vn; € M, (335b)
3.32¢) < { "M
(3.32¢) Iy (p,T) <0, 'y <y, Vg € N, (3.35¢)
2
(wal) )
(K — Tp)em 1 > Op,, V0 <y, Vg €N, (3.35d)
n';

where

Ig’ll(ﬁ’ T) = Z nn"z/<K o TP) (7_77;0/'/11)2_’_ Z Z Z Tty (ﬁg’y)Q(ﬁm,n’z - fVm,n'z)

n' eN\{n;} l'eLn' eNy meM

(3.36)

is a quadratic function. Here, constraint (3.35d) remains nonconvex. We note that
(wZ?l)Q /(0 + 1) is the quadratic-over-linear function, which is convex with respect to

(i, 0p). Let (wal’(”) 0™")) be a feasible point of (@™ ,0™ ) at the k-th iteration of

n'p) »Vnly n/p>Vn’;
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an iterative algorithm and by the TA principle, constraint (3.35d) can be convexified as

2
9" () (wﬁf ’(”))
(K — 7 )(n:lwgf L S 1)) > o (3.37)
p 0 1,(K) +1 1 (ezf;(ﬁ) X 1)2 1 ny

n'y

Vn'; < ny, VYn; € Nj. Similarly, constraint (3.32d) can be iteratively approximated as

Z P/ Y, = @y, Yy € NG, (3.38a)
meM
> P A/ TV, < T Vg € N, (3.38b)
meM
(3.32d) & T(p,T) <0, Vg € N, (3.38¢)
2
QWZZ’(H) . wﬁlv(’{) N
Rt 4 (enl + 1)

where

Ir?ll(i)v T) £ Z nn”l/(K - Tp) (Tg’l’l)Q + Z Z Z Ty, (ﬁg’l/)Q (5m,nz - Vm,nl) .

" EN\{n} VeL ' eNy meEM

In summary, the convex approximate program of (3.32) solved at iteration x + 1 is

given as
-
e (RS T (3%
st. (3.32b), (3.32e), (3.35a)—(3.35¢), (3.37), (3.38a)—(3.38d), (3.39b)
D2 ()P < P Ym e M, (3.39¢)
leL neN;
Py < Peirsmu € [L, Ng— 1] ,Vm € Ml € L. (3.39d)

Conic Quadratic Program: Problem (3.39) is a mix of exponential and quadratic

constraints, resulting in a generic convex program. The major complexity in solving such
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a program is due to the logarithm function in (3.32b), making the use of convex solvers
(e.g., SeDuMi [42] and MOSEK [43]) inefficient. To bypass this issue, we use a lower

bound of In(1 + gy, ) as [4, Eq. (66)]

e (e 1
N R (NI R

ln(l - gom) > In(1+ gags)) + (3.40)

Vgpf{j) > 0, ¢y, > 0, which is a concave function. We note that (3.40) holds with equality

at the optimum, i.e., cp;’j) = gpﬁl’jﬂ). Next, by introducing new variables ¢ £ {@n, }vn,, the

conic quadratic approximate program of (3.39) is given as

max <1 - Tp) SN T, (3.41a)

Pt 0,70 Te/ 1L meN;
s.t. (3.32¢), (3.35a)—(3.35¢), (3.37), (3.38a)— (3.38d), (3.39¢), (3.39d),  (3.41D)

‘F(K) (¢(7)7 @nl) Z TTLZ 1n27 an E M7 (341C)

n

0.25 (@, + @n,)° = 0.25 (0, — @n,)” + 1, Yy € N, (3.41d)

(x) ()2
where F® (o) &, ) £ In(1 + () + (;53;1 - fj:fil%. We note that (3.41d) is a
n n

second-order cone constraint and must hold with equality at the optimum. The proposed

[A-based iterative algorithm is summarized in Algorithm 5.

Algorithm 5 Proposed [A-based Iterative Algorithm to Solve Problem (3.31)

Initialization: Set x := 0 and generate an initial feasible point (zo®, 0(0), @),
1: repeat
2:  Solve the conic quadratic approximate program (3.41) to obtain the optimal solu-
tion, denoted by (p*,r*, *, *, w*, 7*,0);
Update ((P(n-l—l), w(n—l—l)’ 0(/44—1)) — (¢*7 w*, 0*);
4. Set k:=k+1;

w

5: until Convergence, i.e., <Z > 7“7([‘) - > > rff”) >y 7“7(1"*1) <e€
leLneN; ' leLnjen; leLneN;
6: Ouput: p* with p™) = (prt)2 Vn, € M.

Convergence and Complexity Analysis: The proposed algorithm starts by randomly
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generating an initial feasible point for the updated variables (w(o),ﬂ(o),go(o)). In each
iteration, we solve the convex program (3.41) to produce the next feasible point
(ltD) goletl)) 0(“+1)). This procedure is successively repeated until convergence, which

is stated in the following proposition.

Proposition 2. Initialized from a feasible point (zo® ), 0 ),cp )), Algorithm 5 produces
a sequence {cp(”),w(”),e(”)} of improved solutions to problem (3.41), which satisfy the
Karush-Kuhn-Tucker (KKT) conditions. In light of the IA principles, the sequence {(1 —

Tp) oo “)} is monotonically increasing and converges after a finite number of
lE,C'rLZGM k=1

iterations for a given error tolerance € > 0.

Proof. Please see Appendix A. m

The computational complexity of Algorithm 5 mainly depends on solving the approx-

imate problem (3.41), which is polynomial in the number of constraints and optimization

variables. Problem (3.41) has v = NM + 3N + 3%, i Nl L scalar real variables and
c=8%"F, (% + M(N, — 1))+M quadratic and linear constraints. As a result, the

worst-case computational cost of Algorithm 8 in each iteration is O(v?c*® + %) [44].

3.6 COmMIMO-NOMA System

This section considers a COmMIMO-NOMA system, which serves as a benchmark for
CFmMIMO-NOMA. The main differences between CFmMIMO-NOMA and COmMIMO-
NOMA systems are as follows: 7) in CFmMIMO-NOMA, in general 5, ,, # Bw/ n,, for
m # m/, whereas in COmMIMO-NOMA, B,,, = B n,; and ii) in CFmMIMO-NOMA,
a power constraint is applied at each AP individually, whereas in COmMIMO-NOMA,
a total power constraint is applied at the collocated AP equipped with M K antennas.
Unless otherwise specified, all notations and symbols given in the previous sections will

be reused in this section.
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3.6.1 Performance Analysis
Similar to Lemma 3.1, the closed-form expression for the SE of UE n; in the [-th cluster

is given by
(3.42)

Tp
Te

Jiogs(1+ SINR,,)
1+ min SINRZ%;), Vn; € N.

Tp
< 7_c>10g2( n l—l ..... ny

R, = (1-

Vn'/; < ny, are derived as follows:

n,
n'ys

with py,, Vny, SINR}! and SINR
(3.43)

By replacing pj;
(K = 1) pry Yy

SINR™ =
" Zni(p) +1

(3.44)

(K - Tp)pn T
SINR™ = Lot
= T () +1

(3.45)

where
My (K = 7)o Ve + O O Ty Py By — Yy
(3.46)

7, (p) >
n" 1 eN\{n;} leln  eNy
nn//l,(K — Tp)pn//l")/n/l —|— Z Z n”//l/p”//z/ (ﬁn/l — ")/n/l) ,

VEL n' eNy

I (p) =
W EN (i}

>

and = TP Oy : is defined as
,}/nl B Tp Z pn/lﬁn/l"!‘].’ nn”l/
n’le./\/l
1, ifl" #lorl' = landn”;, < ny
My = (3.47)
Cn,, Otherwise.
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The SSE of the COmMIMO-NOMA system is expressed as follows:

Ry = R, = (1-"2)log,(1+SINR, ).
l TC l

leL neN;

The SSE maximization problem for COmMIMO-NOMA is stated as

max ( - T”) S 3 logy(1+SINR,,)

¢’ leL neN

s.t. Z Z Pry < Pmax7

lEL N EN;

Pny < Pry+1,T0 € []-7Nl - 1] 7VZ € 'Cv

(1 _ Tp) log, (1 + SINR,, )> Ry, V.
Te

3.6.2 Proposed Solution to Problem (3.49)

(3.48)

(3.49a)
(3.49b)

(3.49c¢)

(3.49d)

By making the change of variable as p,, = (p,,)? Vn; € N; and following similar steps

from (3.32) to (3.39), problem (3.49) is equivalently transformed to the following tractable
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form

-
max (1 — p) o> (3.50a)
por.p.0 Te/ leLmen l
st. In(1+¢y) >r,In2, Vo e N, (3.50b)
Iy (p) < 0, Yn'y <y, Vg € N, (3.50¢)
I(p) < 07, Vny € N;, (3.50d)
K — T, n n
( np)(p ) L> @, Y01 <ny, VY, € N, (3.50e)
O, + 1
(K = 1) (D)"Y
> .50f
T > Ony, Yy €N (3.50f)
Z Z ma)u (350g)
leL nEN;
Pry < Prgy1,mu € [1, N, — 1],V € L, (3.50h)
(1 — )rnl > Ry, Vny, (3.50i)
TC

where

Inl (p) = Z nn”l/(K - Tp)(ﬁn”z)ly’n'l + Z Z Mty (ﬁn”l/)2 (Bn'z - 771’1)7 (351)

n'1eN\{n;} el n eNy
Inl(b) = Z n”//z/(K - Tp)(ﬁn”z)27nl + Z Z nn"z/(ﬁn”z/)2 (6"1 - ,Vnz) . (3'52)
n”lej\fl\{m} el n”l/GM/

The nonconvex constraints are (3.50e) and (3.50f). Let (p¢, 67*)) be a feasible point

of (pn,, 07!) at iteration k. By (3.40), the conic quadratic approximate program for solving
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(3.50) is given as
-
L)y |
prop 0 ( PP I (3.53a)
st (3.41c), (3.41d), (3.50¢), (3.50d), (3.50g)—(3.50i), (3.53b)
(K - Tp)ﬁ)/n{g(ﬁ)(ﬁma 6251) 2> Py
vn!; < ng, Vg € N, (3.53¢)

(K = 1)%m, G (P, 031) = oy, Vi € N, (3.53d)

where G (p,,,, 00 ) & P Py —

()
ny, (k)
G

5, in which we replace problem (3.41) by problem (3.53) in Step 2. The worst-case

2 (0, + 1) and G (pn,, 0321
z(0;0 + 1). The solution to problem (3.49) can be found by using Algorithm
computational complexity of solving (3.53) in each iteration is O(v%¢*® +¢&*5) [44], where

v=4N+XF Ni(Mi=1) Nl ) and ¢ = Sk 1( (N —1)+ (Nl D )—|—2N+1 are scalar real variables

and constraints, respectively.

