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Abstract

Reconfigurable intelligent surfaces (RIS) offer a promising solution to meet the grow-
ing demand for connectivity while ensuring stringent quality-of-service (QoS) requirements.
An RIS consists of a 2D array of nearly passive reflecting elements, which can be configured
to dynamically shape incident electromagnetic waves, thereby engineering the channel be-
tween a transmitter and a receiver. An RIS, which typically lacks active components (e.g.,
RF chains), provides a cost-effective, nearly passive solution for smart radio environments.
However, its inability to perform advanced digital signal processing presents challenges,
requiring channel state information (CSI) acquisition and RIS configuration optimization
to be handled at the transmitter or receiver side, with control signals fed back to the RIS.
Thus, efficient channel estimation and optimization of RIS reflection coefficients are es-
sential for practical integration into existing communications systems. Subsequently, this
research focuses on addressing these challenges by investigating resource allocation prob-
lems in RIS-assisted systems and developing efficient RIS configuration schemes for various
practical scenarios.

First, we focus on RIS design in multi-user frequency-division-duplexing (FDD) and
time-division-duplexing (TDD) systems, proposing a joint uplink-downlink RIS design
where the same configuration supports both transmissions. In FDD, this is essential as
uplink (UL) and downlink (DL) occur simultaneously, requiring a joint configuration. In
TDD, while not strictly necessary, a joint design reduces feedback overhead, power con-
sumption, and configuration periods associated with updating the RIS. To compute the
trade-off between uplink and downlink rates achieved by a joint design, a weighted-sum
problem is formulated and optimized using a developed block-coordinate descent (BCD)
algorithm. The resulting uplink-downlink trade-off regions are investigated by numeri-
cal simulation to gain insights into different scenarios. For many considered scenarios,
the proposed joint design is shown to bring significant improvements over the fixed-uplink
(fixed-downlink) heuristic of using the RIS configuration optimized for uplink(downlink) to
assist downlink (uplink) transmissions. Moreover, the proposed joint design substantially
bridges the gap to the individual design upper bound of allowing different RIS configura-
tions in uplink and downlink.

In the second part, we develop a learning-based framework that directly exploits noisy
pilots to optimize a multi-user RIS system while accommodating different service priorities
and fairness via user weights. Towards this goal, an adaptive beamforming configuration
problem is formulated to generate the RIS system’s beamforming configurations that op-
timize the weighted sum-rate (WSR). Under mild regularity conditions, this problem is
shown to attain a maximum. To learn approximate solutions, a novel hypernetwork-based
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beamforming (HNB) framework is proposed. Particularly, a beamforming network (BFN)
exploits available information, including noisy pilots, to generate optimized beamforming
configurations. Rather than learning one BFN, a hypernetwork is trained to dynamically
generate BFN learning parameters from an input conditioning vector. When the condi-
tioning vector is chosen as the user weights, the trained HNB can tune the BFN to the user
weights without the need for retraining. Numerical experiments demonstrate that tuning
allows the proposed HNB to perform close to a block-coordinate descent with perfect CSI
benchmark and significantly outperform static learning where a BFN is directly trained to
optimize beamforming configurations. Additionally, employing the HNB to also tune the
BFN to location information considerably reduces the pilots needed to generate optimized
beamforming configurations.

In the third part, to enable RIS implementation with diverse technologies, we de-
velop RIS configuration schemes under relaxed hardware constraints. Particularly, we
consider the case where an RIS is configured with discrete phase shifts and the amplitude
response associated with an RIS element is non-linearly dependent on the phase shift in-
troduced by the element. This RIS configuration problem is formulated as a constrained
virtual-channel selection problem. Subsequently, it is demonstrated that the configuration
problem, when restricted to subsets of the virtual channels where the maximum phase-
variation is O,.x < 7, can be bounded between monotone upper bound (UB) and lower
bound (LB) matroid-constrained problems. We illustrate discrete RIS configuration prob-
lems whose optimal solution satisfy this maximum phase-variation property. Moreover,
under the maximum phase-variation property, performance guarantees are obtained using
a low-complexity configuration scheme. Motivated by this, a practical low-complexity con-
figuration framework is proposed to optimize general discrete RIS problems. Numerical
experiments demonstrate the efficacy of the proposed RIS configuration scheme.
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Chapter 1

Introduction

1.1 Sixth Generation Networks: Expectations, Chal-
lenges and Opportunities

Sixth generation systems (6G) are envisioned to enable a plethora of wireless communica-
tion use cases including hyper reliable and low-latency communication, massive communi-
cation, and immersive communication [2, , |. Next generation wireless technologies
must cater to the relentless demand for increased wireless connectivity while complying
with stringent quality-of-service (QoS) requirements in terms of connectivity, latency, and
coverage [53].

Current systems often enhance performance by introducing active infrastructure nodes
and exploiting the bandwidth available in high-frequency bands. However, deploying ac-
tive network resources poses numerous practical challenges—including increased deploy-
ment and operation costs, interference, hardware and signal processing complexity, power
consumption, and overall network complexity [111]. Additionally, in high-frequency sys-
tems (e.g., millimeter wave (mmWave) networks), additional active antennas or nodes may
be needed to overcome the increased path loss, chance of blockage, and limited cover-
age that characterize high-frequency bands [53]. These measures further amplify network
complexity, costs, and power consumption.

Furthermore, the focus of communications technologies has traditionally been on opti-
mizing the transmitter and receiver, leaving the configuration of the channel itself largely
beyond the control of a designer. Therefore, innovative low-cost, low-interference, and
energy-efficient technologies that support emerging use cases and address these issues are
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Figure 1.1: Programmable signal propagation using RIS

particularly attractive. To achieve these goals, a reconfigurable intelligent surface (RIS),
also known as an intelligent reflecting surface (IRS), has emerged as a promising tech-
nology that offers a cost-effective and energy-efficient approach to engineering the channel
between a transmitter and receiver, thereby enhancing communication system performance
to support increasing QoS demands [11, 81, 28, 82].

1.2 Reconfigurable Intelligent Surface (RIS)

1.2.1 What is an RIS?

An RIS typically consists of a 2D array of a large number of tunable reflecting elements
along with a low-power reconfiguration circuit. The properties of each element can be re-
configured in order to dynamically reshape the impinging electromagnetic waves [28, 82].
An RIS can partially circumvent the random nature of wireless propagation by tuning
a large number of reflecting elements that collectively modify the incident signal paths
and engineer the channel in order to assist signal transmission, as shown in Fig. 1.1. Ad-
ditionally, the nearly-passive RIS implementation inherits several favorable features such
as operating in full-duplex with no self-interference, low-power consumption, and reduced
hardware and signal-processing complexity. Subsequently, RIS technology promises sig-
nificant system-level performance improvements with low power consumption, complexity
and deployment /operation costs.

1.2.2 RIS Use Cases

An RIS can be deployed to support a large number of use cases. For instance, an RIS
can create a virtual line-of-sight (LOS) signal path through the RIS cascaded channel



to overcome issues like blockage and poor coverage, as demonstrated in works such as
[119, ]. This would particularly bring significant improvements to the performance
of high-frequency communications systems such as millimeter-wave systems which suffer
from increased blockage and diminished coverage [0, |. Furthermore, multi-cellular
RIS-assisted systems are considered in works like [33], where RIS deployment is shown to
substantially extend the coverage of a BS, particularly benefiting cell-edge users. It has
also been demonstrated that an RIS can deliver substantial performance improvements to
all users in the network, whether or not they are affected by blockage [109].

Apart from virtual line-of-sight coverage extension, an RIS can provide additional de-
grees of freedom to optimize performance. Particularly, by tuning the wireless channel to
constructively and destructively combine signal paths, the RIS can be designed to enhance
the performance of the underlying wireless system. This can be viewed as a form of pas-
sive beamforming, which can be jointly optimized with the (active) beamforming at the
transmitter and/or receiver [109, 14, 111]. Specifically, an RIS can be deployed to improve
signal power at the receiver and diminish interference for unintended users [10, 135].

1.2.3 RIS vs Coverage Extension Predecessors

The paradigm of cooperative communications attempts to deploy additional network re-
sources such as passive reflectors [50] and relays [58, (8] which provide additional signal-
propagation paths to extend coverage and enhance the performance of the underlying wire-
less system. In this section, we outline how an RIS fits into the cooperative communications
paradigm and highlight the key distinctions between RIS and previous technologies.

RIS vs Passive Reflectors

The wireless propagation environment can be enriched by deploying passive specular (mirror-
like) reflectors that can establish additional scattering components. Depending on the

locations of the users and environmental factors, the coverage of the transmitter can be

extended and the overall performance of the system can be improved. However, due to

their static nature, passive reflectors are incapable of adapting to the dynamic nature of

wireless propagation channels [76]. Conversely, reconfigurable surfaces have tunable prop-

erties which can be programmed to create additional signals (or signal paths) and engineer

the wireless channel to improve the performance of the underlying system [27].



RIS vs Active Relay

Active relays consume significant power in order to regenerate or amplify incident signals
and may introduce additive noise components. Relay-assisted systems can be categorized
as full-duplex or half-duplex. Half-duplex relays suffer from lower spectral efficiency as
the transmitter and relay transmit on different time-frequency channel resources. Under
full-duplex relaying, both the transmitter and relay transmit on the same time-frequency
channel resources. However, a full-duplex relay suffers from self-interference which must
be suppressed at the cost of additional hardware and signal processing [27]. This in turn
increases the complexity, power consumption and costs associated with relayed systems.

Conversely, an RIS strikes a balance between passive reflectors and active relays as it
is commonly realized using passive and controllable scattering elements. The properties of
each element can be re-configured in order to dynamically reshape the impinging electro-
magnetic waves [28, 82]. A nearly-passive RIS implementation exhibits several favorable
features such as operating in full-duplex with no self-interference, low-power consumption,
and reduced hardware and signal-processing complexity.

Performance comparisons between RIS-assisted systems and relay-assisted systems are
featured in several works, including [27, 18, 81]. In [16], the performance of an RIS-assisted
single-input single-output (SISO) system is compared to that of a relayed system that
employs a decode-and-forward (DF) protocol. It is shown that with a sufficient number of
passive elements, an RIS outperforms a DF relay in terms of achievable rate. Moreover,
the RIS-assisted system is shown to achieve a higher energy efficiency. Similarly, in [31],
numerical experiments show that an RIS equipped with a sufficiently large number of
elements is capable of outperforming a relay-supported system in terms of energy efficiency
and achievable rate, even under high-insertion losses at the RIS elements.

1.3 Motivation and Organization

Due to the lack of active components (e.g., RF chains), an RIS provides a low-cost and
nearly-passive solution to smart radio environments where the wireless propagation chan-
nel can be dynamically controlled. This, however, gives rise to many interesting technical
challenges as the RIS is typically incapable of performing advanced digital signal process-
ing. Hence, CSI acquisition and RIS configuration need to be performed at the BS/user
side and then suitable control signals fed back to the RIS. Moreover, in a multi-antenna
RIS-assisted system, the RIS configuration is jointly optimized along with the underlying
active beamforming and/or combining. The coupling between the RIS configuration and
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other optimization variables often leads to non-convex optimization problems. Therefore,
efficiently obtaining high-quality channel estimates and optimizing the RIS reflection coeffi-
cients are critical for practical RIS integration into communication systems. This research
focuses on addressing these challenges by investigating resource allocation problems in
RIS-assisted systems and developing efficient RIS configuration schemes for various prac-
tical scenarios. The methods presented aim to support the integration of RIS into current
communication systems.

The rest of this thesis is as follows:

In Chapter 2, a background on RIS operating principles and design objectives is pro-
vided. We highlight recent experimental works and RIS prototype development efforts
which illustrate the significant gains that can be brought by deploying an RIS into a prac-
tical communication system. Next, we survey common optimization methods and outline
CSI acquisition techniques associated with RIS-assisted systems. In addition, we briefly
outline data-driven approaches that can be employed to configure the RIS and acquire the
necessary CSI. Subsequently, we discuss the integration of an RIS into current systems and
the associated practical deployment problems.

In Chapter 3, we propose the joint uplink-downlink configuration of a reconfigurable in-
telligent surface (RIS) for multi-user frequency-division-duplexing (FDD) and time-division-
duplexing (TDD) systems.! This is motivated in FDD since uplink and downlink trans-
missions occur simultaneously and hence an RIS must be jointly configured for both trans-
missions. In TDD, while a joint design is not strictly necessary, it can significantly reduce
feedback overhead as well as provide reductions to power consumption, and configura-
tion periods associated with updating the RIS. To compute trade-offs between uplink and
downlink rates achieved by a joint design, a weighted-sum problem is formulated and
optimized using a developed block-coordinate descent algorithm. The resulting uplink-
downlink trade-off regions are investigated by numerical simulation to gain insights into
different scenarios.

In Chapter 4, we develop a learning-based framework that exploits limited pilot infor-
mation to optimize RIS systems while catering to varying service priorities and fairness
via user weights.? First, an adaptive beamforming configuration problem is formulated to

!This chapter is based, in part on the paper [4]: M. S. Abouamer and P. Mitran, ”Joint Uplink-
Downlink Resource Allocation for Multiuser IRS-Assisted Systems,” in IEEE Transactions on Wireless
Communications, vol. 21, no. 12, pp. 10918-10933, Dec. 2022.

2This chapter is based, in part on the paper [5]: M. S. Abouamer and P. Mitran, ”Flexible Resource Al-
location in IRS-assisted Systems using Hypernetworks,” IEEE Wireless Communications and Networking
Conference (WCNC), Glasgow, United Kingdom, 2023, pp. 1-6.



generate RIS beamforming configurations that optimize the weighted sum-rate. This prob-
lem is analyzed and shown, under mild regularity conditions, to attain a maximum. To
learn approximate solutions, a novel hypernetwork-based beamforming (HNB) framework
is proposed. Particularly, a beamforming network (BFN) exploits available information,
including pilots, to generate optimized beamforming configurations. Rather than learning
one BFN, a hypernetwork is trained to dynamically generate BFN learning parameters
from an input conditioning vector. When the conditioning vector is chosen as the user
weights, the trained HNB can tune the BFN to the user weights without the need for
retraining. Additionally, employing the HNB to also tune the BEN to location information
can be employed to reduce the pilots needed to generate optimized RIS configurations.

In Chapter 5, to relax hardware constraints and enable RIS implementation with di-
verse technologies, we consider configuring an RIS using discrete phase shifts that exhibit
non-linear amplitude responses.®> This problem is formulated as a constrained virtual-
channel selection problem. When considered over subsets with maximum phase-variation
Omax < 7, the solution is shown to be bounded between two matroid-constrained problems.
We illustrate configuration problems whose optimal solution lies within such subsets and
show that a greedy framework guarantees a worst-case |21og, cos(0max/2)| optimality gap
uniformly over all system parameters. Subsequently, a low-complexity framework is pro-
posed for general discrete configuration problems. Numerical experiments demonstrate the
efficacy of the proposed RIS configuration scheme.

In Chapter 6, concluding remarks and key findings of this research are presented. Ad-
ditionally, potential directions for future research are discussed.

3This chapter is based, in part on the paper [6]: M. S. Abouamer and P. Mitran, ”Practical Configu-
ration of a Discrete RIS With Phase-Dependent Amplitude Response,” in IEEE Communications Letters,
vol. 28, no. 11, pp. 2678-2682, Nov. 2024.



1.4 Notation

The sets of real and complex numbers are denoted by R and C. Moreover, f(.) and (.) are
used to represent the real and the imaginary parts of a complex variable, respectively. The
transpose, conjugate and conjugate transpose operator are denoted using the superscripts
()T, ()* and ()| respectively. Moreover, for z = re?? # 0 where —7 < 0 < 7, arg(z) = 6.
Vectors are denoted using lower case bold symbols (e.g v) and matrices are denoted using
upper case bold symbols (e.g M). For a vector v € CV, diag(v) is the N x N diagonal
matrix whose diagonal entries are filled with the N elements of v. Moreover, the Kronecker
product of two matrices A and B is indicated by A ® B. The expectation of a random
variable (RV) is denoted by E {.} and CA/(0,0?) is used to denote a circularly symmetric
complex Gaussian RV with a mean of 0 and variance o2.



Chapter 2

Literature Review

In this chapter, we provide an overview of the operation and optimization of an RIS-assisted
wireless communication system. We then discuss the challenges related to CSI acquisition
and RIS configuration. Common optimization methods and CSI acquisition techniques
developed to address these challenges are surveyed.

2.1 RIS-Assisted Wireless Communication Systems

2.1.1 A SISO Example

From an operation point of view, an RIS is a 2D array comprised of a large number of
passive tunable elements whose properties can be reconfigured to dynamically shape the
incident signals. For illustration, we consider a single-carrier single-input single-output
(SISO) system assisted by an N-element RIS, as shown in Fig. 2.1. For an RIS of N
elements, as commonly adopted in the literature [109, 135, 40, 121, 128, 52], the n'* element
introduces a phase shift ¢, € [0,27) and the RIS reflection coefficients can be represented
using @ = [0y, ....., Oy], where 6,, = e77%" for n € {1,..., N}. The RIS configuration is then
expressed as © = diag(0).

The signal reflected by the n® RIS element is the product of the incident signal and
the reflection coefficient 6,,. Hence, the effective reflected channel through the n'* RIS ele-
ment is the product of the following three terms: transmitter-RIS channel coefficient, RIS
configuration and the RIS-receiver channel coefficient. When the unit power information
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Figure 2.1: SISO RIS-assisted system
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signal z is transmitted with power P;, the received signal is given by

y = (ha+gOh,)\/ P x + 2, (2.1)

where hy € C, h, € CV*! and g € C**¥ are the baseband equivalent channels between the
transmitter and the receiver, the transmitter and the RIS, and the RIS and the receiver,
respectively. Moreover, z ~ CA(0,0?) is the additive white Gaussian noise (AWGN) at
the receiver.

For this RIS-assisted system, the achievable rate is given by r = log,(1 + ) where 7 is
the received signal-to-noise ratio (SNR) which is given by

P, |hg + gOR,|?
v = t’dag ’ (2.2)

Under this scenario, maximizing the achievable rate is equivalent to maximizing the re-
ceived signal power and the associated optimization problem can be formulated as

N 2
hg + Z hmgne’j“””

n=1

subject to 0 <y, <2, n=1,...,N. (2.3b)

max
7]

(2.3a)

In this simple SISO case, the solution of aligning the reflected channels through the RIS
elements to the direct channel between the transmitter (TX) and receiver (RX) maximizes
the objective in (2.3). Subsequently, the optimal phase shifts are ¢ = —Zhg+(ZLgn+2Zhy )
for each RIS element n € {1,..., N}. The received power here depends on the number of
RIS elements N. Therefore, with sufficient number of elements, deploying an RIS can, in
principle, bring substantial gain in the performance of a communication system [11, 111].
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2.1.2 RIS Design Objectives

An RIS can be integrated with conventional multi-user communication systems and opti-
mized to meet a variety of system design objectives. For instance, an RIS can be jointly
optimized with active beamforming (at the transmitter and/or receiver) to maximize the
weighted sum-rate (WSR) [10], minimize total power subject to SINR constraints [18, 12],
enhance physical-layer security [21, 70, 75, 69], and improve capacity in both indoor and
outdoor environments [36, 128]. Rate optimization of the MIMO broadcast (BC) channel
was examined in [37] and more recently in [20].

Furthermore, an RIS can efficiently engineer the wireless channel to achieve favorable
channel conditions. For example, an RIS can be used to improve the rank of MIMO
channels, thereby enhancing spatial multiplexing capabilities [111, |. Additionally, by
designing the RIS phase shifts to convert slow fading into fast fading, the RIS can help
support vehicular communications [19].

The interaction between RIS designs and other emerging wireless paradigms, such as
non-orthogonal multiple access (NOMA) [15], full duplex (FD) communication [132, 111],
and simultaneous wireless information and power transfer (SWIPT) [66, 36, 33], is also
explored in the literature. By introducing engineered signal paths, an RIS is expected to
play a crucial role in enabling sensing and localization tasks [55]. Moreover, several recent
works have discussed the advantages of deploying an RIS to support integrated sensing
and communication (ISAC) paradigms [23, 72, 63, 30].

2.1.3 RIS Prototypes and Field trials

Both academic and industrial bodies have recently shown a growing interest in fabricating
RIS prototypes. Most experimental studies focus on fabricating an RIS consisting of an
array of passive reflecting elements, configurable using low-power circuits [112]. In [85], a
sub-6 GHz RIS prototype was designed and deployed to provide virtual LoS, improving
indoor user performance and delivering up to a 10 dB increase in received signal power
compared to scenarios without an RIS. Similarly, the work in [I 16] demonstrated compa-
rable performance improvements in millimeter wave (mmWave) communication systems.
RIS prototypes were also integrated with 5G commercial networks in [62, 92] to enhance
both cell-edge and overall system performance. For instance, [92] demonstrated a 4 dB
gain in reference signal received power (RSRP) for cell-edge users and a 3.8 dB increase in
average RSRP compared to non-RIS deployment. Consequently, with a focus on coverage
extension, these field trials have validated the performance gains achieved through RIS
deployment in both indoor and outdoor environments [35, 62, 92, ].
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2.2 Physical Layer Resource Allocation in RIS-Assisted
Systems

The integration of an RIS into a wireless communication system necessitates the need
to jointly configure the RIS reflection coefficients along with the configurations/resources
associated with the underlying system. In this section, we review resource allocation
problems in RIS-assisted systems. Moreover, we present an overview of the optimization
methods employed to efficiently optimize different RIS design problems.

2.2.1 Physical Layer Resource Allocation in Multi-antenna RIS
systems

Beyond the simple example presented in Section 2.1.1, optimizing the RIS configuration
involves solving a non-trivial optimization problem. Particularly, for multi-antenna sys-
tems, the RIS is typically jointly optimized along with the underlying active beamforming
and/or combining. Thus, the coupling between the RIS configuration and other optimiza-
tion variables usually gives rise to non-convex optimization problems.

For illustration, consider a single-carrier downlink MISO system where the transmitter
is equipped with M antennas and is assisted by an RIS composed of N passive elements. As
commonly adopted in the literature, the goal is to configure the phase shift ¢, associated
with each element n € {1,..., N} with reflection coefficient 6,, = e™7#n. This results in
a unit-modulus constraint on each of the reflection coefficients, i.e., |#,| = 1 and must be
handled by the RIS optimization techniques.

Let hy € CM*1 G € CM*N and h, € CN*! represent the channels between the
transmitter and a single-antenna receiver, the transmitter and the N-element RIS, and the
RIS and the receiver, respectively. The rate maximization (equivalently received power
maximization) problem can then be formulated as

max |(ha + G@h,ﬂ)Hw‘2 (2.4a)

subject to |w|® < P, (2.4b)

[®lnn] =1, n=1,...,N. (2.4¢)

where w € CM*! is the downlink beamforming vector and © is diagonal. The unit modulus

constraints and the coupling of the decision variables in the objective of (2.4a) result in
a difficult non-convex optimization problem over ® and w. Subsequently, a common
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goal in the RIS literature is to devise heuristic designs and/or iterative algorithms that
can efficiently find a sub-optimal solution of the corresponding RIS optimization problem

[109].

Extending the RIS configuration problem to more general multi-user scenarios usually
results in intractable coupled non-convex optimization problems. Consequently, block-
coordinate descent (BCD) algorithms that decompose the coupled optimization variables
into blocks of decoupled sub-problems are common in the RIS literature [10, 7, 18].

The decoupled beamforming and power control problems can be optimized using tech-
niques such as fractional programming (e.g. [94, 10]) and the weighted MMSE algorithm
as adopted in [126, 7]. Moreover, heuristic beamforming techniques such as zero-forcing
(ZF), maximum ratio transmission (MRT) and maximum ratio combining (MRC) can be
employed to optimize the beamforming/combining vectors in RIS-assisted systems. In
particular, ZF, MRT and/or MRC can be leveraged to develop low-complexity algorithms
that optimize the beamforming/combining vectors in RIS-assisted massive MIMO systems

[107, 137).

RIS Configuration optimization

For the decoupled RIS optimization sub-problem, to address the unit-modulus constraints,
the approaches adopted in the literature include constraint relaxation and manifold opti-
mization. In the constraint relaxation approach, the unit modulus constraint is usually
ignored, then the relaxed problem is optimized and finally a heuristic is employed to di-
rectly re-enforce the unit modulus constraint. A common heuristic is to normalize the
solution of the relaxed problem (by dividing each of the n components of the solution to
the relaxed problem by its norm) resulting in |6,| = 1.

Another relaxation method is to re-formulate the joint RIS phase-shift /beamforming
as a semi-definite problem (SDP) with a rank-1 constraint. The rank-1 constraint is then
ignored, the relaxed SDP is optimized and then a heuristic (e.g. Gaussian randomization)
is used to re-enforce the rank-one constraint [118, 71]. For the manifold optimization
approach, the unit-modulus constraints on each phase shift constitutes a complex circle
manifold and hence the phase shifts can be optimized using Riemannian conjugate gradient
(RCG) methods. The use of manifold optimization methods to optimize the RIS phase
shifts is featured in earlier works (e.g.[18, 113, 22]) as well as more recent works ([99, 135]).

