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Abstract

Multi-antenna wireless networks such as wireless power networks (WPN) and wireless
communication networks (WCN) have attracted great attention in academia and
industry. This thesis is concerned with the optimization and reinforcement learning
for emerging multi-antenna wireless networks. Various scenarios and algorithms are

elaborated and evaluated.

First, we design a novel WPN based on the joint optimization of beamforming
and waveform with intelligent reflecting surfaces (IRS). Generalized multi-user and
low-complexity single-user algorithms are demonstrated based on alternating opti-
mization (AO) framework, successive convex approximation (SCA), and semidefinite
relaxation (SDR) to maximize the weighted sum output direct current (DC). The
energy harvester nonlinearity is explored and two IRS deployment schemes, namely
frequency selective IRS (FS-IRS) and frequency flat IRS (FF-IRS), are modeled and
analyzed. IRS can provide a promising passive beamforming gain on output DC power

over conventional WPT designs and significantly influence the waveform design.

Second, we consider a massive multi-input multi-output (MIMO) WCN under im-
perfect channel state information at the transmitter (CSIT). In order to tackle the
multiuser interference and CSIT imperfections, we develop a multi-agent codebook-
based deep reinforcement learning (DRL) framework where the transmit and receive
beamforming are jointly designed to maximize the average information rate of all users.
Leveraging this deep Q-network (DQN)-based framework, interference management is
explored and three multi-agent DQN-based schemes, namely the distributed-learning-
distributed-processing scheme, partial-distributed-learning-distributed-processing,
and central-learning-distributed-processing scheme, are proposed and analyzed. This
work demonstrates the inherent effectiveness and robustness of the proposed designs

in the presence of imperfect CSIT.

Finally, we extend the scope of research from codebook-based beamformer prediction to
continuous action space. A Multi-agent Deep Deterministic Policy Gradient (DDPG)

based strategy is proposed to reduce the effect caused by inaccurate codebook design.

7



Simulation results demonstrate that the DDPG-based strategy is a very powerful and

promising technique for multi-user massive MIMO beamforming.
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RE reflection element

REs reflection elements

RF ratio frequency

RFID Radio Frequency Identification
RIS reconfigurable intelligent surfaces
RL reinforcement learning

RMS root mean square

RSMA Rate-Splitting Multiple Access
SAH sample-and-hold

SCA successive convex approximation
SDMA Space Division Multiple Access
SDP Semi-definite Program

SDR semidefinite relaxation

SISO single-input-single-output

SU single-use

TDD time division duplexing

WCN wireless communication networks
WPN wireless power networks

WPT wireless power transfer

13



UAV unmanned aerial vehicles

ZF-CI zero-forcing channel-inversion

ZF-CI PCSI ZF-CI method with perfect CSI

14



Contents

Declaration of Originality
Copyright Declaration
Abstract
Acknowledgements
Abbreviations

1 Introduction
1.1 Motivation and Outline . . . . . . ... ... ... ... ... ...
1.1.1 Motivation . . . . . . . . ...
1.1.2 Outline . . . .. .. .
1.2 List of Contributions . . . . . . . . ... ... ... ... ... ..
1.2.1  For Wireless Power Networks . . . . . . ... ... ... ...
1.2.2  For Wireless Communication Networks . . . . . .. ... ..

1.3 Publications . . . . . . . . ...

11

26



1.4 Notation . . . . . . . . .. L 33
Fundamentals and Literature Review 34
2.1 Some Fundamentalsof WPT . . . . . ... ... ... ... .. ... 34
2.1.1 WPT Waveform Design . . . . . .. ... ... ... ..... 35
2.1.2 Rectenna . . . ... ... 37
2.2 Literature Review for WPT . . . . ... ... ... ... ... ... 40
2.2.1 Multi-antenna Wireless Power Networks . . . . . . . .. ... 40
2.3 Some Fundamentals of Multiuser MIMO . . . . . . .. ... ... .. 44
2.3.1  Multi-user MIMO Systems . . . . . . ... ... ... .... 45
2.3.2 Broadcast Channel . . . . ... ... ... ... ... ..., 45
2.3.3 Signal Model . . . ... ..o 46
2.3.4 Channel Model . . . . ... ... ... ... .. 47
2.3.5 CSIT Acquisition . . . . . . . .. ... . 48
2.3.6 CSIT Types . . . . . . o e 48
2.3.7 Performance Metric . . . . . . ... o oo 49
2.3.8 Precoding Techniques . . . . . . . . ... ... ... .. ... 50
2.4 Literature Review of Multi-antenna Wireless Communication Networks 52
2.5 Mathematical Tools . . . . . . . .. .. ... . 56
2.5.1 Convex Optimization . . . . . . .. ... ... ... ..... 56
2.5.2 Reinforcement Learning . . . . . . ... ... ... ... 57



3 Waveform and Beamforming Design for IRS-aided Wireless Power

Networks 59
3.1 Imtroduction . . . . . . . ... 60
3.2 System Model . . . ... 63
3.2.1  Transmit Signal . . . . . ... oo o 63
3.2.2  Channel Model and Reflection Pattern . . . . . . ... ... 64
3.2.3 Receive Signal . . . . ... o oo 66
3.3 Joint Design of Waveform and Reflection Elements for Multi-user Scenario 66

3.4

3.5

3.6

3.7

3.8

3.3.1 Passive Beamforming for Multi-User FF-IRS . . . . . . . .. 68

3.3.2  Passive Beamforming for Multi-User FS-IRS . . . . . .. .. 72

3.3.3  Waveform Design for Multi-User FF-IRS and Multi-User FS-IRS 75

3.3.4 Alternating Optimization . . . . . . . . ... ... ... ... I
3.3.5 Convergence . . . . . . . . ... 78
Low Complexity Design for Single-user Scenario . . . . . ... ... 79
3.4.1 Passive Beamforming for Single-User FS-IRS . . . . . . . .. 80

3.4.2  Frequency Domain Power Allocation for Single-User FS-IRS . 81

Large Scale Analysisof SUFS-IRS . . . . .. .. ... ... .. ... 82
Discussion on Multi-Antenna Scenario . . . . . . .. ... ... ... 83
Discussion on Discrete-Phase . . . . . . ... ... 84
Simulation Result and Analysis . . . . . ... ... . ... ..... 84



4

3.8.1 Single-User . . .. ... .. ... 86

3.8.2 Convergence Analysis . . . . . ... ... ... ... ... 90
3.8.3 Bandwidth. . . .. ... ... ... ... ... 91
3.84 Multi-User . . . . . ... 92
3.8.5 Discrete-Phase . . .. .. .. ... 00000 95
3.9 Summary ... 98

A Novel Multi-agent DQN-based Beamforming Design for Massive

MIMO Wireless Communication Networks 100
4.1 Introduction . . . . . . ... 101
4.2 System Model . . . . ... 103
4.2.1 Channel Model . . . .. ... .. ... 105
4.2.2  Problem Formulation . . . . ... .. ... ... ....... 106
4.3  Multi-agent DRL-based Discrete Beamforming Optimization . . . . 107
4.3.1 A Brief Overview of DQN . . . . . . . .. ... ... ... .. 107

4.3.2 The Distributed-learning-distributed-processing DRL-based
Algorithm . . . . . . .. . 110

4.3.3 The Low-complexity Centralized-learning-distributed-processing
DRL-based Algorithm . . . . .. ... ... ... ...... 118

4.3.4 Bridging the DDRL and CDRL: Partial-distributed-learning-

distributed-processing Scheme . . . . . ... ... 119

4.4 Simulation Result and Analysis . . . . ... ... ... ... .... 121



5

4.4.1 Simulation Setup . . . ... ... o 121
442 DDRLvsCDRL. ... .. ... .. .. ... ... ... 123
4.4.3 Multi-antenna and Multi-stream . . . . . . .. ... ... .. 129
4.4.4 Reward, Penalty Analysis and Statistical Test . . . . . . . .. 131
4.5 SUMMAry . . . .o e 134

A Novel Multi-agent DDPG-based Beamforming Design for Massive

MIMO Wireless Communication Networks 137
5.1 Imtroduction . . . . . . . .. .o 138
5.2 Multi-agent DRL-based Continuous Beamforming Optimization . . . 139
5.2.1 A Brief Overview of DDPG . . . . . . .. ... .. ... ... 140
5.2.2  Proposed DRL Algorithm . . . ... ... ... ... .... 142
5.3 Simulation Result and Analysis . . . . ... ... .. ... ... .. 150
5.3.1 SingleUser . . . .. . . .. . 150
532 MultiUser . . . . . . . ... 151
5.3.3 Different Reward Function . . . . .. ... ... ... .... 152
5.4 Summary ... 153
Conlusion 156
6.1 Summary of Thesis Achievements . . . . . .. ... ... ... ... 156
6.2 Future Work . . . . . .. o 157



A Proof of Propositions 161

A.1 Proofof Proposition 1. . . . .. .. ... ... . ... ... ... .. 161
A.2 Proofof Proposition2 . . . . . . .. ... 162
References 163

20



List of Figures

2.1

2.2

2.3

2.4

2.5

3.1

3.2

3.3

3.4

3.5

3.6

3.7

3.8

Time domain of a typical 3-subcarrier multisine and single sine CW. 36

Frequency domain of a typical 3-subcarrier multisine and single sine

CW. The multisine signal appears as pulses with a period of 1/Af. . 36
Antenna equivalent circuit. . . . . . .. .. ... 37
The block diagram of a generic WPT system. . . . . . ... ... .. 41
Diagram of multiuser MIMO downlink system. . . . . ... .. ... 46
Systemmodel. . . . . . ... 63
Alternating Optimization in one iteration. . . . . . . . . . .. .. .. 68

D, is the sum of red block diagonal, D, ; is the sum of yellow block

diagonal and D, _; is the sum of green block diagonal in the above matrix. 69

The definitionof B,. . . . . . ... ..o Lo 7
Simulation layout. . . . . . .. ... 85
Average i4. versus N for L=1,2040. . . . . . . ... ... ... ... 86
Average i4. versus L for N=16,32,64. . . . . ... ... ... ... 87
Average ig.versus N. . . . . .. L 88

21



3.9

3.10

3.11

3.12

3.13

3.14

3.15

3.16

3.17

3.18

3.19

4.1

4.2

4.3

4.4

4.5

The average weighted sum of iq. versus N for K=1, 3, 5and L=20.. 89

Average 14, versus number of iterations for N =4, 16, 64, 128 and L=30. 90

Average iq4. versus number of iterations for L =10, 20, 30, 40 and N =64. 91

Average 14, versus bandwidth for L=20and N=16. . . ... .. .. 92
Average 74, versus bandwidth for L=30and N=16. . . ... .. .. 93
tgc region versus L for N=32. . . . . ... oL 94
1gc Tegion versus Dy, for N=32and L=20. . ... ... .. ... ... 95
Average 74, versus N for L=10,20,30 and K=1. . . ... ... .. 96

Average weighted sum i4. versus N for L = 20, number of transmit

antennas My;=1,2, dand K=2. . . . ... ... ... ... ..... 97

Average i4. versus L for N =32 and resolution bits M =1,2,3. . .. 98

Average weighted sum iq. versus N for M =1, 2,3, L=20and K=3. 99

Markov decision process of Q-learning. . . . . . . . . . ... ... .. 108

The downlink training and uplink feedback of proposed DRL framework.
The detail structure of the distributed-learning-distributed-processing

framework is shown in Fig. 4.4. . . . . . .. .. ... . 110

Timing of time slot t—1. . . . . . . . . .. ... ... ... ..... 111

The framework of distributed-learning-distributed-processing scheme. 111

Average information rate versus the number of time slots with different

codebook sizes (S¢,Sy). - . . .. 124



4.6

4.7

4.8

4.9

4.10

4.11

4.12

4.13

4.14

4.15

4.16

Average achievable information rate versus the number of time slots

with different correlation coefficients. . . . . . . . . . . ... .. ..

Average information rate versus number of time slots with users

rescheduling at 5e4th, 1le5th and 15e4th timeslot. . . . . . .. . ..

Average information rate versus number of time slots with different

number of users K. . . . . ..

Average information rate versus the number of time slots with different

number of transmit antennas M when N=1N,=1,K=1. . . . . ..

Average information rate versus number of time slots with different

number of transmit antennas M when N=4, N, =2 K=4. . . . . ..

Average information rate versus the number of time slots with different

number of streams N. . . . . . ...

Average information rate versus number of time slots with different

DRL-based schemes. . . . . . . . . . . . ... ... ...,

Sum reward versus the number of time slots with different number of

users K. . .o

Average information rate versus the number of time slots with different

penalty A\. . . ...

cumulative distribution function (CDF) of the average information

rate over different DRL-based methods and benchmarks. . . . . . . .

Boxplot of the average information rate over different DRL-based meth-
ods and benchmarks. The bottom and top of each box are the 25th
and 75th percentiles of the information rate values, respectively. The

whisker length is set to infinity to ensure there are no outliers. . . . .

23

125

126

127

129

130

131

132

133

134

135



5.1

5.2

5.3

5.4

9.5

5.6

5.7

5.8

Proposed DDPG structure including the critic neural network and the

actor neural network. . . . ... ..o oL 142
Set of beam directions with discrete phases when S;=1,2,48. . . . . 144
Set of beam directions with continuous phases. . . . . . . ... ... 145

Average information rate versus the number of time slots with different

numbers of transmit antennas M when N=4 N,=1,K=1. .. ... 151

Average information rate versus the number of time slots with different

numbers of transmit antennas M when N=4 N,=2 K=1. . . ... 152

Average information rate versus the number of time slots with different

numbers of transmit antennas M when N =4 N,=1,K=2. ... .. 153

Boxplot of the average information rate over DDRL and DDPG with
different numbers of transmit antennas M when N=4,N,=1K=2.
The bottom and top of each box are the 25th and 75t percentiles of
the information rate values, respectively. The whisker length is set to

infinity to ensure there are no outliers. . . . . . . ... ... ... .. 154

Average information rate versus the number of time slots with different
numbers of transmit antennas M when N =4,N, =1, K = 2 with

different reward function. . . . . . . . ... 155

24



List of Tables

4.1

4.2

4.3

4.4

5.1

Comparison Between Strategies . . . . . . . .. .. ... ... ... 116
Comparison Between Algorithms . . . . . . . .. ... .. ... ... 120
Running Time For Each Network Topology . . . . . ... ... ... 125

Total Execution Time For Each Channel Realization With Different

(K,M,N,N,)IJnDDRL(e=0) . . . .. . ... ... 125

Comparison Between DDPG-based and DQN-based Algorithms . . . 147

25



Chapter 1

Introduction

Wireless networks have completely revolutionized our lives and our society. The cur-
rently deployed fourth generation (4G)/ fifth generation (5G) wireless networks have
enabled billions of Internet of Things (IoT) devices such as smart phones, smart manu-
facturing, smart cities, wearables, healthcare, etc [1,2]. It is noticed that these devices
might be numerous, small-sized, deployed in unreachable environments or impossible
for battery replacement which poses challenges on normal functioning, data throughput,
spectual efficiency, energy supply, and connectivity. To address these challenges, next
generation wireless networks, e.g., sixth generation (6G) should be multi-functional
networks that not only provide communication-only services but also offer a wide

range of new functionalities such as powering, intelligence, and computation [3].
Multi-antenna Wireless Networks

To pave the way for multi-functionality, one of the most basic and powerful technolo-
gies is the multi-antenna technology where multiple antennas work cooperatively to
transmit or receive radio waves. This technology, now standardized and integrated
into current wireless systems, has become increasingly indispensable to fulfill the

demands of future wireless networks [4]. Actually, multi-antenna technology utilizes
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the spatial dimensions of the wireless propagation channel through multi-antenna
signal processing techniques to increase the capacity of wireless networks. Such
property is captured by so-called power gain in wireless powering networks and spatial
multiplexing gain in wireless communication networks. To achieve these gains, a
significant multi-antenna signal processing technique that can be exploited for both
networks is spatial beamforming [5] which is defined as vectors that form a single
narrow beam steering or tracking to one single target/user [6]. Although beamforming
is very important in energizing low-power devices and low-interference communica-
tion, this technique is highly dependent on the ratio environment, especially channel
state information (in the form of the frequency response) at the transmitter (CSIT),

specifically in the downlink mode [7], which is not always available [4].

In this thesis, we make progress toward the understanding of multi-antenna beamform-
ing techniques for different functionalities of wireless networks with perfect /imperfect
CSIT. We will refine the beamforming optimization strategies of different functional-
ities or various forms of functionality integration, i.e, joint design of beamforming and
waveform for powering networks to make better use of wireless resources, integration
of communication and artificial intelligence to obtain robust beamforming and interfer-

ence management, where robustness is intended with respect to the imperfect CSIT.

1.1 Motivation and Outline

1.1.1 Motivation

Inspired by the promising opportunities enabled by multi-antenna beamforming
for multi-functional wireless networks, in this thesis, we push the boundary of this
technology for different scenarios and analyze the impact of the beamforming on the

performance limits. In particular, we aim to demonstrate that a good beamforming de-
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sign not only enables larger active /passive beamforming gain, frequency diversity gain,
and gain from the rectifier nonlinearity in WPN but also offers benefits over massive
MIMO with imperfect CSIT in WCN. Specifically, The contribution is divided into
three parts. The first part is devoted to the beamforming design for WPT using convex
optimization. The second part is the beamforming optimization for massive MIMO
with channel aging using DQN. The third part is the beamforming optimization for
massive MIMO with channel aging using DDPG. This thesis is supposed to show that
beamforming by convex optimization and reinforcement learning are very powerful for
emerging multi-antenna wireless systems, e.g., improving the EPTE of WPN and the
spectral efficiency of WCN to meet the high demand for power supply and explosive
growth of data traffic in future wireless networks. In the next section, the detailed moti-

vation is presented for emerging multi-antenna WPN and WCN systems, respectively.

For WPN, existing IRS-aided WPT works focus on single tone, frequency-flat IRS,
frequency-flat channel and jointly optimize transmit beamforming and passive IRS
beamforming phases [8—11]. The limitation of these designs is that they focused on the
spatial domain beamforming-only and that the rectenna nonlinearity has been ignored.
Ignoring the rectenna nonlinearity is equivalent to assuming that es is constant and
independent of the rectenna input signal power and shape [12,13]. Unfortunately, such
an assumption is well documented to be invalid and to lead to inefficient designs [14].
Rectenna nonlinearity is indeed known to be a crucial feature to be modeled and
accounted for in WPT system design as it significantly influences the WPT archi-
tecture designs [15,16]. Modeling the nonlinearity is particularly crucial in the low
power regime (below 1mW), which is the primary deployment scenario of WPT in
wireless networks. Also, the non-linear model of the rectifier is expected to reveal the
benefits of multisine-based waveforms, otherwise inaccessible with the linear model.
Hence, the nonlinearity opens the door to more efficient signal strategies, e.g. joint
waveform and beamforming, for WPT that significantly enhance the performance

over beamforming-only approaches.
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In this thesis (Chapter 3), beyond the transmit beamforming-only approaches in
wireless power networks, we particularly focus on an efficient IRS-aided WPT design
by leveraging the progress made in the past few years on the modeling of the rectenna
nonlinearity and corresponding efficient signal design for WPT on one hand and IRS
on the other hand. Motivated by the significant benefits of a joint waveform and beam-
forming design to expand the range and the output DC power of WPT [16], [17], [14],
this work pushes the limit of IRS-aided WPT by sufficiently exploiting the presence
of IRS through a joint waveform and beamforming design for both single-user and

multi-user deployments.

For WCN, accounting for reinforcement learning for massive MIMO, existing works
[18-28] assume that perfect CSIT or instantaneous channel gain via receiver feedback
is known at the transmitter. Unfortunately, such an assumption is impractical in both
time division duplexing (TDD) and frequency division duplexing (FDD) with CSI
feedback/acquisition delay and user mobility [29,30]. In TDD systems, the BS acquires
CSI by uplink training and channel reciprocity. The uplink training and estimating
approach is subject to antenna miscalibration and pilot contamination, leading to
an imperfect CSIT. In FDD systems, the downlink channel is estimated by each user
during the downlink training phase and then fed back to the BS via uplink signaling.
This approach requires a high-rate low-latency feedback link between the user and the
BS to keep the latter continuously and instantaneously informed about the CSI, which
is not always available. In addition, beamforming is not limited to the transmitter and
can also be used at the receiver to enhance interference management. Predicting the
beamformers of both transmitter and receiver with channel aging is never considered
in DRL-based works. Instead, all the existing work focuses on high-level multi-cell
single-use (SU) single-input-single-output (SISO) [18,20] (no transmit and receive
beamforming) and multi-input-single-output (MISO) (only transmit beamforming)

[19,22,26,31] scenarios without considering multiple receive antenna cases.
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In this thesis (Chapter 4, 5), beyond communication-only designs, both communication
and reinforcement learning are combined in a joint signal-processing framework, such
design leads to a trade-off between computation complexity and system performance
and also calls for robust interference-management strategies. Driven by the appealing
benefits of DRL, the main objective of this thesis on communication networks is to
investigate the application DRL to the massive MIMO scenarios and enable technolo-
gies to combat interference caused by channel aging, namely DRL for massive MIMO
with channel aging, which are envisioned to play key roles in next-generation wireless

communication networks.

1.1.2 Outline

The remainder of this thesis is organized as follows:

In Chapter 2, we review the fundamentals and related works of this thesis by intro-
ducing the principles of waveform and rectenna design for WPT, channel model and

CSIT types for WCN, and some mathematical tools.

In Chapter 3, we study the waveform and passive beamforming design for IRS-aided
wireless power networks. Generalized multi-user and low-complexity single-user al-
gorithms are demonstrated to maximize the weighted sum output DC. Performance
evaluations confirm the significant benefits of a joint waveform and passive beamform-
ing design accounting for the energy harvester nonlinearity to boost the performance

of single-user and multi-user WPT systems.

In Chapter 4, we investigate the application of DRL for joint transmit and receive
beamforming design in massive MIMO downlink transmission with channel aging.
Leveraging this DRL-based framework, interference management is explored and
three DRL-based schemes, namely the DDRL scheme, PDRL scheme, and CDRL

scheme, are proposed and analyzed.
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In Chapter 5, we extend the scope of research on the discrete beamformer selection
scheme in Chapter 4 to continuous action spaces. Performance evaluation confirms
that, compared with the result in Chapter 4, the performance can be further improved

by beamformer generation strategies with continuous action space.

Finally, in Chapter 6, we conclude the thesis by summarising the achievements and

discussing possible directions for future works.

1.2 List of Contributions

The novel contributions of this thesis are listed as follows:

1.2.1 For Wireless Power Networks

e A novel architecture based on the joint waveform and passive beamforming for
IRS-aided WPT is presented. The proposed architecture can provide trans-
mit beamforming gain, passive beamforming gain, frequency diversity gain,
and gain from energy harvester nonlinearity in both single-user and multi-user

deployments.

e Two different problem formulations of the joint waveform and beamforming
design based on a frequency-selective IRS (FS-IRS) and a frequency-flat IRS
(FF-IRS) are presented. High complexity multi-user and low complexity single

user algorithms based on AO, SCA, and SDR are developed to solve the problems.

e The scaling law is derived with respect to number of passive beamforming
elements, frequencies and transmit power which is cross-validated by the result

evaluations.
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e The DC current performance of the proposed IRS-aided wireless power trans-
fer (WPT) is compared with conventional strategies in continuous/discrete beam-

forming phases, single/multi-transmit antennas, and single/multi-user scenarios.

1.2.2 For Wireless Communication Networks

o A novel multi-agent DRL-based framework for massive MIMO downlink trans-
mission is studied. The proposed framework demonstrates robust beamforming

and interference management in channel aging scenarios.

e A multi-user sum rate problem is formated and three DQN-based codebook-based
beamforming schemes, namely distributed-learning-distributed-processing DRL-
based scheme (DDRL), partial-distributed-learning-distributed-processing
DRL-based scheme (PDRL), and central-learning-distributed-processing DRL-

based scheme (CDRL), are proposed, and analyzed.

e The average rate performance of different schemes is compared with several
conventional baseline strategies. The DDRL scheme is not sensitive to the
dynamic and fast-changing wireless environment. Detailed convergence and

scalability analysis are shown.

o A multi-agent DDPG-based beamforming design algorithm is proposed. Com-
pared with DQN-based algorithms, DDPG-based algorithm exhibits better

interference management.

e The pros and cons of DDPG-based beamforming strategy is compared with the
approaches in Chapter 4 in the aspect of convergence, sum rate, variance of re-
ward, stability, parameter tuning, computation complexity, and communication

overhead.

