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ABSTRACT

Multi-user multi-antenna wireless communication systems have become essential due
to the widespread of smart applications and the use of the Internet. Ultra-dense de-
ployment of small cell networks has been recognized as an effective way to meet the
exponentially growing mobile data traffic and to accommodate increasingly diversified
mobile applications for beyond 5G and future wireless networks. Small cells using low-
power nodes are meant to be deployed in hot spots, where the number of users varies
strongly with time and between adjacent cells. As a result, small cells are expected to
have burst-like traffic, which makes the static time division duplex (TDD) frame con-
figuration strategy, where a common TDD pattern is selected for the whole network,
not able to meet the users’ requirements and the traffic fluctuations. Dynamic TDD
(DTDD) technology which allows the cells to independently adapt their TDD pattern
based on the current traffic demand and interference status has been proposed as a
solution to satisfy the asymmetric and dynamic traffic demand of small cells. However,
one major issue arising from the deployment of small cells with multiple-input multiple-
output (MIMO) and DTDD technologies is cross-link interference which severely de-
grades the system’s performance if not properly managed. One encouraging solution
is the deployment of reconfigurable intelligent surface (RIS) to flexibly reconfigure the
signal propagation and/or the wireless channels between the base stations (BS) and
the user equipment (UE). An RIS is a planar surface composed of a large number of
low-cost passive reflecting elements, the phase shifts of the RIS elements can be ad-
justed to meet a certain cost function, e.g., the reflected signals add constructively at
the intended users and/or destructively at the unintended users.

In the first part of this thesis we study the integration of an RIS in a multicell
multiuser MIMO wireless communication system and propose novel non-iterative al-
gorithms for efficient mitigation of the cross-link interference and maximization of
the system-wide spectral efficiency. Furthermore, to reduce the high signaling over-
head involved in such a centralized scheme in the collection of all the channel state
information (CSI) at the central processing unit (CPU), a novel distributed coordi-
nated beamforming algorithm based on the alternating direction method of multipliers

(ADMM) technique is proposed. The design objective is to maximize the minimum
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signal-to-interference-plus-noise ratio (SINR) of the downlink users while satisfying the
total power constraint of the downlink BSs and guaranteeing that the maximum in-
terference seen by the uplink users due to the transmission of the downlink cells is
below a pre-defined level. Moreover, to further reduce the complexity involved in the
joint design of the transmit beamforming vectors and RIS reflection coefficients, we
exploit the decoupled nature of the signal-to-leakage-plus-noise ratio (SLNR) maxi-
mization problem which allows for a characterization of the solution to the multi-user
beamforming problem in terms of generalized eigenvectors. To this end, we propose a
low-complexity and non-iterative algorithm for the design of the RIS reflection vector
and the Rayleigh-Ritz method for the design of the transmit beamforming vectors.
Additionally, we consider the design of robust beamforming vectors that minimize the
total transmit power of the downlink cells while satisfying the users’ quality-of-service
(QoS) targets in the presence of channel estimation errors. Robust beamforming is
considered for the conventional worst-case formulation which has deterministic upper
bounds on the norms of the channel estimation errors. We also consider a probabilistic-
constrained optimization, based on the statistical channel error model. To this end, we
adopt an S-procedure and a Bernstein-type inequality to reformulate the problems into
tractable ones. Moreover, we propose two alternating optimization (AQO) based algo-
rithms using relaxed semidefinite programming (SDP) to solve these two problems. The
evaluations of all the proposed algorithms are carried out using a numerical analysis
that shows the effectiveness and performance superiority of the proposed algorithms,
as compared to baseline algorithms, in terms of achievable rates, power efficiencies,
convergence rate, and complexity. This implies that for the current and future wireless
communication systems, the integration of RISs in a DTDD system has the poten-
tial to mitigate cross-link interference and the algorithms proposed in this thesis are
especially appropriate.

In the second part of this thesis we carry out a preliminary investigation on the
concept of near-field beamforming. As a result of the combination of massive MIMO
and operation at mmWave frequencies, communicating devices will operate in the near-
field of the BS antenna. We exploit the distance discrimination potential of the near-
field beamforming from a communication perspective to facilitate the deployment of
high-rate multi-user MIMO millimeter wave systems. We investigate the system’s per-
formance using several precoding schemes. Our numerical results demonstrate a signif-
icant performance improvement due to the capability of the near-field beamforming to
support reliable communications even for devices that are located in the same angular

¢

direction which corresponds to the “worst case” situation. Furthermore, we study the

robust near-field beamforming design. We consider a robust near-field beamforming
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algorithm that is robust with respect to unknown BS antenna array aperture pertur-
bations. We analytically derive the bounds on the perturbations of the steering vector
as a function of the known norm of the coordinate displacements for the worst-case
robust beamforming scheme. The evaluations of the proposed algorithm are carried
out using a numerical analysis that shows the effectiveness and performance superior-
ity of the proposed robust near-field algorithm in comparison with other benchmark
schemes. We have proposed and implemented signal processing algorithms for multicell
multi-user MIMO wireless communication systems. The algorithms are implemented
to address some of the requirements for future wireless cellular networks. These in-
clude enhanced spectral and energy efficiencies, reduced latency, and greater flexibility
in traffic handling. Our numerical results demonstrate the benefits of our proposed
algorithms in addressing these requirements. Therefore, these algorithms are suitable
for beyond 5G and future wireless networks. As a result, the work in this thesis is

invaluable for network operators, network planners, and the research community.
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ZUSAMMENFASSUNG

Drahtlose Mehrnutzer-Mehrantennen-Kommunikationssysteme sind aufgrund der wei-
ten Verbreitung aufgrund der weiten Verbreitung intelligenter Anwendungen und der
Nutzung des Internets unverzichtbar geworden. Der extrem dichte Ausbau von Klein-
zellennetzen ist als wirksames Mittel erkannt worden, um den exponentiell wachsen-
den mobilen Datenverkehr zu bewéltigen und zunehmend diversifizierte mobilen An-
wendungen fiir die Zeit nach 5G und kiinftige drahtlose Netzwerke. Kleinzellen mit
Niedrig sind fiir den Einsatz in Hotspots gedacht, in denen die Anzahl der Nutzer zeit-
lich stark schwankt stark mit der Zeit und zwischen benachbarten Zellen schwankt.
Infolgedessen wird erwartet, dass kleine Zellen Dies macht die statische Zeitduplex
(TDD)-Rahmenkonfiguration, bei der ein gemeinsamer figurationsstrategie, bei der ein
gemeinsames TDD-Muster fiir das gesamte Netz gewéhlt wird, nicht in der Lage ist,
die Anforderungen der Nutzer und die Verkehrsschwankungen zu erfiillen. Die dynami-
sche TDD-Technologie (DTDD), die es den Zellen erméglicht, ihr TDD-Muster auf der
Grundlage der aktuellen Verkehrsnachfrage und des Interferenzstatus selbstéindig anzu-
passen, wurde als Losung vorgeschlagen, um die asymmetrische und dynamische Ver-
kehrsnachfrage von kleinen Zellen zu befriedigen. Ein grofles Problem beim Einsatz von
Kleinzellen mit MIMO- (Multiple-Input Multiple-Output) und DTDD-Technologien ist
jedoch die Cross-Link-Interferenz, die die Leistung des Systems stark beeintrichtigt,
wenn sie nicht ordnungsgeméifl verwaltet wird. Eine vielversprechende Losung ist der
Einsatz rekonfigurierbarer intelligenter Oberflachen (RIS) zur flexiblen Neukonfigurati-
on der Signalausbreitung und/oder die drahtlosen Kanile zwischen den Basisstationen
(BS) und den Benutzergeréten (UE) flexibel zu rekonfigurieren. Ein RIS ist eine ebene
Flidche, die aus einer groflen Anzahl kostengiinstiger passiver reflektierender Elemen-
te besteht. Die Phasenverschiebungen der RIS-Elemente kénnen so eingestellt werden,
dass sie eine bestimmte Kostenfunktion erfiillen, z. B. dass die reflektierten Signale bei
den beabsichtigten Benutzern konstruktiv und/oder bei den unbeabsichtigten Benut-
zern destruktiv wirken.

Im ersten Teil dieser Arbeit untersuchen wir die Integration eines RIS in ein drahtlo-
ses Mehrzellen-MIMO-Kommunikationssystem und schlagen neuartige nicht-iterative

Algorithmen zur effizienten Minderung der Cross-Link-Interferenz und Maximierung
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der systemweiten spektralen Effizienz vor. Um den hohen Signalisierungsaufwand zu
reduzieren, der bei einem solchen zentralisierten Schema mit der Sammlung aller Ka-
nalzustandsinformationen (CSI) in der zentralen Verarbeitungseinheit (CPU) verbun-
den ist, wird ein neuartiger verteilter koordinierter Strahlformungsalgorithmus vorge-
schlagen, der auf der ADMM-Technik (Alternating Direction Method of Multipliers)
basiert. Das Ziel des Entwurfs ist die Maximierung des minimalen Signal-Storungs-
plus-Rausch-Verhéltnis (SINR) der Downlink-Benutzer bei gleichzeitiger Einhaltung
der Gesamtleistungsbeschrankung der Downlink-BS und Gewihrleistung, dass die ma-
ximale Interferenz, die die Uplink-Benutzer aufgrund der Ubertragung der Downlink-
Zellen wahrnehmen, unter einem unter einem vordefinierten Wert liegt. Um die Kom-
plexitéit des gemeinsamen Entwurfs der Vektoren fiir die Sendestrahlformung und der
RIS-Reflexionskoeffizienten weiter zu reduzieren, nutzen wir die entkoppelte Natur des
Problems der Maximierung des Signal-Leck-Rausch-Verhéltnisses (SLNR), das eine
Charakterisierung der Losung des Mehrbenutzer-Strahlformungsproblems in Form von
verallgemeinerten Eigenvektoren ermoglicht. Zu diesem Zweck schlagen wir einen nicht-
iterativen Algorithmus mit geringer Komplexitét fiir den Entwurf des RIS-
Reflexionsvektors und die Rayleigh-Ritz-Methode fiir den Entwurf der Sendestrahlfor-
mungsvektoren vor. Dariiber hinaus betrachten wir den Entwurf von robusten
Beamforming-Vektoren, die die Gesamtsendeleistung der Downlink-Zellen minimieren
und gleichzeitig die Dienstgiiteziele der Nutzer in Anwesenheit von
Kanalschéatzungsfehlern erfiillen. Robustes Beamforming wird fiir die konventionelle
Worst-Case-Formulierung betrachtet, die deterministische obere Schranken fiir die Nor-
men der

Kanalschétzungsfehler hat. Obergrenzen fiir die Normen der Kanalschatzungsfehler
hat. Wir betrachten auch eine wahrscheinlichkeitsbeschrankte Optimierung, die auf
einem statistischen Kanalfehlermodell basiert. Zu diesem Zweck setzen wir ein S-
Verfahren und eine Ungleichung vom Bernstein-Typ ein, um die Probleme in ver-
tretbare Probleme umzuformulieren. Auflerdem schlagen wir zwei auf alternierender
Optimierung (AO) basierende Algorithmen vor, die entspannte semidefinite Program-
mierung (SDP) verwenden, um diese beiden Probleme zu 16sen. Die Bewertung aller
vorgeschlagenen Algorithmen erfolgt anhand einer numerischen Analyse, die die Effek-
tivitdt und Leistungsiiberlegenheit der vorgeschlagenen Algorithmen zeigt, im Vergleich
zu den Basisalgorithmen in Bezug auf die erreichbaren Raten, die Leistungseffizienz,
die Konvergenzrate und die Komplexitdt. Dies impliziert, dass die Integration von
RISs in ein DTDD-System das Potenzial hat, Cross-Link-Interferenzen in aktuellen
und zukiinftigen drahtlosen Kommunikationssystemen abzuschwéchen, und dass die in

dieser Arbeit vorgeschlagenen Algorithmen besonders geeignet sind.
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Im zweiten Teil dieser Arbeit fithren wir eine Voruntersuchung zum Konzept des
Nahfeld-Beamforming durch. Als Ergebnis der Kombination von Massive MIMO und
dem Betrieb bei mmWave-Frequenzen werden kommunizierende Gerdte im Nahfeld
der BS-Antenne arbeiten. Wir nutzen das Entfernungsunterscheidungspotenzial der
Nahfeld-Strahlformung aus einer Kommunikationsperspektive, um den FEinsatz von
hochratigen Multinutzer-MIMO-Millimeterwellensystemen zu erleichtern. Wir unter-
suchen die Leistung des Systems unter Verwendung verschiedener Vorcodierungsver-
fahren. Unsere numerischen Ergebnisse zeigen eine signifikante Leistungsverbesserung
aufgrund der Féhigkeit des Nahfeld-Beamforming Die numerischen Ergebnisse zeigen
eine deutliche Leistungsverbesserung, die auf die Fahigkeit der Nahfeld-Strahlformung
zuriickzufiihren ist, eine zuverliassige Kommunikation selbst fiir Geréte zu unterstiitzen,
die sich in der gleichen Winkelrichtung befinden, was dem fchlimmsten Falléntspricht.
AuBlerdem untersuchen wir das robuste Nahfeld-Beamforming-Design. Wir betrach-
ten ein robustes Nahfeld-Beamforming Algorithmus, der gegeniiber unbekannten BS-
Antennengruppen-Apertur-Storungen robust ist. Wir leiten analytisch die Grenzen fiir
die Storungen des Steuerungsvektors als Funktion der bekannten Norm der Koordi-
natenverschiebungen fiir das robuste Strahlformungsschema im schlimmsten Fall ab.
Die Bewertung des vorgeschlagenen Algorithmus erfolgt anhand einer numerischen
Analyse, die die Effektivitdt und Leistungsiiberlegenheit des vorgeschlagenen robus-
ten Nahfeld-Algorithmus im Vergleich zu anderen Benchmark-Verfahren zeigt. Wir
haben Signalverarbeitungsalgorithmen fiir drahtlose Mehrzellen-Mehrbenutzer-MIMO-
Kommunikationssysteme vorgeschlagen und implementiert. Die Algorithmen wurden
implementiert, um einige der Anforderungen fiir zukiinftige drahtlose zellulare Netz-
werke zu erfiillen. Dazu gehoren eine verbesserte spektrale und energetische Effizienz,
geringere Latenzzeiten und eine groflere Flexibilitdt bei der Verkehrsabwicklung. Unse-
re numerischen Ergebnisse zeigen die Vorteile der von uns vorgeschlagenen Algorithmen
bei der Bewiiltigung dieser Anforderungen. Daher sind diese Algorithmen fiir 5G und
zukiinftige drahtlose Netzwerke geeignet. Daher ist die Arbeit in dieser Arbeit von

unschétzbarem Wert fiir Netzbetreiber, Netzplaner und die Forschungsgemeinschaft.
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1. Introduction and scope of the thesis 1

1. INTRODUCTION AND SCOPE OF THE
THESIS

The exploration of signal processing techniques for multicell multi-user MIMO sys-
tems is motivated by the need to address the challenges of modern wireless commu-
nication networks, due to the rapid advancement in technology and the emergence
of diverse mobile applications. These challenges include the demand for higher data
rates, interference management, resource optimization, and dynamic communication
requirements. As a result, providing high spectral and energy efficiency in wireless
communication systems has recently received a lot of attention. This chapter provides
a high-level overview of the techniques that have been implemented to address these
demands, such techniques include antenna diversity schemes, multiple-input multiple-
output (MIMO) concepts, millimeter wave (mmWave) communications, beamform-
ing techniques, and network densification. Furthermore, in this chapter, the open

questions as well as the contributions of the current work are discussed.

1.1 Motivation and state of the art

Generally, a signal is defined as any time-varying physical process intended to con-
vey information. It is a mathematical representation of any physical energy that is
a function of one or more independent variables such as pressure, position, distance,
time, etc., that contain some information. Some typical examples of signals are au-
dio, video, sensor data, images, and many other types of data, including noise which
however contains unwanted information. The representation, transformation, process-
ing, analysis, and manipulation of analog and digital signals are the core functions of
signal processing. There is a wide range of typical applications in which signal process-
ing techniques are used, these include speech recognition, video and audio processing,
telecommunications, image processing, biomedical engineering, financial engineering,
and control systems. Some of the specific tasks in signal processing include filtering,
noise reduction, amplification, compression, and feature extraction to detect patterns.

Particularly, in telecommunications, signal processing techniques are used to transmit,
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receive, and process signals over communication channels. Such techniques include

modulation, demodulation, error correction, and signal amplification.

The abstract representation of signals in digital form is both simple and powerful,
making it very convenient for use in many applications. As a result, digital signal
processing techniques that deal specifically with the representation and manipulation
of signals in a digital format are very important in many applications. In the last
few decades, digital signal processing techniques have played a crucial role in the de-
velopment and advancement of modern communication systems. Generally, starting
from the second-generation (2G) to the current fifth-generation (5G) cellular systems,
digital signal processing techniques have helped to transform modern wireless commu-
nication systems as can be seen in Fig. [1,12]. This has resulted in an exponential
growth in the number of mobile subscribers, connected devices, and the amount of data
sent and received [3]. This exponential growth is projected to be even higher for the
beyond fifth-generation (B5G) and sixth-generation (6G) networks as a result of the
widespread use of mobile internet and smart applications such as smart cities, smart

buildings, augmented reality, internet of things (IoT), and smart homes [4].

Therefore, future wireless communication technologies should be able to satisfy the

continuously increasing traffic demand and the high demand for quality of service (QoS)
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by the consumers. Such QoS includes the demand for high throughput, high reliability,
and low latency and jitter. As a result, there has been increased research focus in the
area of developing new signal processing techniques for different air interfaces, for the
B5G and 6G wireless systems. There are different requirements these new techniques
are expected to meet, such as fast switching between downlink and uplink for time
division duplex (TDD) systems, ultra-low latency transmissions for long and short data
bursts, enhanced Mobile Broadband (eMBB), and high data rates [5]. Unfortunately,
major capacity and performance limitations of wireless communication systems are a
result of the unpredictability of the wireless propagation environment and the shortage
of spectrum. Therefore, new signal processing techniques have been implemented to
address these shortcomings, such as antenna diversity schemes, multiple-input multiple-
output (MIMO) concept, millimeter wave (mmWave) communications, beamforming
techniques, and network densification. In the following, we will give a comprehensive

review of these techniques.

Antenna diversity is one of the techniques that is employed to improve the reliabil-
ity of a wireless channel and increase the overall average received signal power. This is
achieved by making use of more than one antenna to transmit or receive signals from
different propagation paths in order to compensate for the multipath interference [6]. In
wireless communications, the received signal strength varies strongly due to the effect
of multipath propagation and interference on the link quality. Therefore, implementing
antenna diversity schemes in such scenarios improves the reliability of a wireless chan-
nel. There are different forms of antenna diversity, including spatial diversity where
multiple antenna elements occupy separate locations, polarization diversity where mul-
tiple antennas provide two or more different polarizations, and pattern diversity where

directional antennas discriminate over angle space [6].

MIMO systems achieve a high spectral efficiency by using multiple antennas and
spatial processing. Spatial multiplexing MIMO technique, in which the multiple data
streams are divided into different substreams and transmitted by every transmit an-
tenna, takes full advantage of the channel’s spatial dimension and can significantly
improve the spectral efficiency of a wireless link compared to traditional single-antenna
systems [7]. The MIMO system offers the following advantages which include, array
gain, interference reduction, and diversity gain. In addition to the benefit obtainable
by the use of multiple antennas at the transmitter and the receiver, the MIMO systems
also offer spatial multiplexing gain compared to traditional antenna array systems [8].
In wireless networks, using different phases and amplitudes to transmit the same data
signal from all antennas can result in a high signal power for the intended user. This

is achieved by coherently adding all the signal components, whereas low interference
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is achieved at the non-intended user by destructively adding all the signal components
[9,/10]. This constructive and/or destructive manipulation of the signal components
can be realized by using linear or non-linear transmission techniques [11]. In terms of
channel capacity gain, the non-linear techniques have been shown to outperform linear
techniques. Unfortunately, the non-linear techniques have a high complexity compared
with the linear techniques. As a result, the linear transmission beamforming tech-
niques have gained more interest [11-13]. In a wireless network, the base station (BS)
using the same radio resources can serve user equipments (UEs) located in different
geographical spaces simultaneously. This is known as space-division multiple access
(SDMA). In such a scenario, one or multiple beamforming vectors are designed and
assigned to each UE and can be matched to the UE’s channel.

Beamforming is a technique that is both versatile and powerful. It can be used in re-
ceiving, transmitting, or relaying signals of interest in a spatially selective manner in the
presence of noise and interference. Beamforming can be performed at the BS to serve
multiple users simultaneously and efficiently, as well as at the UE to improve the signal
reception. In wireless communication systems, various performance criteria are used
for the design of beamforming vectors. Some of these optimization criteria include the
maximization of the signal-to-interference-plus-noise ratio (SINR), the minimization of
the transmit power, interference nulling, the maximization of the signal-to-noise ratio
(SNR), the maximization of the spectral efficiency, the maximization of the minimum
SINR to achieve fairness among users, and robustness to channel uncertainty [14}16].
Maximizing the received signal power at the intended UE in a single-user MIMO (SU-
MIMO) system can be implemented using a traditional beamforming scheme such as
zero-forcing (ZF), minimum mean squared error (MMSE), and successive interference
cancellation. Though there are significant benefits of MIMO in SU-MIMO system,
these benefits would be higher when multi-user MIMO (MU-MIMO) is considered .
Therefore, the issue of MIMO in multi-user systems is much more compelling. MU-
MIMO can be considered on both the uplink and downlink [9,{10,/17]. The goal is to
serve multiple users at the same time on the same resources. As a result, several beam-
forming schemes have been proposed to increase the signal power at the intended user
and reduce interference to non-intended users for MU-MIMO systems. These include
ZF, block diagonalization (BD), regularized BD, maximum ratio transmission (MRT),
MMSE, weighted MMSE schemes, etc., [9,/13/18,|19]. For instance, in a noise-limited
system also known as the low signal-to-noise ratio (SNR) regime, the maximum ratio
transmission (MRT) is the optimal transmit beamforming. The MRT scheme does not
attempt to cancel the multi-user interference, rather its main objective is to maximize

the signal power at the intended UE. Furthermore, for an interference-limited system,
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which is the high-SNR regime the ZF scheme is the optimal transmit beamforming,
to eliminate the interference-leakage to the non-intended UEs [9]. Regrettably, these
schemes are far from optimal in the moderate SNR regime. Therefore, in the literature,
there have been different iterative algorithms proposed to optimize the transmit beam-
forming vectors using different system optimization criteria. Such as the maximization
of the SINR, MMSE criteria, and weighted sum rate [14}/15].

Additionally, deploying more BSs per area which allows the reuse of system re-
sources is another way to improve the throughput of the cellular network. This is
known as the densification of communication networks. Nonetheless, there are some
concerns with this scheme, such as inter-cell interference issues, high cost of deploy-
ment, and unsuitability for high-speed UEs as they would have to switch the serving
BS very often. In a multi-cell system, signals transmitted in one cell are observed as
interference at other cells. One method to mitigate this interference is to use frequency-
selective small cells. As a result, the deployment of small cells was introduced by the
3rd generation partnership project (3GPP) long-term evolution (LTE)-Advanced also
known as 4G [20]. In comparison with the macro cells, the small cells have low opera-
tional cost and low hardware complexity. The range of the small cells is usually from
ten meters to a few hundred meters and they operate at 3.5 GHz band [20}21]. To
further increase the system coverage, throughput, and capacity of the cellular system,
these small cells are meant to be deployed in hot spots within the coverage area of the

macro cell.

Generally, wireless networks operate in half-duplex (HD) such as TDD or frequency
division duplex (FDD). In TDD the transmission for the uplink (UL) and downlink
(DL) is carried on the same carrier frequency but in different time slots. Whereas in
FDD, separate frequency channels are used for the UL and DL transmissions. These
frequency channels in a FDD system are separated by a guard band. TDD has some
notable advantages over FDD in terms of low power requirements, frequency diversity,
lower hardware complexity, and unpaired band allocation [22,23]. However, the most
important advantage of TDD over FDD is the concept of channel reciprocity among
the links’s channel characteristics. This is as a result of the usage of the same carrier
frequency for both the DL and UL transmissions. It is important to state that in a
TDD system, only the physical channels are reciprocal, the radio frequency (RF) chains
need to be calibrated. For small cell cellular systems, TDD is the widely used mode
of transmission because of power consumption, spectrum efficiency, cost-effectiveness,
interference mitigation, and a small round-trip propagation delay associated with the
small cells. The TDD configuration in LTE-advanced networks is assumed to be a
fixed TDD pattern [20]. However, in a static TDD system, the UL/DL changes are
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Fig. 1.2: Interference scenario in DTDD system

only possible at the subframe level. This cannot be rapidly modified to match the
instantaneous traffic demands in those small cells. Therefore, in [24] this rigid scheme
is broken, for 5G networks, and a dynamic TDD (DTDD) scheme was introduced to
cope with traffic fluctuations. DTDD is a flexible form of the TDD scheme that enables
cells to independently set the UL /DL configuration in each slot based on the prevailing
traffic demands and interference levels [25]. Therefore, it has been shown in [25] and [26]
that DTDD can greatly improve spectrum usage and reduce network latency. However,
due to the coexistence of neighboring cells operating in different link directions in
DTDD, this gives rise to additional BS-to-BS and UE-to-UE interference among other
forms impairment as shown in Fig. [1.2] This cross-link interference severely degrades
the system’s performance. Hence, interference management in a DTDD system is

essential.
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As a result, there have been several approaches proposed to deal with this cross-
link interference, such as clustering schemes, time slot allocation algorithms, and power
control solutions [25]. The authors in [27], proposed to group several cells into a cluster
according to some metric(s), where cells in the same cluster adopt the same TDD con-
figuration. In [28], the authors proposed dynamic time slot allocation for an adaptive
and flexible interference avoidance scheme. The work in [29] used adaptive power con-
trol techniques to reduce and compensate the cross-link interference. However, these
solutions do not benefit from multi-antenna capabilities in order to mitigate interfer-
ence. In the case of MIMO systems, Jayasinghe et al. [30] proposed a solution for
the maximization of the weighted sum rate. The work in [31] proposed an interfer-
ence alignment-based solution for a limited scenario formed by three cells and one
user per cell. Nevertheless, interference management strategies in DTDD systems are
more complicated than those in static TDD systems due to the cross-link interference.
Therefore, the development of an efficient cross-link interference management scheme

for DTDD systems is necessary.

Reconfigurable intelligent surfaces (RISs) have gained significant attention recently,
as a low-cost and compact transformational technology for future wireless systems
[32-34]. An RIS is a planar surface composed of a large number of passive reflecting
elements that are closely packed together and a smart controller. Each of the reflecting
elements is capable of controlling the phase and/or amplitude of the incident waveform
independently [32,33,35]. By strategically deploying RISs in wireless networks and in-
telligently coordinating their reflections it is possible to flexibly reconfigure the signal
propagation and/or the wireless channels between the transmitters and the receivers
to achieve desired realizations or distributions, e.g., the reflected signals can add con-
structively at the intended users and/or destructively at the unintended users [33]. Due
to these potentials, RIS-aided communication systems have received significant atten-
tion in the last few years, where various RIS-aided communication systems have been
studied, such as millimeter-wave (mmWave) communications, cognitive radio, and un-
manned aerial vehicle (UAV) communications [36-40]. Designing RIS elements with
wideband characteristics and ensuring efficient control mechanisms for adjusting their
properties across different frequency bands is a significant challenge [33]. In this thesis,
Chapter 2 elaborates more on RISs, their fundamentals, architectures, and practical

constraints.

Motivated by the inherent benefits of the RIS and the need to design and implement
efficient interference management schemes for DTDD systems, this thesis exploits the
advantages offered by DTDD along with the potential benefits of the RIS to mitigate

the cross-link interference in a DTDD system. However, to the best of the author’s
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knowledge, there has been no work so far considering the integration of both techniques
in the literature. Therefore, we consider the following open problems, how to jointly
design the reflection coefficient of the RIS and the transmit beamforming vector to
minimize the cross-link interference in a DTDD system and to reduce the signaling
overhead involved in the collection of the channel state information (CSI) at the central
processing unit (CPU). Additionally, the open problem of reducing the complexity
involved in the design of transmit beamforming vectors for an RIS-aided DTDD system
and the joint design of the RIS reflection coefficient and transmit beamforming vectors
that are robust against CSI errors are considered. For B5G and 6G networks, an RIS-
aided DTDD system has many potential use cases. It is ideal for areas with high user
density and where demand for wireless connectivity is high or access to cell towers
is difficult. Such as shopping malls, entertainment complexes and venues, stadiums,

healthcare organizations, and manufacturing facilities.

Furthermore, motivated by the promising potential of the solution of the exploita-
tion of higher frequencies in conjunction with large-scale antenna arrays at the BS. This
thesis considers the efficient deployment of a high-rate MU-MIMO mmWave communi-
cation system by exploiting the distance-discriminating capability of near-field beam-
forming. At the same time, due to the potentially large size of antenna arrays operating
at mmWave frequencies, there might be different reasons for the emergence of pertur-
bations in the aperture geometry. These inevitable aperture deformations of the BS
antenna array degrade the overall performance of the communication system. Moti-
vated by this and the performance potential of near-field communications, this thesis
studies the robust near-field beamforming designs that are robust against BS antenna

array aperture perturbations.

1.2 Major Contributions and Outline

Motivated by the previously presented state-of-the-art, the contributions of this thesis

are organized into nine chapters.

Chapter [2| provides a general overview of the fundamental concepts of RIS tech-
nology, its benefits, use cases, and applications in future 5G and 6G networks. In
addition, the channel estimation problem and the beamforming optimization methods
using RISs are discussed where we present the current state-of-the-art model for RIS-
aided wireless communications. The overall aim of this chapter is to familiarize the

readers, who are new to the subject, with the essentials of RIS technology.

In Chapter 3, we consider an RIS-aided multicell system model that takes into
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account both prevailing traffic conditions and multicell BS-to-BS and UE-to-UE inter-
ference levels. The chapter addresses the issue of joint optimization of the transmit
beamforming and the passive beamforming for an RIS-aided DTDD wireless system, to
minimize the cross-link interference and maximize the system-wide spectral efficiency.
However, the problem is shown to be non-convex as a result of the coupling of the
optimization variables and the constant modulus constraints of the RIS Therefore, we
propose two non-iterative methods to design the RIS reflection vector to maximize the
system spectral efficiency, while reducing the cross-link interference. Numerical results
show the efficiency of the proposed methods compared to some baseline schemes. It is
shown that the integration of an RIS in DTDD systems has a great potential to im-
prove the communication efficiency while reducing the impact of cross-link interference.

Chapter |3|is based on the following peer-reviewed conference publication:

G. C. Nwalozie, K. Ardah, and M. Haardt, “Reflection Design methods for Recon-
figurable Intelligent Surfaces-aided Dynamic TDD Systems,” in Proc. of 12th IEEE
Sensor Array and Multichannel Signal Processing Workshop (SAM 2022), Trondheim
Norway, June 2022 [41].

Chapter [ considers a decentralized coordinated algorithm for an RIS- aided DTDD
wireless communication system. The motivation for this chapter is to reduce the high
signaling overhead involved in collecting all the channel state information at the central
processing unit regarding the centralized solution for the active beamforming design as
presented in Chapter [3} To this end, a distributed coordinated beamforming based on
the alternating direction method of multipliers (ADMM) is proposed in this chapter.
A Semidefinite Programming (SDP) technique (explained in Appendix [C.5)) is adopted
for the design of the passive reflection matrix of the RIS. Our design objective is to
maximize the minimum SINR of the downlink users while satisfying the total power
constraint of the downlink base stations and guaranteeing that the maximum interfer-
ence seen by the uplink users due to the transmission of the downlink cells is below
a pre-defined level. Our numerical results demonstrate that the proposed algorithm
converges to the centralized solution in a reasonable number of iterations (within 10-15
iterations) as shown in Figure [4.3] Chapter [4] is based on the following peer-reviewed
conference publication:

G. C. Nwalozie and M. Haardt, “Distributed Coordinated Beamforming for RIS-aided
Dynamic TDD Systems,” in Proc. of 26th International ITG Workshop on Smart
Antennas and 13th Conference on Systems, Communications, and Coding (WSA and
SCC 2023), Braunschweig, Germany, March 2023 [42].

In Chapter |5, we jointly optimize the base station transmit precoders and the RIS

reflection vector to maximize the sum signal-to-leakage-plus-noise ratio (SLNR), with
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the objective of improving the communication efficiency while reducing the impact of
cross-link interference. This is motivated by the need to reduce the complexity involved
in the design of the transmit beamforming vectors. The SLNR is a reasonable metric
to balance the complexity and performance in massive MIMO systems and leads to an
optimal closed-form characterization of the BS precoders. The proposed method does
not impose a condition on the relation between the number of transmit and receive
antennas, and it also avoids noise enhancement. Our numerical results demonstrate
a significant performance improvement using the proposed method as compared to
some baseline schemes. Chapter || is based on the following peer-reviewed conference

publication:

G. C. Nwalozie and M. Haardt, “Leakage-based Coordinated Beamforming for RIS-
aided Dynamic TDD Systems,” in Proc. of 31st Furopean Signal Processing Confer-
ence (EUSIPCO 2023), Helsinki, Finland, September 2023 [43].

Motivated by the fact that the performance improvements obtainable from the
joint design of transmit and passive beamforming vectors for an RIS-aided DTDD
wireless system heavily depend on the accuracy of the CSI, Chapter [6] considers robust
transmission strategies for an RIS-aided wireless system with imperfect CSI. Due to
estimation errors and limited feedback channels, the transmitters can never have perfect
CSI. The problem is formulated as a sum-power minimization problem for the downlink
cells under individual users’” SINR constraints, interference temperature constraints
for the uplink cells, and unit-modulus constraints of the RIS in the presence of CSI
errors. We consider the statistical CSI imperfection and the bounded CSI imperfection
models. We adopt the S-procedure (explained in Appendix to reformulate the
bounded CSI model-based design problem and the Bernstein-type inequality (explained
in Appendix to reformulate the statistical CSI model-based design problem into
tractable problems. The resulting problems can be solved efficiently. Numerical results
are presented showing that the outage probability-based approach outperforms that
of the bounded design. Chapter [6] is based on the following peer-reviewed conference
publications:

G. C. Nwalozie and M. Haardt, “Robust beamforming for RIS-aided Dynamic TDD
Systems,” in Proc. of 81st European Signal Processing Conference (EUSIPCO 2023),
Helsinki, Finland, September 2023 [44].

G. C. Nwalozie and M. Haardt, “Probabilistic-Constrained Robust beamforming for
RIS-aided Dynamic TDD Systems,” in Proc. of 19th International Symposium on
Wireless Communication Systems (ISWCS 2024), Rio de Janeiro, Brazil, July 2024
[45].

Chapter [7] studies near-field beamforming for a multi-user multiple-input multiple-
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output (MU-MIMO) millimeter wave (mmWave) communication system. We exploit
the distance discrimination potentials of the near-field beamforming to facilitate an
efficient deployment of high-rate multi-user downlink MIMO mmWave systems. To
this end, we investigate the performance of the near-field beamforming using several
precoding schemes. Our numerical results demonstrate a significant performance im-
provement due to the capability of the near-field beamforming to support reliable
communications even for devices that are located in the same angular direction which
corresponds to the “worst case” situation. In the case of a far-field scenario, users that
are located in the same angular direction cannot be separated. Chapter [7]is based on

the following peer-reviewed conference publication:
G. C. Nwalozie, D. Rakhimov, and M. Haardt, “Near-field beamforming for MU-

MIMO millimeter wave communication system,” in Proc. of 31st Furopean Signal
Processing Conference (EUSIPCO 2023), Helsinki, Finland, September 2023 [46].

Motivated by the performance potentials of near-field communications and the in-
evitable aperture deformations of the BS antenna array that degrade the overall perfor-
mance of the communication system, Chapter [§| studies robust near-field beamforming
designs that are robust against BS antenna array aperture perturbations. We analyti-
cally derive the bounds on the perturbations of the steering vector as a function of the
known norm of the coordinate displacements for the worst-case robust beamforming
scheme. Our simulation results confirm that the proposed robust near-field algorithm
outperforms the other benchmark schemes. Chapter [§|is based on the following peer-
reviewed conference publication:

G. C. Nwalozie, D. Rakhimov, and M. Haardt, “Robust near-field beamforming for
millimeter wave communication systems with aperture perturbation,” in Proc. of

49th IEEE International Conference on Acoustics, Speech, and Signal Processing
(ICASSP 2024), Seoul, Korea, April 2024 [47].

Finally, we conclude this thesis and present the future work in Chapter [9 In
Appendix A, we list the symbols and the used notation. Some acronyms used in
this thesis are provided in Appendix B. Furthermore, in Appendix C some important
concepts and the basis of convex optimization are presented. Moreover, Appendix D

provides a detailed explanation for the S-procedure and Bernstein-type inequalities.
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1.3 Matrix Properties and Notation

The following matrix properties are used in this thesis

vec(Adiag(b)C) = (CT o A)b (1.1)
(AC)< (BE) = (A® B)(C < E) (1.2)
oAz = Tr(Azz) (1.3)

Tr(AHB) = vecH(A)vec(B) (1.4)
vec(ABC) (CT @ A)vec(B) (1.5)

(A® A)(C @ D) = AC ® BD (1.6)
Tr(ABCD) — Tr(CDAB) (1.7)

Notation. This thesis uses vectors and matrices as lowercase and uppercase boldface
letters, respectively. The notation ¢ is used to denote the Khatri-Rao product, while ®
is used to denote the Kronecker product. The transpose and the conjugate transpose
(Hermitian) of X are represented by X Tand X H, respectively. The diag(x) forms
a matrix by placing & on its main diagonal, and vec(X) vectorizes X by stacking its
columns on top of each other. Moreover, H"*™ stands for the set of n x n complex
Hermitian matrices. For a matrix A € H"*", we write A = 0 and A > 0 to denote
that A is positive semidefinite and positive definite, respectively. Moreover, Tr(A),
Amax(A), and Apin(A) denote the trace, maximum eigenvalue, and minimum eigen-
value of A, respectively. Furthermore, I, denotes the n x n identity matrix, while || -||,
| - [[g, Pr{-} represent the Euclidean norm, matrix Frobenius norm, and probability
function, respectively. For a complex A, we use Re{A} and Im{A} to denote its real

and imaginary parts, respectively.
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2. OVERVIEW OF RECONFIGURABLE
INTELLIGENT SURFACES

This chapter reviews the fundamental concepts of reconfigurable intelligent surfaces
(RISs) technology, its benefits, use cases, hardware architecture, challenges, and ap-
plications in B5G and 6G networks. In addition, the passive beamforming design
methods as well as the current state-of-the-art model for RIS-aided wireless com-
munications are discussed. Next, we compare the RIS technology with active relay
which is a related technology, underlining the major differences as well as the RIS’s

competitive advantage over active relay.

2.1 Introduction

Reconfigurable intelligent surfaces (RISs), also known as intelligent reflecting surfaces
(IRSs), have recently emerged as a promising technology for B5G and 6G wireless com-
munication. An RIS is a planar surface composed of a large number of passive reflecting
elements that are closely packed together and a smart controller. The smart controller
is used to reconfigure the phase shift and/or the amplitude of the RIS elements. Each
of the reflecting elements is capable of controlling the phase and/or amplitude of the
incident waveform independently [32.|33]/35]. By strategically deploying RISs in wire-
less networks and intelligently coordinating their reflections, it is possible to flexibly
reconfigure the signal propagation and/or the wireless channels between the transmit-
ters and the receivers to achieve the desired improvement in the channel characteristics.
For example, these reflections can be smartly controlled to add constructively at the
intended users and/or destructively at the unintended users. Thus, signal processing
using RISs represents a unique approach to fundamentally tackle the problem of wire-
less channel fading impairment and interference, which could potentially result in a
quantum leap improvement in wireless communication capacity and reliability [48-50].
The promising potentials of RIS for future wireless networks have motivated exten-
sive research recently. Detailed overviews or surveys of the existing research work on

RISs and their variants, such as RISs deployment, implementation, channel modeling,
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applications, etc., are provided in the following review papers [33},35,51-54].