RIS-assisted OFDM systems extend the benefits of an RIS into multi-carrier systems
and are featured in works such as [65, 60, ,61, ]. It is common to model an N-element
RIS using N independent single-tap reflection coefficients, as described in Section 2.1.1.
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Under this model, the frequency-selective cascaded TX-RIS-RX channel is the convolution
of the TX-RIS multipath channel, RIS reflection coefficient and the RIS-RX multipath
channel. This in turn means that a frequency non-selective RIS needs to be optimized
with a single configuration that caters to all the OFDM subcarriers. In [118], successive
convex approximation (SCA) and semi-definite relaxation (SDR) were used to develop an
algorithm that converges to a stationary point of the problem of maximizing the achiev-
able rate in a SISO RIS-assisted OFDM system. There, it was found that the RIS-assisted
OFDM system achieves a performance improvement compared to an OFDM system with
no RIS. In [65], a technique/algorithm referred to as strongest tap mazimization (STM)
was developed to optimize an OFDM RIS configuration problem by optimizing a number
of narrowband configuration problems. The basic idea of STM is to select an RIS config-
uration that aligns the RIS phase shifts to the strongest time-domain channel tap. This
heuristic was shown to work particularly well for a number of practical scenarios [65, 11].

Configuring the RIS with Discrete Phase shifts

Under the commonly adopted RIS reflection model, each element n can be configured
with continuously controllable phase shift ¢, € [0,27). Indeed, RIS prototypes with
continuously controllable phase shifts were demonstrated in works such as [32]. However,
to relax hardware constraints and enable RIS implementation with diverse technologies,
configuring the RIS with discrete phase shifts has been discussed in several works such
as [110, , 89, 88]. For instance, [89, 88] considered directly configuring the RIS with
discrete phase shifts. Moreover, works such as [1 10, ] have demonstrated that the fine
quantization of optimized continuous phase shifts (e.g., using a 4-bit quantization of phase
shifts) allows a discrete RIS to achieve (nearly) the same performance as that associated
with a continuous RIS. Thus, the commonly adopted continuous RIS reflection model
can serve as a useful intermediate step in developing effective methods for discrete RIS
implementations.

2.3 CSI Acquisition

For an RIS to provide substantial performance gains, a relatively large number of RIS
elements is needed. Accordingly, RIS-related channel estimation problems are challenging
as the number of channel coefficients scales with the number of RIS elements. A brief
overview of CSI acquisition techniques in RIS systems is presented in the this subsection.
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2.3.1 CSI Estimation For Single-User Systems
Estimation Problem Setup

For illustration, we consider a single-carrier system where an M-antenna base station serves
a single-antenna user and is assisted by an N-element RIS. For an uplink scenario and under
the assumption of quasi-static fading channels, when a pilot symbol z; € C is transmitted
in a particular time slot ¢, the signal received by the BS is

Y; = (ha + GOh,)\/ P, i + 2, (2.5)

where hy € CM*! G € CM*N and h, € CV*! are the channels between the BS and user,
BS and RIS and RIS and user, respectively. Moreover, z; ~ CA(0,02I) is the additive
white Gaussian noise (AWGN) and ©; = diag(6;) with 6; being the RIS configuration at
time slot 7. With the cascaded channel G = G diag(h,), the received signal in (2.5) can
be expressed as .

y;, = (hq + GGi)\/FZ- T + 2. (2.6)

Rather than estimating the individual components G and h,., the RIS channel estimation
literature focuses on estimating the cascaded channel G. This follows since the cascaded
channels are sufficient for configuring the RIS and can be estimated using the pilots received

at the BS/user [31, 134].

For each time slot ¢ € {1,...,I} with I being the number of channel training time
slots, a training symbol z; € C is sent and the RIS reflection coefficient is set to 8; €
CN*1. For g, being the n'* column of the cascaded channel matrix G € CM*¥ and

he=[ha",g7,...,g%]", the I received signals can then be compactly written as [100]
Y
y= y-z (2.7a)
Yr
Y, =V PtXihc + z;, (27b)

14



where

X1
X

X=1. (2.8a)
X1

0, =1[1,07]. (2.8¢)

The goal of the channel estimation problem is to design the pilot information matrix X,
described in (2.8), in order to find an estimate h. of the channel vector h,. Moreover, the
quality /accuracy of these channel estimates is typically assessed using a particular criteria
such as minimizing the mean-squared-error.

The CSI estimation techniques can then be classified into unstructured channel estima-
tion methods and structured channel estimation methods. In unstructured channel models
(that typically characterize sub-6 GHz channels), the channel coefficients are directly es-
timated. For millimeter-wave communication systems, sparse multipath scattering grants
an efficient parameterization of the channel and hence the channel can be expressed in
terms of a smaller number of parameters that can be estimated with lower complexity.

Unstructured channel estimation

For a given pilot information matrix X, classical channel estimation can be extended to
directly estimate h.. Three methods are common in the RIS literature: least-square (LS),
linear minimum mean-squared-error (LMMSE) and data-driven approaches. Both LS and
LMMSE are discussed in this section with the data-driven approaches discussed in Section
2.4.

Channel estimation in RIS-assisted systems is typically performed over a number of
time slots I, which is referred to here as the channel training period. The channel training
period affects the number time slots available for data transmission and hence it is an
important factor in the performance of a practical RIS system.

When LS is employed to estimate the channel coefficient, then for a given X, h, is
estimated as

h, = argn}lbin ly — v/ P.Xh|? (2.9)
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The estimation problem in (2.9) has a closed form solution
1
VP,

It then remains to optimize the pilot RIS configurations {@;}_, which is featured in works
such a [73, , 50, 136].

h,= —(XTX)"1 Xy, (2.10)

Under LS estimation methods, a simple scheme for choosing the pilot RIS configurations
{01,...,0;} is to use an on/off scheme of I = N + 1 time slots as suggested in [73]. In the
first time slot, all the RIS elements are switched off (assuming all {a,, }_, can be switched
between 0 and 1) and for the next N time slots, only one RIS element is switched on. The
received signals over the N + 1 time slots are stacked into the received vector y and then
the closed-form of (2.10) can be used to find the LS estimate of h..

The on/off schemes are simple in nature but are not optimized to reduce estimation
errors [50]. Moreover, with only one element being turned on, the power reflected by an
RIS and the received SNR are diminished. Thus, the accuracy of the channel estimates
is reduced. In [50], the pilot RIS configurations are selected based on the columns of a
DFT matrix. Compared to the aforementioned on/off schemes, the DFT matrix approach
improves the received SNR as all the RIS elements are kept on during the channel training
phase and hence estimation errors are shown to be smaller[50].

In order to exploit partial channel knowledge such as second order statistics, LMMSE
can be employed for channel estimation. Under LMMSE estimation schemes, the goal is
to find an estimator h. = Wy such that

W = argmin E|Wy — h | (2.11)
W

With the linear measurement model in (2.7), the LMMSE estimate of h. can be found
in closed form where the estimator depends on the observation vector y and the second
order statistics of the channel and noise [51]. Similar to the LS case, the performance of
the LMMSE channel estimates depends on the pilot RIS configurations {6;}/_,. The pilot
RIS configuration can be optimized to minimize the MSE, however, it amounts to solving
a non-convex optimization problem [59]. Fortunately, the DFT-based channel training was
shown to perform close to the optimal RIS pilots and hence it remains as a popular choice
in the RIS literature [34].

Structured channel estimation

For millimeter wave communication systems, a geometric model is appropriate for model-
ing wireless channels due to sparse multipath scattering which is characterized by a few
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dominant signal paths. Compared to direct estimation of the channel, a geometric model is
specified by a smaller number of parameters and can potentially offer significant reduction
in the channel estimation overhead [100].

The L—path channel between the BS and the RIS can be expressed as
L
G=> 1" a0, ¢]) af (¥, ¢p), (2.12)
=1

where 7! is the complex gain associated with the [—th path between the BS and the RIS.
The column vector ar(9}, p!) indicates the array response at the RIS and is dependent on
the elevation angle-of-arrival (AoA) ¥/ and the azimuth AoA ¢/. Similarly, the column
vector ag(VP, pP) is the array response at the BS with elevation and azimuth angles of
departure (AoD) given by 9P and ¢P, respectively. Similarly, by parametrizing the direct
BS-user channel hy and the RIS-user channel h,, the channel estimation problem can be
expressed in terms of two vectors v and w that capture the unknown complex gains and
AOA/AOD information, respectively.

In [34, 105], the signal received in time slot ¢ in (2.5) is expressed as
Yy, = XiA(w)y + zi, iel, ..., I (2.13)

where X; is a sensing matrix that contains the channel training pilots for time slot i as
described in (2.7) and (2.8). Moreover, A(w) represents the array response and depends on
the AOA/AOD information vector w. The goal of channel estimation here is to design the
sensing matrix X and then use the received signal {y,,...,y;} to estimate the unknown
gains and AoA/AoD information. This problem can then be treated as a sparse signal
recovery problem, for which compressed sensing techniques can be applied [105].

From Single-User to Multi-User CSI Estimation

Until this point, the discussion was limited to estimating the CSI associated with a single-
user RIS-assisted system. The trivial extension to a K-user system is to repeat the esti-
mation process K times, [77], and then the channel estimation overhead scales with the
number of users. However, the channel training overhead can be significantly reduced
by exploiting the fact that the BS to RIS (i.e. G) channel is shared by all the users

[37, 106, 139].

To exploit the common BS to RIS channel, a two-step approach is suggested in [37],
where the channel between the BS and RIS is first estimated and then the cascaded chan-
nels are estimated in a second stage. Alternatively, a three step approach is considered in
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[L06], where the direct channel between the BS and users is first estimated and then the
cascaded channel associated with a particular user is estimated. Finally, the cascaded chan-
nel associated with the first user is considered as a reference and the channels associated

with the rest of the users are then estimated as explained in [106]. Rather than requiring
KM(N +1) pilots, this scheme requires K + M + max <K -1, ceil(%)) pilots. More-

over, the common BS-RIS channel can also be exploited in IRS-assisted millimeter-wave
systems to reduce the channel estimation overhead as discussed in [139].

2.4 Data-Driven Approaches for CSI Acquisition and
RIS Configuration

Data driven approaches can be exploited to address several practical issues that pertain
to the operation of RIS-assisted systems. For instance, deep learning was leveraged to
improve RIS designs to aid intelligent IoT [117] and mobile edge computing [16]. Moreover,
data-driven approaches were employed to assist localization with RIS [130] and to improve
the security of RIS systems [75]. The focus here is on how data driven approaches can
be exploited to address channel estimation and physical layer based resource allocation,
including RIS phase shifts and active beamforming configurations.

In RIS-assisted problems, data-driven approaches can be exploited to estimate the
CSI and then the RIS reflection coefficients can be optimized using the (mathematical)
optimization methods outlined in Section 2.2.1. Several RIS works feature the use of data-
driven models to explicitly estimate the CSI associated with RIS systems. Compared to
parametric model approaches where the channel coefficients are estimated based on a pre-
defined model, a data-driven approach enables a model to be trained and shaped based
on samples of data (either measured or simulated). This allows the data-driven model to
learn the structure/distribution of the data in a natural setting.

In [31], a convolutional neural network (CNN) is trained to estimate the direct and
cascaded channel vectors. There, the trained CNN is shown to obtain high quality CSI
estimates when fed with received pilots symbols. Furthermore, another CNN was used in
[09] to address the MMSE channel estimation problem. In particular, the CSI estimation
problem was reformulated as an image denoising problem and then the trained CNN was
used to estimate the CSI. The idea of treating the CSI estimation problem as an image
denoising problem was also featured in more recent works such as [96]. Further, compressed
sensing and deep learning were leveraged in order to obtain the channel estimates in RIS-
assisted millimeter-wave system as featured in works such as [L01].
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Meanwhile, a data-driven approach can be used to optimize the RIS configurations
for a given CSI (including CSI estimated using another data-driven model). The joint
configuration of RIS reflection coefficients and beamforming vectors usually results in a
non-convex optimization problem. Compared to mathematical optimization, a data-driven
approach shifts the computational complexity burden to the training phase. In this phase,
measurements/ synthetic data are used for training the parameters of the data-driven
model. In the deployment stage, the RIS configurations are obtained by performing low-
complexity operations on the input CSI measurements and the parameters of the trained
model.

In [35], a deep neural network is trained to maximize the achievable rate in an RIS-
assisted downlink single-user system. There, a fully connected deep neural network is
trained using actual CSI and is optimized to output the RIS phase shifts that maximize
the achievable rate. It is shown that the RIS configuration of [35] achieves a performance
close to that obtained by solving a more complex SDR of the optimization problem in
(2.4a). In [31], a deep reinforcement learning based model is trained to optimize the RIS
phase shifts that maximize the achievable rate. Furthermore, deep reinforcement learning
was leveraged in [17] to maximize the sum-rate of a downlink multi-user system by jointly
optimizing the beamforming vectors and RIS configuration.

In the previous discussion, the channel estimation problem and joint beamforming/RIS
configuration problems are treated as separate problems. Conversely, another paradigm is
to bypass explicit CSI estimation and directly optimize the RIS phase shifts using received
pilots/measurements. This implicit channel estimation paradigm can be enabled by data-
driven approaches where we allows the data to jointly shape the CSI estimation and RIS

configuration processes. Implicit channel estimation methods, introduced in [51], bypass
the explicit channel estimation step by training a deep learning model that directly learns
how to maximize the sum-rate in a downlink RIS assisted system. In [51, 52], the deep

learning model is fed with received pilots and is trained to optimize RIS phase shifts
and beamforming vectors. This trained deep neural network was shown to outperform
explicit channel estimation approach where the channel estimation problem and joint RIS
configuration problem are treated as separate problems [51, 52].
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Chapter 3

Joint Uplink-Downlink Resource
Allocation for Multi-User
RIS-Assisted Systems

3.1 Introduction

In this chapter, we consider the practical problem of jointly optimizing the uplink weighted
sum-rate (WSR) and the downlink WSR for multi-user (MU) multiple-input single-output
(MISO) FDD and TDD RIS-assisted systems. We adopt a joint uplink-downlink RIS design
where the same RIS configuration is used to assist both uplink and downlink transmissions
in FDD and TDD systems. Due to the non-convex and coupled nature of active and passive
beamforming in RIS configuration problems, we develop a block-coordinate descent (BCD)
algorithm to optimize the joint design. This BCD approach partitions the overall variable
vector into manageable blocks and optimizes each block individually while keeping the
others fixed—transforming the active/passive RIS beamforming problem into a series of
simpler subproblems. By leveraging effective algorithms, including Riemannian conjugate
gradient (RCG) for RIS passive beamforming and weighted minimum mean square error
(WMMSE) for downlink active beamforming, achievable trade-off regions between uplink
and downlink rates are computed.

Subsequently, the resulting uplink-downlink trade-off regions are investigated by nu-
merical simulation to gain insights into different scenarios. To evaluate the performance of
the proposed joint uplink-downlink design, we compare it to configuring the RIS for uplink
(UL) and downlink (DL) transmissions individually and then time-sharing these two RIS
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configurations, referred to as Individual design. Moreover, we propose two heuristic designs
called fized-downlink and fized-uplink. In the fixed-uplink (fixed-downlink) heuristic, the
RIS configuration for uplink (downlink) is used to assist downlink (uplink) transmissions.

For FDD systems, using the same RIS configuration is essential in order to support
simultaneous uplink and downlink transmissions as they occur over the same time re-
sources. On the other hand, while it is feasible for TDD systems to support different RIS
configurations for uplink and downlink transmissions, a joint RIS design can trade sep-
arately optimized RIS phase shifts for reduced signalling overhead, configuration periods
associated with updating the RIS, and optimization complexity. This trade-off may be
particularly appealing when the loss in spectral efficiency due to a joint design (or fixed
design) compared to the individual design is marginal, as will be demonstrated for many
TDD scenarios considered in Section 3.5.

Depending on the technology used to implement the RIS, quiet guard periods while
updating the RIS may be required to avoid the time-varying behavior of the channel due
to a changing RIS configuration.! Subsequently, there is a time where an RIS may not
be used for communication due to feedback and quiet guard periods. Moreover, updating
the RIS imposes strict constraints on time synchronization between the BS and the RIS,

which in turn increases overhead, hardware complexity and delays [78]. Thus, feedback
overhead and delay associated with updating an RIS are among the major challenges that
face RIS implementations in practical scenarios [76, 133, 120, 90, 122, 7, 15] as the feedback

duration, depending on the RIS implementation technology, may significantly reduce the
time available for data transmission and hence diminish the performance improvements
provided by an RIS [122, 7]. In TDD, compared with separate individual designs for
uplink and downlink, a joint design reaps the benefits of halving the feedback overhead as
well as reducing the configuration periods. Furthermore, a joint RIS design can also reduce
the power consumption of the RIS by reducing the need to switch the RIS configuration.
This follows as most of the power consumed by an RIS is used in controlling and configuring

the RIS [17].

Fig. 3.1 shows three possible update schedules for TDD operation: in case 1 the conven-
tional approach of configuring the RIS before every uplink/downlink transmission; in case 2
the joint uplink/downlink approach where the RIS is only configured before each downlink
transmission; and if the channel coherence time is long enough, then a joint design may
require no update over several uplink/downlink intervals as shown in case 3 of Fig. 3.1,
thus further reducing signalling overhead, configuration periods and power consumption.

'For instance, micro-electro-mechanical systems (MEMS) is one technology envisioned for RIS imple-
mentation as they are cost-effective, have high quality factors and consume relatively low power [25, 20].
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Case 1 [Config. ~Downlink _ Config. Uplink ~ Config. Downlink Config. Uplink  Config. ~Downlink  Config. Uplink |

Case 2 |[Config. ""Downlink Uplink  Config.  Downlink Uplink ~ Config. ~Downlink Uplink  Config. Downlink

Case 3 [Config. = Downlink Uplink Downlink Uplink Downlink Uplink  Config. Downlink Uplink |

Figure 3.1: Three TDD cases showing possible allocation of time slots in cases 1, 2 and 3.
Here, the update overhead and duration are reduced in cases 2 and 3 compared to case 1.

3.1.1 Contributions and Key Findings

In this chapter, a joint uplink-downlink design is proposed to support concurrent trans-
missions in practical multi-user RIS-assisted FDD systems as well as reduce overhead
and configuration periods in practical multi-user RIS-assisted TDD systems. Moreover,
two heuristic designs and two slicing benchmarks are devised in order to assess the perfor-
mance of the proposed joint design under different scenarios. Subsequently, RCG, WMMSE
and fractional programming are iteratively leveraged in a BCD algorithm to optimize the
proposed joint design and investigate the achieved trade-off regions between achievable
downlink and uplink rates in RIS systems. In particular, the achieved uplink-downlink
trade-off regions are thus investigated by numerical simulation for different user priorities,
beamforming strategies and FDD/TDD system parameters. Furthermore, we analyze the
complexity associated with the proposed joint design and heuristic designs. This analysis
is then used along with the computed regions to illustrate the trade-offs associated with
different RIS designs in terms of spectral efficiency performance, overhead, configuration
periods, and computational complexity. We summarize the contributions and key findings
of this chapter as follows:

o We investigate joint uplink-downlink RIS design in multi-user multiple-input-single-
output FDD and TDD systems. By leveraging RCG, WMMSE and FP, a joint
RIS design trade-off region between UL and DL is obtained when the same RIS
configuration is used.

e To evaluate the performance of the obtained joint UL-DL design, we compare it to
configuring the RIS for UL and DL transmissions individually and then time-sharing
these two RIS configurations, referred to as Individual design. Moreover, we propose
two heuristic designs called fized-downlink and fized-uplink. In addition, two slicing
benchmarks called slicing-without-interference and slicing-with-interference are also
introduced.

However, one of the main drawbacks of MEMS is their slow configuration speed [20, 43].
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The impact of different user-weighting strategies (equal, proportional-fair, and inde-
pendent weights) on the achieved uplink-downlink trade-off regions associated with
the joint design and two fixed designs is analyzed by numerical simulation. It is found
that the improvement due to joint design compared with the fixed-downlink/fixed-
uplink designs becomes more significant as more flexibility is needed to accommodate
user weights that vary substantially across the users.

The impacts of both the ratio of RIS elements to active antennas at the BS and beam-
forming strategy (i.e., WMMSE, zero-forcing (ZF)) on the achieved trade-off regions
are also investigated. As the ratio of RIS to BS elements is increased, the perfor-
mance improvement due to the joint RIS design over fixed-uplink/fixed-downlink
designs becomes more pronounced. Moreover, it is found that the improvement in
performance due to joint design compared with the fixed uplink/downlink designs is
similar under the two considered beamforming strategies.

The uplink-downlink trade-off analysis demonstrates that the region achieved by
the joint design strictly contains the regions due to slicing-without-interference and
slicing-with-interference. This shows not only that a joint RIS design outperforms the
slicing benchmarks but also demonstrates that interference alone is not responsible
for the inferior performance achieved by a sliced RIS.

The complexity associated with the optimized joint RIS design and fixed designs is
analyzed. This analysis is then used along with the computed trade-off regions to
gain insights into scenarios where a marginal loss in spectral efficiency can be traded
off for reductions in overhead, configuration periods and complexity.

In FDD, the proposed joint RIS design performs substantially better than the fixed-
uplink and fixed-downlink heuristic designs and diminishes the gap to the individual
design. In TDD, provided that the user weights are independent, the joint design
substantially improves the spectral efficiency performance compared with the fixed-
uplink and fixed-downlink heuristic designs. Otherwise, in TDD, the fixed-uplink
and fixed-downlink designs perform almost as well as the individual design upper
bound, offering reduced complexity, overhead, and configuration periods with almost
no loss in spectral efficiency.
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Figure 3.2: (a) System diagram and (b) top-view layout for MU-MISO RIS assisted system.
3.2 System Model and Performance metrics

3.2.1 RIS-assisted system Model

In this chapter, we consider a scenario where an M-antenna BS is assisted by an N-element
RIS in order to serve K single-antenna users. The users are indexed by K = {1,...., K'}.
The system diagram and layout are shown in Fig. 3.2.

In the DL, the precoded signal transmitted by the BS is expressed as zPL = Z bl szkD L
where wy, € CM*! and sP* € C are the downlink transmit beamforming vector and the
information symbol in the downlink associated with user k& € IC, respectively. The infor-
mation symbols are zero-mean and satisfy E{sP” (sPL)"} = 6,4, ie., are iid. with unit
power.

In the UL, the signal transmitted by user k can be expressed as V> = | /prs” where
pe > 0 and sYF € C are the uplink power transmitted by user k and the information
symbol in the uplink associated with user k, respectively. The UL information symbols
satisfy E{s{/L (sV%)"} = 6;5. Additionally, vi, € CM*! is the unit-norm receive combining
vector at the BS for user k.

The elements of the RIS are indexed by N = {1,..., N} with the vector containing the
RIS phase shifts expressed as 6@ = [61, .....,0x]. For each RIS element n € N, the reflection
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coefficient is represented as 6, = e7#" where ¢, € [0,27) is the phase shift associated
with element n. The phase-shift matrix associated with the RIS can then be expressed as
© = diag(0).

All channels are quasi-static flat and it is assumed that channel state information (CSI)
is perfectly known. Let h; 45 € CM*! denote the baseband equivalent direct channel be-
tween the BS and user k, hy .\, € CN*1 denote the channel between the RIS and user &, and
G, € CM*N denote the direct channel between the BS and RIS, where t € {UL, DL} indi-
cates whether the uplink channel or the downlink channel is considered. In TDD systems,
the downlink and uplink transmissions occur over the same frequency bands but at differ-
ent time slots. Moreover, channel reciprocity in TDD, as experimentally established for
RIS-assisted systems, implies that the uplink and downlink channels are the same [35, 102].
In FDD, the downlink and uplink transmissions occur concurrently over different frequency
bands, thus the channels are generally different for uplink and downlink transmissions.

The effective channels between the BS and user k£ in DL and UL are expressed as

hprir =hprar +GprOprhprrk (3.1a)

hurir =hvrar+ Gur Ovrhur k- (3.1b)

It is important to note that in general TDD systems, the RIS configuration ® can be

different for UL and DL transmissions, although at the cost of increased overhead, power

consumption and configuration periods, whereas for FDD the same RIS configuration is

used to support simultaneous UL-DL transmissions. In this chapter, a joint RIS configura-

tion is used for UL and DL transmissions. However, the case where the RIS configurations

can be different for UL and DL transmissions is also considered to evaluate the performance
of the joint design.

