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Abstract

With the global deployment of the fifth-generation (5G) systems, research on the
sixth generation (6G) systems for 2030 and beyond has been fully launched. 6G aims
to integrate non-communication technologies like sensing, computing, and artificial
intelligence (Al), while also building upon the capabilities and scenarios established by
5G applications. The driving forces behind the development of 6G are the increasing
mobile traffic demands and the emergence of innovative applications such as holo-
graphic telepresence, extended reality (XR), digital twin, and autonomous systems.
These applications impose stringent requirements on the key performance indicators
(KPIs) of 6G, demanding approximately 10 ~ 100 times higher rates, reliability, lower
latency, improved mobility, and energy efficiency compared to 5G. As a result, 6G is
expected to achieve a peak data rate of 1 terabit-per-second (Tbps) and significantly
reduced latency, reaching sub-millisecond levels. To meet these demanding require-
ments, novel technologies are required, as the existing mechanisms and conventional
approaches cannot suffice.

In the first part of this dissertation, we focus on the channel estimation framework
for near-field reconfigurable intelligent surface (RIS)-assisted terahertz (THz) systems.
RIS-assisted THz communications have garnered considerable attention as they offer
the potential to support extremely high data rates in 6G wireless networks. By adjusting
the wireless propagation environment of THz systems through phase shifts of reflect-
ing elements, RIS can dramatically enhance overall throughput. However, accurately
acquiring channel information is crucial to realizing the full potential of RIS-assisted
THz systems. Conventional channel estimation techniques based on planar wavefront
assumptions fail to deliver satisfactory performance in near-field RIS-assisted THz
systems due to the spherical wavefront of the THz electromagnetic signal. In light

of this challenge, we propose an efficient channel estimation technique for near-field



RIS-assisted wideband THz systems called the Polar-Domain Frequency-Dependent
RIS-Assisted Channel Estimation (PF-RCE) scheme. Key idea of the proposed PF-RCE
scheme is to estimate the sparse multipath components (i.e., angles, distances, and
path gains) of the near-field THz channel by exploiting the polar-domain sparsity and
common support properties.

In the second part of the dissertation, we investigate an energy-efficient power con-
trol and beamforming scheme for RIS-assisted Internet of Things (IoT) networks. RIS,
composed of numerous low-cost reflecting elements arranged in a planar metasurface,
has garnered significant attention for its ability to enhance both spectrum and energy
efficiencies by reconfiguring the wireless propagation environment. In this work, we
propose an optimization technique for RIS phase shifts and base station (BS) beam-
forming that minimizes the uplink transmit power of the RIS-aided IoT network. Key
idea of the proposed scheme, referred to as Riemannian conjugate gradient-based joint
optimization (RCG-JO), is to jointly optimize the RIS phase shifts and the BS beam-
forming vectors using the Riemannian conjugate gradient technique. By leveraging the
product Riemannian manifold structure of the sets of unit-modulus phase shifts and
unit-norm beamforming vectors, we convert the nonconvex uplink power minimization
problem into an unconstrained problem and then find out the optimal solution over the
product Riemannian manifold.

In the third part of the dissertation, we address a crucial challenge faced in wideband
THz communication: the considerable array gain loss caused by the beam split effect.
This phenomenon occurs when path components split into different spatial directions at
various subcarrier frequencies, posing a significant hurdle for the practical application of
conventional phase shift control and beamforming techniques in wideband THz systems.
To overcome this issue, we propose a RIS-assisted wideband beamforming (RWB)
technique, specifically designed to maximize the achievable data rate of RIS-assisted

wideband THz systems. Key idea of RWB is to optimize the analog beamforming vector

ii



and the RIS phase shift vector alternately, while carefully designing the parameters
of the beamforming network. This novel approach empowers us to fully unleash the
potential of the wideband THz system, thereby maximizing its achievable data rate.
By effectively managing the beam split effect, RWB paves the way for enhanced
performance in wideband THz communication, playing a pivotal role in realizing the

ambitious goals set for 6G wireless networks.

keywords: 6G wireless communications, reconfigurable intelligent surface, terahertz
communications, channel estimation, wideband beamforming

student number: 2019-36083
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Chapter 1

Introduction

1.1 Background

With the success of the fifth generation new radio (5G NR), we are now witnessing
the emergence of the sixth generation (6G) communication and its applications such as
holographic telepresence, extended reality (XR), digital twin, and autonomous systems.
The fundamental communication mechanism underlying these applications diverges
significantly from the conventions of traditional communication systems. Rather than
merely transmitting and receiving data, the focus now extends to delivering specialized
services while addressing crucial aspects such as latency, energy efficiency, reliability,
flexibility, and connection density. Key Performance Indicators (KPIs) for 6G present a
significant leap, typically ranging from 10 to 100 times higher than previous generations
in terms of data rate, reliability, latency, mobility, and energy efficiency. For example,
the peak data rate is expected to reach 1 terabit-per-second (Tbps) and the latency is
expected to be reduced to sub-millisecond levels. Given the unprecedented demands
posed by these exacting requirements, the existing mechanisms and conventional
approaches fall short in offering adequate support. This necessitates the development of
an entirely new transmission approach to cater to 6G’s unique challenges. Before we

proceed further, we provide the fundamental of the key technologies and techniques
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Figure 1.1: Employment of RIS in wireless communication networks.
that shape 6G wireless communications.

1.1.1 Basics of Reconfigurable Intelligent Surfaces

Reconfigurable intelligent surface (RIS), a planar metasurface consisting of a large
array of reflecting elements, has received considerable interest for its potential to
enhance the capacity and coverage of wireless networks. With the ability to dynamically
manipulate the wireless communication environment, RIS has become a focal point of
research in wireless communications, aiming to alleviate diverse challenges encountered

within 6G wireless networks. The advantages of RIS are listed as follows.

» Easy to deploy: RISs are essentially passive devices crafted from electromagnetic

(EM) materials. As illustrated in Fig. 1.1, the deployment of RIS extends to

various structures, encompassing building facades, indoor walls, aerial platforms,

roadside billboards, highway poles, vehicle windows, and even pedestrians’ attire,
S Eas kg

,
_ =
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owing to their cost-effectiveness.

* Spectral efficiency enhancement: RIS exhibits the capability to actively reshape
the wireless propagation environment by mitigating power loss over extended
distances. This is achieved through the passive reflection of incoming radio
signals, enabling the creation of virtual line-of-sight (LoS) connections between
base stations (BSs) and mobile users. Significant enhancement in throughput
arises when the direct LoS link between BSs and users is obstructed by obstacles,
such as tall buildings. Leveraging the intelligent deployment and design of RISs,
it becomes feasible to construct a software-defined wireless environment. This, in
turn, opens doors to potential improvements in the received signal-to-interference-

plus-noise ratio (SINR).

¢ Environment-friendly: Unlike traditional relaying systems like amplify-and-
forward (AF) and decode-and-forward (DF), which typically involve power
amplification, RIS operates differently. It molds incoming signals by manipulating
the phase shifts of individual reflecting elements. This approach renders the
deployment of RISs not only more energy-efficient but also environmentally

conscious when compared to conventional AF and DF systems.

* Compatibility: RIS facilitates full-duplex (FD) and full-band transmission by
virtue of its nature as an electromagnetic wave reflector. Moreover, networks
enhanced by RIS are seamlessly compatible with the standards and hardware of

pre-existing wireless networks.

Due to the aforementioned attractive characteristics, RIS has been recognized as an
effective solution for mitigating a wide range of challenges in 6G communications.
1.1.2 Basics of Terahertz Communications

Terahertz (THz) band (0.1 ~ 10 THz) communication is envisioned as one of the

key enabling technologies to satisfy the exponential growth of data traffic volume, while
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Figure 1.2: Extreme requirements of 6G.

meeting escalating demands in 6G and beyond wireless systems. As illustrated in Fig.

1.2, the anticipated landscape of 6G wireless systems encompasses peak data rates

reaching 1 Tbps, accompanied by an envisaged peak spectral efficiency of 60 bps/Hz.

Moreover, these systems target end-to-end reliability with a packet error rate of 10~
and a latency as short as 0.1 ms. In addition, energy efficiency is expected to improve by
over 100 times compared to 5G. The forthcoming Internet of Things (IoT) will provide
1 to 3 mm sensing resolutions, supporting billions of devices at an unprecedented scale.

Millimeter-wave (mmWave) communications (30—300 GHz) under 100 GHz have
been officially adopted in recent 5G cellular systems. While the trend for higher carrier
frequencies is apparent, achieving Tbps data rates and meeting the stringent Quality of
Service (QoS) remain formidable for mmWave systems. Within the mm-wave systems
under 100 GHz, constrained by a total consecutive bandwidth of less than 10 GHz,
achieving a spectrum efficiency of 100 bps/Hz is an exceptionally demanding task, even
with advanced physical layer techniques. The THz band presents itself as a pivotal

wireless technology poised to address the future requirements of 6G wireless systems.



This is due to its four distinct strengths:

* Broad bandwidth: Offering contiguous bandwidth ranging from tens to hundreds

of GHz.
 Ultra-fast symbol duration: Symbol durations measured in picoseconds.

* Antenna integration: Capable of integrating thousands of sub-millimeter-long

antennas.

* Spectrum compatibility: Ease of coexistence with other regulated and standard-

ized spectrums.

Traditionally, the THz band has been one of the least explored portions of the EM spec-
trum, largely due to the absence of efficient and practical THz transceivers and antennas.
Nevertheless, it is acknowledged that THz communications confront a significant chal-
lenge arising from the pronounced signal directivity and severe signal attenuation. This

often necessitates the establishment of LoS links to maintain communication quality.

1.1.3 Basics of Compressed Sensing Technique

Compressed sensing (CS) is a new paradigm to acquire, process, and recover sparse
signals. This new approach is a very competitive alternative to conventional information
processing operations including sampling, sensing, compression, estimation, and detec-
tion. Traditional way to acquire and reconstruct analog signals from sampled signals
is based on Nyquist-Shannon’s sampling theorem which states that the sampling rate
should be at least twice the bandwidth of an analog signal to restore it from the discrete
samples accurately. While these fundamental principles work well, they might be a
bottleneck of resource overhead and also complexity in a situation where signals are
sparse, meaning that the signals can be represented using a relatively small number of
nonzero coefficients. At the heart of the CS lies the fact that a sparse signal vector can

be recovered from the underdetermined linear system in a computationally efficient



way. In other words, a small number of linear measurements of the signal contain
enough information for its reconstruction. Main wisdom behind the CS is that essential
knowledge in the large dimensional signals is just handful, and thus measurements
with the size being proportional to the sparsity level of the input signal are enough to
reconstruct the original signal. In the last decade, CS techniques have spread rapidly in
many disciples such as medical imaging, machine learning, radar detection, seismology,
computer science, statistics, and many others. Also, various wireless communication
applications exploiting the sparsity of a target signal have been proposed in recent years.
Notable examples, among many others, include channel estimation, interference cancel-
lation, direction estimation, spectrum sensing, and symbol detection. To understand the

principle of CS, we introduce a system given
y = Hs, (L.1)

where y € R™*! is the measurement vector, H € R"*" is the system matrix (a.k.a.,
the sensing matrix), and s € R™*! is the desired signal vector. In the case of an overde-
termined system (m > n) and the system matrix is a full rank matrix, one can recover
s using a simple algorithm. However, when the system matrix is underdetermined,
finding a solution is challenging and not straightforward. When the desired vector s is a

non-sparse signal, one can apply a solution minimizing the /s-norm of s. That is,
s* = argmin |s||2 s.t.,y = Hs, (1.2)
and one can obtain the estimated desired signal s* as
s* =H'(HH") ly. (1.3)

When the desired signal is a sparse vector, that is [g-norm of the desired signal s

|ls|lo = k& where k < n, one can apply to find the [y from the measurement vector.

s* = argmin ||s]p s.t.,y = Hs. (1.4)



Since this solution counts the number of nonzero elements in s, one needs to search all
possible combinations which is not practical for a large n and k. Alternative approach

is to minimize [1-norm as follow:
s* = argmin ||s|; s.t.,y = Hs. (1.5)

Using the /;-norm minimization, one can apply convex optimization for finding the
solution. While the linear programming to solve /;-norm minimization problem is
effective, it requires substantial computational complexity and is not feasible in practical

scenarios.

To overcome this problem, a greedy algorithm has been proposed over the years.

By this, one hopes to find the local optimal in each iteration expecting to find the global

optimal in the end. Most popular algorithm is the orthogonal matching pursuit (OMP).

In each iteration, a column maximally correlated with the observation vector is chosen.

Once the solver selects the correct columns, now the system goes to the overdetermined

system. There are three key observations from the CS recovery problem.

* When the sparsity k is smaller than the size of the desired signal vector, one can

find the support of s more accurately.

* When the size of measurement vector m is given, one can recover the desired

signal vector more accurately as k increases.
* When the fact that £ < n is given to the solver, one can find more accurate s than
the solver without using the fact.
1.1.4 Basics of Riemannian Manifold Optimization Technique

Roughly speaking, a smooth manifold is a generalization of the Euclidean space

on which a notion of differentiability exists. A smooth manifold together with an inner

product, often called a Riemannian metric, forms a smooth Riemannian manifold.

Since the smooth Riemannian manifold is a differentiable structure equipped with an



inner product, we can use various ingredients such as Riemannian gradient, Hessian
matrix, exponential map, and parallel translation, for solving optimization problems
with quadratic cost function. Therefore, optimization techniques in the Euclidean vector
space (e.g., steepest descent, Newton method, conjugate gradient method) can be readily
extended to solve a problem in the smooth Riemannian manifold.

An essential concept in Riemannian manifold optimization is the tangent space.
At each point on the manifold, there exists a tangent space, which is a vector space
that approximates the manifold near that point. The tangent space captures the local
geometry of the manifold and allows us to define operations like addition and scalar
multiplication of tangent vectors.

To optimize a function on a Riemannian manifold, iterative methods such as gradient
descent are commonly employed. However, in this context, the notion of gradient differs
from that in Euclidean spaces. Instead, we use the Riemannian gradient, which measures
the rate of change of the objective function with respect to the tangent vector at each
point on the manifold. The Riemannian gradient takes into account the Riemannian
metric and the curvature of the manifold, providing a direction for optimization.

Various optimization algorithms have been developed for Riemannian manifold
optimization, each with its strengths and considerations. These algorithms include
Riemannian gradient descent, conjugate gradient methods, trust-region methods, and
quasi-Newton methods. They leverage the Riemannian geometry of the manifold
and incorporate appropriate adjustments to handle its curvature, ensuring effective
optimization.

Riemannian manifold optimization finds applications in diverse fields, including
machine learning, computer vision, robotics, and physics. It enables efficient optimiza-
tion on curved manifolds, allowing for the development of algorithms that can handle
non-Euclidean data structures and complex geometries. By incorporating the intrinsic
geometry of the manifold, Riemannian manifold optimization provides a powerful

framework for solving optimization problems in these domains.



1.2 Contribution and Organization

In this dissertation, we introduce a RIS-assisted wireless communication system for
6G.

In Chapter 2, we introduce a novel channel estimation framework for near-field
RIS-assisted THz systems. To support extremely high data rates in 6G wireless net-
works, RIS-assisted THz communications have gained much attention in recent years.
By manipulating the phase shifts of reflecting elements, RIS can proactively adjust
the wireless propagation environment of THz systems, thereby enhancing the overall
throughput significantly. To realize the full potential of RIS-assisted THz systems, an
acquisition of accurate channel information is of great importance. However, since
the wavefront of the THz electromagnetic signal is spherical, the conventional chan-
nel estimation techniques using the planar wavefront assumption suffer from severe
performance degradation in the near-field RIS-assisted THz systems. An aim of this
work is to propose an effective channel estimation technique for near-field RIS-assisted
wideband THz systems. Key idea of the proposed polar-domain frequency-dependent
RIS-assisted channel estimation (PF-RCE) scheme is to estimate the sparse multipath
components (i.e., angles, distances, and path gains) of the near-field THz channel by
exploiting the polar-domain sparsity and common support properties.

In Chapter 3, we present an energy-efficient power control and beamforming scheme
for RIS-assisted IoT networks. RIS, a planar metasurface consisting of a large num-
ber of low-cost reflecting elements, has received much attention due to the ability to
improve both the spectrum and energy efficiencies by reconfiguring the wireless propa-
gation environment. In this work, we propose an RIS phase shift and BS beamforming
optimization technique that minimizes the uplink transmit power of the RIS-aided
IoT network. Key idea of the proposed scheme, referred to as Riemannian conjugate
gradient-based joint optimization (RCG-JO), is to jointly optimize the RIS phase shifts
and the BS beamforming vectors using the Riemannian conjugate gradient technique.

By exploiting the product Riemannian manifold structure of the sets of unit-modulus



phase shifts and unit-norm beamforming vectors, we convert the nonconvex uplink
power minimization problem into the unconstrained problem and then find out the
optimal solution over the product Riemannian manifold.

In Chapter 4, we propose an innovative approach to address the challenges of
frequency-dependent beamforming for RIS-assisted wideband THz systems. A signif-
icant hurdle in wideband THz communication pertains to the severe array gain loss
caused by the beam split effect that path components split into distinct spatial directions
across different subcarrier frequencies. Therefore, the conventional phase shift control
and beamforming techniques cannot be directly applied to wideband THz systems. In
this work, we introduce a new paradigm called RIS-assisted wideband beamforming
(RWB) technique that maximizes the achievable data rate of the RIS-assisted wide-
band THz systems. Key idea of RWB involves the alternating optimization of the
analog beamforming vector and the RIS phase shift vector. By properly designing the
parameters encompassing time delays, analog phase shifts, and RIS phase shifts of
the beamforming network, we aim to the maximize the achievable data rate of the
wideband THz system. To counteract the array gain loss caused by the beam split
effect, we leverage a small yet strategic ensemble of true-time delay (TDD)-based phase
shifters and analog phase shifters. This ensemble allows to simultaneously generate
frequency-dependent beams aligning with the physical directions at different subcarrier
frequencies. Using the frequency-dependent beamforming vector, we then exploit the
Riemannian conjugate gradient (RCG) method to find out the phase shifts that maximize
the achievable data rate of RIS-assisted wideband THz systems.

Chapter 5 summarizes the contribution of the dissertation and discusses the future

research directions based on studies of this dissertation.
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Chapter 2

Parametric Sparse Channel Estimation for RIS-Assisted

Terahertz Systems

In this chapter, we study the channel estimation framework tailored for near-field
RIS-assisted THz systems. To facilitate the demanding data rates expected in 6G
wireless networks, there has been a significant surge of interest in RIS-assisted THz
communications in recent years. Through the strategic manipulation of phase shifts
in reflective elements, the RIS can proactively adjust the wireless propagation envi-
ronment of THz systems, leading to a substantial enhancement in overall throughput.
To realize the full potential of RIS-assisted THz systems, an acquisition of accurate
channel information is of great importance. However, since the wavefront of the THz
electromagnetic signal is spherical, the conventional channel estimation techniques
relying on the assumption of planar wavefront suffers severe performance degradation
in near-field RIS-assisted THz systems. An aim of this work is to introduce an effi-
cient channel estimation technique designed for near-field RIS-assisted wideband THz
systems. Key idea of the proposed polar-domain frequency-dependent RIS-assisted
channel estimation (PF-RCE) scheme is to estimate the sparse multipath components
(i.e., angles, distances, and path gains) of the near-field THz channel by exploiting the

polar-domain sparsity and common support properties.
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2.1 Introduction

To support the exponential growth of data traffic in 6G networks, terahertz (THz)
communications have attracted considerable interest from both industry and academia
[2]. By leveraging the broad spectrum available in the THz band (0.1 ~ 10THz),
THz communications can enable truly immersive mobile services, such as digital twin,
holographic telepresence, and metaverse experiences. However, THz communications
face a significant challenge posed by the strong directivity and severe signal attenuation
of transmit signals, which often necessitate a line-of-sight (LoS) link to maintain
the communication quality. Recently, reconfigurable intelligent surfaces (RIS) that
proactively modify the wireless channel through intelligent signal reflection have
emerged as a potential solution to provide an alternative LoS link [3]. To fully exploit
the potential of RIS-assisted THz communications, the phases of RIS reflecting elements
should be properly configured to reflect the surrounding environment [4]. To do so, an
acquisition of the RIS-assisted channel information at the base station (BS) is of great
importance [5].

Over the years, various channel acquisition techniques for RIS-assisted high fre-
quency systems have been proposed [6-9]. In [6], a channel estimation technique using
the tensor completion method has been proposed for RIS-assisted systems. In [7], a
two-stage channel estimation technique for RIS-assisted multi-user systems has been
proposed. Potential problem of these approaches is the huge pilot overhead caused by
the full-dimensional RIS-assisted channel estimation. To reduce the dimension of the
channel to be estimated, compressed sensing (CS)-based techniques that exploit the
limited scattering property of THz/mmWave channels have been proposed [8—10]. Since
the system models of these CS techniques are typically based on the far-field channel
model where electromagnetic (EM) radiation is modeled as planar waves, the CS-based
channel estimation techniques may not perform well in near-field THz systems where
EM radiation is modeled as spherical waves. In fact, in the RIS-assisted THz systems

where the extremely large number of reflecting elements is used, the array aperture is
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comparable to the propagation distance so that the THz channel can be categorized as a
near-field channel'.

