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With the growing demand for higher date rates and more reliable ser-
vice capabilities, wireless communication systems continue to grow in popu-
larity and importance. In order to enable higher data rate via broader band-
width, millimeter wave (mmWave) systems are deployed for modern and future
communication systems. Due to the high transmission loss of the mmWave
frequency bands, a massive number of antennas are employed to focus trans-
mitted power in narrow radio frequency (RF) beams. However, associating one
RF chain with two high-resolution data converters for each antenna element
would consume a prohibitively large amount of power. Furthermore, challeng-
ing service requirements can be handled by machine learning techniques in a

variety of application spaces.

The goal of this dissertation is to propose communication systems that
are not only reliable and high-performing, but also power-efficient as well as in-

telligent. Two possible ways to alleviate the huge power consumption problem



are 1) low-resolution data converters, and 2) hybrid analog-digital beamform-
ing architectures since the former tries to reduce the power consumption of
each individual RF chain and the latter directly scales down the number of
RF chains. Additionally, intelligent communication systems that can adapt
to changing network conditions and user requirements are crucial for ensuring
reliable and efficient communication. In either case, these solutions introduce
severe non-convexity and non-linearity to the entire system. In this regard,
I propose new solutions that can respond to future communication systems
requiring a fundamental re-design of current communication systems based on

a power-efficient and intelligent framework.

First, I investigate a coordinated multipoint (CoMP) beamforming and
power control problem for base stations (BSs) with a massive number of
antenna arrays under coarse quantization by low-resolution analog-to-digital
converters (ADCs) and digital-to-analog converters (DACs). I first formu-
late total power minimization problems of both uplink (UL) and downlink
(DL) systems subject to signal-to-quantization-plue-interference-and-noise ra-
tio (SQINR) constraints. I then show strong duality for the UL and DL prob-
lems under the coarse quantization condition when channel reciprocity holds
with time-division duplexing (TDD) assumption. Leveraging the duality, I
propose a framework that is directed toward a twofold aim: to discover the op-
timal transmit powers in UL by developing iterative algorithm in a distributed
manner and to obtain the optimal precoder in DL as a scaled instance of UL

combiner. Under homogeneous transmit power and SQINR constraints per



cell, T further derive a deterministic solution for the UL CoMP problem by
analyzing the lower bound of the SQINR. Lastly, I extend the derived result
to wideband orthogonal frequency-division multiplexing (OFDM) systems to
optimize transmit power and beamformer for all subcarriers. Simulation re-
sults validate the theoretical results and proposed algorithms in terms of total

transmit power, duality gap, and convergence.

Second, I aim to find the DL beamformer that minimizes the maximum
power on transmit antenna array of each BS under received SQINR constraints
while minimizing per-antenna transmit power for a more realistic deployment.
I first formulate formulating the quantized DL. OFDM antenna power mini-
max problem and deriving its associated dual problem. With proving strong
duality, I use the associated UL dual solution to compute the DL beamformer.
Subsequently, the DL beamformer is used in updating the covariance matrix
of the uplink noise signals. The series of processes builds an efficient algorithm
to find a numerical solution. Simulations validate the proposed algorithm in
terms of the maximum antenna transmit power and peak-to-average-power

ratio.

Third, I propose a learning-based maximum likelihood detection frame-
work with an acceptable learning length for uplink massive multiple-input-
multiple-output (MIMO) systems with one-bit ADCs. The learning-based
detection only requires counting the occurrences of the quantized outputs at
each antenna. The learning in the high signal-to-noise ratio (SNR) regime,

however, needs excessive training to estimate the extremely small likelihood



probabilities. To address this drawback, I utilize a dithering signal to arti-
ficially decrease the SNR and then remove the impact of the dithering noise
via post processing. I evolve the technique by developing an adaptive dither-
and-learning method that updates the dithering power according the patterns
observed in the quantized dithered signals. Lastly, the computed likelihood
probabilities are utilized in deriving log-likelihood ratio to enable state-of-the-
art channel coding schemes. I compare the uncoded and coded detection per-
formance of the proposed algorithm with other learning-based frameworks and
show that the proposed algorithm shows the performance closest to optimal

performance.

Fourth, I propose a deep reinforcement learning (DRL)-based solution
for joint hybrid beamforming (HB) and power control problems when multi-
ple massive MIMO BSs are communicating with multiple users in the uplink
mmWave band. The HB method requires both digital and analog beamform-
ers, with the latter using discrete phase shifters to project high-dimensional
antenna ports to low-dimensional logical ports and scale down the number of
RF chains. However, this results in non-convexity, making the problem dif-
ficult to solve using existing algorithms. In multicell uplink communication
systems, I aim to jointly design the HB at each BS and transmit power control
of the associated users while ensuring that the received signal-to-interference-
and-noise ratio (SINR) constraints are satisfied. Considering the use of the
DRL-based approach and the primal problem, I formulate the RL basics. To

handle the combination of discrete and continuous inputs, I use the DDPG RL

10



algorithm, which outputs a valid action that maps to the design factors. In
particular, I aim to control each phase shifter individually by introducing an
intermediate vector and applying a differentiable argmax function to estimate
the phase angle index. The proposed method is evaluated through simulation

results based on the achieved SINR.

The four contributions could make a worthwhile enhancement to the
development of power-efficient and intelligent wireless communication systems
by meeting the communication needs of modern society while minimizing en-

ergy consumption and maximizing the use of available resources.
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Chapter 1

Introduction

As the need for faster data rates and more dependable service features
increases, wireless communication systems are becoming increasingly popu-
lar and significant. The potential of the mmWave frequency band lies in the
development of communication systems that can facilitate high-speed data
transmission in wireless local area networks and fifth-generation (5G) cellu-
lar networks. The mmWave holds promise for achieving its potential via its
large transmission bandwidths and the small carrier wavelengths that make
it possible to create an array of antennas that features a substantial number
of antenna elements. These arrays can generate the required array gain for
establishing high-quality communication links and achieve huge beamforming
gain by creating a narrow beam to a desired direction. The employment of
massive antenna arrays, however, gets into trouble due to high power con-
sumption caused by a number of radio frequency (RF) components. In this
regard, low-power solutions need to be explored while maintaining challeng-
ing requirements. In this dissertation, I present prospective solutions for the
design of communication functions such as beamforming, power control, and
data detection when considering non-linear yet non-convex system distortion

caused by the low-power system architecture.
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In this introductory chapter, I provide relevant information, the moti-
vation behind the research problems handled in this dissertation, and a sum-
mary of my contributions. In Section 1.1, I start with providing an overview
of the contextual information that pertains to my research. In Section 1.2, I
present the motivation behind the proposed research. Section 1.3 summarizes
the contributions of the proposed research. In Section 1.4, the notation and

abbreviations are provided for clarity and ease of understanding.

1.1 Background

In this section, I provide a brief overview of the background that is

relevant to my research.

1.1.1 Wireless Communication Systems

A cellular network is based on the concept of dividing the geographic
area into smaller regions where user devices in each region are covered by
at least one base station (BS). Cellular networks consist of numerous users
who utilize mobile devices, such as tablets and mobile phones, and a vast
number of fixed BSs that are organized to provide users with coverage within
their respective cells. The wireless link that enables data transmission from
a BS to mobile users is referred to as the downlink system, while the signal
directed from mobile users to the BS is called the uplink system. To divide the
uplink and downlink in wireless communication, two methods are used: time

division duplex (TDD) and frequency division duplex (FDD). TDD separates

22



the two domains in the time domain, while FDD separates them using different

frequency bands.

Wireless communications encounter two major issues, namely fading
and interference, which are not present in wireline communications. Fading is
caused by fluctuations in channel strengths over time, which result from the
effects of multi-path fading, path loss, and shadowing. Unlike thermal noise,
interference appears when signals are disrupted or weakened by the presence of
other wireless signals. Inter-symbol interference occurs at the receiver due to
delays caused by multiple paths from the transmitter to the receiver, resulting
in interference for subsequent transmissions. When multiple users communi-
cate with the same BS using the same time and frequency resource, there exists
a significant amount of interference in the link, which is referred to as inter-user
interference. In a wireless communication environment with multiple coexist-
ing cells, incoming signals from neighboring cells can cause interference with
the co-channel signals of the current cell, known as inter-cell interference. De-
signing wireless communication systems that effectively manage interference

is one of the most significant challenges.

1.1.2 Multiple-Input Multiple-Output System

The typical error event occurs when the channel is in a deep fade. As
one of the techniques that combat deep fading, multiple antennas are em-
ployed at the transmitters and/or receivers to achieve spatial diversity. When

having multiple antenna ports at both transmitters and receivers, the system
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is called a multiple-input-multiple-output (MIMO) system. By leveraging the
full potential of many antennas, MIMO communication systems can achieve in-
creased data rates via multiplexing gain and increased reliability via enhanced

diversity gain.

Employing many antennas can also provide beamforming gain. Beam-
forming is a technique used in wireless communications to enhance signal
strength in a specific direction by having individually controllable phase and
amplitude. By focusing the signal in a specific direction, beamforming can
improve signal quality, reduce interference, and increase the coverage of the
wireless signal. Channel State Information (CSI) is typically used to help the
antenna arrays form the beam pointing at the transceiver. This information
includes the strength and quality of the received signal, as well as the distance
and location of the receiver. Beamforming is a key technology in modern
wireless communication systems and can be used in a variety of applications,

including cellular networks, Wi-Fi, and satellite communications.

1.1.3 Millimeter Wave Signals

Modern and future wireless communication systems regard a millimeter
wave (mmWave) spectrum that extends from 10 to 300 GHz as a promising
technology to provide a remarkable increase in both data rates and energy-
efficiency [4,91]. However, radio signals with high frequencies are known to
experience significant power attenuation as propagation distance increases.

In comparison to traditional MIMO communication systems that operate at
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sub-3 GHz frequencies and have a limited number of antennas, mmWave sys-
tems can accommodate a larger number of antennas in the transceivers due
to the smaller wavelength of the mmWave spectrum. Large antenna arrays
in mmWave systems can enable the use of directional beamforming, which is
crucial in achieving high beamforming gain. This is necessary to overcome the
significant free-space pathloss of mmWave signals and achieve an adequate

strength of received signal-to-noise ratio (SNR).

1.1.4 Low-Resolution Data Converters

Increasing the number of antenna chains results in the increased num-
ber of RF chains, thereby locating a plethora of analog-to-digital converters
(ADCs) and digital-to-analog converters (DACs). ADCs and DACs are the
power-hungry component in the transceiver. Since the power consumption of
an RF chain exponentially increases with the number of quantization bits b,
i.e., P oc 2° [94], replacing high-resolution data converters with low-resolution
data converters (typically 1-4 bits) can significantly reduce power consump-
tion. The general illustration of low-resolution systems is shown in Fig. 1.1.
However, the reduction in resolution results in non-negligible and non-linear
quantization error which degrades the overall performance and makes it diffi-
cult to directly apply existing methods. It is unavoidable to experience per-
formance degradation when using coarse quantization; however, lots of recent
efforts show that the loss can be reduced by carefully analyzing and designing

low-resolution systems.
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Figure 1.1: A receiver with low-resolution analog-to-digital converter and/or
digital-to-analog converter.

In order to properly handle the severe nonlinearities in low-resolution
ADCs, many studies have re-engineered essential wireless communication func-
tions such as channel estimation and data detection [17,22,39,89,97,98]. For
downlink transmission, a number of works have reduced hardware cost using

low-resolution DACs [38, 51, 71].

1.1.5 Hybrid Analog-Digital Beamforming Architecture

In conventional MIMO communication systems, each antenna element
is connected to its dedicated RF chain which owns two power-hungry data
converters. This architecture is called an all-digital beamforming architecture,
which is highly flexible but also expensive and power-intensive. Therefore,
the power consumption generally scales with the number of antennas at a BS.
Because of the problem caused by having too many RF chains, the notion of
hybrid analog-digital beamforming architecture (HB) appears. As shown in

Fig. 1.2, the HB aims to cut down the number of RF chains by separating the
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Figure 1.2: A receiver with hybrid analog-digital beamforming architecture.

combining process into two parts: analog beamforming and digital beamform-
ing. To produce high beamforming gain and immunize against large free-space
pathloss, the analog beamformer manipulates directional propagation paths
via the array of phase shifters. Afterward, the digital beamformer carries out
multi-stream baseband processing on the low-dimensional input produced by
the analog beamformer. The analog beamformer is newly introduced con-
sidering the propagation characteristics of mmWave systems; however, the
analog beamformer introduces non-convex behavior due to the unit-modulus
constraint of the phase shifters. Therefore, beamforming-related signal pro-

cessing functions need to be revised for the HB systems.

1.1.6 Machine Learning

Machine learning is a method of data analysis that automates analytical
model building by enabling machines to learn and estimate complex functions

on specific tasks, without requiring explicit one-on-one programming. Machine
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learning algorithms aim to build a black box using sampled data points, to
make decisions or predictions of new observations. Although machine learning
is related to computational statistics, mathematical optimization also plays a
vital role in this field. The learner splits all available data points into three
disjoint groups, which are the training dataset, validation dataset, and test
dataset. The training dataset is the collection of data points which are di-
rectly used to fit the model. The validation dataset is the sample of data to
be utilized to offer an assessment of the trained model while tuning model
hyperparameters and modifying model complexity. The test dataset is private
during the training stage to provide a final evaluation of the trained model.
There exist three types of machine learning strategies: 1) supervised learning,

2) unsupervised learning, and 3) reinforcement learning.

Supervised learning can be applied to problems where labeled data, i.e.,
ground truth, is included in the training data set along with feature vectors.
The primary objective of supervised learning algorithms is to learn a function
that can successfully infer an estimated label using a given feature vector. A
supervised classification problem aims to predict the probability or likelihood
that the test data belongs to one of the predefined discrete categories. In
contrast, a supervised regression problem tries to plot a best-fit curve of the
training data set and to predict the continuous outcome of feature vectors.
Typically, the learning stage of supervised learning is minimizing or optimizing
a loss function where binary cross-entropy and mean-squared error are used

for the classification problem and the regression problem, respectively.
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Unsupervised learning is a type of data-driven problem that involves ex-
amining unlabeled datasets and identifying hidden patterns or clusters without
the involvement of human intervention. The primary feature that sets unsu-
pervised learning apart is the absence of ground truth. For example, clustering
and autoencoder fall under this category. Clustering refers to the task of orga-
nizing a set of similar data points into the same cluster. Autoencoder aims to
encode high-dimensional unlabeled data into a low-dimensional latent space
and use the compressed feature to decode the original data. This framework
needs to make sure that the encoded latent representation is rich enough to

minimize reconstruction error.

Last but not least, reinforcement learning (RL) is a machine learning
technique that facilitates an agent’s learning in an interactive environment by
utilizing trial and error and feedback derived from its own actions and experi-
ences. The objective is to develop an effective action model that maximizes the
agent’s total cumulative reward. The agent-environment feedback loop of a
generic RL model is illustrated in Fig. 1.3. Since the RL approach learns from
experiences and mistakes, it is crucial to strike a balance between exploitation

and exploration.

1.2 Motivation

There exist two potential low-power architectures: 1) low-resolution
data converters and 2) HB architecture. The implementation of wireless com-

munication systems using low-power architectures necessitates modifications
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Figure 1.3: An agent-environment feedback loop of a generic reinforcement
learning.
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to core signal processing operations. The low-power structures naturally in-
troduce severe impairments to the system due to the coarse quantization and
the analog beamformer of the HB. However, it is unclear whether the previous
findings in prior research are still applicable in low-resolution ADC and DAC
systems or the HB due to these impairments. Therefore, I take into account
those negative impacts for the thorough investigation of key communication
functions such as beamformer, power control, and data detection when con-

sidering either low-resolution data converters or the HB.

1.3 Dissertation Summary

In summary, I have made a commitment to the development of ad-
vanced power-efficient and intelligent solutions for beamforming and detec-
tion, which in turn minimize power consumption, enable near-optimal error

probability, and guarantee signal strength requirements.
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1.3.1 Thesis Statement
In this dissertation, I define the following statement:

Advanced power-efficient and intelligent communication techniques have
the ability to satisfy challenging requirements and improve key performance in-
dicators despite the presence of severe distortion and non-linearity caused by

low-power architectures.

1.3.2 Overview of Contributions

The main contributions of this dissertation are summarized as follows:

e Chapter 2: Coordinated Beamforming and Power Control for

Low-Resolution Systems: Total Power Minimization

1. I propose an optimal coordinated multipoint (CoMP) beamform-
ing algorithm for the wireless communication systems equipped
with low-resolution ADCs or DACs to achieve the desired signal-to-
quantization-and-interference-plus-noise ratio (SQINR) with mini-

mum total transmit power.

2. 1 formulate total power minimization problems for both uplink
(UL) and downlink (DL) systems, while taking into account non-
negligible quantization noise and interference, subject to SQINR
constraints. I derive strong duality between the UL and DL prob-
lems, with coarse quantization systems being taken into considera-

tion.
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3. I propose a framework that aims to determine the optimal UL
transmit power and DL precoder using the aforementioned duality.
Moreover, I extend the results obtained to wideband orthogonal

frequency-division multiplexing (OFDM) systems.

4. T derive a deterministic solution for the UL CoMP problem by ana-
lyzing the lower bound of the SQINR under homogeneous transmit

power and SQINR constraints per cell.

e Chapter 3: Coordinated Per-Antenna Maximum Power Mini-

mization for Low-Resolution Systems

1. I propose a multicell-coordinated beamforming solution for the max-
imum power minimization problem with per-antenna power con-
straints to place less burden on power amplifiers and other elec-

tronics.

2. I formulate the quantized DL OFDM antenna power minimax prob-
lem with per-antenna constraints and deriving its associated dual
problem which is interpreted as a virtual UL OFDM problem pow-
ered by unknown yet tunable covatiance matrices. I manipulate the
constraints to show that strong duality holds between the aforemen-

tioned DL and UL problems.

3. I develop an iterative minimax algorithm to identify a feasible so-

lution for the dual problem. This particular problem involves the
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joint optimization of virtual UL transmit power and noise covari-
ance matrices To tackle this issue, I begin by determining the op-
timal dual solution of the UL problem for given noise covariance
matrices. I then utilize the solution to compute the associated DL
beamformer. Finally, the UL noise covariance matrices are updated

using subgradient projection based on the DL beamformer.

e Chapter 4: Learning-Based Maximum Likelihood Detection
with One-Bit ADCs

1. T propose a learning-based maximum likelihood detection frame-
work for the uplink systems with one-bit ADCs to complete the

learning stage within acceptable training length.

2. To facilitate the acquisition of the small probabilities that appear
at the high SNR regime, I propose a dither-and-learning technique
that adds a dithering signal with known statistics to artificially
decrease the SNR and removes the impact of the artificial noise

from the inferred likelihood functions.

3. I propose how to adjust the dithering power according to the ob-
served patterns of the quantized and dithered signals. I compute
a bit-wise and user-wise log-likelihood ratio from the refined likeli-

hood probabilities to enable state-of-the-art channel coding schemes.

e Chapter 5: Joint Hybrid Beamforming and Power Control Us-

ing Deep Reinforcement Learning;:
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1. T propose a DRL-based solution for joint hybrid beamforming and
power control problems when multiple massive MIMO BSs with
hybrid beamforming architecture are communicating with multiple

users in the uplink mmWave band.

2. I formulate the main problem that jointly design the HB at each
BS and transmit power control of the associated users in a way
that the total power is minimized while ensuring that the signal-to-

interference-plus-noise ratio constraints are satisfied.

3. T utilize the DDPG RL algorithm to address the combination of
discrete and continuous inputs. This algorithm produces an appro-
priate action that corresponds to the design factors. Specifically, I
aim to exert individual control over each phase shifter by introduc-
ing an intermediate vector and employing a differentiable argmax

function to estimate the phase angle index.

1.4 Notation and Abbreviations
1.4.1 Notation

A denotes a matrix and a represents a column vector. A and AT
denote conjugate transpose and transpose, respectively. [A]; and a; indicate
the ith column vector of A. [A];. and indicates the ith row vector of A.
I denote a;; as the {i,j}th element of A and a; as the ith element of a.
With mean p and variance o2, a real Gaussian distribution and a complex

Gaussian distribution using N(u, 0?) and CN(u, 0%) are generated, respectively.
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The diagonal matrix diag(A) has {a;,;} as its diagonal entries, and diag(a)
or diag(al) creates a diagonal matrix with {a;} as its diagonal entries. A
block diagonal matrix is denoted as blkdiag(A, ..., Ax). A block circulant
matrix is denoted as blkcirc(Ayq, ..., Ay) with a first block-row of Ay, ..., Ay.
eigy(A) and eig (A) denote the maximum and minimum eigenvalues of A,
respectively. The vectorization operation of a matrix A with n columns is

T

defined as vec(A) = [[A]IT,...,[A]T . 1y and Oy are a N X 1 one vector

n

and zero vector, respectively. Iy denotes the N x N identify matrix. Re{A}
and Im{A} take the real and imaginary part of A, respectively. 1{a} denotes
the indicator function which outputs 1 if A is true, and 0 otherwise. ® is
used to denote Kronecker product operator. ||A|| represents L, norm. Matrix
inequality is denoted by <. P[] and E[-] are the probability and expectation

operators, respectively.

1.4.2 Abbreviations

5G fifth-generation

ADC analog-to-digital converter
ADL adaptive dither-and-learning
AoA angle of arrival

APP a posteriori probability

AQNM additive quantization noise model
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AWGN additive white Gaussian noise
BER bit error rate

BS base station

CDF cumulative density function
CoMP coordinated multipoint

CP cyclic prefix

CSI channel state information

DAC digital-to-analog converter
DDPG deep deterministic policy gradient
DFT discrete Fourier transformation
DL downlink

DNN deep neural network

DRL deep reinforcement learning
FER frame error rate

GoB grid-of-beams

KKT Karush-Kuhn-Tucker

LLR log-likelihood ratio
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LS least-square

MCD minimum-center-distance

MIMO multiple-input-multiple-output

ML maximum-likelihood

MMSE minimum mean-squared-error

mmWave millimeter wave

NGoB none-grid-of-beams

OFDM orthogonal frequency division multiplexing
OSS one-bit successive cancellation soft-output
PAPR peak-to-average power ratio

QAM quadrature-amplitude-modulation
Q-CoMP quantization-aware CoMP
Q-CoMP-PA quantized CoMP under per-antenna power constraints
Q-dCoMP quantization-aware deterministic CoMP
Q-iCoMP quantization-aware iterative CoMP
Q-Percell quantization-aware per-cell

RF radio frequency
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RL reinforcement learning

SER symbol error rate

SNR signal-to-noise ratio

SOCP second-order cone program

SQINR signal-to-quantization-and-interference-plus-noise ratio
TDD time-division duplexing

UL uplink

ULA uniform linear array

ZF zero-forcing
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Chapter 2

Coordinated Beamforming and Power Control
for Low-Resolution Systems: Total Power
Minimization

In this chapter!, I investigate a coordinated multipoint (CoMP) beam-
forming and power control problem for BSs with a massive number of antenna
arrays under coarse quantization at low-resolution analog-to-digital convert-
ers (ADCs) and digital-to-analog converters (DACs). Unlike high-resolution
ADC and DAC systems, non-negligible quantization noise that needs to be
considered in CoMP design makes the problem more challenging. I first for-
mulate total power minimization problems of both uplink (UL) and downlink
(DL) systems subject to signal-to-quantization-and-interference-plus-noise ra-
tio (SQINR) constraints considering non-negligible quantization noise and in-
terference. 1 then derive strong duality for the UL and DL problems under

coarse quantization systems. Leveraging the duality, I propose a framework

!This chapter is based on the work published in the following journal paper: J. Choi,
Y. Cho, and B. L. Evans, “Quantized Massive MIMO Systems With Multicell Coordinated
Beamforming and Power Control,” in IFEFE Transactions on Communications, vol. 69, no.
2, pp-946-961, Dec. 2020. This work was published in part in the following conference
paper: Y. Cho, J. Choi, and B. L. Evans, “Coordinated Multicell Beamforming and Power
Allocation for Massive MIMO with Low-Resolution ADC/DAC,” in IEEE International
Conference on Communications (ICC), Jun. 14-23; 2021. This work was supervised by
Prof. Brian L. Evans.
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that is directed toward finding the optimal UL transmit power and the op-
timal DL precoder. 1 also extend the derived result to wideband orthogo-
nal frequency-division multiplexing systems to optimize transmit power and
beamformer for all subcarriers. Under homogeneous transmit power and SINR
constraints per cell, I further derive a deterministic solution for the UL CoMP

problem by analyzing the lower bound of the SQINR.

2.1 Introduction

Employing large-scale antenna arrays at the BS has been widely studied
in last decades as a potential future wireless communication technology be-
cause of its significant gain in spectral efficiency [56]. Due to the large number
of antennas followed by power-demanding high-resolution ADCs and DACs,
however, significant power consumption becomes one of the primary practi-
cal challenges in realizing the system. Accordingly, employing low-resolution
quantizers has attracted the most interest as a low-power solution in recent
years [22,38,48,89]. In multicell systems, non-negligible quantization error
due to the low-resolution quantizers is a function of not only the in-cell chan-
nels and beamformers but also the inter-cell channels and beamformers. In
this regard, I investigate CoMP beamforming and power control problems in
low-resolution massive multiple-input and multiple-output (MIMO) systems
to take into account the effect of the quantization error to the beamformer

design and power control in the multicell communications.
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2.1.1 Prior Work

As modern cellular systems operate on the interference-limited regime,
the coordination between base stations (BSs) or users has shown large gain
in communication performance [8,23, 36, 44, 65, 80, 85, 87, 88]. Due to the dif-
ficulty in designing DL BF, the DL beamforming was derived by exploiting a
virtual UL concept based on the duality between UL single-input and multiple-
output and DL multiple-input and single-output systems. In [8], relaxing and
casting the DL beamforming problem into a semidefinite optimization prob-
lem, a DL beamforming solution was efficiently computed by using interior
point methods. In addition to the semidefinite relaxation optimization for
the beamforming design, BS allocation and congestion control were further
investigated in [88], providing substantial increase in the system performance.
Assuming interference only from adjacent cells, a Kalman smoothing based
beamforming method was developed by recasting the DL beamforming prob-
lem to a virtual minimum mean-squared error (MMSE) estimation problem to
design network-wide MMSE beamforming without requiring a central process-
ing unit [65]. Linear programming-based network duality for MIMO UL and
DL with a single layer was leveraged in [87] to develop more efficient beam-
forming algorithms both in convergence and performance. Lagrangian based
duality for multiuser MIMO systems was further derived in [23] and used to
propose an distributed algorithm, requiring less synchronization and complex-
ity burden on users and BSs. Practical constraints such as limited backhaul

capacity was considered in [80], and a CoMP beamforming system was imple-
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mented in a real field testbed in [36], showing its benefits in spectral efficiency
especially for cell edge users. Improving the data rates of cell-edge users, a
CoMP beamforming problem based on interference alignment was also stud-
ied in a non-orthogonal multiple access system [85]. Recently, understanding
the benefit of employing a large antenna arrays at the BS, the performance
gain from using massive antenna arrays jointly with CoMP beamforming was
demonstrated by providing a more robust link and more localized interfer-
ence [44]. The authors in [81] proposed the efficient and reliable multiplexing
scheme in case of multi-user connectivity. Although prior findings in MIMO
CoMP systems can be naturally extended to massive MIMO systems with
high-resolution ADCs and DACs, employing low-resolution ADCs and DACs
further needs to be considered to address the excessive power consumption

problem.

