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Abstract

During the last few decades, wireless communication technologies and services have radi-
cally changed the way we live and interact at the personal, social, local and global levels.
Such changes were mainly driven by the continuous emergence of innovative wireless com-
munication services and products. These services and products represents a direct upshot of
enduring research outcomes within the area. Nevertheless, the blessing of such innovation
was accompanied by extremely high demands in forms of data traffic, per-user transmis-
sion rate, minimum transmission delay and in the number of wireless devices per unit area.
Tackling these issues through cellular network densification was faced by many technical
issues related to high interference levels, tedious user scheduling processes, and complicated
network resource allocation algorithms. Trying to address these imperative technical issues
in future wireless networks, this thesis develops several innovative enabling techniques for
massive wireless multiple access. Specifically, we commence this work by introducing a new
concept of partial spectrum overlapping among active users equipment (UEs). The pro-
posed scheme represents a trade-off between fully orthogonal multiple access schemes (e.g.
time division multiple access [TDMA], frequency division multiple access (FDMA) and or-
thogonal frequency division multiple access (OFDMA)) and that of non-orthogonal multiple
access (NOMA). Second, we develop several innovative dynamic cell-free network architec-
tures that support massive wireless connectivity through adaptive access points (APs)/base
stations (BSs) coordination and/or cooperation. The proposed network models are then
evaluated under different state-of-the-art enabling wireless techniques such as millimeter

wave (mmWave) channel links and massive multiple-input multiple-output (mMIMO) sys-



tems. Furthermore, the performance of the proposed architectures is investigated through the
derivation of several closed-form expressions of exact and/or asymptotic performance metrics
(example, probability of outage, asymptotic outage, instantaneous rate and outage-capacity).
Finally, for practical control and monitoring of the proposed access techniques and network
models, we develop several low-complexity deep reinforcement learning (DRL)-based model-
ing frameworks that can efficiently learn the solution of several combinatorial optimization
problems related to network partitioning (clustering) and uplink/downlink beamforming.
This is achieved through innovative nested DRL designs that utilizes continuous and dis-
crete deep neural networks (DNN) agents based on the nature of the problem. Several
operating scenarios of the proposed techniques are evaluated through extensive Monte-Carlo

simulations (Matlab and Python) with practical parameters and assumptions.
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Chapter One

Introduction

The last few decades have witnessed a revolutionary ameliorate on the services and standards
of wireless communication networks. This was preceded by continuous improvements on net-
work architectures and various network optimization protocols and algorithms. Evidently,
moving from each generation of wireless communication to the next one, an important mile-
stones have been characterized by supporting an exponentially increasing number of users
equipment (UEs) and providing signi cantly higher transmission rates with better reliability.

As such evolution continues, the next 6G/beyond 6G (B6G) generation of wireless networks
will have to provide an enormous transmission rates with extreme e ciency and reliability.
These imperative demands and many others will require radical solutions in the design of
network architectures and operating protocols and algorithms. Furthermore, with the recent
occurrence of critical wireless services such as autonomous driving and virtual reality, the
demands for extremely ultra-reliable low-latency (eURLL) services with high data rates has
become a prominent need [1]. This has posed a serious technical issues regarding intolerable
high interference levels, high data tra cs and computational and/or hardware complexity [2].
Table 1.1 shows the main promises that the ongoing developed 5G network need to ful Is
and how these promises su ces an important aspects. De ciencies mentionedTable 1.1

are expected to be tackled at the beyond 5G (B5G)/6G generations of wireless communica-

tions. To cope with these challenges, network designers have been continuously developing



Table 1.1 5G 3GPP New Radio

Promises De ciencies

Support up to 20 Gpbs at the 20-90 GHz New bands works only on certain hotspots:
band (2Gbps below 6GHZz) (stadiums,concerts,trains, etc. )
Complicated multiuser transmission techniques

(mobility, interference mitigation, etc.)

Support mMTC for industrial applications

Provide URLL applications Insu cient for recently emerging technologies
(< 1ms latency). (autonomous driving, remote health applications)
Support cloud implementation Introduces huge amount of control tra ¢ data,
and edge computing. especially for massive network.

several enabling technologies that are based on more robust/dynamic allocation of network

resources, diversity enhancement and complexity reduction.

For instant, future multiple access (MA) schemes are expected to enable several UEs to
access the same frequency bands at the same time and within the same network geograph-
ical area. Such a technology has been recently referred to as non-orthogonal MA scheme
(NOMA). NOMA scheme has emerged as a promising technology to enhance spectrum ef-
ciency of both uplink and downlink cellular wireless networks [3 5]. With power-domain
NOMA, at a certain frequency sub-band, signals of multiple UEs are superimposed in the
power domain such that the received signal for each UE has a distinct power level. At the
NOMA receiver end, successive interference cancellation (SIC) is used to cancel signal com-
ponents with higher weights than the desired signal (starting from the signal with the highest
weight) [6]. In theory, NOMA can signi cantly enhances the spectral e ciency compared
to that of orthogonal multiple access schemes (OMA), at the expense of receiver complexity

and processing delay [7, 8].