3.7 Numerical Results

This section quantitatively assesses the performance of the proposed unsupervised ML-

based UC algorithms in CFmMIMO-NOMA system.

3.7.1 Simulation Parameters

A CFmMIMO-NOMA system including M = 32 APs and N = 20 UEs is considered as
shown in Fig. 3.2, where all APs and UEs are uniformly distributed within a circular

region with a radius of 1 km. The large-scale fading coefficient of all channels is modeled
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Table 3.1: Simulation Parameters.

Parameter \ Value
System bandwidth (B) 20 MHz
Number of APs (M) 32
Number of UEs (N) 20
Number of antennas per AP (K) 16

Total power budget for all APs 40 dBm
Power budget at UEs 23 dBm
Noise power at receivers -104 dBm
SIC performance coefficient at UEs 0.05
Maximum number of UEs in each cluster (¢) | 2
Minimum SE requirement of UE n; (R,,) 0.5 bps/Hz

PL(dm,n))+0sp?

as [9] B, = 107 10— Vm € M, n, € N}, where d,, ,, is the distance from AP, to
UE n;. The shadow fading is modeled as an RV z, which follows CA/(0,1) with standard
deviation oy, = 8 dB. The path loss PL(d,, »,) is calculated based on the three-slope path
loss model in [9,37,45]. Unless otherwise stated, other key parameters are shown in Table

3.1, where all APs are assumed to have the same power budget [9,37]. The used convex

solver is SeDuMi [42] in the MATLAB environment.

3.7.2 Selection of the Initial Number of Clusters

The performance of the k-means based UC algorithms is highly affected by the initial
value of number of clusters L [27,28]. Thus, it is essential to investigate the particular
feature of the UEs’ distribution in CFmMIMO-NOMA system to choose a proper number
of clusters, such that the SSE is maximized. A reliable and precise approach to validate
the initial optimal number of clusters L is the silhouette score [46], which is the mean

silhouette coeflicient of all UEs. The silhouette coefficient of an UE is calculated as

c—=b
max(c,b)

, where b denotes the mean distance to other UEs in the same cluster (so-called
the mean intra-cluster distance), and ¢ represents the mean distance to UEs of the next

closest cluster which is the one that minimizes b, excluding the UE’s own cluster (so-called
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Fig. 3.2: A system topology with M = 32 APs and N = 20 UEs is used in numerical
examples.

Table 3.2: Silhouette Score for CFmMIMO-NOMA and COmMIMO-NOMA.

Number of clusters L 2 3 4 5 6 7 8 9 10 11 12 13 14 15
‘ CFmMIMO-NOMA | 0.72 | 0.15 | 0.23 | 0.31 | 0.35 | 0.37 | 0.63 | 0.78 | 0.99 | 0.25 | 0.40 | 0.47 | 0.53 | 0.64
| COmMIMO-NOMA | 0.75 [ 0.06 | 0.17 [ 0.30 | 0.39 | 0.47 | 0.64 | 0.85 | 0.98 | 0.30 | 0.38 | 0.50 | 0.56 | 0.58

Silhouette Score

mean nearest-cluster distance). The value of the silhouette coefficient ranges from -1 to
+1. A coefficient close to +1 means that the UE is well matched to its own cluster and
far from other clusters. A coefficient close to 0 indicates that the UE is near a cluster
boundary, whereas a coefficient close to -1 implies that the UE is assigned to the wrong
cluster. Table 3.2 shows the silhouette score versus the number of clusters L. It is observed
that the inital optimal number of clusters for this setting is L* = 10. Note that this is
the initial value of the number of clusters to execute the modified k-means and k-means
based UC algorithms, and not the total number of clusters obtained after implementing
the corresponding algorithms.

In what follows, L = 10 is set to verify the performance analysis in Section 3.7.3 and

to evaluate the performance of the proposed algorithms in Section 3.7.4.
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Fig. 3.3: The SSE of CFmMIMO-NOMA versus the total power budget of all APs for the
k-means, k-means+-, and improved k-means++ algorithms.

3.7.3 Numerical Results for the Performance Analysis

We now investigate the performance of the two proposed unsupervised ML-based UC
algorithms with fixed PA. The transmit power at each AP allocated to a specific UE
follows the fixed PA scheme. Each AP allocates equal power to each cluster, and then,
the fractional transmit PA [47] is used to allocate the power to a specific UE in each cluster
based on the virtual channel gains presented in subsection 3.3.2.3. As a benchmark, we
also consider the COmMIMO-NOMA system, which is presented in Section 3.6.

Fig. 3.3 illustrates the SSE performance of CFmMIMO-NOMA versus the total power
budget of all APs for different UC algorithms. For comparison, the performance of the
k-means algorithm and the CFmMIMO-NOMA without UC is also plotted. For the
CFmMIMO-NOMA without UC, SIC is implemented at all UEs. It can be seen that
the proposed UC algorithms significantly outperform the conventional k-means algorithm

and without UC. This confirms the effectiveness of UC in CFmMIMO-NOMA systems.
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Fig. 3.4: The SSE of CFmMIMO-NOMA and COmMIMO-NOMA versus the total power
budget of all APs.

Furthermore, the improved k-means++ achieves the best SSE among all algorithms, which
can be attributed to the fact that the effective initialization of centroids is capable of
improving the quality of the clustering process, and thus, of NOMA for CFmMIMO.
Next, the SSE performance of the CFmMIMO-NOMA and COmMIMO-NOMA sys-
tems using the improved k-means++ algorithm versus the total power budget of all APs
is shown in Fig. 3.4. It can be observed that the performance of the CFEmMIMO-NOMA
system is better than that of COmMIMO-NOMA. This is attributed to the fact that CFm-
MIMO with many distributed APs brings the service antennas closer to UEs which not
only reduces path losses but also provides higher degree of macro-diversity, compared to
COmMMIMO. In the following numerical results, unless otherwise specified, the improved

k-means++ algorithm is used for UC.
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Fig. 3.5: Convergence behavior of Algorithm 5 with different number of AP antennas, K.

3.7.4 Numerical Results for Optimal Power Allocation

Fig. 3.5 evaluates the convergence speed of Algorithm 5 for CFmMIMO-NOMA and
COmMMIMO-NOMA with different values of K. The proposed algorithm converges within
three iterations and the convergence speed of both systems is not sensitive to the number
of AP antennas, K. As expected, the SSE is monotonically increasing after each iteration.
Compared to the results in Figs. 3.3 and 3.4 with fixed PA at the power budget of 40
dBm, Algorithm 5 yields a significantly better performance in terms of SSE.

Fig. 3.6 shows the impact of the proposed k-means++ and improved k-means+-+
algorithms on the system performance of CFmMIMO-NOMA. For comparison, we also
plot the SSE of the k-means (i.e., Algorithm 2) and the recently proposed UC approaches,
including near pairing, far pairing, random pairing [19], and the Jaccard-based UC [20].
The main result observed from the figure is that the proposed unsupervised ML-based
UC algorithms achieve better SSE performance compared to the baseline ones, and the

performance gaps are wider when P, increases. This implies that the two proposed
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Fig. 3.6: The SSE of different UC algorithms.

UC schemes are capable of exploiting UC more effectively, so that the SSE is remarkably
enhanced.

Fig. 3.7 demonstrates the benefit of optimizing PA for CFmMIMO-NOMA and COmMIMO-
NOMA systems. The SSE of both systems is significantly enhanced with optimal PA
compared to the fixed PA (FPA) scheme. Hence, this shows the necessity of optimizing
PA for both systems, especially for CFmMIMO-NOMA.

Next, the effect of the SIC performance coefficient (,, on the SSE of CFmMIMO-
NOMA and COmMIMO-NOMA is examined in Fig. 3.8. It is noted that ¢,, = 1 (¢,, = 0)
indicates no SIC (perfect SIC), while 0 < (,, < 1 means imperfect SIC. The system
performance without NOMA /SIC is plotted. It is clear that the SSE of CFmMIMO-
NOMA degrades when (,,, Vn; increases. It implies that the SIC performance coefficient
is required to be small enough to exploit the full potential of NOMA in CFmMIMO.
Nevertheless, the SSE achieved by CEmMIMO-NOMA and COmMIMO-NOMA systems

is much higher than their counterparts without NOMA /SIC.
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Fig. 3.9 shows the joint effect of the numbers of antennas K and APs M on the
average SSE of different UC algorithms. M K = 512 is fixed and M is selected from the
set M € [1,2,4,8,16,32]. When M = 1, then K = 512, which represents COmMIMO-
NOMA. From the figure, it can be seen that the SSE increases with the increase in M,
which translates into a lower number of AP antennas, K. As such, this not only reduces
path losses, but also increases the degree of macro-diversity.

Lastly, the impact of the number of UEs on the SSE of the proposed k-means++ and
improved k-means++ algorithms in CFmMIMO-NOMA system is illustrated in Fig. 3.10.

It can be observed that the SSE significantly increases with the number of UEs.

3.8 Conclusion

This chapter has investigated a downlink CFmMIMO-NOMA system, for which two ef-

ficient unsupervised ML-based UC algorithms have been proposed to effectively cluster
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Fig. 3.10: Effect of the number of UEs L on the SSE for the k-means, k-means++-, and
improved k-means++ algorithms.

the users. Using the fpZF precoding at APs, this chapter has considered the problem
of power allocation to maximize SSE. Since the formulated problem is intractable, this
chapter has developed a low-complexity iterative algorithm based on the IA framework
for its solution. Numerical results have confirmed the effectiveness of the proposed UC
algorithms, and show their superior performance compared to the baseline schemes. The
proposed PA algorithm converges fast, and significantly outperforms CFmMIMO-NOMA
without optimizing PA and COmMIMO-NOMA in terms of SSE.

Appendix A: Proof of Proposition 2

By contradiction and IA principles, we can easily prove that constraints (3.35a)-(3.35¢),
(3.37), (3.38a)-(3.38d) and (3.41d) must hold with equality at optimum. Let us define
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F(n,) = In(1 4+ ¢,,). From (3.40), we have

Flon) > FO (™ 3,), (3.54)
and
F(el) = F9 (o, &n,). (3.55)

Thus, it is true that

n

F(l) > FED (™) 5,)

> FED (D 5, ) = Fpl). (3.56)

ny
These results imply that (7o), 0", ")) is an improved solution to problem (3.41),
compared to (g1, oY), @), By [35, Theorem 1], the sequence {zo(*), o). P}
converges to at least local optima which satisfy the KKT conditions. As a result, the

objective value of problem (3.41) is monotonically increasing, i.e., (1 - :—p) Yoy or >
ClleL nEN;

(1 — %) ZZE ZN 7“7(1’?’1). In addition, the sequence of the objective values is upper bounded
€L neEN;

due to power constraints (3.39¢), which completes the proof.
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Chapter 4

Energy Efficiency Maximization in

RIS-Aided Cell-Free Network with
Limited Backhaul

4.1 Abstract

Integrating the RIS in a cell-free (RIS-CF) network is an effective solution to improve
the capacity and coverage of future wireless systems with low cost and power consump-
tion. The reflecting coefficients of RISs can be programmed to enhance signals received
at users. This chapter addresses a joint design of transmit beamformers at access points
and reflecting coefficients at RISs to maximize the EE of RIS-CF networks, taking into
account the limited backhaul capacity constraints. Due to a very computationally chal-
lenging nonconvex problem, this chapter develops a simple yet efficient alternating descent
algorithm for its solution. Numerical results verify that the EE of RIS-CF networks is

greatly improved, showing the benefit of using RISs.
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4.2 Introduction

Ultra-dense networks (UDNs) have been advocated as a key enabler for beyond fifth-
generation wireless networks to further increase network capacity [1]. The underlying
principle of UDN is to densely deploy a large number of APs and small cells in cellular
networks. However, the high density of APs and small cells comes at a cost of severe
inter-cell interference [2].