Problems of minimizing transmit power for given quality of service con-
straints were often investigated [37,76,77]. In case of single MIMO systems,
the authors in [37] presented the generic class of optimization problems that
can embrace many wireless communication problems subject to power con-
straints. In [77], a multicell CoMP UL beamforming and power control method
was developed by utilizing a fixed point iteration method. In addition, a mul-
ticell CoMP DL beamforming and power control method was further proposed

in [76].

To achieve power-efficient communications, low-resolution ADC archi-

tectures have been extensively investigated in recent years [17-19,22, 39,41,
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52,69,89,97,98,104,110]. As an effort to realize low-resolution ADC systems,
essential wireless communication techniques such as channel estimation and
detection have been developed in low-resolution ADC systems [17,22, 39,41,
52,89,97,98]. Unified frameworks for channel estimation and symbol detection
were developed for 1-bit ADC systems by using 1-bit maximum likelihood esti-
mation [22]. Quantized maximum a-posteriori channel estimation and data de-
tection were also developed by showing that 4-bit ADCs yield no performance
loss from infinite-resolution ADCs [89]. For orthogonal frequency-division mul-
tiplexing (OFDM) systems, a generalized turbo estimator was utilized for chan-
nel estimation and symbol detection with over-the-air experiments, showing
reasonable reliability when using low-resolution ADCs [97,98]. In [17,41],
learning-based detectors were proposed without requiring explicit channel es-
timation. As a special low-resolution ADC system, a detector for mixed-ADC
systems was proposed in [110]. In addition, a resolution-adaptive ADC system
was proposed with near optimal bit-allocation solutions [18]. For tractability,
linear quantization models such as Bussgang decomposition [39,52] and an
additive quantization noise model (AQNM) [19,69, 104] were utilized by pro-

viding insightful analytical results.

Low-resolution DAC systems have also been studied in many litera-
tures [38,48,95]. Achievable rates with linear precoders were derived in low-
resolution DAC systems, and a nonlinear precoder was developed for 1-bit DAC
systems, showing that using 3-4 bits offers comparable performance to infinite-

resolution DACs and that the proposed 1-bit precoder causes only 3 dB loss
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from infinite-resolution DACs [38]. A universal precoding approach was fur-
ther developed in [95] by improving the performance and complexity trade-off
from [38]. The rate analysis in [51] showed that using 2.5x more antennas can
compensate for performance loss due to using 1-bit DACs. In addition, a con-
structive interference approach was adopted in [48] to develop a low-complexity
precoder for 1-bit DAC systems. For orthogonal frequency-division multi-
plexing (OFDM) systems, the rate and bit-error-rate (BER) analysis in [40]
demonstrated that using 3-4 bits can achieve the BER comparable to that of
infinite-resolution DAC systems. A mixed-DAC as well as mixed-ADC system
was also considered in [108] for relaying channels. Bussgang decomposition was
adopted in [38,51,103] to linearize the low-resolution DAC system to develop
precoder and analyze system performance. Interestingly, it was shown in [103]
that employing low-resolution DACs can offer more reliable secure communica-
tion depending on system configuration. The AQNM was also used in [24, 78].
In [78], numerical comparison among digital beamforming and hybrid analog
and digital beamforming with fully-connected and partially-connected phase
shifter networks was provided. In [24], using low-resolution ADCs and DACs
provided benefits in reducing power consumption while maintaining achievable

rate in full duplex systems.

The prior works on low-resolution ADCs and DACs disclose that using
low-resolution quantizers can significantly reduce the power consumption at
the BSs while maintaining desirable spectral efficiency. Given the benefit of

using low-resolution ADCs and DACs in the spectral efficiency and energy effi-
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ciency trade-off, it is indispensable to consider coarse quantization systems for
CoMP beamforming with massive antenna arrays. However, the non-negligible
quantization error that is a function of channels, beamformers and transmit
power makes the CoMP problem more challenging to solve. Due to the quan-
tization error, it is unknown whether previous findings in the prior works can
still be valid in the low-resolution ADC and DAC systems. Regarding the
OFDM system, the quantization effect involves the OFDM modulations as
well as beamforming and channels, which leads to highly complicated prob-
lems. Therefore, comprehensive study on CoMP for massive MIMO systems

with low-resolution ADCs and DACs is desirable.

2.1.2 Contributions

In this work, I investigate joint beamforming and power control prob-
lems in coordinated multicell networks with BSs equipped with a large number
of antenna arrays. I focus on coarse quantization systems where the BSs are
equipped with low-resolution ADCs and DACs to achieve energy-efficient com-
munications. Accordingly, the non-negligible quantization error which involves
various system functions needs to be properly manipulated. For tractability,
I adopt the AQNM for modeling the quantization system. The contributions

are summarized as follows:

e First of all, I formulate the minimum total transmit power problem sub-
ject to individual SQINR constraints for both DL and UL. Then I prove

the duality between the DL and UL problems under the coarse quanti-
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zation systems by showing that the Lagrangian dual problem of the DL
problem is equivalent to the UL problem with MMSE combiners. I fur-
ther demonstrate that there is no duality gap, i.e., strong duality holds,
by casting the DL problem into a standard second order conic problem

and by showing strict feasibility with respect to the beamformer.

e Leveraging the strong duality, I propose a fixed point iterative algorithm
to jointly solve the DL and UL problems. Using the properties of a
standard function, I show that the algorithm converges to a unique op-
timal set of transmit powers for the UL problem. I further show that
the optimal DL beamformers can be obtained by scaling the UL MMSE
combiner that includes the optimal transmit powers. I also remark that
the proposed algorithm can be implemented in a distributed manner
with in-cell channel knowledge and without requiring explicit estimation

of inter-cell channels.

e Assuming homogeneous transmit powers and SQINR constraints per cell,
a deterministic algorithm is developed to provide a closed-form solution
for the UL beamforming and power control problem. To this end, I
consider an MMSE equalizer and derive a lower bound of the minimum
SQINR for each cell. Then the solution is derived as a linear function of
the SQINR constraints and maximum eigenvalues of matrices that are

composed of channels.

o [ extend the CoMP beamforming and power control problem to a wide-
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band OFDM system. I first derive DL and UL system models by in-
corporating the coarse quantization effect into the OFDM modulation.
Then I formulate the minimum total transmit power problems for UL
and DL to find the optimal beamformer and transmit power for each user
and subcarrier subject to the SQINR constraints for each user and sub-
carrier. Manipulating the quantization error that is intertwined with not
only the channels, beamformers, and transmit power but also the OFDM
modulation, I show that the strong duality also holds for the wideband
OFDM systems and the similar results as the narrowband system can

be applied.

e Simulation results validate the derived theoretical results and demon-
strate that the proposed iterative CoMP algorithm achieves the target
SQINR. The algorithm also outperforms a conventional per-cell method

in terms of accuracy and minimizing total transmit power.

2.2 System Model

I consider a multicell multiuser-MIMO network with N, cells, N, single-
antenna users per cell. Users are served by an associated BS with N, antennas
(Ny > N,), i.e., users in cell i are served by a BS in cell i. I assume that
the BSs for all N, cells are equipped with low-resolution ADCs and DACs
with equal bits, i.e., b-bit ADCs and DACs for all BSs and all BSs cooperate
as shown in Fig. 2.1. Time-division duplexing (TDD) is considered in the

system.
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Figure 2.1: Multicell multiuser-MIMO network which is incorporated with
low-resolution ADCs and DACs at the BS.

2.2.1 Uplink Narrowband System

Each user u in cell ¢ transmits signal z}', = \/ES;‘L over a narrowband
channel, where \; ,, and sflu are transmit power and a symbol, respectively. The
narrowband channel vector between user w in cell j and the BS in cell i (BS;)
is represented as h; ;, € C™. Then, the received baseband analog signal at

BS; is expressed as

Ne
ul _ ul ul ul
r, —Hiﬂ-xi + E Hi,ij +Ill-
J#i

Ne
o 1/2_ul 1/2_ul 1
=H; A%+ Hi A s 4! (2.1)
JF
where H,; ; € CY*M is the channel matrix between BS; and users in cell j
whose uth column is h; j,, x{' € C™ and si' € C™* are the transmit signal

ul
1,u0

and symbol vectors of the IV, users in cell 7, whose uth entries are a:;”u and s
respectively, A; = diag(A; 1, ..., A n,) is the the transmit power matrix of the

users in cell i, and n{! € C™ is the additive white Gaussian noise (AWGN)
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vector at BS;. Throughout this chapter, I consider a normalized variance for
AWGN without loss of generality, i.e, ni' ~ CN(0,Iy,). I further consider that
st has a zero mean and unit variance. I can rewrite the analog received signal

(2.1) in a more compact expression as
1/2
r; = H;AY 2" 4+ n¥!

where Hz = [Hi,la e 7Hi7Nc] € (CNbXNCNu, Su1 = [(Sllﬂ)T, ceey (SIJI\}C)T]T < CNCNu,

and A = blkdiag(A4,...,Ay,) € CNeNwxNelu,

I consider that each ADC has b quantization bits. I adopt the AQNM [29,
69] to obtain a linearized approximation of the quantization process derived
from assuming a scalar MMSE quantizer. Under the AQNM, the quantized

signal vector can be given as [29]
Q(I‘J ~ ryi

Ne
= aHmAil/Qs;ﬂ%—a Z HivjA;/zs}ﬂjLan;ﬂ + q%ﬂ (2.2)
J#1
where Q(-) is an element-wise quantizer applied to the real and imaginary

parts. The quantization gain « is a function of the number of ADC bits and

defined as o = 1 — 3, where 8 = E[]g[l_r7|’31|2] [28,29]. Assuming that s} is
Gaussian distributed, i.e., st ~ CN(0,1Iy,),Vi, the values of 3 are listed in
Table 2.1 for b < 5, and S is approximated as [ ~ %32*% for b > 5 [31]. The

quantization noise q¥ is uncorrelated with r; [29] and considered to follow the

complex Gaussian distribution with a zero mean and covariance of [29, 69

C = a1 — a) diag(H;AHY + Iy,). (2.3)

1 1
ai"q;
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Table 2.1: Quantization Gain o For ADC Quantization Bits b < 5

b 1 2 3 4 5
B 10.3634 | 0.1175 | 0.03454 | 0.009497 | 0.002499

Once the received signals are quantized, they are combined with F; at

BS;. Then I have
y;ﬂ = FiHeri

Nc
1 1
=aF/'H; A?s"+0) F/'H; ;A?s!"+aF /' +F/q}"
J#
Accordingly, the quantized and combined received signal for user u in cell 7 is

given as

il = an/ Ay s, +a2\/ Niof L st

vFEU
Ne,Ny,
+a Z Vot st +af i n+ £ g
JFi
v
(Ne,Ny)

H ul
= (y/ zuf zzus + « E V ]v ,]U'Sjv

(G0)#(u)
+ af I ni + fl fq

7,UT

where f; , is the uth column of F;.

2.2.2 Downlink Narrowband System

Similarly to the UL quantized signals, the transmit signal vector quan-

tized at low-resolution DACs of BS; with a precoder W; € CM*M is expressed
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as [24,78,108|
X?l = OéWz‘S?I + q;-ﬂ S (CN”,

where s{! ~ €N(0,Iy,) denotes the transmit symbol vector for the N, users

in cell i, and q € C™ is a quantization noise vector with a covariance [24]
Cq?lq?l = a(l — a)diag(WiWZH). (24)

The same assumptions are made for the quantization as the UL system and
« is also identical to the one in the UL system with the equal quantization

resolution as the ADCs. Under TDD, the channel vector between BS; and

H

user u in cell ¢ is hi; . The received signal at user w is

(chNu) Nc
d _ .H dl H dl H A, d
Yiu —O‘hz‘,z‘,uwz‘,usi,u‘f’a E hj,z’,ij,vsj,v"‘ E hj,i,qu TN,
(4,0)#(4,u) Jj=1

where w;,, is the uth column of W; and nf} is the AWGN distributed as

nd, ~ €N(0,1).

2.3 Uplink and Downlink Joint Beamforming and Power
Control
In this section, I formulate transmit power minimization problems for
the UL and DL systems subject to SQINR constraints and propose algorithms
that solve the problems. Throughout this dissertation, P, b denotes the bth
problem defined in Chapter a. First, the UL problem is formulated to minimize

the transmit power of the users in N, cells with an individual user SQINR
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constraint as
Ne,Nu

Pyl mln Z Xia st nflaxFul > Yiws Vi, u (2.5)

U —
zu7 T,

where Ful is the UL SQINR of user u in cell ¢, which is computed as

ry}u = (2.6)
2/\1 u| z,z,u|2

NC7Nu
Z( ) jv|th,Jv|2+a2||fzu||2+fHququ

(4,0)#(u

Unlike the perfect quantization system (no quantization error), F;ﬂu has the
additional term associated with quantization error, ! Cq g fi., which is a
function of the channel and the transmit power \;,. In addition, it is also
involved with the combiner f;,. Accordingly, the effect of coarse quantization

needs to be incorporated when solving Ps 1

Now the DL problem is formulated to minimize the transmit power of

the BSs in IV, cells with an individual user SQINR constraint as
Ne¢,Ny

P22: min az W Wi, st TH >, Viu (2.7)

U —
’L’u

where
2|W hzzu‘2

ZE;V’LC)’Nuzu ‘ ]1} ],lu|2 +ZNP hﬁuc dl dlhjzu+ 1

dl __
LU

(2.8)

Note that « in the objective function is a fixed scalar which does not change
the solution of P, 2. The solution of P52 also needs to incorporate the effect
of the coarse quantization, i.e., quantization noise covariance ququl as it is a

J

function of W; and involved with channels h;;,,.
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2.3.1 Uplink and Downlink Duality

In this subsection, I extend the duality of the UL and DL power
minimization problems for infinite-resolution quantizer systems [23] to low-
resolution quantizer systems by incorporating the quantization error terms.
Exploiting the duality, I propose an iterative algorithm based on the fixed-
point iteration [105] and further prove optimality and convergence of the al-

gorithm.

Theorem 1 (Duality). The uplink transmit power minimization problem Py 1
in (2.5) is equivalent to a Lagrangian dual problem of the downlink transmit

minimization problem Py 2 in (2.7).

Proof. See Section 2.7. [

This result generalizes the UL-DL beamforming duality derived in [23]
to any quantization resolution since the Py 1 and Py 2 become equivalent to
the UL and DL power minimization problem without quantization error, i.e.,
b — oo (equivalently, @« — 1). To propose an algorithm which solves P51 and
P52, and to prove its optimality, I first show strong duality between Py 1 and
Py 2.

Corollary 1 (Strong duality). Strong duality holds for Py 2 and its Lagrangian

dual problem.

Proof. See Section 2.8. N
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2.3.2 Distributed Iterative Algorithm

In this subsection, I characterize solutions by exploiting the strong du-
ality between P51 and Py 2, and develop an iterative algorithm that finds the

solutions for P 1 and Py 2 simultaneously.

Corollary 2. The optimal transmit power for the uplink minimization problem

(2.5) is derived as

1

a1+ 75 )0l K (A)b,

10U

where K,(A) = INb + aZj,v Aj,vhi,j,vhfj,v + (]_ — a)dlag(HzAHZH) with the
MMSE receiver as
~1
fio=(0? D Ahiiohfl, + aly, + a(l - a)diag(HAHY)) i,

(0) (i)
(2.10)

Proof. See Section 2.9. O

The solution in (2.9), however, is a function of all transmit powers
including itself. Hence the solution does not fully solve the problem; I develop
an algorithm to find an optimal set of transmit power by utilizing the solution.
Once I find the optimal transmit power, I can compute the MMSE combiner
F; based on the transmit power. In addition, I show the linear relationship

between the optimal UL MMSE combiner and the optimal DL precoder.

Corollary 3 (DL precoder). With the scaling factor, an optimal downlink

precoder can be linearly proportional to the uplink MMSE receiwer, i.e., W;,, =
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VTiafiu Yi,u, and 7, is derived as T = 2_11, where 1 s a N,N, x 1

column vector with entries of all ones, T = [t1,73, -, Tx ] with 7] =
T
[TinsTigy TN, ] s and
Y00 Y 0 X
o1 Xep -0 Mo,
Y= , _ , , : (2.11)
I Bnez o BNN

Each element of 3, ; € RN“*N s defined as (2.12)

2

e~ vinl? — a(l— oz)fHdlag(hZ ; uhfIZ )
’LfZ—] and u = v,
Yiilue = 2.12
[Zigh, —a?[ffhy; .7 — a(l — a)ff diag(h,,; . )E;, (2.12)
otherwise.
Proof. See Section 2.10. [

Now, I use an iterative standard power control algorithm [23,102, 105]
to find the optimal UL transmit power by exploiting (2.9), which allows us to
compute the optimal UL MMSE combiner and DL precoder; let )\ ) be the

UL transmit power at nth iteration. The algorithm is as follows:

Step 1. Initialize )\ Vi, u.

Step 2. Iteratively update the transmit power )\gﬁfl) until converges, using

(2.9) as

1
A = , Vi, . (2.13)
o155 )nf K (A)h

55



Step 3. Find the UL MMSE combiner f;, in (2.10) with ), , obtained from
the Step 1 and 2.

Step 4. Compute the DL precoder w;,, based on Corollary 3.

As remarked in [23], K; may be estimated locally at each BS;, the fixed-
point iteration in Step 2 for the optimal UL transmit power only requires
the user channel information in the associated cell at the BS without the
need for the explicit out-of-cell channel knowledge. In addition, the scaling
coefficient 7;, for each user can be considered as a DL transmit power on
the effective channel that achieves the target SQINR. According to [30], the
transmit power (equivalently, 7;,) can be obtained using a per-user power
update algorithm, whose convergence is guaranteed [105]; each step of the
algorithm computes 7;,, that satisfies its target SQINR while assuming other
Ty’ are fixed. Therefore, the proposed algorithm can be implemented in a

distributed manner.

Corollary 4 (Convergence). For any initial points Ag, Vi, u, the proposed
fized-point iterative algorithm converges to a unique fixed point at which total

transmit power is minimaized.

Proof. See Section 2.11. [

Therefore, the fixed-point iteration in Step 2 always converges to an
unique fixed point that is the optimal transmit power, and the optimal solu-

tions for Py 1 and P2 2 can be obtained.
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2.3.3 Deterministic Solution for Homogeneous Transmit Power and
SQINR Constraint per Cell

In this subsection, I derive a deterministic transmit power solution for a
special case in which transmit powers and SQINR constraints are homogeneous
within each cell for UL, i.e., A;, = A; and 7;,, = 7, Vu. I solve this problem by
forcing the minimum SQINR to satisfy the SQINR constraint; min, I'; ,, > i,
Vi,u, and by relaxing the problem with the lower bound of the minimum
SQINR. With the MMSE equalizer F;, the matrix of MSE for UL in cell ¢

becomes
Ne -1 -1
E;nmse = (QQ/\ZHE; (OéQ Z )\jHiiji{j + Oéleb + Cq;ﬂq;ﬂ) Hi,z’ + INu>
J#i
(2.14)

Consequently, the SQINR of user uw in cell ¢ can be expressed as I';, =
1/[EP™se], ., — 1. As shown in [11], the minimum SQINR in cell i is given
as

1

minl’;, = -1
W e, [ER,

1
2 ey — 1
cigy (E;")

Ne¢ —1

= eigm<a)\ini<a > NHH] 1y, + (1-a)diag(HAH] )) H) .
i

(2.15)

Let H], = (H/HL,) ' HE, Ay = eigy (HIHHE R, B, = eigy (HIHL,) ),
and C;; = eigy (Hjldlag(H”Hfz)Hﬁ> Then (2.15) further becomes (2.16)
where (a) comes from Corollary 1 in [11], and (b) is from diag(H;AH?) =

>, Ajdiag(H, jHYY) due to A; = Aily,, Vi and Corollary 1 in [11].
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O{)\Z’
cigy, (HT (a S AVHHE £ 1y, + (1 - a)diag(HAHY )) H!Y )
@ al;
>

~ den
(>b) a/\i
T« Z];éz )‘jA’L',j + Bz + (1—&) Ej )\]'Civj’
where den = « Z Ajeigy (HlelJHZH]HI{I> +eigy (HLHI?>
J#i
+(1—a)eigy <szd1ag(HZAHf{)Hj?)

(2.16)

By setting (2.16) equal to 7; for all 4, the following equation can be
established:

A= lr@r+b)
(6%

where A = [A\y,..., \n.]7, T = diag(y1,...,7.), b = [B1,..., Bx.]%, and the
(7, 7)th element of Q is given as
u)”_{(1—00(11-,1. if i = j
"l adi; + (1 —a)C;;  otherwise.
Finally, the deterministic UL transmit power is derived as

1

(0%

LY éI‘Q)lFb. (2.17)

I note that the deterministic solution in (2.17) may have negative \;

when the target SQINRs become high, i.e., the problem may easily become
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infeasible since the deterministic approach has a reduced feasible set by as-
suming homogeneous transmit powers per cell and by solving the problem for
the SQINR lower bound. I briefly introduce a possible approach to manage
this issue. Since the communication often operates in the interference-limited
regime in the multicell system, changing the signs of all transmit powers only
causes a marginal change in the SQINR according to (2.6). In this regard,
if \; < 0, Vz, I simply take the absolute value of \; as a solution. If there
exists \; < 0 only for a subset of the cells, I can set the largest \; to zero and
re-compute (2.17) until I have \; > 0, Vi, because the cell with the large \;
can be considered to have weak channels. As a result, some of the cells can
be assigned with zero transmit power. Then those cells can be scheduled in

different time or frequency resources.

2.4 Extension to Wideband OFDM Systems

In this section, I extend the total transmit power minimization problem
to wideband OFDM systems under coarse quantization at the BSs. I first need
to derive signal models for multicell OFDM systems by taking into account

quantization error coupled with OFDM modulations.

2.4.1 Uplink OFDM System with Low-resolution ADCs

Let s¥'(k) € C™ denote the vector of symbols of N, users in cell i at

subcarrier k, and let

ul(k) = Ay(k)" s} (k),

1
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where A;(k) = diag(Xi1(k), ..., Ain, (k) is the diagonal matrix of transmit
power. Let x;(k)" € C™* be the vector of OFDM symbols of N, users in cell i
at time k. The OFDM symbol vectors are stacked as x! = [x(0)7, ..., x"(K—

K3 (2

DT)T € C¥N«. Then x!' can be represented as
(WgFT ®IN ) \I’H A1/2 ul

where s = [st(0),...,s"(K — DT]T, u® = [u(0)T,..., u(K — 1D)T]T,

Ai = blkdlag(AZ(O), c. ,Az(K— 1)), \I’Nu = (WDFT X INu)7 and WDFT is a

normalized discrete Fourier transform (DFT) matrix.

Let ri'(k) € C™ be the received baseband analog signal at time k af-

ter cyclic prefix (CP) removal at BS;. Staking for K-symbol time as ri! =

r(0)7, ... e (K — 1)T]T € C*™ | the stacked received baseband analog sig-

nals at BS; is expressed as
H, x| +ZH”x}ﬂ+n
J#
where Hi,j = blkcirc (Hi,j,(b 0, Ce ,0, Hiyj,Lfl, R 7Hi,j,1> € CKNbXKNU repre-
sents the block circulant channel matrix, H; ; , denotes the time domain chan-
nel matrix between BS; and users in cell j for /th tap, L is the channel de-
lay spread, and n¥" is the stacked AWGN vector n¥ = [n#(0)7, ... nM(K —

()

1>T]T ~ GN<O7 IKNb)'

The received signals are quantized and expressed under the AQNM as

Qr}") = ry; = oM, x)" + @ZH” x' + an}' + g
J#i
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where g = [q(0)7, ..., q/"(K—1)"]" € C*™ ~ eN(0, Cququ) is the stacked
quantization noise vector for the received signal at BS;, whose covariance ma-

trix is [29]

2

Nc
=a(l — a)diag(Zﬂm\I’%uAj‘PNuﬂm + IKNb>.

J=1

Now the quantized signals go through DFT operation and become

yzﬂ = (Wppr ® IN;,)K;II

= oWy H, N A + 0y Uy H, U ALY
J#i
+ Wy + Uy gt

=aG;; Az-l/2§;‘l +a Z G. AY%sv 4 o' + gfl

—,j=] =J
J#i

where ¥y, = Wppr®ly,, G, ; = Uy, H, WY = blkdiag(G;;(0), -+, G ;(K—
1)) € CHM" BN where Gy (k) = o H e~ %" is the frequency domain
UL channel matrix for subcarrier k& between BS; and users in cell j, A =
' (0)7, ... af (K = 17" = Wy,ni', and @ = [q"(0)7, ..., (K - 1)7]" =

\Ile(_lzll.

The received signal at subcarrier k is then given as

i (k) =aGii(k)Ai(k)si (k) + o Z G (k)A; (k)s}' (k)
J#i
+ o (k) + (k) (2.19)
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I (k) = (2.20)
zAzu(k)’fzI{L(k)gmu(k)P
a2y A (R (R) g o ()% 4 02850 ()2 + £, (k) Cm g o Firu ()

and y¥ (k) is combined with an equalizer F;(k). The combined signal for user
u at subcarrier k is now given as
£ (k)Y () = aAJ,L%k)ffi(k)gm(k) b (k)

Ne¢,Ny

+a Y NP (k) g g (k) sit (k)
(Jw)#(6u)
+ o, (k)i (k) + £, (k)& (k),

where f/7 (k) is the uth column of F;(k) and g; (k) is the vth column of
G, ;(k). I note that n' ~ €N(0,Ixy,). The SQINR for user u in cell i at
subcarrier k is computed accordingly as (2.20) which is on top of the next

page. Based on (2.18), Cg, (g, (k) is expressed as

Carwa o = (1 — @), (k)
Ne
x diag< S H VT AUNH, ¢ IKNb> vl (k) (2.21)

j=1
where ¥y, (k) = ([WDFT]k+1,: ® INb). Finally, using (2.20), the UL OFDM
transmit power minimization problem is formulated as

Py 3 Z/\w (2.22)

zuk

ul :
s.t. f?}f(tl}c{) I’w(k;) > Yiuk, Vi,u,k.
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In addition to all users in all cells, the maximization needs to be performed

for all subcarriers.

2.4.2 Downlink OFDM System with Low-resolution DACs

The DL OFDM system with low-resolution DACs can be modeled by
following similar steps as the UL OFDM system with low-resolution ADCs.
Accordingly, I briefly explain the system model by pointing out the key dif-
ferences such as precoding and DAC quantization, and definitions of symbols
are the same as the ones used in Sec. 2.4.1 unless mentioned otherwise. Simi-
larly to the UL OFDM system, the stacked OFDM symbol vector at BS; over

K-symbol time, x% € CEM ig expressed as
dr_ H dl _ qH dl
x; = (Wppr ® Iy, )uf’ = ‘I'waz@i

where the block diagonal precoding matrix is W, = blkdiag(W;(0), ..., W;(K—
1)) € CKNoxENu — Before being transmitted, x& is quantized at the low-

resolution DACs as [29, 108]
Xq: = 0+

where g?l ~ CN(0, Cgaiqa) is the stacked quantization noise vector at BS; and

its covariance matrix is computed as [29]

Cqugn = a1l — a)diag (Th W, Wy, ). (2.23)

—1 —=1

After transmitting x&, N, users in cell i receive signals from all BSs.