The RIS’s primary function is to add various customizable paths to an uncontrol-
lable communication channel, depending on the number of reflecting elements. They
allow the user to have channel characteristics that are favourable to combat path loss
and other losses. Hence, an RIS performs passive beamforming where an array gain
is achieved by applying a phase shift to different reflecting elements, which results in
constructive interference. As a result of this array gain, the SNR of the received signal

is proportional to the square of the number of reflecting elements in the RIS [51}55].

2.2 Architecture of RIS

2.2.1 Passive RIS

The reconfigurability potential of the RIS can be achieved by using any device capable
of electronic phase-changing. This includes positive-intrinsic-negative (PIN) diodes,
micro-electromechanical system (MEMS) switches, and field-effect transistors (FETS).
A typical hardware architecture of a fully passive RIS is shown in Fig. 2.1] each of the
reflecting elements of the RIS contains a PIN diode which controls the phase response.
Through the control of the biasing voltage of the PIN diode, it can be turned ON and
OFF. As a result, a subsequent phase shift of 7 in radians to the incident signal is
achieved. Hence, by setting the respective biasing voltage via the smart controller,
different phase shifts can be realized independently for the RIS’s elements. A variable
resistor load can effectively be used to control the reflection amplitude [56]. This allows
for more flexibility in shaping the reflected signal to achieve various communication ob-
jectives effectively. Furthermore, the smart controller attached to the RIS is responsible
for triggering and determining the reflection adaptation, which can be accomplished
through a field-programmable gate array (FPGA) [57]. Through wired or wireless back-
haul/control links, this RIS smart controller acts as a gateway to communicate with
other network components (e.g., BSs/access points (APs) and user terminals). Due
to its passive structure without the use of any transmit radio frequency (RF) chains,
it has a low energy consumption and a low cost. RISs are generally of low profile as
they can be discreetly integrated into various environments, and they can be made
to be conformal to various objects. Therefore, they can be easily deployed on several
structures such as roadside billboards, indoor walls, vehicle windows highway polls,
and building facades [33,48,58].

Mathematically, the reflection vector for the given RIS with Mg reflecting elements
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Fig. 2.1: An RIS with Mg passive reflecting elements

is given as

0 = [ﬁlejd)l, e 7BMS€j¢MS]T € CMS? (21)

where 3, € [0,1] denotes the closed interval between 0 and 1 which represents the
reflection amplitude of the mth element of the RIS. Furthermore, ¢, € [0, 27] denotes
the closed interval between 0 and 27 that represents the phase shift associated with the
mth element of the RIS. The reflection amplitude is typically the measurement of the
amount of energy of the impinging signal that is reflected, with f,, = 0 representing
absorption of the impinging signal whereas (,, = 1 signifies full reflection. In the
literature, the maximum value is usually adopted for By, i.e., B = 1 [33/[48]. The
continuous tuning of the reflection coefficient is beneficial for improving communication
performance, but it is difficult to implement due to the need for higher-resolution
(high-precision) reflecting elements and more complex hardware design. Therefore, the
element design becomes more difficult because of its limited size, and it also demands
more controlling pins at the RIS controller to manage the necessary PIN diodes. For
practical RISs that typically have a large number of reflecting elements, it is more
cost-effective to only implement discrete and finite amplitude/phase-shift levels that
only require a small number of control bits for each element ,.

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems
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Fig. 2.2: An RIS with some active reflecting elements

2.2.2 Semi-Passive RIS

As a result of the unavailability of RF chains in a fully passive RIS, the CSI acquisition
problem becomes more difficult because only the cascaded channel, i.e., the BS-RIS-
UE equivalent channel, is available at the receiver side. However, it has been shown in
[4961] that the optimal phase-shift configuration for the RIS elements is determined
by the angles of the combined channel between the RIS and the BS and the RIS and
the user without the phase shift of the RIS, so it is not necessary to separate them.
Nonetheless, to enhance the channel estimation for RIS-aided communication systems
a few of the RIS elements are mounted with dedicated RF chains. This setup is known
as the semi-passive RIS and it is shown in Fig. [2.2] These active elements are used for
processing the received pilot signals. As a result, the semi-passive RIS operates in two
different modes namely channel sensing mode and reflection mode [39,/62H67]. In the
channel sensing mode, the active elements are activated to receive the pilot signals from
the BS to estimate the BS-RIS and the RIS-UE channels at the RIS while the other
reflecting elements are turned OFF'. In the reflecting mode, the sensors are deactivated,
and the RIS reflector elements are activated to reflect the data signals from the BS to

enhance communication.
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Fig. 2.3: An RIS-aided SISO communication system
2.3 Optimization of RIS Reflection

Next, this section discusses the optimization of passive reflection for RIS-aided wire-
less communication systems, and review the state-of-the-art solutions. For brevity,
we consider a narrow-band system for a single-user single-input single-output (SISO),
multiple-input single-output (MISO), and MIMO communication system with flat-
fading channels in Sections [2.3.1}[2.3.2] and [2.3.3], respectively.

2.3.1 RIS-aided SISO System

Let us consider an RIS-aided SISO communication system as shown in Fig. [2.3] where
the BS and the UE are each equipped with a single antenna. The RIS is equipped with
Mg passive reflecting elements. The baseband equivalent channels for the BS-RIS link,
RIS-UE link, and the BS-UE are given as hgr € CMs*1 hpy e CMs*1 and gq € C
respectively. Using the RIS reflection model given in the received signal at the
UE is given as

y = (hjy®hpr + 9a)v/ Pz + 2, (2:2)
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where © = diag(0) is the RIS reflection diagonal matrix and 6 is the reflection vector
of the RIS given in (2.1I). Furthermore, z is the information signal modeled by an
independent and identically distributed (i.i.d..) random variable with zero mean and
unit variance, P is the transmit power at the BS, and z denotes additive white Gaussian
noise (AWGN) at the user receiver modeled as a circularly symmetric complex Gaussian
(CSCG) random variable with zero mean and variance o2. Therefore, the received SNR
at the UE is written as

. Py|hH;©hpg + g4/

5 (2.3a)

o
2

Mg ‘
P 21 hp(m) BmelPmhpg (m) + gq
m=

- , (2.3b)

o2

where hry(m) and hgr(m) denote the m-th element of the hry and hggr vectors,
respectively. For the RIS-aided SISO communication system, the objective is to max-

imize the achievable data rate given as
SE = logy(1 + ), (2.4)

or equivalently the SNR, by optimizing the passive reflection coefficients of the RIS.

The resulting optimization problem can be written as [33]

2

Mg
max Z hEU(m)ﬁmemthR(m) + 94 (2.5a)
03 m=1
st.0< oy <2mr,m=1,---, Mg (2.5Db)
0<Bn<1l,m=1,--- Mg, (2.5¢)
where we define 8 = [B1, -, By ]T € CM5* and @ = [¢1, -+, dpge]T € CMs*L Tt

is evident from ({2.5)) that the amplitude coefficient that will result in the maximization
of the SNR is given as 5, = 1, Vm € Mg.

The maximum SNR is achieved when the RIS-assisted channels have the same phase
as the direct channel [68]. Therefore, the solution for the optimal phase-shift is given
as [33]

P — mod 1) — (@i + &m)] (2.6)

where ¢, §m, and ¢ are the phases of hy;(m), hgr(m), and gq, respectively. Then,

the maximum received signal at the receiver obtained after back substitution is given
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in ([2.7)

Mg
y= D Ihgu(m)||hpg (m)]ed mTomTV=(emtem)) 4 |g41edV ) \/Pex + 2,
m=1

Mg
= Y Ihru(m)llhgr(m)le’’ + |gale’” | v/ Pz + 2
m=1

Mg
= Y [hru(m)llhgr(m)| + lgal | €/ P+ 2 (2.7)

m=1

Then, the maximum SNR is given as

Py (M3Greq + 94)*

Mg
where gro = MLS Zl |hru(m)||hgr(m)|. Assuming that the direct BS-UE link is
oy

unavailable and consi?iering only the RIS-assisted channels for i.i.d. Rayleigh fading,

then as Mg — oo the asymptotic receiver power according to is approximately

given as [48}69,70]

PtW2Q%LBRQ%RU
16 ’

where P denotes the receive power and Q}QLBR, and Q%RU represent the average power

Py~ M3 (2.9)

for each entry of hlf'{U and hpg respectively.

Proof. Using the solution for the optimal phase shift for the RIS given in (2.6)), then

we could write the RIS-assisted channel as

Mg
R ©hpr| = > hry(m)|lhgr(m)| = Msgre, (2.10)

m=1
and as a result, the received power P; at the receiver is given as

2
Mg
P =P | Y |hru(m)l|hpr(m)|| = PMZgky. (2.11)
m=1

Since hgy(m) ~ CN(0, Q%RU>, the real and imaginary parts are real independent iden-
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tically distributed (i.i.d.) Gaussian random variables, i.e.,

Re{hru(m)} ~ CN (0,05 /2) . (2.12)
fm{hgy(m)} ~ CN (0,07 /2) - (2.13)

As a result, |hgy(m)| is a Rayleigh fading channel with the following mean ﬁ%hRU.

Similarly, |hgr(m)| is a Rayleigh fading channel with the following mean %.

Therefore, we have

TOhpy Oh
E{|hry(m)|lhpr(m)[} = ——%. (2.14)
Mg
Since MLS Zl |hru(m)[|hBR(M)| = ToRg,OhgR /4: and from the Law of Large num-
m=

bers, as Mg — oo, then it follows that (2.11) can be written as

2.2 2 2
P Mg %hpr Chry '

P —
: 16

(2.15)
0

This shows that with a sufficiently large number of reflecting elements Mg, the UE
receive power increases quadratically with Mg, i.e., on the order of O (MS2) [33,/48].

Furthermore, it is important to note that from the optimization problem given
in (2.5), the design of the optimal RIS reflection coefficients does not depend on the
individual RIS-assisted channels, i.e., hgr and hgry. Rather, this depends on the
combined channel via the RIS which is given as (diag (hER) hgry). This observation
is generally true for RIS-assisted communication systems and thus can be exploited
to further simplify the channel estimation problem for RIS-assisted communication

systems.

2.3.2 RIS-aided MISO System

In this section, we consider a single-user RIS-aided MISO system as shown in Fig. [2.4]
where the BS has Mt antennas and a single antenna at the UE. Therefore, the BS-RIS
channel matrix is written as Hpr € CMs*Mrt " and the BS-UE channel is written as
a4 € CMr>1 I a similar manner, the SNR maximization problem can be formulated

as

o | (R ©Hgg +gf) £ (2.16a)

)
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Fig. 2.4: An RIS-aided MISO communication system

st ||fI1? < P, (2.16b)
0 < 0 < 2w, Vm € Mg, (2.16¢)

where f € CMr>1 denotes the transmit beamforming vector at the BS and © =
diag(@) is the RIS reflection matrix. When the BS-UE direct link is much stronger
than the RIS-assisted channels, it is intuitive for the BS to form a beam towards
the UE directly. However, in situations where the direct link is severely obstructed
then it is preferable for the BS to exploit the reconfigurable potential of the RIS to
serve the UE by steering the beam toward the RIS. The optimization problem given in
(2.16) is regrettably non-convex due to the non-concave nature of the objective function
with respect to the optimization variables 8 and f. Due to this coupling between the
variables, an alternating optimization (AQO) approach is proposed in , to solve the
problem given in sub-optimally. Particularly, the main idea of the AO approach
is to fix the transmit beamforming vector f, and the phase shifts are obtained by
solving the resulting problem. Then, with a fixed 8, the transmit beamforming solution
is obtained. The above procedure is repeated until the solution has converged which
indicates that at least a locally optimal solution to problem is attained. We

note that the same formulation and solution is applicable in the uplink communication
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between the UE and the BS with multiple antennas. Such a system is known as a

single-input multiple-output (SIMO) system.

Several works in the literature proposed different approaches for the joint transmit
and passive beamforming design for RIS-aided single-user MISO/SIMO systems. The
authors in [72] propose a deep learning-based scheme for optimizing the RIS phase
shift matrix (considering maximum reflection, i.e., 5, = 1, m = 1,---, Mg) for a
single-user MISO system. In the work, a customized deep neural network (NN) is
trained offline by adopting the unsupervised learning approach, which can make real-
time predictions when deployed online. From the numerical results, it is observed
that there is slight performance degradation when compared with the semi-definite
relaxation (SDR) approach proposed in [71]. In |73|, similarly, a deep learning-based
approach is proposed that tunes the RIS phase shift matrix in real-time for an RIS-
aided MISO system with the availability of the line of sight (LOS) link g4 € CcMr
between the BS and the UE. The simulation results show that the proposed approach
has a comparable performance to the conventional approaches and also has a reduced

computation complexity.

2.3.3 RIS-aided MIMO System

Next, we consider an RIS-aided MIMO system in this section with multiple antennas at
both the BS and UE (see Fig. [2.5). Unlike the SISO/MISO/SIMO systems considered
above, the optimization of the passive RIS phase shift in the MIMO case is, however,
more challenging. This is due to the fact that the optimization process needs to take
into account the multi-antenna channels and/or multi-path channels. As a result,
the RIS reflection needs to be jointly optimized alongside the transmit covariance
matrix at the BS in order to achieve the capacity of such a system [74]. Particularly
in this case, the BS-RIS, RIS-UE, and BS-UE channels are respectively denoted as
Hpp € CMs*Mr | Frpy e CMRXMs  and Gy € CMRXM1 | wwhere My is the number
of antennas at the UE. Similarly, considering maximum reflection at all the reflecting
elements of the RIS (i.e., By, = 1, m = 1,--- , Mg) and continuous phase shift, the

optimization problem for the capacity can be written as

rél?g logodet (INt + #) (2.17a)
st. 0< 6y <21, Vm e M, (2.17b)
m =1, Vm € Mg, (2.17¢)

Tr(X) < P, S > 0, (2.17d)
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Fig. 2.5: An RIS-aided MIMO communication system

where H = (HRy® Hpr+G) is the overall effective channel and the positive semidef-
inite matrix & € CMT*MT Jenotes the transmit covariance matrix at the BS. Due to
the non-concavity of the MIMO channel capacity with respect to 3 and ©, the opti-
mization problem in is non-convex.

In the literature, different strategies have been proposed by different authors for
optimizing the RIS phase shift matrix in RIS-aided MIMO systems. For example, in
, a low-complexity framework is proposed for the design of the RIS phase shift based
on the maximization of the average received SNR. In , the authors adopted an RIS
phase shift selection algorithm to optimize the RIS phase-shifts for multi-user MISO
systems (virtually MIMO). A different scheme to enhance the overall channel power of
a single-user MIMO system is proposed in . The numerical results show that the
rank of the channel matrix in LOS environments is increased by the incorporation of
the RIS and the achievable rate is improved by supporting spatial multiplexing. The
work in focuses on optimizing the RIS phase shift matrix to improve the rank
of the channel and improve the spectral efficiency of a point-to-point MIMO system
with LOS. The authors in [74] proposed an efficient AO-based algorithm to iteratively
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solve the problem given in (2.17)), by fixing other variables and optimizing the transmit
covariance matrix or one RIS element’s phase shift at each time. The simulation results
show that the proposed algorithms achieve superior rate performance over various

benchmark schemes with or without RIS. The computational complexity is polynomial
in terms of Mg, My, and Mg [74].

2.4 Benefits of RIS-aided Wireless Communications

The integration of RISs in wireless communication systems offers the following appeal-
ing advantages. RISs can enhance the spectral efficiency of the wireless network by
creating a virtual LOS link between the BS and the UEs to smartly and passively
reflect the impinging waveform to bypass obstacles [33,/79]. The spectral efficiency
enhancement becomes significant when obstacles, such as high-rise buildings block the
LOS link between the BS and the UE as shown in Fig. 2.6

As shown in Fig. 2.7, RISs can enhance the communication secrecy by dynamically
tuning the wireless system in such a way as to eliminate the received signal at the
unauthorized user (Eve) and enhance the received SNR at the authorized UE [80-82].
In Fig. 2.8 RISs are used to increase the channel rank at the desired UE by adding
extra signal paths toward the desired direction in order to improve the channel rank
condition [78§].

Equally, RISs can refine the channel statistics and/or distribution, for instance,
they can transform a Rayleigh fading channel to a Rician fading channel for ultra-
high reliability [83]. In wireless communication networks, RISs can enhance the re-
ceived SNR at the desired UE by performing constructive and destructive interference
nulling/cancellation as shown in Fig. . This is achieved by properly designing the re-
flection coefficients of the RIS to create a ” signal hotspot” and ”interference-free zone”
around a cell-edge user. Without the RIS the cell-edge user experiences high signal
attenuation as a result of the co-channel interference it suffers from its neighboring cell
as well as its serving BS. Furthermore, RISs operate in full-duplex (FD) and support
full-band transmission as they only reflect electromagnetic waves. Therefore, RISs can
be integrated transparently into wireless networks, providing great flexibility and com-
patibility with existing wireless systems as an auxiliary device [33,84]. In summary,
the efficient integration of RISs into wireless communication systems offers both new

possibilities as well as challenges, which deserve new and further research.
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Fig. 2.6: RIS for coverage extension

Fig. 2.7: RIS-assisted physical layer security
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Fig. 2.8: RIS for improving channel rank Fig. 2.9: RIS for interference suppression
2.5 Applications of RIS in Wireless Communications

Considering the enormous benefits offered by the RISs, numerous studies are being con-
ducted in several application scenarios on the potential enhancement of RIS-assisted
wireless communication systems. In the literature, the most frequently considered im-
provement metrics are maximizing the SNR and the overall energy/spectral efficiency,
interference suppression, minimizing the transmit power, and improving the physical

layer security.

The authors in consider a multi-user SISO RIS-assisted system with a LOS
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link. The work adopted the received SINR as the metric that is optimized at the
receiver in the presence of interfering signals. To address the issue, the authors intro-
duced intelligent spectrum learning, which uses an offline-trained convolutional neural
network (CNN) at the RIS controller to extract the interfering signals directly from
the user’s signals. Hence, by configuring an active/inactive binary status of the RIS
elements, a distributed control algorithm is proposed to maximize the received SINR.
Here, each RIS element can have two possible states: ON and OFF. The ON status
indicates that the RIS element is ON, which implies that it reflects the incident signals
with continuous phase shifts, while the OFF indicates that the RIS element is OFF,
which means that it does not reflect any signals. Simulation results demonstrate an

improvement in performance using this deep-learning approach.

To enhance the received signal power at the UE, the work in [71] employs a single
RIS with Mg passive elements to aid downlink communication in a MISO system. The
aim is to maximize the SNR by optimizing the BS’s transmit beamforming and the
RIS’s reflection coefficients. The authors adopted the AO approach to iteratively adjust
the transmit and passive beamforming strategies. To obtain the BS’s beamforming
vector, the maximum-ratio transmission strategy is proposed based on the RIS’s passive
beamforming. The RIS’s passive beamforming is coordinated with the direct channel
to boost the received signal power. Numerical results show that compared to non-
RIS-assisted MISO systems, the SNR at the receiver increases on the order of M82
when Mg reflecting elements are used in the RIS. In [86], the application of multiple
RISs to assist MISO mmWave wireless communications is studied. By utilizing the
joint optimization of transmit and passive beamforming, the work demonstrated that
the RIS can increase the received signal power and extend the network coverage by

providing alternative signal paths.

A multi-user MISO system with an RIS-assisted LOS between a common access
point (AP) and the users is considered in [58]. In particular, a practical phase shift
model that captures the phase-dependent amplitude variation in the element-wise re-
flection design at the RIS is proposed. This is different from the ideal phase shift model
for the RIS, which assumes that regardless of the phase shifts of the RIS elements they
achieve full signal reflection. An AO algorithm is proposed to find sub-optimal solu-
tions to the optimization problem of minimizing the total transmit power at the AP.
This is achieved by jointly designing the AP transmit precoder and the RIS phase-
shift matrix, subject to the users’ individual SINR constraints. The simulation results
demonstrate the asymptotic performance loss of the optimized RIS-assisted system
when implemented with an ideal phase shift model, and the gains that can be achieved

by optimizing using the practical phase shift model under consideration. In [87], the
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authors examined the asymptotic achievable rate in an RIS-aided downlink MISO sys-
tem. The system model focuses on a common BS that is transmitting to K users
using time-division multiple access (TDMA) to serve one user in each time slot. The
optimality of the asymptotic performance was analyzed by considering the practical
limitations of RISs, such as practical reflection coefficients (i.e., when the practical
phase shift model is considered for the RIS), when multiple RISs are deployed in a
scheme where some users are RIS-aided and others are not. The results are analyzed
using the symbol-error rate (SER) and the ergodic capacity, and compared to a base-
line strategy without RIS and the AO algorithm proposed in [58]. The ergodic capacity
is the maximum mutual information averaged over all channel states. It implies that

the ergodic capacity is the result of infinitely long realizations of the channels [16].

The application of the RIS for suppressing inter-cell interference and improving the
communication performance of cell-edge users has been examined in several studies.
For example, the work in [88] proposed a resource allocation framework to enhance the
SE for a multi-cell non-orthogonal multiple access (NOMA) network with a single RIS.
The RIS is configured to suppress the inter-cell interference, by properly adjusting its
phase shifts. Furthermore, [89] investigates the phase-shift response to the incident
signals at different frequencies. The authors studied an RIS-assisted communication
where different BSs operating at different operated by the same provider, concurrently
serve the UEs in their cells. The authors provide a practical frequency-dependent RIS
reflection model. Subsequently, the maximization of the sum rate by minimizing the
transmit power is investigated. Extensive numerical results demonstrate the significant
performance improvement of the proposed scheme in terms of power saving and rate
enhancement. The work in [90] shows that in an RIS-aided multi-cell MISO system, the
minimum SINR can be maximized by using SOCP and SDR techniques to optimize
the transmit and passive beamforming vectors. For the max-min fairness problem
considered, a weighting factor a; > 0,7 =1,--- , K is adopted, where K is the number
of users. This weight parameter characterizes the fairness among the users, with a
larger value of «; indicating that the ¢ user has a higher priority in transmission. The
authors propose an algorithm that utilizes successive convex approximation (SCA)
to tackle the beamforming optimization problem, which requires less computational
complexity than the SDR-based scheme. Compared to conventional cases without the
RIS, the proposed algorithm can significantly increase the minimum-weighted-SINR in

the RIS-aided communication system, as shown by the numerical results.

The authors in [91] investigate the tradeoff between energy efficiency (EE) and SE
on the uplink of an RIS-aided MU-MIMO system that is equipped with discrete phase

shifters. The EE is defined as the number of bits that can be sent over a unit of power
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consumption, i.e., EE = W%[bits/ joules], where W is the transmission bandwidth
and SE is the spectral efficiency as defined in ([2.4). Moreover, Py, is the sum of the
power consumed in sending the bits. This includes, the static circuit power dissipated
at UE, RIS energy consumption which is directly proportional to the number of RIS
elements, per-unit hardware-dissipated power at the RIS, and the transmit power am-
plifier adopted at UE. The transmission strategy design takes into account the partial
CSI of the cascaded channels and assumes a non-line-of-sight (NLOS) model between
both ends. The partial CSI implies that the instantaneous CSI of the slow varying
BS-RIS channel is perfectly known, whereas for the fast varying RIS-UE channel the
statistical CSI is available. The RIS reflection coefficients design and the precoding
design for users are implemented to maximize resource efficiency (RE). The RE is a
performance metric given in [92] that is flexible enough to balance the EE and SE for
both continuous and discrete-phase shifts at the RIS. An optimization framework that
utilizes the AO approach is proposed to tackle the optimization problem by creating
an iterative MMSE method that is combined with a projected gradient (PG). The
efficiency of the optimized framework for RE maximization is demonstrated by the

simulation results.

In [93], the use of RISs to improve anti-jamming communication performance to
reduce jamming interference is investigated by properly adjusting the RIS elements
in a multi-user MISO system under NLOS conditions between the users and the BS.
The problem is formulated as a joint optimization of power allocation at the BS and
the RIS phase-shift matrix, taking into account the requirements for QoS for legiti-
mate users. The work mainly focused on the joint optimization of the power allocation
and the passive beamforming of the RIS, so the transmit beamforming vector is set
by maximizing output SINR. The authors proposed a fuzzy win or learn fast-policy
hill-climbing (FWoL-FPHC) algorithm to jointly optimize the anti-jamming power al-
location and the RIS phase-shift matrix. From the numerical results it is shown that
the proposed anti-jamming learning-based approach can efficiently improve the RIS-
assisted system performance as well as the transmission protection level and have a
better performance when compared with the mmWave massive MIMO approach given
in [94].

The authors in [95] show that by adapting the RIS’s reflection coefficients, the
physical layer communications can be secured from the attacks from eavesdroppers.
This is achieved by simultaneously creating directive beams to enhance the performance
at the intended user and steering nulls towards the eavesdropper. The RIS is placed
next to a legitimate receiver and via the joint optimization of the RIS phase shift

matrix and the transmit beamformer of the legitimate transmitter, the secrecy rate
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at the legitimate receiver is enhanced. The secrecy rate is defined as the amount of
information securely sent over a wireless communication channel per time unit [96].
Similar work in |97 investigates the security gain at malicious terminals in MIMO
systems, where information leakage can be suppressed through the transmit and passive
beamforming design of the RIS. In [98], the system secrecy rate is maximized subject
to the unit modulus constraints of the RIS and power constraint at the source. The
authors develop an efficient AO-based algorithm, where the solutions to the transmit
covariance of the source and the passive beamforming of the RIS are achieved in closed
form and semi-closed form, respectively. Theoretically, the authors demonstrated that

the convergence of the proposed algorithm is guaranteed.

Generally, it has been shown that RISs have the potential to become an effective
tool for improving future wireless communications by intelligently reconfiguring the
signal reflections in an uncontrollable wireless channel in favour of network performance
[32,71]. This can potentially benefit a wide range of vertical industries in 5G/6G such
as transportation, manufacturing, smart city, etc., [33,135]. It is important to point
out that despite the fact that the above-mentioned scenarios are under discussion, it
may take some time to complete the standardization process of RISs for B5G and
6G networks. In the meantime, there are several ongoing pilot projects launched to

advance research in this new field [99].

2.6 Practical Challenges

Notwithstanding all the benefits derivable in RIS-aided wireless communication systems
by the joint optimization of the transmit beamforming of the BS and the passive
beamforming of the RIS, there are still some challenges to the practical implementation
of RIS-aided wireless communication systems which also require attention. In the
following, we present some of the challenges as well as some of the possible solutions

to mitigate these challenges.

2.6.1 RIS Channel Acquisition

A major challenge in RIS-assisted communications is the acquisition of CSI. Generally,
in an RIS-aided communication system, the effective optimization of the RIS phase shift
matrix relies on the available CSI of all the channels considered. In such a system,
three channels must be estimated: the BS-UE, BS-RIS, and RIS-UE channel [100].
The BS-UE channel can easily be estimated using any conventional channel estimation

scheme. However, due to the passive nature of the RIS, the estimation of the BS-RIS
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and RIS-UE channels creates a huge bottleneck for the system. Therefore, for such a
system the acquisition of the CSI is typically carried out at the communication ends,
i.e., at the transmitter or at the receiver. As a result of this, there is a degradation in
the accuracy of channel estimation. Also, such an approach has a high computational
complexity and high power requirements when considering large RISs. Furthermore,
there is a large overhead for CSI acquisition due to the fact that the large number of
scattering elements it comprises leads to a proportional amount of channel parameters
to be estimated. Therefore, efficient channel estimation schemes are still open issues
that need to be addressed for RIS-assisted communication systems as conventional
methods are not feasible. One of the possible solutions, however, may be the use

of low-power sensors that can be powered by energy-harvested modules—embedded
through the RIS.

Currently, there are two main configurations for channel estimation in the available
literature for RIS-assisted systems. They are the semi-passive and fully passive archi-
tectures as discussed in Section [2.2 In the semi-passive configuration, a few active
elements can estimate only the DL or UL CSI of the BS-RIS or the UE-RIS links; and
channel reciprocity can be leveraged to obtain the reverse links only in TDD systems
[39,66]. However, in an FDD system such CSI is not available, thereby making channel

estimation in FDD systems infeasible for a semi-passive configuration.

In a fully passive RIS-aided communication system, where the RIS has no radio-
frequency chains, channel estimation is a challenging task since it involves the estima-
tion of multiple channels simultaneously. Due to its passive nature, an RIS cannot send
and receive pilot symbols and has no signal processing capability to estimate the chan-
nels. One practical approach considered in the literature is to estimate the cascaded
BS-RIS-UE channel at the UE on the DL, and the cascaded UE-RIS-BS channel at
the BS on the UL, respectively. With regards to the joint optimization of the passive
and transmit beamforming for RIS-aided networks, when compared to that on their
corresponding links the CSI on the cascaded links is generally sufficient and without
loss of optimality [49,/61]. It is important to mention that this approach, is applicable
to both TDD and FDD systems, unlike the case of a semi-passive configuration. Even
though, due to channel reciprocity only the uplink or downlink cascaded channels need
to be estimated in the TDD case [33,[35]. In some of the existing literature on channel
estimation for the fully passive configuration for RIS-aided communication systems, the
ON/OFF channel estimation protocol see [101},/102], or some variants of the ON/OFF
channel estimation protocol [103}/104] is used. The ON/OFF protocol involves turning
OFF (no reflection) the RIS reflecting elements to estimate the direct wireless channel

and turning it ON (full reflection) to estimate the RIS-assisted channels by canceling
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the interference from the direct channel since it is known from the previous step. The
channel estimation scheme in these works has a high training overhead and a high com-
putational complexity since the schemes require that the number of pilots is at least
equal to the number of RIS elements [100,|101}|105]. Several approaches have been
examined to solve these problems, including using the low-rank nature of mmWave
channels and exploiting the multidimensional (i.e., tensor) structure of the received

signals.

In [37,/103,106,/107], the low-rank nature of the mmWave channels is exploited where
the CSI acquisition is formulated as a sparse-recovery problem and compressed sensing
tools are adopted. These are known to require a few measurements to have an accurate
estimate to solve the problem. The authors in [108] express the received signal in an
RIS-aided MIMO communication system as a 3-way tensor. This 3-way tensor accepts
a canonical polyadic (CP) decomposition. The CP decomposition, equally referred to
as CANDECOMP (canonical decomposition) and PARAFAC (parallel factors), is a
tensor decomposition technique that expresses a multi-dimensional tensor as the sum
of the minimum number of rank-one tensors [108-110]. Therefore, the authors adopted
tensor-based signal processing tools to implement efficient channel estimation schemes
[108]. In comparison with matrix-based methods, tensor-based signal processing meth-
ods have fundamental advantages over their bilinear (matrix) counterparts, as they can
improve the identifiability of the parameters due to the powerful uniqueness properties

of tensor decompositions [109-112].

The work in |113] shows that the low-rank nature of mmWave MIMO channels
enables the received training signals to be written as a low-rank multiway tensor that
admits a CP or a PARAFAC decomposition. Utilizing such a structure, the authors
proposed a tensor-based RIS channel estimation method. The authors used the al-
ternating least squares (ALS) method to estimate the factor matrices of the resulting
tensor. In |114], a PARAFAC-based channel estimation framework for RIS-empowered
communications was proposed. Leveraging the tensor structure of the unknown chan-
nels, the authors adopted ALS and the vector approximate message passing algorithms
to estimate the unknown channel matrices. Despite the availability of a variety of
research papers in the existing literature devoted to the issue of CSI acquisition in
RIS-aided communication systems, however, an efficient channel estimation method
that would achieve high estimation accuracy with low training overhead remains an

open and important issue with regards to RIS-aided communication systems.
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2.6.2 Practical RIS Deployment

The deployment strategy adopted for any RIS-assisted communication system is an
important factor that needs to be considered. Since the deployment strategy adopted
has a significant impact on the realizations/distributions of all RIS-reflected channels it
also affects its fundamental performance limit. Similarly, from the implementation per-
spective, the deployment of the RIS should also take into account the various practical
factors such as the QoS demand of the UEs (see Section 1.1), the spatial distribution
of the UEs, the deployment cost of the RIS, the operational cost, the propagation envi-
ronment, and the space constraints [33,35]. Equally, the deployment of the RIS should
also consider the location availability, the inter-cell interference in cellular networks,
etc. Hence, autonomous deployments for RIS-assisted systems are still an open chal-
lenge. Autonomous deployment denotes a scenario where the RISs are self-configuring
and energy self-sufficient. This implies that they are equipped with built-in sensing
(RF power detector) and energy-harvesting capabilities. As a result, they can sense
and decode the RF signals and make local decisions. Therefore, this eliminates the

need for the control channel and operator management [115]/116].

Additionally, the issue of path loss is another challenge in RIS-aided communication
systems. Typically, in such a system, transmitted signals will experience larger path
loss and due to the passive nature of the RIS (without RF chains), it cannot add any
power gain to the overall signal strength to compensate for the power loss. However,
the above issues are minimal in a semi-passive RIS configuration when compared with
a fully passive one. Therefore, with regards to the implementation strategy the fully
passive RIS configuration is preferred for system applications where power efficiency
is the main consideration, whereas the semi-passive configuration is used for system
applications that require additional power gain. For RIS-assisted systems to fully reap
the benefits of the RIS, additional research is required to deal with the issue of energy

efficiency, resource allocation, and secure transmission.

2.7 RIS versus Relay

RISs have the potential of dynamically tuning the highly probabilistic wireless envi-
ronment into a partially deterministic one [32,35,/71]. Another possible method used
in the literature to avoid the unreliability of high-frequency channels is the deploy-
ment of relays. With the use of relays, a single NLOS link can effectively be turned
into multiple LOS links [117]. Relays are active devices that are equipped with ac-

tive electronic components such as power amplifiers for signal transmission, low-noise
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amplifiers, digital-to-analog converters, and analog-to-digital converters. Equally, the
relay requires a dedicated source of power for its operation, the relays can operate
in HD as well as in FD modes. In the following, the key similarities and differences
between RISs and relays in terms of hardware complexity, achievable rate, noise, and

power budget are discussed.

Due to the fact that the relays require several electronic components and a dedi-
cated power source for operation, the deployment of relays in wireless networks may
result in higher capital expenditure and an increase in power consumption in the net-
work. These are further increased when relays are used to realize multi-antenna designs
at sub-millimeter and millimeter wave frequency bands |118]. The system hardware
complexity is even higher when the relays are operated in the FD mode because of the
requirement to eliminate the loop-back self-interference in the system. This is accom-
plished via the use of specifically designed antennas and sophisticated analog/digital
signal processing methods. However, RISs can be deployed with much lower energy
and hardware cost because an RIS is a planar surface that is comprised of a large
number of passive reflecting elements without requiring any transmit RF chain. Fur-
thermore, RISs operate in FD mode, support full-band transmission, and are free from
self-interference. Therefore, they do not require any sophisticated techniques for self-

interference cancellation [33}35].

In terms of achievable rate, the duplexing protocol adopted for the relay-aided
systems determines the achievable rate. HD-based relay-aided systems suffer from a
low spectral efficiency since the spectral efficiency is usually scaled down by a factor of
two because different physical resources are used for the data transmitted by the relay
and the transmitter. In FD mode the spectral efficiency is not scaled down by a factor
of two, however as discussed above, a FD-based relay-aided system is affected by the
residual loop-back self-interference which impairs the receiver. On the contrary, RISs
are configured to operate with peculiar reflections and it is not affected by the HD
constraint and the loop-back self-interference. Therefore, they have the potential to
provide a better achievable rate than relays. Moreover, the RIS reflection coefficients
can be designed in such a way that they optimally combine the received signals from

the RIS and the transmitter thus resulting in an improved spectral efficiency.

Furthermore, due to the fact that several electronic components are used in the
relays, there is an unavoidable presence of additive noise that affects the performance
of the relay negatively. Relay-aided systems suffer from antenna noise amplification.
The impact of the residual loop-back self-interference in FD-based relay systems causes
additional degradation in the system performance. In comparison, since the RISs

passively reflect impinging waveforms they cannot regenerate or amplify the signals.
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Therefore, RISs are not affected by additive noise. However, the performance of the
RIS may be impaired by phase noise [33,149]. Moreover, in relay-aided systems an
independent source of power is required to power the electronic components and to
transmit signals. However, RISs can be implemented with fully passive components
while only using low-power active components such as switches or varactors to ensure
their reconfigurability [51]. Due to the above encouraging advantages of RISs over
relays, it is justified to say that RIS-assisted transmission may outperform relay-assisted
transmission for a sufficiently large RIS [33,/51]. Therefore, RISs are envisaged to be
suitably deployed massively in wireless networks to significantly improve their energy

and spectral efficiency cost-effectively.

In this chapter, we have given a detailed overview of RISs, their hardware implemen-
tation, benefits, various use cases in wireless communications, and their implementation
challenges. In the succeeding chapters, we adopt a fully passive RIS architecture and
their inherent benefits. This will be used for further interference mitigation and im-
provement of the system-wide spectral efficiency of a narrow-band, flat-fading DTDD

wireless communication system.
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3. REFLECTION DESIGN METHODS FOR
RIS-AIDED DYNAMIC TDD SYSTEMS

Motivated by the fact that the RIS is capable of turning the dynamic wireless envi-
ronment into a partially deterministic space by adaptively altering the propagation
of the reflected signal, this chapter considers the joint optimization of the transmit
and passive beamforming for an RIS-aided DTDD wireless system. The goal is to
minimize the cross-link interference and maximize the system-wide spectral efficiency.
The problem is non-convex as a result of the coupling between the optimization vari-
ables and the constant modulus constraints of the RIS. Therefore, to obtain a solution
we propose two different novel non-iterative algorithms for solving the problem. Our
simulation results show that the proposed algorithms have a better sum rate perfor-
mance as compared to a DTDD system without RIS. This shows that the integration
of the RIS in a DTDD system has the potential to mitigate cross-link interference

which is one of the major bottlenecks in a DTDD system.

3.1 Introduction

Ultra-dense small cell network deployment is one of the key techniques to meet the
exponential growth of traffic demands for B5G and future wireless networks. Small
cells using low-power nodes are meant to be deployed in hot spots, where the number of
users varies strongly with time and between adjacent cells [119]. As a result, small cells
are expected to have burst-like traffic, which makes the static TDD frame configuration
strategy, where a common TDD pattern is selected for the whole network, unable to
meet the users’ requirements and the traffic fluctuations. This inadvertently leads to
a high drop rate for the small cells. Dynamic TDD has been proposed as a solution to
satisfy the asymmetric and dynamic traffic demand of small cells [25]. In DTDD, each
cell is allowed to dynamically reconfigure its TDD pattern based on its instantaneous
traffic demand and/or interference status. In [120], the DTDD system performance
was evaluated with different performance metrics, and it was found that the DTDD

system provides a significant improvement in throughput as compared to the static
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TDD.

The main challenge brought by DTDD is the cross-link interference issue, because
adjacent cells may use at a given time different TDD frame configurations according
to traffic needs, thereby giving rise to opposite transmission directions among neigh-
boring cells. There are two kinds of cross-link interference: BS-to-BS and UE-to-UE
interference, which may degrade the system performance significantly. Among the two,
the BS-to-BS interference is extremely detrimental due to the large transmit power at
the BS and LOS propagation characteristics. Therefore, there is a need to develop an

efficient cross-link interference management scheme.

RISs have gained significant attention as a cost-effective solution to improve the
current and future wireless networks [32,/33}35,113,[121]. In a passive RIS-aided com-
munication system, where the RIS has no radio-frequency chains, the phase shifts of the
RIS elements can be adjusted to meet a certain cost function, e.g., the reflected signals
add constructively at the intended users and/or destructively at the unintended users
[33]. Due to these potentials, there has been increased research interest in RIS-aided
communication systems in the last few years, where various RIS-aided communication
systems have been studied, such as mmWave communications, cognitive radio, and
UAV communications [36-40].