Unfortunately, the estimation of near-field RIS-assisted THz channel is not easy
since the angular-domain sparsity is not available due to the spherical wavefront. In
the near-field region, the incident angle at each antenna is different, meaning that the
near-field THz channel is no longer sparse in the angular-domain. Furthermore, since
the phase delay between two adjacent antennas depends on both the angle and the
distance, the near-field THz channel is modeled as a complex function of angle and
distance. Due to this so-called near-field effect, the conventional channel estimation
schemes relying on the angular-domain sparsity are ineffective for near-field RIS-
assisted THz systems [11]. Yet another important issue in the wideband THz systems
is that the difference between carrier and subcarrier frequencies is large so that the
array response vector (a set of phase delays in antenna elements) of each subcarrier
is different [12]. This phenomenon, so-called frequency-wideband effect, makes it
difficult to estimate multiple subcarrier channels simultaneously. Therefore, to come up
with a proper channel acquisition mechanism alleviating the near-field and frequency-
wideband effects is crucial for the success of the near-field RIS-assisted wideband THz
systems.

An aim of this chapter is to propose an efficient channel estimation technique for
the near-field RIS-assisted wideband THz systems. Key idea of the proposed scheme,
referred to as the polar-domain frequency-dependent RIS-assisted channel estimation
(PF-RCE), is to estimate the sparse multipath components (i.e., angles, distances,
and path gains) of the near-field RIS-assisted THz channel by exploiting the polar-
domain sparsity and common support properties. Since the near-field channel is a

function of the angles and distances of a few dominant paths, the near-field RIS-assisted

"For example, in the 512-antenna THz MIMO systems operating at 0.1 THz, the Rayleigh distance
(i.e., a boundary between the far-field region and near-field region) is around 400 m, which covers a large

part of the THz cell area.
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THz channel vector can be readily modeled as a sparse vector in the polar-domain, a
coordinate system represented by the angle and distance. Also, since the signals of
different subcarriers propagate through the same physical path in wideband systems,
the non-zero element positions (i.e., support) of the sparse channel vectors are the
same for all subcarriers. By leveraging this property, we can formulate a joint sparse
recovery problem for the acquisition of the multipath components and solve it using the
block-sparse recovery algorithm.

We note that there have been some works investigating the near-field effect in
wireless communication systems [13—18]. In [13] and [14], theoretical limitations for
RIS-assisted wideband localization and near-field localization have been investigated.
In [15], a joint dictionary learning and sparse recovery algorithm for near-field channel
estimation has been proposed. In [16] and [17], low-complexity near-field localization
techniques that exploit RIS as a lens have been proposed. Also, in [18], a channel esti-
mation technique for hybrid RIS-empowered multiple-input multiple-output (MIMO)
systems has been proposed. A downside of these approaches is that the wideband
effect which causes the channel to have a frequency-dependent sparse structure is
not accounted for so the performance degradation would be severe in the near-field
RIS-assisted wideband THz systems. Our work is distinct from previous works in the

following aspects:

* While previous works have focused on the channel estimation of traditional
cellular systems without RIS, our work deals with the channel estimation of RIS-
assisted communication systems. To the best of our knowledge, this is the first
work investigating the channel estimation of near-field wideband RIS-assisted
THz systems while considering both near-field and wideband effects. This makes
the proposed PF-RCE scheme particularly important for emerging RIS-assisted

THz communication systems.

* We propose a novel polar bin design to enhance the sparse recovery performance

of PF-RCE. Note that the performance of the sparse recovery algorithm depends
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heavily on the column correlation of the sensing matrix. The previous works
use a simple polar bin generation strategy based on uniform quantization. In our
work, we deliberately design the polar bin to minimize the column correlation of

the sensing matrix.

* We propose an RIS phase shift control scheme to support the proposed channel
estimation framework. While the conventional phase shift control schemes focus
on the design of phase shifts maximizing the throughput, little work has been
done on the design of phase shifts improving the channel estimation accuracy.
By configuring the RIS phase shifts to achieve desirable properties of the sensing
matrix (e.g., column orthogonality), we can improve the channel estimation

accuracy without using additional pilot resources.

* We provide the empirical simulation results from which we demonstrate that
PF-RCE outperforms the conventional channel estimation schemes by a large
margin in terms of the normalized mean square error (NMSE). For example, when
compared to the conventional far-field and narrowband CS-based schemes, PF-
RCE achieves more than 4.2 dB and 7.8 dB NMSE gains, respectively. We also
demonstrate that PF-RCE achieves the near-optimal sparse recovery performance
(close to the oracle bound). Furthermore, we show that by employing the proposed
polar bin design and the RIS phase shift control scheme, the NMSE gain of PF-
RCE can be increased by 1.2 dB.

Notations: Lower and upper case symbols are used to denote vectors and matrices,
respectively. The superscripts (-)*, (-)T, (-)1, and ()T denote the conjugate, transpose,
Hermitian transpose, and pseudo-inverse, respectively. ||x||2 and ||X||r are used as
the Euclidean norm of a vector x and the Frobenius norm of a matrix X, respectively.
exp(z) denotes the exponential function of x, vec(X) denotes the vectorization of X,
and diag(x) denotes a diagonal matrix whose diagonal elements are x. X ® Y and

X ® Y denote the Hadamard and Kronecker products of X and Y, respectively. In
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Figure 2.1: Near-field RIS-assisted THz system model.

addition, X * Y and X e Y denote the column-wise and row-wise Khatri-Rao products

of X and Y, respectively.

2.2 RIS-Assisted Wideband THz System Model

In this section, we present the system model and the uplink channel estimation
protocol for the near-field RIS-assisted wideband THz system. We also discuss the RIS-
assisted THz channel model accounting for both the near-field and frequency-wideband

effects.

2.2.1 RIS-Assisted Wideband THz System Model

We consider an RIS-assisted THz system where a /N-antenna BS serves a single-

antenna UE (see Fig. 2.1). We assume that the RIS consists of M reflecting elements

o8t
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Figure 2.2: RIS-assisted wideband THz channel estimation protocol.

arranged in a uniform linear array (ULA)? and an RIS controller operated by the BS is
connected to the RIS through a dedicated control link. Also, we consider the OFDM
system with the carrier frequency f. and .S subcarriers. During the uplink channel
estimation period, the UE transmits the uplink pilot signals and then the BS estimates
the uplink channel information using the received pilot signals. To be specific, the
uplink channel estimation period consists of P successive subframes, each of which is
divided into L time slots (see Fig. 2.2). By exploiting the channel reciprocity of time
division duplexing (TDD) systems, the BS uses the acquired uplink channel information
in the phase shift control and the downlink data transmission.

In the RIS-assisted THz systems, other than the direct channel, the reflected chan-
nels (i.e., the UE-RIS channel h,.[s] € CM*! and the RIS-BS channel G[s] € CV*M)
need to be considered. Here, we consider a practical scenario where the direct links
are severely blocked due to obstacles (e.g., walls and corners), and thus the BS com-

municates with the UE only via the RIS-assisted links®. The effective uplink channel

Note that the proposed channel estimation framework can be readily extended to the uniform planar
array (UPA)-type RIS-assisted systems, in which the azimuth angles as well as the elevation angles at the
RIS are used for the channel model. Since the polar-domain sparsity and the common support properties
are valid in UPA-type RIS-assisted THz systems, we can estimate both azimuth and elevation angles using

the proposed scheme.

3The proposed scheme can be readily extended to a scenario considering the direct BS-UE commu-

e g ke
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h[s] € CV*! from the UE to the BS at the s-th subcarrier is

h[s] = G[s]diag(¢)h; [s] 2.1
= G[s|diag(h,[s])¢ 2.2)
= H]s|¢, 2.3)

where H[s] = G[s|diag(h,[s]) € CV*M is the RIS-assisted channel matrix and
¢ = [e%1, ... eI*M]T is the phase shift vector with ¢, being the phase shift of the
m-th RIS reflecting element.

Under this setup, the received pilot signal r;[s] € CN*1 of UE associated with s-th

subcarrier at p-th subframe is expressed as
I'p[S] :H[S](bpxp[s]—{_np[s}a p= 17 apa (24)

where ¢, € CM*1 is the RIS phase shift vector, ,[s] is the pilot symbol, and n,[s]
is the Gaussian noise vector of s-th subcarrier at p-th subframe. During L successive
time slots, the BS sequentially employs the combining vectors {w; } lel to obtain the

processed signal y; [s]:
Yipls] = w}{H[s]qbpxp[s] +npls],l=1,---,L,p=1,---, P. (2.5)
By combining the processed signals into a L x P pilot signal matrix Y [s], we obtain
Y([s] = WHH[s]®X[s] + N[s], (2.6)

where W = [wy, -+ ,wy] € CV*L is the combining matrix, ® = [¢;, -+ ,Pp| €
CM*P is the RIS phase shift matrix (see Section IV.B for the detailed RIS phase shift

design), and X[s] = diag(xy[s], - - , zp[s]) is the pilot symbol matrix.

nication link. By switching off all the reflecting elements, the direct channel can be easily estimated via

conventional channel estimation techniques.
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Figure 2.3: Illustration of the near-field RIS-assisted THz channel.

2.2.2 Near-Field Effect of RIS-Assisted THz Systems

The Rayleigh distance is widely used to quantify the boundary between the far-
field and near-field regions. The Rayleigh distance D is proportional to the number of
antennas M and the wavelength A\, (i.e., D = %M 2)\0) [1]. In the mmWave systems, D
is only a few meters (e.g., D ~ 5m when M = 32 and f. = 28 GHz) so that most of
the signal transmissions take place in the far-field region. However, due to the extremely
large number of RIS reflecting elements (e.g., M = 128 ~ 1024), D can be up to
a few hundred meters (e.g., D ~ 400m when M = 512 and f. = 0.1 THz) in the
RIS-assisted THz systems, meaning that most of the coverage area can be classified as
a near-field region.

In the near-field THz channel model, due to the spherical wavefront of the EM
waves, the phase delay between two adjacent antennas is affected by both the angle and
distance. To be specific, let r,,, and r be the distances between the transmitter and the
m-th receiving antenna and reference antenna, respectively, then the phase delay of the

—j2nfArm/c

m-th receiving antenna is given by e where Ar,, = r,, — r and f is the
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signal frequency. In the far-field channel, A7f" is a function of the incident angle 6 at
the reference antenna:

Arf = —d(m —1)sin#, 2.7)

m
where d is the antenna spacing. Then, the far-field array response vector can be expressed
as afar(@) _ [e—j27rfAr‘f“/c’ . ’e—jQWfAr%‘;/c]T‘

In the near-field channel, however, Ar,, depends on both angle and distance due
to the spherical wavefront. When the coordinate of the reference antenna is set to
(0,0), then the coordinates of the transmitter and the m-th receiving antenna are
(rcosf,rsinf) and (0,d(m — 1)), respectively, so that Arp<® consisting of far-field

and near-field terms is given by (see Fig. 2.3)

APt = /(rcos0)2 + (rsinf — (m — 1)d)2 —r (2.8)
(a) d*(m — 1) cos? 6

~ —d(m —1)sind
(m—1)sinf+ 5 .

near-field term

2.9

far-field term

where (a) follows from 1 +x ~ 1 + %x — %:UQ [19]. Since Ar)¢* is a function of
the incident angle 6 and the distance r, the near-field array response vector can be

s near ) near
expressed as a"¥ (), r) = [e~I2m AN e L emi2m ATy e)T,

2.2.3 RIS-Assisted Wideband THz Channel Model

In this work, we use the near-field geometric channel models for the RIS-BS channel
G|s| and the UE-RIS channel h,[s] [20].
First, the near-field RIS-BS channel G[s] € CN*M at the s-th subcarrier is ex-

pressed as
Py

Gls] = aap s (Yg1)an (0g1,7g1)e 2 701/, (2.10)
=1

where P, is the number of propagation paths, «; s is the path gain, f; is the baseband
frequency of the s-th subcarrier, 1/ is the angle of arrival (AoA), 0, ; is the angle of

departure (AoD), and r, ; is the distance between the reference reflecting element and
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the scatterer or BS of the [-th path. Also, ag s(1/,;) and ag (6,1, 74,) are the far-field
and near-field array response vectors at the BS and RIS, respectively, given by [20]
ap () = [eji—:(1+%)dsin¢g,z? . eji{(u%)d(zvq) sinwg_’l]T7 @2.11)

7j%(1+{?i)A7'g,l,l’ . efj%(l“r%)ArgwlvA/j]T’ (2.12)

)

aR,s(0g.1,7g1) = le

where f. is the carrier frequency, ). is the wavelength, and Ar; ., is the difference of

the distance between the m-th reflecting element and the reference reflecting element

given by
Argim ~ —d(m —1)sinf,, + dQ(m; D’ Coijg’l. 2.13)
By defining v, = [t)g1, - g,p, )N 09 = [0g1, -+ ,0gp,)  andry = [rg1, -+ ,rgp,]",
we obtain the matrix-vector form of G[s]:
Gls] = Ap,s(¥)As AR (0, 7), (2.14)
where Ap s(,) = [aBs(¥g,1), - ;aB s(g,p,)] is the far-field array response matrix
at the BS, Ar s(0,,1y) = [ar s(0g,1,74,1), - ;ar s(0g,P,, Tg,P,)] is the near-field ar-
ray response matrix at the RIS, and A5 = diag(alyse_ﬂ“fsrg’l/c, s ozpmse_ﬂ”fsrgvpg /c)
is the path gain matrix.
Second, the UE-RIS channel h, [s] at the s-th subcarrier is expressed as
Py
h[s] = Brear s (O, rpg)e 72l (2.15)
=1

where P, is the number of propagation paths, 3 , is the path gain, 0, ; is the AoA, and
7y, is the distance between the reference reflecting element and the scatterer or UE of
the I-th path. By defining 6, = [0,.1 - - - 0, p,]T and v, = [r.1 - -7, p,]T, we obtain the

matrix-vector form of h,[s]:

h,[s] = AR s(0r,1,)0,, (2.16)
where AR s(0,,r,) = [ars(0r1,7r1), - AR s(0r, P, T p,)] is the near-field array
response matrix at the RIS and 3, = [ﬂLse_ﬂ”fS”’l/C, e ,Bphse_ﬂ”fsrT%Pr/C]T is
the path gain vector.

] 1] =
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Using (2.14) and (2.16), the RIS-assisted channel H][s] at the s-th subcarrier can
be expressed as a function of multipath components (i.e., AoAs, AoDs, distances, and

path gains) [21].

Lemma 1. The RIS-assisted channel matrix H[s] = G[s]diag(h,[s]) can be expressed
as [21]

H[s] = Ap,s(19,)(As ® B5) (AR o(0r,17) ® AR (8, 19))". 2.17)

Also, the vectorized RIS-assisted channel vec(H[s]) can be expressed as
vec(H[s]) = ((Ar,s(6r,1,) @ Ag ,(04,1)) ® Ap s(th,))vec(As ® B1). (2.18)

Finally, by vectorizing Y [s] into y[s] = vec(Y[s]) € C/"*1, we obtain the linear

system:

yls] = (®X[s])T @ WH)vec(H][s]) + n]s] (2.19)
= ((QX[S])T ® WH) ((AR,S(GW r)e Al*z,s(egu rg)) ® AB78(17bg))
vec(As ® BY) + ns] (2.20)

= W[s|g[s] + n[s], (2.21)

where ¥[s] = ((8X[s])T ©@ WH)((Ags(6r,1,) @ AR s(0g,1g)) ® Aps(¢,)) €
CLP*FPiPr s the system matrix and g[s] = vec(A; ® BT) € CFa 71 is the combined

path gain vector.

2.2.4 Frequency-Wideband Effect of RIS-Assisted THz Systems

In the linear system (2.21), the system matrix ¥[s] is expressed as a function of
the array response matrices Ap s(t) g), AR (04,1y), and AR 4(6,,r,). Note that these
array response matrices are functions of the ratio y; = = between the carrier frequency

fc and the subcarrier frequency f; (see (2.11) and (2.12)). In the mmWave band, f;

is relatively smaller than f. so that 5 =~ 0 in most cases. This means that the array

22



response vectors of all subcarriers are almost identical. However, in the THz band, + is
larger or smaller than O due to the extremely large bandwidth so that the array response
vector is expressed as a function of the subcarrier frequency. One can deduce from this
discussion that ¥[s] corresponding to one subcarrier is different from others [22]. Due
to this so-called frequency-wideband effect, in the wideband THz systems, it is very

difficult to estimate the multipath components of multiple subcarriers simultaneously.

2.3 Sparse Channel Estimation for Near-Field RIS-Assisted
THz Systems

The primary goal of the proposed PF-RCE is to estimate the sparse multipath
components, i.e., angles (d)g, 0,, 0,), distances (ry, r;), and path gains ({A, B,}), of
the near-field RIS-assisted wideband THz channel. To this end, we map the angles and
distances to the positions of non-zero elements of the sparse path gain vector. In doing
so, we can convert the multipath components estimation problem to the problem to
find out the support of the sparse path gain vector. Also, since the signals of different
subcarriers propagate through the same physical path in the wideband systems, the
sparse path gain vectors of all subcarriers have the common support. Thus, by exploiting
the measurements of all subcarriers, we formulate a joint sparse recovery problem to
find out the common support. Using the block-sparse recovery algorithm, we can
effectively acquire the common support and the corresponding multipath components
and then recover the near-field RIS-assisted THz channel from the acquired multipath
components [23].

Overall process of PF-RCE is as follows:

* Polar-domain sparse mapping: We map the angles (¢, 8, 6,) and distances
(ry, r,) to the positions of non-zero elements (i.e., support £2) of the sparse path

gain vector.

* Block-sparse representation: We formulate the block-sparse linear system as
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y = Wg-+z where W is the polar-domain sensing matrix and g is the block-sparse

path gain vector.

* Block-sparse recovery and channel reconstruction: Using the block-sparse
recovery algorithm, we find out {2 and g. After that, we acquire the angles (¢,
0,, 6,), distances (ry, r,), and path gains ({A,, 3,}) and then reconstruct the
RIS-assisted THz channel {H]s]}.

2.3.1 Polar-Domain Sparse Mapping

In this step, from the set of quantized angle and distance pairs so-called polar
bin (é, r), we generate the polar-domain dictionary matrices AB7 s and AR7 s and the
corresponding sparse path gain vector g[s| for each subcarrier. Using the polar-domain
dictionary matrices and the sparse path gain vectors, we reformulate the linear system
in (2.21) into a sparse linear system.

Specifically, the polar-domain BS and RIS dictionary matrices Ap s € CNx@o
and Ag ; € CM*(QoQr) generated from (6, T) (see Section IV.A for detailed polar bin

design) are given by

Ag s =[aps(h), - ,aps(0g,)], (2.22)
AKS = [aR78(§17 T1)soo aRvs(éQeQw erQr)]a (2.23)
where Qg and (), are the quantization levels of angle and distance, respectively. Using
AB7 s and AR7 s, the sparse representation of the near-field RIS-assisted channel matrix

H[s] is given by
H(s] = Aps(As © B,)(Ak, » Ar.)", (2.24)

where A, € CQ*(Q0Qr)? and B, € C(Qo@r)*x1 gre the sparse RIS-BS path gain matrix
and UE-RIS path gain vector, respectively, such that ||A||o = P, and ||B,o = P,

Then the vectorized RIS-assisted channel vec(H]s|) can be expressed as

vec(H[s]) = ((Ar,s » Ak ,) ® Aps)vec(A, @ By). (2.25)
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Note that vec(H[s]) includes the term Ap s o AI’Q’ <» a row-wise Khatri-Rao product
of the RIS dictionary matrix AR, s and its conjugate Al’; - Due to the property of
the row-wise Khatri-Rao product, Ag s ® A, | contains a large number of duplicated

columns®.

Lemma2. Ag e Aj € CMx(QoQr)* i (2.25) contains only (2Qy — 1)(2Q, — 1)
distinct columns where Qg and Q), are the quantization levels of angle and distance
(QeQr = Q), respectively. When removing the duplicated columns, AR’S ° A}’g, 5 IS
reduced to D[s] = [d11, - ,dag,—120,—1] € CM*CRe=DCR=1) where the m-th
element of dy, ; is given by

o 2d(m—1)
A

Fm =% (k= Qo) +1 - Q»)), (2.26)

[dk l}m = exp ] (1—|—
—1)?