In order to address this bottleneck, CF networks have been recently proposed as
a promising technology to effectively resolve the interference issues in existing cellular
networks [3,4]. Since each UE in the network is coherently served by a large number of
APs coordinated by a CPU with no cell boundaries, inter-cell interference can be efficiently
reduced, and thus the network capacity can be enhanced accordingly [4]. Nonetheless,
the performance of CF networks is heavily constrained by the limited backhaul capacity
between APs and CPU [5,6]. Further, the dense deployment of APs in CF networks results
in an increase in the network energy consumption [7]. Therefore, an efficient scheme to
improve the network EE, which will be considered as a major figure-of-merit in the design
of future networks, is of crucial importance.

Fortunately, the new revolutionary technology called RIS has been identified as a
spectral efficient solution with low cost and power consumption [8]. An RIS consists of
a large number of low-cost passive elements, where each element can be adjusted with
an independent phase shift to reflect the electromagnetic incident signals, to be added
coherently at UEs. It is not too far-fetched to envision a wireless system integrating
RIS in a CF network, referred to as RIS-CF, reaping all key advantages of these two
technologies. Despite its potential, only some attempts have been made to characterize
the performance of RIS-CF in the literature [9,10]. Unlike these works, which are mainly
focusing on maximizing the sum-rate with infinite backhaul capacity links, our goal is to

achieve an optimal tradeoff between the total sum-rate and power consumption, taking
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into account the impact of limited backhaul capacity.

Naturally, the beamformers at APs and RIS reflecting coefficients need to be jointly
optimized to maximize the EE of RIS-CF, which results in a computationally intractable
problem since the optimization variables are strongly coupled. To efficiently solve this
problem, the alternating descent-based iterative algorithm is proposed, which converges
at least to a locally optimal solution. In each iteration of alternating optimization, new
approximate functions are developed to tackle the nonconvex parts by leveraging the
IA framework [11] and introducing a novel penalty function. Simulation results confirm
that the proposed algorithm greatly improves the EE of CF networks over the existing
approaches.

Notation: X' and X are the transpose and Hermitian transpose of a matrix X,
respectively. || - || and | - | denote the Euclidean norm of a vector and the absolute value

of a complex scalar, respectively. R{-} returns the real part of an argument.

4.3 System Model

This chapter considers an RIS-CF network as illustrated in Fig. 4.1, where the sets M £
{1,2,--- M} of M APs and N' = {1,2,--- , N} of N RISs are distributedly deployed to
coherently serve the set £ = {1,2,---, L} of L single-antenna UEs. Each AP is equipped
with K antennas, and each RIS is composed of the set R = {1,2,---, R} of R passive
reflecting elements. A CPU is deployed for control and planning purposes, to which all
APs are connected by wired limited-capacity backhaul links. The backhaul link between
AP,, and CPU has the predetermined maximum capacity C»** ¥m € M. All RISs are

controlled by the CPU or APs by wired or wireless links.
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UE, UE,

Fig. 4.1: Hlustration of an RIS-CF network.

4.3.1 Transmission Model

The transmitted complex baseband signal x,, € CX*! at AP,, can be written as x,, =
Sier WS, where s; with E{|s;|?} = 1 and w,,; € CX*! are the transmitted symbol
and beamforming vector intended for UE [, respectively. Due to the directional reflection
supported by N RISs, the channel between an AP and a UE includes two parts: the AP-
UE (direct) link and N AP-RIS-UE (reflected) links. The equivalent channel ﬁfw € CIxK

from AP,, to UE [ can be expressed as

~H

hm,l(d)) = hg,l + Zne/\/ gilq)nHm,n

= hﬁ,l + ZnEN Y, (gnH,l) H, n (4.1)

where h[l, € C*¥ H,,, € C*K and g/, € C'*# denote the channels from AP,, to UE
[, from AP,, to RIS, and from RIS,, to UE [, respectively. ®, € C%*E represents the

phase shift matrix of RIS,, which can be written as [8]: ®,, = (et eifn2 . el0nr)
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where 0,,, € [0,27) denotes the phase shift of the r-th reflecting element on the RIS,,.

Further, ®, can be rewritten as ®, = (Vn,1,Vn2, ..., Ynr), with [, =1, Vn € N,

A . T
r € R. Let define ¥ £ {1p, }y, with ¢, :[z/)n,l, U, - .. ,me} .

The signal received at UE [ can be expressed as

~H
U= o Ping®n (4.2)

where n; ~ CN(0,0?) is the additive white Gaussian noise (AWGN) at UE [. The

achievable data rate (nats/s/Hz) of UE [ is given as

Rl(wv ln 1+’7l )

1 ( ‘Zme./\/l hml(’(/))wm,l‘z )
n|{l-+ 5
jeﬁ\l’ 2meM hml(¢)wm,j‘ +0?

( )hl o ) (4.3)
e[:\l (’(b 'wj‘ + 02

. “H A “H 1H H
A — H H
where w = {w, bvmy, hy = [hu, hy,, ..., hMJ} and w; = {wl Wy, - - va,l} :

4.3.1.1 Optimization Problem Formulation

Power consumption model: The total power consumption of the proposed RIS-CF

network is modeled as

Pz(’lU) - Zme./\/l gm Zleﬁ ||wm’l||2 + Zme./\/l Pm + Zleﬁ Pl + ZnGN,rER Pn r

BH
+ Zme./\/l leL Pml (4.4)

where P,, and P, denote the circuit power consumption of AP,, and UE [, respectively.

&m regulates the ineffectiveness of the power amplifier at AP,,, and P, , represents the
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low-power consumption of the r-th reflecting element in the n-th RIS [12]. The power
consumption for conveying the data and beamformers related to the transmission from
AP, to UE [ via backhaul transmission is represented by P}.

Backhaul constraint: The data rate transmitted by the m-th backhaul link should
be w,, times greater than or equal to the total achievable rate at AP,,, with w,, > 1,

Vm € M [5,6]. Then, the per-backhaul capacity constraints can be expressed as:

max

Zleﬁ Ry(w, ) < Cn , Ym e M. (4.5)

Wm

Our goal is to maximize the EE of the RIS-CF network by jointly optimizing the

beamformers at APs w and the reflecting coefficients of RISs 1), stated as

A BY e Ri(w, )

max E(w, ) Po(w) (4.6a)
st Y lwn ] < P2 ¥m e M, (4.6b)
Ri(w, ) > R™ Vil € L, (4.6¢)
Do Bilw. ) < C”rsax,vm eM, (4.6d)
Vny| =1L, VneN,7€R (4.6e)

where (4.6b) indicates the power constraint at AP, with the maximum transmit power
Pmax and constraint (4.6¢) is imposed to guarantee the minimum achievable rate re-
quirement R™" of UE [. Problem (4.6) is nonconvex since the objective is nonconcave
and constraints (4.6¢)-(4.6e) are nonconvex. The complex rate function in (4.3) and the
nonconvex constraint on the reflecting coefficients (4.6e) make this problem even more

challenging to solve jointly.
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4.4 Proposed Alternating Descent-based Iterative Al-
gorithm

In an iterative algorithm based on the IA framework [11], let (4, w(*)) be the feasible
point of (4.6) obtained at the (k — 1)-th iteration. In this section, an alternating descent
algorithm with low complexity is proposed to solve (4.6), i.e. at iteration x + 1 solving
(4.6) to find the optimal solution w* := w* ) for given 4™, and then solving (4.6) to

find the optimal solution ¥* := "V for given w1,
4.4.1 Beamforming Descent Iteration

At iteration  + 1, problem (4.6) for given ¥ can be expressed as

B Y Ry(wlyp™)

max F(w,yp") £ (4.72)

w,p p
s.t. Ps(w) <p, (4.7b)
R(w|yp™) > R™" v e L, (4.7¢)

Cmax

(k) m
Zleﬁ Ri(w|yp™) < o ,Ym € M, (4.7d)
(4.6b) (4.7e)

where p is a slack variable to represent the soft power consumption of RIS-CF. The
objective (4.7a) is nonconcave, and constraints (4.7¢) and (4.7d) are nonconvex in w. To

tackle the nonconcavity of (4.7a), following inequality is used:
1
- ln(l + :EQ/y) > AW — B(“)% —CWz Vx,y,z e R, (4.8)
z x

2
(@2 /)
TPy

21n(1+(z(”))2/y(i€)) (2(9)2 /(%)

k) A
2(K) 2 (14 ()2 /y(7)) and C( ) £

where A £

tn (1422 /)
EOE

, B &

. The proof of (4.8) is given in Appendix A. For w; = e~/ arg(f‘{{w(n))wl)wl
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with j = v—1, it follows that |, (¥®)w;| = b, (™)@, = R{h, (" )@w,} > 0 and
]ﬁf(@b(”))wl,] = ﬁfl(zp(“))ﬁjl/ for all I' # I. Thus, R;(w, ™) can be rewritten as

s O )

Rl(’whb(n)) = @l(wliﬁ(K))

(4.9)

under the condition that %{flf( =N} > 0, where o (w|hp™) £ Yjern |hz (P w; >+

o?. Applying inequality (4.8), we obtain

Ry(w|yp™ . B} wlp® i
M > A ) Bl( ) SAO;[( |:f) ) . _Cl( )p (4.10)
P (%{hl (v )wl})
where Al( = 21n<1 + I‘ )/p /(p(“)(l + Fl('f))>7 Bl(ff) A (Fl(ﬁ))Q/(p(””)(l I Fl(n)))7

Ci 2 m(14T7) /(). and T = (R{h," (™)w{”})" /i1 (w ™ 5p®). As a resul,

the concave lower bound of R;(w, ™) /p is found as

. 0 _ i 2iwlp™)
F (w, plep™)) = A — BY -¢p (4.11)
0 (wlyp™)