In this chapter, we consider an RIS-aided DTDD system controlled by a central
processing unit (CPU) to investigate the potential benefits of employing the RIS to
improve communication efficiency while reducing the impact of cross-link BS-to-BS
interference. We propose two different novel non-iterative algorithms for solving the
resulting problem. Moreover, we assume that the small cells directions are optimized
a priori, e.g., using the proposed cell reconfiguration method in [122], and are known
at the CPU.

3.2 Chapter Contributions and Organization

Our main contribution in this chapter is in the design of the passive RIS reflection
coefficient vector, where two low-complexity and non-iterative methods are proposed
to design the RIS reflection coefficient vector with the objective of maximizing the

system SE, while effectively eliminating the cross-link BS-to-BS interference.

e The first algorithm designs a single RIS passive reflection vector for the cells in
the considered DTDD system by maximizing the power of the desired users and

ensuring reduced multi-user interference.
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e The second algorithm designs the RIS passive reflection vector to maximize each
cell’s desired user signal power independently and ensure zero multi-user interfer-
ence towards the other cells in the DTDD system. This is achieved by designing
the RIS reflection coefficient vector to maximize only the desired signal power in
each cell at a time. While other users’ channels in the DTDD system relative
to the given cell are projected to the null space of the desired user. As a result,
the cross-link and intercell interference are eliminated and the system-wide SE is
maximized. Results from our numerical analysis show that the algorithm based

on the second approach outperforms that of the first algorithm.

e On the other hand, we adopt the classical ZF and MMSE schemes for the de-
sign of active transmit and receive beamforming vectors at the BSs, respectively.
Equally, we analyze the computational complexity of the proposed solutions. De-
tailed simulation results are provided showing the efficiency of the proposed RIS
reflection design methods as compared to some baseline methods. Specifically,
it is shown that the integration of RISs in DTDD systems has a great poten-
tial in improving communication spectral efficiency by providing alternative and
extra communication links, while at the same time reducing the impact of the
cross-link BS-to-BS interference. The concept of reflection design methods for
RIS-aide DTDD systems presented in this chapter has been published in [41].

The rest of the chapter is organized as follows, the system model is presented in Sec-
tion [3.3] while the SE maximization problem is formulated in Section[3.4} In Section[3.5
the proposed RIS reflection design methods are presented, and the design of the trans-
mit and receive beamforming vectors are considered in Section[3.6] Complexity analysis
is considered in Section [3.7] while our numerical results and chapter conclusions are
presented in Sections and [3.9] respectively.

3.3 System Model

In this chapter, we consider an RIS-aided mmWave DTDD system consisting of @
small cells, where each cell has a BS with a uniform linear array (ULA) of My antennas
serving a single UEE| that is equipped with a single-antenna. As shown in Fig. , we
assume that the communication is aided by an RIS with Mg passive reflecting elements
uniformly arranged on a rectangular surface. The RIS has M b and MV elements in
the horizontal and vertical directions, respectively, as shown in Fig. 3.3 Therefore,
Mg = M". MV. A CPU controls the BSs and the RIS via backhaul connections.

I The extension of our proposed solution to multi-user scenarios is straightforward.
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Fig. 3.1: An RIS-aided DTDD system comprising () = 4 cells.

Cell 4

Similar to [33], we note that the negligible strength of the signals reflected two or more

times by the RIS is ignored due to path loss.

Let @ 2 {1,---,Q} denote the set of BSs (cells). At the considered time instant,
we assume that there are |QY| cells operating in the UL direction and |Q¥| cells
operating in the DL direction, such that |Q"| 4 [Qd| = @ and Q"N Q% = §. Note
that |X| denote the cardinality of set X, i.e., the number of elements in set X. Let
H,; € CMs*M1 e the channel matrix from the gth BS to the RIS, hy, € CMs be the
channel vector from the qth UE to the RIS, G, 4 € CMrxMr 1,6 the channel matrix
from the gth BS to the rth BS, g, 4 € CMT he the channel vector from the qth BS to
the rth UE, and g, 4 € C be the channel scalar from gth UE to the rth UE. Then, the
received signal by the UE in the gth DL cell, i.e., ¢ € le, can be expressed as

dl BS-UENT E-UE
= ST WP o+ S0 RUEUR e, 4 2, (3.1)
VkeQdl VreQul
where
hBFUE = (hjOH, +g] ). (3.2)
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is the effective BS-UE channel, i.e., the effective channel from the BS in the kth DL
cell to the qth UE in the gth DL cell and

he " VE = bl ©h, + g4, (3.3)

is the effective UE-UE channel, i.e., the effective channel from the rth UE in the
rth UL cell to the gth UE in the gth DL cell. Moreover, ® = diag(@) is the RIS
reflection diagonal matrix, 8 = [31e4%1, - - - ,,BMSGMMS]T e CMs where f,, € [0,1] and
®m € [0, 27] denote the amplitude and phase shift associated with the mth element of
the RIS, respectively. We assume that £, = 1, Vm in this work to maximize the signal
reflection [32]. Equally, f;. € CMT i5 the transmit precoding vector with I fk||% = p‘gl,
xj, is the zero mean transmit symbol such that B{|z|?} = 1, 2z, is additive white
Gaussian noise with variance a , and pX is the transmit power in the X € {dl, ul}
direction. Therefore, the SINR of the qth UE, ¢ € le, is given as

Pl _ |(RESVE)T £, (3.4)
g = - ) )
Z \(hBS UE)Tf ’2 4 Z ’hBS UE‘Qp}}l + 03
v%igdl VreQul
q

On the other hand, the received signal at the rth UL BS, i.e., r € Q‘ﬂ, after the

receive combining, can be expressed as

1 ] .
yﬁu) = HhBS UE, /p‘7 T+ erHEqS BSfowq + 20, (3.5)
vjegul vqudl
where
HPSB —HleH, + G, (3.6)

and w, € CMT is the receive beamforming vector with ||wr||% =1, 2 = wlz, with
€ CMT being the additive white Gaussian noise with variance 02. Therefore, the

SINR for the rth UE, r € Qul, is given as
|,thBS UE|2 ul
7‘

S (wRZFURPp 5wl HEFES S + o
vjeou vqudl
J#T

F(ul) —

r

(3.7)

From the above, the system-wide spectral efficiency for the DTDD system is given

SE= Y logy (1+T(Y) + 37 logy (1+13). (3.8)

YgeQdl Yregul

as
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Fig. 3.2: Configuration and orientation of the ULA at the BS.

In this chapter, following [36,37,(113] we assume that the above-defined channels are
modeled according to the geometric channel model |123-125], where every channel is
modeled as a summation of L <« max{Mg, M7} paths, each has a distinctive direction-
of-departure (DoD) and/or direction-of-arrival (DoA) and a complex path gain. For

simplicity, in this chapter we use the same value of L for all the channels. The channel

L
Hy = /M S o ap (ab, ) aT () (3.9)
q = I (AR \ My, By )a Py ), .
/=1

where ay denotes the complex-valued channel gain of the fth path, 1, is the spatial
frequency of the ¢th path at the transmit array of the BS, and a(¢y) € CMrx1 ig the

array steering vector with a Vandermonde structure (due to the ULA assumption at

H, is given as

the BS). The steering vector ar (i) is given as
, . T
at(¥y) = [1 eI .. e*J(MTfl)W} c cMrx1, (3.10)

The spatial frequency vy is defined as ¥y = 27‘(‘% sin({y), where d is the inter-element
spacing, A is the signal wavelength, and (;, € [—900,900] is the DoD in the angular
domain at the BS as shown in Fig. [3.2, Furthermore, the receive 2D array steering

vector at the RIS is given as

ag(d, 1)) = ag (1) o ag (uf) € CMs*L, (3.11)

where ,u? and py are the receive spatial frequencies of the fth path at the RIS. The
h v
array steering vectors aR(u?) e CM™>1 and ar(uy) € CM™*1 have the following
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X

Fig. 3.3: Configuration and orientation of the uniform rectangular structure at the RIS.

structures

‘ : T
aR(M?):[l [ e—J(Mh—l)/‘?} ecMhX{ (3.12)

% ; v v T v
aR(uy) = [1 eI .. eI _1)“4} e cM™x1 (3.13)

The receive spatial frequencies are respectively defined as

,u? = 27r§ cos(gzﬁ?) (3.14)
d
py = 27TX sin(gb?) cos(¢y), (3.15)

where ¢? € [—1800, 1800] and ¢y € [—900, 900], are the azimuth and elevation angles
of the ¢th path at the RIS, respectively, as shown in Fig. . Equally, the channel h
between the RIS and the gth UE, ¢ € Q1! is given as

L
hg =/ Mg/L> " Brar(ng,n)), (3.16)

(=1

where () is the complex-valued channel gain of the /th path, at (77?, ny ) is the transmit
array steering vector at the RIS, n? and ), are the transmit spatial frequencies of the /th
path at the RIS. Note that aT(n?, m); 77?, and 7y are similarly defined as GR(M?7 ),
u?, and juy above.

Additionally, the channel G4 between the rth BS, r € o and the ¢th BS,
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g€ 04 is given as
L
Grq=\/M3/LY  &ag(¥p)ap(amy) € CMrMr (3.17)
/=1

where & is the complex-valued channel gain of the ¢th path and ag (dy) € CMT*1 and
at(wy) € CMT*1 are the array steering vectors with Vandermonde structures at the
rth BS in the UL and the ¢th BS in the DL, respectively. Equally, ¥, and w, are the
spatial frequencies of the ¢th path at the rth BS, r € Q" and the ¢th BS, ¢ € Q4

respectively. The steering vectors a1 (wy) and ag (/) are given as

- - T
at(wy) = [1 LT G_J(MT_I)WZ} c CMrx1 (3.18)

, . T
aR(W):[l eIV .. e*](MT*UW} e CMrx1L (3.19)

The spatial frequencies wy and ¥y are defined as wy = 271'% sin((p) and ¥, = 27r% sin(pyp),
respectively. Equally, 9, € [-90°,90°] and @, € [-90°,90°] are the DoA and DoD of
the ¢th path at the rth BS, » € Q" and the ¢th BS, ¢ € Q4! respectively. Similarly,
the direct channel between the gth BS, ¢ € Q4! and the ¢th UE, ¢ € Q4! gq is given

as

L
9g =/ Mrp/L  rgar(vy), (3.20)
=1

where ry is the complex-valued channel gain of the ¢th path and the array steering
vector at(vy) and the spatial frequency vy at the BS and are similarly defined as
at(wy) and wy above. Under this assumption, we have that rank{H,} < L,Vq and
rank{Gy 4} < L,Vr,q. Moreover, we assume block fading channels. This implies that
the channels change over time but are constant during the duration of the coherence
time. Signal transmission is carried within this channel coherence period. Also, these
channels have been estimated and known at the BSs through the CPU.

3.4 Problem Formulation

The main goal of this chapter is to design the passive reflection coefficient vector 0
of the RIS and the active transmit beamforming vectors fq, Vq € o4 and receive

beamforming vectors w,, Vr € Q“l, of the BSs to maximize the system SE, which can
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be formulated as

max SE (3.21a)
fQ7Vq€leva7VT€QU170
st |1 fll3 = py, Vg € QF (3.21b)
2
0] =1, m=1,---, Mg, (3.21¢)

where the SE is defined in . Furthermore, is the DL transmit power con-
straint and are the constant modulus constraints (CMCs) for the RIS reflection
coefficients. Problem (3.21)) is non-convex due to its joint optimization of the opti-
mization variables (fy,wy,0) and the CMCs in . To obtain a low-complexity
solution, we propose in the following non-iterative sub-optimal solutions by decou-
pling the optimization between the problem variables. Specifically, given the channel
matrices, we propose two solution methods for the design of the RIS passive reflec-
tion coefficient vector @ € CMs. In the first algorithm we intuitively design the RIS
reflection coefficient vector to mitigate the cross-link interference and maximize the
SE. However, to reduce overhead and complexity, we propose a heuristic approach
in designing the RIS reflection coefficient vector in order to address the issue of the
cross-link interference and further improve the system performance. After that, for a
given 6, we design the BSs’ transmit and receive active beamformers fq,Vq € le, and
w,, Vr € QU using the classical ZF and MMSE methods, respectively.

3.5 Proposed RIS Reflection Design Methods

In the following, two non-iterative heuristic solutions are proposed for the design of
the RIS reflection coefficient vector 8 € CMs. The RIS reflection coefficient vector
0 c CMs jg designed in such a way as to enhance communication efficiency and mitigate

the impact of cross-link interference in the DTDD system. To begin, we first note that
from (L.1)) the vectorized form of the above-defined effective channels in (3.2)), (3.3),
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and (3.6 can be expressed, respectively, as

Ry " = (Hf ohg) 0+ g (3.22)
N——

H(IIBE—UE
hgy O = (R ohg) 0+ g4, (3.23)
——
(RUE-UENT
vec{HPYBS) = (H[ o H[) 8 + vec{Gy 4}, (3.24)
———

HP;

where HEE'UE e CMrxMs HE(?'BS € CM%XMS, and h}]{E‘UE € CMsx1 gre the RIS-
assisted composite channels. Note that rank{Hfg'UE} < L, rank{HEqS'BS} < L2,
and rank{h}]{?'UE} = 1. Moreover, from the signal models in (3.1)) and (3.5]), we know
that the effective channels {h];’]SC'UE} carry the desired signals (DS) for ¢ = k and the
inter-cell interference (ICI) signals for g # k, while {HEQS'BS, hg};}UE
link (CL) interference signals between the UL and DL cells i.e., r € oW and q € odl,

Therefore, we define the following matrices

} carry the cross-

DBE'UE = Stack{H(ES'UE}quQ € C@MrxMs (3.25)

CBYIE = stack{HEFURY, oy, € CUQY DMy (3.26)

CEE:}JCEI = Stack{HC]IB’E'UE}VkquQul,k#q e ¢(19"-1)- My xMs (3.27)

C’gg%i = Stack{HEqS_BS}vrQul,quch e c(1Q¥)- M7 xMs (3.28)

CUL L = stack{(hgy ") T, gl yge gt € QX Mg (3.29)
Ay,

where we define A = stack{A;}v;ez = | i, |, ie., a function that stacks the input
Az

matrices on top of each other.

From the above, this chapter proposes to design the RIS reflection coefficient vector
0 € CMs to ensure maximum power to the desired UEs in the DTDD system while
ensuring zero interference conditions to the unintended UEs in the system. The problem

can be expressed as given in (3.30)),

max |IDB% Vg3 (3.30a)

st [[BlpylP =1, m=1,--, Mg (3.30b)
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CINTH = 0, (3.30C)

where DEE'UE is a matrix that contains all the channels of the desired users in the

. BS-UE BS-UE ~BS-B E-UE
DTDD system as defined in (3.25)) and CiNp = stack{CDE_}JCI, CUE-}JCI’ CDE-C%? CI[JJL-gL }
is a block matrix containing all the interference channel matrices in the DTDD system.
The constraint in (3.30c)) is the multi-user zero interference condition. The problem in
(3.30) is non-convex due to CMCs in (3.21c|). In the following, we propose two non-

iterative solutions to obtain a feasible and efficient RIS reflection coefficient vector.
Remark 1: Given the above mmWave channel modeling, the following inequality

holds true:

BS-UE |, ;BS-UE | BS-BS , ;UE-UE
Re = rank{Cinr} < Lyt jcr + Lutact + Ioi-ct + Lurcer (3.31)

where LEYTE < (42 — |Q))L, from (B:26), LEFTE < (19U - |QY))L, from

<
B27), LB < 1od|Qu|L?, from (3:28), and LYFUE < [0Y[|Qu], from (3:29).

3.5.1 Method 1

In this method, we relax the CMCs in (3.21c). As a result, the problem in (3.30]) can

be written as

max || DESVE63 (3.32a)

st. CinT70 =0 (3.32b)
2

1015 = 1. (3.32¢)

A direct solution to (3.32) is given as
0"P! = ViXFupay € CM5, (3.33)

where Vﬁg?’r € CMsx(Ms—Re) polds the basis for the null-space (NS) of CINT €
CI*Ms | which can be obtained from the singular value decomposition (SVD) of CiyT
[13], where [ = Q(M% + Mt + 1) and R, is the rank of Ciy1 according to (3.31)).
Furthermore, 'UBEX € CMs—Re)x1 ig the right singular vector corresponding to the

maximum singular value of DBEUEVI%% € COMrx(Ms—Re), Therefore, a solution to

2 The dimensionality constraint for the existence of the null-space is overcome by exploiting the
low-rank structure of the mmWave channel whose rank is dependent on the number of propagation
paths L instead of depending on the number of transmit antenna Mt or the number of RIS elements
Ms.
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(3.30) which satisfies the CMCs in ({3.21¢)) is given as
oML P (9P (3.34)

where P(z;) = % is the element-wise projection function.
7

3.5.2 Method 2

In the previous method, we designed the RIS reflection coefficient vector centrally for all
the cells in the DTDD system to maximize the desired UEs’ powers. However, to further
improve the performance of the system, in this method, we propose a heuristic method
to perform the desired UE’s power maximization optimization in (3.32]) individually
for the different cells in the DTDD system. First, we assume that 6 is decomposed
into () sub-vectors as

0=01+0y+ - +0gecCMs, (3.35)

where @ is the total number of cells in the DTDD system, 6, € CMs and ||9q||% =1,¥q.

Given the above decomposition, we propose to design the gth sub-vector 8, as

max |HE2SVEg, |13 (3.36a)
q
st 10g]13 =1 (3.36h)
INT
II," "6, =0, (3.36¢)

H EE'UE e CMrxMs ig the RIS-assisted composite channel for the desired user

where
in the gth cell as given in (3.22) and HéNT = stack{D]]%g:H\IET,CINT} is the total

interference block matrix specific to the ¢th cell and
DESIN, = stack{HPT VB, o,y € CLOTDMTMs (3.37)

i.e., a matrix containing all blocks of DBE'UE in (3.25)) except for the ¢qth sub-block.
Note that Ry 2 rank{IT.N1} < rank{Cinr} + LB 1, where LB3UE. < (@ — 1)L
A solution to the gth sub-problem in ([3.36)) is given as

FD-2 NS BS-UE M
0q = ‘/INT,q’UmaX,q € C S, (338)

where VIIIE%“ g € CMs*(Ms=Ex) polds the basis for the null-space (NS) of H}JNT €
(CI‘IXMS, and vBS-UE e (C(Mszﬂ)Xl

max,q
maximum singular value of HEE'UEVI%ST g € (CMTX(MS_RW), where I, = Q(M% +
2Mt + 1) — My and Ry is the rank of the HEJNT matrix.

is the right singular vector corresponding to the
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Let ©FP-2 = [9FD-2 ... 795D-2] e CMs*@ denote a matrix that has the designed
GgD'Q, Vq € @ vectors in its columns. Then, it can be easily shown that

DEFVE@ID2 — |+ - | e cOMTX@ (3.39)
0 e eQ
where the diagonal elements e, = H, EE'UEO(] e CMr represent the respective output

from the RIS for the cells. Let

0]{‘D—2 + . + 0FD—2

D2 — Q___ (3.40)
CREEREa]
then we have,
BS-UE pFD-2 = =
DD% UEg = stack{ey,...,eq}, (3.41)

€q
67D+ 4602
ing the reflection coefficient vector in (3.35). Finally, to satisfy the constant modulus

constraints of in (3.21¢)), we apply the projection function as

This justifies our proposed heuristic approach for design-

where €q =

oMC2 P (9"D2). (3.42)

3.6 Active Beamforming Design

3.6.1 Transmit beamforming design

For a given 0, e.g., 8 € {9MC1 gCMC2Y - e design the transmit beamforming
vectors fq,Vq € odl, Specifically, the ¢th transmit beamforming vector for the gth DL
BS, fq.q € odl s designed to satisfy the following interference condition

Yfy=0,% € QY (3.43)

where Y = stack{TéCI, TqBS'BS} is a matrix collecting the direct interference channels
relative to the qth UE, where

dl|_
TéCI — StaCk{gll—,q}VT‘EleJf#q c (C(‘Q | 1)><MT (344)

TqBS_BS = StaCk{Gr,q}VreQul € ClQ"IMrxMr. (3.45)
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which satisfies R, 2 rank{Y,} < (|QU| — 1) + |QU|L. Given Y, the gth transmit

vector fy,q € o is given as
fo  ra
fq =2 pd17 (3'46>
1 fqll2

where fq:VqNSvmaX7q, in which VqNS c CMrx(Mr—Rv) holds the basis for the null-
space of X, € CloxMr - while Umax,q € CMr—Ru)x1 jg the right singular vector

corresponding to the maximum singular value of (hqB’(S]'UE)TVZJNS, where I, = (]Q4] —
1) + |QY| My and R, is the rank of the Y, matrix.

3.6.2 Receive beamforming design

For a given 0, e.g., 6 € {OCMC'l,OCMC'Z}, and f4,Vq € Q4 we design the receive
beamforming vectors at the UL BSs, w;., Vr € Q™. To design rth receive beamforming
vector wy,r € QU we adopt the MMSE scheme [126], which is given as

B—lhBS—UE
r Torr
—1 _ )
| B hBFUE||

WNMSE,r = Vr e Qul, (3.47)

1, BS-UE /4, BS-UE\H BS-B BS-B H 2
By = Y phpFUEMITUR e ST PP frp J(HETPS fup ) 4 or Iy
VjEQul qule
(3.48)

3.7 Complexity analysis

Since the complexity of computing the SVD of a m x n matrix, with m > n, is on
the order of (’){n2 [127], then the complexity of calculating @M1 is on the order
of O{MSQ}, 6CMC-2 i5 on the order of (’){QMS2}, and the transmit precoding vectors
fq,Vq € o4 is on the order of O{\QCHU\/[%} [127]. Moreover, the complexity of
calculating the decoding vectors wy,Vr € QW is on the order of (9{|Qul|M%}, since
the complexity of computing the inverse of a n x n matrix is on the order of O{n3}
[127].

3 The Big O notation is a mathematical notation used in computer science to describe the time or
space complexities of algorithms. It gives the upper bound or the worst-case scenario of the complexity
[127).

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



3. Reflection Design Methods for RIS-Aided Dynamic TDD Systems 49

3.8 Numerical Results

In this section, we show simulation results to evaluate the performance of our proposed
methods as compared to baseline schemes. We consider a system with () = 4 cells,
as shown in Fig. , where |QY] = 2 and |QY| = 2. We set p! = 23dBm and
assume that the number of channels paths L = 4, {ay, 8y, &, kp} ~ CN(0,1), and
the corresponding DoDs and/or DoAs are uniformly distributed with [-%,5]. We
normalize every channel path gains so that E{||Hq||%} = M1 Mg, ]E{||G,~7q||%} = M%,
]E{thH%} = Mg, and E{||gr,q||123} = Mrp. Furthermore, for our initial experiments
M+ = 16, for all the BSs in the DTDD system and Mg = 256 are used. With the
above simulation parameters then I and R, in Section are given as [ = Q(M% +
Mr1+1) =1092 and R, = AL4A4L%+4 = 84, respectively. Then, the matrix that spans
the null-space of CiNT is VllltIIST e C26x172  gimilarly, Iy and Ry in Section are
given as Iy = Q(M%—I—2MT+1)—MT — 1140 and Ry = 7TL+4L2+4 = 96, respectively.

Therefore, the matrix that spans the null-space of HH\?T q becomes VI%’SF q € (C256x160

Additionally, I,, and R, in Section are given as I, = (|QU| — 1) 4+ | QY| My = 33
and R, = 9, respectively. Moreover, the matrix that spans the null-space of Y is
VNS c (C16><7

f .

We include results for the following two baseline cases:

e Random, where the entries of the RIS reflection coefficient vector are designed

randomly as [6] im] = eJPm m, with ¢, ~ U(—r,m),

e No RIS, the case where no RIS is deployed, i.e., [0] (m] = 0,Vm.

In Fig. we show the SE versus the DL SNR, while assuming that the RIS
has Mg = 256 passive reflecting elements and each BS has M1 = 16 antennas. We
plot the achievable SE of the DL and the UL cells separately and then combined
them in Fig. to better understand the difference between the proposed and the
baseline methods. From the figures, we can clearly see that Method 2 has a better SE
performance compared to Method 1 and the other two baseline schemes, while both
the proposed methods have significantly better performance compared to the Random
RIS scenarios. This is due to the heuristic approach adopted for the design of the RIS

reflection coefficient vector in Method 2.

We note that from figures there is a performance degradation between the full
digital solution and the solution that satisfies the CMCs for the proposed methods.
This performance degradation could be seen as a tradeoff in solving the non-convex

CM constraints using convex relaxation technique. The performance loss is higher
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Fig. 3.4: SE versus DL SNR, assuming Mg = 256 and Mt = 16.
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Fig. 3.5: SE versus DL SNR, (DL+UL) assuming Mg = 256 and Mt = 16.

is higher in the UL cells, which is as a result of the BS-BS cross-link interference.
This cross-link interfernce is higher compared to the UE-UE cross-link interference due
to the high transmitting power of the BSs compared to that of the UE. The results
show the benefits of the intelligent spectrum control of the RIS in a DTDD system
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Fig. 3.7: SE versus number of RIS elements Mg for Mt = 16, assuming DL SNR = 10 dB
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with regards to reducing the impact of the cross-links interference thereby improving

communication efficiency.

Next, we evaluate the impact of the number of antennas at each of the DL and UL
BSs and the number of elements of the RIS on the achievable rate of the DTDD system,
considering only the solution that satisfies the CMCs condition. In Fig. we observe
that Method 2 has a better performance output compared to the other methods as the
number of antennas increases. The Random scheme has the worst performance output
with the increase in the number of antennas. This shows that the passive beamforming
gain of the RIS is advantageous when the reflection coefficient vector of the RIS is
designed to achieve a certain design function. If not, the RIS will act as an additional

source of interference in the system.

Equally, we see that the performance advantage of Method 2 compared to the
other methods increases as the number of the RIS elements Mg increases in Fig. [3.7]
Similarly, the performance of the Random scheme does not improve with an increase in
the number of elements of the RIS, which supports the fact that there is little passive

beamforming gain derivable with the random phase shift implementation for the RIS.

We note that the proposed solutions are heuristic and lead to sub-optimal solutions
with reduced complexity. Therefore, there is still the need to carry out further research
to develop and implement a solution that will result in a better solution, equally, there
is a need to carry out a performance complexity analysis of such a solution to discover
the trade-off between the better solution and the complexity involved. Furthermore,
additional research is required in order to extend the proposed methods in this chapter

to a wideband system.

3.9 Chapter Conclusions

In this chapter, we have considered the transmit and passive beamforming design prob-
lem in an RIS-aided DTDD wireless network to maximize the system’s spectral effi-
ciency. We have proposed centralized low-complexity and non-iterative solutions for
the design of the RIS reflection coefficient vector. We have assumed that the channels
are perfectly known at the BSs through the CPU. The effect of channel estimation
errors will be considered in Chapter [6] of this thesis. The provided simulation results
have shown that the integration of RISs in DTDD systems has a great potential in
improving communication spectral efficiency by providing alternative and extra com-
munication links, while at the same time reducing the impact of the cross-link BS-to-BS

interference.
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4. AN ADMM APPROACH FOR
DISTRIBUTED COORDINATED
BEAMFORMING FOR RIS-AIDED DTDD
SYSTEMS

In Chapter |3| RIS-aided DTDD systems have been proposed as a solution to meet the
traffic fluctuations of small cells and to tune the wireless propagation channels in real-
time. In this chapter, we focus on reducing the high signaling overhead involved in
the collection of all the channel state information (CSI) at the CPU for an RIS-aided
DTDD system. This signaling overhead makes the implementation of the central-
ized approach presented in Chapter 3| to be impractical. We propose a decentralized
coordinated beamforming based on the alternating direction method of multipliers
(ADMM). Our numerical results demonstrate that the distributed algorithm con-
verges to the centralized solution after a few iterations. Equally, the distributed

solution has a lower signaling overhead compared to the centralized solution.

4.1 Introduction

Due to the rapid advancement in technology and the emergence of diverse mobile
applications, there is a massive increase in mobile data traffic generation and demand
for higher data rates for B5G wireless communication systems. The deployment of
small cell networks has emerged as an effective way to meet the exponential growth
of traffic demands for 5G and future wireless networks [119]. In a TDD system, the
BSs alternate time periods when they receive signals from their served users on the
UL, or transmit to users on the DL. However, in advanced long-term evolution (A-
LTE) networks, a fixed configuration of the TDD periods is used, to be chosen among
a given set. In the new radio (NR) standard for 5G networks, this rigid scheme is
broken, and DTDD [24] enables cells to independently set the UL/DL configuration
in each slot. DTDD has been proposed as a solution to satisfy the asymmetric and

dynamic traffic demand of small cells [25]. In a DTDD-enabled wireless communication
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system, each cell individually decides its schedule for the uplink and downlink mode
operation across different time slots, based on its instantaneous traffic demand and/or

interference status [120].

However, the main challenge brought by DTDD is the cross-link interference issue,
because adjacent cells may use at a given time different TDD frame configurations
according to traffic needs, thereby giving rise to opposite transmission directions among
neighboring cells. There are two kinds of cross-link interference: base station-to-base
station (BS-to-BS) and user equipment-to-user equipment (UE-to-UE) interference,
which may degrade the system performance significantly. Between the two, the BS-
to-BS interference is extremely detrimental due to the large transmit power and LOS
propagation characteristics. Some techniques have been proposed to mitigate cross-
link interference, including clustering schemes, power control solutions, and time slot
allocation algorithms. In [27], a cell clustering scheme was proposed by grouping
a number of cells into a cluster according to some metric(s), where cells in the same
cluster adopt the same TDD configuration. In [28], the authors proposed dynamic time
slot allocation for an adaptive and flexible interference avoidance scheme. The work
in [29] used adaptive power control techniques to reduce and compensate for cross-link
interference. However, these solutions do not benefit from multi-antenna capabilities
in order to mitigate interference. In the case of MIMO systems, Jayasinghe et al.[30]
proposed a solution for the maximization of the weighted sum rate. The work in [31]
proposed an interference alignment-based solution for a limited scenario formed by

three cells and one user per cell.

Interference management strategies in DTDD systems are more complicated than
those in static TDD systems due to the cross-link interference. Therefore, there is a

need to develop an efficient cross-link interference management scheme.

RISs have gained significant attention recently, as a low-cost and compact trans-
formational technology for future wireless systems [32-34]. In a passive RIS-aided
communication system, where the RIS has no radio-frequency chains, the phase shifts
of the RIS elements can be adjusted to meet a certain cost function, e.g., the reflected
signals add constructively at the intended users and/or destructively at the unintended
users. In Chapter [3{and [41], we demonstrated that the intelligent spectrum control of
the RIS can be exploited for interference management in an RIS-aided DTDD system.
However, such an implementation may be impractical as a result of the high signaling
overhead involved in the collection of all the channel state information at the CPU.
To address this issue, we propose a distributed algorithm using the ADMM [128] tech-
nique for RIS-aided DTDD wireless networks. ADMM is a powerful decomposition

technique that blends the superior convergence properties of dual decomposition and
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the numerical robustness of augmented Lagrangian methods [12§].

4.2 Chapter Contributions and Organization

Motivated by the intelligent spectrum control of a DTDD system by the RIS, this
chapter proposes an alternating optimization (AO) based algorithm for the design of
the transmit beamforming vectors and passive reflection coefficients for an RIS-aided
DTDD system. The design objective is to maximize the minimum SINR of the DL
users while satisfying the total power constraint of the DL BSs and guaranteeing that
the maximum interference seen by the UL users due to the transmission of the DL
cells is below a pre-defined level. First, for a given RIS reflection vector a centralized
algorithm is proposed for the design of the transmit beamforming vectors according
to [129]. Then, we propose a distributed algorithm for the design of the transmit
beamforming vectors based on ADMM [128] that can be implemented in a distributed
manner at each DL BS with a reasonable amount of information exchange between the
coupled DL BSs.

Next, with the designed beamforming vectors, we adopt the SDP technique for the
design of the passive reflection coefficients of the RIS. We consider the discrete phase-
shift model for the RIS. Moreover, we assume that the directions of the small cells
have been optimized a priori, e.g., using the proposed cell reconfiguration method in
[122], and are known at the CPU. The concept of an ADMM approach for distributed
coordinated beamforming for RIS-aided DTDD systems presented in this chapter has
been published in [42].

The rest of the chapter is organized as follows. The system model is presented
in Section [4.3] while the maximization of the minimum SINR problem is formulated
in Section In Section the proposed distributed approach for the design of
the transmit beamforming vectors of the DL BSs is presented, and the design of the
RIS reflection vector is considered in Section [4.6] Backhaul signaling and a per-BS
complexity analysis are considered in Section [£.7, while our numerical results and
chapter conclusions are presented in Sections and [4.9] respectively.

4.3 System Model

In this chapter, we consider an RIS-aided mmWave DTDD system consisting of @
small cells, where each cell has a BS with a ULA of M antennas serving K single

antenna UEs. We assume that the communication is aided by an RIS with Mg passive
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RIS

Backhaul connection

A
UE 4,2
Cell 4

Fig. 4.1: An RIS-aided DTDD system comprising ) = 4 cells.

reflecting elements uniformly arranged on a rectangular surface. The RIS has M and
MY elements in the horizontal and vertical directions, respectively, as shown in Fig.|[3.3|
Therefore, Mg = M D MY, The BSs and the RIS are controlled by a CPU via backhaul
connections as illustrated in Fig. . Let @ 2 {1,---,Q} and K & {Kq,--- N
denote the set of all BSs (cells) and UEs, respectively, whereas ICq denotes the set of
UEs served by the qth BS. At the considered time instant, we assume that there are
|Q"| cells operating in the UL direction and |Q%| cells operating in the DL direction,
such that |QY|4]Q%| = Q and Q"N Q¥ = 0. Equally, we assume that there are ||
and |K4| UEs in the UL and DL direction, respectively, such that || + K4 | = QK
and KM LI = . Note that |X| denote the cardinality of set X, i.e., the number of

elements in set X.

Let Hy € CMs*Mt 16 the channel matrix from the gth DL BS, ¢ € Q% to the
RIS, hy, € CMs be the channel vector from the RIS to the kth UE in the gth DL cell,
g € Q4. Equally, let Grg € CMrxMrt 16 the channel matrix from the gth DL BS,
g € QU to the rth UL BS, r € Q™. Furthermore, 9q1..q € CMT ig the channel vector
from the gth BS, g € le, to the kth UE in gth DL cell, and gg, r;, € C is the channel
scalar from the jth UE in the rth UL cell, r € QUI, to the kth UE in the gth DL cell,
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q € Q4. Denote b as the number of quantization bits of the RIS, such that the number
of phase levels is 2°. The resulting discrete phase shifts of the RIS are expressed as

2r 27 27

e ,(25_1)_}, (4.1)

A
7= {0 2b

The SINR of the kth UE in the gth DL cell, i.e., g € Q4 can be expressed as

BS-UE\H 2
Fédl) _ |(h’qk,q ) ka| (4.2>
g S OIBBSVERHFL 2+ Y 3 [(RBS VB2 + 8y,
jekd! neQdiekdl
j#k n#q
where
BS-UE __ H H H
hgq = (hg©®Hg+ g4, 4) (4.3)

is the effective BS-UE channel, ® = diag(@) is the RIS reflection diagonal matrix,
0 = [Xel?, ... ,XMSej¢MS]T e CMs| where X, € [0,1] and ¢, € F denote the
amplitude and phase shift associated with the mth element of the RIS, respectively.
We assume that X, = 1,Vm in this work to maximize the signal reflection [32].
Also, fq, € CMr s the transmit precoding vector with || qu||% = pg’l. Additionally,

_ 2
Bgp = gy, + 0, Where

UE-UE 2, ul
aqk = Z Z |hqk,7“j |p]’;“l]ﬂ (44)
reQul jexy!

is the cross-link interference from the UL UEs, whereas, hgk%}]E = hg'k@hrj + 9ap..r;

and o2, is noise variance. We assume that g, is known at the gth DL BS.

qk
Furthermore, the total received BS-BS interference power at the rth UL BS, i.e.,
r € QU from the DL BSs, can be expressed as

BS-B 2
=Y > HEBf % (4.5)

VgeQd ket
where
HEqS_BS = H;'©H, + G, (4.6)

is the effective BS-BS channel.

In this chapter, we assume that the above-defined channels are estimated in advance,
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e.g., by using the approach in [37].

4.4 Problem Formulation

In this chapter, we jointly optimize the passive reflection vector 8 of the RIS and the
active transmit beamforming vectors fq, , Vk € ICgl, Vq € le, of the DL BSs to improve
the communication performance. To provide fairness among the DL UEs, we consider
the maximization of the minimum SINR of the DL UEs subject to per BS power
constraints and the condition that the maximum interference received by each UL cell
is less than a QoS imposed threshold 7. Moreover, we assume the constant modulus
constraints (CMCs) for the RIS reflection coefficients as given in (4.7d)). Hence, the

system-wide optimization problem is given as

(dl)

in T 47
I?%X T (4.7a)
st Y | fgl3 <py vge ot (4.7h)
kekd!
ST IHESBS 1P < 7 vre QU (4.7¢)
VgeQd kecd!

where pgl is the maximum transmit power allowed for ¢th DL BS and 7, is the prede-
fined interference threshold to guarantee a certain QoS of the UL cells. Problem (4.7
is non-convex due to its joint optimization of the optimization variables (fy,,8), the
CMCs in and the constraint in ([4.7¢). Therefore, we adopt the AO framework to
decouple and simplify the design of the transmit beamforming vectors and the passive
RIS reflection vector. In the following using the AO approach, we update the active

transmit beamforming vectors and the passive RIS reflection vector sequentially.

4.5 Transmit Beamforming Design

For a given 6, we design the transmit beamforming vectors fy, , Vk € le]ﬂ,Vq € le,

as the solution to the problem given as

(d)

max min I 4.8a
£ a " (48a)
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sto Y I falB <pg, vae Q" (4.8)
kelcgl
ST | HEBS 2 < 7 v e QUL (4.80)
VgeQdl kekd!

Problem (4.8)) can be recast in the epigraph form (explained in Appendix |C.3|) as

max ¢ (4.9a)
I
s.t. F((;zl) > @ (4.9b)
> g3 < vy, o (4.9¢)
kekd!
SN IHPTES £ P < 7, v e QY (4.94)
Vge QU kekCd!

where ¢ is an auxiliary variable representing the SINR constraint.

4.5.1 Centralized Algorithm

A centralized solution to can be obtained using the bisection method [129}/130].
The bisection method is used to find the roots of a polynomial function. It bisects the
interval and selects a sub-interval within which the root must lie iteratively for further
processing . A simple one-dimensional bisection search will efficiently find the required
. In , the inequality constraints can be expressed as a generalized inequality with
respect to the second-order cone program (SOCP) and can be solved using any SOCP
solver [131,132]. The key step in solving problem in a centralized manner is to
solve a SOCP which has a high computational cost. Following [129] the centralized
approach is summarized in Algorithm [I, where the variables SINRjax and SINR i,
define the range of the relevant SINR values, while A > 0 define the desired accuracy

of the bisection method.

Specifically, the complexity of solving problem (4.9) in a centralized approach, for
example, by using the interior point method (IPM) [131], is O(|le\M%\lCd1]3) which
is an excessively high implementation cost in the case of large networks. Therefore, the
centralized solution is impractical as a result of the high signaling overhead involved
in the collection of all the channel state information at the CPU. Hence, to reduce
the signaling overhead and the workload on the CPU, in the following, we propose a
distributed algorithm based on the ADMM approach [128].
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Algorithm 1: Centralized Algorithm
Data: (,Omm = SINlen’ SOmaX == SINRmaX7 A Z 0
Result: ¢, fq,, where f, is the last feasible solution of (4.9)
1 while |©maz — @min| > A do
¢ < (Pmax + Pmin)/2;
With the obtained ¢ solve the resulting feasibility problem of (4.9));
if Problem status is feasible for the given ¢ then
‘ Pmin < ¥;
else
‘ Pmax < ¥}
end

© O N O oA W N

end

4.5.2 Distributed Algorithm
Review of ADMM

ADMM is a powerful dual decomposition technique that is well suited for distributed
constrained optimization problems. One of the major benefits of the ADMM schemes
is that it is a powerful decomposition technique that combines the superior conver-
gence properties of the dual decomposition method and the numerical robustness of
augmented Lagrangian method. [128]. Therefore, ADMM has been established to be
more numerically stable, faster in convergence, and can converge under more general
conditions than the dual decomposition method (see Appendix , e.g., without the

requirements of strict convexity or finiteness of the objective function [128§].