Stacking over K subcarriers after CP removal and DF'T, the received signals
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o?|g}% (k) wiu (k)|

(g 2.25
z,u( ) den ( )
Ne,Ny
den = o Z !gfi,u(k’)wj,v(k’w
(Jv)#(iu)

Ne
a(l—a)) gfivu(k)‘llediag (ngWjW?wa)mﬁbgj7i7u(k)+1

(2.26)

at the users in cell 7 becomes

X‘,ﬂ = agﬁﬂisdl—l—az GHW Sdl—irz G; \I!qudl—l—\I! nG11
J?él

= oG/ Ws! +a Z G/ i W, st +4qf + af!
J#i
where g ZN“ GH \Ileq and ' = Uy n?". Recall that the UL block-
diagonal frequency domain channel matrix between BS; and users in cell i is
defined as G, ; = blkdiag(G,,;(0), -+ , G;;(K —1)) € C*"* N Accordingly,
the DL frequency domain channel matrix is its conjugate gﬁ in the TDD
system. The received signal at user u in cell ¢ for subcarrier k is given as

yil (k) = agl , (k)w,.(k)s, (k)

NC NU
(Fw)#( zu)

Based on (2.23) and (2.24), the DL SQINR for user u in cell ¢ at sub-

carrier k is computed as (2.25) which is on the top of the next page, where
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g . (k) denotes the (kN, + w)th column of G,

;» 1.e., the entire column of G,
=7,%U D> —7,2

that corresponds to the channel for kth subcarrier of user u. Using (2.25), the

DL OFDM transmit power minimization problem is formulated as

Pod: mi&) ay wi (k)ywi. (k) (2.27)
Wisu i,u,k

st TE,(k) > Yiug: Vi u, k.

2.4.3 Joint Beamforming and Power Control for Wideband OFDM
Systems

Unlike the narrowband system, the quantization noise terms coupled
with not only beamformers and transmit power but also OFDM modulation
are the main challenge for showing the duality. In the following theorem, I

prove the duality by handling this issue.

Theorem 2 (Duality). The duality holds between Py 3 and Py 4.

Proof. See Section 2.12. O

Corollary 5 (Strong duality). Strong duality holds for Po 4 and its Lagrangian

dual problem.
Proof. See Section 2.13. ]

Since I have shown that the duality between Py 3 and P, 4 exists without
duality gap, the optimal solutions can be characterized via the duality. Here

I briefly describe the overall procedures as they are similar to the narrowband
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case; solving Karush-Kuhn-Tucker (KKT) conditions, I can show that the UL
ODFM problem P33 can be solved by the distributed iterative algorithm that

is proposed in Sec. 2.3.2 with the following solution:

1
a<1+ 1 >g£7u(k)K;]i(A)gzzu(k>

Yi,u,k

)‘z,u(k) =

(2.28)

Note that (2.28) needs to be computed over not only users but also subcar-

riers at each BS. Now let )\Z("H) = fiuk (A(")). Then, as in the proof of

Corollary 11, the convergence of the iterative method can be proved by show-
ing that f; ., (1_\(")) is a standard function. Using the obtained optimal UL
transmit power \;, (k) from the standard fixed-point iteration, the MMSE
equalizer F;(k) for the received signal at each subcarrier y® (k) is computed

as F;(k) = Cz_i,lu(k)zl,yu(k)gmu(k) where Cz_:u(k) () Is given in (2.47). Based on

Zi oy

F;(k), I can also obtain the optimal precoder W; (k) for P 4 from appropriate

scaling of F;(k) as shown in Corollary 6.

Corollary 6 (Precoder). With the proper scaling coefficient in wideband case,
an optimal DL precoder can be proportional to the uplink MMSFE receiver, i.e.,
wiu(k) = /T (k) u(k) Vi,u k, and 1, is derived as 7 = X1, where 1

Liu

is a NyN.K x 1 column vector, = = [t7(0),-- ,7T(K — 1)]T with (k) =

[I{(/@‘),I?(k‘), o 7I%c(k)]T and IzT(k) = [Ii,l(k)aziQ(k)? TN, (k)]Tf and
> = blkdiag(X(0),...,X(K — 1)) whose submatriz is composed as

Sk Sk o Sk
(k) = Z21(k) ZQQ(k) 22,1\:10(]{) ’ (2.29)
Sua(k) Snok) - Sy (k)
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and

sl (B ()P~ a(1=a) 5, £ (n) ¥, (n)
xding (W g, (Mgl ()%, TH (0)f:(n)

R

(k) ]uw = ifif‘f; e (2.30)
— g (F)Ej0 (k) — a(1— Oé)Zn £, (n)¥n, (1)
Xdiag(\Il (k) (k)‘Ile) (”)fj,v(”)

] 7,0 7,00
\ otherwise.

Proof. See Section 2.14. O

Therefore, since the strong duality also holds between the UL and DL
wideband OFDM systems with low-resolution ADCs and low-resolution DACs,
respectively, I have shown that Py 4 can also be solved by using the distributed

iterative algorithm as the narrowaband case.

2.5 Simulation Results

In this section, I validate the derived theoretical results and the pro-
posed quantization-aware iterative CoMP (Q-iCoMP) algorithm and deter-
ministic CoMP (Q-dCoMP) algorithm. I also simulate the quantization-aware
per-cell (Q-Percell) based iterative algorithm by adapting the per-cell algo-
rithm in [76] to low-resolution ADC systems based on the derived SQINR
with quantization noise in (2.6). For the Q-Percell algorithm, each BS first
finds its optimal solution based on the iterative algorithm in [76] by considering
the inter-cell interference as noise and assuming it to be fixed. Once the BSs

derive solutions for the given noise power, they update the noise power and
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Figure 2.2: CDFs of the SQINRs of users in all cells for v = 0 dB target
SQINR, b = 3 quantization bits, and N, = 64 BS antennas with (a) N, = 2
cells with N, = 4 users per cell and with (b) N, = 7 cells with N, = 4 users
per cell.

find solutions again. These steps are repeated until the solutions converge.
For simulations, I use networks with N. € {2,3,4,7} hexagonal cells. As-
suming narrowband communications, I assume Rayleigh channels with a zero
mean and unit variance or small scale fading. For large scale fading, I adopt
the log-distance pathloss model in [27]. The distance between adjacent BSs is
2 km. The minimum distance between BSs and users is 100 m. Considering
a 2.4 GHz carrier frequency with 10 MHz bandwidth, I use 8.7 dB lognormal
shadowing variance and 5 dB noise figure. For simplicity, I assume that the

target SQINR ~ is equal for all users.

Fig. 2.2 shows the cumulative density function (CDF) of the UL SQINR
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of all users for v = 0 dB, b = 3, and N, = 64 with (a) (N. = 2, N, = 4)
and (b) (N, = 7,N, = 4). The proposed Q-iCoMP algorithm shows a step
function-like CDF at 0 dB SQINR with the least total transmit power among
the evaluated algorithms for both (a) and (b). This verifies the performance
of the Q-iCoMP algorithm that provides an optimal solution for the UL and
DL problems. Although the Q-Percell algorithm shows similar CDF, about
4% of users cannot achieve the target SQINR and the total transmit power
becomes excessive. Accordingly, the Q-Percell algorithm is only feasible when
the numbers of cooperating BSs and associated users are small. Regarding the
deterministic approach, more than 85% of users meet the target SQINR for
(a). For (b), however, about 55% of users cannot achieve the target SQINR,
and most of them have zero transmit power. Although the Q-Percell algorithm
shows better performance in satisfying the target SQINR than the Q-dCoMP
algorithm, its total transmit power easily diverges when the network becomes
denser. Therefore, the Q-iCoMP algorithm provides the best performance and
the Q-dCoMP algorithm can be more practical than the Q-Percell algorithm

for dense networks.

Fig. 2.3 shows the UL total transmit power versus the target SQINRs
for N, = 64, N. = 2, N, = 2, and b € {2,3,00}. For the considered tar-
get SQINR range, the Q-iCoMP algorithm shows the minimum total transmit
power. The increment in the transmit power due to the increased quantization
error is also small. Despite that the Q-Percell algorithm also achieves similar

performance at the low to medium target SQINR, the transmit power of the
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Figure 2.3: UL total transmit power versus the target SQINR for N, = 64 BS
antennas, N, = 2 cells and N, = 2 users per cell.

algorithm diverges in the medium to high target SQINR range. The Q-dCoMP
algorithm shows a larger gap between different quantization resolutions than
that in the iterative algorithms. I note that as the target SQINR increases, the
total transmit power curves of the Q-dCoMP algorithm show larger fluctua-
tion, and there are crossing points between different resolutions; as the target
SQINR increases, more BSs are likely to assign with zero transmit power to
reduce interference to the other cells, which happens more often with a less

number of quantization bits.

In Fig. 2.4, the UL network with N, =7 and N, = 4 is considered for

various b and N,. For N, = 16, the Q-Percell algorithm is almost infeasible
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4 users per

network with N, € {16,128} antennas, N. = 7 cells, and N, =
cell.

and the Q-iCoMP algorithm also shows divergence in the total transmit power
at the medium to high target SQINRs with a small number of quantization
bits. Increasing N, from 16 to 128 provides more than 10 dB SQINR gain.
Accordingly, for N, = 128 which is considered as a massive MIMO system,
the Q-iCoMP algorithm achieves the target SQINRs for all users without di-
vergence even with b = 3, whereas the Q-Percell algorithm still suffers from
excessive power consumption in the medium to high target SQINR range.

Therefore, in massive MIMO systems, the coordinated joint beamforming and
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Figure 2.5: Total transmit power versus the target SQINR for the UL and DL
networks with N, € {16, 32,64} BS antennas, N. = 3 cells, N, = 3 users per
cell, and b € {3, 00} quantization bits. The overlapped lines and markers can
demonstrate the derived strong duality.

power control can provide reliable and power-efficient communications even

with a coarse quantizer.

Fig. 2.5 shows the total transmit power over a wide range of target
SQINR for both UL and DL for N, € {16,32,64}, N. = 3, N, = 3, and
b € {3,00}. I note that the total transmit power consumed by the DL case
in Fig. 2.5 matches the UL transmit power consumption, which validates the

derived theoretical results.
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2.5.1 Covariance Estimation

In this subsection, I show how K; in (2.13) can be estimated without
the explicit inter-cell channel knowledge and its impact. I note that K, is
indeed a scaled covariance matrix of the quantized signal r,; by 1/a in the
uplink direction. Accordingly, I can estimate K; as follows: the BSs compute
)\Z(-Zfl), Vi,u at (n — 1)th iteration of the algorithm, and each BS; requests
the associated users to transmit pilots si! with the updated )\Eﬁ;l), where
|six| = 1 and E[s;x] = 0. Then each user transmits N, pilots per iteration
and BS; estimates K\, Vi as K" = %N,, M r((:i) (1) (ré?(t))H. BS; only
requires local observations ry; and in-cell channel knowledge H;; to compute
Aiu- Toreduce the pilot overhead, I leverage the correlation with the estimated
Kgm), m = 1,...,n — 1. Since the change in ), tends to rapidly decrease as
the algorithm proceeds, it is reasonable to accentuate the recent estimates

when exploiting the correlation. In this regard, I compute a weighted average

of the estimates as

H
n—1 S (m n N, n n
e K e S e (2 ()
K(n) _ P
' Z:;,:l m ’

which is used for computing )\573 in (2.9).

Fig. 2.6 shows the CDF of the SQINR including the results with es-
timated K; for v = 0dB, b = 3, N, = 64, N, = 7, and N, = 4. The K;
estimation cases with IV, = 5 and N, = 20 are evaluated. The estimation
cases achieve the target SQINR with less than —0.5 dB margin. The result

with 20 pilots achieves the target SQINR with higher probability compared
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Figure 2.6: CDFs of the SQINRs of users in all cells for v = 0 dB target
SQINR, b = 3 quantization bits, N, = 64 BS antennas, N. = 7 cells, and
N, = 4 users per cell.

to the estimation with 5 pilots. In addition, the total transmit powers for
the K; estimation cases show a marginal increase compared to the perfect K;
case, whereas the Q-Percell algorithm requires excessive total transmit power
to meet the target SQINR. Here, I exploit the correlation among Kg")’s to
derive a more accurate estimate as one of the possible approaches. I remark
that channel time correlation and in-cell channel knowledge can be further

leveraged for improvement.

2.5.2 Complexity and Convergence

I compare complexity of the proposed and per-cell algorithm. In the

massive MIMO regime, the inversion of K;(A) dominates the complexity for
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computing \; . Consequently, the total complexity becomes O(T N, N3?) where
T is the number of iterations of the proposed algorithm. In addition, the
per-cell algorithm also requires O(T,N,N;) where T, denotes the number of
iterations of the per-cell algorithm. I remark that since K;(A) is a Hermitian
symmetric and positive semi-definite matrix, the number of floating point op-
erations for the inversion of K;(A) can be reduced by exploiting a Cholesky

factorization approach [45].

Fig. 2.7 shows the convergence results of the proposed method and the
per-cell method for v € {-5,0,5} dB, b = 3, N, = 64, N. = 4, and N,, = 3.
Fig. 2.7(a) shows the efficiency of the proposed algorithm by showing that
the convergence of the proposed method is faster than that of the per-cell
algorithm. In addition, a meaningful transmit power can be achieved within 3
to 10 iterations depending on the target SQINR, which is much smaller than

the per-cell algorithm.

In Fig. 2.7(b), I evaluate the proposed algorithm over time-variant chan-
nels to show how the algorithm can improve the convergence rate. Assuming
a block fading model, the channel is time-invariant during the channel co-
herence time T,.. A channel realization within nth channel coherence block,
ie., t € [nTC, (n + 1)TC>, is denoted as h; ;,(n), Vi, j,u. I consider that the
channel model is written as h; ;. (n) = piju€iju(n) where & ;. (n) and p; j,
denote small scale fading at nth block and large scale fading, respectively.
For Fig. 2.7(b), I assume that p;;, is invariant as it is the long-term char-

acteristics of the channels while changing &;,.(n) at each channel coherence
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time. To model the time varying small scale fading §; ;. (n), I use the first-
order Gauss-Markov model [10] as &; j..(n) = V1 — a2 j.u(n — 1) + avij.(n),
where v; ;,(n) follows CN(0,Iy,). Accordingly, the channel at time n becomes
h;;.(n) = Mhi7j7u(n — 1)+ apijuViju(n) where n > 1 and 0 < a < 1.
I consider a = 0.9. Due to the time correlation, the solution attained for the
previous channel can be a good initial point for the current channel, thereby

achieving faster convergence as shown in Fig. 2.7(b).

2.5.3 Wideband OFDM Communications

I evaluate the proposed algorithm for the UL OFDM system. I assume
that the channel delay spread is L = 3 and the small scale fading of each
channel tap is Rayleigh fading. The large scale fading model is the same as

the one in the narrowband simulation.

Fig. 2.8 shows the OFDM results of the proposed algorithm for N, = 16,
N.=2,N,=2,b€{2,3,4,00}, and K = 64 subcarriers. The proposed algo-
rithm achieves the target SQINR within —0.4 dB margin with reasonable total
transmit power. Although the case of b = 2 starts to diverge for high target
SQINR, the other low-resolution ADC cases still show stable performance for
high target SQINR. In addition, the differences in the total transmit power
of low-resolution ADCs from the infinite bits are marginal. Therefore, the re-
sults demonstrate that the benefit of using low-resolution ADCs for improving

energy efficiency of the wireless network.
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2.6 Conclusion

This chapter investigated coordinated multipoint beamforming and power
control for massive MIMO systems with low-resolution ADCs and DACs. 1
proved the strong duality between UL and DL total transmit power minimiza-
tion problems under target SQINR constraints in low-resolution ADC and
DAC systems based on the additive quantization noise model. Leveraging the
duality, a fixed-point CoMP algorithm was proposed to jointly solve the UL
and DL problems by incorporating the coarse quantization effect. The pro-
posed algorithm provides optimal solutions for the UL and DL problems in an
efficient and distributed manner without explicit inter-cell channel estimation.
In addition, a deterministic approach provided a closed-form solution for the
UL problem with the assumption of homogeneous transmit powers and SQINR
targets within each cell. I proved that the derived results can be extended to
wideband OFDM systems when optimizing a beamformer and transmit power
for each user and subcarrier under coarse quantizaiton. Via simulations, I
showed that the proposed algorithm can achieve high target SQINRs with-
out divergence of transmit power for low-resolution ADC and DAC systems,
whereas the per-cell algorithm suffers from excessive power consumption even
with infinite-resolution ADCs and DACs. I also observe that the deterministic
method can achieve a reasonable trade-off between total transmit power and
achieved SQINR. Overall, in massive MIMO systems integrated with coarse
quantizer, the coordinated beamforming and power control offer spectrum-

and power-efficient wireless communication systems. For future work, devel-
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oping an algorithm with lower complexity and analyzing the impact of channel

estimation error would be desirable.

2.7 Proof of Theorem 1

SQINR constraints of Py 1 can be simplified by applying MMSE equal-
izers F; that maximize the SQINR. Let z, ,, be the interference-plus-noise term

of the UL quantized signal in (2.2) whose covariance matrix is expressed as

CZz‘,uZz‘,u = 052 Z )\j,vhi,j,vhi{{j,v + Oéleb
(G0)7 (i)
+ a1l — a)diag(H,AH + Iy,)

= (]{2 Z Aj,'l/hi7j7vh7;[;[j,v ‘I‘ aINb
(Gv)#(6u)
+ a1l — a)diag(H,AHH).

Then, the MMSE equalizer f;,, can be given as [92]

fi,u - Cil hi,i,u- (231)

ZiuZi,u

Applying (2.31) to the UL SQINR in (2.6), the constraints in P51 become

042)\Z-7uhf§7ucz_i1uhi,i7u > %in- Then I multiply both sides with h h;;, and

1,0,

rearrange as

hfi7u(a2)\i7uhi7i7uhﬂ Cil — %,uINb)hi,i,u 2 0. (232)

2,2,U ZiuZinu
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To satisfy (2.32), I need o?); ,h;;,h C*

1,00 2 uwiu

— viuIn, = 0. Rearranging

this condition, I can rewrite Py 1 as

12151 Z i (2.33)

st Ki(A) < a(l o )Awhmhm, Vi, u. (2.34)
where K;(A) = Iy, +a >, Ajohijoh 4+ (1 - a)diag (H;AHY).

Now, I prove the duality between P51 and P 2 by managing the quan-
tization error term and by showing that (2.33) is equivalent to the Lagrangian

dual problem of Py 2 which is given as

2
Q‘W hzzu|
qu;,uzu E OéW qu E /Mu -

Yiu
—a Z’W zzu|2_05 Z’W]vh%’hup
vFU jf’L
a(l—a Z jzudlag (W,W! )hj7i,u+1) (2.35)

where p;, is a Lagrangian multiplier. Rearranging and rewriting (3.46), the

Lagrangian becomes

o) = S o S wl I a1l )

X i b uhf{i . T Z b ;. uhf]j,v) Wiy

a(l — a) Zmu Z i diag(W,Wh,, . (2.36)

I need to rewrite the quantization error term in (2.36) to manipulate W in the

diagonal matrix. Let M; = diag(u;1, - .., pin,) and M = blkdiag(M;, ..., My,) €
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(CNcNu XNcNu Changlng the indices of Zz u Miu Z h] i udlag(WjWH

i )hj, from

(i,u, ) to (j,v,1), T have

Ne¢,Ny
H
E v g h”vdlag WW )hi,j,v
Nc,Nu Ne,Ny N¢, Ny

:waudiag ( > wiwlhigeal®s 0> piwlhige, |2> Wi
] 7,0 Jyv
—Z wi diag(H;MH? )w, ,, (2.37)

where h;j,, and w;,, are the nth entries of h,;, and w,;,, respectively,
and H; = [H;,,...,H; n.] as defined earlier. Applying (2.37) to (2.36), the

Lagrangian becomes (2.38), which is on top of the next page.

The dual objective function is defined as g(ft;,u) = min, , £L(Wiu, fiu)-

To prevent an unbounded solution, I need Iy, — a(l + —),uwh“uhH +

Q@ Zj,v b b+ (1—a)diag(H;MH) = 0. Accordingly, the Lagrangian

1,7,V

dual problem of P52 in (2.7) becomes equivalent to

max Z i (2.39)

—Vpiahigahfh, Vi
where K;(M) = Iy, +a >, b .0 + (1 - a)diag (H;MH?).

Although the Lagrangian dual problem of P52 in (2.39) and the UL
problem in (2.33) have the opposite objectives (max vs. min) with the reversed
inequality in the constraints, optimal solutions of P51 and the Lagrangian

dual problem is obtained with active constraints, and (2.39) and (2.33) have
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the same optimal solutions with active constraints. Therefore, (2.39) and
(2.33) become equivalent by replacing g, in (2.39) with A;,, Vi, u, i.e., the
Lagrangian multiplier of Py 2, p;,, is equivalent to the UL transmit power \;,,

in Py 1. This completes the proof.

2.8 Proof of Corollary 1

I first show that (2.7) can be represented as a standard conic opti-
mization problem. Let W be defined as W = [Wy,--- Wy |, then the DL

problem (2.7) is rewritten as

min P, (2.40)

W,P,
st T8 > Yiw, Visu (2.41)
Tr(WIW) < P, (2.42)

where P, is a positive slack variable. As in [102,106], I can take a diagonal
phase scaling on the right of each precoder as W;diag(e??u1, ..., e/%iNu) for
t=1,---, N, without changing the objective nor the constraints, I can design

the precoder to be W, hl iu >0, Vi, u.

Using (2.37), I rewrite the quantization term in (2.8) as
> b Coungahyiu = a(l —a thdlag (W;Wih,,,
a(l — o ZW Ldiag(hy; bl Jw;,. (2.43)

Let D;;, = diag(h;;,h

jlu)

Wpgp = blkdiag(W1,...,Wy.), and Wgp =
blkdiag((In, @ W1),...,(In, ® Wy,)). Using (2.43), the SQINR constraints
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in (2.41) can be rearranged as

1
Oé2 (1 + > |W1Huhi,i,u|2
Yiu ’

2

oW vec(hy o, .. B, iu)
> [Vl — a)WgDvec(D}fu, . ,D%QM) . Vi, u. (2.44)
1

Since I restrict the precoders to be w/,

h;, > 0, I can take square root
for (2.44). In addition, the power constraint (2.42) can be reformulated as
||[vec(W)|| < /P,. Using (2.44) and ||vec(W)|| < +/P,, the problem in (2.40)

can be cast to the standard second order conic problem (SOCP) [102].

Next, (2.7) is strictly feasible because given a solution W, it can be
always scaled by a factor of ¢ > 1 satisfying the constraints. Thus, the strong

duality holds between (2.5) and (2.7). O

2.9 Proof of Corollary 2

Here I use \;, instead of p;, since I showed that they are equivalent.

The derivative of the Lagrangian (2.38) with respect to w;,, is given as

aWLu fyi,u 7 ” 7
+ay Ajohigohf 4+ (1—o)diag(HAH/” )) Wi (2.45)
7,0

Setting (2.45) equal to zero, I derive (2.9). Accordingly, \;,’s are the La-
grangian multipliers that satisfy the stationarity condition. In addition, at

the optimal solution, all the constraints in Py 2 are active, which satisfies the
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complementary slackness condition. Therefore, (2.9) is the optimal Lagrangian

multiplier, equivalently, optimal transmit power for Py 1. [

2.10 Proof of Corollary 3

To find the optimal w;,, I set the derivative of the Lagrangian with

respect to w;,, in (2.45) to zero, and solve it for w;,. Then I have

Wiy = (@2 Z )\]’vhlyjjvhfj’v—i-()é(l—Oé)dlag<HlAHfI)
() #(4u)

-1
1
+C¥INb> 042 (1+ > )\’L,uhz,l,uhf{z wWiu
f}/i,u 7

1
= a2 <1 + ) Al,uh{{l uWi,ufz’,u
,Yi’u 19y

where f;, is in (2.10). T consider /7, = o? <1 + ﬁ) Aiwhfs Wi, and thus,
Wiuw = \/Tiuliu

Based on the Lagrangian dual problem, the global optimum occurs
when the constraints satisfy equality conditions, i.e., active constraints. By

replacing w; ,, in (2.8) with ,/7; . f; ., the constraints of the primal DL problem
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satisfy the following conditions:

|W2uhzzu|2_a Z|W zzu|2
vFEU

§ : 2 § : H
— |ijh],u| hij dl dlhjzu
J#z

é ‘ zzu| Tzu_a | zu‘QTv
J J

(G,0)# (@ u)
al—a Z wdiag(h;; uh] i) Ei 0T (2.46)

for all 7 and u where (a) is from (2.43) and w;,, = \/Tiufiu. I express (2.46)
for all 7,u as a matrix form: 1 = ¥7. Therefore, 7;, can be obtained as

=Y. O

2.11 Proof of Corollary 4

The proof is based on the standard function approach [105]. Let us
rewrite (2.13) as \; "H) wa(A(")). I need to show that F;,(A) is a standard

function which satisfies the followings:

e (positivity) If \;,, > 0 Vi, u, then F; ,(A) > 0.
e (monotonicity) If Ai,, > A, Vi, u, then F; ,(A) > F;,(A).

e (scalability) For p > 1, pF; ,(A) > F; . (pA).

It can be shown that F;,(A™) satisfies the properties by carefully following
the proof in Appendix II in [102]. ]
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2.12 Proof of Theorem 2

Let z;,(k) be the interference-plus-noise term of (2.19) and F;(k) be

the MMSE equalizer F;(k) = C_*

ziyu(k)ziyu(k)gi,i,u<k) where

Czi,u(k)zi,u(k) = a? Z )\j,v(k:)gi7j7v<k)gfj,v(k) + CYQINI,
(J,0)#(4,u)

Ne
+a(l—a)¥y,(k)diag (ZHL]’\I’]I\E‘/_&]’\I’NHHM +IKN17> \I,]I\i(k) (2.47)
7j=1

Noting that \I'JHVme = Eivj\II]HVu, I first rewrite the diagonal matrix in (2.47)

as
Ne
diag ( Z HiJ'lII%uAj\I!NuEi,j + IKNb)
Jj=1
= dlag (\Ifﬁbgz Agf]\Ile + IKNb) (248)

where G; = [G;4,..., G, ] and A = blkdiag(A,,...,Ay ). Following the
same steps in the proof of Theorem 1 with (2.48) and \I'Nb(k)\Ilgb(k:) = Iy,

Py 3 with the MMSE equalizer becomes

min Y~ Aju(k) (2.49)
iu,k

1
s.t. Kip(A) =< a(l—i— ’Y—(]f)) Niu(F)&iiu(k)gl: J(K), Vi, u k

where

Kix(A) =Ty, +a Y Nw(k)gijo(k)gr, (k)
7,0

+ (1 - )Wy, (k)diag (U5, G, A Gy, )W, (k). (250)
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It is necessary to to show that (2.49) is equivalent to the Lagrangian
dual problem of Py 4. Similarly to the proof of Theorem 1, the Lagrangian of
P24 is given in the rearranged form as

L = Z fiu(k) + a(l—a) Z i (k) Z gﬂu(k)‘I’Nb

i,u,k i,u,k
X dlag(\IfﬁbW WH\Ile)\Ifﬁb 8. (k) + Zwﬁ(l{)

i,u,k

1
X <aINb—a2 (1—1—7' k),uzuaf)gllu(k)nglzu(k)

+0422 Mj,v(mgi,j,v(k)ggj,v(k)) Wiu(k). (2.51)

j7v
[ rewrite the quantization error term in (2.51) to manipulate W, in the diag-

onal matrix. Let

QE(i,u, k,j) = Y ptin(k)

i,u,k

X Z gl (k) ndiag(U5, W, Wily )¥ig (k).
j
Changing the indices of QE(i,u, k, j) from (i, u, k, 5) to (j,v,¢,4), I have

E(j,v,¢,i) = ZMJ” 8 (0¥,

70,0,

x ding (Z W (), ()2 Yo n) Vig (0 (25
u,k

where 9y, . (n) denotes the (m+ (n—1)N;)th column of Wy, , i.e., ¥y, ,,(n) =
[(WDrTn®IN,|om form =1,... Nyyn=1,..., K, and w, (k) is the (kN,+u)th

column of W, i.e., the entire column of W, that corresponds to the precoder
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for kth subcarrier of user u. Let M;(k) = diag(u;1(k), ..., win, (k)), M, =
blkdiag(M;(0),...,M;(K — 1)), and M = [M,,..., My ]. Recalling that
Uy, (k) = ((Wpprler1,: ®Iy,) and G, =[G, ..., G, v ], (2.52) is rewritten as
(2.53) which is on the top of the next page. Here (a) comes from w/” (k)¥y, =

w/ (k)®y, (k) as w, (k) has nonzero elements w;, (k) only in the place that
corresponds to the precoder for subcarrier k, and 9ion (0) and Y, mr(n) are

the rth elements of 8, ,(0) and ¥y, . (n), respectively.