(k—Qo+(1—Qr)Q0)
d?(m—1)°
2 me
form=1,--- M, k=1,--- 2Q9p — 1, and =1, --- ,2Q, — 1.
Proof. See Appendix A. O

By removing the duplicated column vectors of Ag s ® A}*(’s and merging the correspond-
ing elements of vec(A; ® 3 S) the vectorized RIS-assisted channel vec(H[s]) can be

re-expressed as’

vec(H[s]) = ((Ars ® A ;) ® Aps)vec(As ® Bs) (2.27)
= (D[s] ® Ap,s)g]s] (2.28)
= Als]gls], (2.29)

where A[s] = D[s] @ A, € CMN*(2Qe=1)(2Qr=1)Q0 i the total dictionary matrix.

“For example, the row-wise Khatri-Rao product of the 2-point DFT matrix Fp = H 711] and its

conjugate F3 is Fo @ F3 =[] !, ', | ] which consists of 2 duplicated column vectors.
SLety = Ax be a linear system where A = [a1,a2,a3,a1] and x = [z1, T2, T3, x4]T. By merging
the duplicated columns of A and the corresponding elements of x, we obtain y = AX where A =

[a1,a2,a3] and X = [z1 + m4,x2,x3}T.
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Figure 2.4: Overall description of the proposed PF-RCE algorithm.

By plugging (2.29) into (2.19), we obtain the sparse linear system:

yis] = (@X[s])T ® WH)vec(H][s]) + nls] (2.30)
= ((®X[s])" ® WT)(D[s] @ Ap ;)gls] + nls] (2.31)
= W[s]g[s] + n[s], (2.32)

where W[s] € CLP*Qut is the polar-domain sensing matrix given by

Wls| = ((®X[s])" @ WH)(D[s] @ Ag), (2.33)

and g[s] € C2=*1 is the combined sparse path gain vector such that ||g[s]||o = P, P,

and Qo = (2Q0 - 1)(2Qr - 1)@0-

2.3.2 Block-Sparse Representation

Since the angles and distances are the same for all subcarriers, the sparse path gain
vectors {g[s]}5_, share the common support €2. Based on this observation, we combine
the i-th elements of {g[s]}5_; into a vector g;. Note that the elements of g; are either
all nonzero (i € §2) or all zero (i ¢ €2). Thus, by concatenating g1, - - - , 8Q,,,» We can
obtain the block-sparse path gain vector g where the non-zero elements appear in a

few blocks of the vector (see Fig. 2.4). Using this, we can formulate the block-sparse
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linear system in the form of y = W¥g + z (¥ is the block sensing matrix) and then find
out {2 and g using the block-sparse recovery algorithm. Once €2 is recovered, we can
extract the angle and distance information from the corresponding column vectors of
the dictionary matrix. Using the extracted angles, distances, and path gains, we can
reconstruct the vectorized RIS-assisted channel vec(H[s|) from which we acquire the
near-field RIS-assisted THz channel H[s].

To be specific, we first combine the elements of {g[s]}5_; at the i-th position into
g; € C5x1;

gi = [gl[1]7 o 7gi[SHT7 i = 17 e 7Qt0t7 (234)

where g;[s] is the i-th element of g[s]. Since {g[s]}5_, have the common support €2,
the elements of g; are either all nonzero (i € Q) or all zero (i ¢ ). This means that
g = [gf, sl ggm]T is a block-sparse vector where the nonzero elements appear in a

few S x 1 blocks. Similarly, we combine the i-th column vectors of {¥[s]}5_; into a

block-diagonal matrix ¥; € CLP9%9 a5
‘ilz:dlag(,l—bz[l]v 717)1[5])a =1, 7Qt0t> (2.35)
where 1;[s] € CFP9*1 is the i-th column vector of W¥[s]. Using the combined matrix
is W =[Py, --,¥q, ] and g, we obtain the block-sparse linear system:
y =[] y[8') = Pg +n, (2.36)
where @ = [®y,... g ] € CLPS*QuS js the block sensing matrix and g =
81, ,ggml]T € C%SX1 the block-sparse path gain vector®. The corresponding

SFor example, when the common support is & = {2,6}, g[1] = [0,1,0,0,0,2,0]", and g[2] =
[0,3,0,0,0,4,0]", then g2 = [1,3]", g8 = [2,4]", and {g}; = [0,0]" fori ¢ . In this case, g =
[0,0,1,3,0,0,0,0,0,0,2,4,0, O]T is a block 2-sparse vector where the nonzero elements appear in 2 of
2 x 1 blocks.
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block-sparse recovery problem to recover the block-sparse path gain vector g is

Po : min ||y — ¥glls (2.37a)
g=[81, &0, )"
Qtot
st. Y I(|lgillz) = PP, (2.37b)
=1

where Z(x) is the indicator function such that Z(z) = 1if ¢ # 0 and Z(z) = 0

otherwise. Note that ZZQ:“’{ Z(||g:||2) represents the number of non-zero blocks in g.

2.3.3 Block-Sparse Recovery and Channel Reconstruction

In solving Py, one can use the block-sparse recovery algorithm such as block
orthogonal least squares (BOLS) [24]. In the BOLS algorithm, an index of the submatrix
of the sensing matrix is chosen at a time using a greedy strategy and then the residual is
updated. To be specific, in the ¢-th iteration, an index cw; corresponding to the submatrix
W, of the block sensing matrix W that leads to the most significant reduction in the

residual power is chosen as

. : L 2 _
W = arg Z-:in.}r,lQmHPﬂz_lu{i}rt_l”2’ t=1,---, PP, (2.38)
where €; = {@1,--- &} and ryq = Pé y is the residual. Also, Ps%l =1I;ps —
t—1 t

P, 1s the orthogonal complement of P, where Pg, = \ilﬁt\il}zt is the orthogonal
projection onto span(\ilﬁt) and ‘ilﬁz = [Py, -, Pgy,]. It is worth mentioning that
since each W, = diag(vp, [1],- - - , 9, [S]) is a block-diagonal matrix, the orthogonal

(CLPSXLPS

projection matrix Pg € is also a block-diagonal matrix whose diagonal

elements are the orthogonal project matrices {P g, [s] }9_, for S subcarriers:

where P, [s] = (@[5])9,(@[5]);i € CEPxLP and(\il[s])ﬁt = [P, [s], ¥, l8]]-
Using (2.39), we can significantly reduce the computational complexity of PF-RCE
since we only need to compute the low-dimensional projection matrices {P¢, [s] 1o C

s=1 =
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Table 2.1: Comparison of computational complexity.

Computational Complexity
Proposed PF-RCE | O(SL?P?P}P?(2Qp — 1)(2Q, — 1))

Conventional NB-CE O(SL*P?P;P?(QoQr)?)

Conventional FF-CE O(SL*P*P;P?Qj)

CLPXLP jnstead of the high-dimensional projection matrix Pﬂt € CLPSXLPS  Ajso,

using (2.39), one can re-express (2.38) as

S
- . 1 2
G =arg _min ;H(PQHU s a3, (2.40)
where ¢t = 1,---, Pj P, is the iteration index. The iteration is repeated until Py P,

indices are selected.
Once we obtain the support 0= {@1,--- ,@p,p, }, we can acquire the estimate of
{gs]} as
(" [sDg = (TlsDL yls]. (2.41)
Since each quantized angle and distance pair of the polar bin corresponds to the column
vector of the dictionary matrix D[s] ® AB7S, we can extract the angle and distance
information from (D [s]® A, S) - Using the extracted angles, distances, and path gains,

we can reconstruct the vectorized near-field RIS-assisted THz channel (see (2.29)):
vec(H*[s]) = (D[s] ® Ap s) (&8 [s])g- (2.42)

Finally, one can acquire the near-field RIS-assisted THz channel H*[s] from vec(H*[s]).

2.3.4 Computational Complexity Analysis

In this subsection, we analyze the computational complexity of the proposed PF-
RCE algorithm. Specifically, the block-sparse recovery process in PF-RCE consists of

four major steps: 1) calculating the orthogonal complements {(Pg, (0 [s])+15_, of

¥ i 11
-':Ix"i '.;-.'.I !u
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the projection matrices, 2) calculating the residual power Ele [(Pa, 0, (i) [s])Fr1[s]|13
and finding out the index w; minimizing the residual power, 3) updating the residual
r;, and 4) estimating the block-sparse path gain vectors {(g* [s])ﬂ}le. The overall

complexity CPF-RCE of PF-RCE is expressed as
CPFRCE — P P.(C1 + Co + C3) + C4, (2.43)

where Cy, Co,C3,Cy4 are the computational complexities of the aforementioned steps.
Note that P, P, are multiplied at C1, C,C3 since the block-sparse recovery process
consists of P, P, iterations. In the following lemma, we provide the overall complexity

CPFRCE f PE_RCE.

CPF—RCE

Lemma 3. The total computational complexity is given by

CPRCE = O(SL*P?P2 P (2Qp — 1)(2Q, — 1)), (2.44)
where Qg and Q, are the quantization levels of angle and distance, respectively.
Proof. See Appendix B. O

For comparison, we also discuss the complexities of the conventional narrow-band
channel estimation (NB-CE) scheme that estimates the polar-domain channel parameters
(i.e., angles, distances, and path gains) of each subcarrier channel separately [1] and the
far-field channel estimation (FF-CE) scheme that estimates the angular-domain channel
parameters (i.e., angles and path gains) of all subcarrier channels simultaneously [20].
It is clear from Table I that the computational complexity of PF-RCE is lower than
that of NB-CE. This is because by exploiting (2.39), the residual power calculation
of PF-RCE can be decomposed into S sub-calculations, resulting in a significant
reduction of computational complexity. Also, while NB-CE uses the high-dimensional
sensing matrix containing a large number of duplicated columns, PF-RCE uses the
low-dimensional sensing matrix where the duplicated columns are removed (see Lemma

2). Also, we see that the computational complexity of PF-RCE is higher than that of

30



FF-CE, since PF-RCE estimates the whole multipath components (angles, distances,

and path gains) whereas FF-CE estimates only the angles and path gains.

2.4 Practical Issues in Near-Field RIS-Assisted THz Channel

Estimation

In this section, we discuss two practical issues related to RIS-assisted THz channel
estimation. We first describe the polar bin design and then discuss the RIS phase shift

control.

2.4.1 Polar Bin Design for RIS-assisted THz Channel Estimation

Note that the sparse recovery performance of PF-RCE relies heavily on the column
correlation of the polar-domain sensing matrix ¥[s]. Since W¥[s] is generated from the
total dictionary matrix A [s], the column correlation of W[s] is determined by that of
A[s]. As shown in Lemma 2, A[s] is a function of the polar bin, a set of quantized angle
and distance pairs (0, T). So, by deliberately designing (@, ) such that the column
correlation of A[s] is minimized, we can reduce the column correlation of ¥ s], thereby
improving the sparse recovery performance.

Recall that A [s] can be expressed as A[s] = D[s]® Ap  (see (2.29)) where D([s] is
the polar-domain RIS dictionary matrix (see Lemma 2) and AB7 s 18 the angular-domain
BS dictionary matrix (see (2.22)). Thus, the column correlation of A[s] is the multipli-

cation of the column correlations of D[s] and Ap s (i.e., u(A[s]) = u(DI[s])u(Ap s)):

Als)) = max |alla;|? (2.45)
p(Als]) (m,)#k’l)| J k,z\
= max |(d; ®ap ) (dr ® ag;)|? 2.46
(z‘,j);é(k,l)|( B,j) (di ® ag )| (2.46)
_ did, |2 sH - 2 2.4
lgggd i di| I?jﬂasﬂawl (2.47)
= w(D[s])u(Ap,s), (2.48)
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where a; ;, d;, and ag ; are the column vectors of Als], D[s], and AB7 s, respectively. To
minimize ;1(A[s]), we need to minimize ;1(D([s]) and 1(Ap ). Since Ap s is generated
from the angular bin @ and the optimal angular bin minimizing p(Ag_s) can be easily
obtained by uniformly discretizing sin @ in [—1, 1), we only need to find out the optimal
polar bin minimizing the column correlation of Ds].

To be specific, ;1(D[s]) can be expressed as a function of polar bin (8, ) as

uw(D[s]) = m7éax 10,7, Hj,rj) (2.49)

where f(0;,7;,0;,7;) = |ﬁa§l,s(§i,ﬁ)a&5(§j, 7;)|? and ag 5(6;,7;) is the near-field
array response vector in (2.12). Then the optimization problem Py, to find out the polar

bin (6, t) minimizing ;(D][s]) is formulated as

Phoin : min max f(6;, 7, 9], ), (2.50a)
(6,r) i#j
s.t.0<6; <27, Tmin <7 < Tmax, 1=1,---,Q, (2.50b)

where [Fmin, "max] 18 the range of communication distance and Q = QyQ, is the
number of quantized angle and distance pairs in (8, ). Since ;(D][s]) is a nonlinear
function of (@, ), it is not easy to find out the optimal solution of Py;,. As a remedy,
we exploit the observation that the m-th element of ag 5(@-, 7;) consists of the far-

field term d(m — 1)sin; and the near-field term a (m2 1)? cos?6; 9 (see (2.9)). Based

on this observation, we express f(6;,7;,6;,7;) as a function of |s1n 0; — sin 6;| and

‘COS2 91 _ COs 9
i

’ and then convert the column correlation minimization problem to the

problem to maximize the sum of these two terms.

Proposition 1. The normalized correlation f(0;,7;,0;,7;) = |ﬁag7s(§i,Fi)aR,s(éj,fj)P

between the near-field array response vectors a s(0;,7;) and ag s(0;,7;) can be ap-

_ 27
cos? 6; __ cos 0]' .

proximated as a function of o = sin0; — sin6; and 8 = = >

107~ s ) )

M%lﬁ( (M5 - ) s( \/O;—B))z, 2.51)
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Figure 2.5: Correlation between the near-field array response vectors

where C(x) = [ cos (37t%)dt and S(z) = Iy sin(7t%)dt are the Fresnel integrals.
Proof. See Appendix C. O

As shown in Fig. 2.5, f(0;,7;, 5]-,77]-) can be approximated to the decreasing

20.
function of |sin; — sin6;| and !M - msfiej’ Thus, the problem to minimize

max;z; f(0;,7;,0;,7;) can be converted to the problem to maximize the sum of

min;z; [sin ; — sin 6;| and min; 4, |M - %‘
29 2012
Piin - Max (mm\sm@ —sin 0] +cm1n’ o5 o8 J‘ ) (2.52a)
(0,F) \i#j #J T Tj
s.t. 0 < éz <27, Pmin < T < Tmax, i=1,-,Q, (2.52b)

where ¢ > 0 is the regularization parameter. Since 8 and T are coupled with each other
in the objective function, it is very difficult to optimize them jointly. To find out a
tractable solution of P{)m, we optimize 6 and T in an alternating fashion.

First, when 6 is fixed, Py, is reduced to the distance quantization problem Plis:

cos?0; cos? 0;

Puis : max min | ——— — —— (2.53a)
T T ]
St Tmin <7 < Tmax, =1,--+,0Q. (2.53b)

The optimality condition for Pgy;s is provided in the following lemma.
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Lemma 4. Given a bounded function f : X — [fmin, fmax] and set of bounded non-
negative weights {ci}?zl C [cmins Cmax], the optimal solution of P :max g,y x mingjle; f(w;)—

¢ ()] s

x _ f ( (Cmmfmm _i_Z.CmaxfmaXC; Cminfmin)>, i=1,---.0. (2.54)

Proof. See Appendix D. O

Remark 1. One can see that from Lemma 4 that the optimal solution {x} of the
problem P satisfies two properties: 1) {c; f (acl)} * | are all distinct values and 2)

{cif(x )}Q 1 are uniformly quantized in [Cmin fmin, Cmax fmax]-

By plugging f(z) = % e [o, r—] and ¢; = cos?0; € [0,1] to (2.54), we obtain the

optimal solution r of Pyjs as

7= TmiinQ cos20;, i=1,---,Q. (2.55)

Once T is obtained, the second term of the objective function in P/, is fixed

_ -
to min;; |COSFQ¢ O _ Coj;j ; | = rmiln - Then Py, is reduced to the angle quantization
problem Pyg:
Pang : max min [sin 6; — sin §j| (2.56a)
0 iFj
st.0<@;<2m, i=1,---,Q. (2.56b)

Similarly, by plugging f(x) = sin(x) € [—1, 1] and ¢; = 1 to (2.54), one can obtain

the optimal solution 0 of Pang as

0i-1)0, +; = arcsin (—1+§2(i—1+(j—1)Q9)>, i=1, Qe =1 .Qn

(2.57)
where Qg and @, are the quantization levels of angle and distance (@) = QyQ.),
respectively.

In Fig. 2.6, we plot {(sin 6;, cos” 9 @0y |j=1,---,Q} for the polar bin (6, ) gener-

ated by the proposed quantizatlon method (see (2.55) and (2.57)) and the conventional
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Figure 2.6: Comparison of polar bins generated by (a) the proposed method (see (2.55)
and (2.57)) and (b) the conventional method in [1] when Qg = 5, @, = 4, and ryi, = 4.
One can see that the minimum distance di, between the points of the proposed method

(dmin = 0.1179) is much larger than that of the conventional method (dpi, = 0.0625).

method in [1]. Note that the conventional polar bin ({6; -}Q,l, {f}gﬁ are simply chosen

from the uniform grid points of [—1, 1] x [0 } ([~1,1] and [0, - ] are the ranges of

? Tm

sin 0; and < 9 €% which may result in some elements sharing the same sin 6; or cos?6;
Z

value (see Flg. 2.6). In contrast, based on Lemma 4, the proposed polar bin design en-

sures that sin ; and <= 9

€05 % values of each (6;, 7;) are not overlapped. This results in the
inclined pattern observed in Fig. 2.6. One can also observe that the minimum distance
between the points of the proposed scheme is much larger than that of the conventional
method. Recall that the normalized correlation between the near-field array steering
vectors f(0;, 7;, 5]-, 7;) can be approximated to the decreasing function of the distance
between the points. Hence, the column correlation ;(D[s]) = max;.; f(0;, 74, 0;,7;)
of the proposed scheme is smaller than that of the conventional method, meaning that

the sparse recovery performance can be improved via the proposed polar bin generation

method.

2.4.2 Phase Shift Control for RIS-assisted THz Channel Estimation

In the proposed PF-RCE scheme, we convert the near-field RIS-assisted THz

channel estimation problem to the block-sparse recovery problem and then solve it

35



using the BOLS algorithm. From (2.33), one can see that the polar-domain sensing
matrix of the block-sparse recovery problem is a function of the RIS phase shift matrix.
Since the block-sparse recovery performance depends heavily on the correlations
between the sub-matrices of the block sensing matrix (i.e., block-mutual coherence),
the phase shift matrix should be properly designed such that the block-mutual coherence
of the sensing matrix is minimized.

To be specific, the block-mutual coherence ji;, of ¥ = [Py - - ¥, ] representing

the maximum correlation among the sub-matrices {‘i’i}z‘:1 is defined as

(). (P
1<i<j<Qut | ¥ (@)| 2|/ ¥ (®)||2

Then the block-mutual coherence minimization problem P; to find out the optimal

phase shift matrix ® minimizing y(®) is formulated as

. mi ® 2.59
Py nin 1o (®) (2.59a)
st. |[®]mp| =1, m=1,--- M, p=1,--- P (2.59b)

()T, (®)
[RACNERACH]

By defining the auxiliary matrix 3; j= ;> We obtain y1 = max; <i<;j<Qu 1325,51]2

so that P; is reformulated as

P : in ISE?%{thHEi’j”Q (2.60a)
(@) W;(®)
st X = ——+ i ;o 1<i<j < Qo (2.60b)
(@)1 (@)]l2 ’
[ ®]mp| =1, m=1,---,M, p=1,--- P, (2.60c)
where 3 = [31 2, -+, X —1,Qw 18 the block-mutual coherence matrix. Due to the

quadratic fractional structure of (2.60b) and the unit-modulus constraints (2.60c), Ps is
modeled as a non-convex problem where the global optimal solution is very difficult
to find. Also, since ¥ and ® are coupled with each other in (2.60b), it is not easy to
optimize them simultaneously.