To illustrate the idea of ADMM, let us consider the following convex optimization
problem [128,|133],

i F +G 4.10
e L (z) + G(2) (4.10a)
st. xe S,z e 89, (4.10b)
z = Az, (4.10c)

where F': R" — R and G : R" —— R are convex functions, A is an m X n matrix,
and S C R" and 8o C R" are nonempty polyhedral sets (explained in (C.1.6)) of
Appendix . For simplicity, we have considered a real-valued optimization prob-
lem. However, the complex-valued extension is discussed in Appendix [C.6] Assume
that problem is solvable and strong duality holds (see Appendix [C.3). ADMM
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considers the following penalty-augmented problem
min _ F(z)+G(2) + 2| Az — 2|2 (4.11a)
TER™ zeR™ 2
st. x €8,z e Sy, (4.11b)
z = Ax, (4.11c)

where p > 0 is the penalty parameter. It is easy to see that (4.11) is essentially

equivalent to (£10) owing to (£.ILd). The penalty term §| Az — 2|/ brings strict
convexity. Therefore, problem (4.11)) is strictly convex with respect to either x or z.

The augmented Lagrangian of the above problem is given as
Liw,zm) = F(@) + G(z) + 5| Az — 2[* + n' (A2 - 2), (4.12)

where 7 € R™ is the dual variable or the Lagrangian multiplier associated with the
constraint given in (4.11c)). Given a dual variable 7, the problem is a convex problem

and can be efficiently solved. Specifically, one can solve the following subproblems

iteratively,
2 = main E(m,z(i),n(i>), (4.13a)
2D = mzin E(w(i+1),z,n(i),) (4.13b)
(D) = p) 4 p(AzlTD) — (A1), (4.13¢)

Here, starting with initial values for z and n the variable & in is updated.
The other variables are updated sequentially, in a similar manner until the stopping
criterion is met. From the above, it is noted that the variables & and z are updated
alternatingly, this accounts for the term alternating direction. ADMM can converge to
the global optimum of the problem , the convergence properties of the ADMM are
improved as compared to the dual decomposition method by utilizing the augmented
Lagrangian [128]. The steps of the ADMM method [128],[134] are summarized in
Algorithm

Applying ADMM to (4.9)

Applying the above concepts to problem (|4.9)), one can see that the solution is mainly
composed of three iterative steps. The first step is a BS-wise step to update the local
primal variables. The second step is a network-wise step to update the global variables.

The third step is again a BS-wise step to update the local dual variables. To begin, we

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



4. An ADMM approach for Distributed Coordinated Beamforming for RIS-aided DTDD
Systems 62

Algorithm 2: ADMM

Data: A,7=1,imax, p > 0, and initialize n(i) and z(0) randomly
Result: x,n, and z
1 while not converged or © < ipyqr do

2 w(z+1) = Hgn ‘C(m’ z(z)7q”(z)),

3 Lli+1) — mzin E(w(H'l), z7"7(i))3

4 n(i—H) _ ,r'(z) + p(Aw(i—&-l) _ z(l-i—l));
5 end

introduce slack variables which represent the local copies of the variables that couple

all the DL BSs. The resulting equivalent problem is expressed as

min — ¢ (4.14a)
st. T 29 (4.14b)
AL njq = Z ( hE]S,qUE ka|27 vj € Kilvn,q € Q¥ n #¢ (4.14¢)
kekd!
g D IHE P fol? Vi€ K vg e o (4.14d)
kekd!
B B 2 72 1
2 | rfq S Faull® + > Gryn < Ty Vr € Q1 (4.14e)
kEICfJH VneQdl n=q
7 fgll3 < v vg e ¥ (4.14f)
kekd!
Aqen = Hag,ns (4.14g)
Mnjg = ping.qr Vi € K3 ¥n, g € QU n # ¢ (4.14h)
brig = Vg Vi € KM, Vg € QT (4.14i)
Grjm = Yy, Vi € K, ¥n € QO (4.14j)
g = (4.14k)
where BS-UE\H 2
pld) _ ((hgog )" Fail
qk

BS-UE\H £ |2 2 ’
Zjelcgl,j;«ék |<th q ) qul + ZnEle,n;ﬁq Agen T Ba,

and g, Anqua A, ¢7~j7q, and ¢Tj,n are the newly introduced slack variables represent-
ing the local copies of the SINR variable, the interference generated by the BS in the
gth DL cell to the jth UE in the nth DL cell, the interference at user g, generated
by the neighboring DL BSs n (n # ¢), and the UL interference variable from the gth

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



4. An ADMM approach for Distributed Coordinated Beamforming for RIS-aided DTDD
Systems 63

and nth DL BSs, respectively. Furthermore, gp,,uqkm,unj’q,@brj’q,and @Z)rj,n are the
respective global copies to satisfy equivalence between (4.9)) and (4.14]).

Next, for convenience, we include all the constraints that can be handled locally at
the gth DL BS in the set W, which is defined as

m(dl 2 d 2 BS-BS 2
Wy :{Fq,}\tp¢qﬁq| ng) > Vg Z ||qu||2 Spq >¢rj,q2 Z ||Hrj,q qu” )

kEICfIH k:GICgl
2 BS-UE\H 2 BS-B 2 72
)‘nj7q2 Z |(hq77sljU ) f%‘ Z HHrj?q SfCIkH + Z (brj,n < Tr}-
kekd! kekd! VneQdl n£q
(4.15)
Therefore, problem (4.14)) can be compactly written as
min — (4.16a)
FQ7AQ7¢)Q7W(]7SD
st {Fy, Ag, dg,7q} € Wy, Vg € Q1 (4.16b)
A, = pg, Vg € QU (4.16¢)
bq = g, Vg € QY (4.16d)
vq =¢. Vg€ QY (4.16¢)
where
I dl
F, = fqlaqua“‘ ’fq|/szﬂ| E(CMTXVC‘J‘ (4.17)
r T
1
Ag = _{Anj,q}jgjcglmeégh {)\qk,n}kelcgl’neégl} e C** (4.18)
I T
pg = |1Hnjq} jercd negd {uqk,n}ke;cglmngl} e c! (4.19)
- T
bx1
bq = _{¢Tjaq}jelc;ﬂ,regul,qe@dl] cC (4.20)
[ T _ ~bxi1
g = _{wrj,q}jelqﬂ’regulgele} e C”H, (4.21)

F; is the matrix that contains all the transmit beamforming vectors for all the UEs in
the gth DL cell in its columns. Furthermore, Ay and pg are the transmitter-specific
interference and consistency vectors, respectively; while the vectors ¢¢, and 14 are the
transmitter-specific UL interference and consistency vectors, and chll = le\q, ie.,
O is the set including indices of all other DL BSs excluding the qth DL BS. The
variables a and b are given as a = (|IC21] - 1)+ (|le\)(|le]ﬂD and b = (|QU])(|KM)),

respectively. Note that the consistency vectors are the vectors that satisfy equivalence
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between (4.9) and (4.14). Furthermore, we define I(Fy, Aq, ¢q,7q) as an indicator

function given as
0, (Fg:Aq:94:79) €Wy

14(Fg, Ag: g, 7q) = { : (4.22)

00, otherwise

It can easily be verified that ) v, = |Q¥|p. Therefore, problem (&.16) can be

expressed equivalently as
min Z ( dl +Iq(FQ7AQ7¢q”YQ)> (423&)
an)\q@qﬁq»@ dl |Q |
qeQ
st Ag = pg, Vg e QU (4.23b)
pq = Vg, Vg€ QV (4.23¢)
g = ¢, Vg€ Q1L (4.23d)

According to the ADMM concept, we first form the augmented Lagrangian of (4.23)),

which is given as

£p<FQa Aq; ¢q; Ya> Xq> Eqa MNgs Kq; "pqa 90) =

P
Z ( |Qd]‘+IQ(Fq7)‘Q7¢Q77q) 5

qeQd!
2
) : (4.24)
2

p 1
50w e
where p > 0 is the penalty parameter which helps to achieve numerical stability and

2 1

Ag — Mg+ —Xq
P 2

p
+5)

1
Yg— ¥t -
q PR

faster convergence for the ADMM algorithm [12§]. Note that the Lagrangian function
(4.24) is completely separable between the DL BSs. Therefore, in the first step of each
iteration of the ADMM algorithm, each ¢ DL BS, Vg € le, updates the local variables

(Fq(t—H), /\EIH_D, ¢((]t+1),7((]t+1>) by solving the following optimization problem

2
i Ja_ P W Lo »r
i T igdy e e |+ a6 125
Fq7>‘Q7¢Q7'Yq |Qd1’ 2 q p q 2 Q( q L]) ( )
where the function s, (A, @¢) is defined as
2 2
P t L (¢ Y t 1 (+
p 2 p

Problem (4.25)) is non-convex due to the non-convex SINR constraint in the set Wj.
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However, for a fixed 74, the problem can be recast as a SOCP problem (explained
in Appendix |C.4)), which can easily be solved by the CVX tool |135]. According to
[136, Algorithm 2], we obtain the optimal fy("; used in solving for the other local variables

of (I29)

Next, the augmented Lagrangian function (4.24)) is minimized over the global vari-
ables pq, g, and ¢ while all the other variables are fixed at their current values. This

can be expressed as

1 2 1 2
min E P vét—H) —p+ —nét) + P Agt—H) — pg + —X((]t) (4.26a)
Hqﬂ/’q#ﬁ 2 p 2 p
(t+1) IS0 2
(l)q — g + ;Eq ,) (4.26b)

The problem in (4.26]) is convex and separable in {pg, ¥4} geod and ¢ which are the
optimization variables . Therefore, by setting the gradient of the cost function in (4.26|)

to zero with respect to the optimization variables, the global variables are updated as

follows
uﬁff,ql) %(qul) . Aé’;ﬁ)), (4.27a)
1 1
e (T ).
qEle
1 1
QO(HI)_!Q&H 2 <%(1t+1)+5nét)> ’ (4.27¢)
qEle

Note that (4.27) is updated after the DL BSs have exchanged their respective local

variables.

Finally, each ¢ DL BS, Vg € Q% updates the dual variables associated with the

equality constraints as

X((]t+1) _ Xé) +p (A(t—i-l) é )) 7 (4.28)
5 (t+1) £q <¢qt+1 1/)( ) ’ (4.29)
(1) = n(g ) o 0 <7§t+1) _ S0@“)) _ (4.30)

We remark that the convergence of the ADMM scheme for convex problems has been

established in [128}|137,/138] for non-convex problems.
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4.6 RIS Reflection Matrix Design

With the obtained solution of problem , the second sub-problem of be-
comes a feasibility check problem for finding the diagonal RIS phase shift matrix
© = diag{f} € CMs*Ms  with fixed F,, q € o4 and . Note that F, is the
matrix that contains all the transmit beamforming vectors for all the UEs in the ¢th
DL cell in its columns as given in (£.17)). The feasibility check problem can be written

as

Find @ (4.31a)
st. TV > o wge o (4.31b)
ST =TS f P < movr e QU (4.31¢)

vge Q4 kel
¢m € F, (4.31e)

where Fé(gn is defined in (4.2)) as

BS-UE\H 2
Fédl)z ‘(hqk7q ) .qu’
; > RSB FL 2+ 3 X ((hESVER £ 2 + By,
jexd! neodl iefcdl
j#k n74

To extract the RIS reflection coefficient vector @ from the RIS-assisted channels in
(dl) (dl)

F(ggl), we apply a change of variable to I'y, 7. As a result, the variable I'y,” can be

expressed as

H 2
a,0+0b
I = %3, qzk | - (4.32)
1Cq,0 + dg, || + o,
where
ag, = diag(hg, o) Hyfq,, € CMs*1 (4.33)
H
b = 9gp.qfars (4.34)
dg, = stack{ug]jTRA, uggl, ugkL}, e C3*! (4.35)
INTRA\H ( ICI\H ( CL\H M,
Cy, = stack{(efy 1R (elODH (ellyHY € 37 Ms, (4.36)

agq, is the RIS-assisted desired user signal for the Ath UE in the gth DL cell, bg,
is the direct desired user signal for the kth UE in the ¢qth DL cell. Additionally,

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



4. An ADMM approach for Distributed Coordinated Beamforming for RIS-aided DTDD
Systems 67

the vector dg, is a vector that contains all the direct interference experienced by the
kth UE in the qth DL cell on top of each other. This interference includes intra-cell
interference from other UEs within the same cell, inter-cell interference from other DL
cells, and cross-link interference from the UEs operating in the UL direction. Equally,
C, contains interference experienced by the kth UE in the gth DL cell on top of each

other. Furthermore, these direct and RIS-assisted interference are respectively given

as
INTRA H
Ugy, R = Z qu,qfq]‘a (4.37a)
JERY j#k
ICI H
qu = Z Z qu,nfﬂq;a (4.37Db)
neQdl iexcdl
n#q
L
ul(ljk - Z Z 9aqp,rj> (4.37¢)
TEQUI je’(:}nll
ey WA = 3" diag (hyyq) Hyfyy € C57 (4.37d)
jeKg #k
e}JSI - Z Z diag (th7n) H, fn € cMsx1 (4.37e)
neQdl iexdl
n#q
e = 2. D diag(hgyq) hryq € T (4.371)
reQul jelcu
X
where we define X = stack{ X }yiez = |, ie., a function that stacks the input
Xz

matrices on top of each other. Similarly, to extract the RIS reflection coefficient vector
from the constraint in (4.31c)), we apply the vectorization operation given in (1.1 to
the RIS-assisted component of (4.31c). As a result, (4.31c) can be expressed as

1Tyq0 + wrgl? < 70, Vr € QU (4.38)
where
Tro= Y. > (f5HJ o HH) e cMrxls (4.39a)
VgeQd keKy!
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T, and wyq are the RIS-assisted and direct BS-BS cross-link interference experienced
by the rth UL BS as a result of the transmissions of the ¢gth DL BS. From the above,
the feasibility check problem in (4.31]) can be written as

Find @ (4.40a)
|a,qu9 + ka|2 "
s.t. >, Vge Q (4.40b)
1C 1.0 + dg, |1 + 03,
T8 + wrgl® < 77, ¥r € QY (4.40¢)
dm € F, (4.40e)

Next, we exclude the limitation of the discrete phase shifts in @ and thereafter map
the obtained continuous phase shifts to the nearest discrete phase value in F as defined
in (4.1, the resulting feasibility check problem is given as

in 4.41a
Find 6 ( )
|af 6 + by, |2 "
s.t. >p, Vge Q (4.41Db)
IC,,0 + dy ||? + oG,
|1T70 + wrgl|* < 77r, W¥r € QY (4.41c)

Let us denote s as a new auxiliary variable, then (4.41)) can be written as

Find 6 (4.42a)
nH N 2 n"H= j 2 2
st. 07304 |bg|" > - (0 Eq 0+ [|dg, |7 + UQk:) , (4.42D)
OMT1,40 + ||wrg|® < 77, Vr e QU (4.42¢)
Hg][m]|2 = 1a m = 17 ,Ms, (442(‘1)
where é, g, Bqp, and Ig are defined respectively as
_ (Mg+1)x1
0= e C\"s (4.43a)
>
ag.all agb; Mg+1)x (Mg+1
> PV | c o(Ms+1)x(Mg+1) (4.43b)
ok Hp 0
L PqVar
[~H H
EQk _ CIE]IkCQk quko c (C(Ms-l-l)x(Ms-l-l) (4.43(3)
| dy, Cy 0
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H H
M WH T 0 | |
rq—-rq

Furthermore, we use the property given in . For example, the RIS-assisted desired
user signal @15, 6 in can be written as 013, 8 = Tr(X,, 00M), where Tr(:)
is the trace operator. Next, we define the following rank-one matrix 2 = oo <
C(Ms+1)x(Ms+1) guch that Q > 0, i.e., the matrix is a positive semidefinite matrix.
As a result, the feasibility check problem in can be recast into a constrained

SDP as

Find Q (4.44a)
st Tr(Zg0) + by > > ¢ (Tr(Eq, Q) + g ) , (4.44b)
Tr(I,Q2) + [|wrgl® < 77, Vr € QU (4.44c)
[y =1, m=1,--- Mg +1, (4.44d)
Q>0 (4.44e)
rank{Q} = 1. (4.44f)

Finally, we adopt the SDR technique (see Appendix |C.5) by relaxing the rank-one
constraint in (4.44f) to recast problem (4.44) into a convex SDP which can be solved
using the CVX tools.

Find Q (4.45a)
st Tr(Sg, Q) + g 2 = ¢ (Te(Eg, Q) + dg, 1?) (4.45D)
Tr(I,R2) + [|wrgl® < 77, Vr € QU (4.45¢)
Qg =1, m=1,-++, Mg +1, (4.45d)

Q= 0, (4.45¢)

It is noted that the considered SDP problem in has relaxed the rank-one con-
straint. However, the rank of the obtained solution may not be 1. If the rank is 1, then
0 can be obtained by using an eigenvalue decomposition of £2. Otherwise, we can use a
rank-one approximation such as an eigenvalue decomposition-based approximation or
Gaussian randomization (explained in Appendix |C.5]) to extract the @ that is feasible
for the considered problem [139,|140]. However, it has been shown in [140] that the
Gaussian randomization approach provides a better performance than the eigenvalue

decomposition-based approximation.

The obtained continuous phase shifts given as ¢, = Z60(m) are mapped to the
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discrete ones. This operation can be expressed as

Q;m = argmin ’Cb - ¢m’a (4'46>

pcF

Set iterationindex t = 1

and €, p > 0

where the periodicity with 27 is taken into account.

Initialize @(t—1) randomly

Design
Fqgt) and (p(t)

using the ADMM approach
discussed in Section 4.5

Solve the SDP problem as
discussed in Section 4.6 and
apply Gaussian
randomization to obtain

o(t)

l

Set No

Yes

Fig. 4.2: Flow chart for the implementation of the AO-ADMM algorithm.
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Next, the transmit beamforming vectors are updated using the 6 designed in the
previous step. The alternating optimization process continues until the difference be-
tween the consecutive value of the cost function ¢ as defined in becomes smaller
than a given threshold € > 0. The AO algorithm for the ADMM-based distributed
coordinated beamforming is outlined in Algorithm [3 and Fig. [4.2]

Algorithm 3: AO-ADMM
Data: ¢,t, p > 0, and random 6
Result: ¢, Fy;, and 6

1 fort =1:50 do

2 Solve problem (4.9)) for the given O(tfl), using the ADMM approach to
obtain Fq(t) and gp(t);
3 With the fixed Fq(t) and ©®) solve the SDP problem in (4.45) and apply

Gaussian randomization to obtain O(t);
if |t — ()] < ¢ then

4
5 ‘ 0« O(t);
6 else
- o(t=1) — g(t).
8 t+—t+1;
9 end
10 end

4.7 Backhaul Signaling and Per-BS complexity Analysis

The ADMM-based solution for the design of the transmit beamforming vectors requires
the ¢th DL BS to broadcast its local variables (Mg, ¢¢,7¢) to the coupled BSs, with a
total of 2|Q¥|(|Q¥|—1) ]Kgll +]10%) (|0 —1)| K| 41 real valued scalars per iteration.
This leads to a reduced signaling/computational load on the CPU when compared
with the centralized solution that requires each BS to exchange its local channel state
information with all other BSs. The total number of real-valued scalars required to be
sent in the centralized solution is 2| Y| My (| QY| —1)|Q| + 2] ¥ M2 (|| - 1)| QU]

hBS—UE HBS—BS

for the exchange of the and

(E3) and (@E5).

Furthermore, the per-iteration complexity of the ADMM-based solution is domi-
nated by the complexity of solving (4.25) by each DL BS, which has 1 SOC of size
K3 + 1), K] SOC of size (2]K +2), |KE| SOC of size (2/Kd + 1), Q4| SOC
of size (Mp|K{| + 1), QY] SOC of size (Mp|KI| + |KI| + 1), and 1 SOC of size

effective channels, respectively defined in
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Fig. 4.3: Convergence behaviour of the AO-ADMM for different P, assuming p = 0.5. Note
p is the penalty parameter as given in (4.24]).

(MT|ICfJﬂ| + 1). The per-BS computational complexity can be computed using the

complexity of a generic interior point method as given in [141}142].

4.8 Numerical Results

In this section, we show simulation results to evaluate the performance of our pro-
posed method as compared to the centralized baseline scheme given in Algorithm
of Section [129]. We consider a system with @ = 4 cells, as shown in Fig. [4.1}
where |Q¥| = 2 and |QY| = 2. We assume pf}l = P, Vg e Q4 O’% =...= 0%( =1,
p}}l = 23dBm, 7 = 4dB, Vr € QY and € = 1073, Equally, |le}1| = 2,Vq € o4,
KU =2, vr € QU and [Mg, My] = [256,16]. We assume a Rician flat fading chan-
nel model such that, for example, the channel between the gth BS and the RIS is

represented as
/| K /1
¢ k+119 + k+11 (4.47)
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—— AO-Centralized
—+— AO-ADMM p =0.5
—— AO-ADMM p =1
—&— AO-ADMM p =2

0 -':‘ T T [ !
10 20 30

Number of iterations, ¢

[Min(SE)| (bps/Hz)

W~
S

Fig. 4.4: Convergence behaviour of the AO-ADMM algorithm for different p, assuming that
P = 5dB.

where x > 0 denotes the Rician s-factor and H(?OS denotes the channel associated
with the LOS component which is modeled according to , while H, EI\ILOS represents
the NLOS component, whose entries are independent and identically distributed (i.i.d.)
and follow the complex Gaussian distribution with zero mean and unit variance. The
other channels are modeled in a similar manner. In all our numerical experiments, we

used the same value of k = 2 for all the channels for simplicity.

We study the achievable spectral efficiency using the maximization of the minimum

SINR, expressed as logo(1+¢). Note that from > 74 = |04, the global variable ¢

is the average SINR that is obtained independently by all the DL BSs. For performance

comparison purposes, we include results for the case where problem (4.7)) is solved by
adopting an AO approach and problem (4.9)) is solved according to the centralized
approach in [129] while the SDP method is used to solve problem (4.31]).

Fig. shows the convergence behaviour of the proposed AO-ADMM solution for
different maximum total transmit power P values while assuming that p = 0.5. It
can be seen that the AO-ADMM solution converges to the AO-centralized solution
within 10 iterations for the different maximum transmit power values considered. This

confirms the practicality of the proposed design.
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Fig. 4.5: Minimum SE versus the maximum transmit power, p = 0.5.

In Fig. we investigate the convergence behaviour of the proposed AO-ADMM
solution for different values of the penalty parameter p given in . The results
show that for all considered values of p, the AO-ADMM solution converges to the
AO-centralized solution within a few iterations. From the figure, we see that the AO-
ADMM converges faster to the AO-centralized solution with the p = 0.5, and the
convergence is slowest with p = 2. This shows that the rate of convergence depends on

the value of p as it helps to achieve numerical stability and faster convergence.

Next, we compare the minimum spectral efficiency obtained using the AO-centralized
solution and the AO-ADMM solution for different maximum total transmit power P
values. Fig. clearly shows that the AO-ADMM solution achieves the same per-
formance as the AO-centralized solution for all values of the maximum total transmit

power P.

4.9 Chapter Conclusions

In this chapter, we have considered an RIS-aided DTDD wireless network and utilized
the alternating direction method of multipliers (ADMM) based distributed coordinated

transmit beamforming to reduce the high signaling overhead involved in collecting
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all the channel state information at the CPU and SDP for the design of the passive
reflection matrix. To this end, an AO-ADMM algorithm was proposed. The simulation
results demonstrate that after a few iterations, the AO-ADMM algorithm converges to
the centralized solution. Furthermore, the distributed solution has a lower signaling

overhead and complexity than the centralized solution.
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5. LEAKAGE-BASED COORDINATED
BEAMFORMING FOR RIS-AIDED DTDD
SYSTEMS

In this chapter, we consider the discrete phase-shift model for the RIS and the con-
cept of signal leakage for the design of the transmit beamforming for an RIS-aided
DTDD system controlled by a CPU. Maximizing the signal-to-leakage-plus-noise ra-
tio (SLNR) for all the users in the downlink cells is an efficient way of designing the
transmit beamforming vectors because it limits the search space and also lowers the
complexity involved in finding efficient transmit beamformers. The decoupled nature
of the SLNR criterion allows for a characterization of the solution to the multi-user
beamforming problem in terms of generalized eigenvalue problems. Numerical results
show that the proposed algorithm achieves a satisfactory performance compared to

other baseline schemes from the literature.

5.1 Introduction

Leveraging upon the intelligent spectrum control of the RIS, we have shown in the pre-
vious chapters that the cross-link BS-to-BS interference can be effectively mitigated by
the joint design of active transmit beamforming vectors and the passive RIS reflection
vector, thereby improving the overall system spectral efficiency for an RIS-aided DTDD
system. However, due to the densification of the small cells and the required exchange
of channel state information (CSI) in an RIS-aided DTDD system, there is still the
need to carry out additional work to develop and implement solutions that will further
reduce the complexity involved in the design of the passive and active beamforming
in order to reduce the burden on the CPU and the backhaul connections to a greater

extent.

To this end, in this chapter, we consider the discrete phase-shift model for the
RIS and the concept of signal leakage for the design of the transmit beamforming
for an RIS-aided DTDD system controlled by a CPU. Such a system is shown in
Fig. [3.1] Maximizing the signal-to-leakage-and-noise ratio (SLNR) for all the users in
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the downlink cells is an efficient way of designing the transmit beamforming vectors
because it limits the search space and also lowers the complexity involved in finding
efficient transmit beamformers [22,{143-145]. Moreover, in contrast to the ZF solution
and the block diagonalization (BD) algorithm, the leakage scheme does not require any
dimension condition on the number of transmit/receive antennas. The ZF solution and
the BD algorithm require the number of transmit antennas at the base station to be
greater than or equal to the sum of receive antennas of all users [13]. This condition
is necessary in order to provide enough degrees of freedom for the ZF solution and the
BD algorithm to force the multi-user interference to zero at each UE. The leakage-
based solution further takes into account the influence of noise when designing the
beamforming vectors. By doing so, the leakage-based solution outperforms ZF solutions

even when the dimension requirement for zero-forcing solutions is satisfied [146].

The resulting optimization problem is solved by decoupling it among the variables,
and we propose a low-complexity and non-iterative method, similar to the concept in
Method 2 of Section [3.5]for the design of the RIS reflection vector and the Rayleigh-Ritz
[127] method for the design of the transmit beamforming vectors. This is in contrast to
the problem considered in Chapter |3| where the spectral efficiency is maximized based
on the SINR and the continuous phase shifts are considered for the RIS. However, the
SLNR is maximized in this chapter and the discrete phase-shift model for the RIS is
considered. Moreover, we assume that the directions of operation of the small cells
are known beforehand, i.e., we know the cells that are operating in the UL and DL,
respectively. These directions are known at the CPU. The concept of leakage-based
coordinated beamforming for RIS-aided DTDD systems has been published in [43].

5.2 Chapter Contributions and Organization

In this chapter, we address the issue of further reducing the complexity involved with
the joint design of the transmit beamforming and the passive beamforming for an
RIS-aided DTDD wireless system. We adopt the SLNR concept for the design of the
transmit beamforming vectors of the DL cells in order to reduce the search space and
also lower the complexity involved in finding efficient transmit beamformers. The de-
coupled nature of the SLNR criterion allows for a characterization of the solution to
the multi-user beamforming problem in terms of generalized eigenvalue problems. The
resulting optimization problem is solved by decoupling it among the variables, and we
propose a low-complexity and non-iterative method for the design of the RIS reflec-
tion vector and the Rayleigh-Ritz method for the design of the transmit beamforming

vectors.
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The rest of the chapter is organized as follows. The system model is presented
in Section [5.3] while the maximization of the sum SLNR problem formulation and
proposed solution are considered in Section[5.4} In Section[5.5the complexity analysis is
carried out, and the numerical results are presented in Section[5.6] Chapter conclusions

are presented in Section [5.7]

5.3 System Model

In this section, we consider an RIS-aided mmWave DTDD system consisting of @
small cells, where each cell has a BS with a ULA of My antennas serving a single
UEE| that is equipped with a single-antenna. As shown in Fig. , we assume that
the communication is aided by an RIS with Mg passive reflecting elements uniformly
arranged on a rectangular surface. The RIS has M b and MV elements in the horizontal
and vertical directions, respectively, as shown in Fig. Therefore, Mg = M b pmv.
Let @ = {1,---,Q} denote the set of BSs (cells). At the considered time instant, we
assume that there are |Q"| cells operating in the uplink (UL) direction and |Qd| cells
operating in the downlink (DL) direction, such that |Q"|+|Q%¥| = Q and QW N Q¥ =
(). Note that |X| denote the cardinality of set X, i.e., the number of elements in set X

Let H; € CMs*xMr 16 the channel matrix from the gth BS to the RIS, hq € CcMs
be the channel vector from the gth UE to the RIS, Gy 4 € CMrxMr 16 the channel
matrix from the gth DL BS to the rth UL BS, g44 € CMT be the channel vector from
the gth BS to the gth UE in the gth DL cell, and g4, € C be the channel scalar from
rth UL UE to the gth DL UE. Let us denote b as the number of quantization bits of
the RIS, such that the number of phase levels is 2°. As in Chapter , the resulting
discrete phase shifts of the RIS are expressed as

N 2r 27 b 27
.7-"—{0,@,2@,---,(2 —1)§ . (5.1)

The received signal by the UE in the qth DL cell, i.e., q € le, can be expressed as

dl BS-UE\H UE-UE
w = 3 WM s 3 e vz (52)
VkeQdl vreQul

I The extension of our proposed solution to multi-user scenarios is straightforward.
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where

hyvUE = (hlleH), + !l )M, (5.3)

the vector in represents the effective desired user channel, i.e., for ¢ = k and/or
effective inter-cell interference channel, i.e., for ¢ # k. Furthermore, repre-
sents the UE-UE cross-link interference from the UE in the rth UL cell to the UE
in the gth DL cell. Moreover, ® = diag(@) is the RIS reflection diagonal matrix,
6 = [ej¢1, e ,ejd)MS]T e CMs with ¢, € F, I € CMT s the transmit precoding

vector with || £33 = pgl, x}; is the zero mean transmit symbol such that E{|z;|?} = 1,
2
q )
is the transmit power in the X € {dl, ul} direction. Then, the SINR at the UE in the

qth DL cell is given as

zq is additive white complex Gaussian noise with zero mean and variance o, and p%(

BS-UENT ¢ |2
ngl) _ ‘(hqg ) _fq’ ) (5.5)
T RETTETRR T R URR o3
v]ﬁfe#gdl VTEQHI
q

Equally, the total received BS-BS interference power at the rth UL BS, i.e., r € Qul,

from the DL BSs, can be expressed as

BS-B 2
Py = Y HEFPS £ |17, (5.6)
where
HSB = gleoH, + G, (5.7)

is the effective BS-BS cross-link interference channel between the gth BS operating in
the DL and the rth BS in the UL.

In this chapter, we assume that the above-defined channels { Hy, hq, Gr.q, Gr,q, 9r,q }
are modeled according to the well-known mmWave Saleh-Valenzuela geometric channel
model [123125] as discussed in Section where every channel is modeled as a
summation of L < max{Mg, M} paths, each has a distinctive DoD and/or DoA and
a complex path gain. Under this assumption, we have that rank{H,} < L,Vq and
rank{Gy 4} < L,Vr,q. We assume the availability of the perfect CSI at the BSs. The

CSI can be estimated using, for example, the channel estimation method in [37].
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5.4 Problem Formulation

The main goal here is to design the passive reflection vector @ € CMs of the RIS and the
active transmit beamforming vectors f; € CMr vg e QI of the DL BSs to maximize
the sum SLNR. This is motivated by the need to reduce the complexity involved in
designing the transmit beamforming vectors. As shown in [22,[143-145] the SLNR
is a reasonable metric to balance the complexity and performance in massive MIMO
systems and leads to an optimal closed-form characterization of the BS precoders. The

SLNR-based problem can be formulated as

I}fg Z Q((]dl) (5.8a)
QEle

st || £ll3 <py, Vg e Q1 (5.8b)

[0]g|* =1, m=1,---, Ms, (5.8¢)

bom € F, (5.8d)

where (5.8b]) is the DL transmit power constraint, (5.8c) are the CMCs for the RIS
reflection coefficients, (5.8d|) is the discrete phase constraint of the RIS, and Qédl)

denotes the SLNR at the gth DL cell, i.e., g € le, which can be expressed as

Q) _ |(RESUE)H £, 2
! | Agfqll> + 02’

(5.9)

where
Ay = stack{AqBS'UE, AqBS'BS} e cUxMr (5.10)

is a matrix containing all the channels from the ¢th UE in the gth DL cell to other
users in the DTDD system and U = |Q¥| — 1 4+ |QW|Mp. Furthermore, AqBS'UE €
ClQYI=1XMr 5 the inter-cell interference (leakage) experienced in the other DL cells
as a result of the transmission in the gth DL cell, as defined in (5.11)),

BS-UE BS-UE\H BS-UE \H ;#.BS-UE \H dll 1) x M
APFVE = stack{(RPFUR), - (hSUE M (RISITE) ) v e QY -1)xMr

(5.11)

where for example, hEE‘UE = hllj@H g+ ngq is the effective interference (leakage)
channel at the UE in the kth DL cell from the transmission of the qth DL cell. Moreover,
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AqBS'BS is the cross-link interference (leakage) experienced by the UL BSs in the DTDD

system due to the transmission in the gth DL cell as given in (5.12]),

ul
ABSDS _ o (HPSPS, . HPSPS) ¢ VoM (51
X1
where HEQS'BS is as defined in (5.7). We define X = stack{X;}yicz=| ¢ |, 1ie.,a
Xz

function that stacks the input matrices on top of each other.

We note that the difference between the SINR given in (5.5) and the SLNR given
in is that the denominator of contains interference from other UEs in the
DTDD system to the UE in the qth DL cell, whereas the denominator of is the
leakage to other UEs in the system from the BS in the ¢th DL cell. As a result,
the SLNR in have the same precoding vector fq in both the numerator and the

denominator. This fact facilitates the solution of the problem.

To solve the non-convex problem ([5.8]), we propose in the following a non-iterative
algorithm by decoupling the optimization between the problem variables. Specifically,
given the channel matrices, we design the RIS passive reflection vector 8 & CMs. After
that, for a given 6, we design the BSs’ transmit active beamformers f; € CMr | using
the Rayleigh-Ritz method [127].

5.4.1 RIS Reflection Design Method

From ([1.1)), we first note that the vectorized form of the above-defined effective desired

channel given in (5.3) and leakage channels in (5.7) can be expressed as

hog P = (Hy ohy)0 +ggq, Vg € Q1 (5.13)
—_——

Hygo®
hpo VB = (H] oh]) 0+ gy 4, Vh,g € QU ki #£ ¢ (5.14)
N —
HES_UE

Vec{H,]?g'BS} = (H(-]r oH')0 + vec{Grq}, vro vg e o1, (5.15)
—_———

B
where H(]I?jg'UE € CMrxMs ig the desired channel in the gth DL cell, HES'UE €
CMrxMs g the DL leakage channel from the gth DL cell to other DL cells in the DTDD
system, i.e., Vk,q € odl k = q, and fIEqS'BS € (CM%XMS is the BS-BS leakage channel
from the gth DL BS to rth UL BS. Note that rank{H}j’g'UE} < Land rank{I;IEqS'BS} <
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L? due to the channel model used. Considering only the RIS-assisted channels, we

define the following matrices

dlpy.
DEE'UE = stack{I—I(]fg'UE}quQm e Q%) -MrxMs (5.16)
BS-UE BS-UE Al —1). Mpx M.
CBten, = stack{ HPS B} oy, € CUSTIZD My (5.17)
B —B 5 B _B ul M2 M
CO ok = stack{ HPY Bk ol yge gt € ClQM - MpxMs, (5.18)

where DEE'UE in contains all the RIS-assisted composite desired user channels
for all the DL UEs in the DTDD system. Additionally, C]]%E:}ggk in contains all
the RIS-assisted composite leakage channels to other DL UEs due to the transmission
of the gth BS in the ¢th DL cell. Furthermore, C%Is;ﬁgk in contains all the RIS-
assisted composite BS-BS leakage channels for all the UL BSs due to the transmission
of the gth DL BS. From the above, we propose a heuristic method to design the RIS
reflection vector @ € CMs similarly as discussed in Section [3.5/ and in [41]. Therefore,

0 is designed as a solution to

max |1DEVEg||3 (5.19a)
st ([0 ? =1, m=1,---, M, (5.19b)
om € F, (5.19¢)
Cleakt = 0, (5.19d)

where Ciaax = Stack{CgISjggk, ngjggk} e C/*Ms s the total leakage channel in the
DTDD system due to the transmission of the gth DL BS, where J = My (|QY| - My +
(]O"] — 1)). The problem in is non-convex due to the constraints in ([5.19b))
and . In the following, we propose a low-complexity non-iterative sub-optimal

solution to obtain a feasible and efficient RIS reflection vector.

Remark 1: Given the above mmWave channel model adopted in this chapter, the

following inequality is satisfied:
BS-UE BS-BS
rank{Cleak} < LD7 Jeak T LUT leak: (5.20)

where LBFVE < (042 — QU L, from (B.17), LPFES, < |od|Qw (L2, from (5.18).

We propose to relax (5.19b)) and address the discrete non-convex constraint in
(5.19¢)). To this end, we exclude the limitation of the discrete phase shifts and thereafter

map the obtained continuous phase shifts to the nearest discrete phase value in F as

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



5. Leakage-Based Coordinated beamforming for RIS-aided DTDD Systems 83

defined in (5.1). The resulting problem is given as

max || DESVE03 (5.21a)
s.t. Cleake =0 (5.21b)
l6]I3 = 1. (5.21¢)

We propose to solve (5.21) by adopting a similar heuristic approach in Method 2 of
Section . First, we assume that 6 is decomposed into |QY| sub-vectors as

0:91+92+"-+9|le|, (5.22)

where [|04]|3 = 1,Vq and |04 is the total number of cells operating in the DL. Given

the above decomposition, we propose to design the gth sub-vector 8, as

BS-UE 2
max IHZSVE, 13 (5.23a)
q
st (16403 =1 (5.23b)
INT
X, 60,=0, (5.23c)

where Z}JNT - StaCk{D]]ig)%:H\IET’ Cleak } and
BS-UE BS-UE dl| 1) Mpx M
Dpgint = stack{H} " by, ge 0al g € clQTI= Ml (5.24)

ie., DBEZPNET is a matrix containing all blocks of DBE'UE in |D except for the gth
sub-block. Note that

INT BS-UE
Ry, 2 rank{Z{"} < rank{Clea} + LBS1NT: (5.25)
where LBSUE < (|0dl| —1)L. A solution to the gth sub-problem in (5.23) is g
DSINT < : gth sub-problem in (|5.23)) is given as
FD NS BS-UE M
9q = ‘/INT,qvmaX,q € (C S, (526)

where VI%% g € CMs*(Ms=Rsq) 6145 the basis for the null-space (NS) of E}INT, which
’ BS-UE
S

can be obtained from the singular value decomposition of ZEINT [13] and w3y

C(MS_RZq) *1is the right singular vector corresponding to the maximum singular value

of H(]]3§-UEVINS c cMrx(Ms—Es,) EéNT

NT,q matrix.