. . . 2
with the condition Q) (w|yp™) 2 2R R’ (p)w™} R{R, (p*)ew,}— (%{hf[ (¥ ")w(™})
> 0. We note that ﬂ(ﬁ)(w,phj)(“)) is a concave lower bound of R;(w|™)/p, satisfying
F (), p), ) = Ri(w), ) /)

Following the steps (4.9)-(4.11) with p = 1, constraint (4.7c) can be directly convexified

by
R (w|p™)) > R Vi€ L (4.12)
where R{™ (w|yp®) 2 A" — B~ % with A" 2 In(1+1{7) + 17 /(1 + T}

and B £ (T")2/(1 4 F§ N,
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Finally, (4.7d) is rewritten as

max

Yoo (I +m) < Vm € M, (4.13a)
(47d) = ~H (x) 2 "
R{h
(% lwr 10) ol Vi€ 1)
l

where 7 £ {r;},c. are newly introduced variables. It is noted that In(1 -+ r;) is a concave
function and ¢;(w|™) is a convex function. Following the IA principle, constraints

(4.13a) and (4.13b) are innerly convexified as

( r(’f) 1 (max
Z(ln(l + Tzﬁ)) -t w T ® m) < = Vm e M, (4.14)
leL 14+ 147 Wi
~H
R{h, (Y w
( {l(r : l}> <o (wlp™), Ve L (4.15)
!

where ¢ (/™) £ 55,y (2R (w) Ty () By (9 s} — [l ()w!72) + 02

The approximate convex problem of (4.7) solved at iteration x + 1 is given as

max F(w, ) £ BY L F . plp) (4.162)
st R{By (9 )w) >0, Ve L, (4.16b)
Q" (wlp™) >0, VI € L, (4.16¢)
(4.6b), (4.7b), (4.12), (4.14), (4.15). (4.16d)

For given 1), the per-iteration computational complexity of solving (4.16) is O((4L +
M3 (LA(MK +1)? + 4L + M)) [13].
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4.4.2 Phase Descent Iteration

For given w1, by solving (4.16), the total power consumption Pg(w®**)) is fixed and

then problem (4.6) with regard to 1 can be expressed as

m$X g(w(m+1)’¢) A BZRl(w’w(”“)) (4.17a)
leL
s.t. Ry(plw"™) > Rmin v e £, (4.17b)
C«gax
Zle[ﬁ Rl(¢|w(ﬁ+1)) < W,Vm € M, (4.170)
[Ynsl =1, Y0 €N 7 €R. (4.17d)

The main difficulty for solving (4.17) is due to the unit-modulus constraint (4.17d),
which is also a nonconvex constraint. To overcome this issue, (4.17d) is relaxed by the

following convex constraint:

Ynr* <L,V EN, T E€R (4.18)

which also implies that 3=,cx > per [Uns|> — NR < 0. To ensure that constraint (4.17d)

holds true at optimum, the following theorem is introduced.

Theorem 4.1. The optimality of (4.17) is guaranteed by the following penalized opti-

mization problem:

max B> Ry(plw) + n(Z S s ? - NR) (4.19a)
4 lel neN rerR
s.t. (4.17b), (4.17¢), (4.18) (4.19b)

where n > 0 is a constant penalty parameter making the objective and penalty terms

comparable.
Proof. Due to constraint (4.18), the penalty term 3 ,cn > er |[¥nr? — NR is always
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negative. This allows the uncertainties of the unit-modulus constraint to be penalized,
which ensures ¢, , = 1 at optimum. For a sufficiently large value of 7, problems (4.17) and
(4.19) share the same optimal solution. A detailed proof can be found in [14, Appendix
CJ. O

It can be seen that the developments presented in Section III-A are very useful to
approximate R;(|w**Y) in the objective (4.19a) and constraints (4.17b) and (4.17c).
It is also noticed that 3,cnr Yrer [¥nr|? is the sum of quadratic functions, which can be
convexified by directly applying the IA method. As a result, the following approximate

convex problem of (4.17) is solved at iteration x + 1:

max g(’i) (w(n+1)7 ’lp) é
p,r

BY., R (plwt ) + p(PW () — NR) (4.20a)
s.t. R (plwt)) > R vl e L, (4.20b)
|flf{<¢):z(ﬁ+l)‘2 < gpl('{)(lb!w(ﬁﬂ)), Vi e L, (4.20c)
(4.14), (4.18) (4.20d)

where P(9(39) £ 5, e Xyer (2R{ (402) W e} — [04717) and o™ (gpla+D) £
Seen (2R{(w0) Ty () (1) w0~ [y (1) V2) + 0% The per-iteration
computational complexity of solving (4.20) is (’)((QL + NR+ M)*5((L + NR)*> + 2L +
NR+ M)).

The proposed alternating descent-based iterative algorithm for solving problem (4.6)
is summarized in Algorithm 6.

Convergence analysis: From (4.16), it is clear that F (w1 4p)) > F&) ((5+1) 4()
FO (w® ™)) = Faw® ™). Similar to (4.20), we have G(w" D) ¢ty >

G (D) gpF) > G (st D) qh(®)y = G+ 4h®) As a result, it is true that

E(w D ) > e(w® ™)), In other words, Algorithm 6 generates a sequence
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Algorithm 6 Proposed Alternating Descent-based Iterative Algorithm to Solve Problem
(4.6)

Initialization: Set x := 0 and generate an initial feasible point (1'? w(©®)

repeat
Given 9™ solve the convex problem (4.16) to find the optimal solution w* and
update w1l = w*
Given w1V solve the convex problem (4.20) to find the optimal solution t* and
update T = o
Set k' =r+1

until Convergence

Ouput: (™) w®)

{(w™), gb("‘))} of improved points that converges at least to a locally optimal solution [11].
Choice of n: In practice, a very small  does not make much difference, leading to a slow
convergence. A very large 7 results in an early convergence of Algorithm 6 and a subop-
timal solution ¥*. Given the simulation setup in Section 4.5, it is numerically observed

that n = 103 ensures the convergence of Algorithm 6 with the highest performance.

4.5 Numerical Results

An RIS-CF network including M =4 APs, N =4 RISs, and L = 8 UEs is considered as
illustrated in Fig. 4.2, where all APs, RISs, and UEs are uniformly distributed within a
circular region with 1 km radius. The large-scale fading of all channels is modeled as [4]:
Bap = IOW, where a = {m,n}, b = {n,l}, Vme M, n e N, € L, and d, is
the distance (in km) from a to b. The shadow fading is modeled as a random variable
z, which follows CN (0, 1) with standard deviation o, = 8 dB. The three-slope path loss
model (in dB) is considered as [4]: PL(d,;) = —140.7—35log,o(dq ») +20a0logy, (da,b/do) +

15a;log;, (d&b/dl), where d;, with j = {0, 1}, represents the reference distance and a; =

max {0, %=% 1 {Jpless otherwise stated, the key parameters are provided in Table 4.1
{0, = , y P p :

following studies in [3,5,12]. The used convex solver is SeDuMi [13] in the MATLAB
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Fig. 4.2: System layout with M =4 APs, N =4 RISs, and L = 8 UEs.

Table 4.1: Simulation Parameters.

Parameter \ Value H Parameter \ Value
ng} 0 dBW B 20 MHz
P, 9 dBW P, 10 dBm
P, 10 dBm Em 1.2
Cmax = Cmax Y | 500 b/s/Hz | P2 = pmax | 35 dBm
Rjin 0.5 b/s/Hz K 8
R 8 o’ -104 dBm
(do, dy) (10,50) m n 10°

environment. The performance of Algorithm 6 is compared with three existing resource
allocation schemes: 7) CF network without RISs, i7) Collocated network with RISs, and
iii) Collocated network without RISs. For collocated network, an AP is located at the

center of the considered area to serve all UEs. It is equipped with M K antennas and has

a maximum transmit power of M P

Fig. 4.3 plots the typical convergence behavior of Algorithm 6 for a random channel
realization. On average, Algorithm 6 requires about 6 iterations to reach the almost

optimal value of EE in all cases. As expected, increasing K results in better EE, but also
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Fig. 4.3: Convergence of Algorithm 6 with different number of antennas per AP.

requires slightly more iterations.

Fig. 4.4 depicts the average EE versus the maximum transmit power per AP for
different resource allocation schemes. It can be seen that the average EE of all considered
schemes significantly enhances when P™** increases. Further, the EE of the CF network
with and without RISs is much better than that of the collocated network with and
without RISs, respectively. This is attributed to the fact that the CF network with
distributed APs brings the service antennas closer to UEs, which not only reduces path
losses but also provides higher degree of macro-diversity, compared to the collocated
network. Moreover, both CF and collocated networks with RISs achieve much higher EE
compared to the networks without RISs. This observation confirms that RIS boosts up
the EE of CF and collocated networks. Notably, the proposed RIS-CF network provides
the best EE among all considered schemes.

In Fig. 4.5, the average EE is depicted versus the maximum backhaul capacity, C™?*.

As can be seen, the EE of all networks greatly increases when C™** increases. This is
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because the higher the maximum backhaul capacity, the more data can be conveyed over
the backhaul links. Increasing C™#* also leads to a remarkable gain in the EE by the

proposed RIS-CF over other networks.

4.6 Conclusion

This chapter has considered the EE maximization problem of CF networks with the
assistance of multiple RISs. The problem involves a joint optimization of transmit beam-
formers at APs and reflecting coefficients at RISs subject to the limited backhaul capacity
constraints, which is formulated as a nonconvex problem. To address this problem, this
chapter has developed a low-complexity alternating descent algorithm based on the TA
framework, which converges at least to a locally optimal solution. Numerical results have
confirmed the fast convergence of the proposed algorithm. Further, they have revealed

the advantages of CF and RIS over collocated network.