3.2.2 Linear beamforming and performance metrics

The signal received by user £ in the DL is

DL E : DL
Y = (hDLk 'wksk + hDLk i SZ + nyg y (32)
i=1,i#k
~\~ d ~ ~~ v
Intended signal MU-interference AWGN noise

where n?% ~ CN(0,0%;) is circularly symmetric complex additive white Gaussian noise
(AWGN) at user k. Similarly, the signal received by the BS in UL is expressed as

Z Voihur 7"+t (3.3)
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If v, is the combining vector at the BS for user k, the combined signal is given by

K
H, UL H UL H UL H UL
v Y T = ek hupg spT + vk ( E VPihuL;s; >+’Uk (n "), (3.4)
1=1,i#£k
Intended signal MU-interference AWGN noise

where nl/t ~ CN(0,0%, 1) is the AWGN at the BS.
The SINR corresponding to user k£ in DL and UL are given by
g2
‘(hDL,k) ’wk‘

wh = (3.52)
)H w;

K
oby+ Xl (R
2

H
AL = o ‘(hUL’k) o : (3.5b)
vy <0[2]L Iy + Zilil,i;ék pihur; (hUL,i)H> Vg

3.3 Problem Formulation

In this section, we formulate the RIS-assisted UL and DL weighted sum-rate problems for
FDD and TDD systems. Then, in order to obtain a trade-off region between uplink and
downlink rates achieved by a joint RIS design, a weighted sum problem is formulated.

3.3.1 Problem Formulation

In DL and UL, the achievable data rates in bit/sec/Hz associated with user k are given by

RPL = log,(1+4P1) [bit /sec/Hz| (3.6a)
RYE = log,(1 ++YF) [bit /sec/Hz].

Asymmetrical demands for UL vs DL transmission arise in practical communications
systems. In TDD systems, flexible resource allocation becomes feasible by adjusting the
proportion of time resources dedicated for UL vs DL. Rather than assigning equal resources
to UL and DL, a normalized weight, a € [0, 1], is introduced in order to capture the relative
proportion of time resources are dedicated to DL vs UL in TDD systems.
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In a TDD system with bandwidth W Hz, the rate in UL/DL in bit/sec is then given

by
RPY = o Wlogy (1 ++PF) [bit /sec] (3.7a)
RIY = (1 —a) Wlogy(1+~7%)  [bit/sec] (3.7b)

where « is the fraction of time used for DL. Normalizing (3.7a) and (3.7b) by W, we have

RPY = o logy(1 +~PF) [bit /sec/Hz| (3.8a)
RYE = (1 — a)logy(1 ++75) [bit /sec/Hz|.

Likewise, in an FDD system with a bandwidth of aWW dedicated to downlink and (1 — o)W
dedicated to uplink, the spectral efficiency is again given by (3.8a) and (3.8b) respectively.

The first objective is to maximize the weighted sum-rate in DL by jointly optimizing
the phase-shifts at the RIS and the transmit beamforming vectors, W := {wy, ..., wg},
at the BS which are subject to a sum-power constraint. The aforementioned problem is
given by

K
a Jpr = Y ePERPL 3.9a
®I£1L7}6V DL ; kLl ( )
K
subject to > lwe|® < PR, (3.9b)
k=1

[©p1]nnl = 1, n=1,...N. (3.9¢)

where 2% > 0 is the weight associated with user k in DL, and captures the relative priority

of user k in the DL. Moreover, PPL denotes the maximum sum-power at the BS.

In TDD, PPL = W SPL where SPL is the maximum downlink power spectral density
in Watts/Hz. Similarly, the noise power in downlink is expressed as 0%; = W N, where

Nj is the noise power spectral density. In FDD, PPL = oW SPL "and o2, = aW N,.

maxr max

The second objective is to maximize the weighted sum-rate in UL by jointly optimizing
the phase-shifts at the RIS, the unit-norm receive beamforming vectors at the BS defined
using V' := {wy,..., v} and the power control at the users defined using P := [py, ..., px]
where each p;, is subject to a max-power constraint PUL . Maximizing the WSR in UL is

max*

27



expressed as

K
_ UL pUL
olBX Jur = ;5k Ry (3.10a)
subject to 0<p <PUL E=1,..., K. (3.10b)
Outlunl =1, n=1,...,N. (3.100)

where e/ > 0 is the weight associated with user k in UL that captures the relative priority
of user k in UL. Moreover, PYL denotes the maximum power that can be transmitted by
a user.

In TDD, PUL = WSUL "where SUL is the maximum uplink power spectral density

in Watts/Hz. Additionally, the noise power in uplink is 0%, = WNy. In FDD, PYL =
(1 —a)WSYL "and 07, = (1 — a)W N,.

max

For a joint RIS design, problems (3.9) and (3.10) are coupled through the RIS phase
shifts ®p;, = Oy := ©O. The multi-objective optimization problem is scalarized by
formulating a weighted sum problem (WSP) by introducing a weight 5 € [0, 1] that captures
the relative priority given to DL vs UL when optimizing the RIS configuration. The WSP
problem is then formulated as

K K

omax - Jwsp = aB Y el logy(1+97") + (1 —a)(1—B) D ef*logy(1+ ;")
VW, o k=1
(3.11a)
subject to  (3.9b), (3.10b) (3.11b)
[®lnn] =1, n=1,...,N. (3.11c)

3.3.2 UL/DL user weighting strategies

The weighting strategy of the UL/DL user is an important design parameter that can be
chosen to prioritize users. Three weighting strategies are considered: equal, proportional-

fair and independent weights, and the weights are always normalized such that Zszl eIl =

1and Y5 ePl =1,

Under the equal weight strategy, e/l = Pl = % which corresponds to providing

uniform priorities to the users. In order to provide flexibility in assigning resources while
maintaining fairness, the weights in (3.11) can also be chosen based on a proportional-fair
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(PF) strategy. In particular, memory is incorporated into the system in order to capture
the history of the data transmissions provided for each user in the past. Let 7, be the data
rate associated with user k at time slot s in the DL or the UL indicated by t € {UL, DL}.
The objective associated with PF at time-slot s is [93, 57, 19]

K
max <7“Z7t + erm) = max Zlog (1 + Z ) + Zlog <Z Ty, t) :
1<s T

{T’“’t}kzl k=1 I<s {rk t}k 1 k=1 I<s

Then for 3°,_, vt , >> 3, approximating log(1+z) ~ = and by ignoring >";" 1 log (Xiesmhe)
(which is a constant for each slot), the weights in (3.11) are given by &} = >
I<s k t

I'; is a normalization constant chosen such that Zszl el =1 . Finally, we also consider a
scenario where the weights are uncoupled from user channel quality and position. Specif-
ically, we consider independent user weights that are randomly generated, uniformly and
independently on [0, 1], and then normalized. Here, the weights are randomly chosen inde-
pendently of all user /network parameters and correspond to a scenario where the demand
for downlink and uplink transmissions vary substantially across the users and the variance
of the weights reflect the flexibility needed to accommodate the requests for transmissions.

where

3.4 Optimizing the Joint Design, and Alternate Schemes

To tackle the non-convex weighted sum optimization problem in (3.11), a block-coordinate
descent (BCD) algorithm is developed. We iteratively leverage RCG, WMMSE and frac-
tional programming (FP) in a BCD algorithm in order to optimize the WSP formulated
n (3.11). The coupled optimization variables of the WSP in (3.11) are decomposed into
blocks of decoupled sub-problems that are iteratively optimized.

Specifically, for a fixed RIS configuration ®, the WSP in (3.11) decouples into sepa-
rate downlink and uplink sub-problems. The WMMSE algorithm is used to optimize the
transmit beamforming vectors {wy,}< | of the downlink sub-problem. For fixed ©® and
uplink power {p;}=_,, an MMSE filter is used to optimize the receive beamforming vectors
{vi}5 | and fractional programming (FP) is used to optimize the uplink power {p;}X_,
for fixed © and {v;} . Moreover, for fixed {w}5_ |, {vi}5 | and {pp}X |, RCG is used
to update ®. The algorithm proceeds by iterating over the decoupled blocks and updating
the decision variables of a particular block while fixing the variables associated with the
other blocks.
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3.4.1 Updating the beamforming vectors and power control for
fixed RIS configuration

For fixed ©, the WSP in (3.11) decouples into a separate downlink sub-problem in (3.9)
and uplink sub-problem in (3.10).

Updating transmit beamforming vectors {w;}*,

When O is fixed, optimizing the transmit beamforming vectors in (3.9) corresponds to a
DL-WSR maximization problem. As in [05], by introducing the auxiliary variables {u }&_,
and {t;}X | and with w = [uy,...,uk], t = [t1,...,tx], the DL-WSR problem in (3.9) is
equivalent to the WMMSE problem written as

K
: DL
Jnin, ; e (uger — logy uy)
- (3.12)
subject to Z |lwy|* < PPL
k=1
where the MSE associated with user k is ey = E,,p1 {(s{* — 57%)(sP" — 87%)""} where

s = [sPL ... sPF] and the estimated DL symbol at user k is given by sP% = ¢, yP~.

The equivalent WMMSE problem lends itself to a tractable iterative algorithm as the
problem in (3.12) is convex in the optimization variables when the other variables are fixed
to the values of their previous iteration [93]. Proceeding similar to [98], the problem in
(3.12) is optimized by iterating over the following update rules for each user k € K:

K H 2 2
> i |hDL,k ’wi‘ +0pL

up = — 5 (3.13a)
D im itk WDy wi| + 0D,
R w
o= —— et - . (3.13b)
Dt }hDL,k wz‘ +0pr
X -1
Wy = 5kDLuktk <I/ IM + Z EiDLUi‘tiPhDL,i th,i) hDL,k; (3130)
i=1

and v > 0 is the optimal Lagrange multiplier chosen such that complementary slackness
associated with the sum-power constraint is achieved. By iterating over (3.13a), (3.13Db)
and (3.13c), Theorem 3 of [98] guarantees convergence to a stationary point of (3.12).
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Updating receive beamforming vectors {v;}5

When © and {py} are fixed, the objective in the uplink sub-problem of (3.10), is maximized
by the MMSE receiver. For each user k € IC, the receive beamforming vector is given as

-1
(U%L I+ Zfil pi hur, th,Z) hyrx

' (UZQJL I+ pihuLi th,J hyrk
Updating uplink power control {p;}~
When © and {v;}£ | are fixed, fractional programming (see [94], [95]) is used to optimize

{p}E | in (3.10). The Lagrangian dual reformulation is applied by introducing the aux-
iliary variable v = [y1,...,7k]|. The power control problem of (3.10) is then equivalent
to:

K

eIL(1+ vih
max ZgULlnl—‘_%)_Zg Z k Tk | k ULk| pk
7P k=1 = 1 1"0 hur z’ pi +JUL (3.15)
subject to Oﬁpk < pyL. Ek=1,... K.

For fixed {p;}X |, setting the derivative of the objective in (3.15) with respect to 7 to
zero and solving for v, yields ~; for each k£ € K which is given by

|'kahULk‘2pk

— L - (3.16)
Zz’:Lz‘;ﬁk v hur|” pi+ ot
By applying the quadratic transform and proceeding similar to [91], the power control

update for each user k is obtained as

2
Xi eVE(1+ ) |vi byl

pr = min ¢ PVL 5— 0 s (3.17)
2
(ZL X [0 hu il )
where 7y, is obtained using (3.16) and the auxiliary variables {x;} are updated as:

Xk =
Zz 1 ”Uk hULz’ pi +‘7UL

Iterating over the updates in (3.18), (3.16) and (3.17) yields a stationary point of the power
control problem in (3.15) as established in [95].
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3.4.2 Updating the RIS configuration for fixed beamforming vec-
tors and uplink power control

For fixed {wy}5_ |, {vi}, and {px}X,, and ignoring terms that don’t depend on 6, the
WSP in (3.11) is equivalent to:

0 — (3.19)
subject to |6, =1, n=1,...,N
Here for t € {DL,UL}, Ry (0) is given as
0" Xy + eni]”
Rji0,(8) = log (1 TSk ‘ thkyk Mt7k7k| z. 5 | (3.20)
Zi:l,i;ﬁk ‘0 Atik + “tvi»k‘ + Oy

where

Aprik = diag (hDer) GH w;, and AvLik = +/Di diag (thm) Ggka, (3.21a)
KDLk = hDL,d,k'wl-, and HUL,ik = \/]TZ h5L7d7ivk. (321b)

The |6, = 1 constraint of the optimization problem in (3.19) defines a search space char-
acterized by a product of N complex circles, thus representing a Riemannian submanifold
of CV. Moreover, the function Jy;0(80) is differentiable. Consequently, a stationary point
of the problem in (3.19) can be obtained using the Riemannian conjugate gradient (RCG)
algorithm [39, 121].

For any point 8; on a manifold M, the tangent space denoted as 7o, M comprises all
the tangent vectors, each of which defines a search direction that can be used to optimize
an objective function. The Riemannian gradient, denoted as grady, Jao, represents the
direction along which the objective function experiences the steepest increase and in the
case of the complex circle manifold (CCM) of (3.19), is given by

gradg Juo = VJuo — R{VJpyo 08} 08, (3.22)
with the Euclidean gradient VJ,,o given as

Viwo=a/p 228,? ADLk—l—(l—a 1— ZQEk AULk; (323)

k=1
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where for t € {DL,UL}, Ay, is given by

K H K * K H K *
A, — Z¢:1 Atk )‘t,i,k 0+ zi:1 Atk H i k Zi:l,i;ﬁk At,ik At,i,k 0 + Zi:l,i;ﬁk At,ik He i
th = - :

7 Zfil }OHAt,i,k + ,ut,i,k}Q + Uzk Zfiu# |0H)\t,i,k + ,ut,i,k|2 + Uf,k
(3.24)
For each iteration j, the RCG algorithm involves iterating over three updates:
1- Performing retraction by projecting the search direction n; to the CCM using
0,1 = reten (0, + am;) (3.25)

where «; is an Armijo backtracking line search step size and for a vector x € CV
reton (@) is defined as

retey (@) = [ o N ] .

a7 Ja]

2- Finding the Riemannian Gradient grady, , Jio according to (3.22)

3- Finding the search direction 7;,, by finding a tangent vector that is conjugate to
grady . Juo, given as

nj+1 = —grad9j+1 JMO + Tj7;7j+1 ('le) s (326)
where 7; is the Polak-Ribiere parameter obtained as in [121, 8] and the vector trans-
port function 7; ;1 maps the tangent vector space at 8; to the tangent vector space

at 0j+1‘
For the CCM of (3.19), 7, +1 is given by

Tjj+1 (nj) =n; — R{"?j ° O;H} 0011 (3.27)

The convergence of the RCG algorithm described above to a stationary point of the
optimization problem in (3.19) is established in [3].

Algorithm 1 summarizes the BCD algorithm used to obtain the joint uplink-downlink
design.
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Algorithm 1 BCD algorithm

1: Initialize @ = 0y, {vi}i |, {p},, {w}E | and iteration j =1
2: repeat
3 Update power {p;}_, using iterative algorithm (3.16), (3.17) and (3.18).

4: Update {v;}5_ | using (3.14).
5: Update {w;}£ | using iterative algorithm in (3.13a), (3.13b) and (3.13c).
6: Update 6; using RCG algorithm in (3.25), (3.26) and (3.27).

7. until ||Jwsp; — Jwspj-1|| <€, € >0 is a threshold

3.4.3 Structure of beamforming vectors and channel reciprocity
in RIS systems

The joint RIS problem, optimized using the developed BCD algorithm, involves configuring
the RIS phase shifts based on the downlink transmit beamforming and the uplink receive
beamforming. Consequently, a joint RIS design would benefit from any similarity in the
structure of the uplink and downlink beamforming vectors. Indeed, the similarity of the
structure can be seen from the uplink beamforming vectors in (3.14) and the downlink
beamforming vectors in (3.13), as both beamforming vectors arise due to an MMSE filter
with different weights and powers (see [13]).

In TDD, channel reciprocity holds for the direct link between the BS and the users as
these links are independent of the RIS and corresponds to a classical (non-RIS) system.
Recently, experimental results in [35] and [102] have confirmed channel reciprocity for the
cascaded link through the RIS. Hence, for TDD operation, the joint RIS design would
also benefit from channel reciprocity and thus any similarity in the uplink and downlink
beamforming vectors. Subsequently, the performance gap due to a joint design compared
to individual design may be narrower for TDD compared to FDD. Indeed, as will be shown
in Section 3.5.2, for equal and proportional-fair weights, the joint design almost achieves
the individual design bound in TDD, but not in FDD.

3.4.4 Alternate Schemes

For an RIS with N elements, the spectral efficiency performance of the joint design in
TDD/FDD systems is compared with optimizing the RIS for UL and DL transmissions
individually and then the two RIS configurations are time-shared, which we refer to as
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Individual design. Such a scheme can be implemented in TDD but at the cost of increased
overhead and configuration periods as explained before. However, this scheme is unrealistic
for FDD communications as both transmissions occur simultaneously.

Moreover, the performance of the joint design is compared to two other designs called
fixed-downlink and fized-uplink design. In fixed-downlink design, the weighted sum rate
(WSR) in (3.9) is first obtained by jointly optimizing the RIS configuration ® and the
transmit beamforming vectors {wyg}*_; using WMMSE and RCG. Then, the receive com-
bining vectors {vg }_; are found from (3.14) using the effective channel configured by the
RIS phase shifts in (3.1b). In fixed-uplink design, the RIS configuration ® and the receive
combining vectors {wvy}X | are first jointly optimized according to (3.10) using MMSE,
FP and RCG. With this RIS configured for uplink transmission, the transmit beamform-
ing vectors {wy }5_ | are then found by applying a downlink beamforming strategy for the
effective channel in (3.1a).

In addition, the performance of the joint design is also compared to two slicing bench-
marks, namely: slicing-with-interference and slicing-without-interference. An N-element
RIS is sliced by optimizing % RIS elements to exclusively assist each of the UL and DL
transmissions. The slicing-without-interference benchmark assumes that the downlink (re-
spectively, uplink) transmissions don’t affect the RIS elements dedicated to assist the
uplink (respectively, downlink) transmissions. This is idealistic as the uplink and downlink
signals are reflected by all of the RIS elements and hence the phase shift associated with
each element affects both uplink and downlink transmissions. Conversely, the slicing-with-
interference benchmark then computes the achievable DL and UL rates using the entire
RIS configuration. This in turn incorporates the interference terms due to slicing the RIS.

3.5 Simulation Results

3.5.1 System setup and parameters

The RIS-assisted communication system is comprised of an M-antenna BS, an N-element
RIS, and K single-antenna users placed in a 3D coordinate system. Following Fig. 3.2b, the
BSislocated at (zps, yps, hps) = (0,25, 25) m and the RIS is placed at (xgrs, Yrrs, hris) =
(300, 0,15) m. Moreover, the K users are placed at a height of h. = 1.5 m while being
distributed within an x — y plane disc which is centered at (z.,y.) = (300,25) m with
radius R = 20 m.

A uniform rectangular array (URA) is used at the BS with M elements such that
M, x M, = M where M, and M, correspond to the number of elements aligned with
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the y-axis and z-axis. Similarly, a URA is used at the RIS with N elements such that
N, x N, = N where N, and N, correspond to the number of elements aligned with the
r-axis and z-axis.

For TDD, the uplink/downlink carrier frequency is 1.95 GHz. In FDD, the uplink
carrier frequency is fy;, = 1.95 GHz and the downlink carrier frequency is fp;, = 2. 14
GHz. In both TDD and FDD, the antennas at the BS and the RIS are spaced by
where ¢ is the speed of light in free space. Let P, = 30 dBm, P, = 17 dBm. In TDD
PPL = Py and PUL = P, and in FDD, P2L = aP; and Pn[{(fx = (1 — a)P, . Moreover,
Ny = N; x NF where N; = —170 dBm/Hz and the noise figure in downlink is NF" =9
dB and in uplink NF' = 7 dB. For TDD, the bandwidth is 20 MHz. In FDD, the total

bandwidth is 20 MHz, shared between uplink and downlink transmissions.

3GPP path loss models are used [!] with the line-of-sight (LOS) and non-line-of-sight
(NLOS) models are given by

PL"05(dsq, f.) = 28 + 22 logy,(dsp) + 20logyo(f.), (3.28a)
PLN 0% (dyg, fo) = 13.54 4 39.08log,((dsp) + 20 log,o(f.) — 0.6(hc — 1.5),  (3.28b)

where d34 is the 3D distance between two points and f, is the carrier frequency. For each
user k € K, the RIS-user reflected channel h;, ; and the BS-RIS channel G are modeled
using a Rician fading model for ¢t € {UL, DL}. In particular,

K 1
G, = /PLEOS(dgs_r1s, f1) (W e Gro° + ”1—1——/1 GiVLOS> , (3.29a)

1
hi, .= \/PLLOS (dris—k, ft) ( tL?,f + o hﬁr]?;?S) , (3.29b)

1+

where Pros(dsq, fe) is given in (3.28a). Also, dps_grrs denotes the 3D distance between
the BS and the RIS and dgg_p denotes the 3D distance between the RIS and user k. The
Rician factors x and {xy }5_, capture the relative strength of the LOS component compared
to the NLOS components between the BS and the RIS and between the RIS and user k,
respectively. The matrix GtLOS € CM*N contains the phases for the LOS components
which were computed using the underlying geometry. In particular, for the m!”" element of
the BS and the n' element of the RIS, separated by 3D distance of d;,", the corresponding

phase shift is given by [GLOS ]m = exp (%) where )\; is the wavelength associated

with the corresponding carrier frequency. Similarly, the vector htLr i captures the N phase
shifts associated with LOS component between user k and the RIS. On the other hand,
GNLOS and hi\;LkO S capture the NLOS components associated with BS-RIS and RIS-user
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Figure 3.3: Uplink-Downlink trade-off region for @ = 0,0.1,...,1, where for a fixed «,
£ =0,0.1,...,1, with N = 200 and under independent weights.

k propagation channels, respectively. Moreover, the Rayleigh fading components G,{V Los

and h;0° are sampled with each entry i.i.d from CA(0,1).

For each user k, the BS-user channel h, 4 is modeled using Rayleigh fading. Particu-
larl
arly, Riap = VPINLOS hi\,[dl:kOS7 (3.30)

where PLVTOS is given in (3.28b) and the components of hgf dLJ? S are sampled i.i.d. from
CN(0,1). Unless otherwise specified, the Rician factors are x = 6 dB and {s;}X , = 8 dB,
and the number of antennas at the BS and RIS are M =4 x2 =8 and N = 20 x 10 = 200
serving K = 4 users. The numerical results were obtained by averaging the results over
100 independent channel realizations.

3.5.2 Uplink-Downlink Trade-off Regions

For a fixed time/frequency resource allocation defined by a fixed «, the relative priority
of uplink vs downlink is defined by the weight 3. In order to first explore the rate region
for a fixed «, the problem in (3.11) is optimized using the BCD algorithm for different
values of  from 0 to 1 under the independent weighting strategy. Figs. 3.3a and 3.3b show
the trade-off between average uplink weighted rates, given by (3.10a) and (3.8b), versus
average downlink weighted rates, given by (3.9a) and (3.8a), for « = 0,0.1,...,1 and both
FDD and TDD systems.
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Figure 3.4: Uplink-Downlink Rate region for N = 200 and equal weights.

By optimizing the fraction of time or band spent on uplink vs downlink, i.e.optimizing
a, the trade-off between UL-rate and DL-rate achieved by the BCD algorithm is found
and is given by the envelope of the curves in Figs. 3.3a and 3.3b, and shown in solid black.
This envelope represents the trade-off between UL weighted rates and DL weighted rates
under the joint design and UL/DL resource optimization.

The performance of the joint design envelope with respect to the individual design and
the fixed-downlink /fixed-uplink schemes are shown in Figs. 3.4-3.6 for the three user weight-
ing schemes. Four metrics are used to compare performance: the maximum DL gain of joint
design over fixed-uplink design, the maximum UL gain of joint design over fixed-downlink
design, and both the maximum DL loss and the maximum UL loss of joint design com-
pared to individual design. The two maximum gain metrics correspond to the maximum
improvement yielded by employing the joint design vs employing a fixed-downlink /fixed-
uplink design. Moreover, the loss of performance due to joint design compared with the
individual design is quantified using the maximum DL/UL losses.

Figs. 3.4a and 3.4b show the trade-off curves with equal weighting strategies for FDD
and TDD systems with N = 200 along with the 4 performance metrics described above.
Figs. 3.5a and 3.5b show the trade-off curves associated with PF weighting under FDD
and TDD systems, where the PF weights were obtained using the approximation in Section
3.3.2 for a large number of time slots s = 100. Similarly, Figs. 3.6a and 3.6b show the
trade-off curves with independent user weights, again for N = 200. From the figures, the
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Figure 3.5: Uplink-Downlink Rate region for N = 200 and PF weights.

improvement due to joint design compared with the fixed-downlink /uplink designs is more
significant as we deviate towards independent weights and as more flexibility in resource
allocation is needed.

Indeed, as shown in Fig. 3.6, the maximum UL gain due to joint design is 96% and the
maximum DL gain is 59% when independent weights are used under the FDD scenario.
This is compared to 61% and 43% when PF weights are used (Fig. 3.5a) and compared
to 66% and 45% when equal weights are used (Fig. 3.4a). The same pattern applies for
TDD where the maximum UL and DL gains are 28% and 27% when independent weights
are used. This is in contrast with max-UL and max-DL gains of 3% and 2% when PF
weights are used and 4% and 3% when equal weight are used as shown in Figs. 3.5b and
3.4b, respectively.