To make the problem tractable, we employ the augmented Lagrangian relaxation

technique that adds a quadratic penalty term to the objective function. To be specific,
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the modified objective function L, so-called the augmented Lagrangian, is defined as

L(Z,®,A)
- 1§£?§QmH2i’j”2 +1m(®)
(D)W, (P)

+2 Re{tr Al (z,——=—1 J }
1<i<zj:<% ( 3 (3 ||‘I’¢(¢)\2||‘I’j(‘1>)!2)>
p (@) v (@) |

L P S # : 2.61)
2 Z H (@) 215 (®)|2 [|p

1<i<<Quot
where 1 (-) is the indicator function, M = {® € CM*F : |[®], ,| = 1,Vm,Vp}
is the manifold of the phase shift matrix ® satisfying the unit-modulus constraints
(2.60c), A = [A12, - , AQu—1,Qu ] is the Lagrangian multiplier matrix, and p > 0 is
the scaling factor. Using L(X, ®, A), the dual problem P3 can be expressed as

: in L(X, &, A). 2.62
Ps : max win L(%, 2, A) (2.62)

It is worth noting that P3 is an unconstrained problem, and thus it is much easier
to handle than the primary problem Ps. In fact, by exploiting the weak duality’, the
optimal value of Ps serves as a lower bound of the optimal value of P,. Unfortunately,
it is still not easy to solve P3 since the augmented Lagrangian L is a joint function
of 3, ®, and A. So, we solve the problem by alternately updating the block-mutual

coherence matrix X, the phase shift matrix ®, and the Lagrangian multiplier matrix A:

) = arg min L(X, o1 AWD), (2.63)

&+ = arg min LD, & AY), (2.64)
bcM

@H(q)(t—i-l))\i, ,((I;.(t-i-l))
A Z A 4 (D 2 J . 2.65
P T @) L () (26
First, the optimization problem Ps; corresponding to (2.63) is given by
i . 4 ()2
Psimin max (Bl +5 0 > 13— 2l (2.66)
1<i<i<Qrot

"Note that the primary problem can be rewritten as Pz = minxs, ¢ maxa L(X, @, A). By using the
max-min inequality such that max, miny f(z,y) < miny max, f(x,y) for any function f(z,y), the

weak duality is obtained.
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BH(O) T, (B Al . . .
where thj) = H‘i’i(&)((t))H2)H‘iig('(q)(t2)”2 - =+ Note that Py is a matrix £2-norm min-

imization problem which can be equivalently converted to the convex semidefinite
program (SDP). By using the convex optimization tool (e.g., SDPT3 [25]), we can
obtain the global optimal solution 3*.

Second, the optimization problem Pg corresponding to (2.64) is given by

TH(D)W; (P 2
Pa : min Z H — i (®) 7]( ) —WE? (2.67a)
o' L @)Ll @)~
st. |[®]mp| =1, m=1,---,M, p=1,--- P, (2.67b)
(t) (t+1)  AY . . . . .
where W, 5 = 33; 7 4 —>-. One major obstacle in solving Pg is the non-convex unit-

modulus constraints (2.67b). To handle this issue, one can exploit the property that the
set of unit-modulus phase shift matrices M = {® € CM*F : |[®@],, ,| = 1,Vm, Vp}
has a smooth Riemannian manifold structure® [26]. Using this property, we can convert
‘P& to an unconstrained optimization problem on the Riemannian manifold [27]. Since
the optimization over the Riemannian manifold is conceptually analogous to that in
the Euclidean space, optimization tools of Euclidean space (e.g., conjugate gradient
method) can be readily employed to solve the problem on the Riemannian manifold
(e.g., Riemannian conjugate gradient (RCG) method)’ [26,28].

After updating 3 and ®, as shown in (2.65), we update A using the dual ascent
method [29]. The update procedures (2.63)-(2.65) are repeated until ® converges. Once
the RIS phase shift matrix ® minimizing the block-mutual coherence 1, is obtained,
the BS employs ® for the configuration of RIS phase shifts to improve the block-sparse

recovery performance of PF-RCE.

8A smooth Riemannian manifold is a generalization of the Euclidean space on which the notion of

differentiability exists.
"When compared with the conventional conjugate gradient method, the RCG method requires two

additional operations: 1) projection operator to find out Riemannian gradient on the tangent space from the

Euclidean gradient and 2) retraction operator to make sure that the updated point lies on the manifold [26].
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Figure 2.7: NMSE vs. SNR.

2.5 Simulation Results

2.5.1 Simulation Setup

In this section, we present numerical results to validate the effectiveness of the
proposed PF-RCE technique. We consider the near-field RIS-assisted THz systems
where a single-antenna UE transmits the uplink pilot signal to a N = 16-antenna BS
with the aid of an RIS equipped with M = 128 passive reflecting elements. The RIS
and UE are located randomly around the BS within the cell radius of R = 20 m. For
both BS-RIS and UE-RIS channels, we use the block-fading multipath channel model
where each channel consists of P, = P, = 2 paths. The carrier frequency, bandwidth,
and the number of subcarriers are set to f. = 0.1 THz, B = 10 GHz, and S = 128,
respectively. The uplink pilot transmission period includes P = 12 subframes, each of
which consists of L = 4 time slots. Also, the quantization levels of angle and distance
are set to Qg = @, = 128. Throughout the simulations, we set the signal-to-noise-ratio
(SNR) to 30 dB. At each point of the figures, the simulation results are averaged over

1, 000 independent channel realizations.
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Figure 2.8: NMSE vs. number of subframes.

For comparison, we employ the following benchmark schemes: 1) the oracle-LS
scheme where the BS-RIS and UE-RIS angle and distance information is perfectly
known at the BS and only the BS-RIS-UE path gains are estimated via LS technique, 2)
the narrowband channel estimation schemes, including the OLS-based narrowband chan-
nel estimation (NB-CE) algorithm and the polar-domain simultaneous OMP (P-SOMP)
algorithm [1], and 3) the far-field channel estimation schemes, including the BOLS-
based far-field channel estimation (FF-CE) algorithm and the generalized simultaneous
OMP (G-SOMP) algorithm [20]. As a performance metric, we use the normalized mean
square error (NMSE) defined as NMSE = 3% E[||H*[s] — H[s]|[2/[ H[s][|3].

2.5.2 Simulation Results

In Fig. 2.7, we plot the NMSE as a function of SNR. Overall, we see that the
proposed PF-RCE scheme outperforms the conventional channel estimation schemes
by a large margin. For instance, when SNR = 30 dB, PF-RCE achieves around 3 dB
and 3.6 dB NMSE gains over the conventional FF-CE scheme and G-SOMP scheme,

respectively. Even when compared to the oracle-LS scheme, PF-RCE performs similarly
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Figure 2.9: NMSE vs. number of subcarriers.

to the oracle-LS scheme. This is because PF-RCE estimates the whole multipath
components (angles, distances, and path gains) by exploiting the polar-domain sparsity
whereas the conventional far-field channel estimation schemes estimate only the angles
and path gains.

In Fig. 2.8, we plot the NMSE as a function of the number of subframes P used for
the uplink channel estimation. We find that the proposed PF-RCE achieves a significant
pilot overhead reduction over the conventional channel estimation schemes. For instance,
to achieve —2 dB NMSE, PF-RCE requires 6 subframes while the narrowband channel
estimation schemes require more than 20 subframes. Even when compared to the far-
field channel estimation schemes, PF-RCE achieves around 60% reduction on the pilot
overhead. It is clear from the results that PF-RCE is effective in reducing the pilot
overhead of the RIS-assisted THz systems especially when the ultra-massive antenna
array is deployed at the RIS.

In Fig. 2.9, we plot the NMSE as a function of the number of subcarriers S. We
observe that PF-RCE achieves a significant NMSE gain over the conventional schemes.

‘We also see that while the NMSEs of the conventional narrowband channel estimation
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Figure 2.10: NMSE vs. system bandwidth.

schemes are similar in all regimes under test, the NMSE of PF-RCE decreases with
the number of subcarriers. For example, when the number of subcarriers increases
from S = 3 to § = 128, the NMSE of BOLS-based PF-RCE decreases from —3.4 dB
to around —6.8 dB. The reason is that when the number of subcarriers increases, the
performance gain of PF-RCE obtained from the joint sparse recovery of all subcarrier
channels also increases but such is not the case for the narrowband channel estimation
schemes since they estimate the multipath components of each subcarrier channel
separately.

In Fig. 2.10, we plot the NMSE as a function of the system bandwidth B. Similar to
Fig. 9, we see that the NMSE gain of PF-RCE over the narrowband channel estimation
schemes increases with B. For example, when B = 0.1 GHz, the NMSE gain of PF-
RCE over NB-CE is around 6.4 dB but it increases up to 7.8 dB when B = 20 GHz. In
the narrowband systems, the difference between the carrier frequency and the subcarrier
frequency is close to zero so that the sensing matrices of different subcarriers are the
same. Thus, the NMSE gain of PF-RCE obtained from the joint sparse recovery of

subcarrier channels is marginal. In the wideband THz systems, however, the sensing
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Figure 2.11: NMSE vs. UE-RIS distance.

matrices of different subcarriers are frequency-dependent, and thus PF-RCE can fully
enjoy the benefit of joint sparse recovery.

In Fig. 3.1, we plot the NMSE as a function of the distance between the UE and
RIS dyg. We observe that the proposed PF-RCE scheme outperforms the conventional
channel estimation schemes. In particular, we observe that the NMSE gain of PF-RCE
over the far-field channel estimation schemes increases when the UE-RIS distance
decreases. For instance, when the UE-RIS distance decreases from 22 m to 2 m, the
NMSE gain of PF-RCE over FF-CE increases from 2.7 dB to 4.2 dB. When the UE
is close to the RIS, the UE locates at the near-field region of the RIS so that the RIS-
assisted THz channel is expressed as a function of the angles, UE-RIS distances, and
path gains. Since the far-field channel estimation schemes estimate only the angles
and path gains, they suffer from severe performance degradation. In contrast, using the
polar-domain sparsity, PF-RCE finds out both the angle and distance from which the
near-field RIS-assisted THz channel information can be acquired.

In Fig. 3.2, we plot the NMSE as a function of the number of RIS reflecting elements

M . We observe that the performance gap between PF-RCE and the far-field channel
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Figure 2.12: NMSE vs. number of reflecting elements.

estimation schemes increases with /M. When M = 64, for instance, the NMSE gain
of PF-RCE over FF-CE is 0.6 dB but it increases to 3.6 dB when M = 128. This is
because when the number of RIS reflecting elements is large, the array aperture is
comparable to the communication distance. In this case, the RIS-assisted THz channel
is categorized as the near-field channel so that the performance degradation of the
conventional schemes relying on the far-field channel model is considerable.

In Fig. 3.3, we compare the block-mutual coherence of polar-domain sensing
matrix achieved by the proposed phase shift control scheme and the random phase
shift scheme. We observe that by employing the proposed phase shift control scheme,
the block-mutual coherence can be reduced by more than 33%. We also see that the
proposed scheme converges within 10 iterations.

In Fig. 3.4, to demonstrate the effectiveness of the proposed polar bin design and
RIS phase shift control, we compare the NMSEs of PF-RCE and the conventional
schemes [1]. We observe that when SNR = 30 dB, the proposed polar bin generation
scheme achieves around 0.5 dB NMSE gain over the conventional polar bin generation

scheme. Moreover, by exploiting the proposed RIS phase shift control method, the
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Figure 2.13: Block-mutual coherence vs. number of iterations.

NMSE gain of PF-RCE increases to 1.2 dB. This is because deliberately designed polar
bin and RIS phase shifts can minimize the column correlation of the polar-domain
sensing matrix in PF-RCE but the conventional schemes have no such mechanism to
improve the sparse recovery performance.

In Fig. 3.5, we plot the NMSE as a function of the number of propagation paths.
We observe that the proposed PF-RCE works well even when the number of paths is
P, = P, = 4. Interestingly, we observe that the performance gap between the OLS-
based and OMP-based schemes increases with the number of paths. This is because
the OLS algorithm performs well even when the sparsity level is high but the OMP

algorithm performs well only when the sparsity level is low.

2.6 Summary

In this chapter, we proposed an efficient channel estimation technique for near-
field RIS-assisted wideband THz systems. The proposed PF-RCE scheme estimates

the multipath components (angles, distances, and path gains) of the near-field RIS-
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assisted THz channel by exploiting the polar-domain sparsity and common support
properties. Since the number of multipath components is much smaller than that of the
RIS reflecting elements, the pilot overhead can be reduced significantly. In PF-RCE, by
exploiting the polar-domain sparsity, the multipath components estimation problem is
converted into the sparse recovery problem in the polar-domain. Then using the common
support property, the multipath components of all subcarriers are jointly estimated via
the block-sparse recovery algorithm. We demonstrated from numerical evaluations that
PF-RCE can accurately estimate the near-field RIS-assisted wideband THz channel with
low pilot overhead. In our work, we focused on the development of the RIS-assisted
THz channel estimation framework, but an extension to the beamforming design using
the acquired channel information would also be an interesting research direction worth

pursuing.
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2.7 Proofs

2.7.1 Proof of Lemma 2

From the definition of row-wise Khatri-Rao product, Ag s® A} . can be re-expressed

as
Ar e Ay, = [diag(ag <(01,71)) AR, - ,diag(ag (Ao, 7)) AR ). (2.68)

One can see that the column vectors of AKS ° Al*{ s have the form of ag (éi, 7)) ©

_ _ _i2mqyts 9.7 —j2m (4 1s 9,7
ais(gj,fj)‘Recau that ag (0, 7) = [e ]xc(1+fc)AT1(9,T)7 e ]Ac(l‘f‘fc)ATM(@,T)]T

where

1 27
ATm(Qf) ~ _d(m — 1) sin @ + §d2(m — 1)2M

(2.69)
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Thus, the natural logarithm of the m-th element a,y, (i, j) of ag s(0;,7;) ® ag (0;,7;)

is given by
In am (i, §) = (1 + ; (A (0:7) = Arn(@5,75)  270)

i3 ( ;)( (m — 1)(sin§; — sind)
- 5d2(m - 1)2(C°i b _ Coi 9j>). @.71)

By plugging (2.55) and (2.57) into (2.71), we obtain

Inan(i,j) = (1—1— ‘]{i)<(Q_1)($Z —Zj +(yi_yj)Q9)
2 2
- dérme)((flfz —25)Qr +yi — yj))

where i = (z; — 1)@, +y;and j = (z; — 1)Q, + y; for 1 < x;,z; < Qp and
1 < yi,y; < Qr. Also, QQp and (), are the quantization levels of angle and distance
(Q = QoQr), respectively. Basedon 1 -Qg < z;—2; < Qp—1land1-Q, < y;—y; <
Qr — 1, the number of distinct column vectors of Ag 5 e Ais is (2Qp — 1)(2Q, — 1)
in total.

Let D[s] € CM*(2Qo=1)(2Q-~1) pe the matrix composed by the distinct columns
of AR s ® Al*{,s. By denoting k = ; — z; + Qg and | = y; — y; + Q,, the (k,)-th

column vector dy,; of D([s] is

A = oo (557 0+ ) UG- rr-0Q0)
- W((’f - Qe)Qle—QT))), (2.72)

form=1,--- , M,k=1,---,2Q¢—1,and [ = 2Q),. — 1. Thus, we obtain the desired

results.

2.7.2 Proof of Lemma 2

First, since the computational complexity of calculating the pseudo-inverse matrix

of a M x N matrix is O(M?N) (M > N)and 1 < ¢t < P,P,, the computational
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complexity C; for calculating Pﬂt—lu (i}

fori =1, , Qo is
C1 = O(SL*P?PyP,Qun). (2.73)

Second, the computational complexity Cs for calculating the residual power and

finding out the index @w; minimizing the residual power is
Co = O(SL2P?Qyoy). (2.74)

Third, since the residual is updated as r; = [((Pg, [1))Ty[1])T,- -, (Pg, [S) y[SD)"]",

the computational complexity C3 required for the residual update is
C3 = O(SL?P?). (2.75)

Lastly, recall that we obtain the block-sparse path gain vectors using the LS es-

timation as (g*[s])g) = (\il[s]);y[s] for s = 1,---,S. Thus, the computational

complexity C, required for the block-sparse path gain vector estimation is
Cs = O(SL*P?P,P,). (2.76)

Using (2.73)-(2.76), we obtain the overall complexity CPF-RCE of PF-RCE:

CPFRCE — P P.(C1 4 Co + C3) +C4 (2.77)
= O(SL*P?P. P} Qi) (2.78)
.-':l-\__-i: "|" ] I. 3|
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2.7.3 Proof of Proposition 2

— .27 N cos27
Using the definition a(f,7) = [1,--- e & (-dM-Dsinf+ 5 (M -1)2 )] T

the correlation function f(6;,7;,0;,7;) = |1:a%(6;,7;)a(6;,7;)|? can be expressed as

M
:’ ! Zexp(jw(—d(m—1)(sin9i—sin9¢)

m=1
2 29 2
9 9,c08“0;  cos”b;
+5d*(m = 1)%( T ))) (2.79)
M-1 = — 2
1 1 2fd? ;cos?0; cos?0;
- Mﬂ;exp<327r<\/ — R )
sin §; — sin éj 2\ |2
(m - d(COS2 0—1 _ C082 é]) ) (280)
T Tj
’ 1 N 2 2|?
— | LS it 2.81)
M m=0
where w = \/ 2f0d2 (COS;; b _ COS; 0; )and v = m. By employing the ap-

Ty Tj

proximation E -0 Ledgmu(m—v)? fOM 2™ @) gy (2.81) can be re-expressed

|_|

2

exp ] 7rw 2)

M
exp j 7Tw x—02>d

= M2w2 (’/ e Cos 7Tt2>dt’ —I—‘/w(M ! sin 7rt2)dt‘ > (2.83)

Finally, using the Fresnel integrals C(z) = [ cos(3mt?)dt and S(z) = [ sin(gmt?)dt

(2.82)

Q

?@

and d = ﬁ =37 f(0:,7:,0;,7;) can be approximated as

f(éiafi’éjvfj) MQdﬁ( (M\F_i) (\/7>>2

+M;d5 <S<Mm_%) (f)) (2.84)
where o = sin 6; — sin9_j and 8 = %jéi - %j(’j
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2.7.4 Proof of Lemma 3

For a given {7 } in (2.54), the objective function min;zjlc; f(z}) — ¢ f(z7)| of P

is given by

Q-1
Now assume that there exists {z; } which provides a higher objective function value
than {z}}, i.e., min;;lc; f(x;) — ¢ f(x;)| > Cm“f“‘g%"f‘“ Also, without the loss
of generality, assume that x1, - - - , xg are ordered as ¢ f(z1) < --- < ¢ f(z@). Then

we obtain

Cmaxfmax - Cminfmin
2.86
B (2.86)
By combining (2.86) fori =1,--- ,) — 1, we obtain

civ1f(wiy1) — cif (w5) >

CQf(xQ) - le(xl) > Cmax fmax — Cminfmin- (2.87)

This contradicts the fact that ¢; f(2;) € [cminfmin, Cmax fmax]- Thus, {z}} provides the
maximum objective function value of P, meaning that {z} is the optimal solution of

P.
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Chapter 3

Energy-Efficient Power Control and Beamforming for
Reconfigurable Intelligent Surface-Aided Uplink IoT

Networks

In this chapter, we study an energy-efficient power control and beamforming scheme
for RIS-assisted IoT networks. RIS, a planar metasurface consisting of a large num-
ber of low-cost reflecting elements, has received much attention due to the ability to
improve both the spectrum and energy efficiencies by reconfiguring the wireless propa-
gation environment. In this work, we propose an RIS phase shift and BS beamforming
optimization technique that minimizes the uplink transmit power of the RIS-aided
IoT network. Key idea of the proposed scheme, referred to as Riemannian conjugate
gradient-based joint optimization (RCG-JO), is to jointly optimize the RIS phase shifts
and the BS beamforming vectors using the Riemannian conjugate gradient technique.
By exploiting the product Riemannian manifold structure of the sets of unit-modulus
phase shifts and unit-norm beamforming vectors, we convert the nonconvex uplink
power minimization problem into the unconstrained problem and then find out the

optimal solution over the product Riemannian manifold.
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3.1 Introduction

As a paradigm to embrace the connection of massive number of devices, such as
sensors, wearables, health monitors, and smart appliances, internet of things (IoT) has
received much attention recently [30]. Since most of IoT devices are battery-limited,
saving the device power is crucial for the dissemination of IoT networks. Recently,
reconfigurable intelligent surface (RIS) has been emerging as a potential solution
to enhance the sustainability of the IoT network [31]. In a nutshell, RIS is a planar
metasurface consisting of a large number of low-cost passive reflecting elements, each
of which can independently adjust the phase shift on the incident signal [32,33]. Due
to the capability to modify the wireless channel by controlling the phase shift of
each reflecting element, RIS offers various benefits; When the direct link between
the IoT device and the base station (BS) is blocked by obstacles, RIS can provide a
virtual line-of-sight (LoS) link between them, ensuring the reliable link connection
without requiring heavy transmit modules [34]. Due to its simple structure, lightweight,
and conformal geometry, RIS can be easily deployed in the desired location. Also,
with a small change in wireless standard, RIS can be easily integrated into existing
communication systems.