Applying (2.53) to the Lagrangian in (2.51), I have

L= ;Mw +ZWW (ozINb—OcQ(l—ir%lltk)

X i (k) @i 0 (k) gzzu )+ a Zﬂjv )8ijo( gz,j,v(k)

+a(1—a)wwb(k>diag(\ll%bgiMgmb)\lf%,,(k))w@u%)-

Following similar steps in the proof of Theorem 1, the Lagrangian dual problem

of P54 becomes

max }  jii(k) (2.54)

s.t. K;p(M) > a(l +

where

Kin(M)=Iy,+a>  p1j.0(k)gi (k)8 (k)
7

+(1—)W y,(k)diag (xlfgb G,MGH \I:Nb)q:ﬁb(k).
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Since the problem in (2.54) has its optimal solution when the constraints are

active, it is also equivalent to (2.49). This completes the proof.

2.13 Proof of Corollary 5

I use (2.53) to manipulate the precoders W, (k) in the diagonal matrix
of the quantization term in the SQINR (2.25), and follow similar approach as
the proof of Corollary 1. Then, P54 can be cast to the SOCP. In addition,

Py 4 is strictly feasible. This completes the proof. ]

2.14 Proof of Corollary 6

To satisfy the KKT stationarity condition with the DL constraint in
(2.27), the SQINR of subcarrier k of user u in cell ¢ needs to fulfill the target
SQINR with equality. Let us define p; v (n) where pyw(n) =1if ¢ =i, v’ = u

and n = k, and py (n) = 0 otherwise. To compose the DL constraint in a
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tractable form, I can rewrite the quantization error term in (2.25) as
Ne

gH u(k)\Ilediag (qlgbij?\l’]vb)\llgbgj,i,u(k)

_]7i7
= Z lui/,ul (n)g‘i/7u/(n)‘1’Nb

x diag (\I’ﬁbw]'w;q\llf\fb ) ‘Ilfvlbgj,i’,u(n)

DS W (0, () diag (@4, G, M GHU )W (0w, (0)

7,v,0
)
=Y Wi O%,(0)
v,
xdiag(Uhs, (k)8 (k)"0 UH (W (0), (2.55)

where (a) comes from following the same steps in (2.52) and (2.53). Recalling
the definition of M defined in the proof of Theorem 2 with slight abuse of
notations, (b) follows from nggf = g”u(k)gﬁu(k‘) Replacing w; ,(n)

with /7, (n)f;.(n) and using (2.55), the DL SQINR constraint in (2.27) can

be rewritten, and the rest of the proof is similar to Corollary 3. [
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Figure 2.7: Convergence results for N, = 64 antennas, N, = 4 cells, N, = 3 per
cell, and b = 3 quantization bits. (a) shows total transmit power with respect
to the number of iterations and (b) shows the total number of iterations for
convergence with respect to time for channel realization.
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)umhmh{iu (2.38)

LWZ’U,?/'LZ’LL Zﬂzu+aZW1U(INb_a<

+a ) piohi bl (1—a)diag(HiMHf’)>wi,u.
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=) wi(k) (Z Y (PN, (1) G MG ¢Nb,m(n)¢]HVb,m(n)> w, . (k)

i,u,k

=> wl (k)¥y,diag (¥}, G, MG/ Wy, ) U w, (k)

i,u,k

= Z wfu(k)\IINb(k)diag (\Ijgbgng{[‘Ile) ‘I'gb(k‘)wzu(k) (2.53)

i,u,k
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Chapter 3

Coordinated Per-Antenna Maximum Power
Minimization for Low-Resolution Systems

In this chapter!, I investigate multicell-coordinated beamforming for
massive multiple-input-multiple-output (MIMO) orthogonal frequency divi-
sion multiplexing (OFDM) communications with low-resolution data convert-
ers when the power restriction is added for a more realistic deployment. In par-
ticular, I aim to find the downlink (DL) beamformer that minimizes the max-
imum power on transmit antenna array of each BS under received signal-to-
quantization-and-interference-plus-noise ratio (SQINR) constraints while min-
imizing per-antenna transmit power. The primary milestones of this work are
(1) formulating the quantized DL. OFDM antenna power minimax problem
and deriving its associated dual problem, (2) showing strong duality and in-
terpreting the dual as a virtual quantized uplink (UL) OFDM problem, and

(3) developing an iterative minimax algorithm to identify a feasible solution

!This chapter is based on the following submitted paper: Y. Cho, J. Choi, and B. L.
Evans, “Coordinated Per-Antenna Power Minimization for Multicell Massive MIMO Sys-
tems with Low-Resolution Data Converters,” submitted to IEEE Transactions on Commu-
nications, 2023. This work was published in part in the following conference paper: Y. Cho,
J. Choi, and B. L. Evans, “Coordinated Beamforming in Quantized Massive MIMO Sys-
tems with Per-Antenna Constraints,” in IEEE Wireless Communications and Networking
Conference (WCNC), Apr. 10-13, 2022. This work was supervised by Prof. Brian L. Evans.
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based on the dual problem with performance validation through simulations.
Specifically, the dual problem requires joint optimization of virtual UL trans-
mit power and noise covariance matrices. To solve the problem, I first derive
the optimal dual solution of the UL problem for given noise covariance ma-
trices. Then, I use the solution to compute the associated DL beamformer.
Subsequently, using the DL beamformer, I update the UL noise covariance
matrices via subgradient projection. Finally, I propose an iterative algorithm
by repeating the steps for optimizing DL, beamformers. Simulations evaluate
the effectiveness of the proposed algorithm in terms of the maximum antenna
transmit power and peak-to-average-power ratio which are directly related to

hardware efficiency of large-scale MIMO OFDM communication systems..

3.1 Introduction

Massive MIMO techniques have drawn attention for future wireless
communication systems because of its remarkable gain in spectral efficiency
and capacity [56]. However, employing the massive number of power-hungry
high-resolution analog-to-digital converters (ADCs) and digital-to-analog con-
verters (DACs) attached to the antenna arrays results in prohibitively high
power consumption. Accordingly, the adoption of low-resolution data convert-
ers in communication building blocks has gathered momentum as a promis-
ing power-efficient alternative and has been widely investigated [14, 15, 17—

19,22, 67,89, 107).

In addition to power consumption, interference has emerged as a crit-
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ical consideration in modern wireless systems. Consequently, intra-cell and
inter-cell interference as well as quantization error must be carefully consid-
ered when analyzing and designing power-efficient multicell communication
networks to achieve a desired performance. Moreover, for practical implemen-
tations, it is desirable to impose a per-antenna power constraint that restricts
the transmit power of each antenna because the communication system can
operate with more energy-efficient power amplifiers and prevent nonlinear dis-
tortion [23,106]. In this regard, I investigate coordinated multipoint (CoMP)
beamforming and power control problems in multicell and multiuser massive
MIMO OFDM systems with low-resolution data converters and per-antenna

level power and quality-of-service constraints.

3.1.1 Prior Work

Low-resolution ADC architectures have been the subject of extensive re-
search in recent years to provide power-efficient communications [17-19, 22, 39,
69,89,97,98,104, 110]. In order to properly handle the severe nonlinearities in
low-resolution ADCs, many studies have re-engineered essential wireless com-
munication functions such as channel estimation and data detection [17,22,
39,89,97,98]. Since low-resolution data converters destroy the orthogonality
of subcarriers in OFDM systems, novel OFDM channel estimation and symbol
detection were developed and integrated into a turbo framework, justifying its
feasibility and reliability in over-the-air experiments when using low-resolution

ADCs [97,98]. In [22], a near maximum likelihood channel estimation and
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symbol detection were proposed for 1-bit ADCs while showing improved esti-
mation accuracy compared to expectation-maximum estimators. Maximum a-
posteriori detection and channel estimation with low-resolution ADCs showed
that 4-bit ADCs are sufficient to achieve near-optimal performance in massive
MIMO OFDM systems [89]. To facilitate the learning of likelihood probabil-
ities in 1-bit ADC maximum likelihood data detector, a robust learning with
artificial noise was presented in [17]. The authors in [53, 110] developed data
detectors for mixed-ADC systems that assign either 1-bit or infinite-resolution
depending on channel gain. In addition, a resolution-adaptive ADC system
with a bit-allocation algorithm was proposed while outperforming the conven-
tional fixed-precision low-resolution ADC systems in terms of both spectral
and energy efficiency [18]. For analytic tractability, the severe non-linearity of
the low-resolution quantizer was linearized using Bussgang decomposition [39]
and the additive quantization noise model (AQNM) [15, 19, 69, 104], while pro-

ducing useful algorithms and insightful analytical results.

For downlink transmission, a number of works have reduced power con-
sumption and hardware cost using low-resolution DACs [38,51,71]. Using
Bussgang decomposition, the authors in [38] demonstrated a marginal com-
munication gap in achievable rates for linear precoders with 3 to 4-bit DACs
compared to infinite-resolution DACs and further proposed a non-linear pre-
coder in 1-bit DAC systems via relaxation and sphere precoding. The use
of 2.5x more transmit antennas can compensate for the spectral efficiency

loss brought on by the use of 1-bit DACs according to the analyzed rate of

96



the quantized downlink systems with matched-filter precoding [51]. Based
on constructive interference and decision regions, low-complexity symbol-level
precoding methods for 1-bit DAC systems were developed for quadrature-
amplitude-modulation constellations in [71]. The authors in [83] proposed 1-
bit and constant-envelope precoding methods. For quantized downlink OFDM
systems, the authors in [40] derived a lower bound on achievable sum-rate us-
ing linear precoding and oversampling DACs. The authors in [108] considered
massive MIMO relaying systems with mixed-DACs and mixed-ADCs at the
relay and derived exact and closed-form expressions for the achievable rate
which approach infinite-resolution performance using only 2-3 bits thanks to
strong synergy with large-scale antenna arrays. For downlink communica-
tions with low-resolution DACs, Bussgang decomposition that linearizes the
low-resolution DAC system was adopted in [38,51,103] to develop precoders
and analyze system performance. By applying AQNM to massive MIMO
systems with millimeter wave channels, the authors in [78] introduced fully-
connected and partially-connected hybrid beamforming architectures under
low-resolution DACs which are more energy-efficient than conventional digital-

only precoders.

As modern cellular communication systems are primarily limited by in-
terference, research efforts and later standards supported CoMP to coordinate
transmission by multiple base stations (BSs) in order to reduce inter-cell inter-
ference, thereby improving data rates and coverage [8,23, 36,44, 65,76, 77,85,

87]. The authors in [44] demonstrated that the synergy between CoMP and
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massive MIMO is advantageous to 5G communication systems due to a more
robust link, localized interference, and reduced backhaul overhead. The fea-
sibility of CoMP was demonstrated for both UL and DL in physical testbeds

with improved average throughput and cell edge throughput [36].

To improve data rate and satisfy demanding requirements of cellular
systems, many papers have contributed to beamforming design [8, 65, 85]. The
DL beamforming problem was cast as a semidefinite programming problem
and efficiently solved via interior point methods [8]. Noting that signals from
neighboring BSs have significant impact, the authors in [65] proposed a near-
optimal distributed DL beamforming algorithm based on message passing be-
tween neighboring BSs without requiring centralized processing. To improve
the data rate of cell-edge users, the CoMP beamforming problem based on
interference alignment was also studied in a non-orthogonal multiple access

system [85].

To further unleash the potential of CoMP systems, joint optimization
of beamforming and power control has been proposed [76,77,87,102]. For
UL transmission, authors in [77] proposed a fixed-point algorithm that jointly
solves beamforming and power control problems and proves the existence of
at least one optimal solution. Authors in [76] formulated a virtual UL sys-
tem model whose combiner and power control solutions are used to iteratively
update the DL beamforming solution. For multiuser MIMO systems, linear
programming UL-DL duality led to centralized and decentralized algorithms

to efficiently solve the joint beamforming and power control problem [87]. Au-
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thors in [102] derived an iterative algorithm that finds optimal UL power con-
trol and DL beamforming solutions based on Lagrangian theory and brought
insights to [23] which generalized the algorithm to multicell multiuser MIMO

systems.

Recently, a coarsely quantized CoMP beamforming and power control
problem was studied for OFDM systems in [15]. The UL-DL beamforming
duality was extended to the quantized OFDM systems, and an iterative al-
gorithm for solving the DL total transmit power minimization problems was
developed by leveraging the duality [15] without requiring explicit estimation
of inter-cell interference. It was shown that the proposed algorithm can be
performed in a distributed fashion by estimating the covariance matrix of the
received signals at local BSs. The problem considered in [15] only focused
on the power minimization with the quality-of-service constraints. However,
it is necessary to minimize the transmit power consumed at each antenna to
simplify the design of the power amplifier and avoid distortion from the non-
linearity of the power amplifier in the high power regime. Therefore, lowering
the peak power can help us scale up the multi-cell and multi-user communica-
tion network. Employing cell-free MIMO systems is considered as a scalable
way to implement CoMP [35]; however, cell-free MIMO solutions are miss-
ing either per-antenna level power restriction or the joint optimization of DL
beamformer and UL power control [9,109]. Therefore, a thorough study on the
quantized DL CoMP beamforming and UL power control for minimizing the

transmit power with per-antenna power constraints would make a worthwhile
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contribution toward a more practical CoMP deployment.

3.1.2 Contributions

In this work, I consider downlink multicell massive MIMO OFDM com-
munications in which each BS with multiple antennas serves dedicated users
with a single antenna. The BS are equipped with low-resolution data con-
verters, i.e., DACs and ADCs, and cooperate for beamforming and PC. In
such a system, I investigate a DL antenna power minimization problem with

quality-of-service constraints. The contributions are summarized as follows:

e Formulating the DL antenna power minimax problem and de-
riving its dual. I aim to minimize the maximum transmit power over
all transmit antennas and formulate the problem with individual SQINR
constraints. As the main contribution of this chapter, I derive the La-
grangian dual of the primal DL OFDM problem, which can be consid-
ered as a virtual UL OFDM transmit power minimization problem with
uncertain noise covariance matrices. This finding extends the previous
DL-UL duality under per-antenna power constraints [106] to the quan-
tized OFDM systems. By transforming the DL. OFDM problem to a
strictly feasible second-order cone program (SOCP), I show that strong
duality holds between the primal DL, OFDM problem and its associated
dual, i.e., the virtual UL OFDM problem in this work.

e Developing an iterative minimax algorithm to provide a fea-

sible solution. Leveraging the strong duality, I develop an iterative
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algorithm to solve the primal DL OFDM beamforming problem; I first
solve the dual UL OFDM problem for a fixed set of UL noise covariance
matrices. I then compute the DL beamformer via linear transformation
of the obtained UL solution. Using the DL beamformer, I update the UL
noise covariance matrices via projected subgradient ascent method. Fi-
nally, I repeat the steps until the UL noise covariance matrices converge.
Although the DL beamforming problem can be cast to a semidefinite
programming, the proposed direct iterative updates are in general more

efficient and insightful.

e Validating the proposed algorithm through extensive simula-
tions. Simulation results validate the derived results and algorithm in
both wideband and narrowband scenarios. The proposed algorithm out-
performs approaches that do not impose per-antenna constraints in terms
of the maximum antenna transmit power consumption. I further show
the significant advantages of the proposed algorithm with per-antenna
constraints by comparing peak-to-average-power ratio (PAPR) which is
a paramount measure for the design of the power amplifiers and other

nonlinear electronics in OFDM communication systems.

3.2 System Model
3.2.1 Network and Signal Model

I consider a wideband multicell and multiuser MIMO network with

N, cells, N, single-antenna users per cell, and K subcarriers. All BSs are
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Figure 3.1: Multicell and multiuser MIMO communication configuration when
each base station (BS) is equipped with low-resolution ADCs and DACs. The
power amplifier causes nonlinear distortion in the high input power regime.

equipped with N, antennas (N, > N,). The BS in cell 7 is denoted as BS;
which serves N, dedicated users in cell 7. I assume the BSs for all N, cells
cooperate and are equipped with low-resolution DACs with the same number
of DAC quantization bits b as shown in Fig. 3.1. Time-division duplexing
(TDD) is assumed to exploit channel reciprocity. The BSs are considered to
have perfect channel state information (CSI) for all channels as they cooperate
with each other, whereas the users are assumed to have perfect CSI only for

their own channel.

I consider a DL broadcast channel where the BS; generates s;(k) € CNu
that contains the dedicated symbols for N, users in cell i € {1,..., N.} at sub-
carrier k € {0,..., K—1}. In addition, I use W;(k) = [w;1(k),....w;n, (k)] €
CNo*Nu to denote the matrix of precoders, and the uth symbol in s;(k) is pre-
coded via w; ,, (k). I then define the precoded frequency domain symbol for user
w in cell i at subcarrier k as u;(k) = W;(k)s;(k). Let x;(k) € C™ be the vector

of OFDM symbols of N, users in cell ¢ at time k. I stack the OFDM symbol
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vectors at BS; over K time slots as x; = [x/(0),...,x! (K — 1)]T ¢ CKM,

which is given as

X; = (WgFT ® INb)Ez‘ (3.1)

= \I’]Hvbwi%v (3'2)

where Wppp € CEXE represents a normalized discrete Fourier transform
(DFT) matrix, u; = [u!(0),...,ul/ (K — 1)]7 € C*™ Wy = Wppr @ Iy,,

W, =blkdiag(W;(0),..., W;(K—1)) e CF*">* ™ "and s, = [s7(0),...,sf (K-

1)]7 e CKMNe,

Before transmitting the signals, x; is quantized by the low-resolution
DACs with b quantization bits. I adopt the AQNM [15,69] to elicit a lin-
earized approximation of the quantization process derived from assuming a
scalar minimum-mean-squared-error (MMSE) quantizer with Gaussian signal-
ing. The quantized signal vector of input x,; with the AQNM is represented

as

Q(x;) = x4, = ax; +q, (3.3)
= [x1(0),...,x0 (K -1)]" (3.4)

where ((-) is a data quantizer applied for real and imaginary parts, q, =
[a(0),...,qF (K —1)]T € C*™ denotes the stacked quantization noise vector
at BS; with q;(k) denoting the quantization noise vector for the quantization
input of x;(k), xq:(k) = ax;(k) + q;(k) is the quantized signal transmitted

by BS; at the kth time slot, and « is the quantization gain defined as o =
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1 — B where the values of 3 are listed in Table 2.1 in Chapter 2 assuming
si(k) ~ CN(On,,In,),Vi, k. The lower the resolution of DACs, the smaller
« is triggered, reflecting more severe quantization effects. I assume that the
quantization noise is uncorrelated with the quantization input and follows a
complex Gaussian distribution, i.e., g, ~ CN(0, Cgigi) which is the worst case
in terms of the achievable rate. The covariance matrix Cﬂiﬂi is computed

as [15]

Cqq =a(l— a)diag(‘llﬁbwiwf]\lwb). (3.5)

—1—=1

Because of the multicell broadcast channel, N, users in cell i receive
signals from all BSs. Stacking over K subcarriers after removing cyclic prefix

and applying the DFT, the received signals at the users in cell ¢ become [15]

Nc
J#i

Here, the DL frequency domain channels combined accross all K subcarriers

are defined as Qfl = blkdiag(GJ(0),--- ,GIH(K — 1)) € CHENuxENy - where

G,i(k) = S d Hyay e~ "% is the individual UL frequency domain channel

for the kth subcarrier between BS; and users in cell ¢ (by channel reciprocity,
which is an inherit feature of TDD systems, G, (k) can be interpreted as the
UL frequency domain channel matrix), H;,;, is the UL time domain chan-
nel between BS; and users in cell ¢ for the ¢th channel tap, and L is the
delay spread. In addition, gj = [a; (0),...,q; (K = 1)]" = Z;V:1 gfi\Ibegj

and n, = [0;(0),...,0;(K — 1)]7 = ¥y,n, where ¥y, = Wppr ® Iy, and
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n, = 07 (0),...,n] (K — 1)]T ~ EN(Ogy,,0lkn,) denotes the stacked addi-
tive white Gaussian noise (AWGN) vector over K time slots for N, users in
cell 7. T observe that the received signal at user u in cell ¢ for subcarrier k is
expressed as

Yiu(k) :O‘ggz‘,u(k>wi,u(k)si,U(k>

NCyN’U.
ta > gl (W (k)sju(k) + Gulk) + iu(k),  (37)
(J,v)#(i,u)

where g;; (k) indicates the uth column of G;; and s; (k) Gi.(k), and 7; (k)

represent the uth element of s;(k), q;(k), and n;(k), respectively.

3.2.2 Problem Formulation

Based on (3.5)-(3.7), the DL SQINR for user u in cell ¢ at subcarrier &

is represented as

a?lgflu (k) Wi (k)
NC7N’LL ?
a? Z(],v);ﬁ(z,u)|gj,lz,u(k)wjav(k)|2 + Q%U(k) —’_0-2

whose first term in the denominator is interference and @); (k) is quantization

L u(k) = (3.8)

error defined as

]7Z7u

Ne
Quulk) = > g (K, Cara, Wi, (). (39)
j=1
Here, gjiu(k) denotes the (KN, + u)th column of G,;, i.e., the column of

G, ; which is the channel for subcarrier k£ of user u. Since BS; sends x (k)

at the kth time slot, the average transmit power of the mth antenna of BS;

at the kth time slot is written as E[Xq,i(k)xgi(k)]] . Using (3.8), the DL

m,m
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OFDM transmit power minimization problem with per-antenna power for each

antenna m and SQINR constraints is finally formulated as

P31 : minimize pg (3.10)

Wi,u(k)v po
subject to I'; (k) > viu(k) Vi u, k (3.11)
E[Xq,i(k)xé{i(k)] <py Vi k,m, (3.12)

where py denotes the peak transmit power across N,N. BS antennas. Mak-
ing pg smaller results in a more precise and economical usage of the power

amplifiers by limiting the dynamic range.

I aim to identify the DL beamformer w;, (k) for all i,u,k that can
minimize py while satisfying all SQINR constraints. Note that py is a free
variable, the objective function in (3.10), and the upper limit in the constraint
(3.12). As shown in (3.8)-(3.9), the fact that I'; ,(k) contains the quantization
noise as well as w;, (k) for all ¢, u, k makes the problem more challenging to
solve. Since a closed-form algebraic solution is not available, I seek an efficient
algorithm to find a numerical solution. Instead of solving the optimization
problem directly, I first derive a Lagrangian dual and then solve the problem in
the dual domain with an efficient solver. I will show that the DL. beamforming

solution is ultimately calculated by exploiting the dual solution.

3.3 Duality between Downlink and Uplink

In this section, I first introduce the corresponding uplink problem and

then show that the uplink and downlink problems have strong duality. The
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primary challenge in deriving a dual problem is the quantization noise terms

coupled with both beamformers and OFDM modulation.

3.3.1 Dual UL OFDM Systems with Low-Resolution ADCs

Let s¥'(k) € C™ denote the vector of symbols from N, users in cell i

at subcarrier k and let
u(k) = Ay (k)M (k) (3.13)

where A;(k) = diag(\;1(k), ..., Ain, (k)) is the collection of transmit power.
With x}'(k) denoting the vector of OFDM symbols of N, users in cell i at
time k, I stack the OFDM symbol vectors as x' = [x(0)7, ..., x¥(K —1)T]T

i ) N

which is written as

x;' = (Wipr ® Iy, 1’ (3.14)

)

= Ui AsY, (3.15)

where the stacked components are defined as

¥y, =(Wprr ® Iy, ), (3.16)
u' = [w(0)", ... uf' (K — )T, (3.17)
sit=[s{'(0)7, ..., s (K = )T, (3.18)
A, =blkdiag(A;(0),..., Ay (K—1)). (3.19)

[ assume that the noise vector received at BS;, i.e., n{(k), is unknown

yet tunable by diagonal noise covariance D;, i.e. ni(k) ~ CN(Oy,, D;). After
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performing CP removal and applying DFT operation, the frequency-domain

received signal at subcarrier k is then given as
vy (k) =aGyi(k)Aq( )+« Z G, (k stl(k) + anf (k) + @' (k).

J#i
(3.20)

The combined signal for user u at subcarrier k is now given as £/ (k)y" (k)

where f; , (k) is an equalizer of subcarrier & for user u in cell 7.

Accordingly, the UL SQINR for user u in cell ¢ at subcarrier k is com-

puted as

Y, (k)= (3.21)
X (R, (F) i i (F) |2
QY Ao (R [T ()i o (R[22 £1L () Df o () |+ £77, (k) G oy B ()

I then define ¥y, (k) = ((Worrlkt1,: @ In,), G; =[Gy, .-, G, v.], and A =

blkdiag(l_\l, o ,ANC). Since Cguy) by the AQNM is expressed as
Cauy = a(l —a) Wy, (k)diag(¥) GAGT Wy, +D;) WY (k), (3.22)

the UL SQINR can be rewritten as

@A ()£ ()i, (F)
£, Ziu(K)fiu(k)

I, (k)= (3.23)

where

Y Mok (k)glh (k) + aD;
(4,0) (i)
+ ol — a) Oy, (k)diag (T, GAGT ¥y, )UY (k). (3.24)
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3.3.2 Downlink-Uplink Duality

In Theorem 3, I derive a dual problem of (3.10) which is a virtual UL

OFDM problem with unknown noise covariance matrices.

Theorem 3 (Duality). The Lagrangian dual problem of the DL OFDM prob-

lem in (3.10) is equivalent to

Ne,Nu, K
P32 max )\Ig?(l;) zzu; Aiu(k)o? (3.25)
subject to Eriz%% F;ﬂu(k:) > Yiu(k), (3.26)
D, = 0, D; € R™*™ : diagonal, (3.27)
tr(D;) < Ny, Vi, u, k (3.28)

It is possible to consider the above problem as a virtual UL case where
Xiw(k) is considered as UL transmit power of virtual user w in cell i at sub-

carrier k and BS; operates with unknown noise covariance matrix D;.

Proof. See Appendix 3.7. ]

I remark that the Lagrangian dual problem in (3.25) is considered to
be an antenna power minimax problem with noise covariance constraints for
the virtual UL ODFM system with low-resolution ADCs at the BSs shown in
Theorem 3.

Corollary 7 (Strong Duality). There exists zero duality gap between the DL

problem formulation and its associated dual problem.
Proof. See Appendix 3.8. ]
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3.4 Proposed Solution for Joint Beamforming

In this section, I present the algorithm that can efficiently find the
DL beamforming solution by leveraging the strong dual problem derived in
Section 3.3. In particular, I separate the dual problem in Theorem 3 into the
inner minimization and outer maximization problems and solve the problems
in an alternating manner; upon obtaining the dual solution, I use the dual
solution to identify the primal solution and repeat through proper update and

projection onto feasible sets.

3.4.1 Optimal Downlink Precoder

I first present the linear relationship between the optimal DL precoder

and the dual solution, i.e., the virtual UL MMSE combiner in Corollary 8.