As outlined in Section 3.4.3, TDD benefits from channel reciprocity and hence the max-
UL and max-DL losses, of joint over individual design, are expected to be lower for TDD
compared to FDD. Under TDD, the max-UL loss is 0.3%, 0.8%, and 11% for equal, PF,
and independent weights, respectively. This is compared to 16%, 16%, and 20% for FDD.
Similarly, for TDD the max-DL loss is 0.2%, 0.6% and 11% for equal, PF, and independent
weights, respectively. This is in contrast with the higher losses in FDD of 16%, 15%, and
20%.

As shown in Figs. 3.6¢ and 3.6d compared to Figs. 3.6a and 3.6b, the joint design
provides greater benefits for larger N. The max-DL and max-UL gains increase from 59%

39



351 4r

= = =Individual Design = = =Individual Design
Joint design 35N T T T T Joint design
""""""" Fixed Downlink S seeerennns Fixed Downlink
= Fixed Uplink N 27 % - = Fixed Uplink

Downlink Rate (bit/sec/Hz)
Downlink Rate (bit/sec/Hz)

| | "l |

0 . . . . 0 . . . .
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
Uplink Rate (bit/sec/Hz) Uplink Rate (bit/sec/Hz)
(a) FDD, N = 200 (b) TDD, N = 200
45r 450 —
= = =Individual Design| |\~ = = =|ndividual Design
Joint design 4 Joint design
** Fixed Downlink 32 9% *++* Fixed Downlink
Fixed Uplink 35F ™~ |l [zm== Fixed Uplink

Downlink Rate (bit/sec/Hz)
Downlink Rate (bit/sec/Hz)

O0 0.‘5 1‘ K 0O 015 1‘ 1.‘5 . 2 25
Uplink Rate (bit/sec/Hz) Uplink Rate (bit/sec/Hz)
(c) FDD, N = 400 (d) TDD, N = 400

Figure 3.6: Uplink-Downlink region for N = 200 and N = 400, under independent user
weights.

40



N
[$)
N
(5]

Joint Design, N=400
= = Slicing-without-int., N=400
--------- Slicing-with-int.,N=400
Joint Design, N=200

= = :Slicing-without-int., N=200
------- Slicing-with-int.,N=200
Joint Design, N=50

= = Slicing-without-int., N=50
--------- Slicing-with-int.,N=50

Joint Design, N=400
= = :Slicing-without-int., N=400
--------- Slicing-with-int.,N=400
Joint Design, N=200

= = :Slicing-without-int., N=200
------- Slicing-with-int.,N=200
Joint Design, N=50

= = +Slicing-without-int., N=50
--------- Slicing-with-int.,N=50

N
IS
T

@
3
@
3

w
>
w

n
3
T
n
3

N
T+

N
T

o0
T

Downlink Rate (bit/sec/Hz)

Downlink Rate (bit/sec/Hz)

-
T
T

o
3

05

o

0.5 1 1.5 2 25 1.5 25

Uplink Rate (bit/sec/Hz) . Uplink Rate (bit/sec/Hz)
(a) FDD (b) TDD

o

Figure 3.7: Uplink-Downlink Rate region achieved by joint design and slicing benchmarks
for different N and independent weights.

and 96% for N = 200 to 86% and 159% for N = 400 in the case of FDD configuration. We
attribute this to the fact that as IV increases, performance is more dependent on the RIS.
Hence, a joint RIS design with optimized phase shifts becomes more beneficial compared
to fixed-downlink/fixed-uplink designs.

Fig. 3.7 shows, for independent weights, the uplink-downlink trade-off regions achieved
by the joint design and the two slicing benchmarks (slicing-with-interference and slicing-
without-interference) for different values of N under both FDD and TDD. The figure reveals
that for both FDD and TDD, the joint design outperforms the slicing-with-interference
and the slicing-without-interference benchmarks. This follows since for all values of N
in Fig. 3.7, the UL-DL region achieved by the joint design strictly contains the UL-DL
regions associated with the two slicing benchmarks. Furthermore, since slicing-without-
interference underperforms joint design, Fig. 3.7 also demonstrates that the interference
alone is not responsible for the inferior performance achieved by a sliced RIS.

Fig. 3.8 shows, for independent weights, the uplink-downlink trade-off regions achieved
by the joint design, individual design as well as fixed designs, all obtained using the BCD
algorithm 1. Moreover, Fig. 3.8 also shows (in blue) the uplink-downlink trade-off region
obtained by employing an individual design where the uplink and downlink problems are
optimized using Couenne numerical solver ([11]) with a time limit of 2.5 hours per channel
realization. The figure demonstrates the efficacy of the proposed BCD algorithm 1 in
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efficiently obtaining uplink-downlink trade-off region. For instance, in FDD, the maximum
DL gain due to joint design (using the BCD algorithm) over fixed designs is 59% and the
maximum DL gain due to individual design (using numerical solver) over fixed designs is
64%. Subsequently, the use of a time-intensive numerical solver (with up to 2.5 hours per
realization) achieves at most a 5% gain in terms of maximum DL or UL rates improvement
over a fixed design, compared to the BCD algorithm.

Fig. 3.9 shows the impact of the number of antennas at the BS on the max-UL and max-
DL gains of joint design over fixed-uplink/fixed-downlink designs as well as the max-UL
and max-DL losses of joint design over the individual design, under independent weights.
From the figure, as the ratio of passive beamforming elements to active beamforming
elements is increased, the performance of the system becomes more dependent on the
passive beamforming at the RIS and hence the performance improvement due to joint
RIS design is more substantial. Specifically, Figs. 3.9a and 3.9b show the uplink-downlink
trade-off regions for M = 4 and M = 16 under FDD with an RIS of N = 200 elements.
Comparing Figs. 3.9a and 3.9b with the case of M = 8 in Fig. 3.6a, the max-DL gain
increases from 40% to 59% to 84% as the antennas at the BS decrease from M = 16 to
M = 8 to M = 4. In a similar manner, the max-UL gain increases from 63% to 96% to
142% as the antennas at the BS decrease from M = 16 to M = 8 to M = 4. The same
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behavior was observed in TDD as demonstrated by Figs. 3.9c and 3.9d compared with
Fig. 3.6b as the max-UL gain increases from 20% to 28% to 35% and the max-DL gain
increases from 20% to 27% to 35% as the antennas at the BS decrease.

Zero forcing (ZF) beamforming/combining can also be used as a heuristic in order to
obtain beamforming/combining vectors with less complexity [13]. Fig. 3.10 shows the UL-
DL trade-off regions when ZF beamforming/combining is used for FDD and TDD with
N = 200. For FDD, compared to the results of Fig. 3.6a, the rate regions shrink when ZF
is used as the maximum achievable downlink rate is reduced from 3.26 bit/sec/Hz to 2.84
bit/sec/Hz and thus WMMSE yields an improvement of 15% over ZF. Similarly, MMSE
yields an improvement of 28% in terms of the maximum achievable uplink rate. The max-
DL gain increases slightly from 59% under WMMSE to 63% for ZF beamforming. The
max-UL gain of 96% is the same under MMSE and ZF combining. Hence, for ZF, the
improvement in performance due to joint design compared with the uplink/downlink fixed
design is similar to MMSE/WMMSE. Similarly for TDD, the rate regions shrink when
ZF is used as the maximum achievable downlink rate is reduced from 3.59 bit/sec/Hz to
3.12 bit/sec/Hz and thus WMMSE yields an improvement of 16% over ZF. The maximum
achievable uplink rate shows an improvement of 28% when MMSE is adopted compared
to ZF. Furthermore, under ZF the max-UL and max-DL gains are similar to those when
MMSE/WMMSE is adopted. Consequently, while ZF has lower complexity and perfor-
mance compared to MMSE/WMMSE, the relative performance gains of joint-design are
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about the same as MMSE/WMMSE.

3.5.3 Complexity Analysis

In this section, we present the computational complexity associated with the BCD algo-
rithm of Section 3.4. Moreover, we compare the overhead and computational complexity
associated with the BCD optimized joint RIS design and the fixed uplink /downlink heuris-
tic designs.

Computational Complexity

The BCD algorithm in Section 3.4 iteratively updates the downlink beamforming vectors,
uplink combining vectors, power control and RIS configuration blocks. We present the
per-iteration complexity associated with updating the BCD blocks.

Let M be the number of antennas at the BS, N be the number of RIS elements and
K be the number of users. To update the BCD blocks, the effective downlink and uplink
channels associated with user k need to be computed as given in (3.1a) and (3.1b). For t €
{UL, DL}, computing the k" effective downlink/uplink channel involves N multiplication
operations to multiply the diagonal matrix ©, by the reflected channel h;, ; and another
M N multiplication operations to multiply the aforementioned product by G;. Moreover,
M(N — 1) and M addition operations are needed to compute the expression in (3.1a) or
(3.1b). Subsequently, 2M N + N operations are needed to obtain the effective channel for
cach user k and hence the complexity of computing the K effective channels is O(KMN).

For given effective downlink channels {hpy, . }5_,, obtained with complexity O(KMN),
the downlink beamforming vectors {wy}5_; can be updated either using the WMMSE al-
gorithm or zero-forcing (ZF). For given effective channels, each (inner) iteration of the
WMMSE algorithm, presented in (3.13), is dominated by the matrix inversions and com-
puting the products hg L xwi as well as the search for the optimal Lagrange multiplier v
in each iteration of WMMSE. Hence, the per BCD-iteration complexity is O(IpK*M +
Igl, K M? + Igl,M?), where I is number of (inner) iterations needed for updating the
WMMSE algorithm and 7, is the number of iterations to search for v. Consequently, when
WMMSE is adopted, the complexity of computing the effective channels and updating the
downlink beamforming vectors is O(Cpr) where Cpr, = IgK*M + Igl, K M? + Igl, M? +
KMN. Alternatively, when ZF is used to update {wy}+_,, one update is needed and is
dominated by computing an M x M matrix inversion and K matrix multiplications of the
inverted matrix by an M-length vector. Consequently, when ZF is adopted, the complex-
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ity of computing the effective channels and updating the downlink beamforming vectors is
O(CDL) where Cp;, = M3 + KM? + KMN.

The (same) effective uplink channels {h, .}, obtained with complexity O(KMN),
are needed to update both the uplink combining vectors {v;, }_, and power control {p; }< ;.
For given effective uplink channels, updating the K combining vectors using the MMSE
receiver incurs a complexity of O(M? + K M?). This follows since computing the K com-
bining vectors in (3.14) is dominated by an M x M matrix inversion and K multiplications
of the inverted matrix by an M-length vector. Moreover, for given effective channels, the
fractional programming (FP) algorithm in (3.18), (3.16) and (3.17) is used to update the
uplink power {p;}% .. This incurs a complexity of O(K*M + [xK?), where I is the
number of iterations needed to update the power control. Subsequently, the complexity
of computing the effective channels and updating the uplink combining vectors and power
control is O(Cyr) where Cyp = M3+ KM? + K*°M + IpK? + KMN.

To update the RIS configuration, the A, x and ;5 expressions in (3.21a) and (3.21b)
need to be computed for t € {UL, DL} and for i,k € K. This incurs a complexity of
O(PKMN), where P = 2K corresponds to the K (downlink) beamforming vectors and
K (uplink) combining vectors. When the expressions in (3.21a) and (3.21b) are given,
each (inner) iteration of the RCG is dominated by computing the objective in the line
search and hence incurs a complexity of O(IIgkPKN), where I is the number of (inner)
iterations associated with the RCG algorithm and I, is the number of line search iterations.

Consequently, the complexity of computing the necessary expressions in (3.21a) and (3.21b)
and updating the RIS configuration is O(Cgreog) where Crog = [LIRPKN + PKMN.

For the scenario illustrated in Fig. 3.3, the BCD algorithm required an average runtime
of 9 ms per realization to optimize the joint UL-DL design for a given pair of o and f.
This result was obtained using a MATLAB implementation executed on an AMD Ryzen
7 5800X 8-core processor at 3.80 GHz.

Complexity Comparisons

We first compare the three proposed designs as well as the individual design in terms of
feedback overhead and configuration periods. In FDD, the uplink and downlink trans-
missions occur concurrently and hence an individual design is not achievable. In TDD,
an individual RIS design would constitute sending two sets of configurations to the RIS,
one for downlink and one for uplink. Conversely, the optimized joint design as well as the
fixed-uplink and fixed-downlink design involve sending one RIS configuration. Thus, these
designs halve the feedback overhead compared to the individual design. In practice, the
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individual design would also involve switching the RIS configurations between downlink
and uplink and hence the joint design and fixed-uplink/fixed-downlink designs also pro-
vide some reductions in power consumption and the duration of the period where the RIS
system can not be used for communication.

From the computational complexity analysis, RCG for fixed-uplink and fixed-downlink
requires only P = K terms in computing the objective, reducing the computational com-
plexity of this dominant term by a factor of 2 compared to a joint design. In addition,
the fixed-downlink (respectively, fixed-uplink) design iteratively optimizes the RIS con-
figuration using RCG and WMMSE (respectively, MMSE) algorithms. Then for a fixed
RIS configuration, the uplink combining vectors (respectively, downlink beamforming vec-
tors) are computed by applying the MMSE (respectively, WMMSE) once to the effective
uplink (respectively, downlink) channels. Hence, compared to an optimized joint design,
the complexity of a fixed-downlink design is reduced by Ip — 1 iterations of complexity
O(Cyp), where I is the number of outer-loop iterations and Cyp, indicates the number of
operations needed to update the uplink combining vectors and power control. Similarly,
compared to an optimized joint design, the complexity of a fixed-uplink design is reduced
by Ip — 1 iterations of complexity O(Cpy), where Cpy, indicates the number of operations
needed to update the downlink beamforming vectors.

Furthermore, compared to an individual design, the complexity of a fixed-downlink
design is reduced by Ip — 1 iterations of complexity O(Cy) and the operations needed
to optimize the uplink RIS configuration are eliminated. Similarly, a fixed-uplink design
incurs a lower complexity compared to an individual design by eliminating the need for
optimizing the downlink RIS configuration and reducing the complexity of beamforming
design by Ip — 1 iterations of complexity O(Cpy).

The aforementioned complexity comparisons, when combined with the trade-off regions
presented in Section 3.5.2, demonstrate the flexibility offered by the proposed joint design
as well as fixed-uplink and fixed-downlink designs in trading off spectral efficiency per-
formance for reductions in computational complexity, overhead and configuration periods.
These trade-offs may be particularly appealing when the reductions in overhead and com-
putational complexity can be achieved in exchange for marginal losses in spectral efficiency.
For instance, as demonstrated in Section 3.5.2, the fixed-uplink and fixed-downlink designs
perform almost as well as the individual design in TDD scenarios under equal and pro-
portional fair user-weighting strategies (but not independent weights). Thus, under these
scenarios, the fixed designs almost achieve the performance of the individual design but
with lower complexity than the BCD optimized joint design and individual design, and
lower overhead /power consumption than the individual design.
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On the other hand, in the FDD scenarios considered in Section 3.5.2, the proposed
joint RIS design performs substantially better than the fixed-uplink and fixed-downlink
heuristic designs and diminishes the gap to the individual design. In TDD, provided that
the user weights are independent, the joint design substantially improves the spectral effi-
ciency performance compared with the fixed-uplink and fixed-downlink heuristic designs.
Moreover, the relative performance improvement of the joint design over the fixed designs
increases as the ratio of RIS to BS elements increases. Hence, for these scenarios, the
complexity comparisons along with the trade-off regions allow the designer to trade-off
spectral efficiency with complexity and overhead when adopting an RIS design. For exam-
ple, if complexity is not a constraint, then the optimized joint design provides the highest
spectral efficiency in FDD.

3.6 Conclusion

This chapter has investigated jointly configured uplink-downlink RIS design for both
FDD and TDD multi-user systems. Trade-off regions between uplink and downlink rates
achieved by a jointly configured RIS design were obtained by formulating and optimizing a
WSP using a BCD algorithm. A joint design is essential to the operation of FDD systems
as uplink and downlink transmissions occur simultaneously and hence an individual design
is not physically realizable. In TDD, a joint design can substantially reduce signalling
overhead as well as reduce power consumption and configuration periods.

With the system configuration optimized by the proposed BCD algorithm, the effect of
different parameters on the improvement in spectral efficiency due to a jointly optimized
design compared to the fixed-downlink/fixed-uplink designs was investigated. When the
user weights become less uniform and as more flexibility in resource allocation is needed,
a joint design provides significant gains compared to the two heuristic designs (i.e., fixed-
uplink and fixed-downlink design).

Further, the improvement in performance due to joint design is similar under both
MMSE/WMMSE and ZF beamforming strategies. In addition, the optimized joint design
was compared to two slicing benchmarks, slicing-with-interference and slicing-without-
interference. This comparison revealed that the joint design significantly outperformed
the two slicing benchmarks and that the interference between the slices alone was not
responsible for the inferior performance achieved by a sliced RIS.

A complexity analysis of the joint and fixed designs was used along with the computed
trade-off regions to gain insights into scenarios where a marginal loss in spectral efficiency
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can be traded off for reductions in computational complexity, configuration periods, and
overhead. In FDD, the gains achieved by the joint design compared with the alternative
schemes were significant in all considered scenarios and thus the joint design has significant
benefits for FDD in all scenarios. For TDD, the joint design yields substantial benefits
compared to fixed-downlink/fixed-uplink under independent weights. Moreover, the rela-
tive performance improvement of the joint design over the fixed designs increases as the
ratio of RIS to BS elements increases. Otherwise, in TDD, the fixed-uplink (i.e., using the
optimized UL RIS design for both UL and DL transmissions) and fixed-downlink designs
(i.e., using the optimized DL RIS design for both UL and DL transmissions) achieve almost
the same performance as the individual design (separately optimized RIS configurations for
UL and DL) but with less complexity than the jointly optimized design, or the individual
design.
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Chapter 4

A Hypernetwork Framework for
Learning Adaptive Beamforming
Schemes in RIS Systems

4.1 Introduction

Channel estimation and physical layer-based resource allocation, including RIS phase shifts
and active beamforming configurations, are typically treated as two separate problems.
First, user pilots are employed to estimate CSI based on specific criteria (e.g., MSE), as
explained in Section 2.3. Then, given the estimated CSI, the RIS reflection coefficients
are optimized using mathematical optimization methods such as those outlined in Section
2.2.1. Alternatively, data-driven methods offer a tractable approach to bypass explicit CSI
estimation and directly optimize the RIS beamforming configuration from noisy pilots,
resulting in a form of implicit channel estimation [129, 52].

In [129], an implicit channel estimation method was proposed for user scheduling prob-
lems. Moreover, in [52], neural networks were trained to map pilot information to the RIS
beamforming configuration that optimizes the downlink equal weighted sum-rate, demon-
strating the significant potential of implicit channel estimation. In practical systems, fair-
ness requirements, service priorities, and long-term channel conditions are typically ac-
counted for through user weights. Therefore, the goal of this chapter is to efficiently learn
RIS beamforming configuration schemes that directly exploit noisy pilots to optimize the
weighted sum-rate (WSR).
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To accommodate different sets of user weights, one approach would be to train a sepa-
rate model for each set of user weights. However, this approach is intractable in practical
systems as even a coarse quantization of the user weights would require training a pro-
hibitive number of models. A second approach is to directly extend existing learning
methods by including the user weights as an input along with the pilot information. Then,
a single neural network is trained to work for every possible set of user weights. This is
referred to as the static learning approach.

Neural networks are theoretically known to be universal approximators under certain
asymptotic conditions [11]. However, a single network with a practical number of layers
and hidden units, trained using stochastic gradient descent methods, can be limited in how
well it can approximate the function that maps the available information to the optimized
beamforming configuration. Additionally, the static learning approach has a fundamental
limitation as the deep learning model, once it is trained, would have fixed learning parame-
ters that cannot be tuned to reflect changes in user weights (or other available information).
Consequently, this can result in a significant loss in spectral efficiency, as demonstrated by
the numerical experiments in Section 4.6.

To address the static learning approach limitations and provide a better approxima-
tion to the beamforming problem, we propose a novel hypernetwork-based beamforming
(HNB) framework. Particularly, a neural network, called beamforming network (BFN), is
designed to leverage all available information including pilot information to generate the
RIS beamforming configuration that maximizes the downlink WSR. Under the proposed
HNB framework, instead of directly learning a single BFN to generate beamforming con-
figurations, another network (called hypernetwork) is trained to dynamically generate a
subset of the BFN learning parameters based on an input conditioning vector. Conse-
quently, a trained HNB composed of a BEN and its tuner (i.e., hypernetwork) represents
a family of beamforming networks parameterized by the conditioning vector.

Hence, if the conditioning vector is chosen to be the user weights, the trained HNB
scheme is able to tune (adapt) the learning parameters of the BFN to the user weights.
This effectively allows the HNB, during deployment, to generate a different BFN for each
input condition (e.g., user weights) without having to retrain for the new input condition.
As demonstrated in Section 4.6, over a wide range of practical scenarios, tuning the BFN
to the user weights enables the proposed HNB to operate close to an optimistic BCD
algorithm with perfect CSI benchmark. Moreover, the HNB yields substantial performance
gains compared to static learning schemes that directly extend existing learning methods.

When location information is available, the hypernetwork’s conditioning vector can
also be exploited to tune the BFN learning parameters to the user location information
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(in addition to user weights). As illustrated in Section 4.6, by tuning the BFN to the user
weights and locations, an HNB scheme significantly outperforms static learning schemes
and considerably reduces the number of pilots needed to provide performance close to the
BCD with perfect CSI benchmark.

The work in [41] first introduced hypernetworks for applications in machine translation
and image processing. In [79], hypernetworks were leveraged to investigate the Pareto
front associated with multi-class classification and multi-task regression problems. More-
over, [125] employed hypernetworks to design adaptive MIMO detectors. The work in
[67] exploited hypernetworks to transfer channel features from uplink to downlink in an
FDD MIMO system and thus enable more efficient CSI estimation in FDD massive MIMO
systems.

4.1.1 Contributions and Key Findings

In this chapter, we employ hypernetworks to capture a family of beamforming networks
that can be tuned to user weights and, if available, user location information. Subse-
quently, hypernetwork-based beamforming is shown to effectively approximate solutions
to RIS beamforming problems, significantly reducing the number of pilots needed to con-
figure the RIS and thereby addressing a key challenge in integrating RIS systems into
future communication networks. The contributions and key findings of this chapter can be
categorized as follows:

i) problem formulation and analysis:

e We consider beamforming schemes that directly leverage noisy uplink pilots to maximize
the downlink weighted sum-rate in multi-user RIS TDD systems. For this, an adaptive
beamforming configuration problem is formulated to generate the beamforming config-
uration that optimizes the weighted sum-rate, parameterized by pilot information and
user weights.

e Under some regularity conditions, this adaptive beamforming configuration problem
is shown to attain a maximum and its solution optimizes a family of beamforming
configuration problems.

ii) dynamic approximation via HNB framework:

e To approximate solutions to the formulated problem, a hypernetwork-based beamform-
ing (HNB) framework is proposed. Particularly, a beamforming network (BFN) is de-
signed to leverage available information (i.e., pilot information and user weights) to
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generate optimized beamforming configurations. Rather than directly training one set
of BFN learning parameters, another network (called hypernetwork) is trained to tune
the BFN by dynamically generating a subset of the BFN learning parameters based on
an input conditioning vector (e.g., user weights) fed to the hypernetwork.

e During deployment, the family of beamforming networks captured by the trained HNB
can be used to generate different BFN learning parameters for each input condition
without having to retrain for it.

iii) numerical results and key findings:

e Numerical experiments show that, even with limited training, the proposed HNB schemes
can achieve significant performance improvements over schemes that directly extend ex-
isting methods (i.e., static-learning benchmarks) and bridge the gap to an optimistic
block-coordinate descent with perfect CSI (denoted BCD-perfect-CSI) benchmark.

e Moreover, by tuning the BFN to both the user weights and locations, an HNB scheme
is shown to considerably reduce the number of pilots needed to provide performance
close to (within 10% of) the optimistic BCD-perfect-CSI benchmark.

e Furthermore, the numerical results show that the improvements introduced by the HNB-
based schemes over existing methods persist for different scenarios characterized by
different user weighting strategies, number of user pilots, noise considerations, Rician
factors, and user location availability.

4.2 System Model and Signal Transmissions

In this chapter, a downlink time-division-duplexing (TDD) RIS system is considered where
an N-element RIS assists an M-antenna base station (BS) in serving K users. Moreover,
to acquire the necessary CSI, uplink pilots and training RIS reflection coefficients are
employed.

The channel between the BS and RIS is denoted by G' € CM*N and the channel
between the RIS and the k™ user is k., € CN*!, where t € {DL, UL} indicates whether
the downlink or uplink channel is considered. Further, the direct channel between the
BS and user k is given by hg}k € CM>1 Here, quasi-static flat fading is assumed for all
channels. An overview of the considered system is shown in Figure 4.1.