, where Ry, is the rank of the

The obtained continuous phase shifts given as ¢, = AOFD(m) are mapped to the
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discrete ones. This operation can be expressed as

Gm = argmin|¢ — o, (5.27)
oeF

where the periodicity with 27 is taken into account. Finally, to satisfy the constant

modulus constraints in ([5.19b)), we apply the element-wise projection function as

oMC P (") (5.28)

5.4.2 Transmit Beamforming Design

For a given 8 € CMs_ we design the transmit beamforming vectors fq € CMr vq e odl

as the solution to the problem given as

max > i (5.29a)
fq gcodl
st | fol3 < g, vge Q¥ (5.29b)

where Q((]dl) is the SLNR at the gth DL BS as defined in (5.9)). The objective of the

beamformer is to make the desired power as large as possible compared to the leakage
power. Since has the same transmit beamforming vector f; in its numerator
and the denominator, it is easy to verify that we can decompose problem into
|le| sub-problems which have simple closed-form solutions. The SLNR in (5.9)) can
be written as

@) _ Fo'heq Ehgg TN,

T AN A+ 2T fy
According to the generalized Rayleigh-Ritz quotient method (see Appendix[D.3)) [127],

the optimal fy is given as

(5.30)

-1
fq = VP omax {(AqHAq + agzMT) hgg-UE(hgg-UE)H} , (5.31)

where the scaling factor 4/ pf}l is used so that f; satisfies the power constraint in ([5.29b))
and the vector vmax{-} is the eigenvector corresponding to the largest eigenvalue of

the matrix. The eigenvector is normalized to unit norm, i.e., ||vmaxl|/2 = 1.

For comparison purposes, the ZF solution for the design of f; € CcMr vq e o,

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



5. Leakage-Based Coordinated beamforming for RIS-aided DTDD Systems 85

according to [143}|146] is given as
FEE = Y ux e cMrel, (5.32)

where Yq = Ipp, — A;Aq e CMrxMr 4pq ug ™ € CMrx1 g the right singular
vector corresponding to the singular value of <(hqB7§]'UE)HTq) e CY*Mr and A[; is
the pseudo-inverse of Ay € CUXMT as defined in (5.10). If Ay is a tall matrix, then
Y, =0, as a result (hEE'UE)HTq reduces to zero which suggests that quF = 0. This
explains why the ZF solution is only applicable when the dimension condition [13] is
satisfied. From our system model, for the problem in to be well posed (i.e., in

order for quF non-zero), we must have
My > |QY) — 1+ |QY M. (5.33)

However, this condition is not satisfied as A4 is a tall matrix. This accounts for the
poor performance of the ZF-based solutions in terms of the system-wide achievable

spectral efficiency as shown in our numerical results.

5.5 Complexity analysis

Since the complexity of computing the SVD of a m x n matrix, with m > n, is
on the order of ®{n2} [127], the complexity of calculating 8MC is on the order of
(9{|Qd1|MSQ}. The computational complexities of the leakage-based transmit precoding
vector and that of the ZF solution are mainly due to the matrix inversion. The matrix
inversion has a complexity of @(n?) [127]. Therefore, the computational complexity
of the leakage-based transmit precoding vectors f; € CMT,Vq e Q4 is on the order
of (9{|Qd1|M%} [127]. Similarly, the computational complexity of the ZF solution
FEE e cMr vg e @l is 0{|Q| M3},

Achievable sum rate: We adopt the system-wide spectral efficiency (SE) as a
performance evaluation metric. The system-wide SE for the RIS-aided DTDD system

SE= 3 logy (1+14M) + > logy (1+14Y). (5.34)
YgeQdl yreQul

is given as

5.6 Numerical Results

In this section, we show simulation results to evaluate the performance of our proposed

method as compared to baseline schemes. We consider a system with ¢ = 4 cells,
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as shown in Fig. , where |Q¥| = 2 and |QW| = 2. We assume that the RIS
has Mg = 256 passive reflecting elements and each BS has Mt = 16 antennas. We
set p},ﬂ = 23dBm and assume that the number of channel paths L = 4, where the
corresponding DoDs and/or DoAs are uniformly distributed in [—7, 5]. With the above

E}JNT and the matrix that spans the null-space of

c C256><228

simulation parameters, the rank of
EINT
q

in Section |5.4.1| are given as qu = 28 and VI%% q , respectively.

For performance comparison purposes, we include results for the following baseline

cases:

1. Baseline 1, the SLNR-max problem ([5.8) is solved by adopting an alternating
optimization (AQO) approach according to [147]. Here, the transmit beamforming
vectors are designed according to , and the SQUAREM-MM algorithm is
used to design the RIS reflection vector [147]. The obtained continuous phase

shifts are then mapped to the nearest discrete phase.

2. Baseline 2, where the entries of the RIS reflection vector 8 € CMs are designed
as proposed in ([5.23)), and the transmit beamforming vector f; € CMr g e o4
is designed according to the ZF solution in (/5.32)).

3. Baseline 3, where we adopt the AO approach and use the SQUAREM-MM
algorithm to design the RIS reflection vector as in [147]. Then we adopt the ZF

scheme for the design of the transmit precoder f; € CMr vq e ol for a given
6 c CMs,

In Fig. [5.1], we present the performance result of the proposed scheme in terms of
the SLNR with respect to the DL transmit power while assuming that the RIS has
Mg = 256 passive reflecting elements and each BS has M7 = 16 antennas. We present
simulation results for two cases; when the discrete phase shifts of the RIS, i.e., when
the constraint in (5.19¢)) is satisfied, and the ideal RIS case (continuous phase shifts).
The number of quantization bits used for the discrete phase levels is b = 2. From the
figure, we observe that the proposed method outperforms Baseline 1, as a result of our
adopted low-complexity non-iterative design method for the reflection vector of the
RIS. We observe that there is a performance gap in the SLNR performance between
the ideal case and the discrete case for the considered schemes. This performance gap
is due to the quantization error, which is the difference between the continuous phase

shifts and the nearest discrete phase shifts.

In Fig. [5.2] we show the achievable SE versus the DL SNR for all the cells in the
DTDD system, while assuming that the RIS has Mg = 256 passive reflecting elements

and each BS has Mt = 16 antennas. The number of quantization bits used for the
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Fig. 5.1: SLNR versus DL transmit power, assuming Mg = 256 and Mt = 16.

discrete phase levels is b = 2. From the figure, we can clearly see that the proposed
method has better SE performance compared to the other baseline schemes. The
figure shows that the SLNR-based schemes (Proposed and Baseline 1) outperform the
ZF-based schemes (Baseline 2 and Baseline 3), this is as a result of the fact that the
SLNR-based schemes do not suffer from the dimensionality condition in [13] for effective
mitigation of the multi-user interference in the system. We note that the system-wide
SEs for the ZF-based solutions (Baseline 2 and Baseline 3) are mainly due to the
achievable rates in the UL cells. This is because according to the condition in ([5.33])
the ZF solution for the DL cells is zero, i.e., quF e CMr = 0, vg € Q.

Fig. compares the SE performance of the considered schemes upper-bounded
by their ideal RIS cases (continuous phases) for different values of b. There is a per-
formance gap in the achievable SE between the ideal case and the discrete case for
the considered schemes as a result of the quantization error, which reduces with an
increase in the number of quantization bits. The proposed method outperforms the

other baseline schemes in both scenarios.
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Fig. 5.3: SE versus DL SNR, for different quantization bits b.
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Fig. 5.2: System-wide SE versus DL SNR, assuming b = 2.
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5.7 Chapter Conclusions

In this chapter, we have considered the transmit beamforming and RIS reflection co-
efficient design problem in an RIS-aided DTDD wireless network to maximize the
signal-to-leakage-and-noise ratio. We have proposed a centralized low-complexity and
non-iterative solution for the design of the RIS reflection vector and the constrained
optimization of the SLNR for the design of the transmit beamforming vectors. The
decoupled nature of the SLNR criterion allows for a characterization of the solution to
the multi-user beamforming problem in terms of generalized eigenvalue problems. The
proposed design scheme does not impose a restriction on the number of available trans-
mit antennas. The provided simulation results have shown that the proposed method

achieves satisfactory performance compared to other baseline schemes.
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6. ROBUST BEAMFORMING FOR
RIS-AIDED DYNAMIC TDD SYSTEMS

In this thesis, RIS-aided DTDD systems have been proposed as a solution to meet the
traffic fluctuations in small cells and tune the wireless propagation channels in real
time. The performance improvement that can be obtained from this incorporation
heavily depends on the accuracy of the channel state information (CSI). However,
previous works have considered systems with perfect CSI, without considering the
effects of channel estimation errors. In this chapter, we propose robust transmission
strategies for an RIS-aided DTDD system with imperfect CSI. The problem is formu-
lated as a sum-power minimization problem for the downlink cells under individual
users’ SINR constraints, interference temperature constraints for the uplink cells, and
unit-modulus constraints of the RIS in the presence of CSI errors. We consider the
bounded CSI imperfection and the statistical imperfection models. We adopt the
S-procedure to reformulate the bounded CSI model-based design formulation and a
Bernstein-type inequality to reformulate the statistical CSI model-based design ap-
proach into tractable problems that can be solved efficiently. Numerical results show
that the outage probability-based (statistical) approach outperforms the bounded CSI
method-based design.

6.1 Introduction

In the previous chapters and in [41H43|, we demonstrated the potential benefit of
employing the RIS to improve the communication efficiency, while reducing the impact
of cross-link BS-to-BS interference for an RIS-aided DTDD system. The cross-link
interference is effectively mitigated via the joint design of active transmit beamforming
vectors and the passive RIS reflection vector. The performance improvement that
can be obtained from this joint design of the active and passive beamforming vectors
heavily depends on the accuracy of the CSI. In this context, most of the works on
RIS-aided communication systems have assumed the availability of perfect CSI, i.e.,

there are no CSI estimation errors, e.g, [41-43,/74]. Unfortunately, it is impossible
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to perfectly acquire the CSI in practice due to channel variations or feedback errors.
Hence, assuming perfect CSI for beamforming design either imposes a high burden on
communication systems or results in a resource allocation mismatch such that the QoS
of the users cannot be guaranteed. Therefore, robust active and passive beamforming
designs taking CSI imperfections into account are desirable to fully realize the potential

benefits of RIS-aided communication systems.

In [148], the robust transmit beamforming vectors at the BS and the phase shifts at
the RIS are jointly designed in order to minimize the total transmit power subject to
worst-case QoS constraints, i.e., maintaining a required achievable rate for every user
under all possible cases of CSI errors. To that end, an ellipsoid approach was adopted
to capture the channel uncertainties, where the Frobenius norm of the channel error
vector is assumed to be confined within a given radius of the uncertainty region. This
method results in a conservative approach, which requires an exceedingly large amount

of system resources to protect rarely occurring worst cases.

The authors in [149] further proposed a robust secure transmission strategy by also
applying the worst-case optimization method when the channels from the RIS to the
eavesdroppers were imperfect, i.e., the CSI has estimation errors. However, in practice
to implement this robust design algorithm one would have to estimate the BS-RIS
channel and RIS-UE channels independently. This is difficult to achieve since several
active elements would have to be installed at the RIS, increasing the hardware cost

and consuming extra power.

In [150], a robust probabilistic-constrained optimization problem is formulated to
jointly design the active and passive beamforming vectors at the BS and the RIS.
The proposed solution minimizes the total transmit power while maintaining the users’
SINR coverage probability above a predefined value. The authors adopted a Bernstein-
type inequality to transform the formulated problem into a linear matrix inequality
(LMI) form, i.e., into a convex optimization problem and then adopted an alternating
optimization (AO) approach to iteratively design the transmit and passive beamforming
vectors. Transmit power minimization problems for RIS-aided MISO communication
systems are studied in [151}/152]. The authors considered the bounded CSI error and
the statistical CSI error models. The CSI uncertainties under a bounded CSI error
model were addressed by applying the S-procedure and those under the statistical
CSI error model were tackled by using a Bernstein-type inequality. The reformulated

problems were efficiently solved under the alternating optimization framework.

However, all the existing contributions on robust beamforming designs for RIS-
aided communication systems have been considered for TDD systems. Against this

background, we study robust transmission strategies for an RIS-aided DTDD communi-
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cation system. Particularly, the work in this chapter is similar to the work in [151}/152],
but extended to an RIS-aided DTDD system. Both works adopt the S-procedure and a
Bernstein-type inequality to respectively recast the resulting intractable problems for
the bounded norm and statistical CSI error models, into tractable ones. The difference
between an RIS-aided TDD system and that of an RIS-aided DTDD system is the
additional cross-link interference in addition to other existing interference (intra-cell
and inter-cell interference). The main challenge brought by DTDD is the cross-link
interference issue, because adjacent cells may use different TDD frame configurations
according to traffic needs at a given time, thereby giving rise to opposite transmission
directions among neighboring cells. There are two kinds of cross-link interference: base
station-to-base station (BS-to-BS) and user equipment-to-user equipment (UE-to-UE)
interference, which may degrade the system performance significantly (see Fig. [6.1]).
Among the two, the BS-to-BS interference is extremely detrimental due to the large
transmit power and LOS propagation characteristics. The robust beamforming prob-
lem considered in this chapter is formulated as a sum-power minimization problem for
the downlink cells under individual UE’s target SINR constraints, interference tem-
perature constraints for the UL cells, and unit-modulus constraints of the RIS in the
presence of CSI errors. We assume that the directions of the small cells have been
optimized a priori, e.g., by using the cell reconfiguration method proposed in [122],
and are known at the CPU.

6.2 Chapter Contributions and Organization

In this chapter, we consider robust transmission strategies for an RIS-aided DTDD

communication system. The contributions of this chapter are summarized as follows:

e Taking the CSI imperfection into consideration, we investigate robust transmis-
sion strategies for an RIS-aided DTDD communication system. We address the
problem of minimizing the total transmission power of the cells in the downlink

direction subject to the following set of QoS constraints:

1. that the SINR at each UE in the downlink cells is higher than the QoS

predefined threshold for all channel realizations;

2. that the sum interference leakage power at each cell in the uplink direction
due to the transmission of the downlink cells is less than the QoS imposed
threshold;

3. that the RIS is a passive device that just changes the phase of the incident

signal.
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e We consider a conventional worst-case formulation which has deterministic upper
bounds on the norms of the channel imperfection. We adopt an SDR technique
and S-procedure |131] to reformulate the problem into an SDP form with linear
matrix inequality (LMI) constraints. Then, we adopt the AO approach to update
the active transmit beamforming vectors and the passive RIS reflection vector

sequentially. The worst-case robust beamforming design has been published in
[44].

e However, it is impractical to use deterministic upper bounds on the norms of
the channel errors. Due to the random nature of the wireless channel, it is more
logical to exploit the statistical nature of these imperfections. Motivated by this
fact, we introduce a probabilistic-constrained optimization problem, based on
the statistical channel error model. Since the adopted probabilistic constraints
are non-convex we employ a Bernstein-type inequality [142] to develop a safe
(conservative) approximation of the original problem. Then, the SDR technique
[140] is used to transform the safe approximation into a tractable SDP which
can be optimally solved by a standard interior point method (IPM), e.g., the
self-Dual-Minimization (SeDuMi) solver in CVX [135]. Finally, we adopt the AO
approach to update the active transmit beamforming vectors and the passive RIS
reflection vector iteratively. The probabilistic-constrained robust beamforming

design has been published in [45].

e We analyze the performance complexity tradeoff of the considered robust trans-
mission strategies. We show the complexity orders for the design methods when
implemented by a generic IPM. Results from our numerical analysis show that
the probabilistic-constrained (outage probability) based approach [45] outper-

forms that of the worst-case design-based robust transmission strategy [44].

The rest of the chapter is organized as follows. The system model is introduced in Sec-
tion The worst-case robust design problem is formulated and solved in Section [6.4]
In Section [6.5] the probabilistic-constrained robust design problem is formulated and
solved. The computational complexity of the developed robust design methods is an-
alyzed in Section [6.6] Simulation results are then provided in Section and conclu-

sions are drawn in Section [6.8]
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6.3 System Model

In this chapter, we consider an RIS-aided DTDD system consisting of () small cells,
where each cell has a BS with a ULA of Mt antennas serving a single UEE that is
equipped with a single-antenna. As shown in Fig. [6.1] we assume that the communi-
cation is aided by an RIS with Mg passive reflection elements uniformly arranged on a
rectangular surface. The RIS has M b and MY elements in the horizontal and vertical
directions, respectively, as shown in Fig. . Therefore, Mq = M b AfY. The BSs and
the RIS are controlled by a CPU via backhaul connections. Similar to [33], we note
that due to pathloss the negligible strength of the signals reflected two or more times
by the RIS is ignored. We focus on a challenging scenario where the direct links are

not available due to unfavorable propagation conditions.

Denote @ = {1,--- ,Q} as the set of BSs (cells). At the considered time instant, we
assume that there are |Q"] cells operating in the uplink (UL) direction and |Qd| cells
operating in the downlink (DL) direction, such that |Q"|+|Q%Y| = Q and QW' Q¥ =
(). Note that |X| denote the cardinality of set X, i.e., the number of elements in set X.
Let H; € CMs*xMr e the channel matrix from the qth BS to the RIS and hy € CMs
be the channel vector from the RIS to the qth UE in the qthe DL cell. Then, the
received signal by the UE in the gth DL cell, i.e., ¢ € le, can be expressed as

dl _
s = 3 T R+ Y AR b+ 2, (6.1)
VEeQdl vreQul
where
hoyUF = (hfl@H))", (6.2)

is the composite BS-UE channel from the BS in the gth DL cell to the qth UE in the

same cell via the RIS and
hotUE = nllen,, (6.3)

is the composite UE-UE channel from the UE in the rth UL cell to the gth UE in the ¢qth
DL cell via the RIS. Furthermore, ® = diag(@) is the RIS reflection diagonal matrix,
0 = [B1ed?1, . .. ,BMej¢MS]T e CMs  where 3, € [0,1] and ¢, ~ N(0,27) denote the
amplitude and phase shift associated with the mth element of the RIS, respectively. We
assume that 3, = 1,Vm in this chapter to maximize the signal reflection [32]. Equally,

f1. € CMT is the transmit beamforming vector with || f]|3 = pgl, xj, is the zero mean

! The extension of the proposed solution to multi-user scenarios is straightforward.
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Fig. 6.1: An RIS-aided DTDD system without direct links.

transmit symbol such that E{|z|?} = 1, z, is additive white complex Gaussian noise

with zero mean and variance 03, and p%( is the transmit power on the X € {dl, ul}

direction. Therefore, the SINR of the ¢th UE, ¢ € le, is given as

pln _ (RBTVE £, 2 (6.4)
B I L O S L G PEIR
\ﬂ@@dl vreQul
q

On the other hand, the total received BS-BS interference power at the rth UL BS,
ie., € QU from the DL BSs, can be expressed as

BS-B 2
P, = Y [HPETBSf % (6.5)
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where the effective BS-BS channel from the ¢th DL BS to the rth UL BS is given as
HPSBS = HlleH,. (6.6)

This interference power should be limited by the interference threshold I}, in order to
guarantee a certain QoS of the UL cells. For ease of computation, we extract the RIS
reflection vector in (6.5)) as a column vector by using (1.1)) and ((1.2)). As a result, the

BS-BS interference power in ((6.5)) can be written as

Py = > |I(f] @ Iny) (Hy o HfY) 6|, (6.7)

where 3, , € CM?xMs i5 the BS-BS RIS-assisted channel from the gth DL BS to the
rth UL BS via the RIS. Similarly, to extract the RIS reflection vector as a column
vector from we apply a change of variable to and (6.3), such that the RIS-
assisted BS-UE channels from the gth BS to the UE in the gth DL cell and from the ¢th
BS to the UE in the kth DL cell are given in and , respectively. Furthermore,
the RIS-assisted UE-UE channel from the UE in the rth UL cell to the UE in the gth
DL cell can be written in ([6.10),

E, = diag(hf) H, € CMs* Mt (6.8)
E, . = diag(h{)H), € CMs*Mr, (6.9)

To obtain the channel uncertainty model, we adopt the channel estimation protocol
proposed in [108, Algorithm 2] for the estimation of the cascaded channels. The esti-
mates of the cascaded channel obtained by using the above channel estimation protocol
are given as €q r, E%k, E‘q,q, and :Alr’q. Therefore, the exact cascaded channels which
are the sum of the estimated cascaded channels and the channel estimation errors, can

be represented as

eqr = €qr +0qr Vg1 €Q, (6.11)

Egq=Eqq+Aqq, Vg€ QY (6.12)
; dl

Eq,k: = Eq,k + Aq7k, VQJ k E Q ) k ?é Q7 (613)

Dg=g AT, Vareq (6.14)

(J)

where 8¢, Agq, Ay, and A7/ are the unknown channel estimation errors. These
q,r> q,9> q,k» ,d
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estimated cascaded channels are known at the BSs through the CPU. Therefore, the
SINR F((Jdl) of the gth UE in the gth DL cell, i.e., ¢ € Q1 given in (6.4) and the
UL interference power IP, at the rth UL cell, ie., ¢ € le, given in (6.5) can be

equivalently written as

ngl) — _ 0" (B + Ay fol? (6.15)
> OBy + Agp)fel?+ X 108 (eqr + 8gr) P} + 0F
VieQd! vreQul
k#q
2 u
Pr= > (5] © L) Grg + AIZ)0I (6.16)

We propose a robust approach to minimize the total transmit power of the DL
cells in the network, under the constraints of satisfying the SINR requirements at
the individual DL UEs, the interference leakage power at each UL cell, and the unit-

modulus constraints of the RIS in the presence of channel estimation errors [153].

In the following, we consider two types of robust beamforming designs based on
two different channel uncertainty models. First, Section considers the worst-case
robust beamforming design based on the bounded uncertainty model. Then, we con-
sider the probabilistic-constrained robust beamforming design based on the statistical
uncertainty model in Section [6.5]

6.4 Worst-case Robust (WCR) Beamforming Design

In this section, we consider the worst-case robust (WCR) beamforming design based on

the bounded uncertainty model. We assume that the norm of the channel estimation

errors is upper-bounded by some known constants, i.e.,||dgr[|2 < C(gfsr), |Agqllr <
=) (3

Cg,q5 HAq,kJHF < <q,k and HAT,q Ip < Crig -

Using this error model, the proposed WCR beamforming approach consists of jointly
designing the beamforming vectors f,; € CMr vq € Q4 and the passive reflection
vector of the RIS 8 € CMs| to meet the QoS and interference targets at the DL cells
and UL cells, respectively, in all possible error cases described by the error model. The

WCR design problem can be mathematically formulated as

min Y [ fyll? (6.17a)
VqGle

st. T\ >4 vge ol (6.17b)

IP, < Iy, Vr € Q% (6.17¢)
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180.rll2 < &5, (6.17d)
[AgqllF < Cgq: (6.17e)
Ay kllF < (ks (6.17f)
1aZlr <67, (6.17g)
0lm]| =1, m=1,---, Mg, (6.17h)

where the optimization variables are f; and 6. Equation shows the unit-
modulus constraints for the RIS reflection coefficients, which indicates that the RIS is
a passive device that just changes the phase of the incident signal. Furthermore, v
is the QoS-constrained SINR threshold, while I;} is the uplink interference threshold.
Problem ((6.17)) is non-convex due to its joint optimization of the optimization variables
(fgq € le, 0) and the constraints in . To obtain a solution, we propose an
AO-based algorithm using the S-procedure and SDR techniques (see Appendices

and [C.5] respectively).

First, we introduce new slack variables, t, 1., Vk,q € ol k£ ¢, Irq, Y{q,7} €
@, and Vi, V{q,r} € Q. These slack variables will help to decouple the inter-cell
interference and the UE-UE cross-link interference terms in (6.15) and the BS-BS
cross-link interference term in (6.16). Since Ay and A} are independent, problem

(6.17) can be recast equivalently as

min > £ (6.18a)

quQdI
st |0 (Boq+ g fal® 29 D tar+ D Varn) +03), (6.18Db)

VEcodl vreQul
k#q

0N (B i+ Ay ) Fil® <ty (6.18¢)
|0H(éq,r + 5q,r>’2 <Vgr, (6.18d)
Z Irg < Iy, ¥re Q", (6.18¢)

\v’qegdl

= 3

1(F] @ Ingp)(Brg + A0 < Loy, (6.18f)
[1AgqllF < (g (6.18g)
1A, kllF < (ks (6.18h)
0 .
180.rll2 < ¢S5, (6.181)
i pu .
HAv(”,q)”F < C7(’,q)> (6.18j)
‘G[m” :17 mzla 7M87 (6181{)
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where the optimization variables are fy, 0, Vg r, t, i, and I q. It can be easily shown
(e.g, by contradiction) that the constraints (6.18b]), (6.18¢]), and (6.18d]) are tight (i.e.,
they hold with equality at optimality). Therefore, problem (6.18) is an equivalent

reformulation of problem ((6.17)).

Furthermore, we introduce a new set of variables Fy, = fq f(I;,Vq e 9l and ¥ =
06", where F; = 0,% » 0,F, ¢ HM>Mr & ¢ HMs>*Ms  and F, and ¥ are
rank-one Hermitian matrices. Using the newly introduced auxiliary variables and the
properties given in , , and , the left-hand side (LHS) of the constraints
given in (6.18b]), (6.18¢), (6.18d), and can be expanded, respectively as, (see
Appendix for the detailed derivation),

‘BH(Eq,q + Aqu)fq|2 = VeCH{Aq,q} (FqT ® W) VeC{Aq,q} +2 Re{VeCH{Aq,q} (FqT ® W)VeC{quq}}
N——

Bg,q byq
+ 0.9, (6.19a)
M (B, + Ay p) fil? = vec {A 1} (FT @ ®) vec{A, 1} + 2Re{vec'{A, 1} (F] @ ®)vec{E, }}
B,k by,
+ .k, (6.19b)
16" (&4 + 840)]> = 0! W4, + 2Re{6] We, .} + €] We,,, (6.19¢)
17 © L) (3rg + A0 = vec' {AT} (T ® (F] ® Ly, )) vec{ AT}
U, 4
+2Re{vec{AD} (BT @ (F @ Insy))vec{, o }} + trq, (6.19d)

where the scalar terms are given as

bgq = VeCH{E'q,q}(F(;r ® ‘I’)VGC{Eq,q}v (6.20a)
by = vec{E,  }(FT @ ®)vec{E, .}, (6.20b)
U = vec"{2, (¥ @ (F] ® Iy, ))vec{3, ,}. (6.20¢)

For notational convenience, we define the following variables

By, =F; @ ¥ ¢ CMrMsxMrils (6.21)

B,,= B, vec{E,,} € CMrls (6.22)

B,,=F oV (6.23)

B, = B, vec{E, ,} € CMrMs (6.24)

U,, =¥ @ (F' @1I,,) € CMsMixMsMi 6.25
sq q T

w,, =U, vec{d, ) e CMsMix1, 6.26
»q sq »q
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As a result, (6.19) can be written concisely as

0M(E, .+ Ayo)f? =vect{A, B, vec{A, .} + 2Re{vec {A, ,}bg.q} + b,
6N (E, 1. + Ay k) fiul? =vec{A, 1} By avec{ Ay 1} + 2Re{vec {A, kb, 1} + by,
0" (&, + 8,.)[> =0" W4, + 2Re{o" We,,} + & e,
I(FT @ Ingp)(3yg + AD)|? =vec{ AU, ;vec{AD} + 2Re{vec {AD }u, ,} + u, g,

Then, we can rewrite the transmit power minimization problem in (6.18)) as

min Y Tr{F,} (6.27a)
VgeQd!
st [[Aglllr < oo (6.27b)
[AGkllF < G (6.27¢)
14,0112 < ¢, (6.27d)
1A F <¢F, (6.27¢)
Y Ly <Iy, VreQ”, (6.27f)
VgeQd!
vec'{A, ,} B, ,vec{A, ,} +2 Re{vecH{Aq a1bg.at +bgg
— 74 Z Lok + Z Vo + 0?) (6.27g)
vzze?équl vreQul
tor — vec {A, 1} B, xvec{ A, 1} — 2Re{vec™{A, 1 }b, 1} — byr >0 (6.27h)
Vor — 0 W8, —2Re{d] We, .} —e!! We,, >0 (6.271)
I, —vec{AGNU, ;vec{AD} — 2Re{vec {A D,  } — v, >0 (6.277)
F, - 0, rank(F,) = 1, (6.27k)
rank(¥) =1, diag{¥} = 1,,, ¥ > 0, (6.271)

where the optimization variables are F,, ¥, t,, V, ., and I, ,. Problem is a semi-
infinite optimization problem, i.e., an optimization problem with a finite number of
variables and an infinite number of constraints [131]. Furthermore, we can see that
constraints (6.27g) and (6.27b) are quadratic in vec{A,,}, as it is easy to verify that

(6:27b) can be written as vec"{A, }vec{A,} — (2, < 0. Similarly, (6.27h) and (6.27d)

are quadratic in vec{A, 1 }; (6.27i) and (6.27d)) are quadratic in §,,, and also (6.27j) and
(6-27¢) are quadratic in vec{A(JD}. Therefore, we can leverage on the following lemma

to recast these quadratic constraints in such a way that they become linear matrix
inequalities (LMIs).
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Lemma 1. (The S-procedure [131,|154]) Let
fi(x) = 2" A,z 4+ 2 Re{x"b;} +¢;, i = 1,2,

where A; € HY*M b, ¢ CM, and c¢; € R. Suppose that there exists an & € CM such that
f2(@) < 0. Then, the conditions fi(x) > 0 and fo(x) < 0 are satisfied for all x € CM if there
exists a A > 0 such that

A;+ XAy b+ A\by
bt + AbY e + Aey

The proof of Lemma [I] can be found in Appendix [D.1]

Consider first the constraints (6.27g) and (6.27b). According to Lemma [I] the

inequality (6.27¢)) is satisfied for all channel errors vec{A, ,} that satisfy (6.27b) if there
exists A, , > 0 such that the condition

B, ,+ Mol b
Eq,q A 4,9 :,q Mt Mg ~q,q - O,Vq c le’ (6.28)
by 2,9
is satisfied, where
l;:q,q =bgq — Vg Z gk + Z V:z,rp:l + 0'3 = Agg qz,q- (6.29)
v;ze#gdl vreQul
q

Following the same procedure, it follows that the inequality (6.27h) is satisfied for

all channel errors vec{A,:}, that satisfy (6.27d) if there exists A\, > 0 such that the
condition

N _Bq’k + )\QJCIMTMS _bq»k
b, 2 N

} = 0,Vk,qe Q" k #q, (6.30)

H
_bq,k kQ7k

is satisfied, where k,, = —b,; — AiCor + ter- Equally, the inequality in (6.27i) is
satisfied for all channel error §,,, that satisfy (6.27d)) if there exists ¢,, > 0 such that
the condition

A

q,T

W+l Iy, —Ve,,

(we, ) P = 0,vr € Q",vq € Q" (6.31)
—(¥eqr ar
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is satisfied, where &, = —é" We,, —¢,,{¢9}?+V,,. Similarly, the inequality (6.27j) is
satisfied for all channel error vec{A(D} that satisfy (6.27¢) if there exists w@,, > 0 such
that the condition

A _Ur,q + wr,qIM%,Ms —Upq

Q’r,q ~ >~ O,v’l" € QUI,Vq € le (632)

H
_ur,q Tq

is satisfied, where &, , = —u,., — @, ,{¢P}? + I.,. Thus, we can rewrite problem (6.27)

equivalently as follows:

min Y Tr{F,} (6.33a)
VqeQdl
st. X,,>=0,Vqge Q" (6.33b)
b, =0, A >0,Vk,qe Q" k#¢q (6.33c)
U, =0, Q,,=0Vrec Q" vge Q" (6.33d)
lyr >0, @, , >0, Vg Q" vre Q" (6.33¢)
> Ly < Iw, Vre Q' (6.33f)
VgeQdl
F, > 0, rank(F,) =1, (6.33g)
rank(¥) = 1, diag{¥} =1,,, ¥ = 0, (6.33h)

where the optimization variables are F,, A\, x, @, 4, ¥, 0k, Vyr, 4y, and I.,. Problem
is still non-convex and hard to solve due to the rank-one constraints, and the
coupling between F, and ¥ in 3, ,, ®,, U,,, and €,,. In the following, we adopt the
AQO approach to design F, and ¥ alternatingly in an iterative manner. In particular,

for a given ¥, we solve the following sub-problem of F, during the ith iteration

min »  Tr{F"} (6.34a)
VqeQd!
st. X,,=0, Vge Q" (6.34Db)
®,, =0, N\, >0, Vhk, g€ Q" k#q (6.34c)
0, >0, Q,,=0Vrc Q" vgec Q¥ (6.34d)
lyr >0, @, >0, Vg€ Q" vr e Q" (6.34e)
Y Ly <Iy, VreQ”, (6.34f)
VqeQd!
F, -0, (6.34g)
rank(F,) =1, (6.34h)
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where the optimization variables are F,, A\, , @, tq.x, Vo, Lqr, and I, ,. Problem (6.34))
is a rank-constrained SDP. Therefore, we adopt the SDR technique and relax the rank-

one constraint in (6.34h)), so problem (6.34) becomes

min »  Tr{F"} (6.35a)
VqeQdl
st. X¥,,=0,Vgec Q" (6.35Db)
®,, =0, N\, >0, Vhk,ge Q" k#gq (6.35¢)
0,,>0,9Q,,>0Vrc Q" vgec Q¥ (6.35d)
lyr >0, @, >0, Vg€ Q¥ vr e Q" (6.35¢)
Y Ly <Iy, VreQ” (6.35f)
VqeQdl
F, = 0. (6.35g)

Therefore, the resulting problem becomes a convex SDP and can be solved via CVX
[135] for a given w1, With the obtained solution of problem (6.35), the sub-problem

of ¥ becomes a feasibility-check problem given as

Find ¥ (6.36a)
st. X,,=0,Vge Q" (6.36b)
b, =0, N >0,Vk,qe Q" k#¢q (6.36¢)
U,,=0,Q.,>=0VYrec Q" vge " (6.36d)
lyr >0, @, , >0, Vg Q" vre Q" (6.36¢)
> Ly <Iy, VreQ” (6.36f)

VqeQd!
diag{®} = 1), ¥ > 0, (6.36g)
rank(¥) = 1, (6.36h)

To further improve the converged solution in the optimization of ¥®, we introduce a
slack variable w,, which is interpreted as the SINR residual of the users [33]. Therefore,
the feasibility-check problem in (6.36) can be reformulated as

max Z Wy (6.37a)
VgeQd!

st @, =0, A\p >0, Vk,g € Q¥ k #¢q (6.37b)

U,, =0, Q.,=0Vrc Q" vgec Q" (6.37c)

lyr >0, @, , >0, Vg Q¥ Vr e Q" (6.37d)
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S Ly <Iy, VregQ”, (6.37¢)
VgeQd!
diag{®} = 1,,, ¥ > 0, (6.37f)
rank(¥) = 1 (6.37g)
modified-(6.36D)) (6.37h)
w, > 0,Vg € QY (6.371)

where the optimization variables are w,, and®®. The constraint in (6.37h) is obtained
by replacing the constant k,, in ,, of (6.28) with

l%q,q = bg,q — Vg Z gk + Z qup;fl + 0'2 - )‘q,qgiq — Wq- (6.38)
VkEle VTE Qu]
k#q

We adopt the SDR technique to transform the rank-constrained problem (6.37)) into
a convex SDP by relaxing the rank-one constraint in (6.37g)). The resulting convex SDP
can be solved using CVX tools.

max Z Wy (6.39a)
VgeQd!

st.®,, =0, \yx >0, Vk,q€ QY k#¢q (6.39Db)

0, >0, Q,,>=0Vrc Q" vgec Q¥ (6.39¢)

lyr >0, @, , >0, Vg€ Q" vr e Q" (6.39d)

Y Ly <Iy, VreQ”, (6.39)
VgeQdl

diag{®} =1,,, >0 (6.39f)

modified-((6.36b)) (6.39g)

w, > 0,Vq € Q (6.39h)

It can be seen that (6.35) and (6.39)) are convex problems and their feasible domains are

convex sets. Hence, the proposed AO-based algorithm will converge to a fixed point
solution when the sub-problems (6.35) and (6.39]) are feasible.

Finally, we can obtain the active beamforming vector f, € CMr Vg € Q% and the
passive reflection vector 8 € CMs, based on the solutions obtained from ([6.35) and
(6.39), respectively. It is noted that the considered SDP problems have relaxed the
rank-one constraint. However, the rank of the obtained solutions may not be 1. If the
rank is 1, then f, € CM* Vg € Q% and @ € C™s can be obtain by using an eigenvalue

decomposition. Otherwise, we can obtain a high-quality rank-one solution by applying
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Gaussian randomization [139,/140] (see Appendix [C.5). The AO-based algorithm for
the WCR beamforming design for an RIS-aided DTDD system is outlined in Fig. [6.2]

Set iteration index 7 = 1,

and €
v

Initialize g (:—1) randomly

o

Solve the SDP problem in
(6.35) to obtain the slack
variables and

F

|

Solve the problem in (6.39)
to obtain (%) , Wy

Set
Pli—1) — (i)
1=1+1

Apply Gaussian Randomization
to F,}”and \IJ('@)

Fig. 6.2: Flow chart for the implementation of the WCR AO-based algorithm.
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6.5 Probabilistic-Constrained Robust (PCR) Optimization

In the previous section, bounded-norm conditions have been implicitly imposed on
the channel estimation errors. However, such a conservative model may not reflect
practical channels accurately, since the channel error bound cannot be obtained exactly.
Moreover, the worst-case approach in Section can be overly pessimistic due to the

fact that the probability of the actual worst-case errors may be extremely low [155].

To overcome this problem, we adopt a different approach in this section to obtain
another robust formulation using more flexible and realistic probabilistic constraints.

In the following, we consider the statistical uncertainty model

vec{A,,} ~CN(0,2,,),E,, = 0,Yq € Q¥ (6.40)
vec{A, 1} ~CN(0,2,,), By = 0,Vk,q € QV, k # q, (6.41)
vec{AD} ~ CN (0,2F)) .8 =~ 0,vr,q € Q, (6.42)

8,0 ~ CN (0,2() ,E<5> = 0,Vr,q € Q, (6.43)

—_ — ) —_— 207 27 -
where E,, € CMsMrxMsMr 7 ¢ CMsMrxMsMr B g CMr*MsxMr’Ms  gnd :((fr) c

) r,q

CMsxMs gre positive definite error covariance matrices. Since the statistical distri-
butions of the CSI errors are known, the QoS can be only guaranteed in a probabilistic
sense. The resulting probabilistic-constrained power minimization problem can be

written as

min ||, (6.442)

VgeQd!

st. Pr |0H(Eq,q T A )P > Z tor + Z QD)+ 2 21— pqgq

vk?Ele VTEQ“I
k#q

(6.44D)
Pr (’0 q.k + Aq k)fk’ < tq7k) > 1-— Pq.k (644(3)
Pr (16" (&, +00)1* < Vi) 21— 04, (6.44d)
Pr (Il(fqT ® L) (g + ADVO|? < 1)) > 1= 5y, (6.44e)
> L, < Iy (6.44f)

qule
O[m]| =1, m=1,---, Ms, (6.44g)

where the optimization variables are f,,0, I, ,, t,x, and V, .. Similar to Section we
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have introduced the new slack variables, t,, Vk,q € QU k # q, I,.,, Y{¢,r} € Q, and
Viry ¥{q,7} € Q. These slack variables will help to decouple the inter-cell interference
and the UE-UE cross-link interference terms in the SINR of the ¢th UE in
the gth DL cell as defined in and the BS-BS cross-link interference term in
(6.16). Moreover, p,, € (0,1], 6,4 € (0,1], and g, € (0,1] are the preselected tolerable
(small) outage probabilities of SINR-outages and leakage-outages, respectively. The

constraints in (6.44b]) and (6.44€) ensure that the outage probability of each DL user and

the QoS constraint at each UL receiver should be no less than p, , and g, ,, respectively.