32



1.3 Publications

The material presented in this thesis has led to the following publications:

1. Z. Feng, B. Clerckx and Y. Zhao, " Waveform and Beamforming Design for
Intelligent Reflecting Surface Aided Wireless Power Transfer: Single-User and
Multi-User Solutions,” in IEEE Transactions on Wireless Communications, vol.

21, no. 7, pp. 5346-5361, July 2022, doi: 10.1109/TWC.2021.3139440.

2. Z. Feng and B. Clerckx, "Deep Reinforcement Learning for Multi-User Mas-
sive MIMO With Channel Aging,” in IEEE Transactions on Machine Learn-
ing in Communications and Networking, vol. 1, pp. 360-375, 2023, doi:
10.1109/TMLCN.2023.3325299.

3. 7. Feng and B. Clerckx, ”Deep Reinforcement Learning for Multi-User Massive
MIMO: A DDPG Approach,” (working title) to be submitted

1.4 Notation

The following notation is used throughout the thesis. Vectors and matrices are denoted
by bold and lower letters and bold and upper letters, respectively. (-)#,(-)* and (-)*
denote conjugate transpose, complex conjugate and transpose. |- || and |- || denote
Frobenius norm and Ly-norm. We use || for absolute value, Tr{-} for trace and R{-}
and -} for real part operators and imaginary part operators. The notation > denotes
positive-semidefinite and diag{x} denotes diagonalization operation with elements of
x in the diagonal. Imaginary unit is denoted as j=+/(—1). £{} represents statistical
expectation. I,; denotes an M x M identity matrix. O denotes an all-zero matrix.

||al| denotes the norm of a vector a. |a| denotes the norm of a variable a.
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Chapter 2

Fundamentals

and Literature Review

This chapter introduces some fundamental knowledge and a literature review of multi-
antenna wireless networks. First, we revisit the waveform design and rectenna design
for WPT systems. Second, we introduce the multi-user MIMO system. Finally, we

briefly discuss some mathematical tools for a better understanding of later chapters.

2.1 Some Fundamentals of WPT

WPT uses RF signals, transmitted at a certain frequency and with a certain amount of
average power to power up devices up to large distances. The amount of transmitted
power is known and usually constant, which allows performing optimized design
of some key components, e.g., waveform and rectenna, to maximize the RF-to-DC

conversion efficiency.
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2.1.1 WPT Waveform Design

For WPT, an important way to improve the power transfer is to design a special
signal waveform at the transmitter. The conventional waveform design method for
WPT comes from the EPCglobal, class 1, generation 2 (“gen2”) standard, which
specifies a continuous caveform (CW) power transmission having a constant envelope
with a single-tone carrier. This method is not efficient and operates with efficien-
cies of less than 60% [32]. This efficiency is improved by using power-optimized
waveforms (POW) with multiple-tone carriers since such waveforms have high peak-to-
average-ratio (PAPR) which increases RF-to-DC conversion efficiency. The PAPR(dB)
of a waveform can be defined as

axfe(t)?]

PAPR = 10log, o(— (t)2>)

(2.1)

where x(t) is the time domain waveform of the signal of interest and <> refers to the

time average operator.

The first development of POW can be found in the works of M.S. Trotter and G.D.
Durgin [33], wherein the authors propose the use of multiple-tone carriers instead of
a single-tone carrier to provide a higher charge pump efficiency and thus increase the
range of Radio Frequency Identification (RFID) readers. As can be seen from Fig 2.1
and 2.2, a POW is characterized by a high PAPR. The envelope of the transmitted
POW signal is designed so that there are large peaks, while the average power is kept
the same as in the single-carrier CW case. The time-domain baseband representation
of the N-POW is given by a simple summation of N cosines, which is then up-converted

to the carrier frequency:

N

ZCOS(27T’I”LAft) (2.2)

n=1

zpow (t)= \/IN
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Figure 2.1: Time domain of a typical 3-subcarrier multisine and single sine CW.
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Figure 2.2: Frequency domain of a typical 3-subcarrier multisine and single sine CW.
The multisine signal appears as pulses with a period of 1/Af.

The normalization factor \/W is used to ensure that the time-averaged power of the
POW remains equal to that of a CW carrier of unity amplitude. Thus, each subcarrier
has an average power of 1/2N, and the average conducted power of the transmitted
signal is the sum of the powers of all subcarriers and equals 1/2. The root mean
square (RMS) voltage of the multisine signal is also the same as in the case of a unity
voltage amplitude single carrier CW signal (1/1/2). Peak voltage of the N-POW is
equal to v/N and peak power is given by N, and it occurs when each subcarrier is at
its maximum value, provided all the subcarriers are in phase [32]. The benefit of using
multisine is that high-PAPR signals can increase the RF-to-DC conversion efficiency

which has been simulated and experimentally proved in [34].

In (2.2), the waveform weights are constant and are not adaptive to the CSI and
multipath fading. Hence, in Chapter 3, we design multi-antenna multisine WPT

waveform for transmission over a multipath channel and formulate an optimization
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Figure 2.3: Antenna equivalent circuit.

problem to adaptively change the waveform weights as a function of the CSI so as to

maximize the rectenna output DC current.

2.1.2 Rectenna

The design of RF EH is also very important in a WPT system. The basic RF EH is
a rectenna — a device consisting of an antenna, a matching network and a rectifying
circuit [35]. The antenna collects the energy emitted from an RF source, whereas
the rectifying element, most often the diode, rectifies the AC voltage induced at the
antenna terminals by the electromagnetic wave and an output low pass filter converts

the rectified signal into the DC voltage.

In this thesis, to have a more tractable model of the nonlinear process of the EH, we

consider a simple model of the rectifier which is shown in Fig. 2.3.

Assume that the impinging received signal y(t) has a average power P, =E{|y(t)|*}. The
receive antenna is assumed to be a lossless antenna which can be modeled as a voltage
source vg(t). Then, the rectenna architecture can be seen as a voltage source vg(t)
connected with a rectifier input impedance Z;, = Ry, +j X, and an antenna impedance

Zant = Rant +J Xans. Under the assumption of the lossless antenna and perfect matching
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(Rant = Rin, Xant = —Xin ), the receive power P, is completely transferred to rectenna

impedance which builds the relation between P, and vy, () such that

Rant — g{‘vin (t) ’2}
Rin Rin

P=&{ly() "} =&{|y,(1)]"} (2.3)
Under the assumption of perfect matching, we have vs(t) =2uv;,(t). Hence, vi,(t) can
be associated with the received signal y(t) with vi,(t) =y,(t)v/Rant [16]. To better

understand the rectifier DC output current 4., we focus on the diode I-V characteristic

Vin (1) —vout ()

i) =is(e e —1), (2.4)

where i,n" and v; are the reverse bias saturation current, diode ideal factor, and ther-
vg(t)
mal voltage, respectively. The diode nonlinearity is rooted in the term e "« . [16] [36]

illustrates the significance of the higher order (>4) truncation of the Taylor series

vy (t)

for the term e ">« through

i)~ " BiRibyg(1)' B2 /il (n'v,)'. (2.5)

1=0,even

After the low pass filter (LPF), the approximated output DC iy is given by

iow=E{ia(t)}~ Y BRLE{®)}. (2.6)

1=0,even
Linear Model

Given ny=2, we have

iout:BQRantg{y(t)Q}' (27)

The name ”linear model” stems from the fact that i, is directly proportional to the
average incident power £{y(¢)'}. This second-order truncation model is equivalent

to the linear model.
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Note that (2.7) is derived by truncating the Taylor series of the diode equation to the
second-order term and assuming that the converted power is linearly proportional to
the diode current i, It is shown that the linear model favors narrowband signal trans-

mission, where the transmit power is allocated to a single frequency component [37].

Nonlinear Model

In multi-sine WPT, the linear rectenna model-based design allocates transmit power
to a single frequency component. Unfortunately, this contradicts experimental results
that show the benefits of a power allocation over multiple frequency components
to boost the RF-to-DC conversion efficiency [38-40]. As it is revealed in the RF
literature [40] that the 4th-order truncation is necessary for characterizing the basic
nonlinear rectification process, [37] sets ng =4 to achieve a fourth-order truncation

nonlinear model, i.e.

out = B2 RaneE {y ()" }+ B R E{y (1)} (2.8)

It is worth noting that if the amplitude of y(t) is quite large such that the diode
behaviour is dominated by the diode series resistance, the diode I-V characteristic
would be linear [38], and the nonlinear model is inapplicable. Circuit simulations
in [16] validate the nonlinear model in (2.8), highlight the inaccuracy of the linear
model and confirm the superiority of optimized waveforms over various baselines. The
nonlinear model leads to a completely different spectrum usage compared to the linear

model [37,38].

To get a tractable analytical model, one can truncate to ng =4 while retaining the
main source of nonlinearity as part of the fourth-order term. Higher order analysis can

be found in [16] [36]. In this thesis, we consider ny=4 in rectenna design in Chapter 3.
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2.2 Literature Review for WPT

2.2.1 Multi-antenna Wireless Power Networks

As one of the most promising functionalities of wireless networks, powering, or say
WPT has drawn great attention because of its potential to energize billions of future
low-power devices. It is deemed as the enabler of the 1G of mobile power networks [12],
and is divided into near-field Inductive Power Transfer and far-field Radiative Power

Transfer based on serving distance [41].

Near-field VS Far-field WPT

Near-field Inductive Power Transfer needs to precisely align coils at energy transmit-
ter (ET) and energy receiver (ER). These interconnected coils function as an air gap
transformer. When alternating current flows through the primary coil (at the ET),
it generates a changing magnetic field. This field, in turn, induces a varying voltage
in the secondary coil (at the ER). However, as the distance increases, the magnetic

field strength diminishes rapidly [42].

Far-field Radiative Power Transfer is a promising WPT approach. In radiative WPT,
ER gather wireless power from electromagnetic waves. As the distance between an
ET and an ER increases, the inductive and capacitive effects caused by the antennas
at both ends diminish. The advantage of this vanishing effect is that the ET and
ER become electrically separated for distances over a few to hundreds of meters,
allowing for independent design of their circuits [38]. In this thesis,we consider far-field
radiative power transfer in Chapter 3, and the terminology ”WPT” refers to far-field

radiative WPT unless otherwise stated.

Optimization Strategies of WPT
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Figure 2.4: The block diagram of a generic WPT system.

In order to demonstrate the advantage of far-field radiative WPT, recall first the block
diagram of a typical WPT system illustrated in (2.4). The end-to-end power transfer

efficiency (EPTE) e can be decomposed as

_ Prrrx Prerx Pberx

= 2.9
Ppcrx PrrTx PRPRx (29)
—— —— ——

e1 ea €3
where e1, e5, and ez denote the DC-to-RF, RF-to-RF, and RF-to-DC power conversion
efficiency (CE), respectively. An ET can have the same structure as a communication
transmitter, sending electromagnetic waves, i.e. ratio frequency (RF) signals. An ER
harvests energy from RF signals by exploiting a rectenna, which consists of an antenna
and a rectifier [38]. RF power input into a rectenna can be rectified and converted to
DC power. In the past few years, four different strategies have been proposed and

optimized to boost the EPTE.

A first strategy is the design of energy waveforms' to utilize the nonlinearity character-
istic of the rectenna and boost jointly the RF-to-RF CE e; and the RF-to-DC CE e [16].
Such design originates from the fact that the output of the ER is a nonlinear function of
the rectenna input signal. Hence, the transmit waveform design has a significant influ-
ence on the EPTE. It not only affects the e and the signal at the input of the rectenna,

but also the es of the rectifier. A stepping stone in such design was made in [16] where a

1A more fundamental illustration for waveform is shown in Chapter 2, here we focus on literature
review only.
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systematic methodology was derived to design and optimize waveforms for WPT. Differ-
ent from prior non-optimized waveform designs [43], the optimal waveform design in [16]
was adapted to the frequency selective channel (with frequency flat channel being a spe-
cial case) and was rooted in the tradeoff between maximizing e, and e3. Such optimized
waveform was shown to provide significant benefits over conventional continuous-wave
signal and non-optimized waveforms by leveraging the channel frequency diversity gain
and a gain originating from the rectifier nonlinearity. Since the optimal signal design is
the solution of computationally involved problems, low complexity methods have been
proposed in [17,44], and have been experimentally validated in [14]. Furthermore, since
the CSIT is needed to design the optimal waveform, waveform designs based on limited

CSI feedback have been proposed in [45], and experimentally demonstrated in [46].

A second strategy is the design of multi-antenna beamforming to boost the input power
of ER and enhance the RF-to-RF CE e5. Due to the hardware and other limitation of
ER, the acquisition of CSIT is challenging. An efficient method was proposed in [47]
to overcome this challenge by designing beamforming with limited feedback. Other
directive or energy focusing solutions, such as time-reversal techniques [48] and time-
modulated arrays [49], have also been used in WPT system to exploit the real-time
antenna beamforming strategies. Beamforming is not limited to the transmitter and
can also be used at the receiver subject to a proper design of the combiner scheme [50].
Waveform and beamforming can also be combined into a joint waveform and beam-
forming design [16,17,51] to further boost the output DC power and the range of
WPT, as demonstrated experimentally in [52]. Joint waveform and beamforming
enables to simultaneously harvest three different gains, namely a beamforming gain, a
frequency diversity gain and a gain related to the rectifier nonlinearity, and therefore

offers additional opportunities over spatial domain processing/beamforming-only.

A third strategy is to design modulation for WPT. Different from [16] where energy

waveforms consist of deterministic unmodulated multi-carrier signals, modulation
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induces random fluctuation of the input rectifier signal to increase e3. For example, real
Gaussian modulation outperforms circularly symmetric complex Gaussian (CSCG)
modulation despite the same average input power to the rectifier [53]. Similarly, [54] has
observed that an on-off keying based modulation strategy outperforms real Gaussian

modulation in terms of output DC power.

A fourth strategy is to apply phase sweeping transmit diversity in multi-antenna
settings [55]. Compared to the beamforming strategy, transmit diversity does not rely

on CSIT but still increases e3 and therefore output DC power.

Intelligent Reflecting Surfaces aided WPT

In parallel to the active research area on signal design strategies for WPT, a new
paradigm named intelligent reflecting surfaces (IRS) has recently attracted the at-
tention of the wireless research community to further boost the efficiency of wireless
communications [56-60]. Compared with the active beamforming of (massive) multi-
antenna systems, IRS benefits from the presence of passive beamforming reflection
elements (REs) integrated into the propagation environment, which is optimized to

adapt the wireless channel so as to be favorable to communication receivers.

The key advantages of IRS are the tunability of the phase shifters at each RE (so-called
passive beamforming phases), the flexibility of the deployment on arbitrarily shaped
surfaces and the sustainability due to low cost and power consumption. By collabora-
tively adjusting the passive beamforming phases, the incident signal is reflected at each
RE such that the reflected signals are constructively accumulated at the target receiver
to increase the received signal power, therefore enabling a passive beamforming gain.
Nevertheless, in contrast to active antenna arrays where the amplitudes and phases
can be adjusted freely at each antenna and at each frequency, REs may be subject

to less flexibility due to the passive nature of the IRS and the hardware constraints.
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Moreover, the IRS is commonly assumed to be consistent with frequency-flat in the
sense that passive beamforming phases are kept constant across frequencies, (so-called
frequency-flat IRS in the sequel). Under those constraints, IRS-assisted wireless com-
munications have focused on a single carrier, frequency-flat channel and frequency-flat
IRS by jointly designing the active transmit beamforming at the transmitter and
passive reflection beamforming at the IRS for SU [61] and multi-user (MU) scenar-
ios [58,62,63]. Multi-carrier orthogonal frequency division multiplexing (OFDM)
waveform designs were also studied in some papers using frequency-flat IRS [64, 65].
Aside from communications, IRS brings some natural benefits to wireless power since
IRS can help to increase the power level at the input of the rectenna which focuses on
single tone, frequency-flat IRS, frequency-flat channel and jointly optimizes transmit

beamforming and passive IRS beamforming phases [8-11].

2.3 Some Fundamentals of Multiuser MIMO

MIMO technology stands as an essential part of 3G/4G/5G wireless communication
standards. In contrast to SISO, MIMO facilitates spatial multiplexing and diversity
gain through the utilization of multiple antennas at both the transmitting and receiv-
ing ends. This setup enables base stations (BS) to simultaneously serve numerous
users within the same time-frequency resource, enhancing both uplink and downlink
transmissions. However, achieving optimal multiuser transmission, particularly in
the downlink, necessitates precise CSIT to mitigate multiuser interference, given the
mobile users across the service area. Yet, obtaining perfect CSIT poses significant
challenges in practical systems and has become progressively difficult due to the

increasing number of antennas and access points in 5G.

So far, many techniques have been developed under the assumption of perfect CSIT,

then adapted for real-world scenarios with imperfect CSIT. Consequently, system
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performance suffers varying degrees of degradation due to CSIT imperfections. There
exists an increasing need to design wireless networks that can accommodate imperfect

CSIT and reduce multiuser interference.

2.3.1 Multi-user MIMO Systems

Consider multiuser MIMO downlink systems, which is illustrated in Fig 2.5. A Base
Station (BS) equipped with multiple antennas serves a group of multi-antenna users.
These users can be served by Time-Division-Multiple Access (TDMA) or Frequency-
Division-Multiple-Access (FDMA) techniques with time or frequency sharing among
users. However, this transmission strategy (e.g., TDMA/FDMA) is limited by low

spectral efficiency.

2.3.2 Broadcast Channel

There exist a number of technologies that the BS (i.e., transmitter) uses to simultane-
ously serve those users within a time/frequency slot. To name just a few, for instance,
Broadcast Channel (BC) refers to that the BS simultaneously sends dedicated (i.e.,
private) messages to each user [66]. A BC models the downlink of a wireless system
consisting of one transmitter (or information source) and multiple receivers. The
terminology reflects the fact that communication takes place over a shared broadcast
medium. A BC where the transmitter and (possibly) the receivers are equipped
with multiple antennas is known as a MIMO-BC. In this thesis, we mainly focus on

broadcast channels in Chapter 3, 4, 5.
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Figure 2.5: Diagram of multiuser MIMO downlink system.
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2.3.3 Signal Model

Consider the MIMO-BC equipped with one M-antenna BS and K N-antenna users
indexed by L={1,...,K} [67] . The BS aims to deliver M, streams in the time instant
of interest. A number of K N, streams are transmitted simultaneously from the M
antennas of the BS. Each group of N; streams indexed by N, € N = {1,..., Ny} is
targeted at one of the K users. The transmitted signal for user k, i.e., the precoded

data vector, at time slot ¢ can be written as

x6(t) =3 Drn(t)s6(1) (2.10)

where sy, ,,Vk € KC,Vn €N, is the encoded message from message Wy, ,, with zero mean
and &(|sy..|?) = 1, and precoder py,(t) € CM*! is subject to ||pr.(t)]|* =1. The

received signal at user k can be expressed as

Ns K N
Vi) =Hr()3 2021 PrnPrn (8) sk (0 FHE (8) 22 505 21D 2521 PaPa(t) 854 (8) + 1 (2)
(2.11)
where Hy(¢) is the channel matrix between the transmitter and the kth receiver,the

(CN><1

noise vector n; € is assumed to follow a complex normal distribution, i.e.,

n, €CN(0,021y). At the user side, the combiner vector for each stream is denoted
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as Wi (£) ECV lwi o (D)?=1VkeKneEN.

2.3.4 Channel Model

Channel model is a simple representation of the communication channel between
the BS and the user. The channels vary randomly, or fade, according to a statistical
distribution [4]. Fast fading refers to that the channel impulse response changes
rapidly within the symbol duration due to reflections of local objects and the motion
of the objects relative to those objects. By contrast, slow fading refers to that the
channel impulse response remains within the symbol duration. In this thesis, we focus
on fast fading channels and briefly introduce independently and identically distributed

(i.i.d.) Rayleigh channel and finite scatterer (or Ray-based geometric) channel.

Rayleigh Fading Channel

The i.i.d. Rayleigh fading channel indicates that each entry of the channel vector e.g.
H isi.i.d. zero-mean unit-variance complex Gaussian distributed, i.e., he CA/(0,1). It
is also known as uncorrelated Rayleigh channel and occurred when the antenna spac-
ings and/or the angular spreading of the energy at both sides of the wireless link are
sufficiently large such that the various channel correlation becomes very small and neg-

ligible [4]. The detail application of Rayleigh fading channel is discussed in Chapter 3.

Finite Scattering Channel

The finite scattering channel model has been widely used in Massive MIMO systems [68].
In this model, the channel vector from a given user is defined as the multiplication
of path gain, and the angle-of-departure (AoD). The path gain has i.i.d. he CN(0,1)

entries and varies independently across different time slots. AoD contains steering
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vectors and is closely related to the antenna array structure, operating frequency and
antenna spacing, etc. The mathematical definition of the finite scattering channel

is demonstrated in Chapter 4.

2.3.5 CSIT Acquisition

So far, we have introduced a number of multiuser MIMO system where the BS serves
a group of users by precoding techniques in order to achieve certain performance.
The performance of these systems and corresponding precoding techniques heavily
depends on the acquisition of CSIT which can be divided into frequency division

duplexing (FDD)? systems and time division duplexing (TDD) systems.

In FDD systems, the downlink channel is estimated by each user during the downlink
training phase and then fed back to the BS via uplink signalling. In TDD systems,
the BS acquires CSI by uplink training and channel reciprocity. Perfect CSIT requires

accurate channel estimation and ideal channel reciprocity.

However, obtaining high quality instantaneous CSIT represents a challenge, especially
in fast fading channels. In FDD systems, the feedback link suffers from error, delay,
etc. In TDD systems, the BS obtains CSI by channel reciprocity. Still, only a partial
current CSIT is attainable due to antenna miscalibration and pilot contamination.

An intermediate solution should be adaptive to different CSIT types.

2.3.6 CSIT Types

To realize multiuser transmission performance in the downlink, CSIT is required
to deal with multiuser interference as the receivers (i.e., mobile users) are usually

scattered over the service area and cannot cooperate. Depending on the acquisition of

2While some results developed in this work can be applied to various imperfect CSIT scenarios
either in TDD or in FDD mode, we mainly focus on FDD system for clarity.
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CSIT, CSIT can be divided into perfect CSIT, statistical CSIT [69], delayed CSIT [70]
and partial CSIT [71].

Perfect CSIT

For perfect CSIT, in FDD systems, the downlink channel is estimated by each user
during the downlink training phase and then fed back to the BS via uplink signaling.
This approach requires a high-rate low-latency feedback link between the user and the
BS to keep the latter continuously and instantaneously informed about the CSI. In
TDD systems, the BS acquires CSI by uplink training and channel reciprocity. Perfect
CSIT requires accurate channel estimation and ideal channel reciprocity. In Chapter

3, we focus on perfect CSIT.

Delayed CSIT

However, in FDD systems, high-quality CSI can be obtained on the user side whereas
the BS may acquire this information with a delay such that the reported CSI known at
the BS is different with the current CSI. Delayed CSIT occurs when the coherence time
of the channel becomes short due to high mobility for example. This phenomenon,
which is also known as channel aging, describes the mismatch between estimated and
update-to-date channels. That is to say, it represents the divergence arising between the
channel estimation happening in the BS /users and the actual channel through which the

data transmission occurs. In this thesis, we focus on delayed CSIT in Chapter 4, and 5.

2.3.7 Performance Metric

To evaluate the system performance, a list of throughput metrics are of considerable

interest, including but not limited to sum DC power, weighted sum DC power, sum
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rate, weighted sum rate and minimum rate. Specifically, DC power is defined as the
output signal of the diode that is passed through a low-pass filter, which removes
high-frequency harmonic components and outputs the DC power. Weighted DC power
indicates the sum of a weighted individual power of each user. Sum rate refers to
the sum of individual data rate that each user achieves, which measures the system
performance as a whole. Weighted sum rate indicates the sum of a weighted individual
data rate of each user, which maintains various user priorities or fairness. Minimum
rate refers to the minimum individual rate out of all users which measures the worst
data rate that users can experience. In this thesis, we mainly focus on the weighted

sum power metric in Chapter 3, and the sum rate in Chapter 4, and 5.