Furthermore, signi cant recent improvements have been achieved within areas related to
diversity-enhancing technologies such as massive multiple input multiple output (mMIMO)
[9], cell-free network architectures [10], eURLL [11], massive machine type communication
(mMTC) [12], meta-surfaces [13] and the recent exploration of new radio bands within the

24 300 GHz ranges [14]. In fully centralized cell-free network, all access points (APs) of



the network are simultaneously serving all active (recognized) UEs using the same frequency
bands. This include signal transmission/reception, power control, tra ¢ management, etc.
Precoding/decoding of downlink/uplink signals is then implemented to mitigate the inter-
user interference (IUl) caused by simultaneous utilization of the same time/frequency re-
sources. Cell-free architecture is found to enhance the network coverage and transmission
performance. However, such a performance enhancement comes with the expense of high
computational complexity, high network tra ¢ and increased interference levels. The com-
plexity of signal processing however, can be reduced by using scalable, dynamic, and low-
complexity designs [15], and also by using suitable network- and UE-centric architectures
and algorithms [16], [17,18]. One e cient technique to mitigate high interference levels is by
adding more robustness in beamsteering and spatial multiplexing techniques. This can be
best implemented through the adoption of millimeter wave (mmWave) band over distributed
APs of cell-free network [19]. Interestingly, cell-free network architecture is found to provide
an e cient solution for the poor scattering and high path loss nature of mmwWave bands.
Furthermore, mMIMO systems represents a dire need for mmWave network to provide more
directional beams with improved signal strength [20]. This mmWave-MIMO cell-free network
architecture requires signi cant central computational capabilities and signi cantly higher
control signaling among network entities. Such a computational complexity requirement

becomes more deteriorating as the number of wireless devices within the network increases.

In addition to the aforementioned enabling technologies, a recent emergence of machine-
learning (ML)-based solutions and models have been proposed [21,22]. Within the context
of cell-free network, several learning-based algorithms are being developed for multiuser
beamforming and channel estimation [23 26]. For instance, the authors in [23] proposed a
practical channel estimation framework based on a denoising convolutional neural network for
mmWave cell-free network. In [26], an unsupervised-learning was proposed for power control

in cell-free network. Furthermore, a great potentials of deep reinforcement learning (DRL)



in solving combinatorial problems that include both discrete and continuous optimization

variables has been found on [15, 27].

1.1 Literature Review

The concept of simultaneous transmission of data at the same frequency/time resources
date back to the development of code division multiple access schemes (CDMA) [28]. In
CDMA however, discrepancy among di erent UEs was achieved by assigning an orthogonal
sequences of data for each UE. When no orthogonal sequences are assigned to UEs that
access the same time/frequency resources, UEs are referred to as power domain NOMA UEs
[29]. Furthermore, The "'marriage’ between CoMP and NOMA has introduced an attractive
solution to compensate for the excessive spectrum usage in CoMP [30] and increases the
number of UEs per NOMA clusters [31]. It also makes it possible to generalize the concept
of CoMP of cooperation among APs to serve all UEs within the network instead of only
cell-edge UEs. Several researches on the literature focused on utilizing NOMA scheme under
a variety of APs cooperation layouts [32 36]. In [32], authors proposed a network NOMA for
uplink CoMP that enhances the system spectral e ciency by forming NOMA clusters of two
UEs (one cell-center UE and other cell-edge UE). A detailed performance analysis of NOMA-
enabled CoMP scheme was presented in [33] where authors showed that enabling NOMA
scheme over CoMP network with the appropriate UE clustering gives better performance
to that with random clustering. In [34], downlink UEs were assumed to be divided into

a number of NOMA clusters with SIC operation applied at every cluster members and
the achievable per-UE transmission rate was calculated. The authors in [35] proposed an
adaptive NOMA/OMA selection scheme such that the downlink per-UE transmission rate

is maximized. It was also found that the performance of NOMA scheme outperforms that
of cell-free OMA when the number of UEs is relatively high. Additionally, in [36], a spectral

e ciency maximization algorithm for uplink NOMA-enabled cell-free network was proposed



where the authors showed that a better performance can be achieved by controlling the

per-UE transmission power.