4.2.1 Downlink Data Transmission

The BS transmits a precoded signal x”f = Zle wy Sy, where the downlink information
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Figure 4.1: Considered multi-user RIS system where ¢t € {DL, UL}, indicates
the downlink or uplink channel.

symbols s1, ..., sk are i.i.d. with zero-mean and unit power, and the column vector wy €
CM is the transmit beamforming vectors of user k. The RIS elements are indexed as
n € {1,..., N} and each RIS element is associated with a reflection coefficient 6,, = e=7V».
Here, ¥, € [0,27) is the phase shift introduced by the n'" RIS element. The RIS is
designed to assist signal transmissions in downlink by passively beamforming using the
RIS reflection coefficients ® = [y, .....,0y]. Subsequently, the effective downlink channel
between the BS and k™ user is given as h’ = hg,f + G diag(©) hf,f.

In downlink, the signal received by user k € K is expressed as

DL DINT DINT DL
y” = (hy ") wesk + 5 (M) wsi+ g
N—_—— 1€, i#£k
NS g
Intended signal ~” v
ntended signa MU-interference AWGN

where nP* ~ CN(0,0%;) is the circularly symmetric complex additive white Gaussian

noise (AWGN) associated with user k. Thus, for user k& € K, an achievable downlink rate
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in bit/sec/Hz is given by

(") T2 ). (4.1)

Ry = log, (1 +
Diek itk (") wi]? + 03,

4.2.2 Uplink Pilot-based CSI Acquisition

For a channel training period of I slots, uplink pilot symbol transmissions are employed
to acquire the CSI necessary for downlink data transmissions. In particular, in each slot
i€Z=1{1,...,1}, the RIS reflection coefficients are set to a training configuration @gL .
Moreover, for user k € K and training slot ¢ € Z, each user transmits a pilot symbol
2Vl = \/pisVE. Here, sVF € C and p, > 0 are the pilot symbol and the uplink transmission
power associated with user k, respectively.

In training slot i € Z, for a given ®Y%, the signal received by the BS is given by

yr =" (hYE 4+ GV diag(@FF) hUE)alE + T, (4.2)
where nVL ~ CN(0, 0%, 1,/) is the AWGN at the BS. The pilots received over the training
period are captured by the matrix Y = [y?L, ceey y?L] . The pilot matrix Y is subsequently
leveraged to generate the beamforming configuration (i.e., transmit beamforming vectors
and RIS reflection coefficients) that maximize the weighted sum-rate of the considered
multi-user RIS system. For the considered TDD system, channel reciprocity as confirmed
in works such as [85], is assumed.

4.3 Problem Formulation

In this section, we first formulate an adaptive beamforming configuration problem that
leverages noisy pilots and user weights to generate the beamforming configuration that
optimizes the weighted sum-rate associated with an RIS system. Subsequently, under
mild regularity conditions, we show that this adaptive beamforming configuration prob-
lem attains a maximum and its solution optimizes a family of beamforming configuration
problems.
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4.3.1 Adaptive beamforming configuration problem formulation

In this work, no prior CSI knowledge is assumed. The user weights, capturing the relative
priority when allocating resources, are denoted by the vector I' = [I'y, ..., k| such that
0 <Ty <1forall ke K. The goal is to directly exploit pilot information Y and user
weights T' to optimize the transmit beamforming vectors W = [wy, ..., wg] and the RIS
reflection coefficients @. The pair (W, ©®) are collectively referred to as the beamforming
configuration of the RIS system.

Since the user pilots are noisy and CSI is therefore not perfectly known, there is uncer-
tainty as to what rate (i.e., reward) will be achieved. Subsequently, for Z 2 (Y,T') and
following a stochastic optimization approach [12], the objective is to find a policy (i.e., a
mapping) F(.) such that (W, ) = F(Z) optimizes the expected downlink weighted sum-
rate (WSR) over the joint distribution of channels, user weights and noisy pilots. Towards
this goal, an adaptive beamforming configuration problem is formulated as

sup B[ S TR (W.0) (4.32)
subject to (W,0) =F(Z) (4.3b)
W5 < P (4.3¢)
[®].] =1,n €N, (4.3d)

where (@], is the n'® component of ® and the sup in (4.3) is taken over all measurable
mappings F. Moreover, the downlink rate Ry is as given in (4.1) and the expectation is
over the distribution of the downlink channel components G”* and {th7 F hf L) ke, user
weights I' and received uplink pilot information Y. As indicated by (4.3c), the transmit
beamforming vectors W are subject to the sum-power constraint with P2~ indicating the
maximum sum power at the BS.

We note that problem (4.3) was formulated with sup to emphasize that in general, for
problems such as (4.3), it is not guaranteed that there exists a measurable mapping that
attains the maximum [12, Chap. 10].

4.3.2 Analyzing the adaptive beamforming configuration prob-
lem

Solutions (and approximate solutions) to the adaptive beamforming configuration problem
of (4.3) are of interest as they characterize a family of beamforming schemes parameterized
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by Z = (Y,TI'). Once obtained, such solutions can be employed to adaptively generate W
and © that optimize the WSR for different user weights and pilot information.

In this section, under some regularity conditions, we show that the adaptive beamform-
ing configuration problem of (4.3) attains a maximum and its solution optimizes a family
of beamforming configuration problems. To show this result, we first introduce, for each
user, the notion of a capacity bound Uy, and an associated regularity condition.

Specifically, the downlink achievable rate of user k, R(W,®), can be upper-bounded
as follows,

| ( ‘(h’dk +G"F diag(@)hf,f)kaP )
o}
20T T (hEE + GPT diag(@)RD)) T wi? + o3,
&
hly 4+ GP" diag(©)h)) T w),|?
Slogz (1+ |( 1 g( ) r,k) k‘| )
UDL
_10g2(1+(” dkH Zn 1‘ nrk’“g H) max)
UDL
A U, (4.4)

where w), is the elementwise complex conjugate of wy. Moreover, g2 is the n'* column
of GPL, and (a) follows as
(R + GP" diag(©) k) wy|
< |(hgy) @il + (G* diag(@) o)y

<\|th£I|Ilwk|l+||wk!|Z|h el g 1.
n=1

We note that the bound in (4.4) does not depend on the choice of ® or W. Next, we
introduce a family of beamforming configuration problems by conditioning on the pilot
information Y = y and user weights vector I' = . Particularly, for each given z = (y, ),
this conditional beamforming configuration problem can be expressed as

K
ow E[Zk: TwRy (W, 0) |2 = z] (4.5a)
subject to W3 < PPE (4.5b)

O] =1,neN. (4.5¢)
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Here, the expectation is over the downlink channels and conditioned on realizations z =
(y,7v) of Z = (Y,I'). Proposition 4.1 below shows that under mild assumptions, the
adaptive beamforming configuration problem of (4.3) attains a maximum and an optimizer
of Problem (4.3) also maximizes the conditional problem in (4.5) for almost all y and ~.
As shown following Lemma 1 of Appendix A.3, common fading models such as Rician,
Rayleigh, and Nakagami satisfy the E[Uy] < oo assumption of Proposition 4.1.

Proposition 4.1. If E[Uy] < oo for all k € K and the joint distribution on the channels,
pilots and user weights does not depend on the choice of F(Z), then:

(a) The adaptive beamforming configuration problem in (4.3) attains a mazimum that can
be achieved by a family of solutions F(Z) obtained from the conditional problem in (4.5).

(b) Suppose that F*(Z) optimizes the problem in (4.3), then for F(Z) of part (a) above,
E| S neri(F(2))|2
X n(2)|Z =5
K ~
= E[Zkzl TwRi(F(Z))|Z = z} (4.6)
for almost all z.

The proof is given in Appendix A.3.

To dynamically approximate solutions to the computationally intractable optimization
problem in (4.3), in the next section, a novel HNB framework is presented. Under the
HNB framework, a BFN is structured to leverage Z = (Y,I') to generate the beam-
forming configuration (comprised of transmit beamforming vectors W and RIS reflection
coefficients @) that optimize the WSR. Rather than directly learning the BFN, another
network (called hypernetwork) is trained to dynamically generate a subset of the BFN
learning parameters based on an input conditioning vector Z. Thus, by choosing 2 = T,
the trained HNB represents a family of BFNs, parameterized by the user weights. During
the deployment stage, the HNB is expected to provide a better approximation to the op-
timal beamforming solution compared to the case where a single BFN is directly trained
to optimize beamforming configurations for all user weights. This follows as the trained
HNB can tune the learning parameters of the BFN to the user weights and any additional
information provided by E.
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4.4 Hypernetwork-based Beamforming Framework

4.4.1 Hypernetwork-based beamforming

To optimize the WSR objective in (4.3), a BFN, parameterized by learning parameters
W, is structured to map the pilot information Y into an optimized beamforming config-
uration comprised of transmit beamforming vectors W= [w;, ..., wg| and RIS reflection
coefficients @. In addition to the pilot information Y, the BFN exploits other available
information 7, including the user weights I" and (if available) the user locations p, ..., pk.
The latter may improve the performance achieved by the generated beamforming configu-
ration. Subsequently, the BFN can be expressed as a mapping g(.; W) such that

(W,0) =g(Y,n;W), (4.7)

where W denotes the BFN learning parameters. Rather than statically learning one set
of W, in an HNB framework, the learning parameters W are partitioned into 2 compo-
nents W = (Wg, Wp). Here, the Wg component remains statically trained while the
learning parameters Wp are dynamically generated by another neural network (called hy-
pernetwork) based on an input conditioning vector E. Particularly, the hypernetwork is a
mapping

Wp = f(E;Wha), (4.8)
where the input conditioning vector to the hypernetwork is 2 and Wy denotes the learning
parameters associated with the hypernetwork. Unless otherwise stated, the user weights
I' are fed to the hypernetwork, i.e., 2 = I', and the HNB scheme (comprised of the
hypernetwork and the beamforming network) represents a family of BFNs, where Wp
is parameterized by I'. Under the proposed framework, the hypernetwork is trained to
generate the Wp parameters of the BEN that optimize the WSR, corresponding to the
following hypernetwork-based beamforming learning problem:

e B[ S TuR(W.0) ] (4.90)
subject to (W,0)=9(Y,n;Ws, Wp) (4.9b)
Wp = f(E;Wg) (4.9¢)
W% < Pra (4.9d)
[©].] =1,n e N. (4.9¢)

The expectation in (4.9) is over the distribution of user weights, downlink channels and
received uplink user pilots.
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Figure 4.2: Hypernetwork-based Beamforming architecture. A hypernetwork is trained to
output the learning parameters Wp of the beamforming network.

4.4.2 HNB Architecture

The architecture of the hypernetwork-based beamformer is shown in Fig. 4.2. The beam-
forming network is implemented using a deep neural network with learning parameters
Wy and Wp. Moreover, the hypernetwork, implemented using a deep neural network
with learning parameters Wy, is trained to generate a subset Wp, of the learning param-
eters of the BFN based on an input conditioning vector E (e.g., E = I"). In particular, for

(W.,0) =g(Y,n;Ws, Wp) and Wp = f(E; Wg), the loss function —E Zszl Ly Ry (W, @)]
is used to update the learning parameters Wy and Wg.

We emphasize that the proposed HNB framework can also be employed to tune the
learning parameters of the BFN to the user locations, in addition to the user weights'. In
this case, 2 = (T, {p, }_,) and as will be seen in Section 4.6, the number of pilots required
by the proposed HNB to design the beamforming configuration is significantly reduced.

In this work, the hypernetwork is implemented using a fully-connected deep neural
network. The beamforming network is designed using either a fully connected neural

1Unless otherwise specified, the beamforming learning schemes do not leverage location information
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network (FCNN) or a graph neural network (GNN) architecture:

BFN design- FCNN Architecture

The BFN is comprised of an input processing layer, P hidden layers, and an output layer.
As illustrated in Fig. 4.2, normalization layers are used to impose the constraints on the
generated transmit beamforming vectors W and RIS reflection coefficients @: the function
ow(W) = /PPLEW /||W]|| . enforces a sum-power constraint on W and the function
0¢(0,) = 0,,/|0,| enforces the unit-modulus constraints on the ©.

BFN design - GNN Architecture

In this case, the BFN is comprised of an input processing layer, Ly GNN layers indexed
byl € Lg ={1,...,Lg} and an output layer with normalization. Each of the Ly GNN
layers is comprised of Ng nodes Ng = {1,..., Ng} [97]. For each layer | € Lg, a node i €
N employs aggregation networks and combination networks to update its representation
dl(-l) using information from previous layers and its neighboring nodes [115].

o _

The aggregated information associated with node 7 at layer [ is computed as a;

v, ({q(l) (dﬁ"”)}iem), where q(l)» is an aggregation network, W, is a permutation invariant

a,i a,t
pooling function, and N; is the set of neighbors associated with node i. Next, dgl) is
computed by combining the aggregated information az(»l) with dgl_l) from the previous

layer. Specifically, the representation is updated as dl(-l) = qu (dgl_l), a,l(l)>, where q((:lz is
a combination network. The node representations associated with the final GNN layer
are processed to generate the RIS configuration and beamforming vectors. Similar to the
BFN-FCNN architecture, the constraints on the generated W and © are enforced using

normalization layers.

4.5 Proposed HNB Schemes and Benchmarks

Depending on whether a FCNN or a GNN architecture is adopted for the BFN design,
two HNB schemes, denoted HNB-FCNN and HNB-GNN, are proposed to approximate
solutions to the beamforming learning problem (4.3). In this section, we present the
implementation details of the proposed HNB schemes along with four benchmarks: an
optimistic BCD benchmark with perfect CSI and three alternative static deep learning
beamforming schemes.
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Table 4.1: BFN Architectures

A. BFN-FCNN Architecture

Network Parameterization Number of parameters
qEENN 2M KT x 512 x 512 x 512 x (2M K + 2N) p=pi+pn+po

pi = (2MKT) 512

pn = 2(512) (512)

po = (512) MK + 2N)

B. BFN-GNN2 Architecture C. BFN-GNN3 Architecture
Network Parameterization Number of parameters Parameterization Number of parameters
User 2MT x 1024 x 512 Xia 2MT x 1024 x 512 x 512 Bia

qRs 512 x 1024 x 512 Xiz2 512 x 1024 x 512 x 512 Bia
a; 512 x 512 x 512 Xa 512 x 512 x 512 x 512 Ba
as 512 x 512 x 512 Xas2 512 x 512 x 512 x 512 Ba
) 512 x 512 x 512 Xe 512 x 512 x 512 x 512 Ben
ay 512 x 512 x 512 Xas3 512 x 512 x 512 x 512 Bass
al}, 512 x 512 x 512 Xe2 512 x 512 x 512 x 512 B
qV 512 x 2M Xoul 512 x 2M Bon
qtd 512 x 2N Xo2 512 x 2N Bon

4.5.1 Benchmarks

In order to evaluate the performance of the proposed HNB schemes, an optimistic bench-
mark and 3 alternate static deep learning beamforming schemes are presented:

BCD-perfect-CSI benchmark

Under this optimistic benchmark, perfect CSI is assumed, and a block-coordinate de-
scent (BCD) algorithm iteratively employs manifold optimization and weighted MMSE to
optimize the beamforming configuration of the RIS system [10].

Static-FCNN benchmark

The BFN, denoted g5\N, is implemented with an input layer, P = 3 hidden layers of
512 units and an output layer with normalization as described in part A of Table 4.1. Under
this static approach, the BFN is trained to work for every possible set of user weights. In
particular, the BFN is directly trained to utilize the pilot information and user weights to
optimize the WSR.
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Static-GNN2 benchmark

The K users and RIS are modeled using a graph representation of K + 1 nodes, indexed
by i € Ng ={1,..., K+ 1} and the BFN is implemented with an Lg = 2-layer GNN (i.e.,
the GNN of [52]). The BFN is fed with the pilot information and user weights and is
then directly trained to optimize the WSR. The implementation details of the network
components forming the static-GNN2 scheme are provided in part B of Table 4.1 and
explained in Appendix B.

Static-GNN3 benchmark

The static-GNN2 scheme is extended by adding an additional GNN layer (i.e., Lg = 3).
Moreover, the sub-networks associated with the input layer as well as the sub-networks of
each GNN layer are also extended by adding an additional hidden layer of 512 units. The
implementation details are provided in part C of Table 4.1.

Extensions of the static-FCNN scheme above were considered by increasing the number
of hidden layers and/or increasing the number of units per hidden layer. However, none
of these extensions resulted in significant spectral efficiency performance improvement.
Similarly, static-GNN extensions did not yield significant improvements.

4.5.2 Proposed Schemes

The performance of the proposed HNB architecture of Fig. 4.2 is evaluated under two BFN
designs:

Proposed Scheme 1- HNB-FCNN

In this HNB scheme, to ensure a fair comparison, the static-FCNN scheme and its inputs
are adopted as the BFN. The learning parameters of BFN are partitioned into a static
component and a dynamic component. The static component is directly trained, while the
dynamic component of the BFN’s learning parameters is generated by the hypernetwork.
Specifically, the hypernetwork is trained to dynamically generate the learning parameters
associated with the last two hidden layers of the static-FCNN scheme. The hypernetwork
is implemented using a network of size H x 300 x 200 X pp,, where py, is specified in Table 4.1.
The value of H depends on the input to the hypernetwork: (i) if only the user weights
are used then H = K and (ii) if both the user weights and user locations are used then
H=4K.
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Proposed Scheme 2- HNB-GNN2

To ensure a fair comparison, the BEN is the static-GNN2 described above along with
its inputs. The learning parameters of the BFN are divided into a static component and
a dynamic component. The hypernetwork is trained to generate the learning parameters
associated with the combination networks qil)j and quj for [ = 1,2 (see Table 4.1). The
hypernetwork is implemented as a network of size H x 300 x 200 X (2x.1 + 2Xc,2), Where
X1 and x.o are given in Table 4.1.

We remark that the proposed HNB and alternate learning schemes directly exploit
noisy pilots to optimize the beamforming configuration of the RIS system. Conversely, the
BCD-perfect-CSI benchmark employs an iterative algorithm to optimize the non-convex
beamforming problem and assumes perfect CSI knowledge. Further, the beamforming
learning schemes above can exploit user location information along with user pilots to
reduce the number of pilots needed to design the beamforming configuration of the RIS
system.

4.6 Numerical Experiments

Numerical experiments are employed to evaluate the efficacy of the proposed HNB frame-
work in maximizing the WSR. The spectral efficiency achieved by the HNB schemes and
benchmarks are evaluated under two user weighting strategies: one that emphasizes sig-
nificant variation in user priorities (independent user weights) and another that provides
proportional-fairness (PF user weights). Further, by adapting the BFN to user locations
(if available), numerical experiments demonstrate that the number of pilots needed to con-
figure the RIS system can be significantly reduced compared to the static learning schemes
where locations are only fed into the BFN as inputs.

4.6.1 System and Channel Models

Fig. 4.3 outlines the considered downlink TDD system where a base station (BS) serves
multiple users and is assisted by an RIS. The RIS is a uniform rectangular array (URA) of
N =10x 10 = 100 elements and the BS is a URA of M = 4 x 2 = 8 antennas. The BS and
the RIS are placed at (JIBs, YBs, ZBS) = (0, 250, 25) m and (IR]S,ijs, Zst) = (250, 0, 15)
m, respectively. For k € K = {1,...,4}, the user location p, = (zx, yx, 2x) is generated
such that zp = 1.5 m and (xg, yx) coordinates are uniformly generated inside an x-y disc
of center (z.,y.) = (250,30) m and radius R = 25m.
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Figure 4.3: Top-view for the considered multi-user RIS system.

The considered downlink system operates at a frequency f = 1.5 GHz with a bandwidth
B of 20 MHz. The maximum downlink transmission power is PP?L = 25 dBm and the
downlink noise power is 0%, = B x Ny X Fpy, where the noise figure in the downlink is
Fpr, =9 dB and Ny = —170 dBm/Hz. Over the training period of I slots, uplink pilots
are used to acquire pilot information needed for optimizing the beamforming configuration
of the considered RIS system. For k € K ={1,..., K} and i € {1,..., I}, the uplink pilot
powers are p;, = 23 dBm and the uplink noise power is 0, = B x Ny x F;, where the noise
figure in uplink is Fyp, = 5 dB. Channel reciprocity in this TDD RIS system is assumed, as
established experimentally in [35]. Subsequently, the superscript t € {UL, DL}, indicating
whether the uplink or downlink channel is considered, is omitted for simplicity.

The channel between the BS and user k£ undergoes Rayleigh fading and is given by
hg, = \/PLN(dB,k)hé\kaOS,where the components of hikaOS are generated ii.d. from
CN(0,1). Here, dgy is the 3D distance between the BS and user k, and the non-line-of-
sight (NLOS) path loss is PLy(dsp) = 13.54 + 39.08log,,(dsp) + 201og,,(f) dB [1].

The BS-RIS channel G and RIS-user k channel h,j are modeled as Rician fading.
Given that Gr,g € CM*N and hf’zs € CN*! are the LoS components of the BS-RIS and

RIS-user k channels, and G nr.5 € C**Y and hfy,fos € C¥*! are the NLoS components of
the BS-RIS and RIS-user k channels, then G' and h, , are given by

G = \/PLL(dB,I)<\/ 1 i ~Gros +/ 14—% GNLoS)a
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Here, dp; and d;j indicate the 3D distance between the BS and RIS and the distance
between the RIS and user k, respectively. The Rician factors associated with the BS-
RIS and RIS-k" user channel are given by k and {rsj},, respectively?. Moreover, the
LOS path loss in dB is PLp(dsp) = 28 4+ 22 log,o(dsp) + 20log(f) dB [I]. For djp5"
indicating the 3D distance between the m'® BS antenna and the n'* RIS element and
Apr, indicating the wavelength associated with downlink transmission, the components
of Gr,g are [GLOS]m’n = exp (2mjdyp'/Apr). The components of Gyros € CM*N and

hYEo% € CN*! are generated ii.d. from CA(0,1).

4.6.2 Channel Training and CSI Acquisition

The channel training period, comprised of I = KT slots, is divided into T' sub-frames of
K symbols each. For each sub-frame 7 € T = {1,...,T}, the RIS reflection coefficients
can be designed to facilitate CSI acquisition. For numerical experiments, adopting the
training RIS reflection coefficients in [52], the RIS is set to a randomly generated training
configuration ®Y” such that {®Y}7_ are independent. In sub-frame 7 € T, each user k
transmits an orthogonal pilot sequence ¥ € CX*! and correspondingly over K symbols,
the BS receives the pilot signals Y, = [y?i DE41 e ,yYE]. Here, y¥* is as given in

(4.2). Correlating the sub-frame pilot information Y, with the k™ pilot sequence zV”

yields the pilot information associated with user k as g7 = LY, z{". The matrix Y, =

[@[1]5 yees ,@%] then represents the pilot information contributed by user k across the T

sub-frames and is used to train and test the beamforming learning schemes.

4.6.3 Optimizing WSR under significant variation in user prior-
ities

In this section, we demonstrate the efficiency of the two proposed HNB schemes (HNB-
GNN2 and HNB-FCNN) compared to the alternate schemes (e.g., static-FCNN, static-
GNN2, and static-GNN3) when there is significant variation in user weights. In particular,
the downlink weighted sum-rate optimization problem is first considered for an indepen-
dent user weighting strategy. Under this strategy, the user weights are independently and

2Unless otherwise specified, the Rician factors are all equal and chosen to be either 4, 6, 8, or 10 dB.
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Figure 4.4: Average downlink WSR on testing data after different number of training
epochs, for independent user weights, 7' = 20, and Rician factor of 10 dB.

uniformly generated on [0,1], then normalized (i.e., >, Iy = 1). In Section 4.6.4, a
proportional-fair weighting scheme will be considered.

Training and Testing of proposed HNB and Alternate Schemes

The HNB-GNN2 and HNB-FCNN hypernetwork-based beamforming schemes, proposed
in Section 4.5, were implemented using Tensorflow and the hypernetwork training of [11].
Adam optimizer was used to train the HNB-GNN2 and HNB-FCNN to optimize the
hypernetwork-based beamforming learning problem (4.9). Each training epoch is com-
prised of 250 iterations and the initial learning rate was set to 1 x 10~* with a decay rate
of 0.99 for each 800 iterations. For each iteration, the learning parameters of the schemes
were updated using 400 training samples. The performance of the trained models was
then assessed by averaging the achievable normalized WSR over 1000 new independently
generated test samples.
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Impact of BFN Training and Architecture

For T = 20 pilots per user and without location information, Fig. 4.4 shows the testing
WSR performance of the two proposed hypernetwork-based beamforming learning schemes
(HNB-GNN2 and HNB-FCNN) and three alternate static schemes (static-FCNN, static-
GNNZ2, and static-GNN3) as a function of the number of training epochs. The beamforming
schemes were trained for a maximum of 700 epochs. Further training yielded no significant
improvement in the WSR performance.