2.3.8 Precoding Techniques

Let us consider multiuser MIMO broadcast channels and momentarily assume per-
fect channel state information at the transmitter (CSIT). Precoding is a processing

technique that exploits CSIT to deal with multiple streams transmission.

From the perspective of design, the precoding techniques can be categorized into
nonlinear and linear methods. The non-linear precoding technique, Dirty Paper

Coding (DPC), achieves the sum-rate capacity of broadcast channel [72].

Typical linear precoding techniques include matched precoding, and zero-forcing
(ZF) [4]. Specifically, matched precoding designs the precoder along with the channel
direction, maximizing the desired signal power. ZF projects each users signal in
the nullspace of all other users’ channels to minimise the multiuser interference. To
perform interference suppression during data transmission, the Zero Forcing Channel

Inversion (ZF-CI) strategy is usually used.
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Zero Forcing Channel Inversion

The purpose of ZF-CI is to identify the precoding matrix Py = [Pk 1,Pk,2;---sPk,N.] €
CM*Ns and combiner matrix Wy, = [Wy, 1, Wi, ..., Wy n,] € CV*N for user k. To

suppress the multi-user interference (MUI), we introduce the following constraint
H,P,=0Yj#k, (2.12)
in the sense that P}, should be in the null space of I:Ik € CNE=DXM which is defined as
H,=[H,, . H; .. H.,. Hg'" (2.13)

We denote the rank of I:Ik as ﬁk, the single value decomposition (SVD) of I:Ik is given
below

Hy, = U, A [V v (2.14)

where Uy € CNE-DXNE=D) a5 A, € CVNE-DXM contains left singular vectors and
ordered singular values of Uy, respectively. \7,(:) € CMxLx contains first Ly right
singular vectors and V]ib) eCM*(M=Ly) Gince V]ib) forms an orthogonal basis for the
null space of Hy, user k has a non-interference block channel ﬂk\“/,(f), and it’s columns

are candidates for the precoder matrix Py,.

The next step is to decouple the non-interfering block channel IA{k\A/,(Cb) into N parallel

sub-channels, we compute the SVD of }”Ik\?,(f) as
H, Vo =UIAVOH (2.15)

Then, we denote the precoder matrix Py = \7,8’)\7,(;) and combiner matrix as W, =

IAJ,(:)H. In this thesis, ZF-CI serves as a performance upperbound in Chapter 4, and 5.

Generally speaking, non-linear precoding outperforms linear precoding in terms of the
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rate performance. Nevertheless, linear precoding methods are of more interest due to
their implementation simplicity in practical systems. In this thesis, we mainly focus
on linear precoding methods. We also develop novel precoding strategies to enable

good performance in Chapter 3, 4, and 5.

From the perspective of implementation, the precoding techniques can be categorised
into digital precoding, analog precoding and hybrid precoding methods. Digital
precoding is realised when the BS has a dedicated RF chain for each antenna element.
The digital precoding vector (or matrix) can be arbitrarily constructed in the com-
plex domain. When the BS has multiple transmit antenna but only one RF chain,
analog precoding as in [73] can be implemented by analog phase shifters. However,
the analog phase shifter has only control in its phase and is subject to a constant
modulus constraint, leading to reduced precoding flexibility. When the BS has less RF
chains than the number of transmit antennas, a hybrid precoding is implemented by
a high-dimensional analog precoder using cost-efficient analog phase shifters network,
cascaded with a reduced-dimensional digital precoder [74]. In this thesis, we mainly

consider digital precoding in Chapter 3, 4, and 5.

2.4 Literature Review of Multi-antenna Wireless

Communication Networks

One of the most developed and powerful functionalities of wireless networks is WCN.
The use of multiple antennas can tremendously increase the performance of wireless

communication networks and it has been one of the driving factor behind the success

of the 4G /5G.
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From MIMO to massive MIMO

Multiple-Input-Multiple-Output (MIMO) technology has become an essential compo-
nent in 4G/5G wireless communication standards. Compared to Single-Input-Single-
Output (SISO), MIMO provides spatial multiplexing gain by employing multiple
antennas at the transmitter and receiver. This gain can be roughly defined as the
number of streams that can be simultaneously multiplexed over the channel. With
a massive number of antennas at the BS, MIMO system is gradually evolved into a

massive MIMO system. [75-80].

To enable a high throughput in the massive MIMO system, the base station (BS) relies
on the huge demand for global and instantaneous channel state information (CSI) based
on efficient channel estimation techniques [81,82]. Nevertheless, the ground/air/space
platforms such as high-speed trains/unmanned aerial vehicles (UAV) /satellites have a
common characteristic of 3D mobility which leads to a stringent time constraint on CSI
acquisition and even causes misalignment of narrow beams. Therefore, in future WCN,
how to maintain good connectivity and system capacity without perfect CSIT (so-called

imperfect CSIT) is regarded as an important problem that yearns for prompt solutions.
From CSIT Imperfection to Channel Aging

As already mentioned earlier, acquiring an accurate and instantaneous CSIT is very
challenging in practical systems. For instance, in the current wireless networks, the
users estimate their CSI using pilot symbols, and the estimated CSI are then quantized
and reported to the transmitter over a standardized number of bits. It is clear that this
leads to a knowledge of the channel by the transmitter which is not perfect. The imper-
fect CSIT is usually caused by the drastic change of the propagation environment due to
user mobility [29] and CSI feedback/acquisition delay between the BS and users [30] for
downlink transmission. The CSI delay due to user mobility or feedback or acquisition

delay is the time gap between the time point when the downlink training happens and

93



the BS starts downlink data transmission with the estimated channel. Such delay can
be on the order of milliseconds which can cause the estimated channels to be outdated
when actually downlink transmission happens. This delay becomes more catastrophic
at high user mobility since rapid channel variation inevitably causes performance degra-
dation in massive MIMO systems [83]. This phenomenon, which is known as channel
aging, describes the mismatch between estimated and update-to-date CSIT. That is
to say, it represents the divergence arising between the channel estimation happening

in the BS/users and the actual channel through which the data transmission occurs.
Massive MIMO with Channel Aging

Since CSIT is pivotal to the performance of systems that account for a very large
number of antennas and users, a great research effort has been made to massive MIMO
systems with channel aging [29,30,83-89]. In [29], the impact of channel aging due
to mobility is partially overcome through finite impulse response Wiener predictor
without considering hardware phase noise, which is further studied in [83]. To tackle
the CSI feedback/acquisition delay, one strategy is to use space-time interference
alignment to optimize the degree of freedom (DoF) * with delayed CSIT [84,85]. An-
other method investigates the channel prediction based on the channel correlation [86]
and past CSI [87]. In addition, to maintain the multi-user connectivity and mitigate
the degrading effect of user mobility, low complexity power allocation methods are
derived in [88] for Space Division Multiple Access (SDMA) which is outperformed by

Rate-Splitting Multiple Access (RSMA) in [89] in terms of ergodic sum-rate.

On the one hand, the channel prediction approaches in the papers cited above
[29,30,83-87] demonstrate good performance but experience extremely high complexity
in channel prediction algorithms due to the increasing dimension of the antenna arrays.

On the other hand, power allocation strategies in [88,89] exhibit lower complexity but

3The spatial multiplexing gain is re-branded as Degrees of Freedom (DoF) when the
signal-to-noise-ratio (SNR) is let go to infinity and the system becomes interference-limited [4].
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sacrifice performance for tractability. To maintain a better balance of performance and
complexity, an alternative strategy with lower complexity and looser CSI requirements

needs to be developed urgently.

Integrated Artificial Intelligence and Communications

As an emerging functionality of the wireless network, artificial intelligence including
machine learning (ML), deep learning (DL), and reinforcement learning (RL) [90]
has demonstrated great usefulness in WCN [18-28,31,91-99]. To cope with complex
problems in a large-dimensional MIMO system, DL has drawn research interest in
not only beamforming design [93,94] by feeding CSI to the neural network but also
channel prediction [95-99] by treating the time-varying channel as a time series, taking
advantage of the strong representation capability of the deep neural network (DNN).
Nevertheless, under stringent time constraints in mobility scenarios, the excellent
generalization performance of DNN can not be fully exploited due to an insufficient
number of data samples. In view of it, by elaborately treating the time-varying
channel problem as a Markov decision process (MDP), DRL has been regarded as
a useful technology to design wireless communication systems by leveraging fast
convergence of DL frameworks as well as continuous improvement characteristic in RL
algorithms [18-28,31,100]. Systematically, a comprehensive tutorial in [100] reveals
the applications of DRL for 5G and beyond. DRL is used to solve the power allocation
problem in time-varying channels in [18] for single transmit antenna scenarios, and
is further studied in [19] for multi-antenna beamforming and in [25] for multi-user
conditions. In [21-23,28], DRL is utilized to tackle the passive beamforming design
problem in reconfigurable intelligent surfaces (RIS)-aided communications and help
reduce the computations compared to alternative frameworks. In terms of active
beamforming using DRL, several efforts have been made to design low complexity

algorithms based on DQN [19,25-27] and partially observed MDP [31] frameworks.
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2.5 Mathematical Tools

To solve the problems formulated in this thesis, a number of mathematical tools are
required, including but not limited to optimization techniques and data science tech-
niques. We here briefly describe convex optimization technique and reinforcement learn-

ing technique. For more information, please refer to [101,102] and references therein.

2.5.1 Convex Optimization

Convex optimization is a special class of mathematical optimization problems which
typically includes least-squares and linear programming problems. Typically, the

convex optimization problem is written as [101]

min  fo(x) (2.16a)

st filx)<b;, i=1,..m (2.16Db)

where the functions fy,..., f,, are convex, i.e., satisfying

fiAz+(1=N)y) SAfi(z)+ (1= fi(y) vyA€[0,1] (2.17)

After interior-point methods was developed to efficiently and optimally solve convex
optimization problem, the convex optimization technique can be applied to a large

class of problems such as semidefinite programming (SDP).

However, problems are usually non-convex, For non-convex problems, obtaining the
optimal solution is a NP-hard problem. Some of these problems can be approximated
in a relaxed or conservative manner as a convex problem. Then, the optimal solution
of the approximated /relaxed problem is suboptimal but may be a good solution to the

original problem. The SDR [103] and successive convex approximation (SCA) [104]
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are two examples of such relaxation/approximation techniques. In Chapter 3, two

different problem formulations of the joint waveform and beamforming design based

on an FS-IRS and FF-IRS are solved based on SCA,and SDR.

2.5.2 Reinforcement Learning

In RL, an agent learns the optimal action policy to maximize the reward through
trial-and-error interactions with the environment. RL is always formalized as an
approach for MDP problems, which consists of S, A, R, P, and ~ referring to a set of
states, a set of actions, a reward function, a state transition function, and the discount
factor. To be specific, at time ¢, with the environment in state s; €S, an agent takes
an action a; € A according to policy 7(a|s;), obtains a reward r, =R(ay,s;) and next
state s;1 €S with probability P(s;,as,8¢+1) in return for the action taken. Formally,

each transition can be written as a tuple below
et=<st,at,7”t,st+1>. (218)

The optimal policy 7*(a|s;) is a mapping function between state and action to

maximize the future accumulated reward

Rt(staat):Z’YTR(St+T+hat+T+1) (2~19)
7=0

where discount factor € [0,1] balances the significance between immediate and future

rewards.

Multi-agent Reinforcement Learning

MARL, a subfield of RL, has been widely used in real-world scenarios, which focuses

on the interaction with the environment and multiple agents. Extending from a
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single-agent domain to a multi-agent environment, this method arises from the need to
develop intelligent systems that can interact with other intelligent agents in complex
and dynamic environments. It combines the principles of RL and multi-agent systems
to enable agents to learn how to interact with other agents and the environment to
achieve their goals [105]. The main idea behind MARL is to model the behavior of
a group of agents, who can cooperate, compete, and even negotiate. More intuitively,
different training schemes, e.g., fully decentralized, fully centralized, and centralized
training and decentralized execution (CTDE), are envisioned as promising paradigms
to adapt to different environments. Moreover, the existing RL algorithms can be
divided into value-based algorithms, e.g, Deep Q-network (DQN) [106] and actor-critic
algorithms, e.g., deep deterministic policy gradient (DDPG) [107]. In Chapter 4, three
multi-agent DQN-based beamforming design algorithms are presented, followed by

a multi-agent DDPG-based beamforming design algorithm in Chapter 5.
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Chapter 3

Waveform and
Beamforming Design for IRS-aided

Wireless Power Networks

This chapter is concerned with the waveform and passive beamforming design for
IRS-aided WPT'. Generalized multi-user and low complexity single-user algorithms
are demonstrated based on AO framework to maximize the weighted sum output
DC, subject to the transmit power constraints and passive beamforming modulus
constraints. The input signal waveform and IRS passive beamforming phase shifts are
jointly designed as a function of users’ individual frequency-selective CSI. The energy
harvester nonlinearity is explored and two IRS deployment schemes, namely FS-IRS
and FF-IRS, are modeled and analyzed. This chapter highlights the fact that IRS can
provide an extra passive beamforming gain on output DC power over conventional
WPT designs and significantly influence the waveform design by leveraging the benefit
of passive beamforming, frequency diversity and energy harvester nonlinearity. Even
though FF-IRS exhibits lower output DC than the ideal FS-IRS, it still achieves

substantially increased DC power over conventional WPT designs. Performance eval-
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uations confirm the significant benefits of a joint waveform and passive beamforming
design accounting for the energy harvester nonlinearity to boost the performance of

single-user and multi-user WP'T systems.

3.1 Introduction

In the last decade, far-field WPT has drawn great attention because of its potential
to energize billions of future autonomous low-power devices. The major challenge
of far-field WPT is to maximize the output DC power or equivalently the EPTE
without increasing the transmit power, and for distances over a few to hundreds of
meters. Spurred by such challenges, far-field WPT has attracted widespread research
attention. The traditional solution to resolve this challenge has focused on the design
of efficient energy harvesters, so-called rectennas, with high RF-to-DC CE. More
recently, in addition to rectenna design, a new paradigm named IRS has recently
attracted the attention of the wireless research community. IRS provides a passive

beamforming gain that can significantly increase the output DC power of WPT.

In this chapter, we derive an efficient IRS-aided WPT design by leveraging the progress
made in the past few years on the modeling of the rectenna nonlinearity and its
corresponding efficient signal design for WPT on one hand and IRS on the other hand.
Motivated by the significant benefits of a joint waveform and beamforming design to
expand the range and the output DC power of WPT [16], [17], [14], this work pushes
the limit of IRS-aided WPT by better exploiting the presence of IRS through a joint

waveform and beamforming design for both single-user and multi-user deployments.
The contributions of this chapter are summarized as follows.

First, we design a novel architecture based on the joint waveform and passive beam-

forming for IRS-aided WPT. We leverage the rectenna nonlinear model of [16] and
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use it to derive a joint multisine waveform and beamforming optimization framework
applicable to both single-user and multi-user IRS-aided WPT deployments. This is the
first work tackling nonlinearity and waveform design for (single-user and multi-user)
IRS-aided WPT. By leveraging jointly the frequency and spatial domains, and properly
modeling the harvester nonlinearity, the proposed architecture exploits the combined
benefits of the passive beamforming gain, the channel frequency selectivity and the
rectenna nonlinearity. This contrasts with existing IRS-aided WPT papers [8-11]
whose architecture only benefits from the passive beamforming gain. This also con-
trasts with existing papers on waveform for WPT [16,17], whose designs assume active
antennas and are therefore not transferable to IRS-aided WPT due to the hardware

constraints imposed by IRS.

Second, we develop two different formulations of the joint waveform and beamforming
design based on a FS-IRS and a FF-IRS. The FF-IRS assumes that the passive
beamforming phases are constant across frequencies, while the FS-IRS is flexible
enough to adjust the passive beamforming phases at each frequency of the multisine
waveform, which thus renders the weighted sum current problem more difficult to be
solved. The performance of the FS-IRS always provides an upperbound on the FF-IRS
performance and helps assess how much loss is incurred by constraining the passive
beamforming phases to be the same across frequencies. This comparison sheds light on
the benefits of developing more advanced IRS hardware enabling frequency-selective
passive beamforming phases. This is particularly important in the context of wideband
multi-band /carrier WPT since the choice of the passive beamforming phases across
frequencies severely influences how much the channel frequency selectivity and the
rectenna nonlinearity can be exploited by the waveform design to boost the harvested
DC power. This also contrasts with existing IRS-aided WPT papers [8-11] that
ignore such consideration since their designs assume narrowband transmissions and

frequency-flat channels.
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Third, under the assumption of perfect CSI, we develop an optimization framework for a
general multi-user IRS-aided WPT setup based on AO, SCA, and SDR to suboptimally
optimize the IRS passive beamforming phases and waveform weights with the others
being fixed. An efficient solution is derived in two subproblems of AO by optimizing one
of these variables in closed form. Conventional WPT waveform optimization strategies
mainly rely on Reverse Geometric Program (GP) [16] and Semi-definite Program (SDP)
[45,50,51]. In contrast, for the FF-IRS, both subproblems of AO are solved by formulat-
ing the problem into a standard SDP with SCA in an iterative manner. This is different
from conventional WPT research because the output DC is not only influenced by the
waveform weights on each frequency (which is systematically discussed in [16]) but also
impacted by the passive beamforming phases in spatial and frequency domains (which is
firstly promoted in this thesis). In addition, low complexity solutions are demonstrated
in multi-user (MU) and single-user (SU) FS-IRS algorithms with the element-wise

updating method and prior determined passive beamforming phases, respectively.

Fourth, numerical results are displayed to validate the theoretical discussion on FS-IRS
and FF-IRS WPT algorithms. Although FS-IRS always provides an upperbound
performance to FF-IRS, FF-IRS still outperforms conventional WPT papers which
emphasizes the significance of passive beamforming designs. Then, FS-IRS brings
more opportunities to broadband WPT while FF-IRS is more suitable for narrow-
band WPT. Both FS-IRS and FF-IRS algorithms can exhibit fast convergence which
strongly reveals the effectiveness of the SCA-based algorithms. Furthermore, the IRS
should be deployed closed to users or BS to obtain a larger current region. Moreover,
a near-optimal result can be achieved with low-resolution discrete-phase IRS in both
FF-IRS and FS-IRS. Numerical results confirm the inefficiency of the linear-based
model and demonstrate the advancement of IRS-aided WPT on leveraging the non-
linearity of rectenna, waveform weights and passive beamforming phases. In addition,

this model can be extended to the multi-antenna case as in [16].
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Figure 3.1: System model.

3.2 System Model

3.2.1 Transmit Signal

As is illustrated in Fig. 3.1, we consider an IRS-aided downlink single-input-single-
output (SISO) WPT system including K single-antenna users, one IRS with L REs
and one BS equipped with single antenna at the transmitter. The multisine waveform

at time ¢ is given as

N N
x(t):%{zsneﬂﬂf’”t} :ancos(Qﬂfnt—i—’yn) (3.1)
n=1

n=1

where s, =w,e’™ (n=1,...,N) denotes the complex weight of the multisine waveform
with w,, and =, accounting for the amplitude and phase at frequency n, respectively.
For simplicity, we assume that the frequencies are equally spaced, i.e. f,= fo+nA;.
The transmit power constraint at the transmitter is written as 1[|s||? < P with

s=[s1,52,...,s5]7 € CN*! and § referring to the average power of cosine function in (3.1).
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3.2.2 Channel Model and Reflection Pattern

The multisine waveform propagates through wireless channels. The channel from the
BS to user ¢, from the BS to the IRS and from the IRS to user ¢ at the frequency
n are denoted as hq g, hi, € C-*! and h,,,, € C'*% | respectively. To facilitate the
reading, they are also termed as direct channel, incident channel ,and reflected channel,
respectively. To be specific, we denote the entries of h;,, as hj 4 (,—1)r and the entries
of reflected channel h, g, as hy git(m—1)r With by, = [ 14 (n—1)1s--, i L4 (n—1)r]” and
hy g n =[P g1+m-1)Ls->Prg 1+(m—1)L], Tespectively. The channels above are assumed

quasi-static and the CSIT is assumed to be perfect.

Two IRS deployment scenarios are studied here, namely a FS-IRS scenario and a
FF-IRS scenario. FS-IRS is flexible enough to adjust the passive beamforming phases
in different frequencies. In contrast, FF-IRS assumes that passive beamforming phases

are constant across frequencies.

FS-IRS

The complex phasors e?Vi+-nrL =12 . L atfrequency n are collected on the diagonal
entries of the diagonal matrix ©,, € C¥*F with @, =diag{e/V1+(-r . ef¥rt-1r} Vp,

We assume that ¥ ,—1)r € [0,27) and Ot (n—1)L =eVitm-vL [=12.... L.

FF-IRS

We design a common set of passive beamforming phases that cater to all subcarriers
i.e. ©,=0=diag{e/" e¥2 ... /YL } ¥n. With v €[0,27), we have §; =¥ VI in the

remainder of this work.

By superposing the auxiliary channel (h, ,,®,h;,) to the direct channel, we can
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obtain the composite channel between BS and user ¢ at frequency n as

hq,n :hd,q,n+hr,q,n®nhi,n~ (32)

Remark 1. This work does not deal with the implementation of FS-IRS but rather
uses FS-IRS as an upper bound on FF-IRS to assess how much performance could be ob-
tained if FS-IRS could be prototyped by RF engineers. According to [60], the phase shift
essentially depends on the reflection coefficient of a reconfigurable impedance. Then,
the frequency response of phase shift depends on the frequency response of a particular
impedance. Generally, once the circuit topology is fized, the frequency response is fized
so that it is more complex to implement FS-IRS than FF-IRS. A practical IRS model
is illustrated in [108] which emphasizes that the amplitudes and phases of passive beam-
forming phases vary with the frequencies of transmitted signals. Nevertheless, there is
still a lack of a general model that can accurately characterize this nonlinear relationship
between the practical frequency-dependent passive beamforming phases and nonlinear
FEH by capturing all factors. Meanwhile, due to the different nature of systems, the objec-
tive functions and the receiver architecture, the benefits of F'S-IRS over FF-IRS can be
much different in WPT and in wideband OF DM communications. This means that any
conclusions from IRS-aided communications may not be transferable to WPT. Hence,
FF-IRS with unit modulus constraints are adopted in this work as widely utilized in exist-
ing literature [64,65]. As this is the first work proposing FS-IRS and FF-IRS with a non-
linear energy harvester model, we would like to keep the system model as clear and simple
as possible such that researchers can understand the fundamental benefits of the two

proposed strategies and carry on their studies in more practical senarios in the future.
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3.2.3 Receive Signal

The received signal by user ¢ at time ¢ for FS-IRS can be expressed as!

N
y,(t)= §R{ > (hagn +hr,q,n@nhi7n)snej2’rf"t} (3.3)

n=1

where g=1,2,...,K and y,(t) is the input of the rectenna which is discussed in the next

part. In FF-IRS, ®,, is replaced with ©,Vn.

3.3 Joint Design of Waveform and Reflection El-

ements for Multi-user Scenario

The purpose of the multi-user designs is to jointly optimize the frequency domain
complex weights of the waveform and passive beamforming phases of IRS to max-
imize the K-user weighted sum output DC, subject to the input power constraint
(3[s[*< P) as well as the unit modulus constraints (|0, (,—1)z| =1). Using the model
of (2.6) [16] and truncating to order 4, i.e. ng=4, the approximated DC of user ¢ is
Gdeg= i BuRM2E{yy(1)"}. ideq can be found as

n, even ,n>2

idea =o€ ()7} + ke {9, (1)} (3.4)

where ky = 9 Rany =0.17 and ky = B, R% , =957.25 [16] (assuming that i, = 5uA,n’ =1.05

ant

and v, = 25.86mV). Then, E{y(t)*}, £E{y(t)*} and the DC output current i4., are

calculated as
N

1 * 7 %
S{yq(t)Q}:izsnhqynhl],nsn7 (3.5)

n=1

Tn this thesis, we ignore the signals which are reflected by IRS for two or more times due to
substantial path loss.
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E{yq(t)4}:%n . ;n 321h;,mhq,nzsnzS:Lgh;nghq,msmu (3.6)
n1 3=y +ng

. N 1 N * 7% 3 * * * *
ZdC,q(S7{®n}n:1) - EkQanlsnhq,nhQ»nsn+§k4 Z Snl hq,nl hq7n28n2 Sng hq,ng hq,n45n4a

ni,n2,n3,n4g
n1+nz=nz2+ng

(3.7)
respectively, where the composite channel h,,,, is given by (3.2). 2. The corresponding

problem can be formulated as a weighted sum of DC

K
max quid&q (57{®n}2{:1> (38&)
Sa{@n}fy:l q=1
s.t. |s||* < 2P, (3.8b)
Osmnypl =1m=1,2,. Ni=12, L (3.8¢)

where £, is the weight for the gth user.