Corollary 8 (Optimal DL Beamformer). With coefficients 7;,(k)’s, an opti-
mal DL beamformer can be obtained by establishing a linear transformation of
the UL MMSE receiver, i.e., W; (k) = \/T(k)fw(k) Vi,u, k. Here, 7;,(k)’s
are derived from solving T = X "1y, n.x, where T = [T7(0),--- , 77 (K — 1)]¥
with T(k) = [71(k), -, 7, (k)] and 7] (k) = [11(k), - 7N, (k)]", and
3 = blkdiag(2(0), ..., X(K — 1)) whose submatriz is defined as

Yia(k) o Ban(k)

(k) = : - : , (3.29)
Enea(k) oo Bnn(k)
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and

(i (k)luw = (3.30)
(2 lel (k)i ()] — a(l — )X, £, ()W, (0)

xdiag (‘Ifﬁbgi,i,u(k)gﬁﬁu(k)\lfm) Uy (OFL(0),  ifi=j,u=nv,
—a?|gfl (k) (B) [P = a(l — o) 22, £, ()W, ()

x diag (\Ilevbgj’i’u(k)gH u(k)\pr) L (0F,(0),  otheruwise.

=%

\

Proof. See Appendix 3.9 ]

By Corollary 8, the optimal DL precoder w;, (k) can be derived by
using the virtual UL MMSE combiner f;, (k) with a scalar weight m
The virtual UL MMSE equalizer, however, is a function of the uncertain noise
covariance matrix D; and UL transmit power \;, (k) as shown in (3.39). Ac-
cordingly, I further need to find the optimal virtual noise covariance matrix
and UL transmit power to update its corresponding UL MMSE equalizer and

DL precoder.

3.4.2 Tterative Algorithm via Dual Uplink Solution

In this subsection, I characterize the virtual UL solutions by exploiting
the strong duality and further adopt the fixed-point iteration with a projected
subgradient ascent [23] to maximize the objective function with respect to the

noise covariance matrix of the virtual UL problem.

Instead of directly solving the dual problem in (3.25), I can decouple it

into outer maximization and inner minimization problems where the latter is
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then written as

Ne Ny, K
D,) = min i (k)2 3.31
D =i 3 A 331

subject to l}nz%]):) Tiu(k) > viu(k) Vi, u, k.

I notice that the above problem is interpreted as the inner optimization on
Aiu(E) of the dual objective function g(Dy, i (k)) where MMSE equalizer in
(3.39) is used for computing f; , (k). The virtual UL power control solution of
(3.31) derived in Corollary 9 is the solution of (3.31).

Corollary 9. For given D;, the optimal power for the virtual UL transmit

power minimization problem in (3.25) is derived as
1
Niw(k) = : . , (3.32)
o (14 5155 ) &l (KL (Mg (F)

where K, ,(A) is defined as

Kir(A) = (3.33)
D; +a ) Nu(k)gijw(k)el, (k) + (1—a)y, (k)diag (‘I’%bgifﬁf{q’m) Uy (k).
7,0

Proof. See Appendix 3.10. ]

Since K; x(A) is a function of \; ,(k), I iteratively update \; , (k) until
convergence. Convergence to an global optimal point is guaranteed [15] for
given D;. Once I obtain the optimal \; , (k) for the fixed covariance matrices, I
further need to update D; by solving the outer maximization for a fixed A; (k)

and alternate the inner and outer optimization until the solutions converge. I

112



note that the function f(D;) is concave in D;, which directly follows from that
f(Dy;) is the objective function of a dual problem. Based on this observation,
a projected subgradient ascent method is utilized in order to maximize the

objective function while satisfying the constraints on D; in (3.27) and (3.28).

Corollary 10 (Subgradient). One of the subgradients of (3.31) in updating

D, is obtained as
diag< 3 wi,k(k)w;ffk(k)) . (3.34)
u,k
Proof. See Appendix 3.11. O

I can finally assemble the inner minimization and outer maximization
problems into the complete dual problem P32 in (3.25). Recall that P52
eventually becomes the minimax problem whose main objective is to maximize
the concave f(D;) by updating D; while satisfying the constraints on D; and
f(D;) wants to minimize the total transmit power of the virtual UL problem.
Upon obtaining a solution of f(D;) for fixed D; as shown in Corollary 9,
[ update D; by taking a step in the direction of a positive subgradient to

establish an increment in the objective function.

Let ngn) denote D; at the nth iteration. Then, the update of DE") is

performed as

DI Z D 4y, diag< 3 wi7u(k)wﬂ(k)), (3.35)

u,k
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where 17 > 0 is a real-valued step size. I remark that the subgradient ascent

method is guaranteed to converge to an optimal point since the UL problem

(n+1)

is convex. Since it is highly likely that D, escapes the feasible domain, I

further project the updated D; onto the feasible set on D; in (3.27) and (3.28)

as
(ir (D7) — )
D" = . diag(1y,), (3.36)
[ROA
and
D™ = max (o, D§”+”> , (3.37)

respectively, where max(a,b) represents an element-wise max function. As
discussed in [7], the alternating projection on (3.27) and (3.28) converges to
the intersection of the convex sets if there exists any point in the intersection.
For example, D; = I, is one of the points in the intersection, and thus, the
intersection is not an empty set, thereby guaranteeing the convergence. I note
that (3.27) and (3.28) need to be performed in an alternating manner until
convergence. The proposed algorithm for the quantized CoMP beamforming
under per-antenna power and SQINR constraints (Q-CoMP-PA) is described

in Algorithm 1.

Remark 1 (Narrowband Communications). The considered quantized MIMO
OFDM system naturally reduces to a quantized MIMO narrowband system
with K = 1 subcarrier. Accordingly, the derived duality, optimal solutions,

and algorithm still hold for the quantized MIMO narrowband communications
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since the derived results and algorithm hold for an arbitrary K. In this case,
I omit the subcarrier index k from the system parameters and variables in

Algorithm 1.

3.4.3 Convergence of Sub-problems

The convergence of each sub-problem can be guaranteed as follows:
regarding the inner minimization problem, the fixed-point iteration for given

D§"> converges as shown in Corollary 11.

Corollary 11. For any arbitrary wnitial points )\Egz(k‘), Vi, u, k, the proposed
fixed-point algorithm converges to a unique fized point at which objective func-

tion of inner problem is minimized.
Proof. See Appendix 3.12. ]

Therefore, the fixed-point iteration always converges to a unique fixed
point that is the optimal solution of the inner optimization subproblem for a

fixed covariance matrix.

Regarding the outer maximization problem, the iterative projection of
DE") converges for given w; , (k) as discussed in [7]: the alternating projection
on (3.27) and (3.28) converges to the intersection of the convex sets if there

exists any point in the intersection. Since D; = I, belongs to the intersection,

the intersection is not an empty set, thereby guaranteeing the convergence.

Accordingly, T theoretically show that each sub-problem can be solved

115



with guaranteed convergence. For the convergence of the entire algorithm, I

provide the numerical validation in Section 3.6.

3.4.4 Computational Complexity

The computational complexity of the proposed algorithm is governed
by the computation of \;,(k), which is dominated by the matrix inversion
of K;x(A). For the matrix inversion, the number of floating point opera-
tions can be reduced by taking advantage of the Hermitian symmetric and
positive semi-definite properties of K; x(A). Consequently, the computational
complexity of the per-cell and Q-CoMP algorithms are O(T} K N.N,N?) and
O(TyKN.N,N?), respectively, where Ty and Ty denote the number of iter-
ations required for obtaining a converged A;,(k) value. Likewise, the inner
optimization loop of the Q-CoMP-PA algorithm with T3 iterations has com-
putational complexity of O(T3K N.N,N?). Since the proposed Q-CoMP-PA
algorithm also requires an outer maximization loop with Tj iterations, the total

computational complexity of the proposed algorithm is O(TT3K N.N,N}).

3.5 Simulation Results

I evaluate the derived results of the proposed Q-CoMP-PA algorithm.
I also simulate the quantization-aware CoMP algorithm (Q-CoMP) presented
in Chapter 2 for comparison. Both methods utilize multicell coordination
in designing DL precoders. However, Q-CoMP-PA minimizes the maximum

antenna power whereas Q-CoMP minimizes the total transmit power without
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considering the per-antenna power constraints. I compare the methods in
terms of maximum transmit antenna power, dynamic range, and PAPR for
wideband and narrowband systems. I assume the target SQINR ~ is equal for

all users and subcarriers.

3.5.1 Wideband OFDM Communications

I consider the wideband OFDM systems assuming the delay spread is
L = 3 and the small scale fading follows Rayleigh fading with zero mean and
unit variance. I consider a 24 GHz carrier frequency with 100 MHz bandwidth.
The adjacent BSs are 200 m apart and the minimum distance between any
BS and user is 50 m. For large scale fading, I adopt the log-distance pathloss
model in [1] with the 72 dB intercept, the pathloss exponent of 2.92, and the
shadow fading whose shadowing variance is 8.7 dB. Noise power is computed
with —174 dBm/Hz power spectral density and 5 dB noise figure. I also use

the sector antenna gain of 15 dB.

I evaluate the performance of the Q-CoMP-PA and Q-CoMP algorithms
in wideband OFDM communication systems. I also simulate the quantization-
aware per-cell based CoMP (Q-Percell) algorithm as an additional benchmark
by adapting the algorithm in [76] to the considered system. For the Q-Percell
algorithm, each BS first discovers its optimal solution by treating the inter-
cell interference as noise and assuming that it is fixed. Once the BSs derive
solutions for the given inter-cell interference, the BSs share the converged

solutions to update the interference power and compute solutions again. These
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Figure 3.2: Maximum transmit antenna power versus the target SQINR for
the multicell wideband network with N, = 16 BS transmit antennas, N, = 4
cells, N,, = 2 users per cell, K = 32 subcarriers, and b € {2,3, 00} bits.

steps repeat until the solutions converge. Consequently, Q-Percell is expected

to be far sub-optimal than the other algorithms.

In Fig. 3.2, I present the maximum transmit antenna power in DL di-
rection across all N.NN, transmit antennas which is pg of the primal DL problem
that I want to minimize for given target SQINRs. I consider N, = 16 antennas,
N, = 3 cells, N, = 2 users per cell, K = 32 subcarriers, and b€ {2, 3,00} DAC
bits. I see that the Q-Percell method consumes much higher transmit power
than the Q-CoMP method and proposed Q-CoMP-PA method and shows di-

vergence in the maximum transmit power as the target SQINR increases. In
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Figure 3.3: Empirical CDFs of BS antennas with respect to antenna transmit
power in the multicell network with N, = 32 BS antennas, N. = 4 cells, N, = 2
users per cell, K = 64 subcarriers, b = 3 quantization bits, and v = —1 dB
target SQINR.

contrast to the Q-Percell algorithm, the Q-CoMP and Q-CoMP-PA methods
with multicell coordination scale linearly with the target SQINR without im-
plausible power consumption or unfavorable divergence. Nevertheless, based
on the primal objective of the Q-CoMP-PA, the proposed algorithm can limit
the maximum transmit power providing around 3 dB reduction over the reg-
ular Q-CoMP. From both Q-CoMP and Q-CoMP-PA methods, when using
infinite-resolution quantizers, I have lower peak power compared to the one

with 2-bit or 3-bit data converters; however, the gap between b = 2, b = 3,
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and b = oo cases is marginal for both Q-CoMP and Q-CoMP-PA by properly

taking the coarse quantization error and inter-cell interference into account.

I further note that transmit power higher than the saturation input
triggers RF nonlinearity, thereby causing a substantial reduction in RF out-
put power and many undesirable additional frequencies compared to the ideal
linear amplification regime of RF power amplifiers. As most of the state-of-
the-art RF power amplifiers introduced in [93] have the saturation input of
between 24 dBm and 26 dBm, I can interpret from Fig. 3.2 that the per-
cell and Q-CoMP methods escape the efficient amplification regime at around
3 dB and 8 dB target SQINR, respectively, while the proposed Q-CoMP-PA

has stable and linear amplification at the simulated target SQINR values.

Fig. 3.3 shows the empirical cumulative density function (CDF) of the
transmit power of all antennas by collecting the computed transmit power
from all N, N, BS antennas. I employ a communication network with N, = 32,
N.=4, N, =2, K =64, b =3, and v = —1 dB. When comparing the peak
power, the proposed Q-CoMP-PA method achieves around 4 dB lower maxi-
mum antenna power over Q-CoMP, which corresponds to the main purpose of
the primal problem. Furthermore, the dynamic range defined as the gap be-
tween the minimum and maximum antenna power is narrower for Q-CoMP-PA
compared to Q-CoMP, thereby showing more even power distribution across
antennas. Therefore, the proposed method increases the efficiency of power-

related components such as power amplifier.
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Figure 3.4: Maximum transmit antenna power versus target SQINR for the
communication network with NV, = 32 transmit antennas per BS, N, = 4 cells,
N, = 2 users per cell, b € {2,3, 00} bits, and K = 1.

3.5.2 Narrowband Communications

As a special case, I simulate over the narrowband channel, i.e. K =1,
as stated in Remark 1. I assume that the small scale fading of each chan-
nel fading coefficient also follows Rayleigh fading with zero mean and unit
variance. For the large scale fading, I adopt the log-distance pathloss model
in [27]. The distance between adjacent BSs is 2km. The minimum distance
between BS and user is 100m. I consider a 2.4 GHz carrier frequency with
10 MHz bandwidth and use the same large scale fading model as the one used

in Section 3.5.1
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Fig. 3.4 illustrates the maximum transmit antenna power across N./V,
transmit antennas. I consider N, = 32, N, = 4, N, = 2, and b € {2,3,00}
bits. The benefit of the proposed Q-CoMP-PA method identified in the wide-
band simulation can also be confirmed in the narrowband case. By properly
incorporating the quantization noise and inter-cell interference in designing
W, 4, the proposed Q-CoMP-PA method can achieve the 3 dB reduction over
Q-CoMP in peak transmit power without experiencing undesirable divergence

at the simulated target SQINR values.

Fig. 3.5 shows the CDF of the transmit power of all antennas. I use
Ny, = 32, N. =5, N, = 2, and b = 3. Q-CoMP-PA achieves more than
3 dB reduction in the maximum transmit antenna power and operates with
a much narrower dynamic range than Q-CoMP. This result validates that
the proposed algorithm also outperforms Q-CoMP in minimizing the transmit
antenna power under the quality-of-service constraints for the narrowband

communication system.

3.5.3 Convergence

Fig. 3.6 shows progress in maximum transmit power with respect to
the number of iterations of Q-CoMP-PA until the stopping condition is met
considering v € {—3,0,3} dB, b =3, N, =32, N. =2, N, =3, K =64. It
can be seen that more iterations are needed and the algorithm converges to a
higher peak power as the target SQINR is raised. Since the curve is saturated

after a certain number of iterations and the number of iterations is determined
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Figure 3.5: Empirical CDF of the transmit power of all BS transmit antennas
in the network with N, = 32 transmit antennas per BS, N, = 5 cells, N, = 2
users per cell, b = 3 quantization bits, v = 2 dB target SQINR, and K = 1.

by the stopping condition of the algorithm, I remark that the convergence can

be faster by alleviating the stopping condition.

3.5.4 Channel Estimation Error

To assess the effects of channel estimation error, I employ a Gaussian
channel estimation error model [96] that defines the estimated UL channel

between BS ¢ and user u in cell j as

~

hiju=+1—-€*)h;,+ee (3.38)
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Figure 3.6: Convergence behavior for N, = 32 antennas, N. = 2 cells, N, = 3
users per cell, b = 3 bits, K = 64 subcarriers, and v € {—3,0,3} dB.

where e determines the degree of error, and e;;, is an error vector whose
elements follow €N(0, p; ;) in which p; ;, denotes large scale fading between

BS; and user u in cell j.

Fig. 3.7 shows CDFs of the achieved SQINR for channel estimation error
factor e € {0,0.1,0.2}, vy =3 dB, b =3, N, =32, N. =4, and N, = 3. As
e increases, the deviation from the target SQINR increases, resulting in less
accurate performance in achieved SQINR. The Q-CoMP algorithm is more
robust to the estimation error than the Q-Percell method, showing a smaller

deviation from the target SQINR v = 3 dB.
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Figure 3.7: CDFs of the SQINRs of users in all cells for v = 3 dB target
SQINR, b = 3 quantization bits, N, = 32 BS antennas, N, = 4 cells, and
N,, = 3 users per cell with channel estimation error factor e € {0,0.1,0.2}.

3.5.5 Peak-to-Average-Power Ratio (PAPR)

In this subsection, I simulate the PAPR of the transmitted signals.
Since a large peak amplitude causes severe performance loss, reducing the
PAPR is considered as one of the important topics in OFDM systems. In
Table 3.1(a), I analyze a wideband communication network with N, = 16,
N.=3,N,=2, K =064, and b = 3 over v € {—5,1} dB. It is observed that
Q-CoMP-PA achieves the lowest PAPR for the considered target SQINRs,
reducing it by more than 2 dB and 5 dB from Q-CoMP and Q-Percell, respec-
tively. Both Q-CoMP and Q-CoMP-PA methods exhibit more robust PAPR
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performance for different target SQINRs than Q-Percell.

In Table 3.1(b), I consider a narrowband communication network with
N, =32, N, € {2,4,6}, N, = 2, and b = 3 over v € {—3,2} dB. As shown
in Table 3.1(b), Q-CoMP-PA also achieves significant reduction in PAPR,
showing more than 1.8 dB gain over Q-CoMP. Furthermore, it is shown that
Q-CoMP-PA maintains similar PAPR over different SQINR targets or the dif-
ferent number of cells. Q-Percell with limited multicell coordination still de-
mands the highest PAPR, which emphasizes the significance of taking multicell
coordination into account since the decrease in PAPR is siginificant when em-
ploying the proposed Q-CoMP-PA. Therefore, Q-CoMP-PA is more favorable

for communication systems by limiting the peak power of transmit antennas.

3.6 Conclusion

In this chapter, I investigated the DL OFDM CoMP beamforming prob-
lem with low-resolution data converters and employed per-antenna power con-
straints to give a more practical power-efficient solution. The DL antenna
power minimization problem with SQINR constraints was formulated as a pri-
mal problem, and I derived the associated dual problem. I interpreted the
dual problem as a virtual UL transmit power minimization problem with re-
spect to the transmit power and noise covariance matrix. Subsequently, I
showed that strong duality holds between the primal DL and dual UL prob-
lems. Inspired by the strong duality, I proposed an iterative DL beamforming

algorithm. To this end, I addressed the inner and outer problems of the dual in
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an alternating manner by solving the inner power control problem via fixed-
point iteration and the outer noise covariance design problem via projected
subgradient ascent. Then, the DL beamforming solutions were directly ob-
tained from the UL beamforming solution through linear transformation. In
simulation, I demonstrated the proposed Q-CoMP-PA algorithm is effective by
reducing per-antenna transmit power while achieving target requirements over
a wide variety of system settings. The derived duality can provide insight for
designing power-efficient communication networks and the proposed method
can contribute to realizing highly efficient and reliable future communication

networks.

3.7 Proof of Theorem 3

Considering f; ,(k) as a combiner at subcarrier k for user u in cell 7, I

let f; (k) be the MMSE equalizer defined as
£i.u(k) =Z;, (k)giiu(k). (3.39)

Since the MMSE combiner maximizes SQINR, i.e., f‘zu(kj), applying
(3.39) and \Ile(k)\Ilﬁb(k:) = Iy, to (5.5) simplify the SQINR constraint into
PN (k)gl Z: 4 (k)giiu(k) > 7iu(k). Therefore, multiplying both sides by

gZHw(k:)g”u(k:) and rearranging the terms give

0 < g5 (K)8iu (k) (07N (£)875 u Zi o (K)810 () — Visu ()L, ) (3.40)

= 8iiu(k) (@*Niu(k)8iiu(K)87% uZiou (k) — Yia(k)Iy, ) iiu(k)- (341)
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I equivalently require o \; (k)i iu (k)81 . = Yiu(k)Ziu(k). Noting that Z; , (k) =
oK, (A) — a2/\i7u(k)gi7i7u(k)g£’u where K, ;(A) is the covariance matrix of the

received signal defined as

K;i(A)= (3.42)

Di+a 3 Ny (k)gio (K)81, (k) + (1— )y, () diag (UF, G AG By, ) Wi (k)

j7’U

Rearranging the above semidefinite condition allows rewritting the original

problem as
Ne,Ny, K
. ) 2
max )\IELI(I;) wzk Niw(k)o (3.43)
1
subject to K; x(A) < « (1 + w) Niw(B)giiu(k)gl (K), (3.44)
Yi,u ”

D, = 0, D; € R™*M : diagonal,

tr(D;) < Ny Vi, u, k

Now, I show that (3.43) is equivalent to the Lagrangian dual of (3.10).
To this end, I first rewrite the per-antenna constraint for antenna m in (3.12)

as

m,m

B (xR = [%Zwiw)wf <e>] S (a)

I multiply the objective function in (3.10) by a scalar value, K N.N,, which
does not change the fundamental of the primal problem. With Lagrangian

multipliers p; (k) and v;,,(k), the Lagrangian of the primal DL problem in
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(3.10) is given as

a?|w, (k)giiu (k)]

L (Wi (k) tisu(k), vin () = KNNopo = Y priu(k <

i,u,k ’yz’u(kj)
Ne,Nu
—a® Y gl ()W (R)]P = Quu(k) - 02)
() #(Eu)
o K-1
i,m,¢ =0 m,m

To make the Lagrangian tractable, I start by rewriting 3, i, (k) Qiu (k)
in the Lagrangian to manipulate W, which is deeply embedded in Cg,q; of
Qi (k). By mapping the indices from (i,u, k, j) to (j,v,¥,1), I have

Nc
Z /“Ll u Ql u Z /"Ll u ) Z g‘iyu(k)\IINb qu,qj'\II%bgj%u(k)
7j=1

i,u,k i,u,k

- Z /L]v \I’Ndlag<z ‘Q/)me —zu( )|2 vm TL) \I/%b ’L]U(g)

73,0, u,k

(3.47)
where ¥, ,,,(n) denotes the (m + (n — 1) N, )th column of U, ie., Yy, . (n) =
(Worrn®In,Jim form =1,... Ny,n=1,..., K, and w, , (k) is the (kN,+u)th
column of W,. Let M, (k) = diag(p1(k), - . ., i, (k)), M; = blkdiag(M;(0), ..., M;(K—
1)), and M = [M,,..., My |. Recalling that ¥y, (k) = ([WDFT]HL; ® IN,,)
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and G; =[G, ,,..., G, y.], (3.47) is rewritten as

S Y (z L ot () (z g;j,v,xomm(n)) (z 0o O <n>))

7,0,,8 m,n

=> wi (k) (Zwam (ZMM N8, (O8] (O, m(n ))"prm( )) w, (k)
i,u,k m,n ju,l

= wh (k)W y,diag (¥}, G, MG/"Wy,) ¥ w, (k)
i,u,k

DN Wi (k)W (k)diag (5 G, M Gy, ) OH (k)w, . (k). (3.48)
i,u,k

Here, (a) comes from w/ (k)¥y, = w/ (k)¥y, (k) since w, ,(k) has nonzero
elements w;, (k) only in the position that corresponds to the precoder for
subcarrier k, and gm’v’r(é) and ¥y, m.r(n) are the rth elements of gi’m(ﬁ) and
Yy, m(n), respectively.

Next, I define D;(k) = diag(vii(k),...,vin, (k). By switching the
indices between k and (, I can cast >,  vim(k) [ f:f)l Wl(ﬁ)WfI(é)] in

(3.46) to o
S Vim0 [Zwi,ak)wfu%)} = S S o i (O ()
i,m.l u,k m,m i,m,l u,k

=Y wi (k)Diwiu(k), (3.49)
iu,k

where w; 4, (k) is the mth element of w; , (k) and D, = Zﬁ;l f)l(é) Further,
> i Vim(€)po in (3.46) can be redrafted as

b0 Y ven0) =m0 Y tx(D). (3.50)

i,m,l
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By applying (3.48), (3.49), and (3.50) to the Lagrangian, I have the

reformulated Lagrangian as

L (Wz,u(k)a ,uzu Vzm Zﬂzu U — Po Z [tr(f)l) — KNb} (351)
i,u,k
o~ zu K %,u(k> , ¥l %,7,U

ta Z)‘JU )8 ( gz,j,v(k)

+a(l — )Wy, (k)diag (TN G, A G/ y,) \I:ﬁb(k;)) Wi (k).
Define the dual objective function as

9(iw(k)), Vim(0)) = min  L(Wiu(k), piw(k), Vim(l)) (3.52)

wi,u(k)vpo
and let D; = %f), To avoid an unbounded objective function, the required
conditions are tr(D;) < N, and
K;(M)=
D0 > (k)i (K)81, (k)4 (1—a) Uy (k) ding( @}, G, MG By, ) (k)
7,0

(14 1/7i0(k)) i (k)10 (k) gL%  (K). (3.53)

Consequently, the Lagrangian dual problem of (3.10) can be formulated as

Ne,Nu, K
max max iu(k)o? 3.54
ax max Xu% i (k) (3.54)
1
subject to K; (M) = a(l + W)ui,u(/ﬂ)gi,i,u(/ﬁ)gﬁu(k), (3.55)
/yi7u [}

D; > 0, D, € R"*M . diagonal,

tr(D;) < Ny Vi, u, k.

131



The differences between (3.43) and (3.54) are the opposite objective problems
with respect to \; (k) and p;,(k), i.e., min vs. max, and the reversed SQINR
inequality conditions in (3.44) and (3.55). Since (3.43) and (3.54) obtain op-
timal solutions when the SQINR constraints satisfy equality conditions, the
solutions for both problems are indeed equivalent to each other with the active
SQINR constraints. Therefore, (3.43) and (3.54) are equivalent, and A; ,(k)

and p; (k) are interchangeable. This completes the proof. O

3.8 Proof of Corollary 7

First of all, the identity in (3.45) allows the primal DL problem in (3.10)

to be rewritten as

min p, 3.56
Wi,u(k)vpop ( )
st Din(k) > viu(k), Vi u, k (3.57)
K-1
«
[? Z Wl(g)Wf(g)] < Po- (3.58)
£=0 m,m

Let Wgp(k) = blkdiag(W(k),..., Wy, (k)), Wgp(k) = blkdiag((Ixy, ®
Wi (E)),...,(Ixn, @ Wy, (E))), Wap = blkdiag(Wgp(0), ..., Wep(K — 1)),
Uy, (k) = Ixn, @ Oy, (k), Uy, = blkdiag(¥y, (0),...,Un, (K — 1)), Ej (k) =
diag(¥y,g.. g” \Ilgb), and E; (k) = 1 ®V6C(E1/2 (k),... ,EJIV/CQW(I{)) The

]7i7u_j7i7u 17Z7u
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SQINR constraints in (3.57) can be re-interpreted as

1
042(1+ )Wf{ukgz‘iuQ 3.59
Vi (k) Wi (F)8iiul (3.59)
2
QWEID( >~ (gl i,y '1‘/72ch,i,u> 12
1—aW 0)¥y, (0)vec(E,(k),.. EN ", (K
| VAT WO, 0veelBE (), L) |
Val = a)Wep(K — D)Wy, (K — D)vec(Ey2, (k). N2, (k)
(3.60)
_ aWBD(k)VeC(gl i, uy 7ch zu) ? 2
N \/ ]. — WBD\IINb i ]{j) + a5 (361)

for all 4, u, and k. In addition, the per-antenna constraint in (3.58) is rewritten

m

[§ Wi(f)WrH(ﬁ)] :EHvec(efiWi(O),...,eHWi(K—1))H (3.62)

for all m. Accordingly, the primal DL problem in (3.10) can be cast to the
SOCP. Since (3.10) is strictly feasible and convex, strong duality holds between
(3.10) and (3.25). O
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3.9 Proof of Corollary 8

I first find the derivative of the Lagrangian in (3.51) with respect to

w;.(k) as

L Wi (k) Mia(k),vim () _ (s LNy o o
awz,u(k) =2 (K D; (1 + %,u(k)) /\z,u(k)gl,l,u(k)gz,z,u(k>

+a®) Nu(R)gigo ()8l (k)
7,0

+a(l — )Wy, (k)diag (¥ G, A G/ \I:Nb)\pﬁb(k;)) Wiu(k). (3.63)
I then set the derivative of the Lagrangian to zero, and solve it for w;, (k) as

Wi (k) = (a2 S Nu(K)g (el (k)

(v)#(Eu)

-1
+a(l - @)Wy, (k)diag (Ty, G, A G \I:Nb)\llﬁb%)mDi) x

2

m&;u(’f)gi,i,u(/f)gfi,u(/f)wi,u(k) (3.64)
@ el (Bywe (B
= (R N (F) 83 (F) Wi (F) i (K) (3.65)

where (a) comes from f;, (k) given in (3.39). As a result, I argue w; (k) =
7;.u(k)E; (k) with properly computed 7, (k).