Fig. 4.4 demonstrates that the proposed HNB-GNN2 and HNB-FCNN schemes sig-
nificantly outperform the static schemes, including the static-GNN3 scheme that features
an additional GNN layer and deeper sub-networks compared to static-GNN2. For in-
stance, the proposed fully-trained (after 700 epochs) HNB-GNN2 scheme improves on the
fully-trained static-FCNN, static-GNN2 and static-GNN3 schemes by 44%, 38% and 33%,
respectively. Similarly, after 700 epochs, the proposed HNB-FCNN scheme outperforms
the static-FCNN, static-GNN2 and static-GNN3 schemes by 28%, 23% and 18%, respec-
tively. It is to note that for both static and hypernetwork-based schemes, a GNN-based
beamforming network outperforms the corresponding FCNN-based network.

From Fig. 4.4, it is also seen that even with limited training, the proposed HNB-
GNN2 and HNB-FCN schemes outperform fully-trained static beamforming schemes. For
example, in terms of testing WSR, the proposed HNB-GNN2 and HNB-FCNN schemes
outperform the 3 fully-trained static learning schemes after only 10 and 50 training epochs,
respectively. This demonstrates the efficacy of the proposed HNB schemes in terms of
optimizing the WSR in different scenarios.

It is to note that, although not shown, a massive MIMO scenario with M = 8 x 8 = 64
base station antennas and N = 200 RIS elements was considered and in this case the
proposed HNB scheme also provided significant improvements over the corresponding static
learning benchmarks.

Impact of user pilot and location information availability

Fig. 4.5 shows the impact of pilot and location information availability on the testing
WSR. achieved by the proposed HNB-GNN2 scheme and alternate static-GNN3 scheme.
The performance of these is shown for different number of pilots per user, T', both with
and without user location information being fed to the BEN (i.e., as part of ) described in
Section 4.4.1). For HNB schemes, the location information, if available, is also fed along
with the user weights as the hypernetwork input 2 = [T, {p, }X_,]. Hence, in this case
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and without user location (e.g., HNB-GNN2).

the learning parameters of the BFN are tuned to both the location information and user
weights.

Fig. 4.5 demonstrates that, for each considered 7" and irrespective of location informa-
tion availability, the proposed HNB-GNN2 scheme significantly bridges the performance
gap to the optimistic BCD-perfect-CSI benchmark compared to the two static-GNN3
schemes. For instance, the static-GNN3 scheme (without user location) with 7" = 20
results in a performance gap of 34% compared to the BCD-perfect-CSI benchmark. This
is compared to the proposed HNB-GNN2 scheme (also without user location) that, using
only T' = 20 pilots per user, closes the relative performance gap to the optimistic BCD-
perfect-CSI benchmark to 13%. Similarly, with 7' = 20 and with location information
available, the proposed HNB-GNN2-loc scheme reduces the gap to the BCD-perfect-CSI
benchmark to 8% compared to a gap of 33% associated with the corresponding static-
GNN3-loc scheme.

Fig. 4.5 also shows that the proposed HNB-GNN2-loc scheme with location information
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continues to operate close to the BCD-perfect-CSI benchmark when the number of user pi-
lots is decreased and hence provides flexibility in trading off spectral efficiency performance
with pilot overhead. In fact, compared to higher values of T'= 30 or T" = 40 (not shown in
the figure), reducing the number of pilots to T' = 15 under HNB-GNN2-loc increases the
gap to the BCD-perfect-CSI benchmark by less than 3%. As shown in Fig. 4.5, further
reducing the number of pilots from 7" = 15 to 7" = 5 under the proposed HNB-GNN2-
loc leads to a moderate increase in the relative performance gap to the BCD-perfect-CSI
benchmark, from 8% to 14%. Conversely, when the HNB-GNN2 scheme employs user
pilots only, the relative performance gap is increased from 13% to 33%. Nevertheless,
as illustrated in Fig. 4.5, the proposed HNB scheme with user location outperforms the
static-GNN3-loc scheme even when a higher number of pilots is employed by the static
scheme. Hence, by dynamically leveraging pilots (and possibly user location information),
the HNB schemes require significantly fewer pilots per user to outperform static learning
schemes and operate close to the BCD-perfect-CSI benchmark.

Impact of Rician Factor

Fig. 4.6 shows the testing WSR performance achieved by the HNB-GNN2-loc scheme and
static-GNN3-loc scheme for different Rician factors associated with the RIS links and for
T =5 and T' = 10 pilots per user. For the numerical results in Fig. 4.6, in addition to the
user weights and user locations, one pilot per user was also fed to the hypernetwork input
as this improved the spectral efficiency performance associated with the HNB schemes.

As captured by the trend in Fig. 4.6, both HNB-GNN2-loc and static-GNN3-loc schemes
exploit higher Rician factors to reduce the gap to the BCD-perfect-CSI scheme. For ex-
ample, the static-GNN3-loc scheme with 7" = 10, increasing the Rician factor from 4 dB
to 10 dB results in a decrease of the relative performance gap (to BCD-perfect-CSI) from
41% to 32%. Similarly, the relative performance gap associated with the HNB-GNN2-loc
scheme decreases from 17% to 11% as the Rician factor increases from 4 dB to 10 dB.
This follows as higher Rician factors correspond to stronger LOS patterns captured by the
beamforming schemes during training.

Fig. 4.6 also demonstrates that the proposed HNB scheme outperforms the static
schemes for the considered Rician factors. For example, for T = 5, the static-GNN3-
loc scheme results in relative performance gaps of 47% and 36% for Rician factors of 4
dB and 10 dB, respectively. This is in contrast to the relative performance gaps of 20%
and 14% associated with HNB-GNN2-loc schemes for Rician factors of 4 dB and 10 dB,
respectively. Subsequently, the proposed HNB schemes achieve substantial spectral effi-
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Figure 4.6: Average downlink WSR on testing data for different Rician Factors and for
different number of pilots with location information, under independent user weights.

ciency performance gains over static learning schemes for different BFN architecture, user
pilots/user location availability scenarios and/or Rician factors.

Robustness to changes in UL/DL noise powers and Rician Factors

In Fig. 4.7, numerical experiments are conducted to demonstrate the robustness of the
HNB scheme in terms of generalizing to data generated using different characteristics or
parameters. Particularly, Fig. 4.7a (Fig. 4.7b, respectively) shows the performance of the
HNB-GNNZ2-loc scheme, where the HNB is individually retrained for each UL noise power
(DL noise power, respectively) level and tested under the same conditions. Additionally,
the HNB-GNN2-loc-default-training scheme represents a single HNB model trained on a
default UL noise power of —92 dBm (default DL noise power of —88 dBm, respectively)
but tested across different noise power conditions. For comparison, the optimistic BCD-
with-perfect-CSI benchmark is shown in black. As illustrated, the HNB-GNN2-loc scheme
continues to perform close to the optimistic BCD-perfect-CSI benchmark across various UL
noise powers (DL noise powers, respectively). Additionally, the HNB-GNN2-loc-default-
training scheme consistently performs well across across different noise power conditions.
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This demonstrates that the HNB scheme is robust to the case where the testing UL noise
(DL noise, respectively) power setting is different from the one used during training. Fur-
thermore, similar results were obtained to demonstrate the robustness of the proposed
HNB schemes to different Rician factors as shown in Fig. 4.7c.

4.6.4 Optimizing WSR for Proportional-Fairness

In this section, the proposed HNB schemes are used to assign resources while maintaining
fairness based on proportional-fairness. Specifically, we consider data transmissions over
S time-slots indexed as s € S = {1,...,S}. For each user k € K, the history of previous
data transmissions is reflected by an exponentially weighted moving average factor A§ =
(1= XA+ AR where R is the data rate associated with user k in slot s and \ is a
forgetting factor.

Following [19, 4], the proportional-fair (PF) maximization problem in time-slot s can
be approximated by maximizing the WSR objective given by Zszl I'} R}, where the user
weights I'; = v, /A7, and v, > 0 is chosen such that ), , I'; = 1. Moreover, the number
of time-slots is set to S = 300 and A = 0.01. For each realization, the channel is generated
according to the models in Section 4.6.1 with the large scale parameters being fixed across
different slots and small scale fading independently generated for each slot.

Training and Testing of proposed HNB and Alternate Schemes

The beamforming learning schemes of Section 4.5 were trained using TensorFlow with
Adam optimizer and the hypernetwork training of [11]. The training of the beamforming
learning schemes was performed over 100, 50, 10 and 5 time-slots. It was found that learning
the beamforming schemes over 10 time-slots was sufficient to capture the distribution of
PF user weights while significantly reducing training complexity. For each time-slot, the
beamforming learning schemes were trained for 500 epochs of 100 iterations. The initial
learning rate was set to 1 x 107% with a decay rate of 0.997 for each 2000 iterations.
For each iteration, the learning parameters of the beamforming schemes were updated
using 400 training samples. The performance of the trained models and BCD-perfect-CSI
benchmark was then assessed by averaging the achievable normalized WSR over 1000 new
independently generated test samples evaluated at s = 300.
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Impact of BFN Training and Architecture

Fig. 4.8 shows the testing WSR achieved by different beamforming learning schemes,
trained with 7' = 5 pilots per user and location information, against the number of train-
ing epochs. From the figure, the fully-trained HNB-GNN2-loc scheme outperforms the
static-GNN3-loc, static-GNN2-loc and static-FCNN-loc schemes by 14%, 15%, and 31%,
respectively. Similarly, the fully-trained HNB-FCNN-loc scheme outperforms the static-
GNN3-loc, static-GNN2-loc and static-FCNN-loc schemes by 8%, 9% and 25%. Subse-
quently, the proposed HNB schemes achieve substantial performance improvements over
the static schemes, for both GNN and FCNN architectures.

Fig. 4.8 also shows that, similar to the results in Fig. 4.4, the HNB schemes trained
with only a few epochs outperform the fully-trained static schemes. Particularly, the HNB-
GNN2-loc schemes requires only 25 training epochs to achieve performance improvements
over the corresponding fully-trained static schemes trained with 500 training epochs.
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Impact of user pilot and location information availability

Fig. 4.9 shows the testing WSR achieved by the proposed HNB-GNN2 scheme and the
alternate static-GNN3 scheme, for different number of pilots and depending on whether user
location information is available. For the scenarios considered in Fig. 4.9, the HNB-GNN2-
loc schemes bring significant improvements over the corresponding static schemes. For
example, under 7" = 3 and using location information, the HNB-GNN2-loc scheme reduces
the BCD-perfect-CSI relative performance gap to 18% compared to the static-GNN3-loc
scheme with a 31% gap. Similarly for T = 5 and location information, compared to
static-GNN3-loc scheme, the HNB-GNN2-loc scheme reduces the BCD-perfect-CSI relative
performance gap from 27% to 16%.

Similar to the results in Section 4.6.3, the proposed HNB-GNN2-loc scheme effectively
exploits pilots information along with location information to reduce the required number
of pilots. For instance, compared to the HNB-GNN2 scheme, the HNB-GNN2-loc scheme
halves the number of required pilots to achieve a WSR performance of 1.2 bit/sec/Hz.
Additionally, with HNB-GNN2-loc, reducing the number of pilots available from T" = 20 to
T = 3 results in increasing the relative performance gap to the BCD-perfect-CSI benchmark
from 8% to 18%. Conversely, for static-GNN3-loc, the performance gap increases from 12%
to 31%. Consequently, compared to static-GNN3-loc scheme, HNB-GNN2-loc provides
more flexibility in trading off spectral efficiency performance with pilot overhead. Moreover,
Fig. 4.9 shows that the static-GNN3-loc scheme with T" = 20 pilots per user could operate
close to the proposed HNB-GNN2 schemes. However, even under this special case, the
proposed HNB-GNN2-loc scheme requires only 1" = 10 pilots per user to approach the
best performance achieved by the static-GNN3-loc scheme when fed with T = 20 pilots
per user.

4.6.5 Complexity Analysis and Comparisons

The complexity of different beamforming learning scheme is now described in terms of
the number of operations required to generate optimized beamforming configurations. Us-
ing the information in Table 4.1 and Section 4.5, the complexities of the static-GNN3
benchmark scheme (which achieves the best performance among the beamforming learning
benchmarks) and the two proposed HNB schemes are as follows:

o Static-GNN3 benchmark: Each GNN layer consists of K + 1 nodes (i.e., K user nodes
and 1 RIS node), with each node containing networks that process information from the
K neighboring nodes as well as information from the previous layer. Consequently, the
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Figure 4.9: Average downlink WSR for different number of pilots per user 7', under PF
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complexity of a single GNN layer is O((K +1)*(8a1+ Ba2 + Bas + Be1 + Be2)). Combining
the complexity of L = 3 GNN layers with that of input and output processing, the
complexity of the static-GNN3 benchmark is O(K ;1 + fi2+3(K +1)2(Ba1+ Bag + Bz +
ﬁc,l + ﬁc,2) + Kﬁo,l + 50,2)-

e Proposed Scheme 1- HNB-FCNN: The complexity is O(p; + pn + po + G + G + (b)-
Here, ¢; = 300H, ¢, = 300 - 200, (, = 200p,. Moreover, p;, pn, po are given in Table 4.1.
Depending on the input to the hypernetwork, H = K when only user weights are used or
H = 4K if both the user weights and user locations are used.

e Proposed Scheme 2- HNB-GNN2: Let «; = 300H, o, = 300 - 200 and «, = 200(2x.1 +
2Xc2). With the information provided in Table 4.1, the complexity is O(Kxi1 + xi2 +
2(K + 1)2<Xa,1 + Xa,2 + Xa,3 + Xe,1 + XC,Q) + KXo,l + Xo,2 +o; +ap + ao)-

We emphasize that, in practice, it was found that an HNB scheme does not significantly
increase training/testing time compared to the corresponding static benchmark with the
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same BFN. This is because the majority of additional HNB complexity comes from a
single operation at the output layer of the hypernetwork and is highly parallelizable. For
illustration, we provide relative performance comparisons between the HNB schemes and
static learning benchmarks in terms of the training and testing time. Specifically, for the
scenario considered in Fig. 4.4 and using an NVIDIA RTX 3090 GPU with a TensorFlow
implementation, the training times for the proposed HNB-GNN2 and HNB-FCNN schemes
were 25.95 hours and 25.89 hours, respectively. Meanwhile, the training times for the
static-GNN3, staticcGNN2, and static-FCNN were 24.39 hours, 22.57 hours, and 21.92
hours, respectively.

In terms of runtime, testing the performance on a single realization required 1.4 ms,
2.1 ms and 4.6 ms for the static-FCNN, static-GNN2, and static-GNN3 benchmarks, re-
spectively. Conversely, the proposed HNB-FCNN and HNB-GNN2 required 1.7 ms and 2.8
ms, respectively. This demonstrates that, compared to the corresponding static learning
benchmarks using the same BFN, an HNB schemes do not significantly increase runtime.

4.7 Conclusions

This chapter has investigated the problem of learning beamforming schemes that leverage
user pilots to maximize the weighted sum-rate in multi-user RIS systems while accommo-
dating different service priorities and accounting for fairness via user weights. Subsequently,
an adaptive beamforming configuration framework was developed to exploit noisy pilots
and user weights to generate the base station active beamforming vectors and RIS passive
beamforming reflection coefficients that optimize the downlink weighted sum-rate. The
formulated adaptive beamforming configuration problem is analyzed and, under mild reg-
ularity conditions, shown to attain a maximum. To dynamically approximate solutions to
the formulated beamforming configuration problem, an HNB framework is proposed.

Under the proposed HNB framework, a BEN is designed to leverage pilot information
and user weights to generate the beamforming configuration of the RIS system. Rather
than directly learning a single BFN, a hypernetwork was trained to dynamically generate
BFN learning parameters based on an input conditioning vector. When the conditioning
vector is the user weights, a single trained HNB is able to tune the learning parameters
of the BEN to the user weights without the need for retraining the BFN. Additionally,
by leveraging the hypernetwork’s conditioning vector to tune the BFN to user location
information (if available), the HNB scheme can significantly reduce the number of pilots
needed to configure the RIS system.
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Numerical results have corroborated the efficacy of the proposed HNB schemes in
achieving significant performance improvements over static learning schemes that directly
train a single BFN to work for all possible user weights. For different user weighting
strategies, the proposed HNB schemes were shown to achieve significant performance im-
provements over corresponding fully-trained static schemes. Furthermore, it was illustrated
that the proposed HNB schemes can exploit a small number of user pilots to operate close
to an optimistic BCD with perfect CSI benchmark.
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Chapter 5

Practical Configuration of a Discrete
RIS with Phase-dependent
Amplitude Response

5.1 Introduction

To relax hardware constraints and enable RIS implementation with diverse technologies,
in this chapter we consider the case where an RIS is configured with discrete phase shifts.
Moreover, depending on the RIS implementation and as illustrated by the transmission
line model of [3], the amplitude response associated with an RIS element can in general
be non-linearly dependent on the phase shift introduced by the element. Hence, different
phase shifts may result in different reflection amplitudes.

To address the discrete RIS problem, one possible approach is to relax the discrete for-
mulation into a continuous one, optimize the relaxed problem, and subsequently discretize
the obtained continuous phase shifts. With sufficiently fine resolution, a discrete RIS
configuration obtained in this manner can potentially approximate the performance of its
continuous counterpart. This is supported by analytical results in [131, ], which demon-
strate that discretizing continuous phase shifts with fine resolution (i.e., 4-bit) achieves
near-continuous performance under certain conditions.

The objective of this chapter is to develop an RIS configuration framework that effec-
tively supports implementations with lower resolution, specifically using binary (1-bit) or
2-bit phase shifts. In this context, extensive numerical experiments demonstrate that di-
rectly addressing the discrete problem can yield substantial gains compared to continuous
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relaxation followed by discretization approach. Conversely, for different scenarios consid-
ered and even in the presence of significant amplitude selectivity, numerical results confirm
that 3- or 4-bit discretization of continuous phase shifts allows the performance to closely
approach that of the continuous case.

In this chapter, the discrete RIS configuration problem with phase-dependent amplitude
response is formulated as a constrained virtual-channel selection problem. It is demon-
strated that the configuration problem, when restricted to subsets of the virtual channels
where the maximum phase-variation is 0,,,x < 7, can be bounded between monotone upper
bound (UB) and lower bound (LB) matroid-constrained problems. This in turn motivates
the use of a greedy configuration framework, as greedy algorithms are well known for their
computational efficiency and performance guarantees in matroid settings [29)].

We illustrate discrete RIS configuration problems whose optimal solution satisfy this
maximum phase-variation property. Subsequently, under the maximum phase-variation
property, performance guarantees are obtained using a low-complexity greedy configuration
scheme. Motivated by this, a practical low-complexity configuration framework is proposed
to optimize general RIS problems with discrete phase shifts and where phase shifts result
in phase-dependent amplitude response.

In [3], a block coordinate descent (BCD) algorithm was proposed to configure an RIS
with continuous phase shifts but with phase-dependent amplitude response. On the other
hand, configuring the discrete phase shifts of an RIS under a perfect-reflection RIS con-
figuration model was addressed in works such as [39, 88]. Moreover, in [38], the special
case of configuring an N-element RIS with binary phase shifts of different amplitudes was
considered in a single antenna setting. However, this technique does not work for (general)
complex-valued discrete phase shifts configuration problems. In contrast to the aforemen-
tioned works, the goal of this chapter is to develop practical schemes that configure an
RIS with (i) L > 2 discrete phase shift levels and (ii) where the reflection coefficients have
non-linear phase-dependent amplitude response.

5.1.1 Contributions and Key Findings:

The contributions and key findings of this chapter are summarized as follows:

e We consider configuring an RIS with phase shifts that (i) are discrete and (ii) ex-
hibit non-linear phase-dependent amplitude response. Subsequently, the discrete RIS
configuration problem with phase-dependent amplitude response is formulated as a
constrained virtual-channel selection problem.
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e The formulated configuration problem, considered over a subset of the virtual chan-
nels where the maximum phase-variation is 0,,,x < , is shown to be bounded between
monotone upper bound (UB) and lower bound (LB) matroid-constrained problems.
Moreover, when the optimal RIS configuration lies within such subsets, it is shown
that optimizing either the UB or LB yields a configuration that guarantees a worst-
case optimality gap of |21log, cos(fmax/2)| bit/sec/Hz, uniformly over all system pa-
rameters. Discrete RIS configuration problems whose optimal solution lies within
such maximum phase-variation subsets are demonstrated.

e Motivated by the results above, a low-complexity configuration framework is pro-
posed to optimize general RIS problems where the discrete phase shifts are specified
by k bits and exhibit an arbitrary phase-dependent amplitude response. Moreover,
the complexity of the proposed scheme is analyzed and compared to the considered
benchmarks.

e Numerical experiments demonstrate the efficacy of the proposed RIS configuration
scheme. For instance, for single antenna case and under binary phase shifts with
significant amplitude-response variations, the proposed framework performs within
4% of the optimal configuration. Furthermore, the proposed scheme requires only 3
control bits per RIS element to achieve more than 90% of the performance associated
with a benchmark scheme that uses continuous phase shifts and a numerical solver.

e Additionally, the proposed scheme is shown to either significantly outperform the
commonly adopted closest point projection (CPP) benchmark (that discretizes the
continuous phase shifts from a block-coordinate descent algorithm), or at least achieve
similar performance. Furthermore, even in the cases where the proposed scheme and
the CPP benchmark provide similar performance, it may be preferable to adopt the
proposed scheme due to its practical gains in terms of time complexity and simplicity
of the operations involved.

5.2 Discrete RIS Configuration: Problem Formula-

tion and Analysis

We first consider a system where an N-element RIS is configured to assist signal transmis-
sions between a single-antenna transmitter (TX) and a single-antenna receiver (RX).! We

Depending on whether the TX is the base station or the user, this setting can represent either a
downlink or an uplink scenario.
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note that a multi-antenna extension of this scenario will be considered in Section 5.4.

An RIS element n € N = {1,..., N} introduces a reflection coefficient a(p,)e %"
where ¢,, € [0,27) is the phase shift introduced by the n'" element and a(p,) > 0 is the
corresponding amplitude. Under a discrete model where each RIS element is specified by
k bits, the RIS phase shifts are constrained to L = 2 possible discrete values {¢, ..., ¢r}.
Thus, the n'® element of the RIS is configured with reflection coefficient T, € {v1,...,7v.}

where 7, 2 a¢g)e 7.

Under a block fading model, we denote the direct TX-RX channel as htgr € C. More-
over, the TX-RIS channel is indicated by f € CV*! and the RIS-RX channel is denoted
by g € C*N. Here, the channels are assumed to be known. Indeed, acquiring the CSI
information has been the focus of many research works including [134, 10] as well as the
works reviewed in Section 2.3.

With an RIS configuration I' = [I'y, ..., I'y], the effective TX-RX channel is given by
htr + Zfz]:l gnfnl'n. Subsequently, the RIS configuration problem associated with maxi-
mizing the rate is

P|h N gnfulal?
max log, (1 + [Frre + 2"2:1 Gn ful'n] )
r=[l1,...Ty] o
subject to L€ {n,...,} (P1)

Here, P is the power of the signal transmitted by the TX and the additive white Gaussian
noise (AWGN) at the RX is distributed as CN (0, 0?).

5.2.1 Virtual-antenna Selection Formulation

Rather than relaxing the discrete optimization problem in (P1), we investigate the problem
to obtain worst-case performance guarantees under a low-complexity configuration scheme.
Towards this goal, the RIS configuration problem in (P1) is cast as a virtual-channel
selection problem.

We note that, for each RIS element n € A, there are L possible choices of the reflection
coefficients T',, € {71,...,v} where v; = a(d1)e ™9, ... vp = al¢r)e 7L, This results in
L possible effective channels

hn,l:gnfn'Wa nENage {17‘--7[/}7 (51)

of gnfuye in (P1) and these are called virtual-channels as only one will be selected.
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Algorithm 2 A greedy algorithm for configuring an RIS

Input: ¥ = (G,Zg), set function F : 29 — R+
CI +— 0
while Je € G such that e ¢ Cz and Cz U {e} € Zg do
e < argmax {F(CzU{e}) — F(C7)}

ecG,e¢Cr
CIU{E}EIQ

CI < CI U {6}
end while
Output: Cr

Let Vo = {htr}, and for n € {1,..., N}, let V, = {fzm, . ,iLmL} indicate the subset
of virtual-channels associated with the n*” RIS element. The set of all virtual-channels is
given by V = UTJLO V, and |[V| = NL+1. Then, the RIS configuration problem corresponds
to selecting a subset C = {hyg,...,hyn}, where h, € V, for n = 0,..., N. Subsequently,
over a family of sets Fy, 2 {CCV:|CNnV,| =1Vn=0,..., N}, maximizing (P1) is
equivalent to

max R(C), (P2)

where R(C) £ log, (14 P|Y e h|2/02) is a set function.

Under the formulated constrained RIS configuration problem (P2), we propose to se-
lect the RIS reflection coefficients using the low complexity greedy algorithm shown in
Algorithm 2. For given input ground set G and a family of subsets Zg of G, Algorithm 2
greedily optimizes a given set function F : 29 — R*, over the family of subsets Zg.