Due to the intricate coupled variables in problem (3.8), we apply the SCA based AO
method to separate problem (3.8) into two subproblems to update 1) the passive beam-
forming phases, 2) the waveform complex weights, in an iterative manner until conver-
gence for both FF-IRS and FS-IRS. 3) the convergence can be guaranteed in several iter-

ations which is shown in Section 3.8.2 with a suboptimal solution proved in Section 3.3.5.

In the next three sections, at iteration ¢, the passive beamforming designs for MU FF-
IRS and MU FS-IRS and the waveform design for both MU IRS deployments scenarios
are sequentially studied. In the passive beamforming subproblem, optimal {@ﬁf )}flvzl
is obtained with waveform weight vector s¢~1 being fixed. In the waveform design sub-

problem, s is solved by using {@SZ ) }N_| which is achieved in the previous subproblem.

2When it comes to the multi-antenna scenario, the objective function (3.7) becomes

- _ 1 N HywH 3 HWwH HvwH
ZdC(Sv 6) = §k2 Zn:l Sn hk,nhkﬂlsn + §k4 Z Sn, hk,nlhkﬂwSnzsnghk,nahk”ﬂASnzx where
n1,N2,N3,M4 )
ni+nz=nz+n4

1x M
Sp= [$1+(n71)Mt 752+(n71)Mt 7"'151\1t+(n71)]l1t] and hk,n = hd,q,'n, +hr,q,n®nHi,’n eC M,
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Figure 3.2: Alternating Optimization in one iteration.

3.3.1 Passive Beamforming for Multi-User FF-IRS

In FF-IRS, we optimize L passive beamforming phases which are constrained to

be constant across all N frequencies. To build this weighted sum current subprob-

. . diag{hgn thip
lem on passive beamforming phases, we denote v, ,, = e CEAxL

hd,q,n
Denote 8 = [0,,0,,...,01,m,] € CY*E+Y with m, referring to an auxiliary variable.
Then (hg,qn+hsg,Oh;,)s, =0v,,s, and we let z,, =v, s, which is grouped into
zg=zl 2L, 2l \]T € CEFDNXL The ig. 4(s,{©,}),) in (3.8a) can be equivalently

q,1°%q, 25"+

rewritten as iqcq4(0) below

N
- 1 H pH | 3 H H H H
chﬂl(a) - §k2 Z ozq,nzq,ne + §k4 Z qu,m Zq,n20 ezq,n:s Zq,n40 . (39)
n=1 n1,n2,13,n4
ni1+nz=nz+ng

To transform (3.9) into a more compact form, we define N(L+1)-by-N(L+1) matrix
D, and (L+1)-by-(L+1) matrices Dy, where D, =2,z whichisshown in Fig. 3.3. k=

0 refers to the index of the main block diagonal of D,. k€ {1,...,N —1} denotes the index
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k=0 * Z[;,lzq,l ., Zq. 1 zq..i zi;,lz(-j,-l zq.lzﬁfﬂ,\;
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Figure 3.3: D, is the sum of red block diagonal, D, is the sum of yellow block
diagonal and D, _; is the sum of green block diagonal in the above matrix.

of the kth block diagonal above the main block diagonal of the matrix D,. ke {—(N—
1),...,—1} denotes the index of the |k|th block diagonal below the main block diagonal.
Matrix Dy, is obtained by summing the block matrices of the kth block diagonal of
D, e.g. Dyo=2412) 42422+ 2o N2l Dy1 =2412] 5+ 24020 s+ +24 y_12]Ty

and Dy n_1 :zq,lng. Luckily, we can get a compact form of (3.9) for the gth user as

N—1
ide,q(0) = 1k20D 00" +2k,0D, 00" (0D, ,60")" + 3k, Y- 6D, 6" (6D, ,67) .
k=1
(3.10)
Then, we formulate weighted sum current problem which is subject to the unit modulus

constraints

K
mgx{zggqidc,q(e) 16| =1,1=12,...,L}. (3.11)
q=

However, this problem is a quartic polynomial (due to term %k4j\§19Dq,k9H(0Dq,k9H)H)
which is NP-hard in general. To unveil this problem, we intr(];;lce auxiliary variable
dgr, where k € [0,...,N — 1] and d,, = 6D, ;,0". However, for k # 0, D, is non-
Hermitian matrix and the problem becomes a quadratic polynomial which is also NP-

hard. To deal with this, we introduce a rank-one positive semidefinite matrix variable
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X =010 CEFD*(LHD) to linearize the problem with d, , =0D, 07 =Tr{D, 670} =
Tr{D,;X}. Then, the problem becomes a linear problem with non-convex constraint
rank(X) =1. After defining d, = [dg0,dg,1,....dgn-1]", Ko=diag{2ks, 2 ky,...,3ks} =0
and the diagonal element of X as Xy with I'=1,2,...,L+1, problem (3.11) can be

transformed to an equivalent problem as

minK to (3.12a)
to’{dq}qzl
S

5.t qu(—ikgdq’o—deodq)—to <0, (3.12b)
q=1
Tr{Dq,kX}:dq,kvv%kv (312C)
Xl/,l/ = 17vll7 (3. 12d)
X =0, (3.12e)
rank(X)=1 (3.12f)

which is still a non-convex problem because of the existence of rank constraint (3.12f).
We apply SDR to relax (3.12f) and focus on relaxed problems (3.12a)-(3.12¢). As the
term deodq in (3.12b) is a non-convex quadratic constraint, SCA can be applied
to address this problem to approximate the non-convex constraint into a convex con-
straint and solve the approximated convex problem iteratively, the performance of this
iteration is explained shown in Fig. 3.8.2. At iteration ¢, the optimal dgi) can be approxi-

mated by the optimal d " via Taylor expansion [109]. With f(d,)=d} Kod,, we have
f (dq,ng) ém{dg“)HKodq} —dli VKAl Y. (3.13)

From [104], (3.13) has the pattern that f(d\,dy) = f(d%") > f(d@$’,a{™). Ac-
cordingly, non-convex constraint (3.12b) has the property that Z;i1§q(_%k2dq,0 —
f(d((f))) < Zf:l{q(—%kgbq,o—f(déi),dgifl))) <tg. Since inequation Z;(:lgq(—%kgbq’o—

f(d((f) ,dgiil))) <ty is a convex constraint at iteration , relaxed problems (3.12a)-(3.12¢)
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can be formulated as a standard SDP as

min to (3.14a)
to,dq,XEO
K 1 _
s.t. qu(—ilﬁdq,o— £(dg,di=1)) — 5 <0, (3.14D)
q=1
(3.12¢),(3.12d) and (3.12¢). (3.14c)

By substituting (3.12c¢) into (3.14b), it follows that

min Tr{K;X} (3.15a)
s.t. Xl/JI:l,l/:l,Q’...,L—f—l, (315b)
X =0 (3.15¢)

where K; =J;+J¥ is a Hermitian matrix and
K k 3 (i—1) 3 N—1 ;(i—1)*
J, = zlgq(_fD%o—gmqp Dgo—5kid iy dyr | Dygk)- (3.16)
q:

This standard SDP problem (3.15) can be solved by invoking existing softwares, e.g.,
CVX MATLAB [110]. Denoting the solution as X*, if rank(X*) =1, the SDR is tight
and X* is astationary point of (3.15) so that alocal optimal solution can be extracted by
X*=0*DM0) [111]. If rank(X*) > 1, we can use the Gaussian randomization method

/1(2) 9’(1) 9/(2) (l)}7

in [112,113] to extract a suboptimal rank-one solution 8’V = [} .6, ....07" m}

retrieve the phase shifts by %) = ¢'() /mgl) and group the first L elements into
the diagonal of @) = diag{@*¥[1 : L]}. Then, we have the composite channel
hq,n = (hd,q,n +hr,q,n®*(i)hi,n>~

Remark 2. Note that different from [8] where a predefined minimum harvested power
threshold is addressed, problem (3.15) is a standard SDP in each iteration with only

unit modulus constraint. The known approzimation accuracy for this complex constant
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modulus problem is w/4 which guarantees that a good approximation can be found
if we have a rank-one solution [111]. When we evaluated the results in Section 3.8,
we found that all channel realizations generated a rank-one X*. This is particularly
important since Algorithm 2 can provide a stationary point for problem (3.8) with a
rank-one solution in the simulations (see Appendiz A.2). Even though the performance
1s degraded by the Gaussian randomization method later, the performance loss is still

negligible if X* is rank-one for all tested channels [58].

3.3.2 Passive Beamforming for Multi-User FS-IRS

In MU FS-IRS, different from problem (3.11), we aim to maximize the weighted sum

current subject to N L unit modulus constraints and the problem can be written as

{@H}L?X {quzdcq {©, }n 1) (3.17)

’9l+(n—l)L’ =1nel2,.. N|ie 1,27...,L}.

) diag{h, 4, th;,
To obtain a compact form , we define v, = e CEHDX1 We denote

ha

0, = [01+(—1)L> Ot (n—1)L, M) € CYIAD Wn with m, referring to an auxiliary

@M

variable. We have (hd gn+hrgn©nhin)s, =0,y .8, Denote z,,,=v, s, € CEFI*1

ZT

Ll (T € CEFDNXL (3.7) can be rewritten as

which is grouped into z, = [Zgjl,

chq({e }n 1 leZn 10 anzqnef—i_dk4 Z 0 anl qnzen 0 anz qn40H'

n1,n2,13,N4
ni+nz=nz2+ng

(3.18)

To formulate (3.18) into a more tractable compact form, we denote 8 =160;,...,0y] €
CY N+ and define (L+1)N-by-(L+1)N matrices B, and E, with E, = z,z/!
k=0 denotes the index of the main block diagonal in E,. k€ {1,...,N —1} denotes

the index of the kth block diagonal above main diagonal of E,. ke {—(N—1),...,—1}
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denotes the index of the |k[th block diagonal below the main block diagonal. E, j is
obtained by retaining the kth block diagonal of E, and setting other block matrices

as O(z4+1)x(z+1)- Then, the output current for user ¢ can be equivalently written as

ideq(0) =5k20E 00" +2k,0E, 0" (OE, 07 )" + %k41\§10Eq,k0H(0Eq7k9H)H.
- (3.19)
To linearize the quartic function (3.19), we take OE, 0" =e, ;. which is collected into
€g=[€q0,€q15-,€qn-1]"- (3.19) can be written as iqc q(€,) = Fkaeq0+el Koe,. The

problem can be formulated as

min ty (3.20a)
K
tl’{eq}qzl
S

s.t. qu(—ik’geq’o—eqHKoeq)—tl SO, (320b)
q=1
OE, 0" =e, 1. Vq,k, (3.20c)
|01t n-1)L| =1,Yn,L. (3.20d)

We still approximate the non-convex constraint (3.20b) iteratively by the SCA which

is similar with that in Section 3.3.1 and the problem can be reformulated as

min 0K,07
0 (3.21)
st (3.20¢) and (3.20d)
where Ky =Jy+J4 is a Hermitian matrix and Js is
X k 3. (i-1) 37, \N-1p (i-1)
JF;@(—ZQEq,o—gkwq,o Eqgo— 1k legr 1 Bq)- (3.22)

If we apply the same approach as in Section 3.3.1 to problem (3.21), that is, by
denoting X =06 and formulating problem (3.21) into a SDP, solving this intricate

SDP will render a complexity around O((N L)®) which demonstrates low feasibility for
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large number of frequencies. To tackle this issue, here, we illustrate a low complexity

strategy to optimize the N L elements in 6 with a complexity around O((NL)?).

Element-Wise Updating Method: Element-Wise Updating Method (EWU) sequentially
optimizes N(L+1) variables (/N L passive beamforming phases variables and L auxil-
iary variables) in @ which is also applied in [114] and [62]. To facilitate the reading, in
this method, we denote K = —Kj and the element at the ith row and the jth column of K

as k; ;j,i=1,2,...N(L+1),j=1,2,.... N(L+1). In addition, we denote the mth variable

INE
in @ as 6, in this part for simplicity (instead of ;1 (,,—1yz, in the preceding discussion).
minimization of 6K,0% in problem (3.21) becomes maximization of K@ with the

same unit modulus constraints (3.20d). Since 6, is updated with other N(L+1)—1 el-

ements in 0 being fixed, KO can be written as an element-wise function f(6,,) below

N(L+1) N(L+1)
j=1,7#m i=1,i#m iEm,j#Em

where m=1,....N(L+1).

Due to the fact that K is a Hermitian matrix, we substitute k; ; =£7; and yield

N(L+1)
FOn)=0mkmmbn, 200 >° Onkm 05+ > Oiki;0;. (3.24)
j=1j¢m i, em

In order to optimize 6,,,, we abandon other irrelevant elements. The objective function

9(0,,) becomes

N(L+1)
9(Om) =k 05, +2R{ D Ok 07} (3.25)
J=Lj#m
N(L+1)
Since |67, |* =1, maximizing g(f,,) is to maximize the term R{ 3~ Ok ;05 }. After
J=Lj#m
N(L+1)
denoting > ki, ;05 =C,,, the optimal 07 is
j=Ll,j#m
205, =—2C 0, =e74C0m, (3.26)
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Algorithm 1 EWU Algorithm

1: Initialize: Set ¢t = 0, tolerance 7, feasible 09 and corresponding objective
function value f(0©);

2: Repeat

3 t=t+1;

4: Compute g(A%)) in (3.25) and update 6 in (3.26). Note that 6,, = 1 when m
is integer multiple of L+1;

5: Compute f(0%) in (3.23);

6: Until | f(01)—f(0U"D)|/|f(0W)] <T or t >t

7. 0 =00,

Therefore, 6%, can be determined one by one until all N(L+1) variables are updated. 3.

After this SCA based EWU method, similarly, the composite channel for user ¢ is
obtained by grouping the first L elements of 0,, into the diagonal matrix e =
diag{HZ(i)[l : L]} and substituting the ;" into the auxiliary channel to get hyn=

hagn+hgn©hy,. L.

3.3.3 Waveform Design for Multi-User FF-IRS and Multi-

User FS-IRS

In this section, we aim to maximize the weighted sum current subject to the power
constraint at the transmitter for the composite channel h,,, obtained in the previous
sections by optimizing the waveform weights at different frequencies. To formulate
this subproblem into a compact form, we introduce N-by-N matrices B, :th h, with
h,=1[hg1,hq2,....,hqn], which is shown in Fig. 3.4. ke {1,...,N —1} denotes the index
of the kth diagonal above the main diagonal (with index k = 0) of the matrix B,.
ke{—(N—1),...,—1} denotes the index of the |k|th diagonal below the main diagonal.

B, is obtained by retaining the kth diagonal of B, with other entries being zeros.

3Note that 6,, is assigned to be 1 when m is an integer multiple of L+ 1.

4This SCA-based EWU method can be directly implemented in multi-antenna scenario since
the number of variables that need to be optimized is still N(L+1) due to the nature of FS-IRS,
the performance with different number of transmit antennas M, is illustrated in Fig. 3.17.
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The compact form of the output current at the gth user iqc 4(s) can be recast as

N-1
fdeq(8) =3 kasByos+ 2kys By os(s7Byos) T +2ky 3 s"Byis(s”Bgs)?. (3.27)
k=1

K
The weighted sum current of all users can be written as ) &;iqc4(s). Denote the aux-

q=1
iliary variable b,y =s”B, ;s =Tr{B,;ss” } =Tr{B,, Y} for ¢=1,....K,k=0,...,.N—1,
such that by, = [byo,....bgnv—1]7. We have ige({bg},) =1 &, (3kabgo+bIKob,).

The problem becomes

minK 2 (3.28a)
tQ’{bq}qzl

s 1

s.t. qu(—ikgbq,o—bf Kob,)—t, <0, (3.28D)
q=1
Tr{BkaY}:bq,k7VQ7k7 (328C)
Te{Y}<2P, (3.28d)
rank{Y}=1. (3.28¢)

Similar to the approach in Section 3.3.1, we relax the rank constraint (3.28¢) and
use the SCA to solve it. Let g(bg,b{ ™) =2R{b{ " Kyb,} —b{ " Kb{™. We
have —Lkabgo — g(by”, b)) < —Lkybyo — g(by) by ™) < t,. Therefore, —Lkybyo —
g(bq,bff—l)) <1, can be seen as an upper bound convex constraint of initial non-convex

constraint (3.28b). The problem can be rewritten as

min to (3.29a)
t2,by, Y =0
1 )
5.t — 5habgo— g(bg, b)) —t, <0, (3.29b)
(3.28¢) and (3.28d) (3.29¢)
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k=0 " h:]'.lh[;‘,l -FI.(-_._j-'IIi_-_.‘- h:l.]_hilll-‘
k=1 —» hy 2hg - Mg 2fg 4
B hq,shq.l hq,ahcm

9= hy.ahqz hg.shq.4

Figure 3.4: The definition of B,

which can be written into a SDP as

H%}n{Tr{KgY} Tr{Y}<2P}

where K3 = J3+J§I is a Hermitian matrix and

h[;.lhfl N

hg nhg N

K . X
J3= qu (—2B0— 2kably " Byo— 3k n ) 0 By ).
=

3.3.4 Alternating Optimization

7

(3.30)

(3.31)

For all the channel trails, we iteratively update the passive beamforming phases and
waveform weights until convergence, which is shown in Algorithm 2 and Algorithm 3.
In both algorithms, [V, |min refers to the eigenvector corresponding to the smallest

eigenvalue which can be obtained via the eigenvalue decomposition (EVD) [104].

Remark 3. Interestingly, (3.10), (3.19) and (5.27) are essentially closed-form trans-
formations of same objective formula (3.7) with different variables and this is the key

reason that both subproblems of AO can converge to the same output current solutions.



Algorithm 2 MU FF-IRS WPT Algorithm

1: Initialize: i=0, {dgo),b((Z ,B , 0)}q LK 1 ) K (0),6(0),y(0) and corresponding
5

2: Repeat

3 i=itl;

o

Update Kgi) and compute 8*) using Gaussian randomization method in [112],
(10 diag{@* V(1:L)};

Update B") v and b} Vq.k;

Update K , get eigenvector y* = \/ 2P [VKd]mln,Y* =y*y

Update Y ! 1) =Y*. Then update dq s
Until |17 — 57V /[t | <& or i > imax
s*=y*, output ©*.

. k,Vq , compute t(l)

Algorithm 3 MU FS-IRS WPT Algorithm

1: Initialize: i = 0, {e{” by’ B’ EP}E K, K, {0V}, y© and
corresponding tg );

2: Repeat

3 1=1i+1;

o

Update K() and compute 6*®) using EWU and generate {6(’ ey =
{chag{e*‘”u D}

Update B k and bq k,Vq k;

Update K3 , get elgenvector y *=V2P[Vi,|min; Y* =y y*

Update Y® =Y* and eq 3 % k,Vq k and compute té )7

Until |57 — 7Y /|¢5) \<e OF 1> Tmax

s*=y*, output {@*}V_,

3.3.5 Convergence

Proposition 1. For any feasible initial points, Algorithm 2 provides a X* which

satisfies the Karush-Kuhn-Tucker (KKT) conditions of problem (3.15). Note that X*

is not guaranteed to be a rank-one solution due to the non-conver modulus constraints.

Proof: See Appendix A.1. O

Proposition 2. If the X* in Proposition 1 is a rank-one solution, X* is also the local

optimal solution of problem (3.12). Then, Algorithm 2 converges to a local optimal

solution in (3.8).
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Proof: See Appendix A.2. O

Proposition 3. For any feasible initial points®, the passive beamforming vectors 0*
generated by Algorithm 3 in problem (3.21) can guarantee the non-decreasing property

of Zlefqidc,q(e*). The Algorithm 3 can converge to a suboptimal point of (3.8).

Proof: The SCA firstly ensures the non-decreasing property as 8*¢~1) is also a feasible
solution in iteration . In the EWU method, (3.25) and (3.26) double guarantee the non-
decreasing procedure by applying the complementary phasor of _ Z k.07 in (3.25).
Due to the unit modulus constraint, the SCA based EWU straggl;?;: upper bounded

and finally converge. The Algorithm 3 is suboptimal due to the performance loss

incurred by the EWU method. This performance loss is demonstrated in Fig. 3.16. O

Proposition 4. For any feasible initial points, the waveform design subproblem

in Section 3.3.3 can converge to the stationary points of problem (3.28) with Zjilﬁq(idqq(s*(i’l))

Zé{=1§q(idc,q (s*@).

Proof: See [17] for detail. O

3.4 Low Complexity Design for Single-user Sce-

nario

In this section, we show an extra algorithm for SU FS-IRS for three reasons. First,
Algorithm 3 can only provide suboptimal solutions due to the EWU strategy, but
Algorithm 4 exhibits global optimal solutions. Second, Algorithm 4 further reduces
the complexity compared with Algorithm 3 with K =1 without the necessity of AO
strategy. Third, Algorithm 3 cannot be reduced to Algorithm 4 when K =1 since, in

Algorithm 3, perfect alignment between the auxiliary channel and the direct channel

5For example, uniform power allocation with random beaforming.
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may not be achieved, which incurs a performance loss compared with Algorithm 4.

This performance loss is demonstrated in Fig. 3.16.

Because of the issues above, we propose an efficient algorithm for SU FS-IRS by priorly
determining the passive beamforming phases and waveform phases. For simpler nota-
tion, hq 4., and h, ,, boil down to kg, and h, , respectively. We denote hq , = Aq e,
gt n-1)r = Ai s (n-1yre? 00 and by gy (n-1yL = Arig (n1yr €%+ @=L, Then, we de-
note the entries of A;, as Aj;;(,—1)r and the entries of A,, as A, (,—1)r with
A =[Ai1s 1)L ALt -n)z]T and Ay =[Ay 11 (n—1)Ls-» Ar L4 (n—1)L], TeSPectively.
The passive beamforming and frequency domain power allocation for SU FS-IRS are

sequentially demonstrated in the next sections.

3.4.1 Passive Beamforming for Single-User FS-IRS

Since FS-IRS is assumed to have an independent reflection for all frequencies with
totally NL variables. When K = 1, each passive beamforming phase in FS-IRS
can idealy align the auxiliary channel to the direct channel and the optimal passive

beamforming phases and waveform phases have the values below

Vo =—(dn,N, (3.32)

V-1 =~ + it (1)L + Prir(n-1)r), V1,1 (3.33)

Remark 4. Recall that in Section 3.3.3, we directly optimize the waveform weight
Sn, which consists of the amplitude w,, and phase y,. In contrast, due to the prior
determination of v, the joint passive beamforming and waveform design in SU FS-IRS
15 essentially the frequency domain power allocation at different frequencies, i.e. wy,

and naturally exhibits lower complexity than SCA based AO strategy in MU FS-IRS.
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3.4.2 Frequency Domain Power Allocation for Single-User

FS-IRS

Due to the ideal alignment of composite channel in SU FS-IRS, we denote the
corresponding composite channel A, = Ag, + A, ,A;, which is collected into
A =][A,...,Ax]T and group w, into the power allocation vector p = [wy,ws,...,wx]|T.
Objective function (3.7) is transformed to

idc(p> = %kQZﬁf:ﬂU%A%‘i‘ %kz; Z Wn,y Am Anzwng wn3An3 An4 Wny - (334)

ni,n2,n3,n4
ni+nz=nz+nq

We can formulate (3.34) into a more compact form by introducing N-by-N matrices
B and By where B=AAT. k€ {1,...,N —1} denotes the index of the kth diagonal
above the main diagonal (with the index £=0) of the matrix B. k€ {—(N—1),...,—1}
denotes the index of the |k|th diagonal below the main diagonal. By, is obtained by
retaining the kth diagonal of B with other entries as zeros. The compact form of

(3.34) can be expressed as
. ) N-1
iae(p)=3k2p" Bop+3kupBop(pBop) "+ ks 3- pBip(pBip)”.  (3.35)
k=1

To maximize the output DC under the power constraint at transmitter, the problem
can be formulated as

maxc{i.(p): [Pl <2P}. (3.36)

Similar to that in Section 3.3.3, we introduce a rank-one positive semidefinite matrix
variable P =pp to linearize the problem with by =p?B;,p="Tr{B;P}. Then, denote

b= [bo,bl,...,bN_l]T. Finally, we have ch(b) = %k’gbo + %]ﬁ;bobs + %]ﬁl szvz_ll bkbz =
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kaby+bKob. The problem (3.36) can be equivalently written as

tg,ll)(?gli() 2 (3.37a)
s.t. —ige(b) —t3 <0, (3.37b)
Tr{B,P} =bVk, (3.37c)

Tr{P} <2P, (3.37d)
rank{P}=1. (3.37e)

After the relaxation of rank constraint and SCA approach, the compact form of

problem (3.36) can be formulated as

r}r)lgr()l{Tr{K4P}:Tr{P}§2P} (3.38)
where K, = J,; + Jf is a Hermitian matrix and J; = —%BO — %k4b((f_1)B0 —

%k;;;chV:_llbg_l)*Bk. The whole procedure is summarized in Algorithm 4.