Over the years, various efforts have been made to improve the energy efficiency
of 10T networks [35-40]. In [35], a joint beamforming technique to minimize the
downlink power consumption of wireless networks has been proposed. In [36], a joint
power control and beamforming scheme for the RIS-aided device-to-device (D2D)
network has been proposed. In [37], the energy-efficient downlink power control and
phase shift designs for the Terahertz and MISO systems have been presented. In [38],
an RIS phase shift control technique to maximize the downlink energy efficiency of
RIS-aided systems has been proposed. In [39], an alternating optimization-based energy
efficiency maximization scheme for the uplink RIS-aided systems has been proposed.
Also, achievable sum throughput of an RIS-aided wireless powered sensor network

(WPSN) has been investigated in [40].

53



While most of existing works focused on the downlink power control of RIS-aided
systems, not much work has been made for the power minimization on the uplink
side. Since 10T devices are battery-limited, it is of importance to come up with an
energy-efficient uplink power control mechanism based on the RIS technique.

A major problem of the RIS-aided uplink power control is that the constraints on the
RIS phase shifts and the BS beamforming vectors are nonconvex. This is because RIS
can only change the phase shift of an incident signal so that the passive beamforming
coefficients of reflecting elements are subject to the unit-modulus constraints [31]. This,
together with the fact that the active beamforming vectors of BS are subject to the
unit-norm constraints [41], makes it very difficult to find out the proper RIS phase shifts
and BS beamforming vectors.

An aim of this chapter is to propose an approach that minimizes the uplink transmit
power of an RIS-aided IoT network. Key idea of the proposed scheme, referred to
as Riemannian conjugate gradient-based joint optimization (RCG-JO), is to jointly
optimize the RIS phase shifts and the BS beamforming vectors using the Riemannian
conjugate gradient (RCG) algorithm. Specifically, by exploiting the smooth product
Riemannian manifold structure of the sets of unit-modulus phase shifts and unit-norm
beamforming vectors, we convert the uplink power minimization problem into the
unconstrained problem on the Riemannian manifold. Since the optimization over the
Riemannian manifold is conceptually analogous to that in the Euclidean space, opti-
mization tools of the Euclidean space, such as the gradient descent method, can be
readily used to solve the optimization problem on the Riemannian manifold [42]. In
our approach, we employ the Riemannian conjugate gradient (RCG) method to find
out the RIS phase shifts and BS beamforming vectors minimizing the uplink transmit
power of an RIS-aided IoT network.

In recent years, there have been some efforts exploiting the manifold optimization
technique for the RIS phase shifts control [4,43,44]. In [4], a Riemannian manifold-

based alternating optimization technique for the design of RIS phase shifts and BS
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beamforming vectors has been proposed. In this scheme, the RIS phase shifts and the
BS beamforming vectors are optimized on the Riemannian manifolds in an alternative
fashion. In [43,44], the manifold optimization-based RIS phase shifts control schemes
have been proposed to maximize the downlink sum rate.

Our work is distinct from the previous works in the following aspects:

* We propose a Riemannian conjugate gradient-based joint optimization (RCG-
JO) algorithm to find out the RIS phase shifts and the BS beamforming vectors
minimizing the uplink transmit power of an RIS-aided IoT network. RCG-JO
jointly optimizes the RIS phase shifts and the BS beamforming vectors on the
product Riemannian manifold of the sets of unit-modulus RIS phase shifts and

unit-norm BS beamforming vectors.

* We propose a channel estimation technique for the uplink RIS-aided IoT networks.
Specifically, the RIS receives the pilot signals at the active reflecting elements
and then feeds them back to the BS. Using the pilot signals, we estimate the
partial RIS-aided channel information from which we recover the full RIS-aided

channel information via the low-rank matrix completion (LRMC) algorithm.

* We present the convergence analysis of RCG-JO and demonstrate from the
numerical experiments that RCG-JO converges to a fixed point within a few

number of iterations.

* We provide the empirical simulation results from which we demonstrate that
RCG-JO outperforms the conventional power control schemes by a large margin
in terms of the uplink transmit power and the computational complexity. For
example, when compared to the conventional power control scheme without RIS,
RCG-JO saves around 94% of the uplink transmit power. Even when compared
to the semidefinite relaxation (SDR)-based power control scheme, RCG-JO saves
more than 44% of the uplink transmit power and achieves around 98% reduction

in the computational complexity.
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Figure 3.1: Illustration of the RIS-aided uplink IoT network.

Notations: Lower and upper case symbols are used to denote vectors and matrices,
respectively. The superscripts (-)*, (-)T, and (-)! denote the conjugate, transpose, and
conjugate transpose, respectively. The operation ® denotes the Hadamard product. ||x||
and || X||r denote the Euclidean norm of a vector x and the Frobenius norm of a matrix
X, respectively. |x| represents a vector of element-wise absolute values of x. tr(X) is
the trace of X. diag(x) and ddiag(X) form diagonal matrices whose diagonal elements
are x and diagonal elements of X, respectively. In addition, blkdiag(X;, X3) denotes a

block-diagonal matrix with X; and X5 on the block-diagonal.

3.2 RIS-Aided Uplink IoT System Model

In this section, we present the system model, the channel estimation, and the data
transmission protocols of RIS-aided uplink IoT networks. We then formulate the power

minimization problem.
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3.2.1 RIS-Aided Uplink IoT Network

We consider a single-input multi-output (SIMO) uplink IoT network where K
devices with a single antenna transmit signals to the BS equipped with M antennas
(see Fig. 3.1). In this network, an RIS consisting of a planar array of N = N, x N,
reflecting elements is deployed to assist the uplink transmission. For example, each
RIS reflecting element can adjust the phase of the incident signal independently using
positive-intrinsic-negative (PIN) diodes [31]. The phase shifts of RIS reflecting elements
are configured through the dedicated control link. In the setup, the effective uplink

channel between the k-th IoT device and the BS is given by

hy, = dy + Gdiag(0)uy, 3.1
= dj, + Gdiag(ug)6@ 3.2)
=d; + GH.0, 3.3)

where dj, € CM>*1 is the direct channel from the k-th IoT device to the BS, u;, € CV*!
is the channel from the k-th ToT device to the RIS, and G € CM*H s the channel from
the RIS to BS (see Fig. 1). Also, Hy = diag(uy) and @ = [u101,--- , unOn]T is the
phase shift vector of RIS. In addition, z1,, € [0, 1] is the reflection amplitude coefficient!
and 6,, = e7%n is the passive beamforming coefficient where ¢,, € [0, 27) is the phase

shift?.

'In this work, we assume the ideal phase shift model where the reflection amplitude and phase shift are
independent. In our system, the RIS controller coordinates the switching between two working modes, i.e.,
receiving mode (u,, = 0) for environment sensing (e.g., channel estimation) and reflecting mode (14, = 1)

for scattering the incident signals (e.g., data transmission).
2To characterize the performance limits of RIS, we assume the phase shifts vary continuously in [0, 27).

Note that the proposed scheme can be readily extended to practical systems with finite level of phase shifts

via discrete phase quantization [45].
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Figure 3.2: Illustration of uplink RIS-aided channel estimation consisting of two major
procedures: 1) estimation of the partial channel information observed at the active
reflecting elements and 2) reconstruction of the full RIS-aided channel via the LRMC

algorithm.

3.2.2 Uplink Channel Estimation

In this subsection, we propose the uplink channel estimation process in time-
division duplexing (TDD)-based RIS-aided IoT networks?. To enjoy the full potential
of RIS, the BS needs to acquire not only the conventional direct channel d; but also
the channels reflected by the RIS (i.e., G and ug). When compared to the direct
channel estimation, the estimation of RIS-aided channels is far more difficult since
RIS contains a large number of reflecting elements. Recently, the RIS architectures
exploiting active reflecting elements that can reflect and also receive the signal have been
proposed [31,34]. Using the pilot signals fed back from the active reflecting elements,
the BS can directly estimate the RIS-aided channel components. However, due to the

practical limitations such as the implementation cost of RF chains, hardware complexity,

3In the 5G systems and beyond, TDD will be a competitive duplexing option due to the improved
spectrum efficiency, better adaptation quality to asymmetric uplink/downlink traffics, low transceiver cost,

and better support of the massive MIMO [46].
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and power consumption, only a few active reflecting elements can be employed. That is,
the BS can acquire only partial information of the RIS-aided channels from the active
reflecting elements.

To estimate the whole channel from the partial information, we exploit the property
that the RIS-aided channels are dominated by LoS paths. Since there is only one
propagation path, the channel matrix can be readily modeled as a low-rank matrix.
When the channel matrix has a low-rank property, BS can reconstruct the full channel
matrix from the partial observations using the LRMC algorithm [47]. Once the full
RIS-aided channel information is obtained, BS can perform the uplink power allocation

and the RIS phase shift control.

Sampled Channel Estimation

We assume that the RIS consists of N active reflecting elements where the index set*
of active reflecting elements is €2 (see Fig. 3.2). The uplink channel estimation process
consists of (M + K) time slots where the m-th BS antenna transmits downlink pilot
signal to the RIS at the m-th time slot (m = 1,--- | M) and then the k-th [oT device
transmits uplink pilot signal to the RIS at the (M + k)-th time slot (k = 1,--- , K).

Let 285 be the downlink pilot signal of the m-th BS antenna at the m-th time slot
and zP be the downlink pilot signal of the k-th IoT device at the (M + k)-th time
slot. Then the received signal matrices Y55,YP € CN=*Nv of RIS from the m-th BS

antenna and the k-th IoT device are

YBS = (2B5)*Po(G) + NBS, m=1,-.. M, (3.4)
YD = PP (U,) + NP, k=1,--- K, (3.5)

where G,,, € CNe*Ny ig the channel matrix from the m-th BS antenna to the RIS

such that vec(G,,) is the m-th row vector of G, Uy, € CV+*Nv is the channel matrix

“Note that @ C {1,---, N} x {1,---, N, }. For example, Q = {(1,2), (4,3), (5,6)} when N, =
N, =8and N = 3.
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from the k-th IoT device to the RIS such that vec(Uy,) = uy, and NB and NP are
the additive Gaussian noises. Also, Po(G,,) and Pq(Uy,) are the sampled matrices’
of G,,, and Uy. Note that the sampling operator is used since only active reflecting
elements can receive the pilot signals. Then the BS can easily acquire the sampled

channel matrices P (G,,) and P (Uy,) using the conventional least squares (LS) and

minimum mean square error (MMSE) estimation techniques.

Full Channel Reconstruction

After the sampled channel estimation, the BS reconstructs the full channel matrices
{G 1M, and {Ug}E | from {Po(Gp) Y, and {Pq(Ug)}E | via the LRMC
algorithm [47].

To be specific, G, can be reconstructed by solving the rank minimization problem:

i k(X 3.6
i ran (X) (3.6a)
S.t. PQ(X) = PQ(Gm) (3.6b)

The solution X* of (3.6) is the estimate of G,,. Since the rank minimization problem
is NP-hard, this problem is computationally intractable. To deal with the problem, we
replace the non-convex objective function with its convex surrogate. The nuclear norm
| X+, the sum of the singular values of X, has been widely used as a convex surrogate

of rank(X)°®:

i X 3.7
B, X (3.7a)
st. Pqo(X) = Po(Gn). (3.7b)

Pg, is the sampling operator such that [Po(A)]z.y = [Alz,y if (z,7) € Q and otherwise zero for a

matrix A.

%1t has been shown that the nuclear norm is the convex envelope of rank function on the set {X :

X[ < 1} [47].
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The nuclear norm minimization problem (3.7) can also be recast as a semidefinite

programming (SDP) [47]:

mZin tr(Z) (3.8a)
st (Al Z) = [Glay, (,y) €9, (3.8b)
Z >0, (3.8¢)
Z, X Nz+Ny)x (Nog+N, e :
where Z = " € CWatNy)x(Na+Ny) for the Hermitian matrices 7, €
X 7>

CNexNz gnd Zy € CNv*Ny, A,y = exe;er is the linear sampling matrix, and
e, is the x-th column vector of Iy, N,- Since (3.8) is a convex problem, the solu-
tions Z* and X* of (3.8) can be obtained using the convex optimization solvers (e.g.,
CVX [48)). Finally, G, is obtained by G,,, = X*.

Similarly, Uy can be recovered from Pqo(Uy) by solving the low-rank matrix
completion problem. Finally, the whole RIS-aided channels G and uy are obtained as

G = [vec(Gq) - - - vec(Gy)]T and vy, = vec(Uy,).

3.2.3 Uplink Data Transmission

After the channel estimation, BS performs the uplink power allocation and the RIS
phase shift control using the acquired channel information. Then BS sends the uplink
transmit power indicator py, and the RIS phase shift vector 6 to the k-th IoT device and
RIS, respectively. Finally, each IoT device transmits the data to BS through the uplink
channel.

Let xp = \/prsk be the data signal of the k-th IoT device where sy and pr(>0) are

the normalized data symbol and the transmit power of the k-th IoT device, respectively.
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Then, the received signal at BS from the k-th IoT device yy, is
K
Yk = W) (hkxk +) hjz; + nk) (3.9)
J#k

K
= /pewi(dy, + GH.0)s, + Z VPiwi(d; + GH,0)s; + wing,  (3.10)
j#k

where wj, € CM*1 is the normalized BS beamforming vector for the k-th IoT device,

i.e., |[wg| = 1, and n; ~ CN(0,031) is the additive Gaussian noise. In this setting,

the uplink achievable rate Ry, of the k-th IoT device is given by

Hiq GH,.0)/2
pi|wy, (dp + GH0)| ) 3.11)

Ry, = log, (1 +
> i pilwil(d; + GH;,6)|? + o7

3.2.4 Uplink Power Minimization Problem Formulation

The uplink power minimization problem to optimize the RIS phase shift vector
0, the BS beamforming matrix W = [w; - - - wg/, and the device power vector p =

[p1 - - pK] is formulated as

K
Py: min ; Dk (3.12a)
st —p pilw; (dy + GHO)P > o™ _ 1,

> i pilwil(d; + GH;0)[2 + of
Vk € K, (3.12b)
10,] = 1, Vn e N, (3.12¢)
[will =1, Vk € K, (3.12d)
0<pr <pp™, VkeK, (3.12¢)

where I and N are the sets of 10T devices and RIS reflecting elements and Rgli“
and p;!** are the rate requirement and the maximum transmit power of the k-th IoT
device, respectively. Note that (3.12¢) is the unit-modulus constraint of the RIS phase

shift and (3.12d) is the unit-norm constraint of the BS beamforming vector. Due to
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Algorithm 1 Riemannian conjugate gradient-based joint optimization algorithm

Input: Number of iterations 7', rate requirement R‘,?i“, maximum transmit power py**

Output: Uplink transmit power p, RIS phase shift vector 8, BS beamforming matrix
w
Initialize: ¢t = 1, Pt = Pini» Ot = Oinia Wt = Wini

while Py, does not converge do
Optimize 8; and W, simultaneously using Algorithm 2 when p; is fixed

Optimize p; by solving an LP problem when 6, and W, are fixed

t=t+1
end

the nonconvexity of the unit-modulus and unit-norm constraints, P; is a non-convex
problem. This, together with the quadratic fractional and coupled structure of the rate

function in (3.12b), makes P; very difficult to solve.

3.3 Riemannian Conjugate Gradient-based joint optimiza-

tion Algorithm

The primal goal of the proposed RCG-JO technique is to find out the RIS phase shifts
and the BS beamforming vectors minimizing the uplink transmit power of RIS-aided
IoT networks. As mentioned, main obstacles in solving the uplink power minimization
problem are the nonconvex unit-modulus constraint of the RIS phase shift and unit-
norm constraint of the BS beamforming vector. To handle these issues, we exploit
the smooth product Riemannian manifold structure of the sets of unit-modulus phase
shifts and unit-norm beamforming vectors. Since the product of two manifolds is also a
Riemannian manifold with smooth structure, we can readily convert the uplink power
minimization problem P; to an unconstrained problem on the product Riemannian
manifold. After that, by using the differential geometry tools, we can design the gradient

descent algorithm on the Riemannian manifold and use it to obtain the optimal RIS
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phase shifts and the BS beamforming vectors minimizing the uplink transmit power of
the RIS-aided IoT network.

In a nutshell, the proposed RCG-JO algorithm consists of two major steps: 1) La-
grangian relaxation to move the complicated rate constraint to the objective function
and 2) alternating optimization of p and (8, W) to minimize the modified objective
function on the product Riemannian manifold. To be specific, in the alternating op-
timization step, we first fix the device power p and then jointly optimize the phase
shift vector 8 and the BS beamforming matrix W using the RCG method. Once the
optimal @ and W are obtained, the optimization problem of p is formulated as a linear
programming (LP) problem where the optimal solution can be easily obtained using the
convex optimization technique. We repeat these procedures until the objective function

Pt = Zszl pi converges (see Algorithm 1).

3.3.1 Notions on Riemannian Manifolds

In this subsection, we briefly introduce properties and operators of the optimization
on Riemannian manifold. Roughly speaking, a smooth manifold is a generalization of
the Euclidean space on which the notion of differentiability exists [49]. The tangent
space Tx) at a point X of a manifold ) is the set of the tangent vectors of all the
curves at X, where the curve v of ) is a mapping from C to ). Put it formally, for
a given point X € ), the tangent space of ) at X is defined as TxY = {7/(0) :
v isacurvein Y, v(0) = X} (see Fig. 3.3(a)). A manifold ) together with a smoothly
varying inner product g = (-, ) : Tx) X TxY — C on the tangent space Tx ) forms a
smooth Riemannian manifold, denoted as (), g) where g is termed as the Riemannian
metric.

When the Riemannian manifold (), g) is the cartesian product of two Riemannian
manifolds ()1, g1) and ()2, g2), then the Riemannian metric g is defined as g = g1 + go.
In the following lemma, we show that the tangent space on the product Riemannian

manifold is the direct sum of the tangent spaces on each Riemannian manifold.
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@ (b) ©

Figure 3.3: Illustration of (a) the tangent space 7x ), (b) the Riemannian gradient
grady, f(X), and (c) the retraction operator Rx (V) at the point X in the Riemannian
manifold ). Note that Euclidean gradient Vx f(X) is a direction for which the objective
function is reduced in C" whereas the Riemannian gradient grady, f (X)) is a direction

for which the objective function is reduced in Tx ).

Lemma 5. For the point X = X1 ® Xy where X1 € V1, Xgo € Vs, the tangent space
at X of the product Riemannian manifold Y = Y1 X Yo is given by

TxY = Tx,; M1 ® Tx,Vo. (3.13)

Given a smooth objective function f on the Riemannian manifold ), minimization
of f requires the notion of gradient at every X € ). To be specific, the Riemannian
gradient of f at X, denoted by grady, f(X), is defined as a unique vector on 7x ) that
yields the steepest-descent of f. Put it formally, grady, f(X) is obtained by projecting
Vx f(X) onto Tx ) (see Fig. 3.3(b)).

Using Lemma 1, the Riemannian gradient grad,, f(X) is given by
erady, £(X) = grady, f1(X1) @ grady, fo(Xs), (3.14)
where grady, f;(X;) € Tx,J; is the Riemannian gradient of f; at X; € Y fori = 1, 2.

Definition 1. An orthogonal projection onto the tangent space Tx) is a mapping
Pr.y : C*0 — Tx Y such that for a given U € C**b, (U —Px,.(U), V) = 0 forall

V € Tx Y. In particular, the orthogonal projection onto the tangent space of product
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manifold ) = Y1 X Vo is
Pr»(U) =Pry 3, (Ur) & Pry,3,(Us), (3.15)
where Py y, (U,) is the projection of U; onto Tx,Y; fori =1, 2.

In order to express the concept of moving in the direction of a tangent space while
staying on the manifold, we need an operation called retraction. As illustrated in Fig.

3.3(c), the retraction is a mapping from 7x ) to ) that preserves the gradient at X [49].
Definition 2. The retraction Rx (V) of a matrix V. € TxY onto Y is defined as
Rx (V) = in||X+V —-Z|. 3.16
x(V) = argmin X + [z (3.16)
In particular, the retraction onto the product manifold Y = Y1 X Vs is
RX(V) = RXI (Vl) S RX2 (V2)7 (3.17)

where Rx (V) is the retraction of V; € Tx,Y; onto Y; for i =1, 2.

3.3.2 Joint RIS Phase Shift and BS Beamforming Optimization on Prod-
uct Manifold

In the first step, we fix the device power and then jointly optimize the RIS phase
shifts and BS beamforming vectors using the RCG method.