To satisfy the Karush—Kuhn—Tucker stationarity condition with the

DL constraint in (3.11), I'; , (k) has to meet the target SQINR constraint with

strict equality. For given i,u, k, define & (n) = 1 if (¢/,u/',n) = (i,u, k), and

& w(n) = 0 otherwise. I collect &;,'s as Z;(k) = diag(&q1(k),. ... &, (k)),

Z(k) = blkdiag(=s,...,Zn,), and Z = blkdiag(Z(0)...,=(K — 1)). I then
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rewrite the quantization error term in (3.8) in a tractable form as

Nc
Qi(k) 2 01— ) > g (k)W diag (W, W, W0y, )0 e ()
j=1
=a(l —a) Z & u/(n)gﬂ A7 )\Iledlag(\Il w WH\I!Nb)\II%b (n)
i u n,j
=a(l—a)) _ wi (W, (O)diag (TN G,ZGHTy,) Y ()w;,(0)
j,u,l

(k)g), (k) "W, )TN, (Ow],(0),

25,0 7 255,u v
(3.66)

where (a) is obtained by substituting (3.5) into (3.9) and (b) comes from the

fact that G; = GH =g  (k)gf (k) since = can activate the (kN, + u)th

=29,0,u 29.4,u

column of G; only.

Accordingly, the active DL SQINR constraint is rewritten as follows:

o2 Ne,Ny,
02 i ( )|gzzu< )W’L,U(k)|2 —042 Z ’gjzu( )WJ U(k>’2 - Ql,k(k)
n (5,0) # (i)
(a) a?
= — g/ () (k)7 u(k) — Z |50 (R)E (K) P70 (K)
o (,0)#(iw)
a(l =) . (OF, (O, (Odiag (¥ g . (k)g!" (k)"0 ) ET (OF(0),

70,0

(3.67)

for all 4, u, k where (a) is from (3.66) and w; (k) = \/7iu(k)f; (k). Repre-
senting (3.67) for all 4, u, k gives 6?1 = X7, thereby having 7; (k) by solving
T =021 O
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3.10 Proof of Corollary 9

(3.32) is obtained by setting the Lagrangian in (3.63) to zero, solving
for A;,(k), and replacing %f)l with D;. Thus, the solution of \;, (k) satisfies
the stationary condition, and I further observe that the UL SQINR constraint
in (3.12) is active at the solution satisfying the complementary slackness con-

dition. Therefore, (3.32) is optimal solution of the UL OFDM problem. [

3.11 Proof of Corollary 10

Using the beamforming duality between UL and DL problems shown
in [23] and [15], f(D;) in (3.31) for fixed D; can be transformed to the following

DL beamforming problem:

f(D;) = min szu )Diw; (k) (3.68)

wi (k)

subject to I'; (k) > viu(k) Vi, u,k.

I introduce two arbitrary diagonal covariance matrices D; and D’ whose asso-
ciated optimal solution of (3.68) is denoted as w;, (k) and w; , (k), respectively.

I can then discover the following inequality on the objective function:

F(D) = f(Di) = will(k)Diw, (k) = > wit, (k)Diw; (k)
w,k u,k

(a)
< Wi (R)Diwi (k) = > wi, (k)Dywi (k)
u,k u,k

<d1ag (Z w; k(K ) (D] — D; )) : (3.69)
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where (a) holds because associating D), with w; (k) cannot decrease the ob-
jective function from w; ,(k), and (b) follows because (D] — D;) is diago-
nal. From the definition of a subgradient: A is a subgradient if f(D}) <

f(D;) + tr(A(D] — D;)), (3.34) is a subgradient of f(D;). O

3.12 Proof of Corollary 11

Proof. The proof is based on the standard function approach presented in [15,
23,105]. Let us rewrite (3.32) as )\gnﬂ)(k) = F;ux(A™). T need to show that

U

Fiwk(A) is a standard function which satisfies the followings:

o (Positivity) If \; (k) > 0 Vi, u, k, then F; ,, 1 (A) > 0.

n+1)
U

Proof. By limiting )\g (k) to be non-negative, I have K;(A) > 0;

hence K; L(A) = 0. This makes the denominator of (3.32) strictly posi-

tive. O]
e (Monotonicity) If X; (k) > A, (k) Vi, u, k, then F; , x(A) > Fiwr(A).

Proof. For the sake of brevity, I define the signal and quantization noise

part of the covariance matrix as

R(A) = (3.70)

0 i (W)gigo (R)elh . () + (1—a) By (k)diag (U, G AGH W, ) ()
7,0
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Leveraging the fact that A is a diagonal matrix, the covariance matrix
of the received signal is then rewritten as

K;:(A) =D, +R(A) (3.71)

—D, + R(A)) + R(A — A). (3.72)

Since I assume \;, (k) > A] ,(k), I can notice that R((A —A')) = 0. In

addition, I know D;+R(A) = 0 and g/ (k) is in the range of D;+R(A)

. By Proposition 4 of [102], the following relationship holds:

1
Fiup(A) = 1 / N1

e (1 + m) gt u(k) (Di +RA)+RA-A )) iiu(k)
(3.73)
> — (3.74)

o (1+ 5 ) gl () (Di+ RA))  gisalk)
= Fiur(A) (3.75)
]

e (Scalability) For p > 1, pF; ,x(A) > F;ur(pA).

Proof. 1 have (p — 1)D; is still a semidefinite matrix. By Proposition 4
of [102], the following relationship holds:

1
p?z',u,k(A) = ) —1
o (1+ 255) 8l (B) (0 = DD+ Di+ pRA))  gisa()
(3.76)
> ! - (3.77)
o (14 5255 &l (8) (D: + pRA)) ™ g1 (F)
= Fiur(pA) (3.78)
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-1
Since equality holds when p(p — 1)D; (Di + R(/_\)) giiu(k) = 0. Since

multiplying by g;;.(k)¥D; ! on the left side yields

Combining the three proofs completes the proof of Corollary O]
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Algorithm 1: Quantization-aware iterative CoMP with per-
antenna constraints (Q-CoMP-PA)

Initialize \\’) (k), Vi, u, k and DI, Vi.
while D! —D"™V| > ¢p, Vi do
) =

[y

2
s | while |\ (k) = A%V (k)] > e, Vi, u,k do
4 Compute Kz,k(A( )) according to (3.42) using )\%(k') and
D(")
5 Update )\(H (k) according to (3.32) as
(t+1) 1 :
)\i,u (k) — 1 1 (t) ) VZ, u, ka
5 a1+ L )&l KA )gi 0 (R)
t+t+ 1.
7 end
8 Find the UL MMSE equalizer f; (k) in (3.39) with Dgn) and
Au(h)

9 Compute the DL precoder w; (k) from Corollary 8.

10 Update DEnH) using a subgradient ascent method as

D"V DM 4y dlag( Z W, (k)W; (k:)> Vi.
Project D ) onto the feasible set (3.27)-(3.28) until

converges as
(o (00) 30

2
(oA

D"« max | 0, diag(1y,) | ,Vi.

n<+<n+1.
11 end

12 return w; ,(k), Vi, u, k.
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Table 3.1: Comparison of peak-to-average power ratio (PAPR) for selected
target SQINR values 7.

v [dB] | Q-Percell | Q-CoMP | Q-CoMP-PA
1 8.21 dB 4.98 dB 2.96 dB
) 7.99dB | 4.93 dB 2.88 dB

(a) PAPR of the wideband OFDM system with N, = 32 antennas, N, = 3
cells, N, = 2 users per cell, b = 3 bits, and K = 64 subcarriers.

y N, = 2 cells
[dB] | Q-Percell | Q-CoMP | Q-CoMP-PA
2 4.02 dB 2.96 dB 2.18 dB

-3 3.97dB | 2.94 dB 2.07 dB

vy N, = 4 cells
[dB] | Q-Percell | Q-CoMP | Q-CoMP-PA
2 5.35 dB 4.21 dB 2.25 dB

-3 5.58 dB | 4.42 dB 2.55 dB

v N, = 6 cells
[dB] | Q-Percell | Q-CoMP | Q-CoMP-PA
2 549 dB | 4.57 dB 2.51 dB

-3 | 5.96dB | 4.81 dB 3.02 dB

(b) PAPR of the narrowband system with with N, = 32 antennas,
N. €{2,4,6} cells, N, = 2 users per cell, and b = 3 bits.
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Chapter 4

Learning-Based Maximum Likelihood
Detection with One-Bit ADCs

In this chapter!, I propose a learning-based detection framework for
uplink massive multiple-input-multiple-output (MIMO) systems with one-bit
analog-to-digital converters (ADCs). The learning-based detection only re-
quires counting the occurrences of the quantized outputs of -1 and +1 for
estimating a likelihood probability at each antenna. Accordingly, the key ad-
vantage of this approach is to perform maximum likelihood detection without
explicit channel estimation which has been one of the primary challenges of
one-bit quantized systems. The learning in the high signal-to-noise ratio (SNR)
regime, however, needs excessive training to estimate the extremely small like-
lihood probabilities. To address this drawback, I propose a dither-and-learning
technique to estimate likelihood functions from dithered signals. First, I add

a dithering signal to artificially decrease the SNR and then infer the likelihood

!This chapter is based on the following submitted paper: Y. Cho, J. Choi, and B. L.
Evans, “Adaptive Learning-Based Maximum Likelihood and Channel-Coded Detection for
Massive MIMO Systems with One-Bit ADCs,” submitted to IEEE Transactions on Vehicu-
lar Technologies, 2023. This work was published in part in the following conference paper: J.
Choi, Y. Cho, and B. L. Evans, “Robust Learning-Based ML Detection for Massive MIMO
Systems with One-Bit Quantized Signals,” in IEEE Global Communications Conference
(Globecom), Dec. 9-13, 2019. This work was supervised by Prof. Brian L. Evans.
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function from the quantized dithered signals by using an SNR estimate derived
from an deep neural network-based offline estimator. I extend the dithering
technique by developing an adaptive dither-and-learning method that updates
the dithering power according the patterns observed in the quantized dithered
signals. The proposed framework is also applied to state-of-the-art channel-
coded MIMO systems by computing a bit-wise and user-wise log-likelihood
ratio (LLR) from the refined likelihood probabilities. Simulation results vali-
date the detection performance of the proposed methods in both uncoded and

coded systems.

4.1 Introduction

Massive MIMO systems for sub-6 GHz wireless communications [46, 66]
and millimeter wave (mmWave) communications [3, 33, 74, 75] have been con-
sidered as one of the emerging technologies for future communications because
of the outstanding gain in spectral efficiency and capacity [56]. As wireless
communication systems continue to grow in popularity and importance, there
is a need to investigate communications systems that are not only reliable and
high-performing, but also energy-efficient for various future wireless applica-
tions such as vehicle-to-everything, internet-of-things, extended reality, and
smart grid [25,79]. Because of the small wavelength of mmWave signals and
small antenna spacing, the mmWave system allows the installation of more
antennas per unit area, each of which is connected to a RF chain with a pair

of high-precision data converters.
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However, the use of a large number of high-resolution ADCs at re-
ceivers results in prohibitively huge power consumption, which becomes the
main bottleneck in the practical deployment because a high-resolution ADC
is particularly power-hungry as the power consumption of an ADC tends to
scale up exponentially with the number of quantization bits. To overcome
the circuit power issue, deploying low-precision ADCs has been considered as
a low-power solution over the past years [16,18,20,89,101]. As an extreme
case of the low-resolution data converters, the use of one-bit data convert-
ers has emerged and become particularly attractive due to the ability to en-
hance power efficiency, lower hardware cost, and simplify analog processing
of receivers [14,21,22,58,62,63,71,100]. Because of the strong nonlinearity,
data detection and channel estimation with one-bit data converters become
more challenging; however, the use of massive antenna arrays can alleviate the
performance loss [51,84]. Nevertheless, when conventional signal processing
algorithms are applied directly to low-resolution systems, significant perfor-
mance losses can be experienced due to the severe nonlinear distortions that

low-resolution ADCs cause.

4.1.1 Prior Works

State-of-the-art one-bit detection, oversampling, beamforming, and chan-
nel estimation techniques have been developed in the recent decades [14, 21, 22,
39,55,71,100]. Low-complexity symbol-level beamforming methods for one-

bit quantized systems were developed for quadrature-amplitude-modulation
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(QAM) constellations [71]. Taking into account the heavily quantized sig-
nals and antenna correlations, an iterative multiuser detection by using a
message-passing de-quantization algorithm was devised in [100]. In [21], a
high-complexity one-bit ML detection and low-complxity zero-forcing (ZF)-
type detection methods were developed. In terms of MIMO detectors, by con-
verting the ML estimation problem in [21] to convex optimization, the optimal
maximum-likelihood (ML) detector was introduced and the near-ML detector
was also proposed by transforming the ML detection problem into a tractable
convex optimization problem [22]. Successive-interference-cancellation one-bit
receivers that can be applied to modern channel coding techniques was pre-
sented in [14]. However, such detection methods require the estimation of
channel state information (CSI), which is unrealistic with one-bit quantized
signals. Machine learning techniques were also employed for one-bit detec-
tion [5,67,68]. It was shown in [68] that support vector machines can be used
for efficient channel estimation and data detection with one-bit quantized ob-
servations. In [5], the conventional orthogonal frequency division multiplexing
precoder and decoder are replaced with artificial neural networks to enable
unsupervised autoencoder-based detection. [67] combined a linear estimator
based on the Bussgang decomposition and a model-based deep neural network
approach to make data detection with one-bit ADCs adaptive to the current
channel. It was shown in [64] that employing oversampling of one-bit ADCs
at the receiver can unlock the improved energy efficiency. The oversampling

technique was further applied to downlink precoding to compensate the loss
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caused by the receiver’s one-bit ADCs. [57]

Accordingly, various channel estimation methods were developed such
as least-square (LS), ML, ZF, and Bussgang decomposition-based methods [22,
52]. Combined with antenna-wise non-zero thresholding for one-bit quantiz-
ers, the majorization-minimization-based ML channel estimator was proposed
in [55]. In [39], it was shown that Bussgang decomposition-based channel es-
timator with linear equalizers can provide reliable performance for high-order
constellations in one-bit ADC systems. Supervised deep learning in learning
a mapping from the one-bit quantized measurements to the channels was uti-
lized in [111]. Such channel estimation schemes with one-bit quantized signals,
however, still suffer degradation in estimation accuracy compared with high-
precision ADC systems. However, such methods are heavily influenced by
channel estimation accuracy. In this regard, I investigate a learning-based de-
tection that replaces one-bit channel estimation with a likelihood probability

learning process.

Learning-based data detection techniques have recently been investi-
gated [41-43,70]. The authors in [42] applied sphere decoding to the one-bit
quantized system and showed that the detection complexity is reduced while
achieving near-optimal performance. Viewing the one-bit ADC systems as a
classification problem, various supervised-learning-based data detection tech-
niques were provided by estimating effective channels and learning the non-
linear system response [41]. In [43], however, a channel estimation was done to

initialize likelihood functions for ML detection, and a learning-based likelihood
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function was used for post-update of the likelihood functions. In contrast, the
authors in [70] used an estimated channel to generate a noisy training pilots
and developed an expectation-maximization algorithm that facilitates the like-
lihood probability learning process. Unlike previous learning-based approaches
that focused on developing detection mechanisms based on estimation chan-
nels, I rather focus on applying one-bit ML detection and learning likelihood
functions to overcome the problem of the learning process with the limited

amount of training.

4.1.2 Contributions

In this chapter, I propose a learning-based ML detection approach that
replaces a one-bit channel estimation stage with a counting-based learning
process for an uplink multiuser MIMO systems with one-bit ADCs. The main
aim of this work is to estimate the likelihood probability with an acceptable
amount of training by utilizing known dithering noise signals. The contribu-

tions of this work are summarized as follows:

e [ propose the dithering and learning technique to infer likelihood func-
tions from dithered signals. Such an approach significantly reduces the
number of zero-valued likelihood functions whereas naive learning-based
one-bit detection suffers from a number of zero-valued likelihood func-
tions. After the dithering process, I obtain a preferable statistical pattern
in the one-bit quantized output sequences with moderate sign changes

thanks to the reduced SNR. Then a denoising phase retrieves the actual
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likelihood functions without the impact of the dithering noise. The pro-
posed method allows estimating the likelihood functions with a reason-
able training length by drawing meaningful sign patterns in the quantized

output sequence.

To further improve the learning accuracy, I develop a adaptive dither-
ing and learning for adjusting each antenna element’s dithering power
based on feedback. Since the performance of the proposed dithering-
based learning algorithm is affected by the dithering power, the proposed
feedback-based adaptive algorithm effectively adjusts the dithering noise
power depending on the pattern of the one-bit quantized outputs. A
deep neural network-based offline SNR estimation method is also devel-
oped to enable the denoising phase of the dithering-based learning in the

practical systems.

In order to further apply the learning-based scheme to modern commu-
nication frameworks rather than being limited to hard-output detection,
I compute the log-likelihood ratio (LLR), i.e., soft output, which is fed
into a channel-decoder. Noting that the LLR needs to be defined for an
individual binary bit of each user, I separate the index set of all possible
symbol vectors into two disjoint subgroups and compare the sum of the

likelihood probabilities over the two subgroups.

Simulation results validate that, in contrast to the conventional learning-

based one-bit ML detectors and other channel estimation-based one-bit
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detectors, the proposed learning-based one-bit detector can achieve com-
parable performance to the optimal one-bit ML detection that requires
perfect CSI and exhibit more reliable detection performance in both un-

coded and coded simulations.

4.2 System Model
4.2.1 Signal Model

Uplink multiuser MIMO communication systems are considered where
the base station (BS) equipped with N, receive antennas concurrently com-
municates with N, single-antenna users. I suppose N, > N, in the context
of massive MIMO systems. Each antenna element has its own dedicated RF
chain as well as individual in-phase and quadrature one-bit ADCs. I assume a
block fading channel model whose channel matrix is invariant for N, coherent
time slots. I then split the uplink transmission into a training phase with N,
time slots and a data transmission phase with Ny slots, i.e., N. = N; + Ny.
During the training phase, each user transmits up to N; pilot symbols. I use
K to denote the number of possible pilot symbol combinations of N, users,
e.g., K = 2™« for binary phase shift keying at all N, users. I also use Ny,
to represent the number of transmissions of each combination. This implies

N; > KNy, to learn the characteristics of all possible combinations.

Let ©Q,; denote the set of constellation points of M-ary QAM scheme
from which 5,[t] is generated where §,[t] is the complex-valued data symbol of

user u at time . [ assume 5,[t] € Q,,; to have zero mean and unit variance, i.e.,
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E[5,] = 0 and E[|5,[t]|>] = 1. A symbol vector §[t] = [5,[t], ..., 5y, []] € QY,
t € {1,..., N.} denotes the collection of the transmitted signals from NV, users
at time t. I consider each user to adopt M-ary QAM constellation and thus,
the number of possible symbol vectors s[t] becomes K = MM, Assuming
that the symbols from users are concurrently received and jointly processed
at the BS, the received analog complex baseband signal vector at time t is

represented as

t[t] = /pH"s8[t] + z[t], (4.1)

where H € CM*M is the complex-valued channel matrix between the BS
and N, users, whose ith column vector, i.e., h;, indicates the channel vector
defined between all user and the ith antenna element of the BS. The transmit

power is denoted as p, and the additive white complex Gaussian noise vector

z[t] follows z[t] ~ CN(Oy,, Noly,). Here, I define the SNR as
v = p/No. (4.2)

Then, each real and imaginary component of the received signals in
(4.1) is quantized with one-bit ADCs which only reveal the sign of the signals,

i.e., either +1 or —1. The quantized signal can be represented as

y[t] = QRe{r[f]}) + 7Q(Im{r[t]}) (4.3)

where Q(a) = (—1)"e=% ¢ {—1 +1} is an element-wise one-bit quantizer

which returns +1 if the input is positive, or —1 otherwise. The received signal
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in the complex-vector expression r[t] can be rewritten in a real-valued vector

representation as

rft] = Eﬁggm = /pH"s[t] + zt] (4.4)
where
+ [Re{H"} —Im{H”

H = {Im}IZIT{ Re{%IT}}} ’ (4.5)

_ |Re{s[t]}
s[t] = [Im{g[t]}} : (4.6)

_ |Re{z[t]}
z[t] = Lm{z[t]}} . (4.7)

where z[t] ~ N(Oqy,, %Ig N, ). Accordingly, I also rewrite the quantized signal

in a real-vector form as

ylt] = Q(r[t]) (4.8)

= 9(/pH"s[t] + z[t)), (4.9)

which is composed of 2N, real-valued observations of either —1 or +1. Through-
out this chapter, I consider to have 2N, antennas to denote the real-valued

ports for ease of notation, i.e., the ith antenna in the real-value representation

corresponds to y;[t].

4.2.2 One-Bit ML Detection with CSI

I first introduce the conventional one-bit ML detection with the full CSI.
I define the index set of all possible symbol vectors as KX = {1,..., K} and

use s, to denote the kth pilot symbol vector in a real-vector form. Let P(%) ¢

151



[0, 1]5>2N with B8 € {—1,+1} denote the matrix of likelihood probabilities
whose P,(fi) means the probability that the ¢th antenna component receives
8 when the users transmit the kth symbol vector s;. Assuming uncorrelated
antennas, the likelihood probability of the one-bit quantized signal vector y|t]

for a given channel H and transmit symbol vector s is given as

2N,

[][H, s;,) HPW . (4.10)

I remark that the likelihood function for the 7th antenna element of an obser-

vation y;[t] € {—1,+1} with the perfect CSI can be computed as

P = P(yi[t] b, 1) (4.11)

= O (y;[t]vr.) (4.12)

where

P T
i =4/ h! 4.13

is the effective output of the ith antenna in real-value representation when

transmitting the kth symbol vector, and ®(z) = [*_ \/%76’72/%7 is the cu-

mulative distribution function of a standard Gaussian distribution. Based on

(4.10), the one-bit ML detection rule is given as

2N,
k*[t] = arg maXH P(yl[t] : (4.14)
kEK =1

The detected real-valued symbol vector is then defined as §[t] = sy« which can

be mapped to §[t] € Q as detected QAM symbols by performing the reverse
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operation of (4.6). Assuming an equal probability for each pilot symbol vector,
(4.14) provides the optimal detection. I note that the ML detection in (4.14)
requires full CSI for computing (4.11). The channel estimation, however, can
be greatly burdensome in massive MIMO systems and much less accurate for
receivers employing one-bit ADCs. In this regard, it is desirable to perform
the optimal detection without requiring explicit channel estimation in one-bit

massive MIMO systems.

4.3 Preliminary: Naive One-bit ML Detection without
CSI

Now, I outline a direct learning-based one-bit ML detection strategy
that does not require channel estimation. Although this approach still requires
Ny, training sequences, the learning principle is greatly simpler than the one-
bit channel estimation, thereby providing robust detection performance. Each
pilot symbol vector s € QANj‘ is transmitted NV, times throughout the pilot
transmission of length N;. The BS aims to approximate the true likelihood
probability P by observing the frequency of y;[t] = +1 and y;[t] = —1 during
the transmission as

1 Ntr
po)_ [Pii = 1 2 Mk = DN + 1] = +1)
ki ]_:)](H ) _ 1— P(+~1)

,’L

(4.15)

where § € {+1,—1}. The operation in (4.15) measures the number of +1’s
at the 7th antenna element out of the IV, observations triggered by s,. After

learning the likelihood functions, the BS obtains the estimate of the likelihood
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Figure 4.1: Symbol error rate simulation results of the optimal one-bit ML
detection with full CSI against naive learning-based one-bit ML detection for
N, = 32 receive antennas, N, = 3 users, 4-QAM, and N,, € {10,100, 1000}

pilot signals.
probability for a given data signal y|[t] as

P(y[t]|H, s)~

TI(PE 1wl =+1)+ L 1wl = 1)), (4.16)

and the receiver can perform the ML detection in (4.14) by searching the best

index that maximizes (4.16) over the K possible symbol vectors.

Although such one-bit ML approaches can provide a near-optimal de-

tection performance with simple function learning, they may suffer from crit-
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ical performance degradation due to a limited amount of training as stated in

the following remark:

Remark 2 (Under-trained likelihood functions). At the high SNR, the N,
quantized output of each antenna is repeatedly observed to be either all +1’s or
all —1’s due to the low power of the aggregate noise. This phenomenon results
in obtaining a number of zero-valued empirical likelihood functions in (4.15),
e.g., f’,(f i) = 0 because the one-bit quantized observations at the high SNR
regime become quasi-deterministic such that it is difficult to observe a change
in the sign of the quantized output sequences during the N, transmissions of
the symbol vector s;. Such a zero-valued likelihood function, called under-

trained likelihood function, completely ruins the ML detection rule since the

ML computation in (4.16) can be completely negated by any zero probability.

Fig. 4.1 shows the symbol error rates (SERs) of the optimal one-bit
ML detection and the naive approach with the number of training samples
Ny € {10,100, 1000} for N, = 32 receive antennas, N,, = 3 users and 4-QAM
modulation with respect to the SNR. It is observed that although I increase
the number of pilot signals, the naive approach starts to suffer at the medium
to high SNR since the under-trained likelihood functions start to appear more
frequently as the SNR increases. Therefore, such a critical drawback of the
naive learning-based approach needs to be resolved to deploy the one-bit ADC

systems in practice.
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Figure 4.2: A receiver architecture for the pilot transmission phase with dither-
ing signal added before quantization. Based on the feedback information, the
variance of the dithering signal is updated.

4.4 Adaptive Statistical Learning without CSI

In this section, I present an adaptive learning-based ML detection
method for one-bit ADC systems in order to closely achieve the optimal CSI-
aware ML detection performance without suffering the error floor of the naive
learning approach observed in Fig. 4.1 and without requiring explicit estima-
tion of channels. Being identical to the maximum a posteriori estimation, the
ML estimation is optimal in minimizing the probability of detection error when
all possible transmit symbols have an equal probability of being transmitted.
Accordingly, the proposed method can achieve the detection performance close

to optimal without explicit channel estimation.
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Figure 4.3: Communication data frame with a pilot transmission and a data
transmission phases.