Remark 5. According to [17], problem (3.38) has a rank-one global optimal solution
P*=p*p*! with p* =v2P[VK,|min, which is different from that in generalized MU
scenario as the EWU based strategy can only provide suboptimal solutions. In each
iteration, the rank-one global optimal solution not only guarantees to demonstrate
convergence to the stationary points of the relaxed problem (3.38) but also the original

problem (3.37).

3.5 Large Scale Analysis of SU FS-IRS

This subsection proposes a brief analysis of the performance of SU FS-IRS in the
limit of a large number of REs L and frequencies N. We assume that all the channels

are uncorrelated. Given the large scale fading for hgn,hij+(n-1)r and hyym—1)r as
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Algorithm 4 SU FS-IRS WPT Algorithm

Initialize: i=0 and b©, p© and t”);
Repeat
i=i+1

Compute K, =J,+J¥ | get eigenvector p* =v/2P [V, |min:P*=p*p*'’;
Update P =P*; Update b\ = Tr{B,P®} Vk:

Update tgi);

Until [t — 079 /[t <2 or i > imnax

sn =[P Tn1 1 /|| V0

Aé/ Z,Ai1 /2 and AY 2, respectively, under the perfect alignment in SU FS-IRS, we have

L 9 L—o0 5
E{hnl} =ES ([ Nhan+ D heism-1) L0t -1y Lhigsm-nel? ¢ = VAa+MNAL2
=1
(3.39)
According to [17], with uniform power allocation across frequencies, we can approx-

imate the output current as

ide Rk P(Aat A L?) 4 3ka P2 (A + AAL2)? 43k, P2 (Mg + AAL2)2N. - (3.40)
Therefore, if the number of L is large, the output current will scale up with the square
number of L? (i.e. L*) which is shown in (3.40) and validated in Fig. 3.7. This is due
to the nonlinearity of the rectenna model which is truncated to ng=4. In addition, if
N is large enough, the output DC linearly scales with N which is validated in Section

3.80. The observation above is inline with the scaling law in [16].

3.6 Discussion on Multi-Antenna Scenario

The main contribution of this work is to maximize the output DC power by leveraging

the frequency diversity gain, the passive beamforming gain and the gain from EH

6Based on the rectenna model in Section 2.1.2, increasing the number of subcarriers improves
the harvested DC power as long as the EH does not operates in the saturation region. In a
practical prototype of No-IRS WPT, due to the Peak-to-Average Power Ratio (PAPR) limits of
the transmitter, 16 is a good number which was experimentally observed in [14,52].
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nonlinearity. The active beamforming will not fundamentally change the observation
and novelty of this research. To keep the explanation simpler without being over-
whelmed by the variables of a multi-antenna scenario, a multi-user SISO transmission
model is chosen in our work. However, it is easy to scale to the multi-antenna system
with the same AO framework in the next section and the benefits of transmit active

beamforming are shown in Fig. 3.17.

3.7 Discussion on Discrete-Phase

For discrete IRS problems, one widely used strategy is to relax the discrete IRS
problems to their continuous counterparts and obtain quantized phases Zzz+(n71) Lvn,l
in phase set S by mapping the continuous values to their closest discrete value in S

with mapping function F [114]. The mapping function is given below

i (n1yp, = F (1 noyr) Vln, (3.41)

@Zl-&-(n—l)L GS,\VIZ, (342)

where 8 ={0,Av,...,A)(2M —1)} denotes the equally spaced phase set with A=

27 /2M and M denotes the resolution bits.

3.8 Simulation Result and Analysis

We now evaluate the performance in a typical open space WiFi-like environment under
a transmit power constraint of 36 dBm at a central frequency of 5.18 GHz with signal
bandwidth being fixed to 10MHz as a baseline unless otherwise stated. A uniform

linear array (ULA) at the IRS with half wavelength spacing are considered in our
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Figure 3.5: Simulation layout.

model. The pathloss model is shown below
§(Dj)=ro(=2) ™ (3.43)

where 7 is the large scale fading parameter at reference distance dy = 1m with D;
and v; referring to the distance and pathloss exponent, respectively, for j € {d,i,r}.
All the channels are modeled as Rayleigh fading NLOS channels with the path loss
exponents and power delay profiles coming from model D in [115]. 18 taps are modeled
as i.i.d CSCG random variables to generate uncorrelated frequency-selective fading
channels. For simplicity, all users experience the same distances of direct channel
(Da), incident channel (D;) and reflected channel (D,) with 0dB transmit/receive
antenna gain on isotropic radiation pattern. Accordingly, K users experience the

same large scale fading but different independent small scale fading in power signal

transmission. According to Fig. 3.5, D;=+/D?+ D2 and D, =\/D2+(Dq— Dy,)? with
Dy and D, referring horizontal distance and vertical distance, respectively. Parameters
are assigned as D, =2m, D, =2m and Dy =15m as a baseline unless specified later.

For all the numerical figures, SU FS-IRS and MU FS-IRS simulation results come
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L = 1,20,40 with P = 36dBm
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Figure 3.6: Average i4. versus N for L=1,20,40.

from Algorithm 4 and 3, respectively. Both SU FF-IRS and MU FF-IRS results are
generated from Algorithm 2 for choices of K =1 and K > 1, respectively. The sufficient
small tolerance of stopping threshold in all algorithms is set as 10~* and each point
in the following figures is acquired via averaging over 1000 independent realizations.

The number of candidates for Gaussian randomization in Algorithm 2 is 1000.

3.8.1 Single-User

We first characterize the average output DC versus the number of sinewaves N with
different numbers of passive reflecting elements L in Fig. 3.6 and 3.7. A first obser-
vation is that the output DC of both SU FS-IRS and SU FF-IRS increases with the

number of sinewaves N and SU FS-IRS can be seen as a performance upper bound
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Figure 3.7: Average i4. versus L for N=16, 32, 64.

of the corresponding SU FF-IRS scenario. When N =1, SU FF-IRS displays the same
current as SU FS-IRS. A second observation is that the output current approximately
scales up with the L*. This is, thus, envisioned to revolutionize large-scale design
since a large L can compensate for the small number of transmit antennas. A third
observation is that the performance gap between SU FS-IRS and SU FF-IRS is grad-
ually increased with NV and SU FS-IRS observes a gain of 28% over SU FF-IRS when
N =64 and L=40. The reason behind such a phenomenon is that, in SU FS-IRS, ideal
passive beamforming phases can always align with the composite channel. While,
in SU FF-IRS, more performance loss is incurred by the misalignment between the

auxiliary channel and the direct channel with a larger N.

An overview of average output DC versus the number of sinewaves IV is exhibited in Fig.

3.8. SU FS-IRS, SU FF-IRS and SU Rand-Phase-IRS WPT refer to nonlinear-based
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Figure 3.8: Average i,4. versus V.

rectenna model with different IRS scenarios. SU No-IRS WPT refers to conventional
WPT designs in [16]. SU FS-IRS ASS and SU No-IRS ASS denote the ASS-based
linear rectenna model (a truncating order of 2) [16] [17] with FS-IRS and without IRS,

respectively”.
We make the following observations.

First, if taking SU FS-IRS ASS WPT as a benchmark, SU FS-IRS and SU FF-IRS can
exceed the benchmark on around 550% and 400%, respectively, when N =64. This
result strongly embodies the superiority of nonlinear based rectenna model over ASS
based linear rectenna model, showing that the output DC can be effectively boosted by

leveraging the gain from rectenna nonlinearity for both FS-IRS and FF-IRS scenarios.

"The output current for user ¢ under a linear based model (a truncating order of 2) is given
as ide,q(5,{©n}N_1) = 3 k2 Zgzls;h;nh,msn. Compared with (3.7) , the maximization of output
current can be efficiently solved by allocating all the power to the strongest frequency-selective

channel which leads to the ASS strategy in Fig. 3.8.
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Figure 3.9: The average weighted sum of i4. versus N for K =1, 3, 5 and L=20.

Second, both SU FS-IRS and SU FF-IRS observe a great performance gain over
No-IRS scenario on around 195% and 155%, respectively, when N =64 and L= 30.
An explanation is that both of them consolidate the composite channel strength with
passive beamforming phases manipulation. Furthermore, it is worth pointing out that
although SU FF-IRS is outperformed by SU FS-IRS, it still achieves non-negligible per-

formance improvement over No-IRS conventional WPT waveform designs in [16] [17].

Third, SU Rand-Phase-IRS displays a similar output current with the No-IRS scenario
which emphasizes the significance of the passive beamforming design. Without the
optimization of the passive beamforming phases, the signal attenuation can not be
effectively alleviated by IRS as different cascaded channels superpose randomly instead

of constructively.
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Figure 3.10: Average iq. versus number of iterations for N =4, 16, 64, 128 and L =30.

3.8.2 Convergence Analysis

Fig. 3.10 and 3.11 illustrate the average output DC versus the number of iterations for
different initialization strategies. The initial passive beamforming phases are randomly
chosen in [0,27). The frequency domain power allocation strategies are ”UPIn” and
”RandPIn” referring to uniform power allocation and random power allocation, respec-
tively. First, ”UPIn” exhibits a faster convergence than ” RandPIn” | which suggests the
potential benefits of uniform power allocation in large-scale SU FS-IRS and SU FF-IRS
WPT. Second, both ”UPIn” and ”RandPIn” converge to nearly the same objective
function values. Anexplanation is that considering the non-convexity in problem (3.12),
various initial points may lead to different solutions in Algorithm 2. However, solution
X* is demonstrated to be a rank-one solution in all tested channels and strongly reduces

the performance loss incurred by Gaussian randomization method, which contributes
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Figure 3.11: Average iq. versus number of iterations for L =10, 20, 30, 40 and N =64.

to the insensitivity of initial power allocation and initial passive beamforming phases.

3.8.3 Bandwidth

Fig. 3.12 and Fig. 3.13 explore the sensitivity of iq. to different bandwidths from
1MHz to 10 MHz for L =20 and L =30, respectively. A first observation is that the gap
between SU FS-IRS and SU FF-IRS in both figures increase with the bandwidth which
emphasizes the superiority of SU FS-IRS over SU FF-IRS on output DC by favoring the
strongest sinewaves more efficiently. A second observation is that the output DC of SU
FS-IRS increases slowly with the bandwidth and the opposite behavior is observed in SU
FF-IRS. An explanation is that when L =20, both SU FS-IRS and SU FF-IRS benefit
from increasing frequency selectivity which contributes to an ascending trend. However,

when L =30, the misalignment of the composite channel in SU FF-IRS becomes more
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Figure 3.12: Average iq. versus bandwidth for L=20 and N =16.
pronounced with increasing bandwidth, which renders a descending trend.

To conclude, SU FF-IRS is not equally suitable for broadband and narrowband WPT,
namely, SU FF-IRS works well in narrowband systems but incurs some loss in a
higher bandwidth transmission. In contrast, SU FS-IRS offers a promising gain over
SU FF-IRS by flexibly favoring passive beamforming phases in a frequency-selective

design but also incurs a higher hardware complexity.

3.8.4 Multi-User

The average weighted sum current versus the number of sinewaves N for the different
number of users K is shown in Fig. 3.9. The weight &, for each user is 1. It is first

observed that MU FF-IRS incurs a performance loss compared with MU FS-IRS and
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Figure 3.13: Average iq. versus bandwidth for L=30 and N =16.

the performance gap increases with K. This is expected since MU FF-IRS suffers more
misalignment on different user’s composite channels than MU FS-IRS by constraining
the passive beamforming phases to be the same across frequencies, which stresses
the natural benefits of developing more flexible IRS hardware to enable adaptive

frequency-selective passive beamforming phase shifts.

Fig. 3.14 draws a useful insight into the average iq. region (obtained by solving
problem (3.8) with varying weights (£1,£,)) versus the number of reflecting elements L
in a two-user system. It is observed that the current regions of the two IRS strategies
gradually increase with L. This is intuitive since both FS-IRS and FF-IRS can com-
pensate for the distance-dependent path loss by strengthening the composite channel
of each user. Due to the additional design flexibility in the frequency domain, FS-IRS

provides better channel alignment and enlarges the region more than FF-IRS. This
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Figure 3.14: i4. region versus L for N =32.

characteristic highlights the advancement of IRS in frequency-selective design. To
further unveil the impact of the IRS position, based on the same user weight pairs as
Fig. 3.14, Fig. 3.15 demonstrates the current region versus the horizontal distances,
i.e. Dy, with D, =2m as a constant. One can observe that the regions are effectively
enlarged when IRS is installed either near the BS or near the users. The comparison
between Algorithm 3 and Algorithm 4 with K =1 is demonstrated in Fig. 3.16. Due
to the suboptimal operation of the EWU strategy, Algorithm 3 exhibited a slight loss
in contrast with Algorithm 4. However, this loss is small enough to be negligible (less

than 0.1%) which, instead, reveals the generality and superiority of Algorithm 3.

The impact of joint waveform, active and passive beamforming is demonstrated in Fig.
3.17 which explores the average weighted sum current versus the number of sinewaves

N for the different number of transmit antenna M;. It is observed that the weighted
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Figure 3.15: 44, region versus Dy, for N =32 and L =20.

sum output current of both MU FF-IRS and MU FS-IRS approximately scale up with
the square number of M;. Compared with the single-antenna scenario in Fig. 3.7,

active beamforming is envisioned to further boost the output DC power.

3.8.5 Discrete-Phase

To extend to the discrete-phase IRS problem, one widely used strategy is to relax the
discrete IRS problems to their continuous counterparts and obtain quantized phases
1/;“(”,1) 1Vn,l in phase set S by mapping the continuous values to their closest discrete

value in § with mapping function F [114] which is given as

i (n-1yp, = F (i noyp) Vln, (3.44)
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Vs (n1yr, €SV, (3.45)

where 8§ ={0,Av,...,A)(2M —1)} denotes the equally spaced phase set with Ay =
27 /2™ and M denotes the resolution bits. Leveraging this discrete-phase strategy
in [114], Fig. 3.18 and 3.19 are plotted for single-user and multi-user conditions,

respectively.

Remark 6. Note that the rounding method used in this thesis is not the only way
to address the discrete-phase problems. [116] proposes an optimization way using the
SNR distribution and scaling laws in the presence of channel fading and phase noise
but with high computation complexity. The complexity is greatly reduced by selecting
scaling laws in the presence of channel fading and phase noise in [117]. The complezity

can be further reduced with graph neural network in [118].

Fig. 3.18 demonstrates the average output DC versus L with N =32 and quantization
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Figure 3.17: Average weighted sum 4. versus N for L = 20, number of transmit
antennas M;=1, 2, 4 and K =2.

scheme M = 1,2,3 bits for single-user scenario. First, it is observed that the iq.
for both SU FF-IRS and SU FS-IRS can be greatly improved compared with the
No-IRS condition even with a 1-bit phase shifter. Second, one can observe that the
performance loss incurred by discrete phases decreases with an increasing number
of resolution bits. This is intuitive since a larger number of bits enables a better
alignment between channels. Under the same quantization scheme, the right figure
illustrates the weighted sum current versus N with L =20 and K =3. The performance
gain of the 1-bit resolution current over the No-IRS benchmark increases with the
number of subcarriers N, which suggests the effectiveness of deploying discrete-phase
IRS in wideband WPT. Moreover, the performance loss incurred by discrete-IRS is
low with 3-bit resolution phase shifters, which confirms that directly quantizing the

optimized continuous RE phases can achieve near-optimal performance in a multi-user
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scenario.

3.9 Summary

In this work, we investigated the joint waveform and passive beamforming design for
IRS-aided wireless power transfer for both single-user and multi-user deployments.
Two different formulations were developed based on FS-IRS and FF-IRS. An optimiza-
tion framework based on AO and SCA was studied and demonstrated robustness with
fast convergence. Numerical results confirmed the inefficiency of linear-based model
and highlighted the fact that even FF-IRS-aided WPT can outperform conventional
WPT designs with IRS passive beamforming gain. Furthermore, FS-IRS acted as

a canonical upper bound for the broadband system while FF-IRS was suitable for
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Figure 3.19: Average weighted sum i4. versus N for M =1, 2,3, L=20 and K =3.

narrowband transmission. Moreover, for WPT system, the assistance of IRS not only
expanded the operation range for SU conditions but also enlarged the output DC
region in MU scenarios. In addition, this AO framework can be directly extended to
the multi-antenna scenarios to explore the transmit beamforming gain. Last but not
least, a near-optimal result can be achieved by leveraging low-resolution discrete-phase

IRS for both SU and MU scenarios.
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Chapter 4

A Novel Multi-agent
DQN-based Beamforming
Design for Massive MIMO

Wireless Communication Networks

This chapter is concerned with the design of a multi-agent DRL framework for mas-
sive MIMO with imperfect CSIT, where the transmit and receive beamforming are
jointly selected to maximize the average information rate of all users. Leveraging this
DRL-based framework, interference management is explored and three DRL-based
schemes, namely the DDRL scheme, PDRL, and CDRL scheme, are proposed and
analyzed. This work 1) highlights the fact that the DRL-based strategies outper-
form the random action-chosen strategy and the delay-sensitive strategy named as
sample-and-hold (SAH) approach, and achieved over 90% of the information rate of
two selected benchmarks with lower complexity: the zero-forcing channel-inversion
(ZF-CI) with perfect CSIT and the Greedy Beam Selection strategy, 2) demonstrates

the inherent robustness of the proposed designs in the presence of channel aging. 3)
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conducts detailed convergence and scalability analysis on the proposed framework.

4.1 Introduction

Due to the increasing demand for data and connectivity in 5G [2] 6G [119], multi-
antenna technologies have attracted great attention in academia and industry. The
research on multi-antenna techniques has promoted the development of MIMO tech-
nology. MIMO nowadays plays an indispensable role in the physical layer, media access
control (MAC) layer, and network layer in wireless communications and network-
ing [120]. At the physical layer, multi-antenna beamforming strategies have attracted
great interest due to their ability to achieve considerable antenna gains, multiplexing
gains, and diversity gains [4,121], and gradually evolved into a massive MIMO system,
in which the number of antennas at the BS reaches tens or even hundreds, serving
a larger number of users. To enable a high throughput in the massive MIMO system,
the BS relies on the huge demand for global and instantaneous CSI based on efficient
channel estimation techniques [81,82]. Nevertheless, the ground/air/space platforms
such as high-speed trains/UAV /satellites have a common characteristic of 3D mo-
bility which leads to a stringent time constraint on CSI acquisition and even causes
misalignment of narrow beams. Therefore, in future communication systems, how
to maintain good connectivity and system capacity without perfect CSIT is regarded

as an important problem that yearns for prompt solutions.

Motivated by the benefits of DRL, in this chapter, we study the joint transmit precoder
and receive combiner design in massive MIMO downlink transmission with channel

aging. The contributions of this work are summarized as follows.

e We construct an efficient multi-agent DRL-based framework for massive MIMO

downlink transmission!, in light of which three DRL-based algorithms were

IThe terminology massive MIMO in this work implies multiple receive antennas.
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derived based on stream-level, user-level, and system-level agent modeling. This
is the first work showing that the DRL-based framework can be used to address
very high-dimension optimization problems and demonstrates 1) robustness
on the degrading effect of channel aging, 2) stringent interference management

especially the inter-stream interference and multi-user interference.

To address the challenge of high-dimensional antenna beamforming problems,
by utilizing the DRL-based framework, three DRL-based schemes, namely
distributed-learning-distributed-processing DRL-based scheme (DDRL), partial-
distributed-learning-distributed-processing DRL-based scheme (PDRL), and
central-learning-distributed-processing DRL-based scheme (CDRL), are pro-
posed, analyzed, and evaluated. For DDRL, each stream is modeled as an agent.
All the agents save their experiences in a private experience pool for later training.
In contrast, in CDRL, the whole system is modeled as a central agent. What’s
more, to bridge DDRL and CDRL, we demonstrate another algorithm, i.e., PDRL
which offers a more flexible design by modeling each user as an agent to balance the
performance and complexity. Note that the DDRL and CDRL are different from
those in [18,19] since we are tackling the problem with 1) receive beamforming
with multiple receive antennas, 2) transmit beamforming with imperfect CSIT,
3) multiple streams for each user, and 4) a large number of transmit antennas

at BS compared with SISO in [18] and 4-antenna MISO in [19, 25], respectively.

Leveraging the DRL-based framework mentioned above, the precoders at BS
and combiners at users are jointly designed by gradually maximizing the average
information rate through the observed reward. In particular, the BS decides the
transmit precoder and receive combiner for each stream with imperfect CSIT and
perfect CSIR. The merits of this design are shown through extensive simulations
by benchmarking our schemes against the conventional, sample-and-hold (SAH)

approach [99], zero-forcing channel-inversion (ZF-CI) strategy [121], greedy
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beam selection and random action-chosen scheme.

e We demonstrate the advantages of DRL-based strategies over the benchmarks
above. In particular, the proposed algorithms show 1) fast convergence to
efficient beamforming policy, 2) the robustness on tracing the channel dynamic
against channel uncertainty due to channel aging, and 3) lower complexity
compared with traditional beamforming strategy. All of these properties are

essential applications of the proposed techniques in practical wireless networks.

e By numerical results, we show that our proposed DRL-based schemes outperform
the SAH approach and random action-chosen scheme. In particular, DDRL can
achieve nearly 90% of the performance of the state-of-the-art ZF-CI method with
perfect CSI (ZF-CI PCSI) and 95% of the performance of the Greedy Beam Selec-
tion method but incurs more hardware complexity and more uplink overhead in
an FDD setup. By increasing the resolution of the codebook and hyper-parameter

tuning on the reward function, the performance can be further improved.

4.2 System Model

Consider the MIMO broadcast channel (BC) with one M-antenna BS and K N-
antenna users indexed by K={1,...,K} [67] . The BS aims to deliver M, streams in
the time instant of interest. For simplicity, a number of K N, streams are transmitted
simultaneously from the M antennas of the BS. Each group of N, streams indexed by
neN={1,...,N} is targeted at one of the K users. Note that we consider a setting
where M > K N, to ensure the spatial multiplexing gain. The transmit power P is
uniformly allocated to all K N, streams®. We assume that the BS and all users operate

in the same time-frequency resource and are synchronized. The transmitted signal,

2To the authors’ best knowledge, there is no paper addressing the power allocation problem
with imperfect channel state information. This problem is not in the scope of this thesis but can
be considered in the future research
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i.e., the precoded data vector, at time slot ¢ can be written as

KN, Zzpkn St (4.1)

where sy ,,Vk € KC,Vn € N, is the encoded message from message Wy, ,, with zero mean
and &(|sg.n]?) =1, and precoder px,(t) € CM*! is subject to ||prn(t)||*> =1. The

received signal at user k can be expressed as

Yi(t) =/ 7 Hr () 0y Pron (851 (1)) 7 Hie ()X o oy Doy Py ()7 (1) +1 (1)
(4.2)

where the noise vector nj, € CV*! is assumed to follow a complex normal distribution,
i.e., n, €CN(0,021y). At the user side, the combiner vector for each stream is denoted
as Wi, (t) €ECN*1 ] |lwy. ., (1)]|?=1,Yk € K,n €N Then, the achievable rate for user k
and the average user rate at time slot ¢ can be written as

ZGk . R(t) Zf—}f’“(w, (4.3)

where Gy, ,, is the achievable rate of stream n for user £. To indicate the downlink infor-

mation rate in each stream, by adopting the Shannon capacity equation, Gy, ,, is given as

Grn(Wi(t),Pr(t))) =log(1+7kn(Wi(t),Pr(?))) (4.4)

where, for consistency with the notation in the following sections, vj ,(Wy(t),Px(t))

denotes the Signal-to-Interference-plus-Noise Ratio (SINR) of stream n for user & as

7| Wit () H (8) Prn (1)
T (8) + Lok (8) +[[Wen (8)]207 (2)

Ve (Wi(t),Pr(t)) = (4.5)

where Wy (t) = [wg1(t), ..., Wi, (t)] denotes the combining matrix and Py(t) =

[Pk1(t),....Pk.N, (t)] denotes the precoding matrix. The inter-stream interference for
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stream n of user k£ and the multi-user interference for stream n of user k£ are shown as

N

P
ln(®)= 3 o WL OO (O (46)
i=1,i#n s
and
= Z Hy, (4)p;i(1) [, (4.7)
JEK,j#ki=1
respectively.