Appendix A
Proof of Inequality (4.8)

First, it is noted that f(t,z) = In(1 + 1/t)/z is a concave function on the domain (z >

0, t > 0) [15]. By the first-order Taylor approximation, it follows that

F(t,2) 2 J(E%),209) = W (19, 29 (¢ = 19) = W, f (109, 209) (z — 29)

, . £, 200
_ o f (1), ) - t——=—
f( )y Z ) + Z(,L;) (t(n) + 1) Z(“)t(”) (t(”) -+ 1) Z(H)

Z. (4.21)

By replacing ¢ = y/2? and t*) =y /(2())2 we obtain the inequality (4.8).
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Chapter 5

Transmit Power Minimization of

RIS-Enabled Federated Learning

Networks

5.1 Abstract

Federated learning (FL) has recently emerged as a novel technique for training shared
machine learning models in a distributed fashion while preserving data privacy. However,
the application of FL in wireless networks poses a unique challenge on the mobile users
(MUs)’ battery lifetime. This chapter aims to apply RIS-aided wireless power transfer to
facilitate sustainable FL-based wireless networks. The objective is to minimize the total
transmit power of participating MUs by jointly optimizing the transmission time, power
control, and the RIS’s phase shifts. Numerical results demonstrate that the total transmit
power is minimized while satisfying the requirements of both minimum harvested energy

and transmission data rate.
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5.2 Introduction

With the recent industrial and research activities devoted to the 6G wireless networks, the
uniqueness of the future 6G networks—compared to previous wireless network generations—
lies in the realization of ubiquitous intelligence. In this sense, the artificial intelligence
(AI) will be exploited to orchestrate wireless networks from the core to the edge [1]. To
this end, ML, which is a subfield of Al, is anticipated to be an indispensable tool in
future 6G networks. ML will operate on the data collected from all network segments in
order to enable smart resource management, access control, multi-layer communication,
etc. The evolution of the ML paradigm was initially fueled by the huge amount of data
generated from a wide range of emerging applications, including smart cities, autonomous
vehicles, haptics, and augmented reality services, to name a few. Accordingly, the ML
algorithms are key to leverage such data with the aim of training wireless networks, and
therefore, enabling truly self-optimized and self-organized networks. Since their initial
development, classical ML algorithms demonstrated a superior performance in handling
complicated tasks pertaining to channel estimation, spectrum sensing, resource allocation,
etc. Nevertheless, given that the underlying principle of ML is the collection of raw data
generated at end-devices and stored at a centralized server for model training purposes, a
number of concerning issues have been flagged. First, in cloud-based ML algorithms, users
privacy is compromised due to the exchange of their local datasets, exposing participat-
ing MUs to potential security attacks. Second, the long propagation delay in centralized
ML algorithms limits their applications in real-time scenarios. Finally, the centralized
ML paradigm suffers from the increased network overhead, rendering it unsuitable for
power-constrained MUs [2].

Recently, federated learning (FL) has been identified as an efficient decentralized learn-
ing mechanism, in which improved data privacy, reduced latency, and network overhead

can be achieved [3,4]. FL is a collaborative learning mechanism, in which the on-board
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computing and storage capabilities, in addition to the local datasets of participating MUs
(clients), are leveraged to perform local model training. The locally trained model updates
are then shared with a cloud-based server for aggregation and global model evaluation.
These steps are repeated until a desired level of accuracy is attained. Given that less infor-
mation is required to be shared with the central server, compared to classical cloud-centric
ML algorithms, FL features enhanced user privacy and offers a better utilization for the
network resources. Inspired by its promising potentials, extensive research attempts have
been initiated to investigate the advantages of the interplay of FL and other enabling
technologies, including RIS, blockchain, aerial /satellite communications, and mobile edge
computing [3-8].

Despite the several advantages of FL, only few attempts have explored the problem
of executing energy-consuming computing and communication tasks at MUs with limited
energy budget. In [9], the problem of joint delay and energy minimization in an IoT
network was investigated by using a three-tier offloading scheme. The authors in [10]
minimized the overall energy consumption at participating MUs using the NOMA scheme
at the uplink transmission. This was accomplished by optimizing the number of iterations
a client is requested to update its local model, under a particular global model accuracy
threshold.

On the other hand, the work in [11-14] considered the adoption of the wireless power
transfer (WPT) concept as a mean to supply power-limited MUs and enable them to
participate in the training process. In particular, in [11], a hybrid radio frequency
(RF) /visible light communication (VLC) scenario was considered, in which the VLC link
over the downlink is leveraged for energy harvesting (EH) purposes, while the RF is used
for the local model updates transmission. From a similar perspective, the authors in [12]
applied the time-switching paradigm of WPT to an FL system, in which they studied the

trade-off between learning and WPT, and further optimized the MU clock frequency for
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improved utilization of harvested energy for model evaluation. From a similar point of
view, the authors in [14] minimized the mean squared error (MSE) by optimizing the ag-
gregation beamforming and consumed energy in a vehicular energy-limited network. The
authors in [13] leveraged RIS for WPT and developed an improved local model updates
transmission. In particular, they formulated an optimization problem to obtain the RIS
phase shift (PS) vector that minimizes the MSE.

Unlike the works in [10-12, 14], which considered the application of WPT in FL,
motivated by the intertwined benefits of RIS and FL paradigms, this chapter considers
leveraging RIS for WPT purposes, to enable power-constrained MUs meet the computing
and communication requirements imposed by the FL process. Instead of focusing on min-
imizing the MSE, as in [13], the proposed framework aims to minimize the total transmit
power of the participating MUs, while satisfying particular computing and communica-
tion requirements. This is achieved by jointly optimizing the RIS and MUs operational
parameters.

Notation: X denotes the transpose of a matrix X, E[-] represents the expectation
operation, | -| represents the absolute value of a complex scalar, and ${-} returns the real

part of an argument.

5.3 System Model

This chapter considers a FL. model, in which the downlink transmission is utilized to
recharge K EH-enabled MUs, while the uplink is dedicated for communicating the FL
local model parameters to a BS, as depicted in Fig. 5.1. During the downlink transmission,
a BS; communicates with the K MUs through the assistance of an RIS, comprising N
reflecting elements (REs). This is motivated by the assumption that the direct links

between BS; and the K devices are unavailable. Therefore, the RIS is exploited to extend

130



BS,

§> Global model
’» Update

RIS

)

9((( “)))
ZJE

BS,

Weighted local «—;
models

..................

---- > Energy flow
— Information flow

Fig. 5.1: System model.

the signal coverage and to enhance the received signal strength, and thus, to enhance
the harvested energy [15]. Without loss of generality, we assume that each node in the

network is equipped with a single antenna.

5.3.1 Wireless Power Transfer (WPT) Model

In the underlying system model, BS; sends the RF signal, zp with E{|zg|*} = 1, to the
K MUs through the RIS. The average transmit power at BS; is represented by Pgg,. The

baseband signal received at the k-th MU can be written as

YBS1k = \/ Pgs, hi! ®gap + ny,

= \/gsﬂ,bT (gH> hyep + ny

=/ Pss,arx (V¥) v + ni, (5.1)
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where g € CV*! and hf € C'*V denote the channels from BS; to RIS, and from RIS
to the k-th MU, respectively. ® € CN*¥ represents the PS matrix of RIS, which can be
written as: ® = (7%, e7% .. ) where 0, € [0,27) denotes the PS of the n-th RE
on the RIS. Further, ® can be rewritten as ® = (11,49, ...,%y), with [¢,| =1, Vn € N.
P é{z/)l, Yo, ... ,wN}T and q; (¢) £ d)T(gH)hk. ni ~ CN(0,0?) represents the additive
white gaussian noise (AWGN) over the downlink transmission.

Assuming all K MUs are equipped with EH devices, the harvested power at the k-th

MU can be written as

Prr = nPss, g (¢) %, (5.2)

where 77 accounts for the energy conversion efficiency. This chapter considers that the
harvested power is the only source of power. In particular, the harvested power is di-
vided into two parts, namely puPgg and (1 — p) Pry, which are dedicated for local model

transmission and computation, respectively, with u denoting the power splitting factor.

5.3.2 Distributed Federated Learning (FL) Model

Consider that all K MUs are selected by BS, to perform a particular on-device distributed
FL task, which aims at optimizing the model parameter z that minimizes the local loss
function fj (z): .

minimize  fi () = o GZD fi(2), (5.3)
where Sy denotes the size of the local data set Dy, of device k and f;(z) represents the loss
function associated with the data pair . Without loss of generality, it is assumed that
all local data sets have uniform size, i.e., S, = 5. To maintain higher spectral efficiency

and reduce the total number of communication rounds between BS, and devices, a model

averaging scheme [16] is utilized. In particular, BSy broadcasts the global model update
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z to the selected K MUs. At each MU, a local update algorithm is executed to generate
the local updated model z;, relying on the local data set and the received global model.
Then, the selected MUs send K weighted local models, which are aggregated at BSs to
compute the updated global model, as 2 = & (X pcx ¢k (Zx)) , where £ denotes the post-
processing function at BSy, while ¢, represents the pre-processing function at the k-th
MU. Since the harvested energy from the RF signal constitutes the only source of energy
at the K’ MUs, it is assumed that all local model parameters at each MU are transmitted
over a single transmission period. Therefore, by setting x; = ¢y (Zx) to represent the
transmitted signal at the k-th MU, the target function to be estimated at BS, can be
written as x = > pcx Tx. Note that the CPU energy consumed to process all data at the

k-th MU over a single local iteration can be expressed as [17]

S
E® = %wi, (5.4)

cp

where v, denotes the effective capacitance coefficient of the computing chipset at the k-th
MU, and ¢, represents the number of CPU cycles required to process one sample data at
the k-th MU. Also, wy, accounts for the k-th MU’s CPU cycle frequency. The computation
time for one local iteration is Ti, ;. = cxS/wy. It is worth highlighting that the energy

required for model transmission at the k-th MU can be evaluated as [18]
E$) = PrTom, (5.5)

where Prj and 1, denote the transmission power and the transmission time at the
k-th MU, respectively. Considering that the uplink channel between the k-th MU and the

second BS is Tj, which follows the Rayleigh distribution, and based on the time division
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multiple access (TDMA), the received signal at BSs for the k-th MU is given by

UYBSa,k = @Tkxk + nps,, (5.6)

where ngs, ~ CN(0,0?) represents the AWGN over the uplink transmission. At BSs,
the target function is estimated by utilizing aggregation beamforming, v, and thus, the

achievable rate of the k-th MU at BSsy can be evaluated as

(5.7)

Pr 0Ty ?
Rk:10g2<1+m|ka>'

o2

5.4 Problem Formulation

T T T
. A A A
DeﬁnlngPT:[PT,lapT,Qv-'wPT,K} 7Tcm:|:Tcm,17Tcm,27-"7Tcm,K} 7w:|:w17w27"'7wN] )

and 0 = 1 — pu. Our goal is to minimize the total transmit power of MUs by jointly op-
timizing the transmit power of MUs Pr, CPU cycle frequency of MUs w, PS of RIS
1, the transmission time of MUs T,,,, power splitting ratios J and u, and aggregation

beamforming v, stated as
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min Z PT,k (583)

I;Tm:z’fj keK

s. t. E®) (wy) < 6Ppr(¥)7,Vk € K, (5.8b)
EEN(Pr, Tamg) < pPen(p)7,Vk € K, (5.8¢)
Tom s BRy(Prs,v) > O3, Vk € K, (5.8d)
M Ty k(W) + Temp = 7,Vk € K, (5.8¢)
Winin < Wi < Whax, Vk € IC, (5.8f)
d+p=1, (5.8g)
lv|? =1, (5.8h)
[Yn] =1,Yn € N. (5.81)