4.4.1 Dithering-and-Learning

To resolve the problem of the under-trained likelihood functions, I pro-
pose the dither-and-learning method that can learn the likelihood functions
with a reasonable training length N,. As shown in Fig. 4.2, the BS appends
antenna-wise dithering signals d;[t] to the analog baseband received signal r;[t]
during the training phase. After dithering, the quantization input for trans-

mitted symbol s, in the real-vector form becomes
rpk[t] = rift] + dt] (4.17)
= /pHs; + z[t] + d]t]. (4.18)
I let 0?/2 denote the variance of the real-valued dithering signal at the ith
antenna and consider d[t] ~ N(Oay,,X) where X = diag(c}/2,..., 03y, /2).
The distribution of the dithering signal is controlled at the BS. The dithered

and quantized signal associated with the kth symbol vector becomes
yorlt] = Q(/pHsy + z[t] + d[t]) € {+1, -1} (4.19)

As a next step, the BS computes the estimated likelihood function for

the dithered signals P(Dﬁi,z as in (4.15) for g € {+1,—1}. Without loss of
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generality, let us fix f = +1 for ease of explanation. Then, f’(DJr,i)Z offers an

estimate of the actual likelihood functions as shown in (4.12) with increased

noise power:

. 2
PSY ~ @ ( i — hfsk> . (4.20)

Assuming Ny (equivalently, SNR) is known at the BS, the BS can find the

estimate of v, ; in (4.13) by leveraging (4.20). Such denoising is computed as

2
i = 1+ 2207 (P (4.21)
0

Finally, the BS uses 1/;;“ to approximate the true (non-dithered) likeli-

hood function Pg;;l) as

P =@ (). (4.22)
Since the likelihood function of the dithered signal p(D+k1)z in (4.20) is much
less likely to have zero probability compared with that of the non-dithered

) with a

case, the BS can learn the majority of the likelihood functions ]_5,(31
reasonable training length. When I observe zero likelihood functions after the
dither-and-learning process, I set a very small probability that is lower than

any of the non-zero likelihood functions, i.e.,
f)l(fz) = Pmin; Vi € ‘Ag(ﬁ)v (423)

where puming < minjean(s) lf’,(fj), V3, AY(B) indicates the index set of zero
likelihood functions for s, and g, and A}*(f) is the index set of non-zero

likelihood functions for s, and f.
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For the proposed dither-and-learning method, intuitively, the power of

dithering signals affects the learning performance as stated in Remark 3.

Remark 3. The level of dithering power is important as low dithering power
continues to trigger under-trained likelihood functions, and high dithering
power hinders recovering the symbol information, leading noise term domi-

nant.

Based on Remark 3, I further propose an adaptive dithering power

update method in the following section.

4.4.2 Adaptive Dithering Power Update

Fixing dithering variance does not suitably adjust the dithering power,
and this behavior can cause two fundamental problems: 1) when the dither-
ing power is low and the SNR remains high, it is highly probable to have
undesirably many under-trained likelihood functions and 2) for high dither-
ing power, although the dither-and-learning procedure successfully prevents
the under-trained likelihood functions, the estimate of the effective output in
(4.21) cannot be accurate due to the large randomness of the dithering signals.
In this respect, the BS has to properly determine dithering power considering
the system environment. To this end, I empirically update the dithering power
by leveraging feedback based on the behavior of received observations and pro-
pose the adaptive dither-and-learning (ADL) method that fits the dithering

power into a suitable range.
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As shown in Fig. 4.3, I first divide the N, signals of each pilot symbol
sy into N, disjoint sub-blocks in which each sub-block accommodates NP =
Ny /Ns training samples where Ny, is assumed to be a multiple of Ng. Then,
the nth dithered and quantized sub-block observed at the 7th antenna when

transmitting s, can be represented as

Fosin = {0 (k= DNe + (0 1) N3* 4 1],
T
-5 YDk, [(k — 1>Ntr + nNtSrUb] } c {_i_l, _1}Ntrb’ (424)

where n € {1,..., Ny} and yp,[t] denotes the dithered observation at the
ith antenna at time t for the kth pilot symbol vector s;. When the received
training sequence is either yp j;, = +1 Nsub OF YD kin = —1 Nsub for antenna i,
the dither power is regarded to be lower than the desirable dithering power for
s at antenna ¢ in the current system. In such a case, I increase the dithering

noise variance of the ith antenna for the next sub-block by A, i.e.,
02 « o2 + T;A, (4.25)

where J; is the indicator function defined for the ith antenna, i.e., J; = 1 if
YD kin = +1Ntsrub Or YD kin = —1Ntsrub, and J; = 0 otherwise. This allows that
the subsequent training sequence is more likely to observe the sign change

within N3P quantized outputs thanks to the increased perturbation.

Upon completing all sub-blocks, the likelihood probability of symbol
vector k is determined by computing the mean of the likelihood probabilities
for all Ny sub-blocks associated with symbol vector s;. Algorithm 2 summa-

rizes the adaptive dithering-and-learning (ADL) process. I note that the fixed
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Algorithm 2: Adaptive Dithering-and-Learning (ADL)

1 Initialize P{;Y = 0 Vk,i
2 Fix the increment of the dithering variance, A.

s for k=1 to K do
2

4 | Initialize 02 = 0% and J; =0 Vi.

5 forn=1 to Ny, do

6 for i =1 to 2N, do

7 Observe yp 1. (4.24) during NP slots
8 Compute f’(Dﬁgm of ¥p kin using (4.15)

9 Compute @/Azk, in (4.21)

10 15](;;1) — 15,(;21) + N%@ (1@“)

11 Ji <= {YDkim = +1Ntsrub} + I{Ypkin = —1Ng;1b}
12 o? + ol +J;A

13 end
14 end
15 end

16 return PHY and PCY =1 — PHHD),

dithering-and-learning method in Section 4.4.1 is the special case of the ADL
method with N, = 1. I also remark that the ADL method prevents not only
the under-trained likelihood functions but also the undesirably large fluctua-
tions of the received signals since the dithering power update is supervised by

the BS to fit into the appropriate SNR region based on the observations.

4.4.3 SNR Estimation

In spite of the properly managed dithering power, the computation
of likelihood probabilities using the denoising process in (4.21) requires the

perfect knowledge of the SNR v or equivalently, the AWGN noise variance Nj.
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In this work, I also perform the SNR estimation via offline supervised learning
using the deep neural network as shown in Fig. 4.4. The offline training first
collects training data points {y[j];v[j]} where y[j] € {+1,—1}*"" is the jth
one-bit quantized observations and ~v[j] is the true SNR at time j. Once
sufficient samples are collected, the BS selects a portion of the data points
as training samples and performs the supervised offline learning with y/[j] as
inputs and ~v[j] as outputs to be estimated. Assuming that there exist L
hidden layers, the estimated SNR is represented as the scalar output of the

neural network expressed as
i) = wiap-1 +br, (4.26)

where each intermediate vector is defined as a, = ¢ (Wya,_1 + by) for £ €
{1,...,L — 1} with the initial point ay = y[j] when ¢(-) is the element-wise
activation function such as rectified linear unit or sigmoid functions. The deep
neural network is updated by minimizing the estimation error, e.g., (v[j] —
417])?, and hence estimates the SNR by extracting meaningful information of
the one-bit observations such as statistical pattern and the number of +1’s or

—1’s.

4.5 Extension to Channel Coding

Even though the one-bit ML detection has attractive aspects, I are
still confined to the uncoded hard-decision scenarios. Modern communication

frameworks should be paired with channel coding that exhibits an impressive
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Figure 4.4: Illustration of the SNR offline training via deep neural networks.

gain and performance calibration; however, soft outputs are needed for the
decoding perspective. In this section, I first introduce a frame structure to
use channel coding, after that I describe how to generate soft metrics from the

previously trained likelihood functions.

4.5.1 Frame Structure

For a channel-coded communication framework, I first assume that a
(k, ) binary code with the code rate of k/7 is used throughout this chapter. At
the beginning of the framework, each user u then generates uncoded binary
messages of length k, e.g., m, € {0,1}". Encoding with the pre-arranged
channel coding scheme, T have the codeword for m, € {0,1}", denoted as
c, € {0,1}". As the last step, each user combines ¢ (= log, M) pieces of
information together to map the binary bits into an M-ary QAM symbol, and

then the transmitted symbol of the uth user at time slot ¢ is represented as
Sult] = fr e[t = Dg+1], ..., cultq]}) (4.27)
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where fy; : {0,1}9 — Q,, is the constellation mapping function from ¢ binary
bits to M-ary QAM symbols and ¢ € {1,...,n/q} where n/q means the number
of channel uses for a data subframe of each user by mapping ¢ bits into a
symbol. The overall communication structure is illustrated in Fig. 4.3. Each
subframe of the data transmission phase is composed of the N5*® = n/q channel
uses, and the data transmission phase consists of the D subframes, i.e., Ngq =

DNstb.

4.5.2 Soft Metric

In Section 4.4, I produced a posteriori probabilities (APPs) utilizing
the repeated transmissions with Ny, pilot signals per possible symbol vector
and the ADL technique. Furthermore, from the calculated APPs which are the
likelihood probabilities, I can compute a likelihood ratio for a given observation
yalt].

I note that the one-bit observation at the tth time slot is held account-
able for the LLR computation of the ¢ positions of each user; as a result, the
LLR needs to be calculated based on the user-wise and bit-wise operation. To
this end, for the ¢th bit of the QAM symbol of user u, I separate the index set

of all possible symbol vectors into two non-overlapping subgroups as follows:

to =1k | 5k = far {er, - cq}) s e = bk € K, (4.28)

where b € {0,1} and 5, denotes the uth element of s; which is the QAM

symbol of user u. Consequently, each subset in (4.28) is crafted to separate
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K indices into two disjoint sets in terms of the ¢th bit of the uth user’s bit
sequence that corresponds to 5y ,,. By the definition of (4.28), I have 8;,N8;; =
0 and 8, U8y, = X for any ¢ and u. Note that the subsets are defined
regardless of current observations and computed only once when the set of

system parameters is configured.

Leveraging the two separated subgroups and the likelihood probabilities
for the given observation, the corresponding LLR of the £th bit of the uth user

at time t can be represented as

. @, Pleu(t—1)g -+ = Oly[t], H)
A(t—l)q+f(yd[t”H) = log P(Cu[(t 1>q +£] _ 1|yd[t],H>
© 1o EOalleul(t = 1g +0) = 0, H)
P(yalfllcal(t — 1)+ (] = 1LH)
o Tresy, Pvaldls F)P(sy)
S sy, POvaltllsk H)P(sy)
2N, yz[t
D 1og 2xc8y, LList P (4.29)

2N, pwill])
Zkes | bt y [

where ¢ € {1,...,q}, t € {1,...,n/q}, (a) is from the definition of LLR, (b)
is from Bayes’ rule with the equiprobability of y4 and c,, (c¢) comes from the
definition of sets defined in (4.28), and (d) is from the equiprobability of sj
and the ML detection rule in (4.10). Finally, the collected LLRs associated
with the uth user, i.e., {AY,... ,A}Y‘}, are conveyed to a channel decoder to
recover the message m,, € {0,1}". Therefore, the ADL-based estimates of the
likelihood functions can be successfully used for computing the LLR of the

channel decoder.
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4.6 Simulation Results

In this section, I evaluate the performance of the proposed learning-
based method in terms of the number of under-trained likelihood functions,
the symbol error probability (SER) for uncoded systems, and the frame error
probability (FER) for coded systems. I consider Rayleigh fading model H
whose each element follows CN(0,1). I initialize the dithering variance as

0? = p/2 and the increment as A = p/3 for all BS antennas in the ADL case.

4.6.1 Under-trained Likelihood Functions

Fig. 4.5 shows the average number of under-trained likelihood functions,
ie., 15,(:’2 = 0, out of 2}V, antennas over the wide range of simulated SNR levels.
For the learning-based detectors, I use Ny, = 45 and compare the naive learning
and the ADL methods with Ny € {1,3,5}. Recall that the ADL method with
N, = 1 reduces to the case that uses identical and fixed dithering power with-
out adaptation. As the SNR increases, the number of under-trained likelihood
functions for the non-dithering case rapidly approaches 2N,.. For the ADL
case with N, = 1, i.e., fixed dithering power, however, the number of under-
trained likelihood functions much slowly increases with the SNR and converges
to around 20 thanks to the dithering effect. In addition, for the ADL method
with non-trivial split factor, the number of under-trained likelihood functions
increases only to 17 and 9 when Ny, = 3 and Ny = 5, respectively. Since the
ADL method decides whether to increase the dithering noise depending on the

realization of each sub-block, I can further optimize the learning procedure in
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Figure 4.5: The number of under-trained likelihood functions among 2N, like-
lihood functions for N, = 4 users, 4-QAM, N, = 32 antennas, and N, = 45 pi-
lot signals with Rayleigh channels. The proposed adaptive dither-and-learning
(ADL) method divides the training period into Ny € {1,3,5} sub-blocks for
the feedback-driven update of dithering power.

terms of the number of under-trained likelihood functions. If N; is properly in-
creased, each antenna is more likely to avoid zero-valued likelihood functions.
As a result, with the adaptive dithering the proposed algorithm can estimate
much more valid likelihood functions, thereby increasing the detection accu-

racy.
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4.6.2 Uncoded System: Symbol Error Rate

To evaluate the data detection performance of the proposed methods
in the multiuser massive MIMO system, I compare the following detection

methods:

1. Naive learning-based one-bit ML

2. ADL-based one-bit ML (proposed)

3. ADL-based one-bit ML with estimated SNR (proposed)
4. Minimum-Center-Distance (MCD) [41]

5. One-bit ZF with perfect CSI [21]

6. One-bit ML with perfect CSI (optimal one-bit detection)
7. One-bit ML with estimated CSI

8. Infinite-bit ML with perfect CSI (optimal detection)

I note that the learning-based methods: 1) Naive one-bit ML, 2) ADL
one-bit ML, 3) ADL one-bit ML with estimated SNR, and 4) MCD, do not
require explicit channel estimation; however, the other methods either assume
perfect CSI or estimate CSI at the BS. The learning-based methods transmit
Ny, pilot signals per each training symbol vector, which requires K Ny, pilot
signals in total. Accordingly, I consider that the conventional one-bit ML

detection with an estimated channel also uses K IV, pilot signals to estimate the
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Figure 4.6: Symbol error rate results with NV, = 4 users, NV, = 32 BS antennas,
Ny = 45 pilot signals, and 4-QAM constellation. The proposed adaptive
dither-and-learning (ADL) uses N, € {1, 3} split factors.

channel. In the simulations, the one-bit channel estimation method developed
in [22] is adopted to provide the estimated CSI. For readability of the curves,
I compare MCD for the 16-QAM case shown in Fig. 4.8.

Fig. 4.6 presents the SER results for N, = 32 antennas, N, = 4 users,
Ny = 45 pilot signals, and 4-QAM. As expected from Fig. 4.5, the naive-
learning approach shows the catastrophic result from the medium to high SNR
due to the large number of zero-valued likelihood functions. The one-bit ZF de-

tection that applies the pseudo-inverse matrix of the perfectly-known channel

169



10

107

—_
=]

I
w

—_
=]

Symbol Error Rate

=0~ ADL One-Bit ML (N, =1, N,

—3 Naive One-Bit ML (N, = 45)

—&— Naive One-Bit ML (N, = 90)
One-Bit ML w/ Est. CSI (N, = 45)
One-Bit ML w/ Est. CSI (N, = 90)

45)

—&— ADL One-Bit ML (N, = 1, N, = 90)

—_ ADL One-Bit ML (N, = 3, N,, = 45)

—— ADL One-Bit ML (N, = 3, N,, = 90)

—-—- One-Bit ML w/ Perfect CSI

[c1]

LN

-10

Figure 4.7: Symbol error rate results with NV, = 4 users, NV, = 32 BS antennas,
Ny € {45,90} pilot signals, and 4-QAM constellation. The proposed adaptive
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dither-and-learning (ADL) uses N, € {1, 3} split factors.

matrix onto the one-bit observations shows the large performance degradation
with the error floor at the medium and high SNR regime. The one-bit ML de-
tection with the one-bit estimated channels shows a larger deviation from the
optimal one-bit ML detection with perfect CSI as the SNR increases due to the
channel estimation error. Unlike the above benchmarks, the proposed ADL
one-bit ML methods closely follow the SER performance curve of the optimal
one-bit ML case by avoiding under-trained likelihood functions as shown in

Fig. 4.5 and learning the likelihood functions with high accuracy. In addition,
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the proposed ADL method with Ny = 3 has around 1.0 dB gain over the ADL
method with fixed dithering power, i.e., Ny = 1, which demonstrates the gain
of adaptive dithering based on the feedback. I can also notice that the perfor-
mance gap between the ADL method with the perfect SNR and the ADL with
the estimated SNR is marginal. This observation validates the fact that the of-
fline supervised SNR learning can successfully capture the observation pattern
to estimate the SNR required for the de-noising phase in the ADL method.
Lastly, it is observed that the optimal one-bit ML detection with N, = 32
achieves similar target SER, e.g., 107* to 107°, as the infinite-resolution ML
detection with NV, = 10 antennas. By deploying ~ 3x more antennas with the
simple one-bit ADCs, it is possible to compensate for the severe non-linearity
loss caused by one-bit ADCs and to achieve higher detection performance than

the infinite-bit ADC system in the low to medium SNR regime.

Fig. 4.7 shows the SER performance of the one-bit ML algorithms for
different training length, N, € {45,90} with N, = 32 BS antennas, N, = 4
users, and 4-QAM. T first observe that both the naive learning-based one-bit
ML and the conventional one-bit ML with the estimated channel still show
the noticeable performance degradation from the proposed methods for both
the short and long training lengths, N, € {45,90}. This implies that to
achieve the optimal one-bit ML performance, it is necessary to use a great
number of training symbols for the naive learning-based one-bit ML and the
conventional one-bit ML with estimated channels. In contrast, the proposed

ADL-based one-bit ML detection offers robust performance in terms of training

171



3 —&— Naive One-Bit ML

107 [|—o— One-Bit ZF w/ Perfect CSI
One-Bit ML w/ Est. CSI
Minimum-Center-Distance (MCD)

—6— ADL One-Bit ML (N = 1)

” —»— ADL One-Bit ML (N = 3) .

107" [|—-—- One-Bit ML w/ Perfect CSI ~

50 -3 -1 1 3 5 7 9 11 13 15 17
SNR [dB]

Symbol Error Rate

Figure 4.8: Symbol error rate results with NV, = 3 users, NV, = 64 BS antennas,
Ny = 45 pilot signals, and 16-QAM constellation. The proposed adaptive
dither-and-learning (ADL) method divides the training period into Ny € {1,3}
sub-blocks.

length. In particular, the SER improvement of increasing Ny = 1 to Ny, = 3
for the ADL method with N, = 90 is about 0.2 dB which is small compared
with that for the ADL method with N, = 45. Therefore, I can claim that
the proposed ADL method is more beneficial for the system with the limited
amount of pilot signals, and using proper adaptation stages further improves
the detection performance. I can also find out that the ADL case with Ny, = 3

and N = 45 achieves almost the same performance as the case N, = 1 and
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Ny = 90, which emphasizes that adaptive learning can effectively reduce the

amount of training sequences.

Fig. 4.8 shows the SER performance curves for N, = 64 BS antennas,
N, = 3 users, and 16-QAM. I use NV, = 45 training length for the learning-
based approaches. It is remarkable that the proposed ADL method still offers
a robust detection performance whereas the one-bit ZF with perfect CSI and
the one-bit ML with the estimated CSI present largely degraded detection
performance. Although the MCD method shows the lower SER than the other
benchmarks, the performance gap from the proposed method is not trivial and
increases with the SNR. In this regard, the simulation results demonstrate
that the proposed method outperforms the state-of-the-art one-bit detection
methods, is more robust to communication environments, and requires shorter

training sequences.

4.6.3 Coded System: Frame Error Rate

I consider the MIMO system with N, = 32, N, = 4, and 4-QAM.
As a sophisticated channel coding, I adopt a rate-1/2 polar code of length
128, i.e., (k,n) = (64,128) and a list decoding with list size 8 is used for the
decoding method of the polar code. In the coded system, I also extend the
naive learning-based one-bit ML detection to the coded system and compare

the following methods:

1. Naive learning-based one-bit ML
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2. ADL-based one-bit ML (proposed)

3. One-bit successive cancellation soft-output (OSS) [14]

For the ADL methods, I allocate Ny, = 45 pilot signals to each symbol vector.
Unlike the learning-based methods, the OSS detector assumes perfect CSI to
compute LLRs. Accordingly, it can be regarded as an FER lower bound, and
[ include it for providing the performance guideline. Recall that to use state-
of-the-art channel codes, I calculate LLRs using the likelihood probabilities

derived by each method.

Fig. 4.9 illustrates the frame error rate (FER) of the channel-coded
systems. The naive learning one-bit detection no longer experiences the tragic
reverse trend shown in the uncoded systems; however, the performance gap
from the proposed method grows up as SNR increases. In addition, the FER
of the ADL method with N, = 3 is placed between that of the OSS detector
and the ADL method with Ny, = 1, thereby showing the advantage over the
ADL with fixed dithering power. Again, the improvement achieved by the
ADL method with Ny, = 3 is because the ADL method can accurately learn
the likelihood probabilities by avoiding zero-valued likelihood functions even
with the limited amount of training sequences. In summary, although the
performance of the naive learning-based approach is devastated by the under-
trained probabilities in the uncoded system, the likelihood probability in (4.16)
is still capable of being computed with the under-trained likelihood functions

for the LLR defined in (4.29) for the coded systems. Regarding the probability
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Figure 4.9: Frame error rate results for N, = 4 users, N, = 32 BS antennas,
Ny = 45, 4-QAM constellation, and a polar code of rate 1/2 where (k,n) =
(64,128). The proposed adaptive dither-and-learning (ADL) method learns
the likelihood probability with split factor Ny € {1,3}. The one-bit successive-
cancellation soft-output (OSS) detector is valid in case of perfect CSI.

learning accuracy, however, the proposed ADL method can perform better
than the naive learning approach, thereby increasing the performance gap

with the SNR.
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4.7 Conclusion

In this chapter, I proposed the statistical learning-based ML detec-
tion method for uplink massive MIMO communication systems with one-bit
ADCs. Since the performance of learning-based one-bit detection approaches
can be severely degraded when the number of training samples is insufficient,
the proposed method handled such challenges by injecting dithering noise to
facilitate the acquisition of statistical patterns. Without requiring explicit
channel knowledge, the dithering-and-learning method performed one-bit ML
detection through learning likelihood functions at each antenna. The pro-
posed method was more robust to the number of training symbols because the
adaptive randomness triggers moderate fluctuation in the change of signs of
the training sequence, thereby successfully extracting the statistical pattern of
one-bit quantized signals. I further adapted dithering power to fit the BS into
the appropriate SNR region in accordance with observations. In addition, deep
neural network-based SNR estimation for denoising and extension to channel-
coded systems were also proposed for more practical scenarios. Simulation
results validated the detection performance of the proposed method. There-
fore, the proposed method can be a potential low-power and low-complexity

multiuser communication solution for 6G applications.

176



Chapter 5

Joint Hybrid Beamforming and Power Control
Using Deep Reinforcement Learning

In this chapter!, I investigate a deep reinforcement learning (DRL)-
based solution for joint hybrid beamforming (HB) and power control problems
in case that multiple base stations (BSs) equipped with a massive number of
antennas communicate with multiple user devices in the uplink millimeter wave
band. Unlike the traditional digital-only method, the HB necessitates both
digital and analog beamformers. Analog beamformers employ discrete phase
shifters to project the high-dimensional observation onto the low-dimensional
vector and scale down the number of radio frequency (RF) chains; however,
the inclusion of analog beamformers results in non-convexity which makes the
problem difficult to solve via existing efficient algorithms. In multicell uplink
communication systems, I aim to jointly design the HB at each base station
and transmit power control of the associated users while ensuring that the
received signal-to-interference-and-noise ratio (SINR) constraints. Considering

the use of the DRL-based approach and the primal problem, I formulate the

!This chapter is based on the following paper: Y. Cho, C. Dick, and B. L. Evans, “Joint
Hybrid Beamforming and Power Control for Multicell Millimeter Wave Massive MIMO
Systems Using Deep Reinforcement Learning,” to be submitted to IEEE Access, 2023. This
work was supervised by Dr. Chris Dick and Prof. Brian L. Evans.
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fundamentals to enable reinforcement learning (RL). To synthesize the mixture
of discrete and continuous entries, I use deep deterministic policy gradient
(DDPG) RL whose actor network outputs a valid action that can form a one-
to-one mapping to the design factors. In particular, to unlock the full potential
of phase shifters that constitute the analog beamformer, I aim to individually
control each phase shifter by introducing an intermediate vector and applying
a differentiable argmax function which estimates the phase angle index. Via

simulation results, I evaluate the proposed method in terms of the achieved

SINR.

5.1 Introduction

With growing demand for higher data rate, millimeter wave (mmWave)
systems have been extensively researched for many years as an essential fa-
cilitator of modern and future wireless communication systems. A mmWave
spectrum extends up to 300 GHz to provide a remarkable increment in both
data rates and capacity [4,91]. Due to the small wavelength of mmWave sig-
nals and small antenna spacing, the mmWave system allows the installation of
more antennas per unit area. Therefore, massive MIMO systems that achieve
significant gain in spectral efficiency and capacity [56] have been naturally
coupled with mmWave systems. However, increasing the number of antennas
and RF chains results in a prohibitively huge power consumption, which be-
comes the main bottleneck of the realistic deployment. Unlike the conventional

digital-only beamforming that connects a separate RF chain per each antenna
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Figure 5.1: Hlustration of hybrid beamfomring architecture in a cell.

and hence employs a plethora of power-hungry RF chains, the hybrid beam-
forming architecture combines high-dimensional analog RF beamforming and
low-dimensional digital beamforming to reduce the number of power-hungry

RF chains (see Fig. 5.1).

5.2 Prior Works

Many literatures were published to analyze and solve the hybrid beam-
forming architecture. Leveraging the sparse nature of mmWave channels, the
hybrid architecture design was interpreted as a sparsity-constrained matrix re-
construction and solved in an alternating fashion [26]. The sparse nature of the
mmWave channel was also used in [2] to develop a low-complexity yet efficient
hybrid precoding using a small training and feedback overhead. For MIMO up-
link communications, the authors in [49] developed the Gram-Schmidt-based
analog combiner while still using the minimum mean square error (MMSE)

beamforming for the digital combiner. The authors in [86] showed that the
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hybrid beamforming architecture can achieve the same performance as the con-
ventional digital-only beamforming when the number of RF chains is sufficient.
A near optimal analog combining solution in hybrid MIMO systems with low-
resolution data converters was developed by introducing the two-stage analog
combiner that performs channel gain aggregation and spreading functions sep-
arately [19]. For a wideband multiuser MIMO systems, the authors in [12]
developed the hybrid transmit precoding by leveraging the long-term channel

covariance matrix and the angle-of-departure information.

Recently, the disruptive role of machine learning techniques has been
seen on the design of the hybrid beamforming architecture or power con-
trol. [34,47,50,59,82,112] Deep Q-Network (DQN)-based deep reinforcement
learning (DRL) frameworks have been used in designing the analog beam-
former of the hybrid beamforming architecture by selecting codebook index
[59, 82]. The authors in [50] proposed a novel neural network that jointly per-
forms the channel compressive sensing and the prediction of analog beams. For
the 2-tier beam search, supervised learning was utilized in designing a probing
codebook with wide beams to adapt to a particular environment [34]. Relying
only on receive power measurements and using Deep Deterministic Policy Gra-
dient (DDPG) [54], the authors in [112] suggested how to optimize the beam
codebooks to adapt to current communication layout. However, these works
are limited to the analog-only beamforming and the codebook-based grid-of-
beams (GoB) beamforming. Using the spatial features in channel gain, the

authors in [47] developed a frame work based on convolutional neural network
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to learn the autonomous power control scheme.