4.2.1 Channel Model

We assume an extended Saleh-Valenzuela geometric model [122]. The channel between

BS and user k is modeled as a L-path channel as is shown below

(1= S a0 ueat)vE (1) (4.

where 7, denotes the large-scale fading coefficient and complex gain oy (Vk € IC,Vi €

{1,2,...,L}) is assumed to remain the same at each time slot and varies between

adjacent time slots according to the first-order Gaussian-Markov process

Oék7l(t)=p06k7l(t—1)+ 1—p26k,l(t) (49)

where ey (t) «~ CN(0,1) and p is the time correlation coefficient obeying Jakes’
model [123].
=J,(27 faAscosh) (4.10)

where fyq and A; denote the Doppler Frequency and the channel instantiation interval,
respectively, and .J; denotes the first kind 0" Bessel function. Since the users are

assumed to move forward to the BS or away, i.e., # =0 and maximum Doppler frequency
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fI'* is achieved which is written as
p=Jo(2m [ Ay). (4.11)

In the typical case of a ULA where the antennas are deployed at both ends of the
transmission, the array steering vectors u; and vy ; corresponding to the angle of

arrival (AoA) ¢4 1, and the angle of departure (AoD) ¢p ; in the azimuth are written as

W= [178j277%cos¢A7k717“.7€j27r%(N71)cos¢A7krl]T (4.12)

2l

and

1 o d o d (1)
27w < cos 21 < (M —1)cos T
Vi = ——=|1,e72" 500Dkt i2m 5 (M—1)cosép, T (4.13)

VM
respectively, where A is the wavelength of the signal and d denotes the inter-antenna
space, which is usually set as d = \/2, ¢a 1 ~U(Oa k1 — %A,@AM + %A) and ¢p
U(Op i — 2 0p ey +22) with {0a s, Op g} referring to the elevation angles and {4,

dp} denoting the angular spread for arrival and departure, respectively [124].

4.2.2 Problem Formulation

As described above, the system performance heavily relies on precoding and combining
vectors design. However, there is an inevitable feedback delay between the time point
when the user estimates the channel and the BS starts transmitting data with the
estimated channel fed back by the users. As can be seen in Section 4.2.1, such delay
becomes quite problematic in high mobility scenarios since the channel changes fast
and the correlation coefficient p decreases dramatically. Therefore, it is necessary to
develop strategies that are robust to feedback delay and user mobility, which, in this

work, is interpreted as maximizing the sum-rate of K users based on the knowledge
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of past channels. The problem can be formulated as follows

K N

W, (%alg 0 ;;Gk,n(wk(t)vpk(t)) (4.14a)

[wien (B2 =1k, (4140)
F(H(t")), Vk until ¢’ =¢—1 are available, (4.14d)

where F(Hy(t')) is a function of Hy(¢') which is listed in Section 4.3. Problem (4.14)
aims at optimizing the precoder and combiner to maximize the sum-rate for served
users subject to constraints (4.14b)- (4.14d), which is a non-convex problem?.To solve
this problem, one traditional method using ZF-CI is illustrated in Section 2.3.8 and

three efficient DRL-based strategies are proposed in Section 4.3.

4.3 Multi-agent DRL-based Discrete Beamform-
ing Optimization
To build up the foundation for the proposed DRL-based designs, an overview of DQN

is illustrated first, followed by the description of the state, action, reward function,

and three multi-agent DRL-based algorithms for the problem (4.14).

4.3.1 A Brief Overview of DQN

As illustrated in Fig. 4.1, model-free Q-learning algorithms are demonstrated to

continuously improve the policy through interactions with the environment. To be

3Note that this problem can be solved with different traditional methods such as ZF, WMMSE,
and Fractional programming [4]. This thesis proposed a another method using multi-agent
reinforcement learning.
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Figure 4.1: Markov decision process of Q-learning.

specific, the state-action value (called Q-value) is denoted as an expected reward of
(s,a) by policy
Qr(sp,a1) =Er(Ry|si=s,a,=aq) (4.15)

where the expectation is calculated over all the possible (s,a) pairs given by policy

m, which can be iteratively computed from the Bellman equation

Qr(s1,00) =RA(reqa|se = s, =a) +

(4.16)
ZS,ES <P(8t+1 =5 ,s1=5,a0;= a)maxa/eA Qw(slﬂl))

where P(s;41=5,8; = s,a;, = a) denotes the transition probability from state s to s" after
taking action a. The optimal policy returns the maximum expected cumulative reward
at each s, i.e., " =argmax, Q" (s,a). Then the Q-value function can be represented as

Q- (51,a1) =111 (st =85,0,=a,T=7") (4.17)

+7YvesP(si1 =581 =s,as =a)maxyec 4 Qr=(s,0').

In classical Q-learning, a Q-value table ¢(s,a), named as Q-table, is constructed to
represent the Q-value function Q(s,a). This table consists of a discrete set of | S| x |.A]

which is randomly initialized. The agent then takes actions according to an e-greedy
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policy, receives reward r="R(s,a) and transfers to the next state s;41 to complete the

experience e;. The Q-table is updated as
q(se,a0) — (1= ) q(sg,a0) +(resq —l—vmaélqu(stﬂ,a’)) (4.18)

where a €[0,1) is the learning rate. However, it is challenging to directly obtain the
optimal Q,«(s¢,a;) due to the uncertain variation of the dynamic channel environment,
i.e., an unlimited number of states. To address the problems with such an enormous
state space, DQN is utilized here to approximate the Q-value function, which can be
expressed as q(sy,a;,0) with 6 denoting the weights of DQN. The optimal policy 7*
can be represented by a group of weights of the DQN. In addition, two techniques are
exploited to strengthen the stability of DRL: target network and experience replay.
The target network q(s;,a;,0) is another network that is initialized with the same set
of weights of trained DQN. The target DQN is used to generate the target Q-value
which is exploited to formulate the loss function of trained DQN. The weights of target
DQN are updated periodically for every fixed number of slots 7§ by replicating the
weights of trained DQN to stabilize the training of trained DQN. The experience
replay is intrinsically a first-input-first-output (FIFO) queue that stores E,, historical
experiences in each training slot. During training, Ej, experiences are sampled from
the experience pool O to train the trained DQN to minimize the prediction error

between the trained DQN and the target DQN. The loss function is defined as

Lo =5 > ('-d(sad) (119)

(s,a,r,s"yeO

where ' =r+7ymaxyq(s',a’;0), the weights of DQN 8 is updated by adopting a proper

optimizer (e.g. RMSprop, Adam, and SGD). The specific gradient update is

VoL(0)=E;urscol(r —q(s,a;@)Veq(s,a;H)] . (4.20)
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Figure 4.2: The downlink training and uplink feedback of proposed DRL framework.
The detail structure of the distributed-learning-distributed-processing framework
is shown in Fig. 4.4.

4.3.2 The Distributed-learning-distributed-processing DRL-

based Algorithm

In this section, we cast the problem (4.14) as a sequential decision-making process
and tailor three multi-agent DRL algorithms to solve it. The DRIL-based framework
is elaborated first, followed by the derived algorithms. To our best knowledge, this is
the first work tackling the problem with 1) receive beamforming with multiple receive
antennas, 2) transmit beamforming under imperfect CSIT, 3) multiple streams for each
user, and 4) multiple users in a single cell compared with SISO in [18] and MISO in [19]
with perfect CSIT, respectively. In addition, the PDRL is also firstly demonstrated

in this work to bridge DDRL and CDRL to balance the performance and complexity.

Downlink Training and Uplink Feedback

As is shown in Fig. 4.2 and Fig. 4.3, at time slot ¢ — 1, the BS sends downlink
pilots to users, based on which the downlink channels are perfectly estimated. User

k can estimate the designed state information in Section 4.3.2 and feed it back to
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Figure 4.4: The framework of distributed-learning-distributed-processing scheme.

the BS. With feedback from users, the BS can predict the indexes of precoders and
combiners for time slot ¢ and start downlink data transmission depending on the

selected codewords in (4.22).

The Proposed DRL-based Algorithm

To bring this insight to fruition, each stream is modeled as an agent, all the agents
are independent with each other, so totally K N, homogeneous agents in our scheme.

For example, the CSI delay is the same for all the agents. To be intuitive, we adopt
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a distributed-learning-distributed-processing framework as shown in Fig. 4.4* and
demonstrated in Algorithm 5. At the initialization stage, all the K N, pairs of DQNs
are established at the BS. For instance, one pair of DQNs, namely trained DQN
q(Skns@k.n;Ok.n) and target DQN q(Sg.n,0k.n;0k.,) is possessed by agent (k,n). The
input and output of trained DQN q(Sg 1,0k ;0% ) are the local state s; ,, and action
g In terms of the distributed learning procedure for agent (k,n), due to the feedback
delay from users, only outdated CSI information is used to formulate the observations
Sk at the beginning of each time slot. Then, the DRL agent adopts an e-greedy to
balance exploitation and exploration by choosing actions, i.e, the precoder py ,,, and
combiner wy, ,, according to sy, ,, in which the agent executes an action with probability
e randomly, or executes the action ay, = max,q(sg.n,a;0,) with probability 1 —e.
Regarding the distributed learning process, the agent accumulates and stores the
experience ey, = (sk’n,ak,n,rk,n,s;@n) into experience pool and the historical experi-
ences can be utilized to train the DQN with local state-action pairs together with the
corresponding reward. Each agent has a profound view of the relationship between
local state-action pairs and local long-term reward which, in return, leads the whole

system to a distributed-learning-distributed-processing manner.

Actions of the proposed multi-agent DRL approach for massive MIMO

scenario

As described in Section 4.2, we aim to optimize the precoder py, and combiner
Wi, Vk,n. Then, the problem can be addressed by building two codebooks, i.e. &;,S;,
which contain S; and S; beamforming vectors. In the decision-making stage, each

agent chooses one precoder from Sy and one combiner from S,. The action space can

4The distributed-learning-distributed-processing framework is preferred over a central-learning-
central-processing strategy due to the curse of dimensionality problem since the computation
complexity is too high to optimize a neural network with output size ((NK)S‘ ST).
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be represented as

AI{(ct,cr),CtESt,CTESr} (421)

where c; and ¢, denote the codewords of two codebooks and the cardinal number of
action space A is S; x S;. The design of codebooks comes from [125] which is also
applied in [19,25,26], and introduced here as a quantization of beam directions. To

specify each element, we define matrix C, € CM*5¢ as

.ox | Mmod( +ﬂ,St)
exp(]%L stq/T2 J)

VM

Cilp.al= (4.22)

where T is the number of available phase values and C, € CY*% can be obtained by
substituting the M and S; with N and S, accordingly. Each column of C; and C,
corresponds to a specified codeword and the whole matrix forms a beamsteering-based

beamformer codebook.

States of the proposed DRL-based approach for massive MIMO scenarios

With the mobility scenario, the receiver feedback is delayed at time slot ¢, and the
state of agent (k,n) is constructed by the representative feature of observations from
the last two successive time slots t—1 and ¢t —2 without observations from time slot
t. That is to say, at the beginning of time slot t —u, due to the delay of feedback,
the BS is unable to instantaneously obtain the power of the received signal, i.e.,
[wil, () Hy (t)pr,n (t)|* and [wi, () Hg (t—1)pg.n (t)>. However, the historical feedback,
Le., [wil,(t=1)Hg(t—1)prn(t—1)" and |wi (t—1)Hy(t—2)pgn(t—1)|* are usually

available to the BS. Based on this assumption, the state sy, ,,(t) is designed as follows

e The "desired” information of the agent (k,n) which consists of 5 parameters, i.e.,
the channel gain |w, (t—1)Hy(t —1)px.n(t—1)|?, the chosen index of precoder

Uk n(t—1), the chosen index of combiner Vj, ,,(t—1), the achievable rate of stream

113



n for user k, i.e., Gy n(Pr(t —1),Wy(t — 1)), and the interference-plus-noise

Lin(t—1)+ 11 (t—1)+02.

e Interference information of the agent (k,n) which is represented by 8 pa-
rameters, i.e., {Zf\il#n |wil, (t — u)Hy (t — w)ppi(t — )|, ZZN;M#n lwil,(t—
1 — w)H(t — w)pgi(t — 1 — u)]?, Zj;&k 25\51
w23 S Wi (= 1 — w)Hy(t — w)pya(t — 1 — u)Plu € {1,2}}. Tt is

worth noting here that in such a system, the interference information plays a

wil (t — w)Hi(t — w)pyi(t —

key role in the maximization of its own information rate (the rate of stream n

of user k), which, thus, should be included in state space.

e The information of agent (7,4),(j,7) # (k,n),Vj,i consists of of 10(KN — 1)
terms, L.e. {Uj(t—u),V;i(t—u), G (M (t —u), 50 | W (t —u)H; (t—u)p;(t—
w))? 5 W (t—u)H (t—u)pry (t—u) [*|u € {1,2}}. The information of other
agents plays an irreplaceable role for agent k& to minimize the interference it

causes to them, which, thus, should be included in state space.

To sum up, the cardinal number of state space is 10K N,+3. Note that the adopted
design is not guaranteed to be the optimal one but empirically achieves a good per-
formance as demonstrated with evaluation results in Section 4.3. The output size of

the DQN is S =SS, which is equal to the number of available actions.

The reward of the proposed DRL-based approach for the massive MIMO

scenario

In this massive MIMO scenario, if agent (k,n) only tries to maximize the achievable
rate of the stream (k,n) without taking the inter-stream and multi-user interference
into consideration, a large interference will be delivered to other agents. Therefore,
our proposed reward function 74, consists of penalty coefficient A and penalty term

Py (Wi(t),Pr(t)) to quantify the adverse impact each agent causes to other agents.
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The penalty term Py ,(Wy(t),P(t)) is given as

s Wi (OH; (D)p;.: (D)
Pk,n(wk( ) Pk( )) Z] 1]7%21 1 (10g2<1+ KN2+Ik nl(t)"r[cl k(t) )

L |wH i
—Gj,i<wk<t>,Pk<t>>)*Zfl,i¢n<10gg<1+KNS LM Opea Oy oo (W (¢ >,Pk<t>>>

02+1k,n2( )+I02 k(t)

(4.23)
where T, (t), Txny (), Lo, x(t) and I, (t) are given by
N p
fon0)= 3 o WO, (Ope ) (421
i=1,i£l §

Lo () =3 yerc g 2o s W (OB ()Pg.a(6)]* — 75

O, ()Pt

(4.25)
fn()= Y e WL OB (1) (4.26)
h=1,h#i,n s
and
czk Z Z (t)pq,h(t)|27 (427)

€K, q#kh= T K
respectively. Note that P, ,,(Wy(t),P(t)) is always a positive value due to the extrac-
tion of the interference from a specified stream. Then, the achievable rate for stream
(k,n), ie., Geo(Wi(t),Pk(t)), is added into 7, to highlight the contribution of agent

(k,n) to the total information rate. Hence, 7y, at time slot ¢ is given as

Tk,n(t) = ka(Wk (t),Pk(t)) - )\Pk,n (Wk(t)7Pk(t)) (428)

where penalty coefficient \ is used here as a weight parameter to manipulate the
amount of negative effect in the reward function. In regard to the reward function,
the rationale behind such a design is to maximize the achievable rate of improvement
if the interference caused by stream (k,n) is totally eliminated. This design not only
maximizes the achievable rate of stream (k,n), i.e., Gy, but also minimizes the neg-

ative effect it causes to other streams, i.e., P ,. Similar designs are comprehensively
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discussed in [18,19] which also confirm that a well-formulated reward function should

act as a catalyst of the best decisions obtained by multiple agents.

Table 4.1: Comparison Between Strategies

FDD & ZF-CI [80] TDD & ZF-CI [30] FDD & MA-DRL
MN+KN+11(
M N channel coefficients,
KN CSI pilot symbols,

CST Overhead MN+KN and {|w/! (t—1)H(t—1)py,(t—1)],
U )xhclll"l:ca (MN channel coefficients KN sounding pilot symbols Gin(Pr(t—1),Wy(t— l))
I and KN CSI pilot symbols) Lin(t=1)+ 1k (t—1)+0F,

Z;V:‘*L#Q\wﬁ"(tf v—u)Hy(t—u)ppi(t—v—u)[?
s Wi (t—v—u) Hy(t—u)p; i(t—v—u)?,
uef{l2}we{0,1}}
MN+2N
MN CSI pilot symbols 0 (MN channel coefficients and indexes
of precoders and combiner py,, and wy,,)

CSI Overhead
Downlink

Computing Complexity
of Precoding and O((MN)?) O((MN)?) O((10KN+3)L1+L1Ly+LyS)
Combining Matrices

Discussion on the overhead and complexity of the proposed framework

As is shown in Table 4.1, if the BS has to tell the users what combiner to use, then
it can consume additional overhead on the downlink transmission. Fortunately, this
overhead is negligible since only the indexes of combiners are delivered to users. Note
that the precoders are also sent to terminals for the calculation of state information
listed in the table. This reduces the computation burden on the BS for processing

this state information.

In terms of the computational complexity of precoders and combiners in the demon-
strated DRL-based approaches, the designed structure of target/trained DQNs in-
cludes four fully connected layers. Specifically, the input layer consists of 10K Ns+3
neurons, followed by two hidden layers with L; and L, neurons and a specified
activation function. The fourth layer serves as the output layer with S neurons.
We employ two hidden layers in our design, as a two-layer feedforward neural net-
work is sufficient to approximate any nonlinear continuous function based on the
universal approzimation theorem [126]. The computational complexity of fully con-

nected DNN can be written as O((10K Ng+3) L1+ Ly Lo+ LsS) for each agent. This is
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Algorithm 5 DDRL Algorithm

1: Initialize: Establish a trained DQN and target DQN with random weights 6y,
and @y, ,,, respectively, Vk € {1,2,...,K},Vn € {1,2,...,N,}, update the weights of
ékﬂ with ekm.

2: In the first E time slots, agent (k,n) randomly selects an action from action space

A, and stores the corresponding experience (skyn,akyn,rkm,s}cﬁ in its pool, Vk,n.

for each time slot ¢ do
for each agent (k,n) do

Obtain state sy, from the observation of agent (k,n).
Generate a random number w.
If w<e then:
Randomly select an action in action space \A.
Else

10: Choose the action ag, according to the Q-function q(sg .a;0x.),Yk,n

11: End if .

12: Agent (k,n) executes the ay ,, immediately receives the reward 7, and steps
into next state sy, ,Vk,n.

13: Agent (k,n) puts experience (skyn,akyn,rk,n,sﬁm) into experience pool Oy,
randomly samples a minibatch with size Ej,. Then, the weights of trained DQN
0y, are updated using back propagation approach. The weights of target DQN
é;m is updated every T} steps.

14:  end for

15: end for

much smaller than that of ZF-CI scheme due to the fact that ZF-CI involves matrix in-

version which limits the scalability to a large number of transmit and receive antennas.

Remark 7. Note that different from [96] where the mobility estimation and channel
prediction are needed, our work does not predict the channels sequentially. In this
work, we demonstrated a low complezity and efficient DRL-based framework and as
this is the first work proposing DRL-based joint transmit and receiver beamforming for
massive MIMO downlink transmission, we would like to keep the benchmarks as clear
and simple as possible such that researchers can understand the fundamental benefits
of the proposed strategies and carry on their studies in more practical scenarios in
the future. The comparison with mobility estimation and channel prediction methods
(such as VFK and MLP methods in [96]) could be addressed in future research, but

not the scope of this work.
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4.3.3 The Low-complexity Centralized-learning-distributed-

processing DRL-based Algorithm

In this section, we demonstrate an extra algorithm for the problem (4.14) for three
reasons. First, alower computation complexity is achieved in the centralized scheme by
building and training on an extra pair of DQNs instead of distributedly training with
K N, agents. Second, a lower storage space is required with only a central experience
pool during the learning process. Third, by saving and sampling the experiences from all
distributed agents, the central agent can learn the common features from the channels
of all users and intelligently guide the decision-making procedure of all distributed
agents. Things need to be noted that CDRL is trained more efficiently using parameter
sharing, which is based on homogeneous agents. This allows the policy to be trained
with the experiences of all agents simultaneously. However, it still allows different
actions between agents due to the fact that each agent receives different observations.
This algorithm focuses on the decentralized parameter-sharing training scheme since

we found it to be scalable if we continue to increase the number of users and streams.

It is worth noting that we don’t need to design a new state, action, and reward function
in CDRL since all the agents upload their experiences to a central pool for training
the central DQN, and the central training DQN broadcasts its weights to all agents

for later distributed execution.

The whole process is shown in Algorithm 6. At the initialization stage, only one pair
of target and trained DQNs is built for the central agent. For each distributed agent,
one trained DQN is established. In the first several time slots, each agent randomly
selects an action and saves the experiences into the central experience pool. When the
episode begins, the central agent adopts an e-greedy strategy to balance exploitation
and exploration so as to find the optimal policy. After learning from the sample

experiences, the central agent broadcasts the updated weights of the central trained
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Algorithm 6 CDRL Algorithm

1:

11:
12:

13:

14:
15:

16:

Initialize: Establish a central trained DQN and central target DQN with random
weights 6. and @, for the central agent, update the weights of 8, with 8. Establish
a trained DQN with random weight 6y, Vk € {1,2,...,.K},Vn € {1,2,...,N,} for
each distributed agent.

: In the first Ey time slots, agent (k,n) randomly selects an action from action

space A, and stores the experience (S.n,@k n,"kn,S ), Vk,n in the experience pool
of central agent O..

: for each time slot ¢ do

for each agent (k,n) do
Obtain state sy, from the observation of agent (k,n).
Generate a random number w.
If w<e then:
Randomly select an action in action space A.
Else
Choose the action ay, according to the Q-function q(sj.a;0x.),vk,n
End if .
Agent (k,n) executes the ay, ,, immediately receives the reward 7, and steps
into next state sj ,,,Vk,n.
Agent (k,n) puts experience (g n,kn,Tkn,5),,) iNto central experience pool
O..
end for
Central agent randomly samples a minibatch with size Ej. Then, the weights
of central trained DQN 6. are updated using the back propagation approach.
The weights of target DQN 0, is updated every T, steps. Then, central agent
broadcasts the weights 6. to all the distributed agents, i.e., 8y, =0.,Vkn.
end for

DQN to all other distributed agents for decision-making purposes.

4.3.4 Bridging the DDRL and CDRL: Partial-distributed-

learning-distributed-processing Scheme

In contrast with DDRL and CDRL, the partial-distributed-learning-distributed-

processing DRL-based scheme (PDRL) offers a more flexible solution to the problem

(4.14) by modeling each user as an agent. In the extreme case of Ny =1, K > 1,

PDRL boils down to DDRL by simply treating each stream as an agent. In the

other extreme case of K = 1,N; > 1, PDRL boils down to CDRL by forcing one
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central agent to do the training work. Compared with CDRL, PDRL demonstrates

better performance-complexity balance by learning the representative features of the

propagation environment for a specified user which is demonstrated in Fig. 4.12. The

whole algorithm is illustrated in Algorithm 7.

Algorithm 7 PDRL Algorithm

1:

11:
12:

13:

14:
15:

16:

Initialize: Establish K pairs of trained/target DQNs with random weights 6,
and 0, Vk € {1,2,3,..., K} as user-specified agents, update the weights of ), with
random 6. Build experience pool O, Vk. Establish a trained DQN with weight
Oin, VEe{1,2,... K} Vne{l1,2,... N} for each distributed agent.

. In the first E, time slots, agent (k,n) randomly selects an action from action

space A, and stores the experience (S n,@k 1,7k, ) Vk,n in the experience pool
of corresponding user-specified agent Oy.