As in Section , we introduce the following variables, F, = f,f!, and ¥ = 66",

q
where F, = 0, ¥ > 0, F, € HY™Mr ¥ € HMs*Ms and F, and ¥ are rank-one Hermitian

matrices. Furthermore, as in Section the power terms in the constraints given in

(6.44D)-(6.44€) can be expressed as (see Appendix for the detailed derivation),

0" (Eqq + Agg) fol* = vec' { Ay} (F] @ )vec{A, ,} + 2Re{vec"{A,  }(F] @ ®)vec{E, ,}}
+vec{Ey  }(F] @ ®)vec{E, .}, (6.45a)

10N (B, + Ay k) fil® = vec {A, 1} (FT @ ®)vec{A, 1} +2Re{vec {A, 1} (F @ ®)vec{E, 1 }}
+ vec B, 1 }(F] @ ®)vec{Ey 1}, (6.45b)
10" (€g,r + 04,)2 = 08 W4, + 2Re{o! We, ) + & we,,, (6.45¢)

1(f] @ Tnge)(Trg + AZ)O* = vec{AZHWT @ (F] @ I, ) )vec{ A}

+2Re{vec {ADY(OT @ (F] @ Lgy))vec{I g} } + vec' {3, 1 (T @ (F @ Ingp))vec{3, ).
(6.45d)

For simplicity, let us simplify the covariance matrices of the CSI errors given in (6.40)-
(613) as

[1]

2
9,9 — nq,qIMSMT7

[1]

.k — n§7kIMSMT7
pu} pu
=3 Tz

O = () Iy

(1]

[1]

where n2 , n2,, (n(D)?, and (n{9)? are the error variances. Then the CSI errors can be

T

written as

VeC{Aq,q} = Ng.qAg.05 (6.46a)
VeC{Ath} = nq,qu,kv (646b)
vec{AD} = nPA, (6.46¢)
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&) \(6
80 = nINL), (6.46d)
where,
A‘Lq ~ CN(()? IMSMT) (647)
Agk ~ CN(0, Inggniy ) (6.48)
Arg ~ CN(0, Tnsz ) (6.49)
AQ;T ~ CN(()?IMs)a (650)

are the standard zero mean circularly symmetric complex Gaussian random vectors.
Therefore, using (6.45a))-(6.45d) and (6.46al)-(6.46d) the constraints in (6.44b)-(6.44€) can

be expressed as

Pr A

9,4 n%q

(F] @ ®) Xy + 2Re{\! 1,4 (B @ @) vec{E, }} +dy >0 | >1—p,,

D‘qu dQ»q

(6.51a)

k 77q k FT ® W) Agk T2 Re{)\?,k nq,k(Fl;r ® ‘I')VeC{Eq,k}} +dgr <tor | 21— pgr
—z—’
dgx
(6.51b)
AN P2 E(AL)) + 2Re{ (A 0l We, b +ag, < Voo | 21— 04, (6.51c)
W N —
( (A= (T (F ® IMT))(Ai,:q')) + 2Re{(>\5, )" (nﬁz'q’)(‘I’T ® (F] @ Ing,))vec{3, ,}}
Uryq Ur g
+Urg < Ir,q> =1-0, (6.51d)
where
dgg = VeCH{Eq,q}(FqT ® lII)VeC{Eq,q} —Yq Z gk + Z V:z,rplrﬂ + 05 (6.52)
Vkec Q! VreQul
k#q
dyy = vec'{E, . }(F] @ ®)vec{E, )} (6.53)
g, =€, We,, (6.54)
Uy, = vec'{3, U, ;vec{3, ,}. (6.55)

As a result, the probability-constrained power minimization problem in (6.44) can be
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written as

min Y Tr{F,} (6.56a)

VgeQdl
st Pr(A Dy A, +2Re{\! d,}+d,>0)>1-p,, (6.56b)
Pr (Al Dy iXgr + 2Re{ Al dy i} + dgs <tgr) >1—pes (6.56¢)
Pr ((AP)" Ay (AP) + 2Re{(AP) g} + agr < Vi) 21— 040 (6.56d)
Pr ((AG)MU,(AD) + 2Re{(A) g} + thrg < Lrg) > 1= G (6.56¢)
Y L,<In (6.56f)

VgeQd
F,>0 (6.56g)
rank(F,) = 1 (6.56h)
¥ >0 (6.561)
diag(®) = 1, (6.567)
rank(W¥) = 1. (6.56k)

Problem is computationally intractable since it is difficult to derive a closed-
form expression for the cumulative distribution function (CDF) of the non-outage prob-
abilities in ([6.56b)- (6.56¢). To solve this problem, we first adopt a safe (conservative)
convex approximation of these constraints. Here ”safe” implies that the feasible points
for the safe approximation always fulfill the probabilistic constraints. This means that
the feasible points must be necessarily feasible also for the original optimization prob-
lem. Therefore, the safe approximation is a restriction to the original problem [131].
This convex approximation approach is based on a large deviation inequality, i.e., a
Bernstein-type inequality. It transforms the outage constraints into a deterministic

form [142]. The Bernstein-type inequality is given in the following lemma.

Lemma 2. (Bernstein-Type Inequality [142,|156]): Consider the following random variable
G = v"Qu + 2 Re{v"u}, where Q € HYN*N w € CV, and v ~ CN(0,1Iy). For all § > 0, the

following statements hold:

Pr(G > (@}~ V2\/[QI} + 2ul? — 057 (@)) > 1-¢, (6.57)
Pr(G < 1{Q} + V25 /IQIF +2ul +657(@)) 21— ¢ (6.58)

where sT(Q) = maz{,...(Q),0} in which .. denotes the mazimum eigenvalue of (Q) and

s7(Q) = maz{ A na(—Q),0}.

The Bernstein-type inequality bounds the probability that a sum of random vari-
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ables deviates from its mean Tr{Q} [157] (see Appendix|D.2). A detailed explanation of
this lemma can be found in Appendix . Let § £ —In(p) where p € (0,1]. Therefore,
Lemma [2] implies that the inequality

Pr (v"Qu + 2 Refv"'u} >b) >1—p (6.59)
holds if the following inequality is satisfied
Tr{Q} — V20 /[1QF + 2[ul? — 657(Q) = b. (6.60)

This shows that serves as a conservative formulation for (6.59). However, another
important fact about the conservative formulation in is that it can be equivalently
replaced with the following constraints [142}/157]

Tr{Q} — V26x — 6y > b, (
\/m <z, (6.62
yIn +Q = 0, (
y =0, (

where z,y € R are slack variables. The constraint in (6.62)) can be further reformulated

into a standard second-order-cone (SOC) constraint as
2
vau (6.65)
vec(Q)

To begin, we denote 6 = —1In(p,,) and introduce new slack variables 7 and 3, so
that the probability constraint in (6.56b) can be transformed into the deterministic
form by applying Lemma [2] as

Tr{Dy} — /2In(1/pg,q) Tg.q + 0(pg,q) Bag + dgq = 0 (6.66a)
2d
V2 < Tggr Vg € Q" (6.66b)
vec{D, .}
Baalvienss + Dy = 0,5g € QY (6.66¢)
Baq = 0. (6.66d)

Similarly, the outage constraint in (6.56¢)) can be transformed into a deterministic form
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by applying Lemma [2| and introducing new slack variables p and 9 as

Tr{Dyx} — V 2In(1/ pg ) g +(pgr)V0qr + dgr <t (6.67a)

2d
V2 < gr, Vg € Q" (6.67D)
vec{D, \}
Ogilntenss — Dox = 0,Yq, k € QU k # ¢ (6.67¢)
Pk = 0. (6.67d)

Equally, the constraint in (6.56d]) can be transformed into a deterministic form by

adopting Lemma [2] and introducing the following slack variables s and « as

Tr{A,.} — \ 2In(1/pgr)ag, +In(pgr)sg,r + agr < Vo, (6.68a)

2a4,,
V2a, <a,,, Vg€ Q¥ vre Q" (6.68Db)
vec{A,,}
stqrdize — Ay =0, Vg € QU Vr € QY (6.68¢)
#gr 2 0. (6.68d)

Furthermore, we introduce the following slack variables ¢ and « and adopt Lemma
to transform the outage constraint in (6.56¢]) into the deterministic form as

Tr{Ur,q} Y, 21n(1/pr,q)’€r,q + ln(Pr,q)San +Urg < Loyg (6.69a)

2u,
V2urg < kg, Vg€ QU Vr € QU (6.69b)
vec{U, ,}
()DT‘,QIM%MS - Unq i Ouvq S QCH,V?" S me (669C)
Prg >0 (6.69d)

Therefore, a safe (conservative) approximation of the transmit power minimization

problem in (6.56) can be written as

min »_ Tr{F,} (6.70a)
qule
s.t. Tr{Dgq} — /2In(1/pg,q) Tg.g + (pg,4) Baq + dgg = 0 (6.70b)
2d
V2 < Ty Vg € QF (6.70¢)
vec{D, .}
Bq’qIJVfTMs + Dq,q = 0,vq e Qd17 (670(1)
Ba.q 20 (6.70e)
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Te{Dy, 1} — /2In(1/pg.i)ttgr + (pgr) g + dgr < tox (6.70f)
|: Ve\({{i;d)qt;,kk} :| S uq,k?vq - le (670g)
Ogidrterss — Dox = 0,Yq,k € QU k £ ¢ (6.70h)
Oqrlnionss — Dox = 0,5,k € Q¥ k # ¢ (6.70i)
figr >0 (6.707)
Tr{A, .} —\/2In(1/pgr)gr +In(pgr)gr + agr < Vg, (6.70k)
V;f:;} < ag,, Vg € QU Vr € QU (6.701)
gy, — Agr = 0, ¥g € Q% vr € QU (6.70m)
sy >0 (6.70n)
Tr{U,..} — \/2In(1/pr.q)rg + I(prg)Prg + Urg < g (6.700)
H Vaur, < Kpg, Vg € QU Vr € Q¥ (6.70p)
vec{U, ,}
eralvzng — Urg = 0,Yg € Q" vr € Q", (6.70q)
Prg >0 (6.70r)
Y I, < Iy (6.70s)
VqeQd!
F,>0 (6.70t)
rank(Fy) =1 (6.70u)
U -0 (6.70v)
diag(¥) = 1, (6.70w)
rank(¥) = 1. (6.70x)

The second-order cone (SOC) constraints in (6.70d), (6.70g), (6.701), and (6.70p) are

sub-cases of an SDP and can be recast in linear matrix equality (LMI) [131]. However,
problem (6.70) is still difficult to solve as the variables F, and ¥ are still coupled.

We use an AO approach to update F, and ¥ sequentially in an iterative manner. In

particular, for a given (Y we adopt the SDR technique to relax the non-convex
problem in F, (by relaxing the rank-one constraint in (6.70u))) during the ith iteration,
and the resulting problem can be solved using CVX tools. The convex SDP problem

in F{", is given as

min Z Tr{Fq(i)} (6.71a)

VgeQdl

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



6. Robust Beamforming for RIS-Aided Dynamic TDD Systems 113

s.t.  (6.700) — (6.70%), (6.71D)

where we have relaxed the rank-one constraint given in (6.70u)) and the optimization
variables are F, T, . By, Hans Vg Qgrs Zqry Frgs Prigs taks Var, and I, .. With the
obtained solution of problem (6.71]), the sub-problem of ¥ becomes a feasibility-check

problem given as

Find ¥ (6.72a)
s.t.  (6.70b) — (6.709), (6.72b)
¥ -0, (6.72¢)
diag(¥) = 1, (6.72d)
rank(¥) = 1. (6.72¢)

We adopt the SDR technique to transform the rank-constrained problem (6.72)) into a
convex SDP by relaxing the rank-one constraint given in (6.72¢]). The resulting problem
can be solved via CVX. Similar to the approach in (6.37)) we maximize the SINR residual

given as

max Z Wy (6.73a)
VgeQd!

s.t.  modified-(6.70D)), (6.73b)
- (6.709), (6.73¢)
o >0, (6.73d)
diag(¥) = 1), (6.73¢)
w, > 0,Vg € QU (6.73f)

where the optimization variables are ¥ and w,, while modified-(6.70b)) is given as

Te{D, 4} — V2In(1/pgq) Tgq + 10(pg,q)Ba.q + dgg —wy > 0 (6.74)

Finally, we can obtain the active beamforming vector f, € CMr Vg € Q% and the
passive reflection vector @ € CMs, based on the solutions obtained from and
(6.73)), respectively. It is important to note that the considered SDP problems in
and have relaxed rank-one constraints. Therefore, the rank of the obtained
solutions may not be 1. If the rank is 1, then f, € CMr Vg € Q¥ and 6 € C"s can

be obtained via an eigenvalue decomposition. Otherwise, we can obtain a high-quality
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Fig. 6.3: Flow chart for the implementation of the PCR AO-based algorithm.

rank-one solution by applying Gaussian randomization (see Appendix |C.5]) [139,/140].
The AO-based algorithm for the PCR robust beamforming design for an RIS-aided
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DTDD system is outlined in Fig. [6.3]

6.6 Complexity Analysis

In the following, we analyze the computational complexities of the different problems
of the WCR design in and the PCR design in by using the number of
floating-point operations (FLOPS). A FLOP involves the floating point add, subtract,
multiply, or divide. Hence, the total number of FLOPS in any given matrix computa-
tion is derived by adding the number of arithmetic operations involved in solving the
problem [127]. The total FLOPS for solving the SDP problem in is the product
of the per iteration cost and the number of iterations. The number of FLOPS per
iteration for solving the SDP problem for the design of the DL transmit beamforming
vector for the WCR approach given in using an interior point method (IPM) is
obtained as follows. Problem contains |QY| constraints for ¥, ,, QY| (|Q¥] —1)
constraints for ®,,, ¢,k € |QY|, k # ¢, and there are |Q¥||Q"| constraints each for U,
and €, ,. We note that each of these positive semidefinite matrices involves Cholesky
decomposition which has the cost of O(n?*) FLOPS and solving linear systems which
also cost O(n®) FLOPS, where n is the dimension of the symmetric matrix [127]. Fur-
thermore, the problem has |Q¥| constraints for A,,, QY| (]Q%| — 1) constraints for
Aoks @5 k € 1QY|, k # ¢, and there are |Q%||Q"| constraints each for ¢, and w, ,. These
non-negative constraints involve O(1) FLOPS each. However, when compared with
the number of FLOPS for the matrix operations the number of FLOPS for these non-

negative constraints are negligible. Thus the FLOPS per iteration for the problem in

(6.35) is given as

Per iteration cost = |Q| - O((MyMs + 1)*) + |QY| - (|QY| — 1) - O((MyMs + 1)*)
+1QU1Q"] - O((Ms + 1)) + QY| Q] - O((M7Ms +1)*). (6.75)

The number of iterations is given as O(y/max(Mr, Mg)log(1/e)). Therefore, the total
FLOPS for solving problem (6.35]) is

ONR = O(y/max(Mry, Mg)log(1/e)) - Per iteration cost (6.76)

The number of FLOPS for solving the problem given in (6.39)) is obtained in a similar
manner. Therefore, the number of FLOPS for the WCR approach is given as

OWCR | OWCR. (6.77)
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For the probabilistic-constrained robust design problems given in and (6.73),
the number of FLOPS involved in solving the problems using interior-point meth-
ods is obtained by considering the number of FLOPS for the semidefinite constraints,
second-order cone constraints, and the linear constraints. For the problem in the

complexity can be obtained as [127]
OFCR . O((n + ¢)*n>), (6.78)

where n corresponds to the size of the largest semidefinite matrix in the problem and ¢
is the total number of scalar variables. For the given problem the largest semidefinite
matrix is U,, € CM#MsxMiMs — The problem has the following linear constraints |Q™|
constraints for 8, , and 7, ,, |Q¥|-(|Q"|—1) constraints for yu, s, andd, s, ¢,k € |QY|, k #
q, and there are |Q¥||Q"| constraints each for «,,, »,,, ¢., and x,,. As a result,
OFCR ~ O((MZMs + ¢)*(M2Msg)*°). Similarly, the number of FLOPS for solving the
problem given in is obtained. Therefore, the number of FLOPS for the PCR

approach is given as
OFCR | OPCR, (6.79)

In figures [6.4] and [6.5] we have provided plots for the number of FLOPS against the
number of antennas and the number of RIS elements, respectively. A detailed analysis
of the computational complexities is provided in Appendix [D.5] From Fig. and
Fig. 6.5} it can be observed that the WCR design has a lower complexity as compared
with the PCR design. With such complexities, the BS must have a strong compu-
tational power so that the transmit beamforming vectors and the passive reflection
coefficients of the RIS can be computed in real-time. However, the PCR approach is
more power-efficient than the WCR approach as shown in Section [6.7] Note that in the
figures, Random 6, indicates that the entries of the RIS reflection vector are designed

randomly as [0],,) = /%, Vm, with ¢, ~U(—7, ).
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Fig. 6.4: Number of FLOPs vs. number of transmit antennas, Mt for Mg = 12.
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Fig. 6.5: Number of FLOPs vs. number of RIS elements, Mg for Mt = 6.
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6.7 Numerical Results

This section presents some numerical results illustrating the performance of our pro-
posed robust design methods. We consider a DTDD system with @ = 4 cells, as
shown in Fig. [6.1] where |Q¥| = 2 and |Q"| = 2 and the interference power thresh-
old is I;, = 34dBm. We assume the same noise variance for DL cell UEs, i.e.,
0} = —80dBm, Vg € Q%. The channel models are assumed to include large-scale fad-
ing and small-scale fading. The distance-dependent large-scale fading model is given
as L(d) = Cy(d/Dy)~, where Cy = —30dB is the path loss at the reference distance
Dy = 1m, d is the individual link distance, and o denotes the path loss exponent.
For the channels H and h we set o to be 2 and 2.2, respectively. The small-scale
fading model is assumed to be a Rayleigh fading distribution. We set the radii of the

uncertainty regions for the bounded CSI model as

_ ng,qICDFQMsMT(l - pq,q)
Caq =

2 ICDF (1 —
Cou = \/Uq,k 2Ms2MT( Pq,k)7 (6.81)
)2ICDEs s (1 —
®_ ¢ (42 1D B (1~ o) 6.82)
) (ng))ZICDFQM%MS(l — 04.q)
G = 5 : (6.83)

where ICDF,,(+), ICDFapzas, (+), and ICDF, Mz (+) denote the inverse cumulative dis-
tribution function of the chi-square distribution with the degrees of freedom equal to
2Ms, 2Ms My, and 2M3Ms, respectively. For the probabilistic-constrained robust de-
sign, we set the variance of the statistical CSI error model vec{A,}, 8., and vec{ AT}
as 12, = lvee{ By B, ()2 = @lég |8, and (nD)? = e|vec{3, .} 3, respectively,
where e € [0,1) is a term that controls the relative amount of CSI uncertainty. The
outage specifications for all users are set to the same p,, = 8,, = p. The target minimal
SINR is set to be the same for different DL cell users, i.e., 1 = -+ = yj0a) = 7. The

stopping criterion for the iteration in the proposed design methods is that the decrease

> mf{FP}- ¥ m{FiV}
qeQd!

geQdl

of the transmit power is less than e = 1073, i.e., <e.

s m{F"}

geQdl

We include results for the following two baseline cases:

e Random, where the entries of the RIS reflection vector are designed randomly
as [9][,”,] = ej¢m,Vm, with ¢m ~ U(—W,ﬂ'),
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e Non Robust scheme, the case where the beamforming vectors are obtained
based only on the estimated cascaded channels and ignoring the uncertainty, i.e.,

{E,é,3} are used as if they were for perfect CSI.

In Figl6.6] we show the minimum transmit power required versus the various target
SINR values for the robust transmission strategies (WCR and PCR) while assuming
Mg =12, and Myt = 6. The figure shows that the proposed robust strategies and their
non-robust counterparts perform better than the random RIS scenario in terms of
providing a better power efficiency. This is due to the benefit of the beamforming
gains obtained from the joint design of the active transmit beamforming vectors at
the DL BSs and the RIS reflection vector. The non-robust design has the best power
efficiency compared to the robust design (with a performance gap of about 3dBm),
this performance gap can be seen as the price to pay in order to guarantee the QoS
of the users, i.e., robustness to the CSI estimation errors. This is because the SINR
constraints are easy to be met in this condition and the outage requirement does not
influence the total power. We can clearly see that the average total transmit power
increases for a given outage probability as we increase the CSI uncertainty variance.
The performance gap can be interpreted as the higher level of robustness against CSI
errors comes with the cost of an increment in the total transmit power. This shows

that the effects of CSI uncertainty are more difficult to cope with when there is demand
for higher SINRs.

Equally, we observe that the transmit power consumption increases for a given CSI
uncertainty variance as we decrease the outage probability (p). The result confirms
that achieving robustness at a higher uncertainty level comes at the expense of lower
achievable limits of SINR targets at an affordable power level. The PCR approach is
more power-efficient than the WCR approach. This is because even though the WCR
design approach has a lower computational complexity as shown in Section [6.6] it,
however, requires an exceedingly large amount of system resources to protect rarely

occurring worst cases.

Fig.[6.7]shows the sum rate of the DL cells, and the SINR target is fixed as v, = 6 dB.
The figure demonstrates the performance benefit of the robust beamforming designs
against the non-robust schemes. This indicates the performance trade-off between
achieving higher system capacity and power consumption. The non-robust scheme has

a lower power consumption but has the worst system sum rate performance.

Next, we investigate the impact of the number of passive reflective elements of the
RIS on the downlink transmit power. The average transmit power versus the number

of passive reflective elements in the RIS is shown in Fig. [6.8f The number of antennas
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Fig. 6.7: DL sum rate, assuming SINR target v = 6dB, Mg = 12, and Mt = 6.

in each BS is Mt = 6 and the SINR target is fixed as 6 dB. It is seen that the transmit
power decreases as the number of the RIS elements M increases. The reason for this

significant drop in the transmit power is that the passive beamforming gain of the
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Fig. 6.8: Average total transmit power vs. number of RIS elements Mg, assuming SINR
target = 6 dB and Mt = 6.

RIS increases with the number of passive reflective elements, pointing to the benefit of
the RIS in power savings. The proposed probabilistic-constrained robust transmission

strategy stably outperforms the worst-case robust transmission design.

In Fig. we show the total leakage power from the DL cells to the UL cells,
while assuming that the RIS has Mg = 12 passive reflecting elements and each BS has
Mt = 6 antennas. We plot the total DL leakage power for the UL cells separately to
demonstrate how the joint design of the active transmit beamforming vectors at the
DL BSs and the passive RIS reflection vector of the considered robust transmission
schemes have sustained the sum leakage power from the DL cells to the UL cells (BS-
BS interference) below the given threshold of 34 dBm. This guarantees the required
QoS for the UL cells and supports our findings in [41] that the integration of an RIS

in a DTDD system improves the spectral efficiency of the system.

Furthermore, we plot the histograms of the achieved objective function in problem
(6.17), the achieved SINR to verify if the constraint in (6.17b|) is satisfied, and the
achieved DL leakage power to evaluate the satisfaction of the constraint in (6.17¢) for

all the considered schemes. The achieved objective function is given as

min (£ (6.84)

VgeQdl
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Fig. 6.9: Total DL cells leakage power.

where f, is the feasible solution obtained after solving problems and (6.71).
Fig. 6.10] provides the histogram plots for the achieved DL transmit power for the
various schemes obtained from 500 random sets of channel realizations. The SINR
target has been fixed to 4 dB.

The figures show the minimum achieved DL transmit power for all the considered
schemes. The non-robust scheme achieves the minimum transmit power which supports
the results presented earlier. The average of the minimum transmit power is given in
Table 6.1}

WCR, Random 6 | WCR | PCR, Random 6 | PCR | Non robust
38.44 37.95 | 38.91 37.43 | 36.86

Tab. 6.1: Mean achieved minimum DL transmit power in dBm.

The achieved SINR is given as

r @ 10" (Eyq + Agq) fol? (6.85)
g = AH/( T f gH (& ’ .
S 0 Byt Ay fi X 10%(Eg, + 8y) o + 02
\ﬂce#@“ vreQ
k#q

where f and 6 are the feasible solutions obtained after solving the given optimization
problem. Fig. provides the histogram plots for the achieved SINR for the various
schemes obtained from 500 random sets of channel realizations. The SINR target has
been fixed to 4dB. Achieved SINR values greater or equal to 4dB indicate that the
QoS constraint in is satisfied. From the results, it is observed that in a greater
percentage of all the trials, the WCR schemes satisfy the QoS constraints. This shows

that the WCR approach is a conservative method, which requires an exceedingly large
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amount of system resources to protect rarely occurring worst cases. As shown by
the results, the PCR schemes satisfy the QoS constraint with a certain probability
(p =0.1). This shows that the probabilistic error model has the advantage of being less
conservative. It makes a prudent selection of the robustness parameters as compared
with the worst-case. Moreover, the QoS constraint is not satisfied in a considerable

number of trials (about 89%) for the non-robust scheme.

However, we observe that regrettably in some instances this constraint is violated.
This could result from the fact that the resulting optimization problems in and
as well as the problems in and are approximate SDP problems.
The obtained solution may not be a rank-one solution. A rank-one approximation is
used to obtain the best rank-one solution. We have used the Gaussian randomization
method to obtain the best rank-one solution. In Fig. we plot the histogram of the
achieved DL leakage power to evaluate the satisfaction of the UL interference constraint
given in (6.17¢). The UL interference threshold is set at Iy, = 34 dBm. Achieved DL
leakage power below 34 dBm shows that the UL interference constraint is satisfied. The

achieved DL leakage power is given as

P, = Y [I(f] @ L) (3rg + A6, (6.86)

VgeQdl

From the results, we note that all the considered schemes have a satisfaction rate of
99% for the UL interference constraint given in (6.17c). The few exceptional cases could

be due to the rank-one approximation as discussed earlier.
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6.8 Chapter Conclusions

In this chapter, we have considered robust transmission strategies for an RIS-aided
DTDD wireless network with imperfect channel state information. The problem is for-
mulated as a sum-power minimization problem for the DL cells under the constraints
of satisfying the SINR requirements at the individual DL UEs, the interference leak-
age power at each UL cell, and unit-modulus constraints of the RIS in the presence
of channel estimation errors. We adopted the SDR technique, the S-procedure, and
a Bernstein-type inequality for safe convex approximations of the original problems.
The beamforming vectors at the downlink BSs and the passive reflecting vector of
the RIS are then iteratively computed via an alternating optimization approach. We
have utilized the statistical outage probability-based problem as a basis for comparison
with a conventional worst-case formulation which has deterministic upper bounds on
the norms of the channel imperfections. The proposed probabilistic-constrained beam-
forming method is seen to be more power efficient than the worst-case approach as
shown by the simulation results. The technique minimizes the total transmit power of
the downlink cells while maintaining the non-outage probability for all users above a
predefined threshold value. The performance gap between the non-robust design and
the robust designs can be interpreted as the price for guaranteeing the QoS for the UEs
in the DTDD system with certain outage probability, i.e., robustness to the imperfect
CSI.
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7. NEAR FIELD BEAMFORMING FOR
MU-MIMO MILLIMETER WAVE
COMMUNICATION SYSTEM

Employing a large number of antennas in conjunction with the exploitation of higher
frequencies is a promising solution for improving the rate of future wireless sys-
tems. The use of large antenna arrays with high transmission frequencies leads to
the fact that the devices operate in the near-field region of large-scale antenna arrays.
This chapter studies near-field beamforming for a multi-user multiple-input multiple-
output (MU-MIMO) millimeter wave (mmWave) communication system. We exploit
the distance discrimination potentials of the near-field beamforming to facilitate an
efficient deployment of high-rate multi-user downlink MIMO mmWave systems. To
this end, we investigate the performance of the near-field beamforming using several
precoding schemes. Our numerical results demonstrate a significant performance
improvement due to the capability of the near-field beamforming to support reliable
communications even for devices that are located in the same angular direction which

corresponds to the “worst case” situation.

7.1 Introduction

Massive multiple-input-multiple-output (MIMO) and millimeter wave (mmWave) com-
munications have emerged as two key technologies to meet the demands of higher
data rates in future wireless systems [158]. Due to the propagation characteristics at
mmWave frequencies, BSs operating in these high-frequency bands will be equipped
with large antenna arrays [159]. The resulting effect of the combination of large-scale
antennas with high transmission frequencies often causes the communicating devices
to operate in the near-field (Fresnel) region of the BS antenna. Hence, the far-field
assumption often used for conventional wireless systems does not hold [160]. Radia-
tive near-field propagation takes place between the Fraunhofer distance and the Fresnel
distance of large-scale antennas operating at mmWave frequencies [161}162]. The near-

field distance can be several dozens of meters for relatively small antennas operating
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at mmWave and Terahertz (THz) frequencies [163].

The distinction between plane waves and spherical waves is due to the distance
between the antenna array and the user location. Within the radiative near-field region,
the wavefronts become spherical, and exploitation of these spherical wavefronts results
in flexible transmit beamforming capabilities. The authors in [164] considered near-field
communications for a point-to-point short-range MIMO communication system, which
consists of two identical transceiver array antennas that face each other at a distance
comparable to the size of the antenna aperture. In |165]/166], near-field communications
was considered for antennas based on large intelligent surfaces or RISs whose large
aperture gives rise to operations in the near-field. In particular, in |165], the authors
studied a two-user uplink scenario in which the BS is equipped with an RIS. The
work studied ideal antenna architectures, where the transceiver has direct access to
the signal observed at each element. Near-field modeling and a performance analysis
for multi-user extremely large scale MIMO was studied in [167], taking into account the

variations of the signal amplitude and the projected aperture across the array elements.

7.2 Chapter Contributions and Organization

One of the advantages of near-field beamforming is that it is possible to provide a
certain degree of range discrimination. This distance discrimination allows the array
to reduce the effects of reflected wavefronts arriving from the same angle of incidence
but originating from different distances |168|. However, the potential of range discrim-
ination of near-field beamforming has not been fully exploited from the communication
perspective. With this motivation, in this chapter, we exploit the range discrimination
capability of near-field beamforming to facilitate the deployment of high-rate multi-
user downlink MIMO mmWave systems. We consider the spectral efficiency achievable

¢

for a “worst case” scenario where the users are located at the same angular direction
but with different distances. Additionally, we constrain the elements of the beam-
forming vectors to constant modulus, thus employing phase-only beamforming. The
performance of the maximum ratio transmission (MRT), ZF, MMSE, and leakage-
based precoding schemes is investigated. The results of the near-field beamforming for
MU-MIMO mmWave communications presented in this chapter have been published

in [46].

The rest of the chapter is organized as follows. The system model and the opti-
mization problem are introduced in Section [7.3] The performance of several precoding
schemes is evaluated for MISO and MIMO communication systems in Section [7.4]
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Then, simulation results are provided in Section [7.5] and conclusions are drawn in

Section [7.6]

7.3 System Model

In this chapter, we consider a downlink multi-user MIMO system where the BS is

equipped with a ULA of My antennas, serving K UEs each with My antennas in the

radiative near-field of the BS. The radiative near-field lies between the Fraunhofer
2D? D4

distance (dp = #3-) and the Fresnel distance (dy = {/%y), where D is the antenna

diameter and \ is the wavelength |162].

For simplicity, we assume a 2-D setup and consider only the LOS path. We as-
sume that d is the inter-element spacing for arrays at the BS and the UE. The (z,y)
coordinates of the n-th element of the BS array are given by

.
by = [0, (n—Mz=1yd| , 0<n< My 1. (7.1)

2

The coordinate system is defined such that its origin is at the phase center of the BS
array as indicated in Fig. [7.1] Equally, the position vector for the m-th element of the
kth UE array is given as

;
ul) = [a®, 6%, 0<m < My -1, (7.2)

m

where o) = (m — 5=)dcos ), + r™ cosngfE) and 8% = (m — ¥8-L)dsino),  +

array m array

r®) sin ¢{¥) . Furthermore, ¢k),, is the array orientation, o) is the angle towards the
UE from the BS, and r* is the distance towards the UE. Here we assume that the UE
array is orthogonal to the line connecting the phase centers between the BS and UE

arrays as depicted in Fig. [7.1] The received signal at the kth UE is expressed as

K
Yo = AWidy, + > AWd; + 2z, € CVr, (7.3)
J=1,j#k
where z; denotes additive white Gaussian noise with variance o2, W, € CMr*@ ig the
precoding matrix for the kth UE, d, € C? represents the data vector for the kth UE,
and @ is the number of streams for that particular UE. The matrix A, which represents

the channel between the BS and the kth user is given as,
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Fig. 7.1: MU-MIMO near-field configuration with ULA at the BS, ¢\ = ¢yp, vk
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o

where al®) = e7277%" and §®) is the path difference between the n-th element of the

m,n m,n

array at the BS and the m-th antenna of the kth UE given as

O = llugs” = bul2

eI

Note that the exact expression of the array steering vector depends on the path differ-

ence expression which is a function of the adopted wavefront model. Let us denote A
and W as the system-wide steering and precoding block matrices, respectively defined

as

.
A=[AT A, AL echmixu (7.6)

W = [W,, Wy, -, W] € CHreer, (7.7)
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we normalize W such that |[W||r = 1. Additionally, we denote the multi-user interfer-

ence channel block matrix relative to the k&th UE as
A =[AT - AL AL, AL eCimucan (7.8)
As a performance metric we adopt the system-wide achievable rate, which is expressed

as

P
.Z\4TO'2

n

R = log, det(Tux + AWWHAR), (7.9)
where P is the maximum power available at the BS. In the following, we consider
several precoding schemes for the near-field beamforming in the multi-user mmWave
communication systems to maximize the achievable rate. The elements of the overall
beamforming matrix W are constrained to be constant modulus, thus representing

phase-only beamforming. The resulting problem is given as

P
MTU%

st. W(z,y)|=1,2=1,2,--- Mr, y=1,2,--- ,QK, (7.10b)

max log, det (IMRK + AWWHAH) (7.10a)

where P is the maximum power available at the BS. The problem in is non-
convex due to the constant modulus constraints (CMCs) on the precoding matrix given
in (7.10b). In the following we relax the CMCs on the precoding matrix to obtain a
sub-optimal solution and evaluate the performance of the near-field beamforming using

several precoding schemes.

7.4 Precoding Methods

In this section, we relax the constant modulus constraints on the precoding matrix
and design the precoding matrix, and thereafter project the resulting continuous-
amplitude precoding matrix onto the unit circle to obtain the solution that satisfy the
constraints given in (7.10b). We consider the following two setups for the multi-user

MIMO mmWave communication system.

7.4.1 MU-MISO transmision

In the first case, we assume a single antenna (My = 1) at each of the K UEs. We
consider near-field beamforming for the MU-MISO mmWave system using the following

precoding methods.
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Maximum Ratio Transmission

The maximum ratio transmission (MRT) precoder wy®T is designed to maximize the

received signal power at the desired UE [9]. It can be expressed as

ay

wy™T = argmax  |wlla,|* = Taxll’ (7.11)
while the beamforming vector after constraining to only phases is denoted by
wene,, = Proj (wp'™) (7.12)

where Proj(z;) = % is the element-wise projection function. The vector a, € CMt*1 is a
special case of the matrix A; € CMr*Mr ggsuming a single antenna at the kth receiver,
i.e., (Mg =1). Note that the MRT precoder does not attempt to cancel the multi-user

interference [9].

Zero-Forcing

In the zero-forcing (ZF) scheme, the beamforming vectors are designed in such a way
as to avoid interference among users, i.e., wia; = 0. Such beamforming weights can be
easily found by inverting the composite channel matrix of the users [9,[13]. By doing
this, the multi-user interference can be completely removed, which eases implementa-

tion as well as performance analysis. The ZF scheme is given as

[ Ansollr”
and the constrained beamforming as

Wic «— Proj (W7F) | (7.14)

where A} o is the pseudo-inverse of Ayyso. Moreover, Ayuso is given as
AMISO == S (CKXJWT. (715)

The ZF scheme enforces the zero multi-user interference condition Ak qowZF = 0 by

basically forcing the w?F to lie in the null space of A% s, 0 as to avoid the interference
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from user k to other users, where w?" denotes the kth column of W#F. Note that

Aso = € Ct—DxMr (7.16)

is the multi-user interference matrix relative to the k&th UE which is a special case of
the block interference matrix defined in for My =1, i.e., a matrix containing all
other steering vectors except for the kth steering vector. We assume that we implement
a large antenna array at the BS, which means My is very large such that Mt > K to
ensure that the null space of Af . (i.e.,V,\”) exists. This solution results in good
performance since it completely cancels the multi-user interference at every receiver.
However, this solution is sensitive to unmodeled interference and other sources of dis-
tortion and may not result to the optimal signal-to-interference-plus-noise ratio [9].
Moreover, choosing the precoding vector according to imposes a strong condi-
tion on the system configuration in terms of the number of antennas that are needed
[13].

Minimum Mean Square Error

The minimum mean square error (MMSE) scheme is a form of a regularized ZF process,
which is seen as a solution to the noise enhancement problem of the ZF precoder [126].

The precoder that minimizes the mean squared error is given as

A
WMMSE __ZZMISO 7.17
Musolr (717)
WAIE" «— Proj (WMMSE) | (7.18)

where Ayiso = (AlisoAmiso + 02 I, ) AN go. The matrix Aypso is defined in (7.15)).
Leakage-Based Precoder

The leakage-based precoder is designed to maximize the signal-to-leakage-noise ratio
(SLNR) defined as

Jw)a)?

0 =

- . (7.19)
HAfxusowkH2 + 01%
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Maximizing the SLNR for all the users is an efficient way of designing the transmit
precoding vectors because it limits the search space and also lowers the complexity
involved in finding efficient transmit precoders [23,]143|. According to the generalized
Rayleigh-Ritz quotient method (see Appendix [127], the optimal wNR is given

as
B B —1
= ] (Ao o + i) ot} (720)

where v,..{-} is the eigenvector corresponding to the largest eigenvalue of the matrix.
The solution that satisfies the CMCs is given as

wkicy, «— Proj (w1 (7.21)

7.4.2 MU-MIMO transmission

Next, we consider the general MU-MIMO setup and use all the above precoding meth-
ods. In addition, we use the block diagonalization (BD) scheme for the cancellation
of the MUI. The BD scheme is a more generalized ZF solution applicable for a sce-
nario when the receiver has multiple antennas [13,/169]. The BD scheme enforces the

following zero MUI condition A, W) = 0, which can be expressed as

WD = O ymax (7.22)
ng\]/DIC,k <— Proj (WBD’k) ) (7.23)

where V% € CMrx(Mr=Mn(K-1) holds the basis for the null-space of A, € CMr(K-1)xMr
which can be obtained from the singular value decomposition (SVD) of A, [13] and
ymax ¢ CMr=Mr(K-1))xMr ig a matrix whose columns are the right singular vectors
corresponding to the My largest singular values of A, V,\” € CMrx(Mr=Ma(K-1)  Note
that the matrices A and A, are defined in and (7.8), respectively. We assume
that @ in is given as Q = My .i.e., the number of streams for that particular UE

is equal to the number of antenna at the UE.

7.5 Numerical Results

In this section, we show simulation results to evaluate the performance of the transmit
precoding methods considered for the near-field beamforming for MU-MIMO mmWave
systems. We assume that the BS uses a ULA with My = 128 antennas which are

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



7. Near Field Beamforming for MU-MIMO Millimeter Wave Communication System 136

0 -15
UE1
S5 UE 2
20 UE3| ]
-10 - 1 UE 4
UES
515 oo 1 — il
5 \ / /W < i ‘
- 20 © 1 - AR
£ £ -30 1 |
e 8 w‘ I
*g -25 g \‘ ‘
-35
£ 30| \
g 30 % \ | '
8 8 ‘
35 1 400 |
-40
-45 ‘
45 1
50 , , , , , , | , 50 , ,
0 10 20 30 40 50 60 70 80 90 0 20 40 60 80 100 120 140 160 180
distance, [m] angle, [degree]

Fig. 7.2: Beam pattern for MRT. Left: Beam pattern vs. distance. Right: Beam pattern vs.
angle.

uniformly spaced with d = A\/2 at a carrier frequency of 28 GHz. We consider a system
with 62 = 1 and K = 5 UEs each with Mr = 4 antennas. The number of streams
Q transmitted to each UE is equal to the number of antenna at the UE ie., Q =
My = 4. With the above simulation parameters, the matrix that spans the null-
space of A, € CMrE-DxMr matrix is given as V,”) € €212 and the matrix whose
columns are the right singular vectors corresponding to the My largest singular values

Of Akf/]'g(o) c CMRX(MT—MR(K—l)) iS given as ‘/kmax c C112><4‘

We present a worst-case scenario where the UEs are uniformly spaced at the same
angle in the radiative near-field of the BS antenna as shown in Fig. We assume
that the UEs have the same AoA 6, = 0 = 45° where the angle is with respect to the
phase center of the BS array. In our numerical experiments, the distance between the
UEs and the BS is given as r = [18.63, 35.90, 53.17, 70.44, 87.71|m

Fig. shows the normalized beam pattern for the MRT scheme for the different
users versus their distance from the transmitting antenna for the MU-MISO setup on
the left. The result depicts the distance discrimination potentials of the near-field
beamforming, as the UEs can be separated by their respective distance to the BS. It is
seen that the MRT schemes do not cancel the MUI and that the UE closer to the BS
has a more focused beam, while the beam focus expands for UEs farther away from the
BS. Furthermore, the figure on the right depicts the normalized beam pattern with
the AoA of 6§ = 45° for all the UEs, with the range 6 € [0°,180°]. It is observed that
similar to the previous result the UE farthest from the BS has a directivity similar to
the far-field scenario (see [170]), while the closet UE has the best directivity.