When the device power is given, P; is reduced to

P, : Find (6, W) (3.18a)
Pk X
s.t. RTAk,k(oawk) — ij Ang(e,Wk) > 0']%,
2% — 1 ,
JFk
Vk e K, (3.18b)
10, =1, Vn e N, (3.18¢)
[wil| =1, VEkeKk, (3.18d)
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where A; (0, wy) = |wi(d; + GH;0)|? for j,k € K. Since the rate expression in
(3.18b) is a joint quadratic function of & and W, (3.18b) is a nonconvex constraint.
To handle this issue, we use the Lagrangian relaxation to move the complicated rate

constraints to the objective function. To be specific, the modified objective function is

given by
K K
L(6, W, ) :Z)\k< WAM(G W)+ > pjAR(6 wk)—i—ak) (3.19)
k=1 j#k
where X = [A1,---, Ax]T is the Lagrangian multiplier obtained by solving the corre-

sponding dual problem. Using L(0, W, X), P, is relaxed into

: min Z)\k( R“““ - Ak 1 (0, W +Zp] ik(0, W) +ak) (3.20a)

6, W A\ s
st |0, =1, VneN, (3.20b)
[well =1, VkeK, (3.20c)
A >0, vk € K. (3.20d)

The relaxed problem P3 looks simpler than P, but it is still nonconvex and difficult
to solve since the objective function of Ps is a joint quadratic function of 8 and W.
Additionally, we need to deal with the unit-modulus constraints (3.20b) and the unit-
norm constraints (3.20c). To handle the problem, we jointly optimize 8 and W on the
product manifold of the unit-modulus phase shifts and the unit-norm beamforming
vectors using the RCG method. Once we obtain 8 and W, we update the Lagrangian

multiplier A. We repeat these procedures until 8 and W converge.

Joint RIS Phase Shift and BS Beamforming Optimization

For a given A, P3 is reduced to the unconstrained problem on the product manifold:

LO.W 321
Po.w) : (ew)gﬁww (6, W), (3.21)
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where Mg and M are the complex circle manifold and complex oblique manifold

given by

Mg={0ecCN* 10, =1, Vne N}, (3.22)

Mw = {W e CM*E . ddiag(WHW) = I}, (3.23)

with the inner products defined as gg (21, z2) = (z1, z2) = Re{z!'z2} and gw (Z1, Z2) =
(Zy,Z2) = Re{tr(ZY'Z5)}, respectively.

By combining 8 and W into 3 = blkdiag(0, W), Pg w) is re-expressed as

: min L(X 24

where M = My x My is the product manifold with the inner product defined as
gz =g + gw. In the following lemma, we provide the tangent space of the product

manifold M.

Lemma 6. The tangent space TsM of the product manifold M at the point X is given
by

TesM = ToMg © TwMw, (3.25)
where ToMg = {z € CV*1 . Re{z* ® 8} = Oy} is the tangent space of Mg at
0 and TwMw = {Z € CM*K . ddiag(Re{W"Z}) =0k} is the tangent space of
Mw at W.

In order to minimize the objective function L(3X) in Py, we need a Riemannian
gradient which is obtained by projecting the Euclidean gradient of L(3X) at 3 onto
T M.

Lemma 7. The orthogonal projection P15, 04(U) of U = blkdiag(u, U) onto Ts M is

PTEM(U) = PTeMe (u) D PTWMW (U), (3.26)

where Py p, (1) = u—Re{0" ©u} © 0 is the orthogonal projection of d onto TgMag
and Priy myy (U) =U — W ddiag(Re{WHU}) is the orthogonal projection of U onto
Tw Mw [49].
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To make sure that the point X is updated in the direction of the tangent space Tss M

while staying on M, a retraction operation, a mapping from 7 M to M, is needed.

Lemma 8. The retraction Rs(V) of V = blkdiag(v, V) € Ts M is

Rx(V) = Ro(v) & Rw (V), (3.27)

where Rg(v) = (0 +v) ® ﬁ is the retraction of v € TgMg and Rw (V) =

(W+V) . .
e (W VIR (W) 5 the retraction of V. € TwMw [49].

To find out ¥ minimizing L(3X) on the product manifold M, we exploit the RCG
method, an extension of the conjugate gradient (CG)’ method to the Riemannian
manifold. In this approach, the update equations of the conjugate direction D and the

point X are given by

D; = —grad ,L(%;) + P75 m(Di-1), (3.28)

3it1 = Ry, (Dy), (3.29)

where grad,L(3;) is the Riemannian gradient of L(3;) at X;, §; is the Fletcher-
Reeves conjugate gradient parameter, and «; is the step size [50].

We note that the RCG method is distinct from the conventional CG method in three
respects: 1) the projection of the previous conjugate direction D;_; onto the tangent
space Tx, M is needed before performing a linear combination of grad ,,L(3X) and
D;_; since they lie on two different spaces 7x;, M and T, , /M, 2) the Riemannian
gradient grad , (L (3) is used instead of the Euclidean gradient Vs L(X) since we need
to find out the search direction on the tangent space of M, and 3) the retraction is
required to ensure that the updated point 3;; lies on M. Specifically, the Riemannian

gradient grad ., L(X) = Py m(VsL(X)) is obtained by projecting the Euclidean

"The update equation of the conventional CG method is 3,41 = 3; + a;D; where «; is the
step size and D; is the conjugate direction. In addition, the conjugate direction is updated as D; =
—VsL(X) + 8;D;—1 where Vs L(X) is the Euclidean gradient of L(X) at X and f; is conjugate

update parameter.
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gradient onto the tangent space. In the following lemma, we provide the closed-form

expression of grad ,,L(3) of L(X) on M.
Lemma 9. The Riemannian gradient grad \,L(X) of L(X) on M is

grad \ L(X) = grad,, L(0) @ grad 4, L(W). (3.30)
Specifically, the Riemannian gradient grad \,, L(0) of L(6) on Mg is

gradMeL(O) = P%Me (V@L(@))

= VgL(0) — Re{0* © Vo L(0)} © 6, (3.31)

where NV g L(0) is the Euclidean gradient of L(0) given by (see (3.19))

K K
pr OAp (0, wg) 0A; (0, wy)
VoL(0) = — ’ > pj 32
oL(6) k_lA’“( ofI" 1 00 +#ka 90 > (5-32)

and
aAj,k(9> Wk)
00

Also, the Riemannian gradient grad . L(W) of L(W) on My is

= HY'G"w,w}/(d; + GH,6). (3.33)

gradyg L(W) =Py sty (VW L(W)) (3.34)
=VwL(W)—-Wddiag(Re{W*VwL(W)}), (3.35)
where VwL(W) = [85‘(:1‘[) AR 85"(‘2/)} is the Euclidean gradient of L(W) given

by (see (3.19))

OL(W) _ —pr OAkk(0,wy) K 0A;£(0,wy)
owp <2R‘,§i" T ow +]§py s ). (3.36)
and
YWRC)
J?)E;kak) = (d; + GH;6)(d; + GH;0)" wy,. (3.37)

Once X is determined, we can obtain the phase shift vector 8 and beamforming
matrix W by decomposing 3. The optimization steps of @ and W are summarized in

Algorithm 2.
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Lagrangian Multiplier Update

After updating the RIS phase shift vector 8 and the BS beamforming matrix W,
we update the Lagrangian multiplier A. To be specific, A is updated in the direction of

maximizing the dual function D(A) = ming w L(0, W, X) as

A =arg max D(N). (3.38)

Since D(A) is the optimal value of the optimization problem Ps, we cannot take
derivative with respect to A, meaning that we cannot directly use the conventional
gradient ascent method in finding out the optimal value of A.

To address this problem, we use the subgradient method, a generalized concept of
gradient method for the non-smooth convex functions [51]. In particular, the subgradient

g = [g1, -, g9K]|T of the dual function D() is given by
K

p
9e = =S 7 ARKO W)+ piAin(0.wi) +of (339)
20 — 1 ;
J#k
Using gx, we obtain the update equation of A:
Ai+1 = max(X; + 7,8, 0), (3.40)

where 7); is the step size [51].

3.3.3 Uplink Transmit Power Minimization

Once the RIS phase shift vector @ and the BS beamforming matrix W are obtained,
we next find out the device power vector p minimizing the total uplink transmit power.
When 0 and W are given, the original uplink transmit power minimization problem P;

is reduced to

K
P4 : mi .
4 mpm Zpk (3.41a)
k=1
K
St Ay (0, wk) — > piAik(0,wy) > 02, VkEK, (3Alb)
20 =1 J#H
0<pr <pp*™, Vkek. (3.41¢c)
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Algorithm 2 Optimization of (6, W) on product manifold M
Input: Tolerance €, number of iterations 7', ¢; = 0.0001, cg = 0.1

Output: (6, W)
Initialize: i = 1, 3; = blkdiag(6:, W1) € M, D; = —grad ,L(%1), /1 =0

while 7 < T do
grad \ L(%;) = Py, m(VsL(%))

g, = sty L2
= Teradp LS 1)

D; = —grad \(L(%;) + /BiPTziM(Di—l)

Find a step size «; > 0 such that

L(Ry, (;D;)) < L(3;) + cra(grad . L(%;), Dy)

[(grad L(Rs, (0:D4), PRy (.., m(Di))] < —caferad L), D)
Yi+1 =Ry, (a;Dy)

if | 2,41 — 24| < e then
0ir1=3i11(1: N, 1)

Wi+1:2i+1(N+1:N+M,2:K+1)

Exit from the while loop

end

i=i+1
end

Since P4 is an LP optimization problem, the optimal solution can be easily obtained

using the convex optimization tools (e.g., CVX [48]).

3.4 Convergence and Computational Complexity Analysis of

RCG-JO

In this section, we analyze the convergence and the computational complexity of

RCG-JO.
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3.4.1 Convergence Analysis of RCG-JO Algorithm

Recall that the proposed RCG-JO technique consists of two major iterations: 1)
inner iteration for jointly optimizing € and W on the product Riemannian manifold
(Algorithm 2) and 2) outer iteration for alternately updating (6, W) and p (Algorithm
1). In case of Algorithm 1, due to the alternating optimization operations, it is very
difficult to prove its convergence analytically so that we demonstrate its convergence
from the numerical results. In case of Algorithm 2, we show that it converges to a local
minimizer in this subsection.

We first explain the strong Wolfe conditions used to determine the step size «;.

Definition 3. A step size «; is said to satisfy the strong Wolfe conditions, restricted to
the conjugate direction D, if the following two inequalities hold [49]:
L(Rzi (OzZDz>) < L(EZ) =+ clai<gradML(E,-), Dl>, (342)
[(grad \L(Rs, (2iDi)), P, 5\ m(Di))| < —calgrad\(L(%;), D). (3.43)
The first condition, known as Armijo’s rule, ensures that the step size decreases the cost
function L(X) sufficiently. The second condition, known as curvature condition, ensures

that the Riemannian gradient converges to zero. Note that since grad ,,L(Rx;, (a;D;)) €

TRs:. (a;D;)M, the second Wolfe condition (3.43) can be converted to
](gradML(REL (@zDz))7 Dz>‘ S —C9 <gradML(EZ), Dz> (344)

It has been shown that the step size satisfying the strong Wolfe conditions always
exists if grad y,L(Rx (D)) is Lipschitz continuous along D [52, Proposition 1]. In the

following proposition, we show the Lipschitz continuity of the Riemannian gradient.

Proposition 2. The objective function L(X) is bounded below, meaning that there
exists a constant L* € R such that for all ¥ € M, L* < L(X). Also, the Riemannian
gradient grad ,L(Rx (D)) is Lipschitz continuous along D. That is, for every 3 € M,
there exists a K > 0 such that for all D € Ts M,

|grad L (Rx (D)) — grad , L(R(0))]| < K||DJ. (3.45)
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Proof. See Appendix A. O

Since the Riemannian gradient does not converge if its derivative is unbounded,
the Lipschitz continuity of the Riemannian gradient is crucial for the convergence
of RCG method. Using the strong Wolfe conditions and the Lipschitz continuity of
Riemannian gradient, we can show that the angle between the Riemannian gradient and

the conjugate direction is bounded.

Theorem 1. (Zoutendijk condition) Let 3; € M be the point and D; € Tx;;, M be the

conjugate direction of i-th RCG iteration. Then

i ) )2

2 Dy
Proof. See Appendix B. O

Next, in the following proposition, we prove that the inner product of Riemannian
gradient grad , L (32) and the conjugate direction D; is bounded.

Proposition 3. Let ; € M be the point and D; € Tx;;, M be the conjugate direction

llgrad v  L(324)[|>

of i-th RCG iteration with the conjugate gradient parameter 3; = Terad o LB 1)[7" If

the step size «; satisfies the strong Wolfe conditions (3.42) and (3.43) with co < 1/2,

then for every i € N,

1 < (grad \(L(X%;),D;) < 2c — 1
1—co = |gradp L(Z)|? ~— 1—co’
Proof. See Appendix C. O

(3.47)

Finally, by combining Theorem 1 and Proposition 2, we show the convergence of

RCG method.

Theorem 2. (Convergence of RCG method) Let 3; € M be the point and D; € Ts,, M
be the conjugate direction of i-th RCG iteration with the conjugate gradient parameter

_llgrad , L(Z0)|1?
B = Terad o L(B1)[7" If the step size a; satisfies the strong Wolfe conditions (3.42)

and (3.43) with ¢y < 1/2, then

lim inf ||grad ,, L(%;)| = 0. (3.48)
1— 00
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Proof. See Appendix D. O

Remark 2. Theorem 2 shows that the RCG iteration of proposed scheme converges to

a local minimizer * of objective function L(X) on the product manifold M.

3.4.2 Computational Complexity Analysis of RCG-JO Algorithm

In our analysis, we measure the complexity in terms of the number of floating point
operations (flops). We first provide the complexity analysis of the joint optimization of

6 and W in Algorithm 2.

Lemma 10. The total computational complexity C (g w of Algorithm 2 is given by
Clo.w) = O(K*N°M + K*N°® + K*M?). (3.49)
Proof. See Appendix E. O

After updating the RIS phase shift vector € and the BS beamforming matrix W,
we update the Lagrangian multiplier X using the subgradient method. The complexity
of updating A is Cy = O(K?N?M).

Once 6, W, and A are updated, the optimization of the uplink power vector p is
achieved by solving an LP problem in (3.41). Note that the numbers of flops to compute
A; (0, W) and to solve the LP problem are N 2M and K3, respectively. Thus, the
overall complexity to optimize p is Cp, = O(K?N?M + K3).

In conclusion, the computational complexity Crcg.jo of the proposed RCG-JO

scheme is

CrcGao = Cigw) +Cx +Cp

= O(K*N*M + K3 4+ K2N3 + K2M?). (3.50)

For comparison, we also discuss the complexity of the conventional SDR-based
scheme, which consists of three major steps: 1) optimization of 8 using SDR for fixed

w and p, 2) optimization of w using SDR for fixed 8 and p, and 3) optimization of p
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Figure 3.4: Locations of BS, RIS, and IoT devices for K = 2.

by solving an LP problem with the obtained @ and W. It has been shown that the worst-
case complexity of the SDR method for optimizing & € CN*! is O(N) [35]. Similarly,
the worst-case complexity of optimizing W € CM*X using SDR is O(K°®M®). In
addition, the optimization of p is achieved by solving the LP problem, so that the
complexity is O(K2N2M + K?). In summary, the overall complexity Cspr of the
SDR-based scheme is

Cspr = O(K2N?M + NS + KSM®). (3.51)

3.5 Simulation Results

3.5.1 Simulation Setup

In this section, we present the numerical results to evaluate the performance of
proposed RCG-JO algorithm. Our simulation setup is based on the uplink IoT net-
work where K = 2 single-antenna devices transmit signals to the BS equipped with
M = 4 receiving antennas (see Fig. 3.4). This uplink transmission is assisted by the

1]
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RIS equipped with N = 64 reflecting elements, which is randomly located at the
circumference of the circle centered at the BS with the radius R = 65 m. Also, K
devices are uniformly distributed on a line that is perpendicular to the line connecting
the BS and the RIS. The maximal vertical distance between the IoT devices and the
line is d,, = 3 m. We set the horizontal distance between the BS and IoT devices to
dp = 57 m. Throughout the simulations, we set the rate requirement Rgli“ and noise
power a,% to 0.3 bps/Hz and —60 dBm, respectively.

We use the Rician fading channel models for dy, u; and G with the Rician factors
kq = 0, K, = 10, and kg = o0, respectively. First, the channel matrix from the RIS to

BS G is given by

KG LoS 1 NLoS
G =/ 1/ G \ ——G 3.52
50( kg +1 + kg + 1 )’ ( )

where G5 = agg(9g) al%s (Ya, pa) is the LoS component with ¥q, ¥, and

being the angle of arrival (AoA) at the BS, the azimuth and elevation of the angles of de-
parture (AoDs) at the RIS, respectively, GN-°S is the NLoS component generated from
complex Gaussian distribution, g is the path loss between RIS and BS, and xg(> 0) is
the Rician factor. Here, ags(dg) = [1, - - - , e IT(M=Dsinda]T ¢ CMx1 s the BS array
steering vector and agis (Y@, ¢G) = arisz (Y@, ¢6)Qarisy(Va, ¢a) € CV*Lis the
RIS array steering vector where agys - (¢Vc, pq) = [1,- -, e Im(Na—1) cos g sin va|T
and agss y (Va, ¢g) = [1,- - , e Jm(Ny—1)sintg sin ¥G]T. Second, the channel vector

from the k-th IoT device to the RIS uy, is expressed as

Kk 10S 1 NLOS)
= _ 3.53
uy \/5k<1/mk+1uk +\/ﬁk+1uk : (3.53)
LoS

where u;*> = agys (Yk, @) is the LoS component with v and ¢y, being the azimuth

and elevation of the AoAs at the RIS, respectively, ul-°S ~ CA/(0,Iy) is the NLoS
component, (3 is the path loss, and k(> 0) is the Rician factor. The channel vector
from the k-th IoT device to BS dj, is modeled similarly with ug. In general, RIS is
deployed at the position where the LoS links with the BS and IoT devices are guaranteed,

so G and uy, are dominated by the LoS paths. The path loss is 8 = Cy(d/Dg) ™, where
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Table 3.1: System parameters

Parameters Values
Number of devices (K) 2
Number of BS antennas (M) 4
Number of RIS reflecting elements (V) 64
BS-RIS distance (R) 65 m
BS-devices horizontal distance (dy,) 57m
BS-devices vertical distance (d,,) 3m
Carrier frequency (f) 2.5 GHz
Noise power (07) —60dBm
Rate requirement of devices (R}cni“) 0.3 bps/Hz
Maximum transmission power (p}**) 1w
d is the distance, « is the path loss exponent, and Cy = —30dB is the path loss at

the reference distance Dy = 1 m [35]. For the channels d, u; and G, we set « to
be 3.8, 2.8, and 2, respectively. In each point of the plots, the simulation results are
averaged over 1, 000 independent channel realizations. The simulation parameters are
summarized in Table II.

For comparison, we test the following benchmark techniques: 1) SDR-based scheme
where @ and W are optimized alternately using SDR® [35], 2) difference-of-convex
(DC)-based scheme where 8 and W are optimized alternately using the DC program-
ming [53], 3) deep reinforcement learning (DRL)-based scheme where 6 and W are
jointly optimized by leveraging the DRL technique [54], 4) random phase shifts where
0 is randomly generated and the maximum ratio transmission (MRT) is used for W,

and 5) conventional system without RIS where W is generated randomly.

8Note that in the SDR-based scheme, after solving the relaxed SDP problem, the Gaussian randomiza-

tion technique is employed to find out the feasible rank-one solution.
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Figure 3.5: Uplink transmit power vs. number of reflecting elements N.

3.5.2 Simulation Results

In Fig. 3.5, we plot the uplink transmit power as a function of the number of
RIS reflecting elements IN. From the simulation results, we observe that RCG-JO
outperforms the conventional schemes using SDR and random phase shifts. For example,
when the number of RIS reflecting elements is N = 64, the proposed scheme achieves
44% and 74% reduction in power over the SDR-based scheme and the conventional
scheme using random phase shifts, respectively. Also, we see that the performance gap
between RCG-JO and the SDR-based scheme increases gradually with N. Furthermore,
we see that the power saving gain of the conventional scheme using random phase shifts
does not change with N. This is because without the optimization of RIS phase shifts
and BS beamforming vectors, the RIS reflected signal power is comparable to the signal
power transmitted from the direct link, so that the gain obtained from the joint active
and passive beamforming is marginal. Also, we compare the uplink transmit power
of RCG-JO with the DRL-based scheme. We observe that RCG-JO achieves 57% of
power reduction over the DRL-based scheme. Note, for the DRL-based approach, it is

not easy to find out the optimal decision (i.e., RIS phase shifts and BS beamforming
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Figure 3.6: Uplink transmit power vs. rate requirement of devices R?i“.

vectors) minimizing the uplink transmit power and at the same time satisfying the rate
requirements of the IoT devices. This is because the goal of DRL is to learn the decision
policy maximizing the cumulative reward so that the minimization of uplink transmit
power and the rate requirements might not be satisfied simultaneously.