. for each time slot ¢ do

for each agent (k,n) do
Obtain state sy, from the observation of agent (k,n).
Generate a random number w.
If w<e then:
Randomly select an action in action space A.
Else
Choose the action ay, according to the Q-function q(sj.a;0y.,),vk,n
End if .
Agent (k,n) executes the ay, ,, immediately receives the reward 7y, and steps
into next state sy, ,,,Vk,n.
Agent (k,n) puts experience (g n,knTkn,S),,) iNto central experience pool
Oy
end for
User-specified agent k randomly samples a minibatch with size Ej,. Then, the
weights of its trained DQN 6y, are updated using back propagation approach. The
weights of its target DQN ), is updated every T, steps. Then, the user-specified
agent broadcasts the weights 6 to the corresponding distributed agents, i.e.,
Hkm = Ok ,Vn.
end for

Table 4.2: Comparison Between Algorithms

DDRL CDRL PDRL

Computation Complexity
Each Channel Realization
Number of Agents KN, 1 K
Convergence of
Training

High Middle Low

Fast Slow Slow
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4.4 Simulation Result and Analysis

This section demonstrates the performance of our proposed multi-agent DRL-based
algorithm to maximize the average throughput of all the users. We first illustrate the

simulation setup, followed by the simulation results in different scenarios.

4.4.1 Simulation Setup

We consider a downlink transmission from one BS to multiple users. The BS serves
K =4usersin asingle cell. The maximum transmit power P is fixed to 20 dBm and noise
variance o2 at users is fixed to -114 dBm. The BS is equipped with M = 32 transmit an-
tennas and the users are equipped with N =4 receive antennas unless otherwise stated.
Without loss of generality, the uniform linear array (ULA) is equipped in both trans-
mitter and receiver sides with half-wavelength inter-antenna spacing. The large-scale

channel fading is characterized by the log-distance path-loss model expressed below

d

where d=10 m is the BS-user distance. According to Table III of [127], the value of
L(dp) for dy=1 m is 68 dB and fading coefficient w is 1.7. In terms of the shadowing
model, the log-normal shadowing standard deviation S is set to 1.8 dB. The small-scale
fading channel is generated according to the channel model introduced in Section 4.2.
Regarding the parameters of Jake’s model with user speed 3.55 km/h, the maximum

Doppler frequency fi*** and channel instantiation interval 7; are set as 800 Hz and 1 x

1073 s, respectively [127]. The corresponding correlation coefficient p is 0.6514=2 0.65.

Asisillustrated in Fig. 4.4, the whole framework can be divided into 2 phases, the learn-
ing phase, and the processing phase. Before the learning phase, we randomly generate

channels obeying Jake’s model, randomly choose actions, observe the reward, and accu-
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mulate and store the corresponding experiences into the experience pool with size 1000
for the first 200 time slots, i.e., E,, =1000,F£,=200. In addition, the mini-batch size F
is set as 32. Stepping into the learning stage, for the DNN, the number of neurons in two
hidden layers, i.e, L1, L, are both set as 256, followed by the ReLu activation function.

The initial learning rate «(0) is 5e =% and the decaying rate d.. is 10~* such that the learn-

1
1+dct”

ing rate continues to decay with the number of time slots following a(¢) = av(t —1)*
In terms of optimization, the adaptive moment estimation (Adam) is utilized to pre-
vent the diminishing learning rate problem. To minimize the prediction error between
trained DQN and target DQN, the weights of trained DQN are substituted into target
DQN every 120 time slots, i.e., Ty, =120 with discount factor v and penalty coefficient
A set as 0.1 and 1, respectively. During the processing phase, for e-greedy strategy,
we set the initial exploration coefficient € as 0.7 which decays exponentially to 0.001
to strike a balance between exploration and exploitation during the training process.
Note that the adopted parameters are not guaranteed to be optimal ones, which
experimentally perform well in this setup. In the legend of simulation figures, DDRL
and CDRL come from Algorithm 5 and Algorithm 6, respectively. The value of each

point is a moving average over the previous 500 time slots unless otherwise stated.

To demonstrate the effectiveness of our DRL-based approaches, four benchmark

schemes are evaluated, which are as follows:

e ZF-CI PCSI: Each agent executes the action from the scheme in [67] with

instantaneous and perfect CSI, i.e., Hy(¢),Vk.

e SAH: This approach stores the most recent estimated channel, i.e., Hg(t—1),Vk
and this approach always sends the channel coefficients to the BS, which will be
used for calculating the precoders using ZF-CI. This strategy essentially ignores
the non-negligible delay between the channel estimation and the time point when
the actual DL transmission happens [99]. When p=1, SAH is the same as ZF-CI

PCSI. SAH only captures delay but assumes perfect knowledge of CSI at t—1.
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e Random: Each agent randomly chooses actions. The performance serves as a

lower bound in the simulation.

e Greedy Beam Selection (GBS): Each agent exhaustively selects an action in a
greedy manner, the actions with the highest sum information rate are chosen
as the solution for each channel realization. The benchmark serves as the upper
bound for DRL-based strategies. Note that the size of the beam selection set
increases exponentially with the size of the codebooks ((NK)**"). For instance,
when K =4,N =1,5; = 32,5, =4, the total number of action combination is
432 which is quite large considering the hardware constraint. Thus, we consider

(8,1) in this benchmark.

4.4.2 DDRL vs CDRL

Fig. 4.5 depicts the average achievable information rate versus the number of time
slots with different numbers of transmit and receive beamformer codebook size (.S, S;).
A first observation is that the performance gaps between two DRL-based schemes
and SAH are gradually increased with the number of S; and S, and DDRL roughly
observes a gain of 380% over SAH when S; =32 and S, =4. The reason behind such
a phenomenon is that, in DRL-based strategies, better interference management can
be achieved by higher resolution in the codebook which significantly reduces the quan-
tization error and effectively alleviates the interference from other streams. A second
observation is that DDRL can achieve nearly 90% of the system capacity of the ZF-CI
PCSI and 95% of the Beam Selection strategy, utilizing only a few pieces of information
in the designed features from itself and other users. An interpretation is that the lack
of instantaneous CSI and imperfect codebook design degrade the system performance
and this 10% and 5% gap cannot be fully eliminated. A third observation is that DDRL
(32,8) only demonstrates slightly better performance than DDRL (32,4) and DDRL

(16,4) which shows of robustness on codebook size. A fourth observation is that the
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Figure 4.5: Average information rate versus the number of time slots with different
codebook sizes (St,5;).

CDRL always demonstrates instability before convergence. An explanation is that the
huge differences between the dynamic environment of different users make it extremely
difficult to find the commonality among them. Then, each agent could be misled by the
experiences of other agents, which, thus, results in fluctuations before convergence and
degradation in system performance. Conversely, in DDRL, each agent selects a specific
precoder and combiner for its intended stream which is relevant to its propagation en-
vironment and is considerably different among streams. This local adaptability greatly
improves the performance of DDRL. After comprehensive considerations among com-
putation complexity, system performance, and convergence speed, (32,4) is chosen as a
codebook baseline in the simulations of both DRL-based schemes. Compared with the
Greedy Beam Selection method, the DRL-based strategies reveal extremely lower com-

plexity on large action space but achieve roughly 95% of Greedy Beam Selection perfor-
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Figure 4.6: Average achievable information rate versus the number of time slots with
different correlation coeflicients.

mance.4.3. Hence, CDRL is not suitable for practical systems where a large codebook

is not available while DDRL demonstrates more robustness regarding codebook size

but requires much more amount of memory and computing resources for training. We

implemented the demonstrated algorithms with TensorFlow in a general computer, i.e.,

i7-8700 CPU, 3.20 GHz. The running time for different algorithms is listed in Table. 4.3.

Table 4.3: Running Time For Each Network Topology

DDRL (32, 4)

ZF PCSI

SAH

Beam Selection (8, 1)

Random Selection

Time

0.2s

0.8s

0.8s

10s

0.1s

Table 4.4: Total Execution Time For Each Channel Realization With Different
(K,M,N,N) In DDRL(e=0)

(1,32, 4, 1)

(1,32, 4,2)

(2,32,4, 1)

(4,32, 4, 1)

(4,32, 4,2)

Time

0.000992s

0.001993s

0.001996s

0.003786s

0.007270s

Fig. 4.6 exhibits the average achievable information rate versus the number of time
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Figure 4.7: Average information rate versus number of time slots with users
rescheduling at 5e4th, 1e5th and 15e4th time slot.

slots with different values of correlation coefficient p. The DDRL scheme with p=0.65
and p=0.1 can exceed the benchmark SAH with approximately 380% and 500%,
respectively. This result greatly embodies the superiority of our DRL-based framework
over the traditional massive MIMO optimizing scheme in mobility scenarios since a 20%
performance degradation is caused by the fast-changing channels in SAH. In addition,
it can be observed that DDRL with p=0.1 demonstrates a slightly lower performance
than p=0.65 which is also shown in CDRL. An explanation is that the DDRL scheme is
not sensitive to the dynamic and fast-changing wireless environment but CDRL needs
more time steps to learn the representative features of the rapid-changing environment
in high mobility scenarios, which results in a lower convergence. Note that the DRL-
based methods have certain adaptability to environmental changes in user speed which

can be interpreted as robustness on max Doppler frequency. Even though the correla-
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Figure 4.8: Average information rate versus number of time slots with different
number of users K.

tion between adjacent channels is very small, the DRL-based frameworks still benefit

from the exploration-exploitation strategy. Similar results are also observed in [26].

In Fig. 4.7, we assume that the users’ rescheduling happens at the 50000th, 100000th,
and 150000th-time slots. Instead of re-initializing the weights of all the DQNs in each
agent, all of them continue the training process based on the designed information from
newly scheduled users. First, a much higher start point and a comparable convergence
time can be achieved in DDRL without witnessing a great performance collapse
compared with the ZF-CI PCSI scheme. This can be interpreted by the fact that each
agent tries to find the common features between the first scheduled and reschedule users
which naturally makes a better decision based on these features and exhibits the ability
for maintaining connectivity against user rescheduling in mobile networks. Second,

with more rescheduling happening, a higher information rate and a faster convergence
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can be observed in CDRL. An interpretation is that the common features learned from
the previously scheduled users boost the training in rescheduling. After learning and
'storing’ more and more feature information into the weights of DQN, the central agent
demonstrates universality to the channel uncertainty of rescheduled users and the
neural network weights extracted from the previously trained DQN is a good candidate
for the weight initialization of the current trained DQN in both schemes. However, if
rescheduling happened frequently, the proposed DRL-based schemes can not converge
to a set of good parameters if rescheduling happens before 25000-time slots but a

jump-start happens when we implement a group of trained DQN to new users.

Fig. 4.8 investigates the average achievable information rate versus the number of
time slots with K =4 and 6, respectively. As opposed to the decrease of average
user rate, the total cell throughput improves which suggests that both DRL-based
approaches can benefit from multi-user diversity provided by time-varying channels
across different users. In addition, although an 11.7% performance degradation can
be observed in CDRL which is smaller than 19.8% in DDRL, CDRL achieves a much
smaller performance gain over SAH in comparison to DDRL when K = 6. This

suggests that DDRL is more robust in multi-user scenarios than CDRL.

To sum up in a nutshell, on the one hand, CDRL and DDRL are not equally suitable
for massive MIMO systems with channel aging, namely, CDRL is less computationally
complex but demonstrates instability and incurs performance loss. In contrast, DDRL
offers a promising gain over CDRL by favoring an adaptive decision-making process
and facilitating cooperation among all agents to mitigate interference but incurs a
higher hardware complexity. Also, DDRL is more robust on rescheduling than CDRL
considering the convergence speed and stability. On the other hand, both schemes
demonstrate robustness on fading characteristics of the environment and changes on

interference conditions.
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Figure 4.9: Average information rate versus the number of time slots with different
number of transmit antennas M when N=1,N,=1,K=1.

4.4.3 Multi-antenna and Multi-stream

Fig. 4.9 illustrates the DRL-based scheme with 6 different numbers of transmit anten-
nas M when N=1,N,=1,K =1. Without any penalty, i.e., inter-stream interference
and multi-user interference, a near-optimal result can be observed by leveraging the pro-
posed state, action, and reward design in an interference-free scenario with a stable in-
crease of information rate, which thereby validates the effectiveness of the codebook de-
sign in Section 4.3. The convergence time is proportional to M which limits its scalabil-
ity. Intuitively, the reason for this effect on the convergence time is that it takes a longer
time to learn the representative feature of high-dimension CSIT in sequential states. In
contrast with Fig. 4.9, a serious multi-user and inter-stream interference is managed in
Fig. 4.10 when N=4,N,=2 K =4. It can be observed that the transmit diversity and

array gain cannot be fully achieved in the proposed DRL-based scheme if the rich inter-
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Figure 4.10: Average information rate versus number of time slots with different
number of transmit antennas M when N=4,N,=2, K =4.

ference is not properly suppressed due to the constraint of codebook precision and CSIT
imperfections. Hence, the drawback of using DRL-based methods is that inter-stream
interference can not be sufficiently alleviated if each agent fails to choose an action

that causes small interference to all other agents during exploration and exploitation.

Fig. 4.11 characterizes the average achievable information rate versus the number of
time slots with different numbers of streams for each user. First, DDRL has signif-
icantly higher performance compared to the conventional SAH scheme in different
numbers of streams. Second, a 15.7% performance degradation can be observed from
the DRL-based scheme between 1-stream and 2-stream scenarios which is smaller
than that in SAH (around 28% between black and blue dotted lines). This reveals

the privilege of the DDRL in inter-stream interference management.
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Figure 4.11: Average information rate versus the number of time slots with different
number of streams N.

An overview of the average information rate versus number of time slots with three
DRL-based algorithms is demonstrated in Fig. 4.12. Compared with DDRL and
PDRL, a performance collapse is observed in CDRL due to the degrading effect of
inter-stream interference. By flexibly modeling each user as an agent, PDRL greatly
mitigates the inter-stream interference by learning the local observations from the

user’s propagation channel.

4.4.4 Reward, Penalty Analysis and Statistical Test

To reveal the significance of the neural network size (Li,Ls), the learning rate a and
the discount factor v, Fig. 4.13 shows the sum reward versus the number of time slots

with different (Ly,L2), @ and . The first observation is that a faster convergence is
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Figure 4.12: Average information rate versus number of time slots with different
DRL-based schemes.

observed with larger «, this is intuitive since the gradient descent is sped up with a
larger value of loss function. The second observation is that, compared with (256,
256), a reward degradation appears with (32, 32), which suggests that increasing the
DNN size demonstrates a stronger representation capability of input features and
boosts the performance of the DRL-based scheme. Due to the negligible performance
improvement in (512, 512), (256,256) is chosen as a baseline to maintain a balance

between user connectivity and computational burden.

Fig. 4.14 offers an insight into the impact of different penalty values A. This penalty
term intrinsically represents an adjustment of reward function for each agent. Different
from [18,19], it is demonstrated in Fig. 4.14 that the system capacity is gradually in-
creased with the penalty value from 0.1 to 5. An interpretation is that each agent causes

high interference to other agents while still trying to maximize its information rate. Due
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Figure 4.13: Sum reward versus the number of time slots with different number of
users K.

to the uncertainty of the dynamic environment, the lack of perfect CSI introduces unpre-
dictable interference for all the agents and an increase of penalty value can make a rem-
edy for this by choosing an action that minimizes the interference to other agents instead
of maximizing the received power of itself. This result also indicates that the decision-

making process of all the agents is robust in unexpected high-interference scenarios.

The cumulative distribution function (CDF) over different DRL-based methods and
benchmarks have been plotted in Fig. 4.15. It can be seen that the CDF curves
confirm the discussion of the superiority of DDRL over other schemes. Also, the
performance of DDRL is significantly limited by the codebook resolution which is

confirmed in Fig. 4.16 where we show the boxplot of different methods.
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4.5 Summary

In this chapter, we studied the beamforming optimization for massive MIMO downlink
transmission with channel aging. An optimization framework in light of DRL was
studied and three DRIL-based algorithms were derived based on stream-level, user-level,
and system-level agent modeling. Specifically, the transmit precoder at BS and receive
combiner at user terminals were jointly optimized to maximize the average information
rate. Furthermore, we analyzed the performance loss of DRL-based approaches as
compared to the ideal case with continuous beamforming with different numbers of
codebook sizes, users, antennas, streams, and user speeds. Interestingly, it was shown
that even using a designed codebook in DDRL is still able to achieve 95% and 90% as in

the case with GBS and ZF-CI, respectively. Simulation results showed that significant
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Figure 4.15: CDF of the average information rate over different DRL-based methods
and benchmarks.

robustness on user mobility can be achieved by using some received power values of
imperfect CSIT at the expense of more uplink overhead. Also, the convergence speed
and scalability of the proposed algorithms are discussed. The convergence speed is
linearly increased with the number of transmit antennas and performance degradation
in the multiuser case is non-negligible due to the severe interference. In addition,
CDRL consumes less computation complexity but demonstrates instability and incurs
performance loss. In contrast, DDRL offers a promising gain over CDRL by favoring
an adaptive decision-making process and facilitating cooperation among all agents
to mitigate interference but incurs a higher hardware complexity and non-stationarity.
Finally, the reward, penalty analysis, and statistical test confirm the fact that the per-

formance of the proposed algorithms is greatly limited by the resolution of codebooks.
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Chapter 5

A Novel Multi-agent
DDPG-based Beamforming
Design for Massive MIMO

Wireless Communication Networks

This chapter introduces a general DDPG-assisted massive MIMO architecture. To
design appropriate beamforming, we investigate the DDPG-based beamfoming design
which jointly optimize the transmit precoder and receive combiner to maximize the sum
rate of all users subject to power constraint. The superiority of DDPG-based framework
is verified through simulation results in different scenarios. DDPG is demonstrated
to be a powerful reinforcement learning tool for beamforming, and provides a better

convergence speed and rate performance compared with that in Chapter 4.

137



5.1 Introduction

As is shown in Fig. 4.10 in Chapter 4, the proposed algorithm is greatly limited
by the resolution of the codebooks. An interpretation is that the codebook-based
strategies suffer from large quantization error and the rich interference is not properly
suppressed due to the constraint of codebook precision and CSIT imperfections. Also,
for the DQN method, there are some hurdles for the application. The amount of
computation rapidly increases as the number of actions or states increases due to the
burden of Q-value calculation. Besides, it can only deal with discrete actions, not with
continuous ones. In value-based methods such as DQN, values must be discretized to
the handle continuous action, but this method has some limitations. When the action
space is discretized, the action space increases exponentially, making learning almost
impossible, and since the optimal action can also be removed in the discretization

process, it is difficult to find the desired action.

Inspired by Fig. 4.5, the discussion on the codebook size’s effect on the optimality
of results and convergence rate presents an opportunity to explore potentially more
robust solutions, possible through approaches with continuous action spaces. The
research on multi-antenna beamforming with continuous action space is still in the
early stage [23,128-130]. On the one hand, [128-130] are based on perfect CSIT which
is usually not available. On the other hand, the simulation scenarios are simple, e.g.,

the number of transmit antennas is 4 in [128,130] and 8 in [23].

Motivated by the issues above, we study the joint transmit precoder and receive
combiner design in massive MIMO downlink transmission with channel aging using

DDPG. The contributions of this work are summarized as follows

e We construct an efficient multi-agent DDPG-based framework for massive MIMO
downlink transmission with channel aging. Compared with the strategies in

Chapter 4, this work shows that the DDPG-based framework demonstrates 1)

138



better interference management especially multi-user interference for a large
number of transmit antennas, 2) faster convergence, 3) lower uplink overhead, and

4) comparable computation complexity due to the simplicity of the state space.

Leveraging the DDPG-based framework mentioned above, the precoders and
combiners are jointly optimized with new state, action, and reward functions.
The benefits of this design are shown through simulations by benchmarking the
DDRL and ZF-CI PCSI in Chapter 4.

To have a fair comparison, we study the pros and cons of DDPG-based strategy
over the benchmarks above, especially the DDRL benchmark. The proposed
algorithm 1) overcomes the hurdles of Q-value calculation in DDRL, 2) gets rid
of precoder/combiner selection which greatly increases the rate performance
in the scenarios of large number of transmit antennas. 3) suffers from harder

parameter tuning and unstable training.

5.2 Multi-agent DRL-based Continuous Beamform-

ing Optimization

In this Chapter, in order to have a fair comparison, we are still using the same system

models in Chapter 4 to demonstrate the superiority of DDPG-based method over

DQN-based method. To build up the foundation for the proposed DRL-based designs,

an overview of DDPG is illustrated first, followed by the description of the state,

action, reward function and multi-agent DRL-based algorithms for the problem (4.14).
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5.2.1 A Brief Overview of DDPG

DDPG is a model-free actor-critic learning method [107]. Different from DQN, there
are two groups of networks, i.e, the actor network and the critic network. The trained

critic network and the trained actor network can be expressed as:

Qc(St,at):gw(Rt’5t237at:a)7 (5~1)

pa(s) =Ex(Rulsi=s), (5:2)

where the definition of R, s and a can be found in Chapter 2.5.2. In addition, time
delayed copy of the trained critic Q.(s;,a¢|0.) and the trained actor network fi,(s¢|6,)
are defined as Q’,(s¢,a¢|0) and gl (s¢|04) , respectively. Those networks are also called

target critic network and target actor network, respectively.

Critic and Actor Networks

The main objective of critic network is to evaluate how good a policy is. The input of
the critic network are the current environment state and actions generated by the actor
network, and outputs the Q-function based on the DDPG. The activation function

is set as relu for faster convergence. The update of training critic network is

O =0 —a.Ng, L(6,) (5.3)

L(ec) = (Tt+BQ(ec"St+lﬂa/) _q(ec‘stvat))Q (54)

where o, and a’ denote the learning rate and the action coming from the target actor
network respectively. Ay, L(6.) represents the gradient of training network. The 6, and
0. represent the policy parameters of training and the target critic networks respectively.

The ¢(-) is the approximation of Q-function, usually using deep neural networks.
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The function of the actor network is to learn the current environment based on the
proposed DDPG algorithm and output the actions to the critic network. The update

of the training actor network based on the DDPG policy can be written as

0 = 0! — 0, Mg (0|5 0) g, 7(0,]") (5:5)

where o, is the learning rate of actor network, and 7(6,|s") denotes the training actor
policy at state s. The output of the actor network is the action, which is usually a
continuous value. Since we do not have e-greedy or other action selection strategies
in DDPG, that’s why we have the concept of ”deterministic” in this algorithm. The
gradient of target critic network is denoted by A,q(6.|s',a) with the parameter of 6.,
while Ay, 7(6,|s") denotes the gradient of training actor network with the parameter
of f,. From above the equation, the gradients of target critic network and training
actor network both have impact on the updating of training actor network, which also
make sure that the actor-critic networks is in right direction to converge for learning

the continuous-valued spaces.

Finally, the target actor and critic network can be updated using soft-update manner

by the following equations,

O To0,+(1—7,)0, (5.6)

0 (—Tcech(l—TC)ecl (57)

where the updating rate of the target actor and critic network is denoted by 7, and
Te, respectively. Softly updating the weights can enable a stable and smooth learning
process. Note that our proposed DDPG architecture in Fig. 5.1 is different from
traditional structure in [107] in several aspects. First, we do not add any noise to
the generated action because we find that it is quite hard to control the generated

beamformer when the number of transmit antennas becomes massive. Second, we
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Figure 5.1: Proposed DDPG structure including the critic neural network and the
actor neural network.

add a batch normalization layer for better convergence and faster training [131].

5.2.2 Proposed DRL Algorithm

In this section, we propose a multi-agent DDPG-based algorithms to solve it. The
DDPG-based framework is discussed first, followed by the corresponding algorithm.
To our best knowledge, this is the first work using DRL-based algorithm for continuous
beamforming for massive MIMO ! with 1) receive beamforming with multiple receive
antennas, 2) multiple streams for each user 3) large number of transmit antennas with

imperfect CSIT.