5.2.2 Analysis and a Performance Guarantee

To gain insights into the efficacy of Algorithm 2 in optimizing the RIS configuration, we first
introduce the notion of a slice of virtual-channels. A (0., O,.x) slice is a subset S(0.., Onax) =
V N U(Be, Omax), Where U0, 0pax) = {z € C: 2 = red? where r > 0,0 — 0. < Onax/2}-
Restricting (P2) to a slice S(€., Omax) With Oy < ™ may be reasonable in many cases since
coherent combining requires selecting virtual-channels with similar phases.

Using a simplified example, Fig. 5.1 illustrates the concept that the selected virtual
channels should lie within a slice. Indeed, Proposition 5.1 below shows that under mild
assumptions, except for possibly the effective channel associated with the direct path, the
optimal effective channels all lie in some slice (0., Opax) With Opax < 7.
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Figure 5.1: This example illustrates a scenario involving 3 RIS elements and no direct
TX — RX path, where in (a) each element’s channel is represented by a triangle, square, or
circle. Each RIS element introduces one of four possible phase shifts, identified by different
colors: black, green, blue, or red. In (b), the possible virtual channels associated with the
first RIS element are shown. In (c), the 12 possible virtual channels associated with the 3
elements are illustrated. To coherently align the reflected channels, the selected effective
channels should lie within a slice of the complex plane as shown in (c).
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Proposition 5.1. Consider the RIS problem (P2) with L > 4 and phase shifts ¢, =

27(¢ —1)/L. Then, for an optimal configuration COPT 2 {ROPT ROPT _ hOPTY we have
that {hOPT, ... hQFPT} C S(O., Omax) for some 0, and Oy < 7.

The proof is given in Appendix A.4.

We conclude that for an RIS system that satisfies the assumptions of Proposition 5.1
and has a blocked TX-RX direct path (i.e., htg = 0), then the optimal RIS configuration
COPT of (P2) lies in some slice S(0., Omax) With Opay < 7.

Over a slice S(0., Omax), let Fs 2 {C C S(0e, Omax) : [CNV,| = 1,¥n =0,...,N} and
Is 2 {€C C S0, 0max) : |CNV,| <1,¥n=0,..., N}. Proposition 5.2 below demonstrates
that, when the RIS configuration problem (P2) is considered over a slice S(0., Omayx) With
Omax < 7, the rate R(C) of (P2) can be closely bounded between an upper bound

fu(C) £ logy (1+ P |hl)?/0?) (5.2)
heC
and a lower bound
F(C) 2 logy (14 PO cos(0max/2)[A])?/0?). (5.3)
heC

Moreover, if S(.,0max) contains a feasible solution to (P2), the optimization of both
max fu(C) and nax fi(C) is equivalent to maximizing a modular function subject to a ma-
€fs €Ss

troid constraint.

Proposition 5.2. Let a slice S(0., Omax) have Onax < . Then

1. Over any subset C C S(0., Omax), the set function R(C) of (P2), can be bounded as

fil€) < R(C) < fu(C). (5.4)

Here, f,(C) and f,(C) are monotone, i.e., for any A C B C S(0c,0max), fu(A) <
fu(B). Additionally, if Omax < 7/2, then R(C) is also monotone.

2. If §(0., 0max) contains a feasible solution of (P2), i.e., |Fs| > 0, then there ezists
Cs € Fs such that

maxf;(C) = fi(Cs) < R(Cs) < maxR(C)

Cels CeFs

< maxf,(C) = fu(Cs), (5.5)
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and Cs can be obtained by applying Algorithm 2 to either maxcers f1(C) or maxeez, fu(C).
Moreover, Is are the independent sets of a matroid (S,Zs).

The proof is given in Appendix A.5.
Under the appropriate conditions, the next corollary provides a worst-case guarantee

on the performance of Algorithm 2 with respect to an optimal RIS configuration.

Corollary 5.1. If an optimal RIS configuration is contained within a slice S(0.,Omax)
With Omax < m, then Algorithm 2 applied with (S(0c, Omax), Ls) and f,(C) produces an RIS
configuration Cs that is within |21ogy cos(Omax/2)| bit/sec/Hz of the optimal objective of
(P2).

Proof. The slice S(8., Omax) contains a feasible RIS configuration and hence by (5.5) of
Proposition 5.2, the RIS configuration Cs has an optimality gap of

maxce 75 R(C) — R(Cs)| < | £u(Cs) — fi(Cs)| < 21085 c08(Bmax/2) -

Example of a Configuration Problem

Now, consider an RIS system that satisfies the assumptions of Proposition 5.1 (i.e., L > 4
and phase shifts ¢, = 27(¢ —1)/L), has equal gains a(¢;) = ... = a(¢r) > 0 and htg # 0.
Then for an optimal RIS configuration COPT ={aQPT KOPT .  AQPT}, it must hold that

N
arg (B,?PTZh?nPT)‘ <w/L,nef{0,...,N}, (5.6)
mn
where Z is the complex conjugate of z. By extending the method of [$8, Lemma 1], we

first show that (5.6) holds for n = 0. Suppose that

N
arg (hg'T Z thT)‘ > 7/L.

m=1

Then there is an ' € Z such that |arg (hQPT S0 _ e/2™/FhOPT)| < 1/L and therefore

I

N N
‘hOOPT X Z hglPT‘ < ‘h(?PT n Z 32l /thlPT
m=1 m=1
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contradicting the optimality of COPT.

Next, for n # 0, suppose that for some n’ € {1,..., N},

N
arg (AP Y hgf’T)‘ > /L.
m#n’
m=0

Then there exists an [” € Z such that |arg (e 72™"/LpOPT S~ hOPT)| < /L, and

m¥#n

N N
‘ Z hOPT +h9ﬁPT’ < ’Zh%PT | il /th/PT"
m#n’ m#n’

which contradicts the optimality of COPT.
Subsequently, (5.6) implies that, for n € {0,..., N}, |arg (ROPT SN hOPT)| < 7/L.

Therefore, for n,m € {0,..., N}, |arg (ROPThOPT)| < 27/L. Comsequen‘cloy7 since hQFT =
htr and if htg # 0, then the slice S(arg htr, 47/ L) contains an optimal RIS configuration.
Moreover, if htg = 0, the slice §(0,47/L) contains an optimal RIS configuration. Thus,
in both cases and for L = 8, Corollary 5.1 implies that the adopted greedy algorithm
with the above identified slices as input is guaranteed to find a solution that is at most
|21og, cos(m/4)| = 1 bit/sec/Hz away from the optimal solution regardless of the number

of RIS elements N, and channel realization.

5.3 Proposed RIS Configuration Scheme and Numer-
ical Results
5.3.1 RIS Model and Proposed Scheme

We now consider the L = 2F discrete phase shifts ¢, = 27 (¢ —1)/L,¢ =1,..., L and adopt
the non-linear amplitude-phase shift model developed in [3] where

) = i + (1 — Ozmm)(%(sin(gb —9) 4+ 1), (5.7)

Here a,,;, > 0 is the minimum amplitude associated with the RIS element and ¢, > 0
are shape parameters [3].
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With this setting, the [CNV,| = 1 constraint in Fy, of (P2) can be replaced by [CNV,| <
1. This follows as for each n € {1,..., N}, since L > 2 there always exists an element
lAsz € V, that can be selected by a greedy algorithm to improve the R(C) objective in (P2)
(or at least keep it unchanged). Thus, without loss in performance, the RIS configuration
is expressed as:
max R(C), (P3)
where Zy 2 {CCV:|ICnV, <1,Vn =0,...,N}. We note that Z), corresponds to
the collection of independent sets of a partition matroid formed over the ground set V.
Subsequently, we adopt the matroid-constrained virtual-channel selection formulation in
(P3) and Algorithm 2 (with G < V, Zg < Iy, F(.) < R(.) and always choose the direct
path as the first virtual-channel) to optimize the general discrete RIS problem.

5.3.2 Simulation Settings and Benchmarks

We consider an RIS-assisted system operating at f. = 1.5 GHz, a bandwidth of 20 MHz,
and a transmission power P = 25 dBm. The BS is located at (0,250,25) m. The RIS
is modeled as a uniform rectangular array of N elements and is located at (250, 0, 15) m.
The location of the user is uniformly generated in a disc of center (250,20, 1.5) m and a
radius of 5m. We take Ny = —170 dBm/Hz with a noise figure of 7 dB. For numerical
simulations, the user acts as the TX and the BS acts as the RX.

The direct TX-RX channel undergoes Rayleigh fading and is given by

htr = v/ PLnL(dTr)PTR NLoS) (5.8)
where htr nLos is sampled from CA(0, 1). Moreover, for a TX-RX distance dtg, the pathloss
is [1]

PLy(dvr) = 13.54 + 39.08 x log,o(dTr) + 20 x logy(f.).

The TX-RIS channel f € CV*! undergoes Rician fading. With the line-of-sight (LoS)
component f| s, non-line-of-sight (NLoS) component fy, .s, and d indicating the distance
between the TX and RIS,

f=VPLU(dn) (V1 /(1 + £1) Fros + V1/(1+ K1) Ftes)- (5.9)

Here, the n'" component of f| s is given by fl.s = exp(27jdt/Ac), where dr, is the 3D
distance between the TX and the n'* RIS element and ). is the wavelength associated with
fe. Moreover, the Rician factor is k; = 10 dB, the LoS pathloss is given by [!]

PL(d) = 28 + 22 x log,(d) + 20 x log,o(f.)
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and the components of fy, ¢ are i.i.d sampled from CA(0,1). Similarly, the RIS-RX
channel g € C'*¥ is modeled with Rician fading and with a Rician factor ko = 10 dB,

g = VPLUdR)(Vk2/(1+ K2)gLos + v/1/(1 + K2)gnas). (5.10)

where djr indicates the distance between the RIS and RX.

To evaluate the performance of the proposed RIS configuration framework, the following
benchmarks are considered:

e Continuous phase shift: The RIS with phase-dependent amplitude response is con-
figured using Couenne numerical solver ([11]) with a time limit of 1 hour per channel
realization.

e Closest Point Projection (CPP): The continuous phase shifts from the BCD Algo-
rithm 1 of [3] are projected componentwise to the closest point in {¢1,...,¢r}. Such
projection is commonly adopted in the literature.

e Optimal Binary configuration: In the special case that L = 2, the scheme developed in
[38] to configure a binary-RIS under phase-dependent amplitude response is adopted.
We emphasize that in contrast with [35], the proposed scheme configures an RIS with
an arbitrary number of phase-shift levels per RIS element.

5.3.3 Numerical Experiments

The robustness of the proposed framework is illustrated in two scenarios: first with the TX-
RX path being blocked and second with the existence of a direct TX-RX path. Moreover,
for each scenario, the performance is shown under two different RIS reflection settings,
namely moderate phase-dependent amplitude selectivity (i, = 0.6, ¢ = 3, 9 = 0.57)
and significant phase-dependent amplitude selectivity (i, = 0.2, ¢ = 3, ¥ = 0.57). The
numerical experiments are conducted using 500 independent channel realizations.

For a 100 element RIS controlled with binary phase shifts and under the blocked direct
TX-RX path scenario, Fig. 5.2a shows the empirical CDF of the spectral efficiency (SE)
associated with the proposed scheme and benchmarks. From Fig. 5.2a, with moderate am-
plitude selectivity (i, = 0.6), the median SE performance associated with the proposed
scheme and CPP benchmark, respectively, result in a 3%, and an 11% gap compared with
that of the optimal configuration. Moreover, from Fig. 5.2a with significant amplitude
selectivity (qnin = 0.2), the median SE associated with the proposed scheme is 4% away
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from the optimal binary-RIS performance. This is in contrast to a median SE gap of 47%
associated with the CPP benchmark. Thus, under both reflection models, the proposed
scheme operates close to the optimal binary-RIS performance and outperforms the CPP
benchmark. Similarly, under the direct TX-RX path scenario and for N = 100, Fig. 5.2b
shows that the proposed scheme operates close to the optimal binary-RIS performance in
both cases and significantly outperforms the CPP benchmark in one case.

For N = 100, Figs. 5.2¢ and 5.2d show the impact of the number of bits k used
to configure the RIS on the average spectral efficiency performance associated with the
proposed scheme and benchmarks. Figs. 5.2c and 5.2d were obtained under significant
amplitude selectivity (amin = 0.2) and moderate amplitude selectivity (coymin = 0.6). From
the figures, under both ami, = 0.2 and oy, = 0.6, the proposed scheme requires only k£ = 3
control bits per RIS element to achieve more than 90% of the performance associated
with a benchmark that uses continuous phase shifts and a numerical solver. Moreover, as
demonstrated by Figs. 5.2c¢ and 5.2d, the proposed scheme significantly outperforms the
CPP benchmark in some scenarios while achieving the same performance in all other cases.

The performance of the proposed scheme and benchmarks was also evaluated for dif-
ferent numbers of RIS elements N. Indeed, the trends and conclusions obtained under
N = 100 continue to hold for N = 200 and N = 400 scenarios. For instance, under
N = 200 and blocked TX-RX path, Fig. 5.3a shows that the proposed scheme performs
close to the optimal binary configuration. Moreover, under significant amplitude selectiv-
ity (amin = 0.2), the proposed scheme significantly outperforms the corresponding CPP
benchmark. Additionally, Fig. 5.3c indicates that for N = 200 and blocked TX-RX path,
the proposed scheme requires k& = 3 bits per RIS element to approach the performance
associated with a benchmark that uses continuous phase shifts and a numerical solver.
Similarly, Figs. 5.3b and 5.3d suggest that a similar conclusion can be drawn for N = 200
when a direct TX-RX path exists.
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Figure 5.3: Figs. 5.3a and 5.3b show the empirical CDF of the spectral efficiency per-
formance for (k = 1) binary RIS. Figs. 5.3c and 5.3d show average spectral efficiency
performance vs number of bits k used to control the RIS under ay,,;, = 0.2 and «,,;, = 0.6.

Here, N = 200.
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5.3.4 Complexity Comparisons

The proposed framework of Algorithm 2 loops for N iterations, where in iteration n =
0,...,N —1, (N — n)L complex additions and the computation of (N — n)L squared
magnitudes are needed to compute the magnitude square of the effective channels. Then,
(N —n)L comparisons are needed to find the arg max element. Thus, Algorithm 2 requires a
total of % complex additions, % squared magnitudes, and % comparisons.
Here, L is the number of RIS phase shift levels, N is the number of RIS elements. Since
for practical scenarios L < N, the overall complexity is O(N?). Further, Algorithm 2
can be easily parallelized to reduce its time complexity. Particularly, for each iteration
n=0,..., N—1, the complex additions and squared magnitudes computation needed in the
arg max operation can be parallelized in one step. It remains to perform the comparisons
needed to find the arg max element and parallelization allows this to be done in log(V) time.
Thus, a fully parallelized version of Algorithm 2 has a time complexity of O(N log(N)).

The CPP benchmark is based on the continuous phase shifts from a BCD Algorithm.
We note the BCD algorithm involves I outer iterations where each iteration involves N
non-linear optimization problems each with complexity P. Hence, the BCD algorithm has
a complexity of O(IoNP) where P is the complexity of the non-linear optimization step.
The number of required iterations Io depends on the stopping criteria, and is random in
general. For instance, the stopping criteria could be to stop once the difference between
successive outer iterations is less than some € > 0. Simulations for NV = 100 RIS elements
and over 1000 channel realizations show that e = 10~* resulted in a maximum of I[3* = 217
iterations, average 15V¢ = 42 iterations, and 90% quantile of 1'80% = 89 iterations. Thus,
the number of outer iterations can be of the order of N or greater in this practical case of
interest.

It is important to emphasize that in addition to the aforementioned complexity com-
parison, the low-complexity of the proposed framework stems from the simplicity of the
operations involved (addition and squared magnitude) and the fact that it always loops
for exactly N iteration steps regardless of the channel realization. This is in contrast with
the BCD algorithm of the CPP benchmark which involves solving non-linear optimization
problems and the number of outer iteration can vary greatly depending on the channel
realization as previously outlined. Additionally, rather than requiring the knowledge of
an accurate model that continuously captures the non-linear behavior between the am-
plitude and phase, the proposed framework only requires the knowledge of the amplitude
response at the few considered discrete points. Thus, the proposed framework is suitable
for practical implementation.
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5.4 Multi-antenna receivers

In this section, we consider a multi-antenna extension of the constrained virtual-antenna
selection formulation of Section 5.2. We also expand upon the the results of Section 5.2
and investigate the performance of a greedy configuration scheme (i.e., Algorithm 2) when
employed to configure the RIS in a multi-antenna scenario.

We consider a system where a transmitter (TX) sends a symbol s € C with power P to
an M-antenna receiver (RX). The signal transmissions are assisted by an N-element RIS
with configuration T' = [['y,...,T'y]. Similar to Section 5.2, the n*® element of the RIS is

configured with reflection coefficient T',, € {71,...,7.} where 7, 2 a(pe)e=3%.
The direct TX-RX channel is represented as htg € CM*!. Moreover, the TX-RIS

channel is denoted as f € CV*! and the RIS-RX channel is G € CM*¥_ Thus, the signal
received by the RX is given by

y = (htr + G diag(f)T))VPs + n, (5.11)

where i ~ CN (0, 0%I;) is the AWGN at the receiver. With the RX employing a unit-norm
receive combining vector v € CM*! and T' = [['},...,'y], the rate maximization problem
can be formulated as

P|(hTr + G di r)"v|?
max log, (1 + (e + ;ag(f) 2 )
I'v o
subject to Lpe{n, ..}
|lv])? = 1. (P4)

5.4.1 Virtual-antenna Selection Formulation and Analysis

The objective in (P4) is equivalent to max max|(htr + G diag(f) ') v|?>. We note that

a maximum-ratio combining (MRC) strategy vMRC = Hﬂgig S;Zig}:” optimizes the inner

problem max|(htr + G diag(f) ') v|? subject to ||v]||> = 1. By substituting vMR¢ into

(P4), the RIS configuration problem is equivalent to

max ||hTr + G diag(f)T||?
subject to Tne{n,...,7} (P5)
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Next, we extend the virtual-antenna formulation of Section 5.2 to optimize (P5) for the
general M > 1 case.

To illustrate the virtual-antenna selection formulation, we note that (P5) is equivalent
to

hiTr + ZnNzl Gin ful'n
: (5.12)

harr + ZnNzl I fnl'n

where for m € {1,..., M}, h,,1r is the m' component of htg and g, = [Gmn. For
each RIS element n € N, there are L possible choices of T, € {71,...,v1} resulting in L
possible virtual-channels

iLl,n,l gin
R, = : =y fal : neN,te{l,...,L}. (5.13)

hovin M

These are called virtual-channels as only one will be selected per RIS element.

Let Vo = {htr} and for n € N = {1,...,N}, let V,, = {ﬁm,...,fzn,L}. Then, the

RIS configuration problem corresponds to selecting a subset C = {hq, hy,...,hy}, where

h, € V, for n = 0,...,N. Subsequently, for V £ Ui:fzo V, and over a family of sets

F e {LCV:|ICNV,|=1,Vn=0,..., N}, maximizing (P5) is equivalent to

s Q) )

where Q(C) £ 1> hee Pl| vields a rate R(C) = log, (14 P(Q(C))*/0?).

To motivate adopting a greedy algorithm (i.e., Algorithm 2) to optimize (P6), we extend
the concept of slices (introduced in Section 5.2.1) to the multi-antenna case considered here.
For u, € CM with ||u.|| = 1, a (te, Omax) slice is a subset S(te, Opax) = V N U (e, Omax),
where U (te, Opax) = {2z € CM : R{(z,u.)} > ||z]|| cos(Omax/2)}-

The Proposition below shows that, under some mild conditions and except for possibly

the direct path, the optimal solution to (P6) lies within a slice.

Proposition 5.3. Consider (P6) with L > 4 and phase shifts ¢y = 2n({—1)/L. Then, for
an optimal configuration COPT 2 {(ROPT ROPT . mRFTY, it holds that {hOFT, ... ASPTY C

S(Ue, Omax) for some u, and Opax < 7.
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The proof is given in Appendix A.6.

Proposition 5.4 below shows that, over a slice S(u., Omax) With 0. < 7, the objective
function Q(C) of (P6) can be bounded between an upper bound

=3 L, (5.14)

heC

and a lower bound

£ 3 Ikl co8(Bmax/2)- (5.15)

heC

Proposition 5.4. Consider a slice S(ue, Opax) With Onax < 7, then for any subset C C
S(ucaemax);
91(€) < Q(C) < gu(C). (5.16)

Here, g,(C) and g,;(C) are monotone and modular functions. Further, if Onax < 7/2, then
Q(C) is monotone.

The proof is given in Appendix A.7.
For a slice S(u, Onax), define Fg 2 {€C C S(ue,bnax) : |CNV,| =1,Vn =0,...,N},
andIsz{CCS(uc, Omax) 1 ICNV,| < 1,¥n=0,...,N}.
By the monotonicity of ¢,(C), a maximizer of max g,(C) also maximizes max g,(C).
CeTs CEFs
Since max 9.(C) involves maximizing a modular function under a matroid constraint, it
€ls

can be optimized by the greedy Algorithm 2 [21]. Moreover, for O,.x < 7, a maximizer of
max g, (C) also maximizes max g1(C). Subsequently, by proceeding similar to Corollary 5.1,
€ls €ls

Proposition 5.4 implies that if an optimal RIS configuration is contained within a slice

S(Ue, Omax) With 0. < 7, then Algorithm 2 applied with S(u, Onax), Zs, and g,(C)

produces an RIS configuration Cs that is optimal for both lax 9.(C) and max g, (C), and
€Fs €Ss

thereafter R(Cs) is within |21og, cos(0max/2)| bit/sec/Hz of the optimal objective of (P4).

5.4.2 Simulation Settings and Benchmarks
In this section, we adopt the constrained virtual-channel selection formulation of this sec-

tion and investigate the performance of the corresponding Algorithm 2 when employed to
optimize the general multi-antenna receiver problem (P4).
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For L = 2% discrete phase shifts ¢, = 27(¢ — 1)/L,¢ = 1,..., L, the amplitude-phase
shift model (5.7) presented in Section 5.3.1 is adopted. Moreover, the simulation param-
eters of Section 5.3.2 are adopted and extended for the case where the receiver has M
antennas. In particular, htg € CM**! and G € CM*¥ now extend htg € C of (5.8) and
g € CY*V of (5.10), respectively. Subsequently, numerical experiments are conducted un-
der various scenarios to demonstrate the efficacy of the proposed configuration scheme,
with particular attention given to the impact of the number of antennas, M.

Benchmarks:

It is important to note that, unlike the single-antenna receiver case discussed in Section 5.3,
the optimal binary configuration for cases where M > 1 remains unknown. To the best of
our knowledge, this is the first time the discrete RIS configuration problem with amplitude
selectivity is being investigated in multi-antenna scenarios (i.e., M > 1). Consequently,
to assess the performance of the proposed configuration scheme, the following benchmarks
are adopted:

e Continuous phase shift: the continuous relaxation of the multi-antenna problem (P4)
(i.e., RIS configuration problem with continuous phase shifts under phase-dependent
amplitude response) is configured using Couenne numerical solver ([11]) with a time
limit of 1 hour per channel realization.

e Closest Point Projection (CPP): the continuous phase shifts from the BCD Algo-
rithm 1 of [3] are projected componentwise to the closest point in {¢1,...,¢r}.

5.4.3 Numerical Results

We first examine a scenario where the RX has M = 2 antennas and the RIS is equipped
with N = 100 elements. Under this setup, Fig. 5.4 illustrates the average spectral efficiency
performance associated with the proposed scheme and benchmarks for different number
of bits k used to configure the RIS. We consider two cases: (i) a blocked TX-RX scenario
(Fig. 5.4a) and (ii) a direct TX-RX scenario (Fig. 5.4b). From the figures, under a moderate
amplitude selectivity (@, = 0.6), the proposed scheme performs similarly to the CPP
benchmark. However, under significant amplitude selectivity (auu, = 0.2), the proposed
scheme can provide substantial gains over the CPP benchmark.

For instance, Fig. 5.4a shows that in the blocked TX-RX case, configuring the RIS
elements with £ = 1 bits (i.e. binary configuration) using the proposed scheme results
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Figure 5.4: The average spectral efficiency performance vs number of bits used to control
the RIS under a5, = 0.2 and oy, = 0.6. Here M = 2 and N = 100.

in a 52% spectral efficiency improvement compared to the binary configuration of the
CPP benchmark. Moreover, for the the direct TX-RX case, Fig. 5.4b shows that the
binary configuration obtained by the proposed scheme yields a 16% improvement over the
corresponding CPP benchmark performance. Additionally, across all scenarios illustrated
in Fig. 5.4, the proposed scheme requires k = 3 bits to achieve > 90% of the performance
associated with the continuous phase shift benchmark.