In the above problem, (5.8b) and (5.8¢) imply that the energy consumed by local
model computation and communication at the k-th MU should be less than its corre-
sponding harvested energy. Eq. (5.8d) ensures that the transmission rate of the k-th MU
is greater than or equal to the required data size ©f. Constraint (5.8e) ensures that each
global round should be finished within the time frame 7, where M, denotes the required
number of local iterations at the k-th MU. The CPU frequency of the k-th MU is specified
in (5.8f), where wp,;, and wyax denote the minimum and maximum CPU frequency of the
k-th MU, respectively. Finally, (5.8h) and (5.8i) imply that the aggregation beamforming
has unit power and unit-modulus constraint at the RIS, respectively. It is worth noting
that problem (5.8) is non-convex and challenging to solve, due to the non-convexity na-
ture of constraints (5.8¢)-(5.8¢), (5.8h), (5.8i) and the coupling of multiple optimization

variables.
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5.5 Proposed Solution

Assuming an iterative algorithm based on the inner approximation (IA) framework, let
(Pr") '™ T, (") 1) be the feasible point for (5.8) that is obtained from the (k—1)-th
round. In this section, an alternating algorithm is proposed to solve (5.8), i.e., at the iter-
ation (k+1) solving (5.8) to find the optimal solutions Pp* := Pp"tD w* := @+ §* .=
S T % = T, Y = p5) for given (Pr™, 9™ T, (), then finding the
optimal solution v* := v+ for given (Pp"™V T, "tV v()), followed by finding the

optimal solution ¥* := "™V for given (Pp*tV 4 T, D (o0t §lat1) - (st)y,

5.5.1 Transmit Power Optimization

At iteration (k4 1), problem (5.8) for given (PT(“), ") T, ) v(¥)) can be expressed as

' % 5.9
s (5.8b) — (5.8g). (5.9b)

It is noted that the constraints (5.8¢), (5.8d), and (5.8e) are non-convex. In the

following, (5.8¢) is convexified as follows:

a (¥ 7. (5.10)

T('i)

TC(Z) P('f)
0.5 ((@k Pq%,k + Lk Tc2m,k < unPgs,
PT,k cm,k

(%) (%)

T P,
cm,k 2 T,k 2
T,k cm,k
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Next, (5.8d) is rewritten as follows:

2 K K K K 2 K K
Tcm k ln ]. + 2 2 - ’ + D) ( ) 1 - — Z )
7 9 Tcm,k o2+ ’U(K)Tk’ PTI,{k: PT,k B
(5.11)
Vk € K, which is equivalent to
T [* P ] 7, o1 P
Tc(rfz)k’ In |1 + 2 : (2 - Tc(;:L)k;Tcm,k) + 7 2 (,;)
) = O, In2
(5.11) & § x (1— P8 Pry) > 2507, (5.12a)
' B
Tcm,chm,k: Z 1a (512b)
Pry Py > 1, (5.12¢)
- - - T N - . 4T )
where T, = [Tch, Temos--- ,Tcva} and Pr =|Pri, Pro,... 7PT,K] are new intro-

duced variables, with Ty, > ﬁ and Ppj > #k, Vk € K. Constraints (5.12b) and

(5.12¢) can be further expressed as the following second-order cone (SOC) constraints,

for Vk € IC,

0.25 (Tone + Tens) 2 0.25 (Ton — Tornit) + 1, (5.13)

025 (Pry + Prye)” > 0.25 (Ppy — Pry)” + 1. (5.14)

Similarly, constraint (5.8e) can be equivalently rewritten as

My, Sog + Temp = 7, (5.15a)

(5.8¢) & {
0.25 (wi 4+ @x)* > 0.25 (wy, — @p)* + 1, (5.15h)

137



T
where @ é[&q, @y, ... ,(I)K] is a new introduced variable, with @) > i, Vk € K.

The equivalent convex problem of (5.9) for iteration (x + 1) is given by

min > Pry (5.16a)
Pr.w?, kek
Tem,u,Pr,
i~
S 2
. t. P R < onPs, |a (9| 7. VE € K. (5.16b)

(5.8f), (5.8g), (5.10), (5.12a), (5.13), (5.14), (5.15a), (5.15b), (5.16¢)

0<9,0< w0 < PT7/€,O < Tcm,k,Vk’ e K. (516d)

5.5.2 Aggregation Beamforming Optimization

Since (5.8h) is a non-convex constraint, it is relaxed as |v|* < 1.
At iteration (k + 1), the following approximate convex problem is solved for given

(PT(K;J’_I) 9 TCm(HJ’_I)? U(H) ):

max (2?]?{(1)(“))*@} - |U(“)|2) -1 (5.17a)
2R L (v®) TR {07 Ty} — |(v®) T 2) pet) e

s. t. < ) e ;2} () ] ) P > 2% — 1, (5.17b)

lv|> < 1. (5.17¢)

5.5.3 Phase Shift Optimization

Since (5.81) is a non-convex constraint, it is relaxed as [¢,|> < 1,¥n € \.

At iteration (k + 1), the following approximate convex problem is solved for given
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(PT(HH)’ Qp(ﬂ)’ Tcm(f-ﬂrl)7 w(ﬁ-ﬁ-l), §tt1) M(H“));

max S (2R {(08) Yu k= [)P) - N (5.18a)
neN
(k+1)) 2
vpeRS (w
5. 1. e <2’“ ) < 60D Pag. o) () 7, Yk € K, (5.18)
PEITIY < 0 Pag ol () 7,k € K, (5.18¢)
[n]® <L,V EN, (5.18d)

K K 5 2
where ¢ (1) = (2R {af' (¥) ax ()} — [a ()" ).
The proposed alternating-based iterative algorithm for solving problem (5.8) is sum-

marized in Algorithm 7.

Algorithm 7 Proposed Alternating-based Iterative Algorithm to Solve Problem (5.8)

Initialization: Set x := 0 and generate an initial feasible point (Pr®, 4 T, v©).

repeat
Given (PT(”),1p(”),Tcm(*’”),v(”))7 solve the convex problem (5.16) to find the set
of optimal solutions {Pr*, w*,8*, Tem*, 1*} and update Pp"™) = Pp* D) .=
w*, S+ . — 5*7Tcm(fi+1) — Tcm*“u(ﬁJrl) =
Given (Pp"tV T, ("D 4() solve the convex problem (5.17) to find the optimal
solution v* and update vt = v*;
Given (PptD o) T, D s+ 51 (5+1)) © golve the convex problem
(5.18) to find the optimal solution t* and update 9"+Y = o*;
Set k1= Kk + 1;

until Convergence

Ouput: (Pr*,w*, 0, ", Tep™, u*, v*)

The per-iteration computational complexity of solving (5.16), (5.17), and (5.18) is
(’)((6K+2)2(8K+ 1)*5+ (8K + 1)3'5), O((K+ 1)3'5>, and (’)((2K+N)3'5), respectively.
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Fig. 5.2: Convergence of Algorithm 7 with different values of ©y.
5.6 Numerical Results

This section considers a 2-D scenario, in which two BSs and one RIS are located at (0, 20
m), (50 m, 20 m), and (20 m, 0), respectively. The total number of MUs K is 8, which
are randomly distributed within a circular disc with the center (30 m, 10 m) and a radius
of 1 m. Without loss of generality, it is assumed that the system bandwidth B is 20 MHz,
the transmit power of BS; is 10 W, the energy harvesting efficiency 7 is 0.9, and the
number of RIS REs N is 64. For local computation, the maximum and minimum CPU
frequencies wyax and wpi, are 1.5 GHz and 0.3 GHz, respectively, for all users [11]. The
required data size Oy, is set to 30 kbits, the coefficient of computing chip v} is 2 x 10728,
and the local data S and the number of CPU cycles ¢, are assumed to be 1000 bits and
10%, respectively. The maximum number of local iterations at the k-th MU M, is 4, and
the time frame 7 is set to 8 s. All simulation results are generated by averaging over 1000
different random channel realizations.

Fig. 5.2 shows the convergence behavior of Algorithm 7. It is clear that Algorithm 7
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Fig. 5.3: Total transmit power of participating MUs versus the numbers of MUs.

needs around 5 iterations to reach the optimal value of the total transmit power of partic-
ipating MUs. Besides, increasing ©; requires more total transmit power of participating
MUs.

In Fig. 5.3, this power is illustrated versus the number of MUs, for different phase
selection schemes, i.e., optimized, discrete, and random PS. Not surprisingly, the total
transmit power of the participating MUs increases with the number of MUs. Additionally,
optimized continuous PS achieves a better performance compared to the discrete and
random PS cases.

Figs. 5.4 and 5.5 plot the total transmit power versus the number of RIS elements. As
expected, increasing N results in lower total transmit power of all devices. This is because
more power can be harvested by all devices, which increases the harvested power used
for model computation and transmission. The increase in the harvested power leads to
the decrease in the time required for model computation at all devices, which allows the

devices have more time for model transmission. Further, increased total transmit power
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Fig. 5.5: Total transmit power of participating MUs versus the number of RIS REs with
different numbers of MUs.
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of participating MUs is needed for higher Oy.

5.7 Conclusion

This chapter has considered the total transmit power minimization problem of FL-based
wireless networks with the assistance of the RIS. It involves a joint optimization of the
transmission time, power control, and the RIS’s phase shifts, and is formulated as a
non-convex problem. To solve this problem, this chapter has developed an alternating
descent algorithm based on the TA framework, which converges at least to a locally optimal
solution. Numerical results have verified the quick convergence of the proposed algorithm

and the benefit of using RIS.
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Chapter 6

Transmission Rate Maximization in

RIS-Assisted FD ISAC Networks

6.1 Abstract

In this chapter, we explore the application of RIS in the ISAC network, where a FD
multi-antenna BS concurrently detects a target and communicates with a UE. The ob-
jective is to maximize the UE’s transmission rate by jointly optimizing the BS’s transmit
beamforming, UE’s transmit power, and RIS’s phase shifts, while satisfying the condi-
tion on the minimum required sensing power. This chapter develops a block coordinate
ascend-based iterative algorithm to solve the formulated problem, which guarantees the
convergence to at least a local optimum. Numerical results show the efficiency of the
proposed solution as well as the trade-off between the UE’s transmission rate and the

required sensing power, along with the efficiency of employing RIS.
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6.2 Introduction

Sensing is considered an important task of the next-generation cellular networks [1]. Many
emerging mobile applications, such as smart manufacturing and industrial Internet-of-
Things, not only need high-rate transmission with low latency and high reliability, but
also require location information with high accuracy. In order to offer better performance
and efficiently utilize spectrum, energy and hardware resources, integrating sensing and
communication functions into a single network has become a favorable approach. By
jointly optimizing wireless resources, waveform and signal processing flow, a significant
performance gain can be achieved in ISAC networks [2].