We next evaluate the uplink transmit power of the proposed RCG-JO algorithm
and benchmark schemes as a function of the rate requirement of IoT devices RI". As
shown in Fig. 3.6, we observe that the uplink transmit power increases when the rate
requirement of IoT devices becomes more strict. Also, when compared to the case
without RIS, the rate requirement of IoT devices can be satisfied with lower uplink
transmit power in the proposed scheme. For instance, when the rate requirement of
devices is R‘,?in = 0.4 bps/Hz, RCG-JO achieves around 92% of uplink power reduction
over the conventional scheme without RIS. This is because through the joint active
and passive beamforming at the BS and RIS, we can improve the signal power and
reduce the interference so that the rate requirements of IoT devices can be satisfied
with lower transmit power. Furthermore, we see that RCG-JO significantly reduces

the uplink transmit power over the benchmark schemes using SDR, DRL, and random
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Figure 3.7: Uplink transmit power vs. BS-devices horizontal distance d,.

phase shift. When R‘,?i“ = 0.8 bps/Hz, for example, RCG-JO saves more than 65% of
uplink transmit power over the conventional scheme using random phase shift. Even
when compared to the DC-based scheme, RCG-JO achieves 24% of the uplink power
saving gain. Note that in the DC-based scheme, due to the non-smoothness of matrix
spectral norm, the subgradient method should be employed to minimize the objective
function. Since the subgradient does not guarantee the steepest-descent of objective
function, the performance degradation over the conventional gradient descent method is
unavoidable. Whereas, in the proposed RCG-JO, we can directly minimize the objective
function on the smooth Riemannian manifold using the Riemannian gradient descent
method.

In Fig. 3.7, we plot the uplink transmit power as a function of the horizontal
distance between the BS and IoT devices d;,. We observe that RCG-JO outperforms
the benchmark schemes as dj, increases. For example, when the horizontal distance
between the BS and devices is dj, = 55 m, RCG-JO saves 29% and 40% of the uplink
transmit power over the SDR-based scheme and the conventional scheme using random

phase shift, respectively. In the system where the RIS is not employed, we see that
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the uplink transmit power is considerable due to the signal attenuation, in particular
when the devices are located far away from the BS. Whereas, in the RIS-aided IoT
networks, we see that the uplink transmit power increases initially and then decreases
as the horizontal distance increases. Basically, when the IoT device is far from the BS,
large uplink transmit power is needed to satisfy the rate requirement of a device. In
this case, the IoT device is getting close to the RIS so that the RIS-aided channel gain
increases gradually. As a result, the rate requirement can be satisfied with relatively
lower uplink transmit power.

In Fig. 3.8, we investigate the uplink transmit power of the proposed scheme
and benchmark schemes as a function of the noise power o*,%. From the simulation
results, we observe that the uplink transmit power increases with the noise power
a,% and RCG-JO outperforms the benchmark schemes. For example, when the noise
power a,% = —55dBm, the proposed scheme achieves 51% and 70% of uplink power
reductions over the conventional schemes using SDR and the random phase shift,
respectively. We also see that by using the RIS, the uplink transmit power of RCG-JO

is significantly reduced (more than 80%) over the conventional scheme without RIS.
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Figure 3.9: Uplink transmit power vs. number of IoT devices K.

In Fig. 3.9, we evaluate the uplink transmit power of RCG-JO and benchmark
schemes as a function of the number of IoT devices K. We observe that RCG-JO
outperforms the benchmark schemes in all tested scenarios. For example, when K = 11,
RCG-JO saves 35% and 78% of the uplink transmit power over the SDR-based scheme
and the conventional scheme without RIS, respectively. We also see that the power
saving gain of RCG-JO over the SDR-based scheme increases with K. For instance,
when we change K from 5 to 11, the power saving gain of RCG-JO over the SDR-
based scheme increases from 18% to 35%. While RCG-JO solves the unconstrained
optimization problem on the product manifold, the SDR-based scheme needs to find out
the feasible rank-one solution after solving the SDP problem so that the performance
degradation is inevitable. This, together with the result of computational complexity
analysis in Section 3.4.2, demonstrates the effectiveness of RCG-JO.

To evaluate the effectiveness of proposed channel estimation technique, we investi-
gate the uplink transmit power of RCG-JO using the perfect channel information, the
estimated channel information, and the sampled channel information when N = 100.

In Fig. 3.10, we observe that when the percentage of active reflecting elements is larger
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than 20%, RCG-JO using the estimated channel information performs close to RCG-JO
using the genie channel information. This is because the RIS-aided channel matrix can
be readily modeled as a low-rank matrix and thus the LRMC algorithm can effectively

reconstruct the full channel matrix (see Section 3.2.2).
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In Fig. 3.11, we investigate the cumulative distributions of the number of iterations
required for the convergence of outer iteration (Algorithm 1) and inner iteration (Al-
gorithm 2). We test the number of iterations required for the convergence when using
10, 000 independent channel realizations. In all tested cases, we observe that Algorithm

1 converges within 15 iterations and Algorithm 2 converges within 30 iterations.

3.6 Summary

In this chapter, we proposed an RIS phase shift and BS beamforming optimization
technique to minimize the uplink transmit power of an RIS-aided IoT network. Key
idea of the proposed RCG-JO algorithm is to jointly optimize the RIS phase shifts
and BS beamforming vectors using the Riemannian conjugate gradient method. By
exploiting the product Riemannian manifold structure of the sets of unit-modulus RIS
phase shift and unit-norm BS beamforming vector, we converted the uplink power
minimization problem to an unconstrained problem on the Riemannian manifold. Then,
we employed the Riemannian conjugate gradient method to find out the optimal RIS
phase shifts and the BS beamforming vectors simultaneously. We demonstrated from the
performance analysis and numerical evaluations that the proposed RCG-JO algorithm
is effective in saving the uplink transmit power of RIS-aided IoT networks. In our work,
we assumed the ideal phase shift model where the reflection amplitude and phase shift
are independent, but an extension to the realistic scenarios with the phase-dependent

reflection amplitude would also be an interesting research direction worth pursuing.

3.7 Proofs

3.7.1 Proof of Proposition 1

One can easily see that due to the unit-modulus constraint of € (3.12¢) and the

unit-norm constraint of W (3.12d), the objective function L(X) is bounded.
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Recall that the Riemannian gradient can be decomposed as grad \,L(Rx (D) =
grad ,, L(Rg(d)) © grad ,,, L(Rw (D)) where D = d @ D. Thus, we firstly find out
the constants K¢ and Ky satisfying the Lipschitz conditions for grad L(Rg(d)) and
grad . L(Rw (D)), respectively. We then obtain the constant K = max(Kg, Kw)
satisfying the Lipschitz condition for grad ,,L(Rx(D)).

When W is given, L(6) is a quadratic function with respect to 6:

K
Z)\ ( Rm‘"_ ———— Ay 1 (6, wy,) +Zp] ]kewk)-i-ak)
J#k
— 6"B6O + b"0 + 6""b + b, (3.54)

where B = Zszl )\k( Rmm HHGHkak GH; + Z];ﬁk p;Hj HGHw, wlGH; )
2
and b = Zszl )\k( - HHGHkak di + Z]#kijHG wkwgd ) Then

Rl’];llﬂ
grad ,, L(Rg(d)) is expressed as

grad v, L(Rg(d)) = P71, (Vo L(Ro(d)))
= P70, (BRg(d) + D)

— BRg(d) +b—Re{0 ® (BRg(d) +b)} @ 6.  (3.55)

Using the triangle inequality, we have

lgrad 4, L(Rg(d)) — grad vq, L(Re(0))]|

<[IB(Ra(d) = Re(0))|| + | Re{6 © (B(Rg(d) — Re(0)))} © 6|

<2||B(Rg(d) — Ro(0))]

<2[[Bl[[Ro(d) — Re(0)]]. (3.56)
Since B is a quadratic function of W and the elements of W are bounded by the
unit-norm constraints, ||B|| is bounded on W € M.

Now, what we need to show is that the retraction operator Rg is Lipschitz continuous.

To do so, we prove that each element of Rg is Lipschitz continuous. Let 8,, and d,, be
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the n-th elements of € and d, respectively. Since |,,| = 1, we have

0,, + d,
Ry (d,) — Rg (0)| = | ——— — 0,
1R, (dn) — o, O)] = | 5"
1+d,0,!
:|9n| 1 a1
|0n]|1 + dpbr " |
14 d,0; "
:‘Jrﬁl— (3.57)
|1+ d,0n |
Without the loss of generality, we assume that 6,, = 1. If |d,,| > %, then we have
1+d, 1+4d,
— " 1< |—X ]+ 1=2<4ld,]. 3.58
T+ do] ‘— T+ o] < dlda| (3.58)

Also, if |d,| < %, then we have

> |1+ dn| — Re{l +dy}
B 11+ d|
B 2Im*{1 + d,,}
14+ da|(J1 + dy| + Re{l +dy,})
2|dy|?
T 14 dn?

< 8|d, |2 (3.59)

1+d,
|1+ dy|

Combining (3.56), (3.58), and (3.59), we see that Kg = 8supyc a4y, [|B]| satisfies
the Lipschitz condition for grad ,, L(Rg(d)). Similarly, we can obtain Kw using the

fact that the column vectors of W have unit-norm. Finally, we obtain the constant

K = max(Ky, Kw) satisfying the Lipschitz condition for grad ,,L(Rx(D)).

3.7.2 Proof of Theorem 1

Using the second Wolfe condition (3.44) and the Lipschitz continuity (3.45), we
have
(2 — 1)(grad \,(L(%;),D;) <(grad,,L(Rx,(c;D;)) — grad,,L(X;), D;)
= (grad . L(Rg, (2;D;)) — grad ., L(Ryx,(0)), D;)
<|lgrad(L(Rg, (2iDy)) — grad \(L(Rs;, (0))]|[|D:]

<a; K| D;|% (3.60)
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Then from the first Wolfe condition (3.42) and (3.60), we have
L(Ziy1) = L(Rs,(a;Dy))

< L(El) + clai<gradML(Ei)), D7,>
1 — ¢ (grad \ L(X;),D;)?

< L(X;) —a (3.61)
K D2
Finally, by combining (3.61) fori =1,--- , I, we have
i (grad\( L(2:), D) _ K(L(E1) = L(S141))
Pt 1D - c1(l = c2)
@) K(L(Xy) - L*
01(1 — CQ)

where (a) is from the fact that L(X) is bounded below by L*. By taking the limit
I — oo of (3.62), we obtain the desired result (3.46).

3.7.3 Proof of Proposition 2

We use the mathematical induction to prove Proposition 2. When 7 = 1, D1 =
—grad ,,L(X1) so that we can easily see that (3.47) holds. Now suppose that (3.47)

holds for ¢ > 1. By using the update equation of D; in (3.28) and the Fletcher-Reeves
12

. . dL(Zs
conjugate gradient parameter 3; = ”!irjM L(éii)l)ll"’ , we have

(grad \ L(Zi41), Diyq)  (@rady L(Zigs), —grad  L(Zig1) + Bira Py m(Di))

lgradp L(Zi41) |2 lgrad v L(Zi41)]|?
148 (grad \(L(Ziy1), Prz, m(Di))
= - i1

i lgrad v L(Zi11) ]2
(grad,L(Rs, (D;)), Di)

=1+ (3.63)
lgrad v L(3:) 2
Then, using the second Wolfe condition (3.44) and (3.63), we obtain
1y o, (e (). D) (grady L(Si), Dica)
lgrad \(L(Z)[* —  ||grad y L(Zit1) ||
L(%;), D;
< _l—c (grad,L(3;), D) (3.64)

) .
lgrad v, L (%) |12
By employing the induction hypothesis (3.47) for i, we see that (3.47) holds for ¢ + 1,

which establishes the proposition 2.
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Appendix D

Proof of Theorem 2

Using the update equation of X; in (3.29), (3.47), and the second Wolfe condition
(3.43), we obtain

[({grad \ L(%), Py m(Di-1))] = [(grad y LRz, (@i-1Di-1)), PR o, 1p,_ M (Di-1))]
< —co(grad \(L(XZi-1),Di—1)

C
< T llerd L(Siny)I” (3.65)
o

Then from the update equation of conjugate direction D; in (3.28), we have
IDi|[* = || — grad L(Zs) + BiP7s; m(Di1)|f?
= [lgrad o  L(Z:) P28 (grad o L(Zi), Py m(Dio1)) + 57 [ Pr, pa(Di1) ||

2co
< |lgrad \ L(Z:)||* + gﬁi“grad/\/t[’(zi—l)w + 57D |

au LS|
12 + |grad i D |12
E fgrad im0

= [lgrad v L(Z)|* +

1+co
= 2 ferad W L(E)| +

lerad, ()] )
i— 3.66
Terady Lzt (3.66)

By sequentially applying (3.66) until ; = 1, we obtain

! 1
D> < ngad L)t : (3.67)
M zgwgmudxzﬁw

If we assume lim inf;_, ||grad ,,L(3;)|| # 0, meaning that e(> 0) such that ||grad , ,L(X%;)|| >

e for all 7 € N exists, then we have

i
IDill* < =)' - (3.68)
This implies that
|lgrad ,,L(% It 1—coy =1
> - = . 3.69
Z Dy |2 —1+c26;¢ > (3.69)
] 1] =

&9
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However, Theorem 1 and Proposition 2 imply that > 7, W < 00, whichis a

contradiction to (3.69). Therefore, we otain the desired result lim inf; . ||grad \,L(%;)|| =

0.

3.7.4 Proof of Lemma 6

In the first step of Algorithm 2, we compute grad ,,L(X), which is given by

grad ,L(%;)
=(VeL(0;) —Re{0; ©® VoL (0;)} ®6,)

& (VwL(W;) — W, ddiag(Re{ WHVwL(W,)})). (3.70)

Note that the numbers of flops required for computing the Euclidean gradients Vg L(6;)
and Vw L(W;) are K2N2M + K2N?3 and K2N2M + K2M?, respectively. Thus,

the complexity C; of computing grad ,,L(X;) is
C1 = O(K*N*M + K*N® + K*M?). (3.71)

Using the Riemannian gradient grad ,,L(X;), we then compute the RCG coefficient

d o L(Z0)|? . . .
B; = ”!ng 4 (E(:i_)JlHQ. The complexity Co of computing 3; is

Co = O(K?N + K2M). (3.72)

Then the complexity Cs for updating the Riemannian conjugate direction D; =

—gradML(EZ) =+ ﬁiPTz:iM(Di—l) is
C3 = O(K’M + KN). (3.73)

Next, we find out the step size «; via the line search which consists of the compu-
tation of the following elements: 1) Ry, (o;D;), 2) grad ,(L(3;), 3) L(Rx, (o D;)),
and 4) L(X;). To compute the retraction Ry, («;D;), the required number of flops
is K2M + N. To compute grad ,,L(X;), the required number of flops is K?N?M +
K?N3 + K2M?. Also, the numbers of flops required for computing L(Rsx;, (a;D;))

3§ o | y|
":l*_i —7- ] !i L=
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and L(X;) are both K2 N2M. Thus, the complexity C, of the line search for updating
(67 is

Cy = O(K?N?*M + K?N3 + K?M?). (3.74)

Finally, the complexity Cs of updating 33; is
Cs = O(K?M + N). (3.75)
In summary, the complexity C(g w) of Algorithm 2 is

Ciow) =C1+C2+C3+Cy +Cs

= O(K?N*M + K2N3 + K2M?). (3.76)
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Chapter 4

Towards Reconfigurable Intelligent Surfaces-Assisted

Wideband Beamforming for 6G

In this chapter, we introduce a novel frequency-dependent beamforming scheme
for RIS-assisted wideband THz systems. One major challenge of the wideband THz
communication is the severe array gain loss caused by the beam split effect that the
path components split into different spatial directions at different subcarrier frequencies.
Therefore, the conventional phase shift control and beamforming techniques cannot
be directly applied to wideband THz systems. In this work, we propose a RIS-assisted
wideband beamforming (RWB) technique maximizing the achievable data rate of the
RIS-assisted wideband THz systems. Key idea of RWB is to alternately optimize the
analog beamforming vector and the RIS phase shift vector by properly designing the
parameters of the beamforming network such that the average data rate of the wideband
THz system is maximized. We demonstrate from the numerical evaluations that RWB

achieves a significant data rate gain over the conventional schemes.

4.1 Introduction

To support the exponential growth of data traffic in 6G networks, THz massive
multiple-input multiple-output (MIMO) communications have received much attention
:l ¥

—
|
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[55,56]. By exploiting the large available spectrum in THz frequency band (0.1 ~
10 THz) and the high array gain achieved by a large number of antennas, THz massive
MIMO communications can support immersive mobile services such as digital twin,
holographic telepresence, and metaverse realized by XR devices [2]. One notable feature
of the THz band signal is that due to the strong directivity and severe attenuation, the
communication link quality relies heavily on the existence of a LoS link [57]. To deal
with this problem, RIS, a planar metasurface consisting of a large number of low-cost
reflecting elements, has been widely used [58]. By smartly controlling the phase shifts
of reflecting elements, RIS can provide a virtual LoS link and thus compensate for the
severe path loss of THz communications. To realize the full potential of RIS-assisted
THz massive MIMO communications, the proper design of the beamforming and RIS
phase shifts is of great importance.

Recently, various beamforming techniques for RIS-assisted THz systems have been
proposed [59-61]. In [59], a joint RIS phase shifts control and beamforming scheme
for multi-hop RIS-assisted THz systems has been proposed. In [60], an angular domain
beamforming technique for holographic RIS-assisted THz systems has been proposed.
Also, a deep learning-based hybrid beamforming technique to maximize the sum rate
of RIS-assisted THz systems has been proposed in [61]. Note that these beamforming
schemes generate directional beams aligned with the spatial directions of the path
components, which can realize the full array gain of narrowband systems but will lead
to severe array gain loss for wideband systems. In fact, in RIS-assisted wideband THz
systems, the path components split into totally separated spatial directions at different
subcarrier frequencies, and thus the phase-controlled beams generated by the traditional
frequency-independent phase shifters can only realize high array gain around the central
frequency while suffering from the severe array gain loss at most subcarrier frequencies.
This phenomenon, so-called beam split effect, will result in a serious data rate loss and
counteract the data rate gain benefiting from the bandwidth increase [20]. Therefore, to

come up with a beamforming method mitigating the beam split effect is crucial for the
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success of RIS-assisted wideband THz systems.

An aim of this chapter is to put forth an efficient beamforming technique maximiz-
ing the achievable data rate of the RIS-assisted wideband THz system. The proposed
scheme, henceforth referred to as RIS-assisted wideband beamforming (RWB), alter-
nately optimizes the analog beamforming vector and the RIS phase shift vector by
properly designing the parameters (time delays, analog phase shifts, and RIS phase
shifts) of the beamforming network such that the achievable data rate of the wideband
THz system is maximized. To compensate for the array gain loss caused by the beam
split effect, we exploit a small number of true-time delay (TDD)-based phase shifters
and analog phase shifters to simultaneously generate frequency-dependent beams align-
ing with the spatial directions at different subcarriers. For the frequency-invariant phase
shift vector, we exploit the Riemannian conjugate gradient (RCG) method to find out
the phase shifts that maximize the average data rate of the RIS-assisted wideband THz
systems.

We demonstrate from the numerical evaluations that RWB achieves a significant
achievable data rate gain over the conventional schemes. For example, when compared
with the RCG-based frequency-independent beamforming (FIB) scheme, RWB achieves
more than 290% data rate gain. Even when compared with the RCG-based delay-phase

precoding (DPP) scheme, RWB achieves around 12% data rate gain.

4.2 RIS-Assisted Wideband THz Systems

4.2.1 RIS-Assisted THz System Model

We consider an RIS-assisted THz OFDM system where a /V-antenna BS serves a
single-antenna UE. An RIS consisting of M reflecting elements is deployed to assist
the downlink transmission. We assume the analog beamforming architecture at the
BS where an RF chain is connected with /N analog phase shifters. The number of

OFDM subcarriers is S, the carrier frequency is f., and the bandwidth is B. Also, we

94



assume that the direct BS-UE link is blocked by obstacles and thus the effective channel

h; € CN between the BS and the UE is
h; = Gildiag(¢)u; = Gi'diag(w;)y = Hi', (4.1)

where G; € CM*N s the BS-RIS channel matrix, u; € CM is the RIS-UE channel vector,
and H; = diag(u;)"G; € CM* is the RIS reflected channel matrix at the i-th subcarrier.
Also, 1 =[eI¥1 ... e7¥M]T € CM is the RIS phase shift vector and v, € [0, 27) is the
phase shift of the m-th reflecting element.