In Fig. we show the normalized beam pattern versus distance for the ZF and

MMSE schemes for the MU-MISO setup, respectively. Both precoding schemes improve
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Fig. 7.4: Achievable rate for MU-MISO setup (Mt = 128, My =1, K =5).

the performance of the system by canceling the multi-user interference and improving
the directivity of the beam for the desired users. This can be seen by the schemes
successively placing nulls for the MUI at the desired UE locations as compared to the
MRT scheme where there are no nulls placed for the MUI. Moreover, Fig.[7.4{shows the
achievable rate given in for the MU-MISO setup for different SNRs. It is observed
that the MRT scheme has the worst performance as it does not attempt to cancel the

MUI in the system. Furthermore, we observe a comparable performance improvement
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with respect to the achievable rate for the other considered precoding schemes. The
MMSE scheme depends on the levels of interference and noise: if the SNR is low the
MMSE scheme looks more like an MRT, if the SNR is high the MMSE scheme looks
like a ZF scheme.

In Fig. the achievable rate (given in (7.9)) for the MU-MIMO setup is evaluated
with respect to different values of SNRs. The SLNR scheme outperforms the other
schemes in the high SNR regime, while the BD scheme has a better performance than
the MMSE scheme because the BD scheme has the ability to make optimal use of
the excess degrees of freedom available at the transmitter. We observe that there is a
performance degradation between the continuous amplitude solution and the constant

modulus (CMC) solution.
Furthermore, Fig. depicts the achievable rate for the MU-MIMO setup with

respect to increasing array size, which is given as Mrd. We consider various values
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of Mr with a fixed d = \/2 assuming that the SNR is 20dB. It is observed that
the achievable spectral efficiency improves with an increase in the array size for the

considered precoding schemes with the MRT having the worst performance.

In Fig. [7.7, we show the profile of the number of non-zero singular values of the
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steering matrix as a function of the distance for the various combinations of the number
of antennas at the UE and inter-element spacing, d. From the figure, we observe that
spatial multiplexing is possible in the near-field, and that the number of streams Q
that can be transmitted to a UE depends on distance. The range of distances for the
maximum possible streams (full rank) is increased with an increase in the aperture of

the antenna array.

7.6 Chapter Conclusions

In this chapter, we have exploited the distance discrimination potential of near-field
beamforming from a communications perspective to facilitate the deployment of high-
rate MU-MIMO millimeter wave systems. We have studied the system’s performance
with the MRT, ZF, MMSE, and SLNR precoding schemes. Simulation results have
shown that the SLNR scheme performs better for the MU-MIMO setup than the other
schemes. The block diagonalization (BD) scheme, which is a generalized ZF scheme,
has an improved performance than the MMSE scheme due to the ability of the BD

algorithm to make optimal use of the excess degrees of freedom available at the BS.
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8. ROBUST NEAR FIELD BEAMFORMING
FOR MILLIMETER WAVE
COMMUNICATION SYSTEMS WITH
APERTURE PERTURBATIONS

Due to the potentially large size of the antenna array at the base station, it is difficult
to ensure a perfect aperture geometry during the installation of the antenna, which
might consist of multiple panels being stacked together. This leads to inevitable
aperture deformations that degrade the overall performance of the communication
system. Motivated by this, in this chapter, we develop near-field beamforming al-
gorithms that are robust against aperture deformations. We consider the worst-case
design approach and derive an analytical expression on the bound of the elements of
the steering vector as a function of the known bounds of the coordinate displacement.
Simulation results show that the proposed robust near-field beamforming algorithm

outperforms the available benchmarks in the literature.

8.1 Introduction

To meet the demands for higher spectral efficiency, employing a large number of an-
tennas in conjunction with the exploitation of higher frequencies has been recognized
as a promising solution for future wireless systems [171,/172]. Base stations (BSs) that
operate in the mmWave band will employ large antenna arrays, as a result of the
propagation conditions at these high frequencies [159]. Therefore, this will cause the
communicating devices to operate within the BS antennas’ near-field [173]. As a result,
the far-field assumption used regularly in conventional wireless systems does not hold.
This fact underlines the motivation for the research on near-field beamforming that has
recently attracted a lot of attention from the research community. Radiative near-field
propagation takes place between the Fraunhofer distance and the Fresnel distance of
large-scale antenna arrays operating at mmWave frequencies [161,162]. The near-field

distance can be several dozens of meters for relatively small antennas operating at
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mmWave and Terahertz (THz) frequencies [46}/159).

At the same time, due to the potentially large size of the antenna arrays operating
at mmWave frequencies, there might be different reasons for the emergence of pertur-
bations in the aperture geometry. For example, these errors might occur during the
installation of the antenna array. Due to the size of the antenna array, it is difficult to
ensure a perfect aperture geometry during the installation of the antenna, which might
consist of multiple panels being stacked together. This leads to inevitable aperture
deformations that degrade the overall performance of the communication system, such
as a reduction in the power gain, lower directivity, or a change in the direction of the

main beam, as well as deviations in other performance standards [174}|]175].

Most of the conventional methods for robust beamforming are designed for far-field
scenarios. Moreover, most of them are focused on the robustness against the steering
vector mismatch, which is caused by an estimation error of the angle of arrival (AoA)
or angle of departure (AoD) |170,[176,177]. For example, the authors in [170] proposed
a robust algorithm based on prior information about a bound on the steering vector
mismatch to avoid self-nulling of the desired signal even in the case of worst-case pertur-
bations. On the other hand, the authors in [178§] considered a beamforming design that
is robust to aperture deformations caused by thermal deformations. Unfortunately, this
work has a limited application for the problem we consider, since the system model
is based on the far-field assumption and considers non-terrestrial networks. There are
also a few references related to the design of robust beamforming algorithms for near-
field users. The authors in [179] proposed a near-field beamforming algorithm robust
to steering vector mismatches, which is a similar problem to [170]. In [180], the authors
proposed a near-field beamforming algorithm with robustness against distance errors
for acoustic signals. However, even though there are many excellent references on the
topic of robust beamforming design, the number of publications for the implementation
of robust beamforming methods for near-field users with respect to aperture deforma-
tions stays rather limited. In this chapter, we consider robust near-field beamforming
for mmWave networks under aperture perturbations of the base station (BS) antenna

array.

8.2 Chapter Contributions and Organization

In this chapter, we consider robust near-field beamforming for mmWave networks under
aperture perturbations of the base station (BS) antenna array. The main contributions

are as follows.
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e We cast the problem as a worst-case optimization problem which has a determin-
istic upper bound on the norm of the steering vector error. To this end, for the
considered near-field model we derive a closed-form expression for the bound on
the norms of the perturbations of the array steering vector as a function of the

bound on the coordinate displacements.

e We apply this bound during the optimization procedure to design beamformers

that are robust to aperture perturbations.

e The performance of our proposed scheme is evaluated in terms of the output
signal-to-inference-plus-noise ratio (SINR) and transmit power. Results from
our numerical analysis show that the proposed robust near-field beamforming
scheme outperforms the benchmark schemes. The concept of the robust near-

field beamforming design presented in this chapter has been published in [47].

The rest of the chapter is organized as follows. The system model is introduced in
Section [8.3] The aperture perturbation model considered in this chapter is presented
in Section In Section the SINR maximization problem is formulated, while
the worst-case robust beamforming solution is introduced in Section [8.6] Simulation
results are then provided in Section and conclusions are drawn in Section [8.8]

8.3 System Model

We consider a downlink multi-user MIMO system where the BS is equipped with a
uniform rectangular array (URA) in the z-y plane consisting of M, and M, antennas
along the X— and Y — directions such that My = M, - M, is the total number of BS
antennas. Furthermore, we assume that M, and M, are even integers . We assume
that the phase center of the BS antenna array is in the center of the URA at the origin
of the coordinate system as shown in Fig. [8.1] The inter-element spacing between the

elements along the x-axis and the y-axis is denoted as A, and Ay, respectively.

The BS serves a single antenna user equipment (UE) in the radiative near-field
of the BS. The spherical coordinates of the UE are given as (6., ¢ux, i), Where 6., €
[~1807,180°] and ¢, € [-90°,90°] are the azimuth and elevation angles in the direction
of the phase center of the transmitter, respectively, while r,, is the distance towards it.

The received signal at the UE can be written as

y(k) = wha(k), (8.1)
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Fig. 8.1: Configuration and Orientation of URA at the BS

where w € CM*! denotes the vector of beamforming weights, x(k) € CMt*! is the input

vector, and k denotes the time index. The input vector can be described as
x(k) = as(k) +i(k) + n(k), (8.2)

where a = vec{A} € CMr*! is the vectorization of the near-field steering matrix A €
CM=xMy comprising the response between every element of the BS antenna array and the
UE. Furthermore, s(k) is the desired signal, ¢(k) is the interference, and n(k) € CMrx!

is the noise assumed as zero-mean circularly symmetric complex Gaussian.

The (my, m,) element of the near-field steering matrix A where 0 < m, <m,—1, 0 <

my < my, — 1 can be described as

1

A(my,my) = e I K mxmy € C, (8.3)

5mx,my

where 6, ., is the distance between the (m,, m,) element of the BS antenna array and

the receive antenna given as

Sy =V (Trx — T2 4 (Yo — My )2 + (20 — 0)2, (8.4)

where (2., Yix, 2rx) Tepresent the cartesian coordinates of the UE, which are given as
Tox = Tox SN @Dy COS Oy, Yo = Toye SIN @y Sin b, and z,, = 1, cOs ¢ry, Tespectively. Using a
first order approximation, (8.4) can be further simplified as
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2M Ay + 2my ALy — Mm2A2 — m2 A2
5mx,m,y == er\/1 - Y Zz; s y, (85&)
~I. 2mxAxer — miAi _ 2myAyyrx - m}z,A}% 3.5h
~ Loy 5L 5L , (8.5b)

where L., = /22, +y2 + 22, and we used the approximation 1+ z ~ 1+ 3 for small
x. We note that L, is the distance between the receiver and the antenna at the BS,

which is the cartesian coordinate equivalent of 7., i.e., L, = ryy

8.4 Aperture Perturbation Model

In this section, we introduce the BS antenna array aperture perturbation model and
describe its impact on the components of the received signal given in (8.1)). One of the
possible causes of aperture perturbation may be as a result of imperfect installation
of the antenna array. We use a deterministic uncertainty region model in which the
error is bounded. We assume that the imperfections due to aperture perturbation lead
to a displacement in the (z,y, z) coordinates of the elements of the BS antenna array.
We assume that different coordinates are uncorrelated, while the perturbation of one
coordinate can be defined by the corresponding known bound.

Let us denote o = [o,,0,,0,]" € R* as a vector that contains the known bounds
of the perturbation for each axis as shown in Fig. 8.2l In this chapter, we assume
that the displacements for the z and y coordinates are much smaller in comparison
to the displacement for the z coordinate, i.e., o, > o, ~ o,. On the other hand,
the uncertainty region can be described as an ellipsoid of known shape [177]. The
uncertainty ellipse € for the vector displacement p € R? is defined as &, = {diag(o) -
u [||lul]] <1, uw € R*}. We assume that we have information only about the statistics of
the perturbation but not the instantaneous realizations of them. The (m,,m,) element

of the steering matrix of the input signal affected by the perturbations is given by

" 1
A(my,my) = ——e 1% Imamy € C, (8.6)

M, My

where 0,,, ,, is defined as

5mx,my = \/(er - mxAx + p%iﬁ”y)2 + (yrx - myAy + P%i’gny)Q + (er -0 + p%iﬁ”y)Qa (87>
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Fig. 8.2: Bounds of the perturbation for each axis of URA at the BS

and the variable, pe™¢ is the random displacement along the i axis, i € {x,y,z}. Simi-

My, My

larly, using a first order approximation we can approximate d,, ., as

3 2My Aoy + 2y Ayt — m2AZ —m2A2 o
5m me — er\/l - Y yy y ¥ g = y? (88)
ams L2,
2A2 err
~ er B 2mxAx$rx - miAi . 2myAyer B myAy _ OMmx,My , (89)
2L 2L, 2L,
R Oy + b (8.10)
where Ad,,, m, = —gngy and
7 = 2 A, 42— AN 42— O

Next, we compute a first-order Taylor expansion for small perturbations given as

e/t ae) = eI 4 jAqel™ + O(A?)
~ e 4 A, (8.11)
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where A, = jAae’. Then by applying (8.11)) to (8.6)), we can find the first-order Taylor

approximation for the expression of the (my,m,) element of the perturbed matrix A as

~ 1

A(my,my) = = eI B S my (8.12)
~ 1 eI B (O, my + A8y my) (8.13)
6mx,my
1 -2 2w Ad ;2w
~ =R Sm,my g 20 Ty =2 G my 8.14
Sy TN b, (519
= A(my, my) + AA(my, my) € C, (8.15)
where AA(my, my) = —j2EAby, m, A(my, my). Additionally, we represent the expression

j%”Aémx’my in vector format after back substitution as

_271' (xrx - mxAx)Piﬁi’.gfn + (yrx - myAy)pgiﬁn + (er - 0)p$7§17.zm
= j— - Y Y - Y 9 (816)
)\ LI‘X
. 27T |:(er - mxAx) (yrx - myAy) Zrx j| y T
N S A . err,r err, err,z 817
J )\ er Y er ) er [ mx’myJ pmx’my7 pmx,my] ) ( )
= @y Py (8.18)
where
o 2l {(:Crx - mxAx) (yrx - myAy) Zrx :| T
s ZIN U e T L T Led
and
-
Proeimy, = D050, P pen ]
As a result, we can write
AA(my,my) = pjnx)mquxvmyA(mx, my). (8.19)

After that, we find the bound on the norm of the mismatch of each element of the
near-field steering matrix A caused by aperture perturbation with a known norm of

the bound of error ||p,, m,|l2 € £. The bound on the norm of the mismatch is given as
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IAA(m,my)||> = / AA* (my, my) AA(my, my),

— H T
- \/A* (mx7 my)qu,myp:nx,mypmx,my q’"lxﬂnyA(va my)7

1
< 5 HUHQqux,myHQ = Emy,my> (820)

My, My

where we apply the Cauchy-Bunyakovsky-Schwarz inequality for inner products, i.e.,
16%d]]> < [[b]|2 - [|d]|2, ¥b,d € C™.

8.5 Problem Formulation

The signal-to-interference-plus-noise ratio (SINR) at the receiver can be written as
[181]

o?|lwHal?

SINR = (8.21)

wiR;, ,,w’
where R;,, = E{[i(k) + n(k)][¢(k) + n(k)|"} € CMr>*Mr jg the interference-plus-noise
covariance matrix, o2 is the signal power, and E{-} denotes the statistical expectation.
The optimal weight vector can be found via a maximization of the SINR in which

is equivalently written as

min  w' R, w (8.22a)

s.t. wha =1, (8.22b)
where the optimal weight vector is given as [182]
wope = R}, @, (8.23)

and 8 = 1/a"R;},a. However, the matrix is commonly replaced by the sample co-
variance matrix due to the unavailability of the true interference-plus-noise covariance

matrix in practice. The sample covariance matrix given as
A~ NS
R=—) z(k)x(k)", (8.24)

where N; is the number of snapshots. Therefore, problem (8.22a)) can be rewritten as

min w" Rw (8.25a)

s. t. wha = 1. (8.25Db)
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A direct solution to the minimum variance distortionless response (MVDR) problem in
is known as the sample matrix inversion (SMI) beamformer, where the optimal
weight vector is given as

weyy = oR 'a, (8.26)

and o = 1/a"R'a. However, this solution essentially lacks the necessary robustness
to handle a mismatch between the presumed and actual steering vectors. As a result,
this leads to self-nulling of the desired signal. In the following, we develop a new robust
near-field beamformer that takes into account the prior information about the bound
on the perturbation of the (m,, m,) element of the steering matrix A. We denote the
actual steering vector comprising the effect of the random perturbations of the surface
on the BS antenna array as a. The relationship between the actual and the presumed

steering vector is given as
a=a-+e, (8.27)

where a = vec(A) and the vector e € CMm** models the effect of the random perturba-

tions on the steering vector due to aperture perturbations.

8.6 Worst-Case Robust beamforming

For the conventional worst-case steering vector error model, the norm of the error vector
is bounded by some known constant. In this section, the norm of the error vector is
bounded by ~, i.e., ||e|| < v where v is obtained from as v = v/ Mrmax(e,,),Vm €
My which represents the worst-case bound on the perturbations. Next, we denote
A as the set of all possible realizations of the steering vector impacted by random
perturbations

A={ala=a+e, |e]| <~} (8.28)

Therefore, the robust near-field beamforming that tries to maximize the SINR for

the worst-case perturbation in the case of steering vector mismatch can be written as

min  w" Rw, (8.29a)
s. t. min |[w'a| > 1, (8.29Db)
acA

where (8.29) designs the beamforming weight by minimizing the worst-case output
power subject to the distortionless response constraint which must be satisfied for the

steering vector bounded by the worst-case norm e [170]. The constraint in problem
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(8.29) will be satisfied by a worst-case vector a that lies on the boundary of the un-
certainty set \A. The nonlinear constraint in (8.29b) can be equivalently written as

min |w"(a + )| > 1, (8.30a)
e€D(y)

where the set D(v) £ {el||le|]| < ~}. Following [170], we can show that the vector that

achieves the minimum can be found by solving the problem
[w(a +e)| = [w"a| —[wl, (8.31)

such that the solution with respect to the vector e can be written as e = —ﬁveﬂ’,
where ¢ = Z(w"a). From [170], it is required that |w"a| > v|w]|, otherwise the white
noise gain of the robust beamformer may be insufficient, where the white noise gain is

the array gain when the noise term m is spatially white. Therefore, the constraint in
(8:29b) can be replaced by |w"a| — y[jw]| > 1.

Then, the worst-case robust near-field beamforming problem can be written as

min  w" Rw, (8.32a)

w

s. t. [wlal — v||w| > 1. (8.32b)

Since the cost function of (8.32a) is unchanged when w undergoes an arbitrary phase

rotation [170], then the problem can be rewritten as

min w" Rw (8.33a)

s. t. wha > y||lw|| + 1, Im{w"a} = 0. (8.33b)

The optimization problem ({8.33) is convex, and can easily be reformulated as a second-
order cone program (SOCP) similar to [170,|179] which can be solved using interior
point methods with a complexity of O(M3?) [131].

8.7 Numerical Results

In this section, we show simulation results to evaluate the performance of the proposed
and existing algorithms. We assume that the BS uses a URA with M, = 64 and M, =4
antennas which are uniformly spaced. For simplicity we assume that A, = A, = A =
A/2 at a carrier frequency of 28 GHz. The azimuth and elevation angles of the desired

UE are given as {90°, 45°}. We assume that there are two interferers whose azimuth and
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Fig. 8.3: Output SINR versus SNR, Ng; = 1000

elevation angles are respectively given as {50°, 120°} and {120°, 90°}. The interference-
to-noise ratio (INR) is 30 dB. The UEs are uniformly spaced in the radiative near-field
of the BS antenna.

The proposed algorithm is compared with the optimal solution given in ac-
cording to [182], the sample matrix inversion (SMI) beamforming scheme given in
(8-26), and the worst-case near-field beamforming design with a mismatch in the steer-
ing vector due to AoA errors (Baseline) according to [179] i.e., the solution to problem
with a mismatch due to AOA errors. In our simulations, the known bounds on
the norm of the perturbations for each of the axes are given as (0.01),0.01X,0.05)), for
the steering vector mismatch algorithm we modified the known bound given in [179],

to take into account the number of sensors, € = ¢o/Mr, ¢ = 0.01.

Fig. 8.3 shows the SINR performance over the SNR for N, = 1000 samples. The
result is averaged over 1000 realizations. From the figure, it is observed that the

proposed algorithm outperforms the other existing schemes.
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Fig. 8.4: Output SINR versus Ny, SNR= -15dB

Fig. presents the output SINR as a function of the number of snapshots. The
considered SNR is -15dB, and the result is averaged over 1000 realizations. Here the
comparison of the convergence of the proposed robust near-field beamforming algorithm
and the existing schemes is demonstrated. The proposed algorithm outperforms the
existing solutions. In Fig. the power consumption of the schemes is evaluated.
From the figure, the proposed worst-case robust beamforming approach has a better

power efficiency than the other existing schemes.

Additionally, we plot the histograms of the achieved objective function in problem
(8-29), and the constraint in for all the considered schemes to verify that they are
satisfied. The achieved solutions for the interference power and the desired power using
the feasible solution @ are given as [w"Rw| and |[w"al, respectively. Fig. provides
the histogram plots for the achieved interference power for the various schemes obtained
from 1000 random sets of channel realizations. The SINR target has been fixed to 5dB.
The results show that the proposed algorithm has a better performance in terms of

minimizing the interference power in comparison with the other schemes, with the SMI
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Fig. 8.5: Transmit power versus SINR, Ny = 1000

approach having the worst performance. This is because the SMI scheme in
lacks the necessary robustness to handle a mismatch between the presumed and actual
steering vectors. As a result, this leads to self-nulling of the desired signal. In Fig.
we present the histogram plots for the achieved desired power. An achieved value
greater than or equal to 1 indicates that the constraint in is satisfied. As shown
in the figure, our proposed scheme achieves the best result as the constraint is satisfied
in all cases. Furthermore, the constraint is satisfied by the Baseline scheme, whereas
the SMI scheme satisfies the constraint only in a few cases. In both Figures and
the optimal scheme in which is the solution to the problem in has the
desirable result compared to the other schemes. However, the solution is impractical
as the true interference-plus-noise covariance matrix R;,, is not available in practice.

Therefore, the matrix is commonly replaced by the sample covariance matrix R.
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8.8 Conclusions

In this chapter, we have proposed a robust near-field beamforming algorithm. The
proposed algorithm demonstrated robustness due to BS antenna array aperture per-
turbations. We analytically derived the bounds on the perturbations of the steering
vector as a function of the known norm of the coordinate displacements for the worst-
case robust beamforming scheme. The simulation results confirm that the proposed
robust near-field algorithm outperforms the other benchmark schemes, in terms of the

output SINR and power consumption.
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9. CONCLUSIONS AND FUTURE WORK

In this thesis, we focus on developing signal processing algorithms for multicell multi-
user MIMO wireless communication systems. The main goal of the thesis is to fulfill
some of the requirements for future wireless cellular networks, such as enhanced spec-
tral and energy efficiencies, reduced latency, and greater flexibility in traffic handling.
In this thesis, we address the major interference problem occasioned by the densifi-
cation of communication networks and the advent of small cells for future wireless
communication networks. We have shown in this thesis, that by exploiting the ad-
vantages offered by the DTDD system along with the potential benefits of the RIS, an
efficient interference management scheme can be implemented to improve the overall

system performance. The main contributions are summarized as follows.

Chapter|[l|introduces the concept of signal processing for multicell multi-user MIMO
communication systems. The motivation and the state of the art as well as the contri-

butions of the thesis are provided in this chapter.

Chapter [2] is dedicated to the fundamental concepts of Reconfigurable Intelligent
Surface (RIS) technology, its benefits, use cases, and applications in B5G and 6G
networks. In addition, the channel estimation problem and the RIS reflection coeffi-
cient optimization methods are discussed, where we present the current state-of-the-
art model for RIS-aided wireless communications. In Chapter 3, we address the joint
optimization of the transmit beamforming and the passive beamforming for an RIS-
aided DTDD wireless system to minimize the cross-link interference and maximize the
system-wide spectral efficiency. However, the problem is shown to be non-convex as
a result of the coupling of the optimization variables and the constant modulus con-
straints of the RIS. Therefore, to obtain a solution, we propose two different novel
non-iterative algorithms for solving the problem. The first algorithm designs a single
RIS passive reflection vector for the cells in the DTDD system and designs the transmit
beamforming vector using the zero-forcing scheme. In the first algorithm we intuitively
design the RIS reflection coefficient vector to mitigate the cross-link interference and
maximize the SE. However, to reduce overhead and complexity, we propose a heuristic
approach in designing the RIS reflection coefficient vector in order to address the issue
of the cross-link interference and further improve the system performance. The second

algorithm designs the RIS passive reflection vector to maximize the desired user signal
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power of each cell independently. We investigate the performance of the two proposed
algorithms using numerical examples. Results from our numerical experiments show
that the proposed algorithms have a better sum rate performance as compared to a
DTDD system without RIS. This shows that the integration of the RIS in a DTDD sys-
tem has the potential to mitigate cross-link interference. This cross-link interference is
one of the major challenges of DTDD wireless systems, as the interference can severely
degrade the system performance, especially the performance of the cells operating in

the uplink direction, if not properly managed.

Chapter [4] is devoted to designing a decentralized coordinated algorithm for an
RIS-aided DTDD system. Future wireless communication systems are expected to be
much more densified with small cells. Therefore, the implementation of a centralized
scheme as presented in Chapter [3| may be impractical as a result of the high signaling
overhead involved in the collection of all the channel state information at the CPU.
As a result, a distributed solution is much more desirable. The design objective is
to maximize the minimum SINR of the DL users while satisfying the total power
constraint of the DL BSs. Additionally, the problem guarantees that the maximum
interference seen by the UL users due to the transmission of the DL cells is below a
pre-defined level. Therefore, in this case, the performance of the cells operating in both
uplink and downlink directions can be guaranteed. Similarly, the problem is shown to
be non-convex and NP-hard. To obtain a solution, we propose a novel distributed
algorithm based on the relaxed SDP and ADMM techniques for solving the problem.
One of the major benefits of the ADMM schemes is that it is a powerful decomposition
technique that combines the superior convergence properties of the dual decomposition
method and the numerical robustness of augmented Lagrangian method. Therefore, it
is a favourable choice for practical implementation. The results demonstrate that the

ADMDM-based algorithm converges to the centralized solution after a few iterations.

In Chapter 5] we address the issue of further reducing the complexity involved
with the joint design of the transmit beamforming and the passive beamforming for an
RIS-aided DTDD wireless system. In this chapter, we consider a discrete phase-shift
model for the RIS and the concept of signal leakage for the design of the transmit
beamforming for an RIS-aided DTDD system controlled by a CPU. It has been shown
that maximizing the SLNR for all the users in the downlink cells is an efficient way
of designing the transmit beamforming vectors because it limits the search space and
also lowers the complexity involved in finding efficient transmit beamformers. The
decoupled nature of the SLNR criterion allows for a characterization of the solution
to the multi-user beamforming problem in terms of generalized eigenvalue problems.

The resulting optimization problem is solved by decoupling it among the variables. We
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propose a low-complexity and non-iterative method for the design of the RIS reflec-
tion vector and the Rayleigh-Ritz method for the design of the transmit beamforming
vectors. Moreover, we investigate the performance of the proposed algorithm using
numerical examples, which show that the proposed algorithm achieves satisfactory

performance compared to other baseline schemes.

Chapter [6] is devoted to the design of a robust transmit beamforming algorithm
that minimizes the sum transmit power while satisfying the users’ QoS targets in the
presence of channel errors. The performance improvement obtainable from the joint
design of the active and passive beamforming vectors for an RIS-aided DTDD wire-
less system heavily depends on the accuracy of the channel state information (CSI).
However, due to estimation errors and limited feedback channels, the transmitters can
never have perfect CSI. As a result, the performance targets can no longer be guar-
anteed if the CSI errors are not taken into account. To this end, robust beamforming
solutions are much desired. We consider a conventional worst-case robust (WCR) for-
mulation which has deterministic upper bounds on the norms of the channel estimation
errors. However, it is impractical to use deterministic upper bounds on the norms of
the channel errors. Due to the random nature of the wireless channel, it is more logi-
cal to exploit the statistical nature of these imperfections. Hence, we also consider a
probabilistic-constrained robust (PCR) optimization problem, based on the statistical
channel error model. We propose two algorithms based on the relaxed SDP to solve
the two problems, respectively. Results from our numerical analysis show that the out-
age probability-based approach outperforms that of the worst-case design-based robust

transmission strategy.

In Chapter [7] we carry out a preliminary investigation on the concept of near-
field beamforming. As a result of the combination of massive MIMO and operations
at mmWave frequencies, communicating devices will operate in the near-field of the
BS antenna. We exploit the distance discrimination potential of the near-field beam-
forming from a communication perspective to facilitate the deployment of high-rate
MU-MIMO millimeter wave systems. We investigate the system’s performance using
several precoding strategies. Our numerical results demonstrate a significant perfor-
mance improvement due to the capability of the near-field beamforming to support
reliable communications even for devices that are located in the same angular direc-

tion which corresponds to the “worst case” situation.

Finally, in Chapter [§| we study the robust near-field beamforming design. We
propose a robust near-field beamforming algorithm that is robust against BS antenna
array aperture perturbations. We analytically derive the bounds on the perturbations

of the steering vector as a function of the known norm of the coordinate displacements
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for the worst-case robust beamforming scheme. The simulation results confirm that

the proposed robust near-field algorithm outperforms the other benchmark schemes.

9.1 Future works

Due to the densification of the small cells and the amount of CSI involved in an RIS-
aided DTDD system, there is still the need to carry out further work to develop and
implement solutions that will further reduce the complexity involved in the joint design
of the RIS reflection coefficients and active beamforming in order to further reduce the
burden on the CPU and the backhaul connections. In the following, we list some of

the possible areas for the extension of the contents of this thesis.

9.1.1 Acquisition of channel state information

The channel estimation scheme adopted in this thesis and most of the works in the
literature are mostly focused on the design of all the cascaded channel coefficients of
all the RIS reflecting elements at once. Unfortunately, this approach requires a long
training time which may not be practically available in the DTDD-based small cells
due to their short packet transmissions with insufficient pilot length and/or fast-fading
channels with a short coherence time. Therefore, the development of efficient and
flexible channel estimation protocols for the RIS-aided DTDD systems with adjustable
pilot duration to adapt to different transmission requirements and channel coherence
time is worth investigating. One efficient way to tackle this problem may be the
exploitation of machine learning techniques to predict the optimal RIS phase shifts for
the UEs without the need for their explicit CSI.

9.1.2 Orthogonal frequency-division multiplexing System

Another possible extension of this thesis is the extension to orthogonal frequency-
division multiplexing (OFDM) system subject to frequency-selective fading channels.
The optimization of the RIS reflection design for rate maximization for OFDM-based
systems is more challenging, as a result of the need to cater to more channels in both
space and frequency. Additionally, the RIS phase shifts need to be jointly optimized
with multiple transmit covariance matrices on different sub-carriers. This could be
even more involved for an RIS-aided DTDD system. Therefore, there is a need to in-

vestigate and implement low-complexity and efficient algorithms for the OFDM-based

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



9. Conclusions and future work 161

RIS-aided DTDD system. A possible solution is to adopt an successive convex approx-
imation-based algorithm or an alternating optimization-based algorithm to extend the

algorithms presented in this thesis for OFDM-based systems.

9.1.3 Integration of double RISs

Further performance improvement for RIS-aided DTDD systems could be obtained
by extending the contents of this thesis to a DTDD system assisted by double RISs
with direct LOS between the RISs [183]. Tensor-based signal processing techniques
could be exploited to reduce the complexity that might be associated with such an

implementation.

9.1.4 Effects of CSI estimation error on Near-field beamforming

The robust near-field beamforming implementation in Chapter [§| has considered the
worst-case error model. However, the worst-case approach can be overly pessimistic
because the probability of the actual worst-case errors occurring in practice may be
extremely low. Therefore, it is interesting for near-field communications to investigate
the effects of CSI estimation errors on the system performance and develop a robust
beamforming algorithm based on the probabilistic error model as discussed in Chap-
ter [0l The probabilistic error model has the advantage of being less conservative. It
makes a prudent selection of the robustness parameters as compared with the worst-
case approach by explicitly specifying them in terms of the covariance matrix and the

outage probability.
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APPENDIX A. SYMBOLS AND NOTATION

RP
X >0

X =0

Amin (X)), Amax (X)
Re{X},Im{X}

Scalars

Vectors

Matrices

Transpose of a vector or a matrix

conjugate transpose (Hermitian) of a vector or a matrix
Identity matrix of size p X p

Expectation operator

Forms a square matrix with A on its diagonal
Extracts the diagonal of matrix A into a vector
Vectorization operator

Outer product

Kronecker product

Khatri-Rao product

L' norm of the vector

Euclidean norm (L? norm) of the vector
Frobenius norm of the matrix X

Probability operator

The trace of the matrix X

n X n complex-valued matrix

n X n complex Hermitian matrix

n X n symmetric matrix

n X n real-valued matrix

X is positive semidefinite

X is positive definite

minimum and maximum eigenvalue of X respectively

real and imaginary part of a complex X respectively
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APPENDIX B. ACRONYMS

2G
3GPP
5G

6G
ADMM
ALS
AO
AP
AWGN
B5G
BD

BS

CE
CDF
CL
CMC
CNN
CP
CPU
CSI
CSCG
DL
DoA
DoD
DTDD

Second Generation

3rd Generation Partnership Project
Fifth Generation

Sixth Generation

Alternating Direction Method of Multipliers
Alternating Least Squares
Alternating Optimization

Access Point

Additive White Guassian Noise
Beyond Fifth Generation

Block Diagonalization

Base Station

Channel Estimation

Cumulative Distribution Function
Cross-Link

Constant Modulus Constraint
Convolutional Neural Network
Canonical Polyadic

Central Processing Unit

Channel State Information
Circularly Symmetric Complex Guassian
DownLink

Direction-of-Arrival
Direction-of-Departure

Dynamic Time Division Duplex
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EE

EM
eMBB
FD
FDD
FPGA
HD
ICI
IRS
IoT
IPM
LMI
LOS
LS
LTE
MIMO
MISO
MMSE
mmWave
MRT
MSE
MU
MUI
MU-MIMO
NLOS
NN
NP
QoS
RE

Energy Efficiency
Expectation-Maximization
enhanced Mobile Broadband
Full- Duplex

Frequency Division Duplex
Field Programmable Gate Array
Half-Duplex

Inter Cell Interference
Intelligent Reflecting Surface
Internet of Things

Interior Point Mmethod

Linear Matrix Inequality
Least-of-Squares

Least Squares

Long Term Evolution

Multiple Input Multiple Output
Multiple Input Single Output
Minimum Mean Squared Error
Millimeter Wave

Maximum Ratio Transmission
Mean Squared Error

Multiple User

Multiple User Interference
Multi-user-MIMO

Non Line-of-Sight

Neural Network
Nondeterministic Polynomial-time
Quality-of-Service

Resource Efficiency
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RF
RIS

SCA
SDMA
SDP

SDR

SE

SER

SIC

SIMO
SINR
SISO
SLNR
SNR

SOC
SOCP
SQUAREM
SU-MIMO
SVD

TDD
TDMA
UAV

UE

UL

ULA

ZF

Radio Frequency

Reconfigurable Intelligent Surface
Successive Convex Approximation
Space Division Multiple Access
Semi Definite Programming

Semi Definite Relaxation

Spectral Eefficiency

Symbol Error Rate

Successive Interference Cancellation
Single-Input Multiple-Output
Signal-to-Interference-plus-Noise Ratio
Single-Input Single-Output
Signal-to-Leakage-and-Noise Ratio
Signal-to-Noise Ratio
Second-Order Cone

Second-Order Cone Programming
SQUARed Extrapolation Methods
Single User-MIMO

Singular Value Decomposition
Time Division Duplex

Time Division Multiple Access
Unmanned Aerial Vehicle

User Equipment

UpLink

Uniform Linear Array

Zero Forcing
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APPENDIX C. CONVEX OPTIMIZATION

In this appendix, we present a basic overview of convex optimization and some of
the optimization techniques used in this work. These techniques are used to recast
the problems considered in this thesis into equivalent convex optimization problems.
In Appendices we present these techniques for the optimization of a real-
valued variable. However, since the considered optimization problems in this work
are complex-valued, we present the concept for the extension of the optimization of a
real-valued variable to a complex-valued variable in Appendix [C.6] In Appendix
we present the basic idea of a semidefinite programming SDP and semidefinite relax-
ation (SDR) techniques as well as Gaussian randomization that are used in Sections
653 and 3

Convex optimization is a major class of mathematical optimization problems [131}
184]. The special role of convex optimization and recent advances in the development
of powerful solvers have led to an increase in the use of convex optimization techniques
in various applications, such as signal and image processing, estimation and inverse
problems, modeling, finance, automatic control, and statistics. Understanding and
formulating convex optimization problems is beneficial as there exist methods that can

solve such problems efficiently and reliably.

C.1 Convex Sets

A set D is convex if and only if any line segment between any two points in D is in D,

[131] i.e., if for any x,, 2z, € D and any ¢ with 0 < ¢ < 1, we have
o1+ (1 — p)xs € D. (C.1.1)

This simply implies that a set is convex if every point within the set can be seen by every
other point within the set. The set D is said to be closed if any converging sequence
in D converges to a point in D, i.e., if {x,}.cn is a sequence such that x,, € D,Vn € N
and x,, — x,, then &y € D. If D, and D, are convex, then D; N D, is also convex, i.e.,

intersection preserves convexity [131]. The following are some important examples of
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convex sets
1. Hyperplane: A hyperplane is a set of the form
{x €R"| a’z = b}, (C.1.2)

where a € R",a # 0, and b € R. A hyperplane is a convex set since for any
x,x, €D, and 0 < ¢ <1 we have

pa'x, + (1 —¢)a'zy = b+ (1 — )b = b. (C.1.3)

2. Half-space: A half-space is defined as
{x eR"| a’z < b}, (C.14)

where a € R",a # 0, and b € R. A hyperplane divides the R™ into two half-spaces.
Half-spaces are convex. An open half-space is the interior of the half-space given
as [131]

{x €R"|a"x < b}. (C.1.5)

3. Polyhedra: A polyhedra is defined as
{xeR"ajz <b;,je{l, -, J}} (C.1.6)

where a; # 0, and b; € R,Vj € J. Since the polyhedron is the intersection of a

finite number of half-spaces and hyperplanes it is a convex set [131].

4. Euclidean ball: A Euclidean ball is of the form
B(ze,7) ={z € R"| |z — x| <7} = {x e R"|(z —x.)"(x — z.) < r?}, (C.1.7)

where r > 0, and ||-||» is the Euclidean norm. Here x. is the center of the ball with
radius r. The Euclidean ball B(x.,r) consists of all the points within a distance
r of the center x. |131]. If [z — z || <7, ||x2 — T2 < 7, and 0 < ¢ < 1, we have

[px1 + (1 — P)xy — x|z = [|P(x1 — 2) + (1 — @) (T2 — L) |2
< ollzr — e[l + (1 = @)|lee — xc|2
<7 (C.1.8)

which shows that the Euclidean ball is a convex set.
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J(x)

) .