In addition to the ISAC technology, the RIS has also received significant attention
from both academia and industry [3]. By fine-tuning the phase shift matrix, RIS is able
to concurrently modify communication and sensing channels, which is beneficial for ISAC
networks [4,5]. Specifically, RIS can be used to decrease the interference between the
radar and communication systems [6,7].

Incorporating FD radio into RIS-ISAC networks can provide great benefits owing to
its potential to doubling the spectral efficiency by enabling transceivers to concurrently
transmit and receive data in the same frequency band [4,8]. In [8], RIS was leveraged
to enhance the performance of localization and information retrieval for the FD-ISAC
system, in which a FD-BS simultaneously communicates and senses the position of UE.

To reap all the above benefits, this chapter studies the joint active and passive beam-
forming (BF) design for a RIS-assisted ISAC system, where a FD multi-antenna BS
simultaneously communicates with a single antenna UE and detects a target. The BS’s
transmit beamforming, UE’s transmit power, and RIS’s reflection coefficients are jointly
optimized to maximize the UE’s transmission rate subject to the minimum sensing power
constraint, transmit power budgets of BS and UE, and unit modulus property of the

reflecting elements. The ensuing problem is strongly non-convex and the strong coupling
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DRC-BS

Fig. 6.1: The RIS-ISAC system.

between variables makes it NP-hard. To solve this problem more effectively, this chapter
adopts a block coordinate ascend (BCA) algorithm to transform it into two tractable sub-
problems and develop newly approximated functions to solve them in an iterative fashion.
The proposed solution is compared with the maximum ratio transmission (MRT) case,
which serves as a benchmark. Simulation results show the notable performance gain
achieved with the assistance of RIS, the trade-off between the UE’s transmission rate
and the required sensing power, and the enhanced performance of the proposed solution

compared to the MRT.

6.3 System Model and Problem Formulation

6.3.1 System Model

This chapter considers an RIS-ISAC system, as depicted in Fig. 6.1, which consists of a
dual-functional radar communication (DRC)-BS equipped with M, transmit antennas and

M, receive antennas; a single-antenna user; an RIS composed of the set K = {1,2,--- | K}
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of K elements; and a sensing target. It is supposed that the BS and UE have the knowledge
of the location of the RIS [9]. The UE’s location can be either obtained by global posi-
tioning system or estimated by uplink signals [9]. Let denote by f € CM*! h € C*K
A, € CM>E b, e CM>x1 A, € CM*K 4, € CK*1 b, € CM*1 d, € CEX!) and
H € CM-*Mt the channels (matrix/vector) from UE to DRC-BS, from UE to RIS, from
RIS to DRC-BS, from DRC-BS to target, from DRC-BS to RIS, from RIS to target,
from target to DRC-BS, from target to RIS, and the self-interference link of DRC-BS,
respectively. The phase shift matrix of RIS is represented by ® € CK*K, ¢ € RT and
v € CMX1 are also denoted as the transmit power of the UE and the transmit beam-
forming of DRC-BS, respectively. The signal received at the DRC-BS can be expressed

as

y (0.6,v) = (f+ A, ®h") \/ez, + Hoz, + (b, + A,®d,) (bf +df @A) vz, +n,

= (£+ A, (1) 0) \Jéx, + (b, + A, (d,) 0) (b + 67 (dg) AT) vz, + Hoz, +n,,
(6.1)

where x. and x4 are the communication and sensing signals, respectively, and n, ~
CN(0,0?) is the additive white Gaussian noise (AWGN) with zero-mean and variance o?.
To simplify the mathematical notations, this section denotes ® £ (e/¥1, %2 ... e/¥x) =
(01,0, .., 0x), 0 =01, 0, .. ,eK]T, £(6) = f+ A, (h) @, and b" (8) = (b, + A, (d,) 6)
X (bfl{—kOT (dg) Afl{) = BU(O)Bf(G) As a result, (6.1) is rewritten as y (6,§,v) =
(0)\/Ex. + BH(H)UCES + Hvx, + n,,. The signal-to-interference-plus-noise ratio (SINR) of
UE at DRC-BS is given as

HOIE
b (O)o ] +|tte] 4o

Ve (6,§,v) = (6.2)
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6.3.2 Problem Formulation

This chapter is interested in maximizing the UE’s transmission rate subject to the required
sensing power at the DRC-BS by jointly optimizing the involved variables (£, v,8). The

optimization problem is formulated as

max R(&,v,0) 2 1In(1+9.(0,¢,v)) (6.3a)
s. t. ¢ < pumax (6.3)
lvl* < Ps* (6.3¢)
[6” ©)9]| > Pronse (6.3d)
|0x] = 1,Vk € K, (6.3e)

where (6.3b) and (6.3c) indicate the power constraints at the UE and DRC-BS with the
maximum transmit powers PJR* and PR, respectively. Constraint (6.3d) describes the
required sensing power at the DRC-BS with Piepse being the minimum sensing power.
Finally, (6.3¢) presents the RIS phase shift constraint. From (6.3d), the target’s location
can be estimated by the BS as long as the received signal strength of the echo probing

signal is larger than or equal to the required sensing power.

6.4 Proposed Solution

The BCA approach is adopted and decoupled (6.3) into two sub-problems corresponding
to (&, v) and 6, each of which will be solved by the inner approximation (IA) method [10].
At iteration 7, let (£, v @™) be the feasible point for (6.3) that is found from the
(n—1)-th round. By BCA, problem (6.3) is solved to obtain the optimal solutions (£*, v*)
for given 8" and then update (€711 .= &% v+ .= v*) to solve (6.3) with respect to

0.
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6.4.1 Transmit Power and Beamforming Iteration

For a given 8, (6.3) is rewritten at iteration 5 + 1 as:

Jto)] e )

max R(E,v,07) 2 1n (1 - HBH(O(”))vH2+HHvH2+02 (6.4a)
s . ¢ < pmax (6.4b)
[v]|* < PEs” (6.4c)
[6" 00> Pronse: (6.4d)

where the objective (6.4a) is non-concave while (6.4d) is the non-convex constraint. The

concave lower bound of (6.4a) can be found as [11, Eq. (62)]:

In <1+ G ) ( . [t6 ™) e )
"BH(G(U))UH2+HHUH2+02 - HBH(G(W)’U(U)H2+HH’U(")H2—|—02
ORI
HE)H(G("))'U(W)HQ—}-HHU(W)HQ_Hﬂ + Hf‘(g(ﬁ))“zg(n)
oo ot
5 HBH(O(n))U(n)H2—|—HHU(77)H2_|_0-2

=R (g, v|0M). (6.5)

Next, the left-hand side (LHS) of (6.4d) is a quadratic function which can be innerly

approximated as

~H

2R{(0) 75015 (070} — [B” (07)0|"> P (6.6)

In summary, the approximate convex program of (6.4) solved at iteration n + 1 is

expressed by
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max RO (€, v]0M) (6.7a)

s.t. (6.4b), (6.4¢), (6.6). (6.7b)

6.4.2 Phase Shift Iteration

For given (£0+1) v(0+1) (6.3) is rewritten at iteration n + 1 as:

max  R(ETTD, oD 9) £ Iy (1 + H?f(e)’ff(nﬂ) ) (6.8a)

9 @+ o
st [[B7 (00> P (6.8b)
10:] = 1,k € K, (6.8¢)

where the objective (6.8a) is non-concave, while constraints (6.8b) and (6.8c) are non-
convex. According to the Cauchy-Schwarz inequality, the first term in the denominator

of (6.8a) can be upper bounded as

BH(O)v(”+1)”2 _ HBU(O)Bf(Q)U(nH)Hz

A

< bu(g)Hz 65(0)17("“)”2

< ¢, (6.9)

where ¢ € RT and ¢ € R are newly introduced optimization variables, satisfying

t(m¢2
2¢(m)

¢(m¢2
2t(n) -

+

BU(B)Hzg t and HB?(G)U(”“)WS ¢. The product tC is convexified as t{ <
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Accordingly, the concave lower bound of (6.8a) is

A~ 2
n (1 N |fo)[ g ) >In (1 +

¢ + [Hotr | o2

f(g(n))H2§(n+1) )
(¢ 4+ [How| 402

Hf‘(e(n))Hzg(nJrl)

¢ 4+ HHv<n+1>H2+a2 + %(007))“25(%1)

( Cre)| s+ e+ ;Hv<n+1>2+az)

+

2¢(m) 2¢(m)
&)’ (00 + [Hot)| 402

L2 R (G|t ylnth)y, (6.10)

To convexify (6.8b), its LHS is firstly approximated as

H

A A HA A
bH(g)v(nJrl)H2 > 9R { <bH(9(n))v(n+1)> b (g)v(nﬂ)} _ HbH(g(n))v(nﬁLl)HQ‘ (6.11)

Then, the first term of the right-hand side of (6.11) is further rewritten as

2R { (f)H(g(ﬁ))v(n+1))HBH(Q)U(H-H)} — o { (BH(Q(n))v(nH)

R H
LoR {67 (dd)Agfz;(”“)(bH(e(’?))v(”“)) A, (du)e}

= X0l ) 4 2% {676}, (6.12)
< H H
where Y 2 (dy) A v0+D (b (9(’7))1)(77“)) A, (d,). The last term of (6.12) is convexi-
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fied as
27 {07Y6} > 21 {(6™)" V6 + 6" V6" — (6) Yo"} . (6.13)
From (6.11), (6.12) and (6.13), constraint (6.8b) is innerly approximated as follows:

~H

b (8o > Proe.

anghgmdg_FmﬁﬁﬁmgTyg_%oTy9m>_(9m5Ty9mf}_

(6.14)

Further, the unit-modulus constraint (6.8c) is relaxed by the following convex con-
straint:

0,7 < 1,Vk € K, (6.15)

which means that ek [6)° — K < 0. To guarantee that constraint (6.8c) is satisfied at

optimum, the following theorem is established.

Theorem 6.1. The following penalized optimization problem is used to ensure the opti-

mality of (6.8):

max R(ET, 00D, 9) + Q<Z 0,% — K) (6.16)
ke

s.t. (6.8b), (6.15), (6.16b)

where o > 0 denotes a penalty parameter such that the objective and penalty terms become

comparable.

Proof. Owing to constraint (6.15), the penalty term .o |0x|* — K is always negative. A
positive value of p enables the uncertainties of the unit-modulus constraint to be penalized,
which guarantees 6, = 1 at optimum. If p is sufficiently large, (6.8) and (6.16) have the

same optimal solution. The steps of a similar proof are found in [12, Appendix C]. O
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Summing up, the approximate convex program of (6.8) solved at iteration 1 + 1 is

expressed by

max RO (D 0t gy & R (G0t 4Dy 4 o (p(n)(g) _ K) (6.17a)

0.,t,¢

. t. Bu(e)‘fg t (6.17b)
By (@)0 "< ¢ (6.17¢)
0, < 1,Vk e K (6.17d)
(6.14), (6.17¢)

where P (8) £ y.c (20{(67) 01} — 617]?).