As for the channel models of G; and u;, we use the frequency-selective LoS-based

THz channel models. The BS-RIS channel G; at the ¢-th subcarrier is expressed as
GZ‘ = aie_ﬂ”fﬂgaM(qSi)a%(Oi), (4.2)

where «; is the complex path gain, 7, is the propagation delay, and f; = f. — g +
%(i— 1) is the i-th subcarrier frequency. Also, ay(6;) and ay;(¢;) are the BS and
RIS response vectors:
an(0;) =[1,e/%, ... el N"DHT, (4.3)
an(¢i) = [1,e7%, ... g M=DoT (4.4)

where 0; and ¢; are the spatial directions of the BS and RIS at the i-th subcarrier,

respectively, defined as
0; = vmsind, ¢; = ywsinp, 4.5)

where 7; = %, Y € [0,27) and ¢ € [0, 27) are the AoD at the BS and the AoA at the
RIS, respectively. Similarly, the RIS-UE channel u; at the i-th subcarrier is expressed

as

w; = Bie I imay (¢), (4.6)

where (3; is the complex path gain, 7, is the propagation delay, and a;(¢;) is the RIS

response vector, given by

an(e) = [1,€7, ... M DT, 4.7
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where ¢; is the spatial direction of the RIS. Then the RIS reflected channel H; can be

expressed as
H,; = diag(ui)HGi = aiﬁie_j%f"(Tg_T“)aM(qﬁi — ez)a%(ez)

Let s; be the transmitted symbol such that E[|s;|?] = 1, then the received signal y;

of UE at the ¢-th subcarrier is given by
yi = Wi'fis; +ny = (H') is; + ng = U Hifis; + n, (4.8)

where f; € CV is the beamforming vector and n; ~CA(0,52) is the additive Gaussian
noise at the ¢-th subcarrier. The corresponding achievable data rate R of the UE is given

by

S H
R=— % ;ng (1 n W’gw) (4.9)
One can easily see that when the analog beams and RIS reflected beams align with the
spatial directions at the BS and RIS, respectively, the achievable data rate is maximized.
In wideband THz systems, however, the beams generated by the frequency-independent
analog phase shifters and reflected by the RIS may split into different physical directions

at different subcarrier frequencies, which leads to a severe data rate loss.

4.2.2 Conventional True Time Delay-based Phase shifter

To compensate for the data rate loss, the frequency-dependent beamforming tech-
niques realized by the true-time delay (TTD)-based phase shifters have been proposed
for wideband THz systems [62-64]. Essence of this approach is to change the phase
of the RF signal using multiple TTDs, thereby generating frequency-dependent beams
directed to distinct spatial directions at all subcarrier frequencies. As shown in Fig. 4.1,
let s;(t) be the input RF signal, then an output of the n-th TDD for the i-th subcarrier

signal will be @ , (t,7) = s;(t—(n—1)1) = s;(t)e 72™/:(»=1)7 By stacking z; (¢, T)
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of all N TTDs, the output x;(t) of the TTD array for i-th subcarrier signal is

xXi(t) = w1 (t,7), - i n (8, 7))
= [si(t), -+, e TN @)
= £49(7)s;(2). (4.10)

Note that f'(7) =[1,- - -, e 727 filN-DTT = a \;(—j27 f;7) is the TTD beamforming vec-
tor. By properly controlling the time delay 7, one can generate the frequency-dependent
beamforming vectors f{'(7), -+, f4(7) heading towards the spatial directions of

different subcarrier frequencies.

4.2.3 Data Rate Maximization Problem Formulation

The achievable data rate maximization problem to optimize the beamforming vector

{£;}5_, and the RIS phase shift vector ) is formulated as

S H 2

1 N H, 6|
Pr: max o z;log2<1 n 07%) 4.11a)
st =1, Vi=1,---,85, (4.11b)
Wm| =1, VYm=1,---, M. @.11c)
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Figure 4.2: Overall structure of the RIS-assisted wideband beamforming (RWB)

scheme.

Note that (4.11b) is the unit-norm constraint of BS beamforming vector and (4.11c¢) is
the unit-modulus constraint of RIS phase shift vector. Due to the nonconvexity of the
unit-norm and unit-modulus constraints, /P; is a nonconvex problem. This, together
with the quadratic and coupled structure of the rate function in (4.11a), makes P; very

difficult to solve.

4.3 RIS-Assisted Wideband Beamforming

Main goal of RWB is to find out the beamforming vectors {fi}iS:1 and phase
shift vector 1) maximizing the achievable data rate of the RIS-assisted wideband THz
systems. Since {fi}le and 1) are coupled together in the objective function (4.11a),
we optimize them in an alternating fashion. We first propose the RWB architecture
that generates the frequency-dependent beams aligning with the spatial directions at all
subcarriers when 1) is fixed. We then exploit the Riemannian manifold structure of the
set of unit-modulus RIS phase shifts and convert P; to an unconstrained problem on
the Riemannian manifold. By using the Riemannian conjugate gradient (RCG) descent
method, we can obtain the optimal RIS phase shift vector maximizing the achievable

data rate.

98



4.3.1 Frequency-Dependent Beamforming Optimization
RWB Structure

The overall structure of RWB includes three main parts (see Fig. 4.2): 1) time delay
network generating frequency-dependent beams using the TTD-based phase shifters,
2) analog network changing the spatial directions of the beams generated by the time
delay network, and 3) intensifier network suppressing the sidelobes of the subcarrier
beams generated by the time delay network and the analog network. Key ingredient
of RWB is the intensifier network compensating for the difference between the RWB

beam and the desired directional beam, thus improving the beamforming gain.

RWB Beamforming Vector Design

Let fi(7) € CV, fan3(9,.) € CV, and fi() € CV be the beamforming vectors gen-
erated by the time delay network, analog network, and intensifier network, respectively,

then the RWB beamforming vector f; € C can be expressed as
£, =f'(n) o fm@) o fir), i=1,---,85, (4.12)

where 7 and 7 are the time delays in the time delay network and intensifier network.
By properly controlling the RWB parameters (7,6,7), BS can generate the RWB
beams {f;}?_, directed to the desired directions {6;};_, at different subcarriers. Note
that the desired direction area of the generated RWB beams is [0, fs] with the width
Width({f\4}?_,) = 65 — 61 and the center Center({f“}7 ) = 1(61 + 0s).

In the time delay network, we employ 7'(< N) TTDs each of which is connected
to P = % phase shifters. The time delay network beamforming vector f;d(r) at the ¢-th

subcarrier is
fitd(T) =[1, -, e—j(T—l)QﬂfiT]T@;lp =ar(—27f;T)®1p. (4.13)

Lemma 11. The spatial direction of the time delay network beamforming vector fZ-td(T)

at the i-th subcarrier is —@,
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Proof. See Appendix A. O

Using Lemma 1, one can see that the spatial directions of the first subcarrier beam

£19(7) and the last subcarrier beam £ (1) are — and —

2 f17T . .
2 , respectively. Since

27 fsT
P

Width({£19}7_,) = —2Z7(fs — f1), by adjusting 7 as
P(0s—01) _ P(0s—06h)

_ _ , (4.14)
27(fs — f1) 2B
we can enforce Width({f!4} ) = 65 — 6;. Note that the central direction of the
generated beams is Center({f\4}5 ) = —“(fllt.fS)T = ILtls(gg — 0y).
The analog network beamforming vector £*"(6) is
£22(0) = [1,--- , /N "VIT = ap(6). (4.15)

Then the i-th subcarrier beam £2%2(0) © f!9(7) generated by the time delay network and

analog network is expressed as

£(0) © £(1) =an (0) O (ar(—2nfit) @ 1p)

@ (ap(Pl)®ap(0))o(ar(—2nfiT)®1p)

 (ap(P9)oar(—2nfir))®(ap(8) 0 1p)

Qar(Pg —2nfir) ® ap(6)

@ Pf;

ar(PO +

(95 —01)) @ ap(0), (4.16)

where (a), (b), (c), and (d) follow from ay (0) = ap(Pf)®ap(d), (A®B)®(CD) =
(AoC)® (BoD),ay(0) ®an(¢) =an(f + ¢), and (4.14), respectively. Using
Lemma 1 and (4.16), one can see that the spatial direction of f¥(¢) ® f{9(7) is
0 =0+ %(95 —01). Since Center({f*(9) ® f4}7_ ) =0+ f1+f5 (0s—01), by setting

0 as

f124;3f5(95 o) =

we can enforce Center({f" () ® £19}7_ ) = (61 + 0s).

fs01 — fi10s

5 (4.17)

1
0 = 5(914—95)—

In short, by setting 7 and 6 as (4.14) and (4.17), we can set the direction area of

{£92(9) © £14(7)}5_; to [01, Os]. However, the generated beams suffer from a severe
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degradation of beamforming gain due to the sidelobe leakage. In the following lemma,
we exploit the beamforming gain of the generated beams f%(6) ® £'4(7) to quantify

the sidelobe leakage.

Lemma 12. The beamforming gain G; of f2"(0) © £14(7) is

2 1 sin 27 f;T

1
Gi _ H 9/ fana g ® thd —_ | =
@EO )| = |3

NN

Note that (G; is a function of 7 and achieves the maximum value at 7 = 0. However,
if 7 = 0, the spatial directions of beams generated by the time delay network and the
analog network will be the same (0, = 6) so that the data rate loss is still very high.
Thus, 7 should not be zero, meaning that G; cannot achieve the maximum value.
Main purpose of the intensifier network is to concentrate the signal power to the
mainlobe by compensating for the difference between the RWB beam f; and the desired
directional beamforming vector ay (6;) (6; is the spatial direction of f;). Basically, the
intensifier network consists of P TTDs, each of which is connected to T' = & N analog

phase shifters. The intensifier beamforming vector fii‘(n) at the ¢-th subcarrier is
fln) =1r @ [1,--- e 7 EPNT = 17 @ ap(—27 fin).
Then the RWB beam f; in (4.12) can be re-expressed as

£, = £1n) 0 £(6) 0 £9(7)

= (1r®ap(—27fin))® (aT(P9+ PJi

(s — 61))@ap(0))

= aT(PG — 27Tfi’7') X ap((9 — 27Tfi77>. (4.18)

From Lemma 1, one can see the spatial direction 6; of f; is

Using 6;, f; can be re-expressed as

fi = aT(PQZ-) & ap(Qi — %(95’ — 61) - 27Tfi77). (4.20)
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Also, the desired directional beamforming vector ay (6;) is
aN(Qi) = aT(PGi) ®ap(9i). 4.21)

Comparing (4.20) and (4.21), one can easily obtain that the time delay 7 satisfying
f; = an(0;) is given by
n=r/P. (4.22)

Finally, by adjusting the RWB parameters (7, 6,7) as (4.14), (4.17), and (4.22), one
can generate the RWB beams {f;}?_, directed to the desired directions {6;}5_, while
achieving the maximum beamforming gain GRVE = ‘ L N (0)f; ’2 = 1. That is, when
1 is fixed, {f;} le are the optimal beamforming vectors such that the achievable data

rate is maximized.

4.3.2 RIS Phase Shift Vector Optimization

Once the beamforming vectors are obtained, we convert P; to an unconstrained
problem on the Riemannian manifold by exploiting the smooth manifold structure
of the set of unit-modulus RIS phase shifts [65]. We then design the gradient decent
algorithm on the Riemannian manifold and use it to obtain the optimal RIS phase shifts
maximizing the achievable data rate of the RIS-assisted wideband THz systems.

Specifically, for the given {fi}le, ‘P1 is reduced to the unconstrained problem on

the complex circle manifold M:

| AR 2

O'

P R(4 log, (1 +
v+ min R Zogz

n

where M={1p € CM : |¢),,,|=1} is the complex circle manifold with the inner product
9(21,22) =Re{z!'z,} and the tangent space Ty M ={z€CM : Re{z* © ¥} =0y}
of M at .

To minimize the objective function R(1)), we need a Riemannian gradient which is
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obtained by projecting the Euclidean gradient of R(+)) at 4 onto 7, M. That is,

grad \(R(v) = P, m(Vy R(3))
— V4 R($) — Re{y" © V4 R($)} © %, (4.24)

S 2H,f, fTHY . . .
where Vi R@) = <5 > 5y a,%i SR T fylng 71 the Euclidean gradient of R()) and
Pr, m(Vy R@)) = Vi R@h) —Re{p™ © Vi, R@W)) } © 1) is the orthogonal projection of

Vy R@)) onto Ty, M. Then the conjugate direction D is updated as
D' = —grad  R(¢") + 'P7,, (D), (4.25)

where /3¢ is the Fletcher-Reeves conjugate gradient parameter.

Finally, the optimal RIS phase shift vector 1! is
P =Ry ('DY), (4.26)

where R ¢ (a'D") = (4" +o'D") © m is the retraction operation ensuring that
the point 4 is updated in the direction of the tangent space 7., M while staying on M

and o is the step size [49].

4.4 Numerical Results

4.4.1 Simulation Setup

In this section, we present numerical results to validate the effectiveness of the
proposed RWB technique. We consider the RIS-assisted wideband THz system where
a BS equipped with N = 256 antennas serves a single-antenna UE with the aid of
an RIS equipped with M = 128 passive reflecting elements. The RIS and UE are
located randomly around the BS within the cell radius of R = 20 m. For both BS-
RIS and UE-RIS channels, we use the wideband THz LoS channel model where the
carrier frequency is f. = 0.1 THz, the bandwidth is B = 40 GHz, and the number
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Figure 4.3: Achievable data rate vs. noise power o;.

of subcarriers is S = 70. The number of TTDs used in the time delay network and
intensifier network are set to 7 = P = /N. The noise power is 02 = —90 dBm. At
each point of the figures, we test 1, 000 randomly generated RIS-assisted wideband
THz systems.

For comparison, we use three benchmark schemes: 1) random phase shifts-based
FDB scheme exploiting the proposed frequency-dependent beamforming scheme and
randomly generated phase shifts, 2) RCG-based delay phase precoding (DPP) scheme
exploiting the DPP scheme and the RCG-based phase shift design [66], 3) RCG-based
frequency-independent beamforming (FIB) scheme exploiting the frequency-invariant

beams and the RCG-based phase shift design.

4.4.2 Simulation Results

In Fig. 4.3, we plot the achievable data rate as a function of the noise power o2. We
observe that the proposed RWB scheme outperforms the conventional beamforming
schemes in all regimes under test. For example, when 02 = —40 dBm, RWB achieves a

significant rate gain (more than 290% data rate improvement) over the RCG-based FIB
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Figure 4.4: Achievable data rate vs. number of reflecting elements M.

scheme. This is because that a phase shift of the RCG-based FIB scheme relying on
the analog phase shifters is invariant to the frequency so the beams for all subcarriers
are directed towards the same spatial direction. Since the directions of THz subcarrier
channels are distinct due to the beam split effect, a mismatch between the analog
beam and the subcarrier channels is unavoidable, resulting in a considerable loss of
the data rate. Whereas, in the proposed scheme, multiple frequency-dependent beams
are generated using the TTD-based phase shifters so that the achievable data rate loss
caused by the beam split effect can be effectively mitigated.

In Fig. 4.4, we plot the achievable data rate as a function of the number of RIS
reflecting elements M. We observe that the proposed RWB achieves a significant
achievable data rate gain over the benchmark schemes. For example, when M = 128,
RWB achieves more than 2 bps/Hz data rate gain over the RCG-based FIB scheme. We
also observe that the achievable data rate gain of RWB over the benchmark schemes
increases with the number of reflecting elements. When M = 64, RWB shows around
3 bps/Hz achievable data rate gain over the random phase shifts-based FDB scheme

but it increases up to 5 bps/Hz when M = 128. This is because when the number of
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Figure 4.5: Achievable data rate vs. number of subcarriers S.

reflecting elements increases, the RIS reflected beams become sharper so that the loss
of beamforming gain caused by the misalignment between the RIS reflected beams and
the spatial directions at the RIS also increases.

In Fig. 4.5, we plot the achievable data rate as a function of the number of subcar-
riers S. We observe that the performance gain of RWB increases with the number of
subcarriers. Specifically, when the number of subcarriers increases from S = 10 to
S = 70, the data rate gain of RWB over the RCG-based DPP scheme increases from
6% to 12%. The reason is that when the number of subcarriers increases, the sidelobe
leakage of DPP beam also increases (see Lemma 2) but such is not the case for RWB

due to the suppression of the sidelobe leakage using the intensifier network.

4.5 Summary

In this chapter, we proposed a novel RIS-assisted wideband beamforming (RWB)
scheme for the THz system to improve the achievable data rate. Key idea of the proposed

RWB scheme is to alternately optimize the analog beamforming vector and the RIS
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phase shift vector by properly designing the time delays, analog phase shifts, and
RIS phase shifts of the RIS-assisted frequency-dependent beamforming network such
that the achievable data rate is maximized. To do so, we first exploit a small number
of TTD-based phase shifters and analog phase shifters to simultaneously generate
frequency-dependent beams aligning with the spatial directions at different subcarriers.
We then exploit the Riemannian conjugate gradient method to optimize the phase shifts
that maximize the achievable data rate of the RIS-assisted wideband THz systems.
From the simulation results, we demonstrated that RWB outperforms the conventional

phase shift control and beamforming schemes by a large margin.

4.6 Proofs

4.6.1 Proof of Lemma 1

The beamforming gain of the delay network beamforming vector fitd(T) on the

spatial direction 6; is

| ( ftd

Zej(t 1)(=P0; QszT)Ze—J(P 1)0;

_ sin T (—P0; — 2r f;T) 5 sin £(—6;)
sin 3(—P#; — 2w fiT)  sini

2 2
= |Ap(—PO; — 2 fir)|* x |Ap(—6)|.

We can see that the beamforming gain of f;d(T) is the product of two Dirichlet sinc
|AT(—P91' — 27Tfi7') 2

O = —% by setting P, — P0; — 2w f;r = 0, and the mainlobe width is %.

functions (i.e., Ay(z) = S;m :

, the maximum point is

Similarly for |Ap(6;) ? the maximum point is 0B = 0 and the mainlobe width is 35

Considering that —27 f;7 € [—m, 7], we obtain 0727 € [0 — 5, 0 + F], meaning that
the maximum point of ’AT(—P& — 27 fm’)‘ locates in the mainlobe of ’A p(6;) ’2
with the range of [—2%, 27”] Then, considering that the mainlobe width of ‘A p(6;) ‘2

is T times wider than |Ap(—P6; — 27 fiT) % the variation range of }Ap(@i)|2 in

3 hy i
-':Ix_i "';-. -T !u
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the mainlobe of ‘AT(—Pﬁi — 2w fiT) ‘2 is much smaller than the variation range of
’AT(—PGi — 27 fﬂ')‘z. Therefore, the maximum value of |a}(6;)f!4(7)|? can be

approximated as

2 .
07 = argmax|aly (0,)£(7)|* = - Wlfﬁ- (4.27)
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Chapter 5

Conclusion

In this dissertation, THz channel acquisition schemes in the context of 6G wireless
networks have been extensively studied. Specifically, we have made the following

contributions.

* In Chapter 2, we introduced an efficient channel estimation technique tailored for
near-field RIS-assisted wideband THz systems. The proposed PF-RCE scheme
estimates the multipath components (angles, distances, and path gains) of the
near-field RIS-assisted THz channel by exploiting the polar-domain sparsity
and common support properties. Since the number of multipath components is
much smaller than that of the RIS reflecting elements, the pilot overhead can be
reduced significantly. In PF-RCE, by exploiting the polar-domain sparsity, the
multipath components estimation problem is converted into the sparse recovery
problem in the polar-domain. Then using the common support property, the
multipath components of all subcarriers are jointly estimated via the block-sparse
recovery algorithm. We demonstrated from numerical evaluations that PF-RCE
can accurately estimate the near-field RIS-assisted wideband THz channel with

low pilot overhead.

* In Chapter 3, we proposed an RIS phase shift and BS beamforming optimization
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technique to minimize the uplink transmit power of an RIS-assisted IoT network.
Key idea of the proposed RCG-JO algorithm is to jointly optimize the RIS phase
shifts and BS beamforming vectors using the Riemannian conjugate gradient
method. By leveraging the product Riemannian manifold structure of the sets
of unit-modulus RIS phase shift and unit-norm BS beamforming vector, we
converted the uplink power minimization problem to an unconstrained problem
on the Riemannian manifold. Then, we employed the Riemannian conjugate
gradient method to find out the optimal RIS phase shifts and the BS beamforming
vectors simultaneously. We demonstrated from the performance analysis and
numerical evaluations that the proposed RCG-JO algorithm is effective in saving

the uplink transmit power of RIS-aided IoT networks.

In Chapter 4, we proposed a novel RIS-assisted wideband beamforming scheme
for wideband THz systems, aiming at enhancing the achievable data rate. Key idea
of the proposed RWB scheme is to alternately optimize the analog beamforming
vector and the RIS phase shift vector by properly designing the time delays,
analog phase shifts, and RIS phase shifts of the RIS-assisted frequency-dependent
beamforming network such that the achievable data rate is maximized. To do
so, we first exploit a small number of TTD-based phase shifters and analog
phase shifters to simultaneously generate frequency-dependent beams aligning
with the spatial directions at different subcarrier frequencies. We then exploit the
Riemannian conjugate gradient method to optimize the phase shifts that maximize
the achievable data rate of the RIS-assisted wideband THz systems. From the
simulation results, we demonstrated that RWB outperforms the conventional

phase shift control and beamforming schemes by a large margin.
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