@f(x1) + (1 = @) f () |- :

Slax; + (1 - @)x2)}-—

W
-

X ax; + (1l —a)x X2

Fig. C.1: Graphical representation of a convex function, (adapted from [131] )

5. Ellipsoid: An Ellipsoid is a convex set that is of the form
E={xcR"(x—=x.)" P (x—=x.) <1}, (C.1.9)

where P = PT = 0 is a matrix that determines how far the ellipsoid extends in

every direction from the center of the ellipsoid z. [131].

6. Affine sets: A set Q C R" is affine if the line passing through any two points in
Q lies in Q. This implies that for any x,,x, € Q and ¢ € R, we have

px1 + (1 —¢)zz € Q. (C.1.10)

C.2 Convex Functions

Let the set D be a convex set. Then a function f : D — R is said to be convex if
Vo € [0,1],
f(oz1 + (1 = ¢)x2) < ¢ f (1) + (1 — ¢) f(x2), Vo1, 2 € D. (C2.1)

Let us consider the convex function f(z), € R and the line segment joining two points
(1, f(z1)) and (x9, f(22)). Then, geometrically, it implies that a function is a convex
function if the graph of the given function lies below the line segment that joins any
two points of the graph as shown in Fig. [131]. Equally, f is said to be strictly
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convex if V¢ € (0,1) and Vo, # ¢y, x,, 2, € D, we have

[z + (1 = @)x2) < ¢f(x1) + (1 — @) f(2). (C.2.2)

The function f is said to be strongly convex if F': D — R defined as F(x) = f(x) — a|z|?

is convex for some o > 0.

C.3 Convex Optimization Problem

A constrained convex optimization problem can be written as

min  f(x), x € R"
sit. gi(x) <0, Vi=1,--- K
hi(x)=0, VYj=1,-,P (C.3.1)

where equality constraints h;(x) = a]« — b; are linear, the inequality constraint func-
tions g;(x), and the objective function f(zx) are convex [131,[184]. A problem is said to
be a convex problem if g;, Vi = 0,--- , K are convex and h;, Vj = 1,---, P, are affine.
Convex optimization problems are a category of optimization problems that can be
solved using efficient algorithms [131]. The set of input values x for which the objec-
tive function and the constraints of the optimization problem are defined is known as
the domain of the convex optimization problem. The set of all the members of the

domain that satisfies all the constraints is called the feasible set or constraint set.

A convex optimization problem can be transformed into an equivalent form. Ac-
cording to [131},|185], two optimization problems are said to be equivalent when the
optimal solution of one of the problems can be found from the optimal solution of
the other problem, and vice versa. This problem transformation can be achieved by
using some useful tricks, these include a monotone transformation of the constraints
and the objective function, introduction of some slack variables, replacing the equality

constraints with inequality, reformulation as an epigraph, change of variables, etc.

For example, with the use of slack variables the problem in (C.3.1) can be trans-
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formed as

min f(=), xeR"”
s.t. q, >0, Vi=1,--- K
gi(x) <+q,  Vi=1,-- K
hj(x) =0, Vi=1,---,P, (C.3.2)

where the new variable g; is the slack variable introduced that is associated with in-
equality constraint in (C.3.1). The slack variables replace each inequality constraint

with equality and nonnegative constraints.

Equally, using a slack variable the generic convex objective function of the opti-
mization problem in (C.3.1)) can be transformed into a linear objective function given

as

Initn t, reR"teR

st. f(x) <t
gi(x) <0, Vi=1,--- , K
hi(x)=0, Vj=1,--,P, (C.3.3)

where ¢ is a new slack variable. The problem in (C.3.3) is referred to as the epigraph
form of the original optimization problem in (C.3.1]) [131,|185]. Problem (C.3.3) can
easily be seen as an optimization problem in the ”graph space” (z,t¢). The addition of

the slack variable ¢ is essentially the price to pay for having a linear objective function

[135).

The duality principle in convex optimization implies that any given optimization
problem can be considered from either of two contexts, the original problem problem
(known as the primal problem) or the dual problem [131]. One important function in

constrained convex optimization is the Lagrangian given as
K P
Lz, A\ v) = f(x) + Y Ngi(x) + > vhi(x), (C.3.4)
i=1 j=1
where XA € RX and v € R? are known as the Lagrange multipliers or the dual variables.

The basic concept involved in obtaining the Lagrangian in (C.3.4) is to augment the
objective function of (C.3.1) with a weighted sum of the constraints. The Lagrange
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dual problem of the primal problem in (C.3.1)) is then given as

max 7(A,v)

Av

st. A >0, Vi=1,-- K (C.3.5)

where r(\,v) is the dual function define as r(A,v) = inf L(x,A,v). The optimal
solution & of the problem in (C.3.5)) gives the best lower bound on the optimal solution

& of problem (C.3.1). If we have

then, this is known as weak duality. This inequality holds when the two optimal solutions

are infinite [131]. However, if the equality

holds, then we have that strong duality exists between the primal and dual function, i.e.,
the optimal duality gap is zero. Generally, there is no analytical formula for the solution
of convex optimization [131]. However, constrained convex optimization problems can
be efficiently solved using interior point polynomial time algorithms [186]. In [187], the

fundamental concepts behind these interior point algorithms are presented.

The necessary and sufficient conditions for the optimality of the primal and dual
functions of a convex optimization problem with a differentiable objective and con-
straint functions are given by the Karush-Kuhn-Tucker (KKT) conditions [131]

fi(@) <0, Vi=1,--- K
h](j3>207 v]:L 7P
\N>0, Vi=1,--- K
Nfi(@)=0, Vi=1,--- K
K . P
V@) + Y A vei@)+ )0 (@) =0, (C.3.8)
i=1 j=1

where & represents the optimal solution and 17 denotes the differential operator.

C.4 Second-order Cone Programming

Second-order cone programming (SOCP) problem can be seen as a generalization of

linear and quadratic programming that permits affine mixtures of variables to be re-
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stricted within a unique convex set, known as a second-order cone . SOCP is a
convex programming problem, and just like linear programming, semidefinite program-
ming, and quadratic programming, it can be solved in polynomial time using interior
point methods [131]. Due to its computational tractability, SOCP is used in diverse
formulations and applications, such as in approximation problems, geometry problems,
and probabilistic problems [186].

Fig. C.2: Second-order cone

The standard second-order cone (SOC) in R? is a set of triples {z,y,z} such that

vaz+y? <z (C4.1)

The disks of radius « are the horizontal sections of the set at the level & > 0. The
geometric interpretation of SOC is given in Fig. However, in general, the SOC for

an (n + 1) dimension is given as the following set

S, ={(z,t),x eR", t € R| ||z|]> < ¢t} (C.4.2)
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Also, the rotated SOC in R"*? is represented by the following set
S ={(z,y,t),c €ER", yec Rt eR|x"x < 2yt, y >0, t > 0}. (C.4.3)

Intuitively, this rotated SOC can be reformulated as a linear transformation of the

plain as

1
|||; <= lH i ]H N (C.4.4)

which implies that (x,y,t) € S if and only if (a,b,) € S,, where a = (z, (y — t)/V2),
and b = (y +t)/v/2. This reformulation is the basis for notably increasing the set of
problems that can be formulated as SOCPs [141].

C.4.1 Formulating Problems as SOCP

A convex optimization problem with linear objective function and SOC constraints is
known as SOCP. The standard form of SOCP is given as [131}141]

min c'x
xr

where A; € R™*" b, € R™, ¢; € R", and d; € R. A majority of convex optimization
problems can be represented as SOCPs. These include linear program (LP), quadratic
program (QP), quadratically constrained quadratic program (QCQP), etc. In the

following, we present some of the optimization problems that can be cast as SOCPs.
1. Linear Programs as SOCPs: A standard LP in inequality form given as

min c'x
st. alx<b,i=1,---,m (C.4.6)
can easily be formulated in SOCP form as
min c'x

where C; =0 and d; = 0.

Signal Processing for Multicell Multiuser MIMO Wireless Communication Systems



Appendix C. Convex Optimization 174

2. Quadratic Programs as SOCPs: A standard QP in the form

min ' Dz +c'x
@xr

st. ajx<b,i=1---,m (C.4.8)
where D = DT = 0, can be readily be expressed as an SOCP as

min c¢'x
T,y

2DV
s.t.

) ] <y—+1,
y_

ax <. (C.4.9)

3. Quadratic-Constrained Quadratic Programs as SOCPs : A convex QCQP

program given as

min  x' Doz + ajx

X

st. ' Dij+alz<b,i=1,--,m (C.4.10)
D; = D] = 0, can be formulated as an SOCP as

: T
min ay,x—+g
z, 9

2Dé/2m
s.t. <g+1,
g—1
2D *x
! <a/x+1, (C.4.11)
b —alz—1

4. Minimization of Sum of Norms as SOCPs: The following norm minimization

problem
i=1

where A; € R™*", b, € R™ are the available data, then the problem can be cast
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as an SOCP given as

,
min E V;
x,v

i=1

st || A+ bl <wvpyee (C.4.13)

where vy, --- ,r are the introduced auxiliary variables.

5. Minimization of the Maximum Norm as SOCPs: The problem

min max | A;x — b2, (C.4.14)

xT

has the SOCP formulation as

min v
x,v

st A +b]| <o, 7, (C.4.15)

C.5 Semidefinite Programming

Semidefinite programming (SDP) problem can be defined as the optimization problem
over the intersection of an affine set and the cone of positive semidefinite matrices
[139,/140]. SDPs can be solved in polynomial time (up to any prescribed accuracy)
using interior-point algorithms [131], and as a result, have been effectively used in the
design of approximation algorithms for many NP-hard problems. Note that NP-hard
problems are problems for which we cannot prove that a polynomial time solution
exists [131].

The semidefinite relaxation (SDR) technique is the technique adopted to approx-
imately solve any given SDP problem. It is a powerful and computationally efficient
approximation technique for a lot of difficult optimization problems such as non-convex
QCQP, Boolean quadratic program (BQP), etc [140).

To demonstrate the concept of SDR, let us consider the QCOP problem given as

min z'Yx
xcR™

st. ' Qux>b,i=1,---,m, (C.5.1)

where Y € S*, b; € R, Vi € m, and Q; € S, Vi € m. We note that both the objective

function and the constraint are linear in xa'. This is evident from the trace of the
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both functions,

'Yz ="Tr(z'Yz)=Tr(Yxz")
' Qx = Tr(x'Q;x) = Tr(Q;xx").

As a result, we define a new rank-one matrix as X = zx' € S*, X = 0, therefore, the
QCQP problem can be recast as

min  Tr(Y X)
Xesn

st. Tr(@Q;X)>b,i=1,---,m,
X >0,
rank(X) = 1. (C.5.2)

Problem (C.5.2) is a convex-SDP problem since the objective function and the first
two constraints are convex. However, the existence of the rank-one constraint makes it
difficult to solve the problem. To obtain a solution for the above problem the rank-one

constraint is relaxed, and the relaxed version is known as SDR which is given as

min  Tr(Y X)
Xesn
st Te(QiX)>bii—=1,---,m,
X =0 (C.5.3)

One important feature of the SDR problem in is that it can be efficiently solved
to any arbitrary accuracy using interior point methods [131,/140]. Unfortunately, the
global optimal solution X of the SDR problem in may not be a feasible solution
z for the original QCQP problem given in [188]. This is due to the fact that
the obtained solution X may not be a rank-one solution. If the solution is rank-one,
then there is nothing to worry about because its principal component will be a feasible
solution to the original problem in . However, if the solution is not rank-
one, then the vector & that is feasible for the original problem is somehow extracted
from the solution of the SDR problem. This can be achieved using either eigenvalue

decomposition (EVD) or Gaussian randomization as discussed below [139}140].

1. Eigenvalue Decomposition Based Approach: EVD-based procedure is used
to extract rank-one solution from the optimal solution of the relaxed problem.
In this approach, EVD operation is applied to X obtained from solving (C.5.3).
Then, the maximum eigenvalue and its corresponding eigenvector are used to
reconstruct the rank-one matrix that is feasible for the original problem in (C.5.1]).
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The EVD-based approach is summarized below in Algorithm [4]

Algorithm 4: EVD-Based Approach

(a) Input: an optimal solution X to (C5.3)

(b) Let r = rank(X)
(c) Let

r

% T

X = Z)\Z’vivi s
=1

be the EVD of X, and A\{ > A\g--- > A\, 0 are the eigenvalues and
vy, -+, v € R™ are the corresponding eigenvectors.

(d) Reconstruct X 1 as X 1= )\1'01’()1'—, as the best rank-one approximation to X.
(e) Extract € = y/Ajv; as a feasible solution to the problem in (C.5.1])

2. Gaussian Randomization Based Approach: The Gaussian randomization ap-
proach is a heuristic procedure that uses X to generate a set of candidate x;, VI € L
vectors, from which the “best”, i.e., the solution that yields the best objective
will be selected [188]. The number of randomizations is given by L. The idea is
to calculate the EVD of X = USU" and select ; = UXY2w,, where the elements
of the vector w; are complex circularly symmetric uncorrelated Gaussian random

variables with zero-mean and unit-variance. This guarantees that E{w,w}'} = X.

However, it is important to note that the design of the Gaussian randomization
algorithm is problem-dependent. In [140], it has been shown that the rank-
one approximation obtained using the Gaussian randomization procedure out-
performs that obtained using the EVD-based procedure. The higher the number
of randomizations used, the better the performance that will be obtained} The

Gaussian randomization procedure is summarized in Algorithm [5]

! The typical range of values for L is between 500 and 1000 to have a good rank-one approximation.
In all our experiments in this thesis where Gaussian randomization is applied, we used L = 500.
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Algorithm 5: Gaussian Randomization Approach

1. Input: an optimal solution X to (C.5.3) and number of randomizations L

2. Let X = UXU", be the EVD of X.

3. forl=1:1L
generate w; ~ CN(0,1),
x, = UX?w,.
end

4. find [ = argmin ] Y z.

5. Extract & = x; as a feasible solution to the problem in (C.5.1)

C.6 Optimization Problems of Real Functions in Complex

Variables

Many practical optimization problems found in many applications such as signal and
array processing, beamforming, adaptive filter, remote sensing, etc., deal with real-
valued functions with complex arguments. Because the complex domain provides a
natural way to conserve the phase information of the signals involved and also pro-
vides a convenient way to represent these signals [189]. As a result, the accuracy of
the derivatives of real functions estimated using complex variables is increased by an
order of magnitude [190]. A simple complex-variables nonlinear convex programming

problem is given as:

min g(q)

s.t.qg € Q, (C.6.1)

where g(q),Q Cc C" - R,Q={qeC"| Az=0b},b c C", and A € C™*". However, for
the real-valued function with complex variables given in (C.6.1), the Cauchy-Riemann
conditions are not satisfied. As a result, such functions do not have Taylor series

expansion.

Consequently, for this group of functions, the optimization methods based on deriva-
tives cannot be directly applied. One of the ways to overcome this problem is by
converting the problem to the field of real-valued one. This is achieved by separating

the real and imaginary parts of the complex variables and considering them as new
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independent variables. After that, the real-valued optimization methods can be ap-
plied. Regrettably, this will increase the dimension of the original problem which will
inadvertently lead to slow convergence and high computational complexity when the

problem size is big.

In (C.6.1), a point q is feasible if g € Q. A feasible point ¢ is locally optimal if there
exists an open ball around ¢, B.(q) C 2 such that g(q) > ¢(q), Vq € B.(¢g)N and q is
globally optimal if g(q) > ¢(g), Vg € Q. It is important to note that the g(q) in is
not analytic since the Cauchy-Riemann conditions are not satisfied. However, with the
help of Wirtinger Calculus (also known as a relaxed CR calculus it is possible to turn
g(q) into an analytic function [191,192]. This is achieved by constructing an expansion
of the objective function in its original complex variables, given as g(q, q*), where g* is
the complex conjugate of q. Note that functions of complex variables can be analytic

in their argument and its complex conjugate as a whole [191].

Denote q = z+iy where i = v/—1 is the imaginary unit. As a result, we can view g(q)
as a real bivariate function of its real and imaginary components f(z,y) : R™ x R" — R.
On the other side, from =z = (¢ + q*)/2 and y = —i(q — q*)/2 we see that g(q) = g(q, q*).
In the following, we give some important definitions of the real-valued function of a

complex variable ¢

1. Convez set: A set Q is called a convex set if for any two points q; and ¢, in Q and
any ¢, 0 < ¢ <1, we have

¢q1 + (1 - ¢)gz. € Q2 (C.6.2)

2. Convez function: A real-valued function of a complex vector g, g(q) C — R defined
on convex set ) € C" is said to be convex if for any given two points ¢, and g,

and a € [0, 1], we have

g(tq + (1 —1t)g) <tg(q)+(1—-1t)g(qa)- (C.6.3)

A function is called strictly convex if the above strictly.

3. Linear mappings: For a real-valued function with complex variables, the following

two linear mappings from the complex space to the real space exist:

e For Vg € C", then we have

Re(q)

R, C.6.4
Im(q) © ( )

ei(q) =
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e For VA € C"™*"(n > 1), then

Re(A) —Im(A)

R2m>2n (C.6.5)
Im(A) Re(A)

where Re(-) and Im(-) denote the real and imaginary parts of a complex matrix
or vector, respectively. Furthermore, ¢, and ¢, are the one-to-one mapping from
the complex domain to the real matrix space.

Assume that the partial derivatives of f(x,y), % and g—i, exist. Then R-derivative of a

real function of a complex variable g(q) = g(q, q*) is given by

99 _1 (8f -3f> , (C.6.6)

oq  2\ox 'Oy

and the conjugate R-derivative ( R*-derivative) of a function g(q) = g(q, q*) is given by

9 _1 <8f + .ﬁ)' (C.6.7)

aq* ~2\oz Z@y

The Lagrangian function for the real-valued function with complex variables given in

(C.6.1) can be written as [193}/194]
L(z,u) = g(z) — Re (2u"'(Az — b)), (C.6.8)

where u € C" is the Lagrange multiplier. From (C.6.7) we have for any d € C™

0 0

. , 0
oo Re(dz) = o= ((dn —id)" (z +iy)) = 5 (djz + di'y)
1/0 .0
— 5 (55 (he+ dy) +i5 (dia + dTy))
_ % (dp +idy) = dj2. (C.6.9)
Then
) B ) B
e (9(z) —Re (2u"(Az —b))) = Vg(z) — @Re (2u”(Az — b))
=Vyg(z) — é)az*Re (2 (AHu)H z) =Vyg(z) — A% u. (C.6.10)
Similarly,
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8(1 (9(z) —Re (2u”(Az —b))) = —giRe (2u”(Az — b))
— Az +b. (C.6.11)

Then
VL.(z,u)=Vg(z) — A%u

VL0, (z,u)=—-Az+b.
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APPENDIX D. PROOFS AND
DERIVATIONS

This appendix provides detailed explanations and proofs of the theorems and lemmas
used in this work. It also provides detailed derivations for some of the equations used
in the work. In Appendix we provide a detailed explanation and proof of the
S-procedure as used in Lemma [I] of Section to recast the quadratic constraints
in into linear matrix inequalities. Similarly, in Appendix we present a
detailed explanation of a Bernstein-type inequality used in Lemma [2| of Section [6.5
to obtain a safe (conservative) approximation of the intractable outage probability
constraints in (6.44). Furthermore, in Appendix [D.3we provide detailed explanations
and derivations for the generalized Rayleigh quotient or generalized Rayleigh-Ritz
problem which is used in Section to decouple the leakage-based optimization
problem for an RIS-aided DTDD system. Moreover, in Appendix We provide a
detailed derivation process for the expansion of the power constraints used in robust

beamforming strategies considered in Chapter [6]

D.1 Detailed explanation of the S-procedure

The S-procedure or S-lemma tries to solve a system of quadratic inequalities via LMI
relaxation. It is a theorem of alternatives for a pair of (nonconvex) quadratic inequal-
ities. The results in this section can be found in the literature under different names

in different disciplines, for detailed surveys and references see [154].

Theorem D.1.1. Let us denote Fy, and F, € H*** as k x k Hermitian matrices and the
following complex-valued vectors and scalars by, by € C**1, ¢, ¢y € R. Suppose that there
exists an & with

#"F.2 + 2% 4 ¢, <0. (D.1.1)

Then there exist an © € C**1 satisfying

' Fix +2bl'z + ¢, <0, " Fyx + 2bYx + ¢, <0, (D.1.2)
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if and only if there exists no \ such that

F, b,

H
b1 C1

F, b,

A>0,
bg Co

0. (D.1.3)

This shows that (D.1.2)) and (D.1.3)) are strong alternatives.

Proof. By assuming that & is strictly feasible, then it implies that

F2 bg

H
b2 Co

has at least one negative eigenvalue. Therefore,

F2 b2

H
b2 Co

0 = 7=

T2>0, T

Then, we can apply the theorem of alternatives for non-strict linear matrix inequalities, which
states that (D.1.3) is infeasible if and only if

Fl bl F2 b2
X >0, Tr<X <0, Tr <0
b'{' C1 bg Co

is feasible. This is equivalent to the feasibility of

oo e bl

If w # 0, then * = v/w is feasible in (D.1.2). If w = 0, we have v"Fjv < 0, v' Fyv <0, so

x = & + dv satisfies

F b

H
bl C1

F, b,

<0.
b2H Co

et Fix + 26z + ¢, = 2" Fi& + 2682 + ¢, + d*v" Flv + 2d(Fy2 + b)) v
2" Fyx + 2bhx + ¢y = 2" Fod + 2652 + ¢, + v Fov + 2d(Fog + by)
< 2d(Fy% + by)",

i.e., © becomes feasible as d — 400, depending on the sign of (Fy& + by)Hv. O
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D.2 Detailed explanation of Bernstein-type inequality

In this section, we present a detailed explanation of a Bernstein-type inequality used in
Lemma 2 of Section[6.5to obtain a safe (conservative) approximation of the intractable
outage probability constraints in (6.44). Here "safe” implies that the feasible points
for the safe approximation always fulfill the probabilistic constraints. This means that
the feasible points must be necessarily feasible also for the original optimization prob-
lem. Therefore, the safe approximation is a restriction to the original problem [131].
A Bernstein-type inequality bounds the probability that a sum of random variables
deviates from its mean [142]. It can exploit the variance of random variables. Consider
the following random variable G = v"Quv + 2Re(v"u), where Q € HY, u € CV, and
v~ CN(0,Iy). For all § > 0, the following statements hold:

Pr (G2 Tr(Q) = V23 /IQIE + 2ul ~ 9s™(@)) 2 1-¢, (D21)
Pr (G < T(Q) + V20\/||Q|1% + 2||ul2 + 5s+(Q)) >1-e", (D.2.2)

where s7(Q) = max{\,.x(Q),0} in which A, denotes the maximum eigenvalue of (Q)
and s (Q) = max{Ana(—Q),0}. The proof of this Lemma [2| is obtained by extending
the result of [156, Lemma 0.2] from a real Gaussian quadratic form to a complex

Gaussian quadratic form.

Let © ~ N(0,Iy) be a standard random vector, @ € SV be the N x N symmetric

matrix, and @ € RY. Hence, for any given § > 0 we have
Pr (ﬁTQU +207a > Te(Q) — V250/|| Q% + 2)|a)? — 55-((2)) >1— e

To extend to complex Gaussian quadratic form, we observe that Q € HY, u € CV, and
v~ CN(0,Iy), then we have

D=2 Re(v ~ N(0, Iy)
Im(v
Q:} Re(Q) —-Im(Q) 2N
2 1Im(Q) Re(Q)
_ 1 Re(u) N
“T V2 | m(w) <R

It is easy to verify that v"Quv + 2Re(v"u) = 7Q® + 207 a. Therefore, we can adopt
[156], Lemma 0.2] to obtain the desired result.
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Denote § = —Inp and p € (0,1], then from Lemma [2| it shows that the probability

inequality of a quadratic form of complex Gaussian random variables
Pr (v"Qu + 2 Re{v"'u} >b) >1—p (D.2.3)
holds if the following inequality is satisfied
T(Q) — V25/|1QI2 + 2/|u]? - 657 (Q) > b. (D.2.4)

This shows that (D.2.4) serves as a conservative formulation for (D.2.3). However,
another important fact about the conservative formulation in (D.2.4)) is that it can be
equivalently replaced with the following [142,|157]

Tr(Q) — V26w — oy > b, (D.2.5)
M@EIQEFS% (D.2.6)
( )
( )

yIN+Qi07
y =0,

where z,y € R are slack variables. The constraint in (D.2.6)) can be further reformulated

into a standard second-order-cone (SOC) constraint as

[l e

Similarly, from Lemma [2] it implies that
Pr (v"'Qu+ 2 Ref{v"u} <c)>1-p (D.2.10)
holds if the following inequality is satisfied
QU2 + 2lull? + 65*(Q) < D. (D2.11)
Also can be equivalently replaced with the following

Tr(Q) + V262 + dw < ¢,

( )

1QIE + 2[[ul? < =, (D.2.13)
wly — Q = 0, ( )
( )

w > 0,
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where z,w € R are slack variables. The Bernstein-type inequality bounds the probabil-
ity that a sum of random variables deviates from its mean Tr{Q} [157]. The mean of

a given random variable T = v"Qu is given as

E{v"Qu} = Tr{E{v"Qu}}
= Tr{Q - E{vo"}}
= Tr{Q(Cov(v) + pp")}
= Tr{QZ,.} + Tr{Quu"}
= Tr{QZ.} + 1" Qu.

Since the random vector is define as v ~ CN(0, Iy), then p =0 and X%,, = Iy. There-
fore, the mean of the random variable is Tr{Q}. The mean of the sum of random

variables G = v"Qu + 2 Re{v"u} is given as

E{v"Qv} + E{2 Re{v"u}} = Tr{E{v"Quv}} + 2N
= Tr{Q - E{vv"}} + 2N
= Tr{Q(Cov(v) + pup")} 4+ 2N
= Tr{QZ,,} + Tr{Quu"} + 2N
=Tr{Q..} + p"Qu + 2N.

Since the random vector is define as v ~ CN(0, Iy), then p =0 and X, = Iy. Hence,
the mean of G is Tr{Q} + 2N. Note that because the real part of a real number is the
number itself, therefore, E{2 Re{v"u}} = 2E{Re{v"u}} = 2N.

D.3 Rayleigh Quotient and Eigenvalue Problem

In this section, we provide detailed explanations and derivations for the generalized
Rayleigh quotient or generalized Rayleigh-Ritz problem which is used in Section [5.4] to
decouple the leakage-based optimization problem for an RIS-aided DTDD system.

For a given Hermitian matrix A € H**", and non-zero vector & € C", the Rayleigh-

Ritz quotient or Rayleigh quotient is defined as the normalized quadratic form

z Az

xHx

(D.3.1)

The maximum or minimum of (D.3.1)) is given by the largest A,..x eigenvalue or smallest
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eigenvalue \,.. of A, respectively, i.e.,

zHAx

max P = Amax (when & = "largest” eigenvector of A) (D.3.2)
zeCr  xHx

HA
min ~ 2% _ Amin (when & = ”smallest” eigenvector of A) (D.3.3)
zeCr  zHx

This implies that the eigenvector x; corresponding to the largest eigenvalue \; of A
is the global maximizer in that gives the maximum value of )\;. Equally, the
eigenvector x, corresponding to the smallest eigenvalue A, of A is the global minimizer
in that will yield the minimum value )\,. As a result, the matrix A and the
extreme values of \; and their corresponding vectors v, and can be

written as

The problem in (D.3.3) is known as the eigenvalue problem. This can be written in

matrix form as

AV = VA, (D.3.4)

where V. = [vl,--- ,vn] € C™ " are the eigenvectors and the diagonal elements of
T

A = diag( [)\1, e ,)\n} ) € R™*" are the eigenvalues. Furthermore, let us denote B as a

Hermitian matrix of the same size that is positive definite, i.e., B = 0. Therefore, the

generalized Rayleigh quotient or generalized Rayleigh-Ritz is defined as |127]

Az

D.3.5
xHBCC’ ( )

where A and B are Hermitian matrices and x is a non-zero vector, i.e., A = A",
B = B" and = # 0. Note that a matrix is said to be positive semidefinite (PSD) if
for all z € C" the quadratic form Q(z) = " Az > 0. When the equality holds true only
for x = 0, i.e., " Az > 0,Vx # 0, therefore matrix A is positive definite (PD) [131].
Similarly, for the given generalized Rayleigh quotient in the extreme values of

the \; and their corresponding eigenvectors that satisfy the problem can be defined as
.A’Ui = )\tiia Vi € {1, ce ,T'L}. (D36)

The problem in (D.3.6) is known as the generalized eigenvalue problem. This can be
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written in matrix form as
AV = BV A, (D.3.7)

where V' = [’l)l,“- ,vn] € C™" are the eigenvectors and the diagonal elements of
T
A= diag([)\l, - ,)\n] ) € R™*" are the eigenvalues.

In many fields of science, such as mathematics, statistics, signal processing, and
machine learning the eigenvalue and generalized eigenvalue problems play important
roles. The eigenvectors of a matrix contain the most important directions of that
matrix in the eigenvalue problem. For instance, the eigenvector gives the directions of
spread (variance of data) for a covariance matrix. In contrast, the magnitude of the

spread in these directions is provided by the eigenvalues [127],195].

D.3.1 Generalized Eigenvalue Optimization

A generalized eigenvalue optimization problem is an optimization problem that yields

to the generalized eigenvalue problem. For example, consider the following problem

max z Az (D.3.8)

xzeCn

st. "Bz =1, (9.12)

where A € H™*", B € H"", and x € C"*'. The Lagrangian of the above problem is
given as [131]

L=zx"Ax — \(z"Bz - 1), (D.3.9)

where A € R is the Lagrange multiplier. Differentiating the Lagrangian with respect to

x and equating it to zero we have

gi =2Ax —2\Bx £ (0 — Ax = \Bz. (D.3.10)

According to (D.3.7), we note that is a generalized eigenvalue problem. The
x is the eigenvector and the ) is the eigenvalue for this problem. As the optimization
in is a maximization problem, the eigenvector is the one having the largest
eigenvalue. In contrast, if the optimization in is a minimization problem, the

eigenvector is the one having the smallest eigenvalue [127,[131].
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D.4 Detailed Expansion of the Power Constraints in WCR and
PCR Methods

We provide a detailed derivation process for the expansion of the power constraints
used in robust beamforming strategies considered in Chapter [6] in this section. In
Appendix[D.4.1], we provide these details for the worst-case robust (WCR) formulation
in and in Appendix for the probabilistic-constrained robust (PCR) design

approach in (6.44)).

D.4.1 Power Constraints in WCR method

Desired power constraint: Let us introduce the following variables F, = f,f!,Vq € Q*
and ¥ = 00", where F, = 0,%¥ = 0, F, € HM™Mr & ¢ HMs*Ms and F, and ¥ are rank-
one Hermitian matrices. Therefore, the desired power for the ¢gth UE in the ¢th DL
cell as given in can be expanded as follows

|0H (EAq’q + Aq,q)fq|2 = 6" (EAq’q + AQ;‘])qur? (Eq,q + Aqy)Ha
(a) - -
=Tr {qu;| (Eq,q + Aq,q)HoeH(Eq,q + Aq,q)}
=Tr {Fq(Eq,q + Aq»q)H‘Il(Eq’q + Aq,q)}

®) = =
=Tr {(Eq»q +A,)"U(E,,+ Aq’q)Fq}

© e {(EQ,q + Aq,q)} vee {W(Eqvq + A‘M)Fq)}

@ VeCH {(Eq’q + Aq’q)} (FqT & \II)VGC {(Eq,q + Aqﬂ)}

= vec" {A,.} (FqT @ W)vec{A, .}
+2Re{vec" {A, } (F) ® ®)vec(E, )}
+ vec {quq} (F] @ ®)vec {E‘M} , (D.4.1.1)

where (a) is obtained by using the property defined in (1.3)), i.e., 2" Az = Tr{Azz"}
and in (b) we have used the cyclic property of the trace operation as given in (1.7)),
ie., Tt{ABCD} = Tr{BCDA}. Additionally, (¢) is due to the trace property given
in (1.4), which is Tr{A"B} = vec"{A}vec{B} and the operation in (d) is due to the
property given in (L5)), i.e., vec{ABC} = (CT ® A)vec{B}.

The expansion of the power constraint in representing the inter-cell interfer-
ence power received by the gth UE in the gth DL cell from the transmission of the kth
DL BS, and the power constraint in which the UE-UE cross-link interference
power received by the UE in the ¢th DL cell from the UE in rth UL can be done

similarly as in (D.4.1.1)).
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BS-BS power constraint: The BS-BS cross-link interference power received by the
BS in the rth UL cell due to the transmission of the ¢th DL BS as given in (6.181) can

be expanded as follows

1(f7 @ D) (3 + AZOI” = (f] @ Iniy) (31 + AZ)00 (3, + ADY(F] @ Lns,)"

O {3, + A @A, + A (ST © L) (F] © Lnr,)}

Dt {3y + AR @y + AR AT © )

D1 {3+ ADEA,, + AQHE © Lr,))

D {3, + ADMET © L) D, + AD) W)

) VeCH{( g+ A )}Vec {(FqT ® IMT)(ﬁr,q + Ag?q))\ll}
D e (3, + A( NHET @ (F] @ Lu))vec (g + AR}
=vec' {ADNTT ® (F] @ Ing,))vec{AD}

+2 Re{vecH{Ag)}(\IlT ® (FqT ® Ing,))vec{Dy )} + trg,
(D.4.1.2)

where u, , = vec"{3, ,}(¥T ® (F] ® I,.,))vec{3,,}. We note that the (i) and (iv) are
due to the cyclic property of the trace operation as given in and the operation in
(i) is due to the property given in (L.6), i.e., (A ® B)(C ® D) = AC ® BD. In (iii), it
can easily be verified that f;f] = (quH) F. Furthermore, (v) is due to the trace
property given in (L.4), which is Tr{A"B} = vec"{A}vec{B} and the operation in (vi)
is due to the property given in (L), i.e., vec{ABC} = (C" @ A)vec{B}.

D.4.2 Power Constraints in PCR

All the power constraints in (6.44) can be expanded in the same manner as those of
Section the only difference is that we will replace the channel estimation errors
with the statistical uncertainty models. For example, the desired power for the ¢th UE
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in the ¢th DL cell as given in (6.44b|) can be expanded as follows

0" (Eyq + Ay o) fol* = 0"(Eyy + Aq,q)qu;(Eq,q +A,,)"0
(a) 2 2
= Tr {qu;(Eq,q +A,,)"00"(E, , + Amq)}
=Tr {Fq(EAq,q + Aq,q)H‘P(Eq,q + Aq,q)}

O] - 2
=Tr {(qu + Aq,q>H‘I’(Eq7q + Aq,q)Fq}

2 vec {(Eq,q + Aqq)} vec {‘I'(Eq,q + Aq,q)Fq)}

D et {(EM + Aq,q)} (F] @ ¥)vec {(quq + Aqu)}

= vec'! {Aq,q} (F;— ® W)vec {Aq,q}
+ 2 Re{vec" {A,.} (FqT ® \I’)Vec(EM)}
+ vec" {EAM} (F] @ ®)vec {Eq7q}

(e) -
= Mgl g (B ® ©)Ag g+ 2Re{ X 11 4(F] @ ¥)vee{Ey4}}

9.9

+vec{E, J(F © ®)vec{E, ,}, (D.4.2.1)

where (a) is obtained by using the property defined in (1.3), i.e., "Ax = Tr{Azz"}
and in (b) we have used the cyclic property of the trace operation as given in (L.7)),
i.e.,, T{ABCD} = Tr{BCDA}. Additionally, (c) is due to the trace property given
in (1.4), which is Tr{A"B} = vec"{A}vec{B} and the operation in (d) is due to the
property given in (L), i.e., vec{ABC} = (CT @ A)vec{B}. The operation in (e) is as
a result of replacing vec{A, } = 144Xy, as defined in ([6.464)).

D.5 Complexity Analysis for WCR and PCR Designs in Chapter 6

Since the resulting problems of the WCR, design in and the PCR design in
contain linear matrix inequality (LMI) and second-order cone (SOC) constraints, a
standard interior point method (IPM) can be used to find their optimal solutions
[131,/141]. In the following, we analyze the computational complexities of the different
problems by using the worst-case runtime of the IPM, while ignoring the complexity
of the linear constraints. The complexity of a generic IPM consists of two parts: the

iteration complexity and the per-iteration computation cost [142], and is given as

J 1/2 J J I
@ <ij+21> <n2k§+n22k§+n2kf +n3> : (D.5.1)
i=1 i=1 =1 i=1

N—_——
due to LMI due to SOC
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where n is the number of decision variables, J is the number of LMIs of size k;, and I

is the number of SOC constraints of size ;.

D.5.1 Worst-case Complexity Analysis

Let v =|Q%|-|Q"| and 7 = |Q%|. Problem (6.35) has (27 +5v) LMI constraints of size 1,
7 LMI constraints of size My, 2r LMI constraints of size (MrMs+1), v LMI constraints
of size (Mg+1), and v LMI constraints of size (MgMy>+1). Therefore, using (D.5.1) the

computational complexity per iteration of (6.35)) is given in (D.5.2), where n; = QMr.
In a similar manner, the computational complexity per iteration of (6.39) is given in

(D.5.3) and ny, = Ms. Here, problem (6.39) has (37 + 5v) LMI constraints of size 1, 1
LMI constraint of size Mg, 2 LMI constraints of size (MrMg + 1), v LMI constraints
of size (Mg + 1), and v LMI constraints of size (MgM” + 1). Finally, the approximate

complexity of the worst-case robust design per iteration is og + 0g.

op = O((QT(MTMS + % +2) + v(MgM2 + Ms + 7)) Y [a b+ nﬂ ) (D.5.2)

0 = O<<T(2MTMS +5) + u(MsM2 + Mg +7) + MS> P [a + nod + ng] ) (D.5.3)

where
= r((0r s 1)+ 2y (MR LRIy
b= [27((MrMs +1)* + ]\g% +1)+ 5U((MSM% i 1)Z+ (Ms +1)7° 1)),
o= (WML ) g (MELD OB ELE ) 4 agg,
d= lr(WEM TS ) g AEMER LR DT 4y,

D.5.2 Probabilistic-constrained Complexity Analysis

Following a similar approach, the computational complexity per iteration of and
for the probabilistic-constrained robust design are given in and
respectively. It can be observed that problem has (37+3v) LMI constraints of size
1, 7 LMI constraints of size My, v LMI constraints of size (MsM2), v LMI constraints
of size (Msg), 2 SOC constraints of size ((MrMs)? + MtMs + 1), v SOC constraints of
size (M3 + Mg + 1), and v SOC constraints of size ((MsM3?)? + MsM2 + 1). Further,
problem has (47 4+ 3v) LMI constraints of size 1, 1 LMI constraint of size Mg, v
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LMI constraints of size (MgM?2), v LMI constraints of size (Ms), 27 SOC constraints
of size ((MpMs)* + MrMs + 1), v SOC constraints of size (M3 + Ms + 1), and v SOC
constraints of size ((MsM?2)? + MsM? + 1). Finally, the approximate complexity of the

probabilistic-constrained robust design per iteration is og + og.

1/2
op = O((T(QMTMS + My +4) + v(Mg M2 + Ms + 3) + 2(27 + v)) ny [21 iz + 25 + nﬂ)
(D.5.4)

1/2
0 = O((T(QMSMT +5)+ ’lJ(MsM% + Ms+3)+2(27 + U)) Mo [24 + NoZs + Zg + ng]),

(D.5.5)
where
2(MrMg +1)* M3 MsM3 + Ms)?
5= (P T M) g gy (MBMEEAB )
4 4 3
2(MrMg +1)* M3 MsM3 + Ms)?
@:wUT:)+;HH%USg 3 1),

Zy = [27((MpMs)? + My Ms + 1) + v((MgM32)* + MgM2 4+ 1)* + v(MZ + Mg + 1),

My Ms)? MsM3 + Mg)?
242[47'((TQS)+1)+3U(( > T3+ s) +1) + Mg,
MrMs)? MsM3Z + Msg)?
%ﬂm(g“+m+w(sg Sy

Zs = [27((MpMs)? + My Mg + 1)? + v((MsM2)* + MN? 4 1) + v(M2 + Ms + 1)?].
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