Algorithm 8 summarizes the BCA-based algorithm for solving (6.3).

Algorithm 8 Proposed BCA-based Iterative Algorithm to Solve (6.3)

Initialization: Set 77 := 0. Generate an initial feasible point (£©,v(© @ ¢©) (),
1: repeat
Given 8" solve (6.7) to obtain (£*,v*) and update (€7D pM1+D) .= (& v*);
Given (€D v1) solve (6.17) to obtain 6* and update 8V .= §*;
Set n:=n+1;

until Convergence

: Ouput: (£*,v*,0%)

Complexity and convergence analysis: The computational complexity of solving
(6.7) and (6.17) is (’)((Mt+1)232'5+33'5) and (’)((K+2)2(K+3)2'5+(K+3)3'5) for each iter-
ation, respectively. On the other hand, from the IA principles, it is obvious from (6.7) that
R(EMHD g+ giny > R (¢+1) v(n+1)|9(n)) > RO (), U(n)|9(n)) = R(EM p™) 9(71))‘
As in (6.17), we have R(£(HD) ot Uty > R) (ttl) o(nt1) gntl))
> RO (0D 1) @My = R(0t1) 4+ 9y~ Accordingly, it holds true that
R(EMHD ) gDy > Re) 40 9 Thus, Algorithm 8 yields a sequence

{(&™ v @)} of points that converges at least to a locally optimal solution [13].
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6.4.3 Sub-Optimal Design based on Maximal Ratio Transmis-
sion (MRT)
V/Bba

To reduce the complexity of the active beamforming, we adopt the MRT by v = Toall

where [ is the power level. The MRT-based optimization problem is re-formulated as

follows
o))’
1;1%72(5,5,0) £1n (1 + ; BH(G) o H2—|—5HHHdeH2+a2 (6.18a)
ba by
s.t. £ PR (6.18b)
b < Pgé* (6.18c¢)
. BS b
B b (0)HdeH Z Psense (618d)
|0x| = 1,Vk € K. (6.18¢)

Based on (6.5), the convex problem of transmit power and beamforming solved at

iteration 1 + 1 is given by

max R F0) (6.19a)

s.t.  (6.18b),(6.18¢), (6.18d), (6.19D)
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where

[fie e
R@@ﬁw@%ém(k% ») b b [P J
6" o H dH BWHHHbZHH +o
N Hf ’2507)
B(U)HBH(G("))?‘HZWWHH Ed + %(907))“25(77)
d d
o sl @) e[+ 4o
’ (2_ & g[pTem) ke H2+ﬁ(”>HHﬁ 2+o—2>'
by by

Based on (6.9), (6.10) and (6.14), the convex problem of phase shift iteration solved

at iteration n + 1 is expressed by

max QU (D) g0t gy £ Q) (g|etrtD) gty 4 o (73(77)(9) _ K) (6.20a)

0,t,¢

s.t. bl Hgt
by (8) 22 [*< ¢
[ HdeH

(6.20b)

(6.20¢)

(n+1) (m\T Ty _ (p\Ty)M) (m) (n+1)
BEDoR L0y + 6TV — (8T yeM L + ¥ (g|3nTD)

~H

— ﬁ(nﬂ)Hb oMy =L

|0x> < 1,Vk € K,
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where

(n)(g‘f(nﬂ)’ 5(?7“)) 21y (1 +

e
BUrDEm ) 5(n+1)HHHde ’ +02)
Hf(g(n))’ 2§(n+1)

B¢ ¢ () 4 5<n+1>HH Hbd
b

Frot+ i@ o

T AR [ 5%
: ( %(G)H t¢t + || :d ’2+B(‘;il) )
d

(bH(mm) ]EZ\>Hb bl I H}

H
and Y 2 (dy) A% b (BH(0<’7>)‘%) A, (dy).

by by

The computational complexity of solving (6.19) and (6.20) is (9(2232'5 + 33‘5) and

O((K +2)%(K + 3)*° + (K + 3)3'5> for each iteration, respectively.

6.5 Numerical Results

This section considers a 2-D scenario, in which the BS, target, UE, and RIS are located
at (5 m, 0), (5 m, 50 m), (20 m, 10 m), and (10 m, 10 m), respectively. Unless otherwise
stated, the bandwidth is 20 MHz, the BS’s maximum transmit power is 1 W, and the

UE’s maximum transmit power is 5 mW. The number of RIS elements K is 8, the noise
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Fig. 6.2: Convergence rate of Algorithm 8 with different values of K.

power o2 at the BS is -80 dBm, and the BS is equipped with M, = M, = 5 antennas. We
utilize the distance-dependent path-loss model [14]; the path-loss exponents of the BS-
RIS, RIS-target, RIS-UE, BS-target, and BS-UE links are set to 2.5, 2.8, 2.8, 3, and 3,
respectively [15,16]. All simulation results are obtained over an average of 1000 simulation
runs.

Fig. 6.2 presents Algorithm 8’s convergence pattern. It is clear that Algorithm 8
needs about 4 iterations to attain the optimal value of the UE’s transmission rate. Also,
increasing K leads to enhanced transmission rate of the UE.

Fig. 6.3 shows the transmission rate versus the UE’s transmit power. Not surprisingly,
the UE’s transmission rate increases with the UE’s transmit power. This is because in-
creasing the UE’s transmit power results in higher received signal strength at BS. Further,
the transmission rate of the proposed transmit BF case is much higher than that of the
MRT case regardless if the RIS is utilized or not.

Fig. 6.4 plots the UE’s transmission rate versus the BS’s receive antennas. As expected,
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increasing M, results in higher transmission rate of the UE. This is attributed to the fact
that the higher the value of M, the better the received diversity can be obtained, which
in turn improves the signal reception quality at BS.

Fig. 6.5 depicts the trade-off between the UE’s transmission rate and the required
sensing power. As expected, increasing the required sensing power leads to a decrease in
the UE’s transmission rate. This is because a higher transmit power at BS is needed to
enhance the received sensing signal power, but it conversely degrades the SINR of UE at

BS.

6.6 Conclusion

The transmission rate maximization problem of a FD-ISAC network with the assistance
of the RIS was considered in this chapter. A non-convex problem was formulated, which

involved a joint optimization of the BS’s transmit beamforming, UE’s transmit power,
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and RIS’s phase shifts. It was solved with a proposed BCA algorithm that relies on
the TA framework. Simulation results showed the fast convergence and effectiveness of
the algorithm, the trade-off between the UE’s transmission rate and the required sensing
power, and the advantage of employing RIS. The extensions considering multiple targets

or multiple UEs are interesting topics for our future works.
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Chapter 7

Conclusions and Future Work

This chapter summarizes the main contributions of the dissertation and discusses several

areas of considerable interest for future work.

7.1 Conclusions

A brief summary of the work and conclusions that can be drawn from the dissertation

are presented as follows:

o Chapter 1 discussed the basics and importance of efficient resource allocation strate-
gies in future wireless networks incorporating CFmMIMO, RIS, NOMA, ISAC, and

FD technologies.

o Chapter 2 illustrated the applicability of FD, NOMA, and SWIPT in cooperative
spectrum-sharing networks. Numerical results showed that the FD-NOMA system
outperforms the HD-NOMA and the conventional OMA-TDMA systems in terms

of the outage probability and sum transmission rate.

o Chapter 3 proposed unsupervised ML-based UC algorithms and developed a low-

complexity iterative algorithm based on the IA framework for solving PA problems
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in a CFmMIMO-NOMA system. Numerical results confirmed the effectiveness of the
proposed UC algorithms and the superior performance of the proposed PA algorithm
compared to CFmMIMO-NOMA without optimizing PA and COmMIMO-NOMA

in terms of SSE.

Chapter 4 addressed the EE maximization problem of CF networks with the help of
multiple RISs and developed a low-complexity alternating descent algorithm based
on the TA framework for its solution. Numerical results verified the fast convergence

of the proposed algorithm and the benefits of CF and RIS over collocated networks.

Chapter 5 focused on the total transmit power minimization problem of FL-assisted
wireless networks with the help of the RIS and developed an alternating descent
algorithm based on the TA framework for its solution. Numerical results confirmed

the quick convergence of the proposed algorithm and the advantage of using RIS.

Chapter 6 considered the problem of maximizing the transmission rate for an FD-
ISAC network with the help of the RIS and proposed a BCA algorithm based on
the TA framework for its solution. Numerical results showed the rapid convergence
of the algorithm, analyzed the trade-off between the UE’s transmission rate and the

required sensing power, and highlighted the benefit of deploying RIS.

7.2 Possible Directions for Future Research

This section highlights other potential research problems in developing efficient resource

allocation schemes for future wireless networks, which are worth of being investigated in

the future.

» Sensing-assisted secure communications for FD-ISAC networks with RIS: Certainly,

transmission security needs to be considered in FD-ISAC networks where designing
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the waveform as dual-functional signal can be intercepted in case there exists an

eavesdropper or the target is malicious, i.e., a potential eavesdropper.

RIS-assisted unmanned aerial vehicle (UAV)-based ISAC: A virtual line-of-sight link
can be set up between blocked UEs and a UAV with the help of RIS. Hence, RIS as-
sists in extending the coverage area and offers flexibility for designing the trajectory

of UAV in order to obtain higher communication and sensing performances.

Integration of ISAC and RIS with CFmMIMO systems: The distributed essence
of CFmMIMO systems can be exploited to implement ISAC, as geographically dis-
tributed APs can cooperatively conduct communication and sensing tasks concur-
rently. Furthermore, RIS helps to adjust the power and direction of the reflected
signals and decreases the interference between communication and sensing signals,

thus enhancing the overall system performance.

Secure RIS-assisted CFmMIMO systems: Eavesdroppers pose huge challenges for
CFmMIMO systems as they can conduct pilot contamination attacks to spoil the
channel estimation phase at the APs. Since RIS can smartly manipulate the wire-
less propagation environment by reconfiguring the phase and/or amplitude of the
incident signals, the reflected signals can be added constructively in the desired posi-
tions and destructively in undesired ones. On this context, RIS has the potential to

improve the performance of CFmMIMO systems in terms of security and reliability.

Orthogonal time frequency space (OTFS)-assisted ISAC systems: Recently, OTFS
has emerged as a promising modulation technology for high-mobility and high fre-
quency cases due to its potential to tackle high delay and Doppler spreads. Resource
allocation, e.g., delay-Doppler resource block, power, and bandwidth, and joint opti-
mization for communication and sensing for OTFS-assisted ISAC systems are crucial

problems that are worth of being investigated to maximize the communication or

169



sensing performance metrics, and analyze the trade-off between communication and

sensing performance.
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