Each stream is modeled as an agent. At the initialization stage, all K N, pairs of actor

and critic networks are established at the BS. For instance, one pair of actor networks,

IThere is no current standard for the least number of transmit antennas for massive MIMO. Our
simulation is up to 512 transmit antennas, we believe it is a good number for massive MIMO.
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namely trained actor network q(0.n|skn) and target actor network q(6us kn|Skn),
and another pair of critic networks, trained critic network ¢(6..x |5k n,ax.n) and target
critic network q(0e g n|Skn,akn) are possessed by agent (k,n). Note that the input of
actor network is only the state but the input of the critic network is the combination of
state and action generated from actor networks. s, and ay,, are local state and local
action, respectively. Similar to that in Chapter 4, only imperfect CSIT information is
used to formulate the observations s, at the beginning of each time slot. Then, the
DDPG agent adopts a deterministic strategy to generate the action ay , =m(6,|5k) to
enhance the exploitation by determining actions, i.e., the precoder py, and combiner
Wy.n. Regarding the distributed learning process, the agent accumulates and stores the
experience ey, , = (sk’n,ak,n,rk’n,sjw) into experience pool and the historical experiences
can be utilized to train the DDPG agent with local state-action pairs together with
the corresponding reward. Each agent has a partial view of the whole system which

naturally leads to a distributed-learning-distributed-processing manner.

Actions of the Proposed Multi-agent DDPG approach for massive MIMO

scenarios

Different from the codebook-based method in Chapter 4, we aim to optimize the beam
directions. To enhance the understanding of beam direction, the beam patterns when
S;=2,4,8 are shown in Figs. 5.2 for S;=1,2.4,8, respectively. As can be seen, the BS
can determine its beamformer by selecting one from the codebook with a specified
beam direction independently. For instance, when S; =4, we can choose the direction
with phases 0,7/3,7/2,2/3m,m,4/3m,3/2m,5/3m. In DDPG-based strategy, the trained

actor network generates continuous beam phases as is shown in Fig. 5.3.

However, there are some hurdles for the strategy. The amount of computation rapidly
increases as the number of beamformers increases due to the burden of Q-value cal-

culation. Besides, it can only deal with discrete phases, not with continuous phases.
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Figure 5.2: Set of beam directions with discrete phases when S;=1,2,4,8.

Inspired by the observation above, instead of optimizing the index of the beamformer
in the codebook, we optimize the phases in a continuous manner. Simulation re-
sults confirm that the information rate is greatly improved with continuous phase

optimization. The action space can be represented as

A=1{(6:,6,).6:.0, €[0.2x]} (5.8)

where 6;, and 6, denote the phases of the transmit precoder and receive combiner,

respectively.
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Figure 5.3: Set of beam directions with continuous phases.

States of the Proposed Approach

The state of agent (k,n) is constructed by the representative feature of local obser-
vations. Different from that in Chapter 4, we find that the features from time slot
t—2 don’t contribute too much to the current reward function. An interpretation is
that in Chapter 4, the features from time slot t—2 are used to learn the correlation
coefficients p. However, the proposed DRL-based methods are robust to user mobility
and naturally demonstrate robustness to p. Hence, we simplified the state information

which experimentally performs well. The state sy, ,(t) is defined as follows

e The local information of the agent (k,n), which has 5 parameters, i.e., the
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channel gain [wy, (t — 1)H(t — 1)pgn(t — 1)|?, the beam phase of precoder
O; n(t — 1), the beam phase of combiner 6, ,(t — 1), the achievable rate of
stream n for user k, i.e., Gi,(Pr(t—1),Wy(t—1)), and the interference-plus-

noise I, (t—1)+ I, (t—1)+07.

e Interference information of the agent (k,n) which is represented by 2 parameters,

. N N
l.e., {Zi:u;én |WkH,n(t — DHi(t = 1)pp(t — 1)‘272#1@ >ict

1)p;i(t—1)|?}. It is worth noting here that in such a system, the interference

me(t —1)H(t -

information plays a key role in the maximization of its own information rate

(the rate of stream n of user k), which, thus, should be considered in state space.

e The information of agent (j,1),(j,i) # (k,n),Vj,i consists of of 5(KN — 1)
terms, le7{9t’]’2(t—1)797’]ﬂ(t—1),GJ’Z(M](t—1),N7F;(|WfZ(t—I)Hj(t—l)pj’z(t—
D)2, s Wi (t—1)H;(t—1)pkn(t—1)[*}. The information of other agents plays

an irreplaceable role for agent k£ to minimize the interference it causes to them,

which, thus, should be involved in state space.

To sum up, the cardinal number of state space is 5K N,+2 which is greatly reduced
compared with that in Chapter 4. Note that the adopted design is not guaranteed

to be the optimal one but empirically achieves a good performance.

The Reward of the Proposed DRL-based Approach

Recall that in Chapter 4, in order to maximize the achievable rate, the instant rewards
are affected by two main factors: the contributions to the information rate and the
penalty term related to the stream interference. However, during the training in
DDPG-based strategy, an observation is that if the reward of one action is always
positive but not optimal, this action will have a higher possibility of being generated in
the future training process. Then, the whole system converges to a local optimum due

to less exploration. Note that due to e-greedy, this is not a problem for DQN-based
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approaches in Chapter 4. However, it becomes serious in DDPG due to deterministic
action. Hence, for better reward diversity, in this chapter, the reward is set as the
gap between the stream rate and penalty achieved via training in the ¢th and (¢—1)th
time slot and is given as
T () =Gl (Wi(t),Pr(t)) = Grn(Wi(t—1),Py(t—1))+ (5.9)
APen(Wi(t=1),P(t—1)) = APk (Wi (t), Pi(t))
where Gy, ,(Wy(t),P(t)) and APy, (W (t),Pi(t)) are defined in (4.4) and (4.23),
respectively. In this way, if the difference of stream rate and penalty increases after
training, the agent will get a positive reward. Otherwise, the reward is negative.
Thereby, all agent actions will be adjusted in a direction to achieve a positive reward
to achieve the global optimization goal. Simulation results confirm that this form
of reward function contributes to the convergence and performance of the DDPG

algorithm empirically. The algorithm is shown in Algorithm 8.

Table 5.1: Comparison Between DDPG-based and DQN-based Algorithms

FDD & MA-DQN FDD & MA-DDPG
MN+KN+11(
M N channel coefficients,
KN CSI pilot symbols,
and {Jw}’, (1= 1) Hy(t—Dpga(t—1)P,
e Grn(Pi(t=1),Wi(t—1)),
_ _ 2
- \WIHk,n(E‘tfL}EZ;;;(&*IJ)JF”%#71**U)‘2 C La(t=1)+ ekt —1)+07,
ErigglWin(t A PR S W (= DH (= Dpea(t = 1),

s LD I A I AT AT

MN+KN+5(
M N channel coefficients,
KN CSI pilot symbols,
and {|wi (t—1)H(t—1)prn(t—1)|?,
Gk.n (Pk(t7 1)~,Wk(t7 1))!

CSI Overhead MN+2N MN+2N
verhea (MN channel coefficients and indexes (MN channel coefficients and phases
Downlink . .
of precoders and combiner py,, and wy,,,) of precoders and combiner py,, and wy,,,)

Computing Complexity
of Precoding and O((10KN+3)L1+ L1 Lo+ LsS) O((10KN+6)Ly+2Ly Ly+3Ly)
Combining Matrices

Discussion on the Overhead, Complexity for the DDPG-based Designs

In this section, we are about to discuss the complexity, and overhead of Algorithm

8 and the corresponding differences with DQN-based algorithms. The complexity
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Algorithm 8 DDPG-Based Beamforming Design Algorithm

1: Initialize: Randomly initialize the value network Q.(skn,@k n|0c k) and actor
network fi,(Sgn|0arn)Vk € {1,2,... K} Vn e {1,2,...,N,}, with weights 0, , and
Oc.kn. Initialize the target value network (). and p, with weights 0, ., =04 k.0
and 6c,k,n = Hc’,k,'n-

2: In the first E time slots, agent (k,n) randomly selects an action from action space
A, and stores the corresponding experience (sk’n,ak’n,rk,n,s}“& in its pool, Vk,n.

3: for each time slot ¢t do
4:  for each agent (k,n) do
5: Obtain state sy, from the observation of agent (k,n).
6: Choose the action ay ,, = f1(Skn|0akn) according to the current policy Vk,n.
7: Agent (k,n) executes action ay, , and observe reward ry ,, observe new state sj, ..
8: Agent (k,n) puts experience (s n,@xn,"kn,S}),) into experience pool Oy .
9: Randomly samples a minibatch with size FEj,.
10: Set Yken =Tk +7Qc/ (Sk,nnua/ (S;gmwa/,k,n) ‘90’,16,71)'
11: Update the critic by minimizing the loss:
1 &
L= E;(yk,n,i - Qc(sk,'rz,i7ak,n,i |90,k,n))2 (510)
12: Update the actor policy using the sampled policy gradient
vGa,k,n J ~ ELbZianc(Sk,n,i;ak,n,i|ec7k,n) ‘stk,n,i7”':/—La,k,n(5k,n,i)Vea,k,niua (sk7n7i‘9a»k7”) |5k,n,z‘
(5.11)
13: Update the target networks
O ki =Teepn (1= 70)6 i) (5.12)

ea’,k,n :Taea,k,n+ (1 _Ta)ea’,k,n)

14:  end for
15: end for

analysis of the DDPG algorithm depends on two aspects: inference floating operations
per second (FLOPS) and the convergence rate. The number of FLOPS during the
inference is mainly determined by the structure of the policy network and the value
network. When we set S,L1,L, as the numbers of elements in state, the first hidden

layer, the second hidden layer in policy and value network, the inference FLOPS in
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the policy network and the value network can be computed as

FLOPS, = (5K Ny+2) Ly + Ly Ly+2L,
FLOPS, = (5K N,+4) L1+ Ly L+ Lo, (5.13)
FLOPS ota1= (10K N,+6)L142L; Ly +3Ls.

It can be seen that the complexity of the DDPG-based strategy is not strictly higher
than that of DQN-based algorithms, which depends on the value of S,L1,Ls. Due
to the simplicity on the state space, the uplink overhead of the proposed approach is

lower than that in DQN-based strategies. The downlink overhead remains the same.

Another Reward Function

Recall that in function (5.9), we set the reward as the gap between the stream rate
and penalty achieved via training in the ¢th and (t—1)th time slot. If we substitute
T‘/(t) = ka(wk(t),Pk(t)) — ka(wk(t— 1) ,Pk(t— 1)) Then7 T’k,n(t) ZT/(t) —T/(t— 1).

Hence, the final reward we would like to maximize is

Tpima =1 (N)=r'(N=1)+7"(N—=1)—=1'(N=2)4-+r'(2)=r'(1)~r'(N)  (5.14)

However, the purpose of reinforcement learning is to maximize the accumulative

reward, say, Y ,_oTkn(t) and 7 is also maximized to some extend.

Here, we propose anew reward function focusing on accumulative reward maximization.

The reward function is shown below

Tkm(t) :2Gk,n(Wk(t),Pk(t)) —Qkan(Wk(t— 1),Pk(t— 1))—|—
APy (Wi(t—1),Pp(t—=1)) = AP n (Wi (t), P (t)) (5.15)
=2r'(t)—r'(t—1)
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Then, final reward 7,4 is

P finat =2 (N) =1/ (N =1)+2r' (N =1)=r'(N =2)+-+2'(2) =1/ (1) = > _r'(n)
(5.16)
which is inline with the format of reinforcement learning reward function. The

performance of this reward function is shown in Section 5.3.

5.3 Simulation Result and Analysis

This section demonstrates the performance of our proposed multi-agent DDP G-based
algorithm to maximize the average throughput of all the users. In order to have a fair
comparison with the algorithms in Chapter 4, the simulation setup remains the same

as that in Chapter 4. We will demonstrate the simulation results in different scenarios.

5.3.1 Single User

Fig. 5.4 and Fig. 5.5 illustrate the DDPG-based scheme with different numbers of
transmit antennas M when N=4,N,=1K=1and N=4 N,=2 K =1, respectively.
A first observation is that a near-optimal result can be observed by leveraging the
proposed state, action, and reward design in an interference-free scenario. A second
observation is that DDPG-based approach converges much faster than DDRL. An
interpretation is that DDPG uses a deterministic policy, meaning that for a given
state, it directly outputs a specific action. This can simplify the learning process. In
contrast, DDRL utilizes e-greedy strategy over actions, which can introduce additional
complexity and suboptimal beamformer selection. A third observation is that DDPG
always outperforms DDRL and the performance gap generally increases with the
number of transmit antennas. Intuitively, the reason for this effect is that, in DDRL,

the optimal beamformer can be removed in the design of codebook. This impact is
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Figure 5.4: Average information rate versus the number of time slots with different
numbers of transmit antennas M when N=4,N,=1,K=1.

greatly reduced due to continuous beam direction optimization in DDPG. Although
DDPG-based approach can produce very good results, it has its drawbacks. The per-
formance of DDPG is heavily dependent on searching for the correct hyperparameters

for the current task and generates a small gain if the number of antennas is small.

5.3.2 Multi User

Fig. 5.6 and Fig. 5.7 offers an insight into the impact of average information rate with
different numbers of transmit antennas M when N =4,N,=1, K =2 and its correspond-
ing boxplots. In addition to better performance and convergence, it turns out that one
of the biggest drawbacks of DDPG is the high variance in estimating the gradient of

E[R,]. Essentially, each time we perform a gradient update, we are using an estimation

151



M =32 M=128

o o

€ 15 = e

c c 15

9 4 S i

© © ,'

E f E L

o 1 o

£ 10fF E10

O NN I U —— DDRL M = 32 N R [—— DDRL M =128

e DDPG M = 32 g DDPG M =128

25 g

< < 5

0 5 10 0 5 10
number of time slotsx 10% number of time slotsx 104
M = 256 M=512

(0] [0]

§ 20 § 20

C C

2 k)

© T 15

£ E

RS} o

£ c

10

N A [ —— DDRL M = 256 g DDRL M =512

g DDPG M = 256 g DDPG M = 512

<5 < 5

0 5 10 0 5 10

number of time slotsx 10% number of time slotsx 104

Figure 5.5: Average information rate versus the number of time slots with different
numbers of transmit antennas M when N =4, N,=2 K =1.

of gradient generated by a series of experiences ey, , = (Sk.n,@k.n,Tk.ns5k ,) accumulated
through the whole training process. Hence, the estimation can be very noisy, and bad
gradient estimate could adversely impact the stability of the learning algorithm. In
contrast, when DQN does work in a task, it usually shows more stable performance

since it is just a single model instead of an actor-critic structure in DDPG [107].

5.3.3 Different Reward Function

Fig. 5.8 illustrate the DDPG-based scheme with different numbers of transmit an-
tennas M and different reward functions when N =4,N,=1,K =2. The legend r1
refers to the reward function in Section 5.2.2.3 and r2 refers to that in Section 5.2.2.4.

An observation is that the DDPG with two different reward function shows similar
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Figure 5.6: Average information rate versus the number of time slots with different
numbers of transmit antennas M when N =4,N,=1,K =2.

performance when the number of transmit antennas is smaller than 256 and the second
reward function has worse performance when M =512. This suggests that the new
reward function is not suitable for large number of transmit antennas scenarios. An-
other observation is that DDPG-r2 always has better performance than DDRL which

cross-validates the superiority of DDPG based methods over DQN based methods.

5.4 Summary

In this Chapter, we extend the scope of multi-user beamforming design from discrete
action space design to continuous action space design. An optimization framework
in light of multi-agent DDPG has been investigated. We start from the basics of

DDPG and design the corresponding state, action, and reward function. Then, A
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novel algorithm is elaborated which jointly optimizes the beamformer at BS and user
terminals with channel aging. Through simulation results, the DDPG-based strategy
is demonstrated to be a very powerful and promising technique for multi-user massive

MIMO systems with faster convergence and better system performance.
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Chapter 6

Conlusion

6.1 Summary of Thesis Achievements

In this thesis, we consider the beamforming design problems of multi-antenna wireless
networks, and addressed a number of optimization problems and algorithms in various
scenarios, namely waveform and beamforming optimization for IRS-aided WPT and
DRL-based beamforming design in massive MIMO with channel aging. Simulation
results and analysis are presented to evaluate the performance of all the proposed

algorithms.

In Chapter 3, we have explored the design of joint waveform and passive beamforming
for wireless power transfer assisted by IRS, considering both single-user and multi-user
scenarios. Two distinct formulations were created based on FS-IRS and FF-IRS. We
investigated an optimization framework employing AO and SCA, demonstrating its
robustness and fast convergence. The numerical outcomes underscored the limitations
of linear models and emphasized that even FF-IRS-aided WPT outperforms tradi-
tional designs with RS passive beamforming gain. Additionally, FS-IRS served as a

benchmark for broadband systems, while FF-IRS proved suitable for narrowband trans-
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mission. Furthermore, in WPT systems, IRS not only extended the operational range
under single-user conditions but also expanded the output DC region in multi-user sce-
narios. Moreover, the AO framework can be extended to explore transmit beamforming
gains in multi-antenna scenarios. Finally, leveraging low-resolution discrete-phase

IRS yielded near-optimal results for both single-user and multi-user scenarios.

In Chapter 4, we have investigated beamforming optimization for massive MIMO
downlink transmission in the presence of channel aging. Employing a DRL framework,
we developed three DRL-based algorithms that modeled agents at the stream-level,
user-level, and system-level, respectivly. Specifically, we have jointly optimized the
transmit precoder at the BS and the receive combiner at user terminals to maximize
the average information rate. Additionally, we analyzed the performance degradation
of DRL-based approaches compared to the ideal continuous beamforming case, consid-
ering various factors such as codebook sizes, users, antennas, streams, and user speeds.
Notably, even with a very low-resolution codebook, the DRL approach demonstrated

a good performance comparable to GBS and ZF-CI, respectively.

In Chapter 5, motivated by the discussion on the codebook size’s effect presented in
Chapter 4, we further investigated the multi-user beamforming through an approach
with continuous action spaces for beamforming in DRL. An algorithm based on a
multi-agent DDPG-based approach is elaborated, simulated, and analyzed. Simu-
lation results demonstrated the benefits of DDPG for faster convergence and better

system performance compared with the strategies in Chapter 4.

6.2 Future Work

During the PhD journey, many problems were investigated and, while some of them

could be solved, others still remain open today.
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Regarding Chapter 3, we have studied the waveform and beamforming design for

IRS-aided WPT, several important issues are not addressed

o Max-Min Design: In most of the related literature, IRS-aided WPT problems are
modeled as sum power maximization without any fairness among user terminals.
Despite max-min design for WPT without IRS has been done in [17], more work
has to be done to develop IRS-aided WPT with max-min optimization in order
to have a better fairness among users and stronger connectivity between BS
and users. Thus, further work is needed to formulate the waveform design and

passive beamforming for MU minimum 44, maximization problem.

o More Advanced IRS: Beyond improving the performance, the architecture of
IRS also plays a key role in passive beamforming design. Two beyond-diagnal
IRS (BD-IRS, also called beyond-diagnal Reconfigurable intelligent surface(BD-
RIS) architectures, namely the fully- and group-connected, have been proposed
in [132]. More precisely, the scattering matrix © of the fully-connected archi-
tecture is not limited to being diagonal with unit-modulus entries because of
the presence of reconfigurable impedances connecting the ports to each other,

which constitute an interesting future research direction.

o Multi-user MIMO Design: In addition to design efficient rectenna and waveform,
using multiple rectennas, also known as multiport rectennas, at the receiver to
form a MIMO WPT system can effectively increase the output DC power [51].
There are two strategies for rectenna combing, DC combining in which each
receive antenna is connected to a rectifier so that the RF signal received by each
antenna is individually rectified, and RF combining in which the received signals
at all receive antennas are combined together to be rectified by a single rectenna.
Vanilla IRS or more advanced IRS can be involved to better explore the passive

beamforming gain in IRS-aided MIMO WPT system.
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Regarding Chapter 4 and 5, our initial intention was to study the DRL for beamform-
ing in massive MIMO with channel aging. However, this was posing very difficult
challenges in the design of more complex scenarios. To summarize, our work leaves

open a number of problems, and we summarize some of them below:

o Hybrid-Field Beamforming: The large number of antenna elements in massive
MIMO poses major challenges, e.g., a large number of RF chains (one for each
antenna element) increases cost, and energy consumption on determining the
CSI between each transmit and receive antenna. A promising solution to these
problems lies in the concept of hybrid precoding schema is promising to relieve the
pressure of excessive power consumption by decomposing the high-dimensional
full-digital precoder into the realization of an analog beamformer and digital

precoder [133], which formulates an promising future research area.

o Multi-cell: In emerging and future wireless networks, inter-cell interference man-
agement is one of the key technological challenges as BSs” deployments become
denser to meet ever-increasing demand. This thesis considered single-cell mul-
tiuser conditions. When it comes to a multi-cell scenario, a BS may increase its
transmit power to improve its own data rate, but at the same time it may degrade
links it interferes with, due to which the corresponding optimization problem

is more challenging to be solved and thus is worthy of further investigation [19].

e Extremely Large-scale MIMO (XL-MIMQO): Compared with the conventional
massive MIMO, the basic idea of the XL-MIMO is to deploy an extremely large
(perhaps infinite) number of antennas in a compact space to obtain a much
stronger beamforming gain to compensate for the severe path loss [134]. However,
this poses great challenge for agents to learn to allocate physical layer resources
and optimize the transmission strategy further. As such, it is worth comparing

the proposed massive MIMO with the XL-MIMO in future investigations.
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o [RS-aided massive MIMO: With the ability to dynamically reconfigure the elec-
tromagnetic environment, IRS can improve channel quality and overcome the lim-
itations of the propagation environment. In the future, the evolution of IRS will
play a key role for the future 6G wireless networks. Thus, further work is needed

to model passive beamforming design for DRL-based massive MIMO systems.
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Appendix A

Proof of Propositions

A.1 Proof of Proposition 1

We first prove the convergence of problem (3.15). f(d,) and f(dq,déi_l)) are demon-
strated below

f(dy)=d;Kod,, (A1)
f(dgdi= V) =2R{ad{ V" Kod,} —diVFKdi Y. (A.2)

According to [104], it can be checked that f(dS’,d") = f(d}’). Since the solution
vector d,(;;l) is a feasible solution in iteration ¢— 1, by using the inequality in Taylor
expansion, we have f (d,(j)) >f (d((;),dgifl)) which proves that f (dgi)) is monotonically
increasing. Additionally, problem (3.15) must have a upper bound due to the unit

modulus constraint (3.15b). Hence, problem (3.15) is guaranteed to converge.

Now, we prove that the convergent solution is a KKT solution of problem (3.12). (3.15a)
and (3.15b) are convex problems with respect to X and satisfies the slater’s condition

[101], the dual gap is zero and strong duality hold. The optimal solution X* can be get by
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figuring out its dual problem. The corresponding Lagrange function of problem (3.15) is

L+1
[’(X>T):Tr{KIX}+ZTl’(Xl’,l’_1)+TX (AS)

r=1
where 7= {71,72,...,71+1} and Y denote the vector and matrix dual variables of (3.15b)

and (3.15¢). There must be a 7*={7{,73,...,77,; } and Y* for guaranteeing that the

corresponding KKT conditions are satisfied

VX*E(X,TNX:)(* =0 (A4)
Tl’f(X;’l/—l):O,Vl/ (A.5)
Y*X* =0 (A.6)

The KKT conditions of problem (3.15) exactly consist of (A.4), (A.5) and (A.6).

Hence, Proposition 1 holds.

A.2 Proof of Proposition 2

Due to the equivalence between problem (3.14) and problem (3.15), (A.4)-(A.6) are

also the KKT conditions of problem (15). From (3.13), we have
Va,=ds f(dg)ld,=a; = Va,=a; [ (dg.d)]a,—a: (A7)

Since problem (3.12b) and problem (3.14b) exactly contain f(d,) and f(dq,dfli_l))

at iteration i, respectively, except some constants, upon denoting the (3.12b) as

p(dy) = Z _1&e(— kQ 00— f(dg)) and (3.14b) as p(d,, dz 1) Z —1&a(— kQ 7,0 —
£(dg,dS™ 1)), we arrive at

Va,=a;p(dy)ld,=a; = Va,=a;(dg,df ") |a,=a; - (A.8)
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According to (A.7) and relation between p(d,) and p(dq,dgi_l)), KKT conditions of
problem (3.12) exactly consist of (A.4), (A.5) and (A.6) and X* is also a local optimal
solution for problem (3.12). Combining the proof above and Proposition 4, a local
optimal solution for passive beamforming subproblem and a global optimal solution for
waveform design subproblem can be obtained. Hence, the AO Algorithm 2 converges

to a local optimal solution in original problem (3.8) and Proposition 2 holds.
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