For a receiver with M = 4 antennas and an RIS of either N = 100 or N = 200 elements,
Fig. 5.5 illustrates the average spectral efficiency performance of the proposed scheme
compared to the benchmarks as a function of the number of bits £ used to configure the
RIS. Here, the results were obtained under a significant amplitude selectivity (a;pi, = 0.2)
scenario. As shown in the figures, the proposed scheme consistently matches or surpasses
the performance of the CPP benchmark, with significant improvements in certain scenarios.
For example, under the blocked TX-RX path and N = 100 elements (Fig. 5.5a), the binary
configuration generated by the proposed scheme results in a 45% improvement in spectral
efficiency over the CPP benchmark. Similarly, for N = 200 elements and k£ = 1, the
proposed scheme achieves a 32% improvement compared to the CPP benchmark.

For N = 100 and significant amplitude selectivity (am:; = 0.2), Fig. 5.6 illustrates
the impact of the number of antennas M on spectral efficiency performance. The figure
highlights the performance of the proposed scheme for k = 1 (red dotted line) and k = 2
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Figure 5.5: The average spectral efficiency performance vs number of bits used to control
the RIS for both N = 100 and N = 200. Here M = 4 and «,,;, = 0.2.

(red dashed line), compared to the CPP benchmark for £ = 1 (black dotted line) and k = 2
(black dashed line). Additionally, it includes the performance of an RIS configured with
continuous phase shifts, shown as a solid green line.

For the k = 1 case, regardless of whether the direct TX-RX path is blocked or not, the
proposed scheme consistently provides significant improvements over the CPP benchmark,
effectively narrowing the gap to the continuous phase shift benchmark across different val-
ues of M. Specifically, in the blocked direct path scenario (Fig. 5.6a), the CPP benchmark
results in performance gaps of 64%, 58%, 53%, and 47% for M =1, 2, 4, 8, respectively, com-
pared to the continuous benchmark. In contrast, the proposed binary (k = 1) configuration
nearly halves these gaps, yielding 37%, 35%, 30%, and 25% gaps for the same values of M.
For k = 2, the proposed scheme continues to outperform the CPP benchmark for some
cases. For instance, when M = 1, the proposed scheme reduces the performance gap to
20%, compared to a 29% gap under the CPP benchmark. Similar trends and conclusions
hold in the scenario where the direct TX-RX path exists, as shown in Fig. 5.6b.

We note that, although not shown in Fig. 5.6, similar results were obtained for a massive
MIMO scenario with M = 8 x 8 = 64 antennas at the receiver. For instance, under the
binary case (k = 1) and blocked direct path, the proposed scheme nearly halves the gap
to the continuous benchmark to 16% compared to the CPP benchmark, which results in a
30% gap relative to the continuous benchmark.
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Figure 5.6: The average spectral efficiency performance vs number of antennas at the
receiver for both £ = 1 and £ = 2 bits used to control the RIS. Here N = 100 and

The numerical results of this section demonstrate that the proposed scheme consis-
tently outperforms the CPP benchmark or achieves comparable performance. Notably, as
discussed in Section 5.3.4, the proposed scheme offers significant practical advantages in
terms of time complexity and simplicity of the operation needed for optimizing the RIS
configuration. Therefore, even in scenarios where the spectral efficiency performance of
the proposed scheme matches that of the CPP benchmark, such as under moderate phase-
dependent amplitude response or with a higher number of bits per RIS element, it remains
a favorable option to adopt the proposed scheme due to its practical gains in terms of time
complexity and simplicity of the operations involved.

5.5 Conclusions

The discrete reconfigurable intelligent surfaces (RIS) configuration problem under phase-
dependent amplitude response was formulated as a constrained virtual-channel selection
problem. This problem, when considered over a subset of virtual-channels with maximum
phase-variation 6., < 7, was shown to be bounded between two monotone matroid-
constrained problems. Moreover, when the optimal RIS configuration lies within such
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subsets, a greedy configuration framework was shown to be able to guarantee a worst-case
optimality gap of |2log, cos(fmax/2)| bit/sec/Hz uniformly over all system parameters.
RIS configuration problems whose optimal configuration lies within such maximum phase-
variation subsets were demonstrated. Subsequently, a practical low-complexity configura-
tion framework was proposed for general discrete RIS configuration problems. Numerical
experiments corroborated the effectiveness of the proposed framework which required only
3 control bits per RIS element to achieve at least 90% of the continuous phase shift per-
formance obtained by a numerical solver. Additionally, in the single-antenna case with
binary phase shifts and significant amplitude-response variations, the proposed framework
achieves performance within 4% of the optimal configuration. Furthermore, the proposed
scheme either significantly outperforms the commonly adopted closest point projection
(CPP) benchmark, where continuous phase shifts from a block-coordinate descent algo-
rithm are discretized, or achieves comparable performance. Even in scenarios where both
schemes yield similar results, the proposed scheme has practical advantages, including
reduced time complexity and simplicity of the operations needed to optimize the RIS con-
figuration.
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Chapter 6

Concluding Remarks and Future
Work

Current systems focus on optimizing the transmitter and receiver, leaving channel con-
figuration largely beyond the control of a designer. A reconfigurable intelligent surface
(RIS) is a 2D array of nearly-passive reflecting elements that can be configured to dynam-
ically shape electromagnetic waves, offering a cost-effective and energy-efficient approach
to engineering the channel between a transmitter and receiver. However, the lack of active
components at an RIS presents challenges in terms of channel acquisition and optimiza-
tion of the RIS reflection coefficient. This thesis addresses these challenges by developing
efficient resource allocation and RIS configuration schemes.

6.1 Summary of Contributions and Key Findings

In the first part of this research, we propose a joint uplink-downlink RIS design for
multi-user frequency-division-duplexing (FDD) and time-division-duplexing (TDD) sys-
tems. This joint RIS design is essential for supporting simultaneous uplink (UL) and
downlink (DL) transmissions in an FDD system, as designing separate configurations for
UL and DL is not physically realizable. Furthermore, in a TDD system, the joint design
can reduce signaling overhead, power consumption, and configuration periods compared to
individually designing UL and DL RIS configurations. To investigate the trade-off between
uplink and downlink rates achieved by the joint design, we formulate a weighted-sum op-
timization problem and optimize it using a developed block-coordinate descent algorithm.
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With the RIS configuration optimized through the proposed framework, numerical simula-
tions are conducted to compute the uplink-downlink trade-off regions in practical scenarios
where RIS can be deployed to assist signal transmission in communication systems.

To evaluate the performance of the proposed framework, we introduce several bench-
marks. These include an individual design upper bound, which allows different RIS config-
urations for UL and DL, a fixed-uplink (fixed-downlink) heuristic that uses the RIS configu-
ration optimized for uplink (downlink) to assist downlink (uplink), and slicing benchmarks,
where RIS elements are split into two groups dedicated to assisting either UL or DL trans-
missions exclusively. Numerical investigations of the UL-DL trade-off regions show that
the proposed joint design can offer significant performance improvements over the fixed-
downlink /fixed-uplink designs. In many scenarios, the UL-DL region achieved by the joint
design is shown to strictly contain those associated with the fixed-downlink/fixed-uplink
designs and slicing benchmarks. Additionally, the joint design substantially bridges the
gap to the individual design upper bound, which cannot be realized in an FDD system.

Furthermore, complexity analysis of the proposed scheme and benchmarks is combined
with the computed trade-off regions to highlight scenarios where minor losses in spectral
efficiency can be traded for reductions in configuration complexity, configuration periods,
and signaling overhead. Specifically, for all FDD scenarios, the proposed joint design
consistently outperforms fixed-downlink/fixed-uplink designs, making it indispensable in
such systems. For TDD scenarios, the joint design can yield substantial spectral efficiency
improvements over fixed-downlink/fixed-uplink designs in scenarios with significant vari-
ations in user priorities. Meanwhile, in other TDD scenarios, the joint design and fixed
uplink /fixed downlink configurations perform almost as well as the individual design upper
bound, offering reduced complexity, overhead, and configuration periods without significant
losses in spectral efficiency.

The second part of the research develops a learning-based framework that directly
exploits noisy pilots to optimize an RIS system while accommodating different service
priorities and fairness through user weights. To achieve this, an adaptive beamforming
configuration problem is formulated to generate the RIS system’s beamforming configura-
tions that maximize the weighted sum-rate. The problem is analyzed to demonstrate that,
under mild regularity conditions, it attains a maximum. To approximate solutions to this
problem while accounting for various sets of user weights, one approach is to extend exist-
ing learning methods by including the user weights as input alongside the pilot information
and training a single neural network to work for all possible sets of user weights. This is
referred to as the static learning approach. However, this approach has a fundamental
limitation: once the deep learning model is trained, its parameters are fixed and cannot
be adapted to reflect changes in user weights or other available information.
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To overcome this limitation, we propose a novel hypernetwork-based beamforming
(HNB) framework to dynamically approximate solutions to the formulated beamforming
problem. In the HNB framework, a beamforming network (BFN) is designed to leverage
available information, including noisy pilots, to generate optimized beamforming config-
urations. Instead of directly training the BFN, another network, referred to as the hy-
pernetwork, is trained to dynamically generate a subset of the BFN’s learning parameters
based on an input conditioning vector. By using user weights as the conditioning vector,
the HNB scheme is capable of adapting the BFN’s learning parameters to the user weights.
This allows the HNB framework, during deployment, to generate a different BFN for each
input condition (e.g., user weights) without requiring retraining for new conditions.

Extensive simulation results across a wide range of practical scenarios demonstrate
that tuning the BFN to the user weights enables the proposed HNB framework, even with
limited training, to significantly outperform static learning schemes. Furthermore, the
proposed HNB framework directly leverages noisy pilots to produce beamforming configu-
rations that achieve performance comparable to an optimistic BCD algorithm with perfect
CSI as a benchmark.

When location information is available, the hypernetwork’s conditioning vector can
be used to tune the BFN learning parameters to the user location information (in addi-
tion to user weights). Numerical investigations show that adapting the BEN to both user
weights and locations allows the HNB framework to significantly outperform static learn-
ing schemes and considerably reduces the number of pilots needed to provide performance
close to the BCD with perfect CSI benchmark. Simulation results show that the improve-
ments introduced by the HNB framework over existing methods remain consistent across
various scenarios and under different user weighting strategies, number of user pilots, noise
considerations, Rician factors, and user location availability.

In the third part of this research, we focus on developing RIS configuration schemes un-
der relaxed hardware constraints to facilitate RIS implementation across diverse technolo-
gies. Specifically, we consider the scenario where RIS elements have discrete phase shifts,
and their amplitude response is non-linearly dependent on the introduced phase shift. This
discrete RIS configuration problem is formulated as a constrained virtual-channel selection
problem.

By considering the problem over a subset of virtual channels with a maximum phase
variation of 0., < 7, it is shown that the discrete RIS configuration problem is bounded
between monotone upper and lower matroid-constrained problems. When the optimal RIS
configuration lies within these subsets, optimizing either the upper or lower bound ensures
a worst-case optimality gap of |2log, cos(fmax/2)| bit/sec/Hz, regardless of the system
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parameters. We present discrete RIS configuration problems whose optimal solution satisfy
this maximum phase-variation property.

Subsequently, a low-complexity configuration framework is proposed to optimize gen-
eral RIS problems where the discrete phase shifts are specified by k& bits and exhibit an
arbitrary phase-dependent amplitude response. Numerical evaluations validate the effi-
cacy of the proposed framework. For instance, under binary phase shifts with significant
amplitude-response dependency, the proposed framework achieves performance within 4%
of the optimal configuration for a single-antenna case. Moreover, with only three control
bits per RIS element, the scheme delivers over 90% of the performance of a benchmark
scheme using continuous phase shifts and numerical solvers.

Furthermore, the proposed scheme is shown to either significantly outperform the com-
monly adopted closest point projection (CPP) benchmark (which discretizes the continu-
ous phase shifts from a block-coordinate descent algorithm) or achieve similar performance.
The computational complexity of the proposed configuration scheme is also analyzed and
shown to be advantageous compared to existing benchmarks. Thus, even in scenarios where
both approaches provide similar results, the proposed scheme offers notable practical gains
in terms of reduced time complexity and operational simplicity, making it a compelling
choice for efficient and scalable RIS configuration.
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6.2 Future Research Directions

This thesis focuses on developing efficient resource allocation and beamforming configura-
tion schemes to integrate a RIS into future communication systems, where nearly-passive
reflecting elements optimize the channel between transmitters and receivers. This work can
be extended by exploring different RIS architectures, use cases, and deployment strategies.

6.2.1 Extended RIS Architectures
Hybrid Active-Passive RIS

The nearly-passive RIS implementation, widely studied in the literature, effectively miti-
gates noise amplification and self-interference. On the other hand, an active RIS imple-
mentation introduces active components that amplify reflected signals (along with noise),
increasing power consumption, noise power, and hardware complexity. A promising alter-
native is a hybrid active-passive RIS design, which combines a few active elements with
passive ones. For instance, active elements could enhance channel estimation. While hy-
brid RIS implementations have been explored in works such as [101], research in this area
remains in its early stages. Incorporating active components presents challenges, including
noise modeling and mitigation, resource allocation for active and passive elements, and
other technical considerations that remain largely unaddressed in the literature.

Simultaneously Transmitting and Reflecting Surface

Another extended RIS architecture is explored in works such as [71] and [38], where each
RIS element is designed with both refracting (sometimes referred to as transmitting) and
reflecting capabilities. This RIS model is known as simultaneously transmitting and reflect-
ing (STAR) RIS. By controlling the relative degree of refraction and reflection, the RIS can
serve users on both sides. In [74, 38], the reflection and refraction coefficients of each RIS
element were optimized to enhance signal transmission. The STAR-RIS implementation
was shown to extend IRS coverage and improve the power efficiency of IRS-assisted systems
compared to reflection-only RIS. However, it introduces several technical challenges, in-
cluding the efficient acquisition of CSI information and the development of low-complexity
configuration schemes under practical reflection models, which remain active areas of re-
search.
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6.2.2 RIS for Localization and Mapping Tasks

Although this thesis focuses on wireless communications, RIS reflection patterns can also
be optimized to enhance localization and mapping accuracy. An RIS can be particularly
useful for localization tasks, acting as a tunable anchor to control NLOS propagation [103].
A promising future direction involves designing RIS reflection coefficients to support joint
sensing and communication tasks, leveraging the additional degrees of freedom provided
by the RIS to address trade-offs between these tasks [55]. Additionally, determining the
optimal placement of one or multiple RISs to assist localization remains an important
challenge. Furthermore, the role of extended RIS architectures (e.g., hybrid RIS or STAR
RIS) in localization tasks has not received sufficient attention in the literature.

6.2.3 RIS deployment strategy

The focus so far has been on centralized RIS deployment, where a single RIS assists signal
transmissions. However, deploying multiple RISs collaboratively in a distributed manner
could offer significant benefits for both communication and localization tasks. One key
application where distributed RIS deployment could provide substantial improvements is
multi-target localization and sensing [103]. A distributed RIS deployment introduces sev-
eral technical challenges, including the development of effective resource allocation schemes
and synchronization protocols. Additionally, in such a deployment, many users may oper-
ate within the near-field regime of their associated RIS, which must be carefully considered.
Addressing these challenges makes distributed RIS deployment a promising direction for
future research.
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Appendix A

Proofs

A.1 Lemmal

The following lemma illustrates a practical sufficient condition for the E[Uy] < oo assump-
tion of Proposition 4.1.

Lemma 1. If the components of the hTDkL, th,f, and G”" channels satisfy B[|h2L,|] < oo,

thka < o0, and E[|gTDnLn ] < o0, then E[Uk] < 00.

Proof. First,

Ukzlogg (1 mam Hh’ H+Z|hrkn|‘|g LH)2)

4 ngx
< (I[P H+Z!hrkn\Hg "I

4\/
(Z B+ 3 S IRk 1o ).
n=1m=1
where (a) follows as log,(1 + %) < 4|z|. Then, since E[|hrkn] < 00, E[[h2F,.|] < 0o, and
E[| gflﬁl] < oo and by independence of h” Ln and gmvn channel components, we conclude

that E[U] < oo. O

A sufficient condition for the E[U;] < oo above is that the channels have finite second
moments. Thus, Lemma 1 above is satisfied by Rician, Rayleigh and Nakagami fading
models.
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A.2 Lemma 2

To prove Proposition 4.1, we also establish a lemma about continuity of the objective in
(4.5) (as a function of W and ©) and show that the conditional problem in (4.5) attains
a maximum for almost every v and y.

Lemma 2. If 31 E[Uy] < oo, then the objective of (4.5),E[S 1, T1R,(W,0©)|Z = (y,7)],
15 a continuous function of W and © for almost all v and y and the conditional WSR
problem in (4.5) attains a mazimum for almost every v and y.

Proof. We first note that E[> 1 U] < oo implies that, for a set A € o(Z) of measure 1,
E[>.%, Ux|Z = 2] < co. The bound in (4.4) then implies that, over such set A,

]E[i [ Ro(W,0)|Z = 2] < E[i Ul Z = 2],

where Uy’s do not depend on the choice of W and ®. Suppose that W, — W and
©; — O, then by Lebesgue’s dominated convergence theorem [9, Theorem 11.21}, over A,

l—o00

K K
limE[ZFkRk(Wl, ©)|Z = z} :E[ZFkRk(W, 0)Z = z|.
k=1 k=1

To show that problem in (4.5) attains a maximum for almost every - and y, we note that
for every 4 and y, the search space for W and © of Problem (4.5) is the intersection of
(4.5b) and (4.5¢) and thus compact. O

A.3 Proof of Proposition 4.1

1. To prove part (a) of Proposition 4.1, we construct a solution of the problem in (4.3)

using a family of solutions that optimize the conditional problem in (4.5). Let

S 2 (W,0) and let 1, be indicator function of a set A. We first note that by

lemma 2, there exists a measure 1 set A € o(Z) such that the function f(S,Z) 2
]E[Zle IR, (W,0)|Z = z]1,4 is a continuous function of § = (W, ©) for each z.
Moreover, for each s € S, f(s,.) is measurable. It follows that f : S x Z — R is jointly
measurable [9, Lemma 4.51]. By [17, Corollary 1], there exists a measurable mapping
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F(Z) such that E[ S0 TRy (F(Z))|Z = 2]14 = g%(E[ZL IR (W.0)|Z =
z|14. Finally, we show that F(Z) can solve (4.3) as over the domain Z of Z,

E[Zf T Riu(W, @)}
/z :Zszl Ty R, (W, 0)|Z = Z} p(dz)

/ZIE 'Z; DWR(W,0)|Z = 2|14 u(dz)

IN

] 2521 T Ry(F ’Z = z] 14 p(dz)

E
B[S TWR(F ))}

N

O

2. To contradict the proposition, suppose that there exists a subset C' € o(Z) of positive
measure, such that for z € C

E[i TwRu(F*(Z))|Z = z]
<E[ZPkRk F(z ))|z_z} (A.1)

Then the objective of the adaptive beamforming configuration problem in (4.3) can be
expressed as [01]:

B[ TR(F(2)],
:/ZE[Zj Iy Ry(F* |z—z} (dz),
(a) K
* [ L=

+/CE[Z/<K TR (F ’Z—z] (dz), (A.2)

where the inequality (a) holds if C' has positive measure. However, this contradicts the
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optimality of F*(Z) for the problem in (4.3). Therefore C' in (A.1) has measure 0, and

E[irkRk(f(Z)nz - z}

_ E[iFkRk(}"*(Z)HZ - z}

holds for almost all z.

A.4 Proof of Proposition 5.1

For T with T',, € {a(d¢)e 7} |, (P1) is then equivalent to solving

N
Max max R{e 7’ (htr + Z Inful'n)}.

n=1

For any given 6 (including an optimal ), the inner maximization is equivalent to
N

Riehr} + max > |gafal'al cos(arg g fuln — 0). (A.3)

n=1
Say an optimal solution of (A.3) yields effective channels hOPT 2 TOPTg £ If
{hIOPT7 MR h%PT} g 8(07 emax)

for all f,. < 7, then for at least one element a € {1,..., N}, cos(arg hOPT—0) is negative or
zero. Since the phase shifts are in increments of 27 /L with L > 4, then there exists at least
one effective channel hAtT € V, such that cos(arg hAT — 0) is positive, thus contradicting
the optimality of ROPT.

A.5 Proof of Proposition 5.2

(a) For any C C §(0.., Omax) With Opax < T,

Z €08 (Omax/2) || < Z R{he 7%}

heC heC
<[> he <30l (A4)
heC heC
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Then (5.4) can be obtained by applying 7(z) = log,(1 + J—PQxQ) to the appropriate steps of
(A.4). Moreover, f,(C) and f;(C) are monotone as they are both increasing functions of
the sum , . |h|. To show the monotonicity of R(C) when restricted to C C S(6.,7/2),
we note that for any s,, sp € S(0,,7/2), |sa + sp|* = [Sa]* + |85]* + 2| 54| [s6|cos(arg(s.5p)) >
max([sa % 5o ).

(b) Zs is the collection of independent sets of a partition matroid formed over the
ground set § = S(0., Omax) and hence (S,Zs) is a matroid. Subsequently, Algorithm 2
applied to the upper and lower bound problems is equivalent to using Algorithm 2 to
maximize ), .|h| over C € Is, which is a matroid-constrained modular function (i.e.
submodular with curvature ¢ = 0). Hence, Algorithm 2 yields a solution 53 that is optimal
for both problems [24]. By the monotonicity of f;(C) for i € {u,l} and Fs # 0, it
follows that 53 NV, # () and hence Cs € Fs. Then maxcers f1(C) = fl(é:g) < R(ag) <
maxcers R(C) < maxcez, fu(C) = fu(Cs), proving (5.5), where the first inequality follows
by (5.4) and the last inequality follows because Fs C Zs and R(C) < f,(C).

A.6 Proof of Proposition 5.3

Let wy = hrg and w,, = [fuG1n,- - fugun)’ - Then, for u = [uy, ..., upy]? € CM¥*! such
that ||u|| = 1, (5.12) (correspondingly (P6)) is equivalent to
N
um&ﬁ; max R{(wo + ; Ihw,, u)}. (A.5)
For any w, the inner maximization is
N
max ; R{(C,w,, u)} (A.6)
Let an optimal solution of (A.6) be TOPT ... TSPT. Suppose {T'9PTw,, ..., I Twy} &

S(u, Opay) for all O, < m. Then, there exists at least one element n’ € {1,..., N},
such that R{(T'FTw, , u)} = R{COT(w,,, u)} is negative or zero. However, since ', €
{71, ...,7L} can be selected from L > 4 possible phase shifts in increments of 27 /L, there
exists at least one I'AFT such that R{(T'AHT w,, u)} = R{TA (w,,, u)} is positive which
contradicts the optimality TOFT.
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A.7 Proof of Proposition 5.4

Let w = [ug,...,upy|T € CM*! such that ||u|| = 1, then an upper bound on Q(C) can be
obtained as follows:

C) = I3 0 Pl = max R 2;’%'@}

= gu(C). (A7)

For the lower bound, we note that

Q(C) = max R{( Zhu}>%{2huc

[[ull=1
hec hec

=3 R{(h,u))

heC

(@)
> 37 1Al c08(Bhnae/2)

heC

2 4(0), (A8)

where (a) follows since h € C C S(U¢, Umax). Both the monotonicity and modularity of
9u(C) (correspondingly, ¢;(C)) follow since each of the terms in g¢,(C) (correspondingly,
g1(C)) is a sum of non-negative terms proportional to ||h||.

Finally, we show the monotonicity of Q(C) for C C S(u.,7/2). Consider h,, h, €
S(u,, m/2), it follows that @y, o, = cos™! (%) < /4 and @y, ,,, = cos ! (%) <
7/4. By Krein’s Inequality [07], cos™? (%) = ®nn, < Phpu. + Pryu, < /2
and therefore R{(hg,hy)} > 0. Since ||k, + hy|]? = ||ha]]* + [|ho]]? + 2R({hg, hy) >

max(||hg|[%, ||Fs][?), it follows that Q(C) is monotone in this case.
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Appendix B

Static-GNN2 implementation

Let Yl, e ,Y x be the matrices that collect pilot information for users 1,..., K, respec-
tively (See Section 4.6.2 for more information). The pilot information matrices {Yk}le
along with the additional information vector i (comprised of the user weights vectors T,
and if applicable, the user location information {p; }rex) are fed to the BEN. For user i € KC,
the node representation is initialized as d\” = g ([vec(R{Y 1 })T, vec(S{Y . )T, n7]"]).
The network @i is described in part B of Table 4.1. For the RIS node (i = K + 1), the

initial node representation is dgg)ﬂ = qﬁIS(MEAN({dEO) K 1)), where MEAN(.) denotes the
element-wise mean function.

For each GNN layer [, the RIS node includes an RIS representation aggregation network
qu} and a user representation aggregation network qg’)LU. The RIS node combination

network is qf:{)l, and the pooling function is the element-wise mean function. The K user

nodes share the same aggregation and combination networks. Specifically, for all user

nodes, the user representation aggregation network is qf(zl,)U,U7 and the RIS representation

aggregation network reuses q((l{)l from the RIS node. The combination network associated
with the user nodes is qg] For user nodes, the pooling function is the element-wise

max function. Finally, qg) and qu) process the node representations at the final GNN
layer to generate the (real and imaginary components of) the RIS configuration and K
beamforming vectors, respectively.
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