In this work, I investigate joint hybrid beamforming and power con-
trol problems in multicell multiuser networks with BSs equipped with a large
number of antenna arrays. Accordingly, the non-negligible inter-cell interfer-
ence needs to be taken into account as modern cellular systems operate on
the interference-limited regime [15]. Unlike other approaches that optimize
the digital and analog beamformers in an alternating manner, this approach
jointly design the two beamfomers. Instead of using a GoB-based method,
this approach individually control each phase shifter, i.e., non-grid-of-beams
(NGoB), to unlock the full potential of phase shifters. Considering the design
factors, I present the fine-tuned reward function that aims to satisfy target
SINR. Numerical results show that the proposed approach can satisfy a pre-

determined target SINR.

5.3 Preliminaries

I consider multi-cell MIMO uplink networks with N, cells where each
BS in the cell center is equipped with N, receive antennas and BS. denotes
the BS in the cth cell. Each BS also employs Nrr RF chains, each of which is
connected to N, receive antennas via fully-connected analog combiner. There
exist N, single-antenna user devices per cell, which communicate with the

dedicated BS, i.e., users in cell ¢ are served by BS..
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Figure 5.2: Ilustration of deep reinforcement learning frame work via deep
deterministic policy gradient approach.

5.3.1 Signal Model

The transmit power p, . and the information source s, . are assigned
to the uth user device in cell ¢, thereby transmitting signal /Py cSu,c over a
wireless channel. The uplink wireless channel vector propagated from user u
in cell ¢ to BS, is represented as h.z,, € CcMNr. Then, the received signal at BS..

1s written as

Nc
1/2
re=H, P +> H., P/’s. +n, (5.1)
e
where H.: = [hez1,...,heon,] € CNo*Nu is the complex-valued channel ma-
trix between BS, and users in cell ¢, s, = [sc1, ..., sQNU]T € CM is the dedi-

cated symbol vector of the N, users in cell ¢, P. = diag(p.1,- - -, pen,) is the
the transmit power matrix of the users in cell ¢, and n, € C"* is the addi-
tive white Gaussian noise (AWGN) vector at BS.. I assume that each user

device needs to satisfy the minimum power p.;, and maximum power ppax

182



constraints, i.e., Py.c € [Pmin, Pmax|. Throughout this chapter, I consider a nor-
malized variance for AWGN without loss of generality, i.e, n. ~ CN(Oy,, Iy, ).
I further consider that s, is uncorrelated and has a zero mean and unit vari-

ance, i.e., s, ~ CN(Oy,,In,).

I consider the deployment of the hybrid beamforming architecture at
BS. whose digital beamformer and analog beamformer are denoted as Wgg .
and Wgp,, respectively. Unlike the conventional digital-only beamforming
that connects a separate RF chain per each antenna and hence employs a
plethora of RF chains, the hybrid beamforming architecture combines high-
dimensional analog RF beamforming and low-dimensional digital beamforming
to reduce the number of RF chains. To produce high beamforming gain and

immunize against large free-space pathloss, the analog beamformer Wgg . €

PVreXNr manipulates directional propagation paths via unit-modulus phase
shifters, where P = {¢/™|¢ € {—1,—1+2,...,+1—21}} denotes the set of fea-

sible phase shifters with M possible discrete phase angles. The analog beam-
former comprises passive microwave devices used to change the phase angle of
an RF signal. The analog beamformer projects the high-dimensional antenna
ports into the low-dimensional logical RF ports to directly scale down the num-
ber of RF chains. Afterwards, the digital beamformer Wpp . € CNwXNrF perp-
forms multi-stream baseband processing with low-dimensional input. There-

fore, the combined signal at BS, is processed as

Ye = WgB,cWPI{F,ch' (52)
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By defining the hybrid beamforming vector associated with user u in cell ¢ as
Wy = Wrr [Wgg,],, the uplink SINR of user u in cell ¢ from y, is computed

as

B Puclw b2

- Ne,N, :
SN Peal Wi hegal? + [ Wocl|?

I note that the digital combiners, the analog combiners, and transmission

Vu,e (5.3)

powers are complicatedly intertwined in -, .. Based on the design factors, the

primary problem can be formulated as

CLERE - S I 54
subject to %,; > (5.5)

Wpg,. € CVrexNu e (5.6)

Wep,. € PYVRe e (5.7)

)

—
ot
0o

Pec € [pmimpmax]Nu VC,

where 7 is the target SINR requirement for all users. The primal problem aims
to satisfy the target SINR for all users while consuming the minimum total
transmit power. The analog and digital beamformers need to be jointly op-
timized to maximize communication performance metrics. However, because
of the unit-modulus and discreteness constraints in (5.7), the entire system is

neither a convex nor a concave function [32].

5.3.2 Channel Model

I adopt a geometric channel model whose channel delay spread is L.

Noting that L is typically small since mmWave signals have high path loss
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and less reflections to the surrounding environment [32], the mmWave channel

propagated from user u in cell ¢ to BS, is expressed as

L
hc,E,u =V Veu Z O‘c,é,u(e)u<¢c,5,u (6)7 Nr>7 (59)
/=1

where 7.z, denotes the large-scale fading gain that counts propagation atten-
uation, shadowing, and noise figure between BS, and the uth user in the c¢th
cell; therefore, the mean of 7.z, tends to be smaller when ¢ # ¢ compared to

the case of c = ¢.

The ¢th path between BS. and the uth user in cell ¢ is synthesized by
Gezu(l) € [=%, 5] which is the azimuth angle of arrival (AoA) and vz () ~

CN(0, 1) that corresponds to the complex path gain.

Parametrized by an azimuth angle ¢, u(¢, N) is the ULA which is the

collection of N evenly spaced phase shifts defined as

1 ‘ . : .
u(g,N) = —— |1, 7350 emdnVDFsing (5.10)

VN

where A\ denotes the signal wavelength and d is the antenna spacing.

5.3.3 Deep Reinforcement Learning

I consider a DRL framework that allows a DRL agent to learn in an in-
teractive yet unknown environment by using experiences and feedback without
any labeled data. The sequential decisions and interactions in the reinforce-
ment learning approach are described by the crucial components [90] defined

as follows:
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e State: A state s; is the representative of the current situation of the

given task at time step t.

e Action: An action a,; is what the DRL agent decides to perform at time

step t after observing the state s;.

e Policy: A policy u() : s; — a; is either stochastic or deterministic
mapping that consists of the valid actions that the DRL agent is required
to take for every possible state to tell which action to take from each

state.

e Reward: A reward R; is feedback from the environment when the agent
takes an action for a given state at time step ¢. The DRL agent does not
have direct control over the reward, however, can choose the best action

expected to maximize the reward at its best knowledge.

e Return: A return at time step t is the sum of the discounted rewards
from the current state defined as Gy = > .2 p* Reqy where p € [0,1] is

the discount factor.

e Action value function: An action value function Q(s,a) is the expected
return from current state by taking specific action. One of the key goals

of DRL is to approximate G; using a (Q-function.

At each time step t, the agent interacting with the environment observes a
state s;, selects an action a; from the policy, receives an immediate reward,

R;, and advances toward a next state s;,1.
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5.4 Hybrid Beamforming and Power Control via Rein-
forcement Learning: Action Space
Based on the primary problem and the fundamental components of the
hybrid beamforming architecture, a valid action can be defined as the concate-
nated vector that can make the one-to-one mapping to the digital beamform-
ers, the analog beamformers, and transmission powers across all cells. In this
section, I explain how each component is designed via RL and then combine

all things together to create a valid action.

5.4.1 Digital Beamformer

The complex-valued digital beamformer can be decomposed into real
and imaginary parts, i.e., Wpp . = Re (Wpp,)+jIm (Wgg ), so that an action
contains 2N, real-valued vectorized matrieces vec (Re (Wgg ) and vec (Im (Wgp )
for all ¢ € {1,...,N.}. Therefore, I can combine the decomposed digital

beaformers from all N, BSs as
Wpp =Vec ( [Vec (Re (Wgg1)),vec (Im (Wggp1)), (5.11)
...,vec (Re (Wppn.)), vec (Im (Wpg n.)) } )
After that, wgp is normalized to wgp in order to achieve a better convergence.

5.4.2 Analog Beamformer

Taking into account that each phase shifter employs one of M distinct

phases that can be picked evenly from [—7,+7), BS, is equipped with the
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grid-free analog beamformer constructed as
Whrp, = /™% (5.12)

where @, is the NGoB matrix of phase angles at the BS. defined as

Pr1e 0 PLNgpe
P, = : : : , (5.13)
ON,le "t DN Npee
where ¢; ;. € {—1,—1+ %, R %} denotes the normalized reception

phase of the phase shifter connected between the ith antenna and the jth RF
chain at BS.. Rather than using a codebook-based GoB approach, I attempt to
individually regulate the phase shifters to unleash the full potential of employ-
ing a plethora of phase shifters. Since phase angles and analog beamformers
form one-to-one correspondence, encompassing ¢; ;. for all 4, j, c suffices to

reconstruct the analog combiner.

However, directly guessing restricted yet discrete ¢; ;.’s from a neural
net output is challenging because 1) neural networks have inconsistent output
range and 2) generation of discrete output is via quantization is not differen-
tiable. To resolve the issue, I represent phase element ¢; ;. by the intermediate

vector of length M, i.e., x; . € RM and then apply the soft-argmax function

defined as
M-—1 m 66-'5771
Y(x) = — (5.14)
mZ::O M Zé]\iol efre

which is differentiable and obtains the same output as the regular argmax

with a sufficiently large 8 where x has M real-valued entries. In other words,
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x represents each phase element and v(-) takes M-dimensional input x to
return the index of the maximum value, thereby connecting the index with the
discrete phase angle. Note that ¢ (x) = mﬁ with a sufficiently large 5 where
m* denotes the index of the largest entry in x. I then define the collection of

intermediate vectors for the cth cell as

X1,1,e °°  XI1,Npp,.c
X, = : : . (5.15)

XNpl,e " XNy, Ngp,c

I further gather all the intermediate vectors as
X = [Xl,...,XNC]. (5.16)

To make valid phase indices, I can then unite the phase angles of the analog

beamformers from all N, BSs by applying the vector-wise soft argmax as

WrE = Vec([vec(q)l), . ,vec(qm)} ) (5.17)

where ®_ is extracted as

o, =1 (Xe) (5.18)

w(Xl,l,c) w(xl,NRp,c)
= : : . (5.19)

V(XN 1e) VXN Nree)
For the inference stage during the practical deployment, the soft-argmax func-

tion can be replaced with the regular argmax since no further update is needed.
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5.4.3 Power Control

Based on the signal model in (5.1), the allocated transmit powers for
N, users in cell ¢ are collected in P.. Likewise, I combine the transmit power

across all cells and users as

p= Vec([diag (Py),...,diag (Py.) ] ) (5.20)

To guarantee that the power constraint in (5.8) is met, p is post-processed as
P = (pmax - pmin) o (13) + Pmin, (521)
where o(-) = 1/(1 + e ) € (0,1) is the regular sigmoid function.

5.4.4 Action Vector

All things considered, the concatenation of the digital beamformers,
the analog beamformers, and transmit powers associated across all cells is

committed to establishing an action vector represented as

a= Vec<[WBB, WRF, p} > (5.22)

Upon handing over the action to the environment, the action vector is sliced
and each BS assembles the HB components associated with the dedicated cell.

Note that the action needs to be valid in terms of the constraints.
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5.5 Hybrid Beamforming and Power Control via Rein-
forcement Learning: State and Reward

5.5.1 State Space

Since the state is the only measure that the DRL agent relies on in
taking an action, the state needs to include sufficiently rich information on
the environment. I define the current state at the tth iteration, i.e., s;, as a
concatenated vector of achieved individual SNRs and the previously refined
action. s; = [’yl’l, N, Nu,atT_l]T. Note that adding the information on
current users’ locations can potentially improve the performance of the DRL
approach since the state can attain a richer representation of the current sit-

uation.

5.5.2 Reward

A reward is feedback from the environment when the DRL agent takes
an action in a given state. The DRL agent does not have a direct control
on the reward; however the DRL agent aims to choose the best action that
can maximize the reward at its best knowledge. Therefore, the reward should
be related with the primal problem P51 defined in (5.4)-(5.8). Based on the
objective of the target problem, I define a reward at the tth iteration, i.e., R,

as a function of the currently achieved SINR %(f)c as follows:
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where the first term is the ultimate goal for all 7, .’s to be higher than the
target SINR, the second term is the intermediate goal activated when at least
one SINR is higher than or equal to the target, the third term is also the
intermediate goal triggered when all v, .’s at time ¢ are improved compared
with the previous time frame, and the last term is the sum-power penalty
which is proportional to the total transmit power to be minimized. Here, I
enable hierarchical RL that decomposes the challenging goal-oriented RL tasks
into simpler subtasks, thereby accelerating the convergence and improving the
overall performance in practice [72]. The associated weights are described as
01, 09, 03, and d4, where 9; and &4 are chosen to be significantly greater than
the other weights. Accordingly, the DRL agent eventually updates the policy
in a way that all the SINRs are maintained above the target while minimizing

the total transmit power.

5.6 Policy Gradient Deep Reinforcement Learning

Recently, Deep Q-Network (DQN) has been used in designing the ana-
log beamformer of the hybrid beamforming architecture by selecting beam

index or codebook index [59, 82]. However, because of the value-based nature
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and policy, DQN which aims to find the best action over all possible action-
value pairs of a given state is only able to address a low-dimensional yet discrete
action space even with high-dimensional observation spaces [60]. Considering
the massive MIMO systems, the output dimension of DQN eventually goes up
when deploying a more complicated architecture with many antennas and RF

chains, thereby becoming an infeasible scheme.

DDPG, in contrast to DQN, employs a policy-based actor-critic ap-
proach that directly predicts a deterministic action for a given state. Since an
output of an actor is considered as an action, DDPG can support a mixture of
high-dimensional continuous and discrete elements. The main building blocks
of DDPG include an actor network that generates an action based on the state
input and a critic network that evaluates the pair of the state and the output
taken by the actor network, thereby concurrently learning the policy and the

Q-function. The DDPG can handle the RL components as shown in Fig. 5.2.

5.6.1 Critic Network

The critic network is an approximator of the Q-function that takes
in the state and action as input and outputs the estimated Q-value of the
associated state-action pair. The output of the critic network is written as
Q(sy,a;;09). Then, the critic network is updated to minimize the gap between
the true return obtained from interacting with the DRL environment, i.e., G,

and the approximated value Q(s;,ay; 09).
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5.6.2 Actor Network

The actor network parametrized by ¢* maintains the deterministic pol-
icy that directly computes the action for a given state instead of outputting
the probability distribution across a discrete action space. The output of the
actor network is written as a; = u(s;; 0*). The actor network is updated in a
way that the output of the critic network, i.e., Q(s;, a;; %), is maximized via

gradient ascent algorithms.

5.6.3 Replay Buffer

In order to remove the correlation between training samples and hence
achieve stable convergence and improvement, DDPG borrows the notion of
replay buffer from DQN. The replay buffer R collects up to N, training
samples over time and discards a random sample if data is overflowing. At
each time step 7, the buffer memorizes the footprint of the interaction between
the DRL agent and the environment. To be specific, based on the given state
s;, I choose a; from the policy, and the current reward r; and next state s;;
are determined. Afterwards, one complete experience, i.e., (s;,a;,7;,S;11), 1S
added to R After collecting sufficiently many data points, I randomly take B

samples from R to train the actor and critic networks.

5.6.4 Network Update

DDPG trains a deterministic policy in an off-policy way. Because the

policy is deterministic, if the agent were to explore on-policy, in the beginning,
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it would probably not try a wide enough variety of actions to find useful
learning signals. To make DDPG policies explore better, I add noise to their

actions at training time.

DDPG employs the use of off-policy data and the Bellman equation to

learn the @-function which is in turn used to derive and learn the policy.

B
1
0" 0" + oV ) Q% (sy0), 1(sew); 7)), (5.24)
b=1
1 & ;
Q Iz
09 +— 99 — ﬂV¢Q§ bz_; (Rt(b) +vQ° (St(b+1), af(b+1))
o 2
Q% (siv), a%)))) ; (5.25)

where t(b) denotes the index of the bth sampled experience from the replay
buffer. Note that the actor network is updated by (5.24) to maximize Q-
function via gradient ascent algorithms and the critic network is updated by
(5.25) to minimize the gap between the approximated one-step G, and the

approximated Q-function.

To improve the stability during the training step and relieve the moving
target problem, I borrow the notion of target networks on both the actor and
critic networks. The target networks have the same structure and dimension
as the main behavior networks; however, the target networks contain different
neural network parameters 67 and 69 for the target actor and the target critic

networks, respectively. The target networks in DDPG are delayed compared
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to the main behavior networks and updated gradually and continuously in the

following soft-update fashion:

OF 70" + (1 — 7)6" (5.26)

09 « 769 + (1 — 7)6° (5.27)

where the soft-update rate 7 is chosen to be close to 1, e.g., 0.99, in this work.

5.7 Simulation Results

In this section, I validate the proposed DRL-based method in terms of
the achieved SINR. I consider the mmWave communication system assuming
a 24 GHz carrier frequency with 100 MHz bandwidth. The adjacent BSs are
100 m apart and the minimum distance between any BS and user is 10m.
For large scale fading, I adopt the log-distance pathloss model in [1] with the
72 dB intercept, the pathloss exponent of 2.92, and the shadow fading whose
shadowing variance is 8.7 dB. Noise power is computed with —174 dBm/Hz
power spectral density and 5 dB noise figure. I also use the sector antenna

gain of 15 dB.

Fig. 5.3 presents the progress of the achieved SINRs and the reward.
I consider N, = 16 BS antennas, Ngr = 2 RF chains at each BS, N, = 2
cells, and N, = 2 users per cell. Each phase shifter of RF chains can take
one of M = 32 equally spaced phase angles. The power constraint of each
user is specifies as ppin = 10 dBm and pp.c = 30 dBm. The homogeneous

SINR target of ¥ = 2 dB is required for all users. For the reward function,
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Figure 5.3: The progress of the achieved SINRs and the reward.

the reward weights are determined as {d1, d2, 93,04} = {100,5,10, 1}, which
means that the positive reward of 100 is provided if all users are satisfied.
As shown in the figure, the progress of the achieved SINRs and the reward
discloses that the DDPG-based approach can satisfy all NV, users’ acheieved
SINR after training 700 iterations. Because of the intermediate rewards, the
DRL agent aims to make an effort to make advancement. Even though the
DRL agent fails to achieve the target slightly at around the 750th iteration,
the shock is quickly recovered and the DRL agent can consistently achieve the

pre-determined target SINR.
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5.8 Conclusion

In this chapter, I investigated the DRL-based method for jointly design-
ing the hybrid beamformers and power control in multicell mmWave MIMO
systems Specifically, the aim was to develop a strategy for determining the
hybrid beamformers and transmission power control for users at each base
station in multicell uplink communication systems while minimizing trans-
mit power and satisfying SINR constraints. To tackle the challenge posed by
the non-convex conditions arising from the analog beamformers and achieve
the aforementioned objective, I introduced a DRIL-based methodology that
leverages the DDPG algorithm. This approach effectively addresses the inte-
gration of both discrete and continuous inputs and generates an appropriate
action that aligns with the desired design factors. To elaborate further, my
approach involved individual control of each phase shifter via an intermediate
vector and a differentiable soft-argmax function to estimate the phase angle
index. Accordingly, the actor network can be trained continually and the ac-
tion vector was able to construct the beamformers and transmission power
values properly. The effectiveness of this method was assessed by evaluating

the achieved SINR, which was determined through simulation results.
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Chapter 6

Concluding Remarks

This chapter concludes the dissertation with a summary of contribu-

tions in Section 6.1 and potential future research directions in Section 6.2

6.1 Summary and contributions

In this dissertation, I investigated the power-efficient and intelligent
algorithms to re-engineer crucial communication functions when the commu-
nication systems adopt one of the following two low-power architectures: low-
resolution data converters and the HB architecture. Because either the quan-
tization error of low-resolution data converters or the non-convexity and non-
linearity of the HB cannot be disregarded, the existing methods cannot be
directly applied to the low-power systems. Therefore, it is crucial to develop
advanced power-efficient and intelligent communication techniques that have
the ability to satisfy demanding requirements and improve key performance
metrics even in the presence of severe distortion and non-linearity caused by

low-power architectures.

First of all, I developed a joint beamforming and power control design

for the coordinated multicell MIMO systems with low-resolution converters.
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After formulating the uplink and downlink problems, I showed the uplink-
downlink strong duality which facilitates the problem-solving. It was shown
that the derived results also work for the wideband OFDM systems. I used the
derived results to devise an iterative algorithm that can jointly design beam-
forming and power control design to minimize the total power consumption.
Under homogeneous user requirements, I also proposed a deterministic solution
that can compute the uplink powers immediately. I showed that the proposed
algorithms outperform the existing methods in terms of total transmit power,

target achievement rate, and convergence.

Hereafter, I extended the first contribution in a way that maximum
transmit power is minimized to raise the power efficiency of power-related
components. For a more practical, I formulated the downlink antenna power
minimization problem with target SQINR constraints as a primal problem,
and [ derived the associated dual problem which is interpreted as the uplink
problem with known yet controllable noise covariance matrices. Leveraging the
strong duality devised for this particular problem, I addressed the inner and
outer problems of the dual uplink problem in an alternating manner by solving
the inner power control problem via fixed-point iteration and the outer noise
covariance design problem via projected subgradient ascent. The converged
uplink solution is then used for computing the primal downlink problem by
using the linear transformation. It was shown that the proposed algorithms
outperform the existing methods in terms of maximum transmit power, PAPR,

and convergence.
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The third part of this dissertation discussed the learning-based ML de-
tection method for uplink massive MIMO communication systems with one-
bit ADCs. To handle the performance loss of learning-based one-bit detection
when the number of training samples is insufficient, I proposed how to effec-
tively place dithering noise to facilitate the acquisition of statistical patterns.
The proposed method was more robust to the number of training symbols
because the adaptive randomness induces moderate fluctuations in the sign
changes of the training sequence, thereby successfully extracting the statisti-
cal pattern of one-bit quantized signals. The deep neural network-based SNR
estimator also effectively worked for the denoising stage. I further adjusted the
dithering power to match the appropriate SNR range. It was shown that the
learning-based ML detection achieves optimal performance and outperforms
other approaches by a large gap. Further, the derived likelihood probabilities
are used for computing the soft LLR and the simulation results demonstrate

the superiority of the proposed algorithm.

Lastly, I developed the DRL-based approach for jointly designing the
hybrid beamformers and power control in case of multicell mmWave MIMO
systems. In multicell uplink communication systems, I intended to devise
the HB at each BS and the transmission power control for the corresponding
users while consuming the minimal transmit power and ensuring that the
SINR constraints are met. To accomplish this goal while considering the non-
convex conditions caused by the analog beamformers, I proposed the DRL-

based approach that utilizes the DDPG algorithm to handle the combination
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of discrete and continuous inputs and output a suitable action that corresponds
to the design factors. Specifically, I controlled each phase shifter individually
using an intermediate vector and a differentiable argmax function to estimate
the phase angle index. The performance of the proposed method was evaluated

based on the achieved SINR through simulation results.

6.2 Future work

I present the following future directions related to the topics addressed

in this dissertation.

e Multicell Coordination in Case of Imperfect CSI
The multicell CoMP designs proposed in Chapter 2 and Chapter 3 out-
performed the benchmarks in case of imperfect CSI; however, the pro-
posed algorithms require full CSI and showed the deviation from the
target SQINR when the channel estimation error becomes non-trivial.
A more advanced beamforming and power control design needs to take
the channel estimation error into account as well. Using orthogonal pi-
lot sequences, the MMSE estimation of h;;,, introduces the estimation
failure error of £, , = h;;, — fljm whose statistics can be known. With
considering the estimated channel via MMSE estimator, h;; , is replaced

with flﬂu + £, and the received signal with the impact of imperfect
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CSI can be written as
(Ne;Nu)

gg}u :a(fli,i,u + fi7i7u)HWi’uS?’lu+Oé Z (flj,i,v + fjﬂ'ﬂ,) W] USdl (61)
(Jv)#(i,u)

+Z 750U + f],z,u quﬂ—i_nl u*

In this case, since the channel estimation error is not known at the BS,
the approaches I proposed in Chapter 2 and Chapter 3 cannot be directly
applied. Given that the statistics of f; ; , are known, i.e., error covariance
matrices, it is possible to rewrite the SQINR expression in terms of the
error covariance matrices, not the error itself, and hence the solutions

can take into account the channel estimation successfully.

Oversampling of One-Bit ADCs

The proposed one-bit ML detection with artificial dithering noise allows
to train the likelihood functions with an acceptable amount of training
sequences. However, the amount can still be considered as a huge over-
head. One can oversample the one-bit observations in time. In this way,
the receiver takes a very limited amount of pilot signals and generates
many randomly dithered realizations to virtually increase the number
of observations. This method requires a more thorough calibration of

dithering signals.

Adaptive Change to Decision Threshold of One-Bit ADCs

So far, one-bit ADCs have a fixed decision threshold of zero. Rather

than adding artificial dithering noise at the receiver, one can adaptively
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change the decision threshold so that the one-bit observations can sign
changes within an acceptable amount of training. Based on the fact that

the one-bit observation at the ith antenna is defined as

vilt] = Q(v/phy slt] + zt]), (6.2)

it is easily noticed that the unquantized version is centered at ,/ph/ s[t].
Then, one-bit ADCs aim to set the comparator with decision threshold
V/phis[t] by an adaptive update as a function of one-bit realizations.

This method will help the receiver see +1 and —1 equally likely.

Online Learning Based Joint Design of Hybrid Architecture

The joint design of hybrid architectures across multiple BSs needs to take
into account the variant dynamics of the channel; however, implementing
real-time learning is very challenging. Here, online learning can come
into play. Online learning is a subset of machine learning in which fresh
data samples arrive sequentially and the prediction model is continually
updated to adapt to the new data as quickly as possible. However, a
majority of online learning algorithms are based on convex problems.
Therefore, an intelligent idea to apply non-convex online learning to the

multicell hybrid beamforming problems is needed.

Spectral Efficiency Maximization via Deep Reinforcement Learn-
ing Based Reconfigurable Intelligent Surfaces

To address the challenging behaviors of the mmWave spectrum and the
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demanding requirements of the future 6G and beyond wireless networks,
a brand-new technology called reconfigurable intelligent surfaces (RIS)
has been brought to the attention of the wireless research community in
recent years. The RIS shown in Fig. 6.1 is a programmable man-made
structure that can be used to control the propagation of electromagnetic
waves by changing the electric and magnetic properties of the surface. By
placing these surfaces in a wireless environment, the properties of radio

channels can be reconfigured, thereby improving the quality of signals.

The RIS structure is defined as

R — €j2ﬂdiag<¢1,m,¢NR15)7 (63)

and the main aim is to dynamically adjust the reflecting panels of the
RIS, where each ¢, takes one of M possible normalized discrete angles

as
M—1

Each diagonal entry of R in (6.3) needs to satisfy the non-convex unit-

On € {0,%,..., (6.4)

modulus constraint, i.e., |R, | = 1. Because of this restriction and (6.4),
it is challenging to find a solution of the RIS-aided system efficiently.
Therefore, the DRL-based approach can come into play. Especially, the
notion of intermediate vectors and soft-argmax function used to control
the phase shifter of the analog beamformers in Chapter 5 can be utilized

in this problem.
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