Additionally, recent advancements in network design have proposed the utilization of
cell-free network architectures as an enabling technology for network densication with
increased coverage and transmission rate. In cell-free (or cell-less) wireless network, a
large number of wireless devices in a geographical area will be served simultaneously in
non-orthogonal MA scenarios by a large number of distributed APs [37]. Conventionally,
distributive APs coordinate/cooperate with each other through a centralized processing
pool [10]. Such a APs cooperation includes channel state information (CSI) estimation, up-
link(downlink) decoding(beamforming) and several transmission controlling protocols and
algorithms. The state-of-the-art of cell-free network focus on estimation of CSI [23, 38 40],
uplink/downlink beamforming [41 44], fronthaul imperfections [45 47], and scalable cell-free
network design [10,16,48,49]. All these works and many others in the literature have mainly
aimed to solve part of a three substantial technical issues in cell-free networking namely:
i) estimation error caused by non-orthogonal pilot contamination, ii) high computational
and hardware complexity resulted from centralized processing, and iii) increased amount of

control signaling among cooperating APs (i.e, tra ¢ overhead).

For instance in [40] authors have designed a joint uplink/downlink pilot training scheme
that uses orthogonal subsets of pilots in the downlink in instead of using channel reciprocity
concept while in [50], authors developed a semi-blind channel estimation of uplink cell-
free massive MIMO network utilizing an enhanced K-means clustering (E-KMC) algorithm.
In [41], inspired by multiuser MIMO beamforming techniques, the authors have proposed a
downlink conjugate beamforming and zero-forcing precoding scheme for a fully centralized
downlink cell-free network. It was shown in this work that the zero-forcing (ZF) technique
outperforms the conjugate beamforming method at the expense of increased computational

complexity. However, when the number of UEs and/or APs increases, the complexity behind



using ZF beamforming increases signi cantly due to the requirements of matrix inversion.
Accordingly, in [43] a modi ed conjugate beamforming technique is proposed. In this work,
the requirement for matrix inversion was tackled at the expense of CSI coordination among
distributed APs. Another research track of CSI estimation [23]/beamforming [10, 51, 52]
technique parallel to conventional model-based analysis has studied the utilization of several
deep learning (DL) model-free techniques in optimizing several cell-free network parameters.
For example, authors in [23] have developed a channel estimation technique for mmwWave-
enabled massive cell-free network using the supervised learning-based denoising convolutional
neural network. To further utilize the exibility o ered by model-free DL optimization,
authors in [10] has solved a joint problem of AP clustering and uplink beamforming in massive
cell-free network using DRL techniques. In addition to avoiding the requirements for long
training sequences for beamforming matrices optimization, authors of this work proposed the
utilization of deep deterministic policy gradient algorithm (DDPG) with continuous action

space.

To further reduce the complexity of centralized data processing, [16] proposes a parti-
tioned cell-free wireless network architecture. AP clustering/partitioning is achieved in a
UE-centric manner where each active UE select a set of best serving APs. The proposed
scheme enables an e cient design of practical MMTC systems by compensating the e ect of
inter-cluster interference. The compensation follows by network partitioning and enabling
multi-level SIC at each receiver [31]. Another low-complexity design of cell-free network
architecture appears in [10]. The core idea is to reduce the dimensionality of beamforming
matrices by a dynamic clustering of APs. Each cluster then represents a single multi-antenna
AP (transmit/receive diversity). However, with the beamforming problem scaled by AP clus-
ter, a central single CPU has to tackle signals received by all active UEs, simultaneously.

Network-Centric vs UE-Centric Network Clustering: Cell-free network represented a

lWe use the terms clustering(cluster) and partitioning(partition) interchangeably.



very promising solution for problems caused by network densi cation throughout hierarchical
heterogeneous design [53]. However, fully centralized cell-free network, on the other hand,
were stumbled by signi cantly high hardware complexity and processing requirements [10].
Recently, several works in the literature have discussed di erent layouts for scalable low
complexity cell-free network design that are based on either UE-centric or Network-centric
clustering. In UE-centric clustering, each active UE within the network coverage area selects
the best N APs to be simultaneously served by [16, 54,55]. On the other hand, a non-
overlapping sets of APs may choose a distinct sets of UEs to simultaneously transmit/receive
data to/from throughout an Network-centric clustering scheme [10,18]. UE-centric approach
may be the most intuitive candidate, since it allows di erent UEs to connect to their best
serving APs. However, this mechanism has two major drawbacks that makes it undesirable
for practical design. The rst drawback is that when UEs are given the freedom to pick
their best serving APs, they may belong to an overlapping clusters which will make fully
centralized detection/processing and coordination as a must. Second, the utilization of SIC-
based detection may be highly inappropriate in UE-centric approach since di erent UEs will
have di erent order in each NOMA cluster which add signi cant amount of complexity to
NOMA transmitters and receivers [16]. Accordingly, in this work, we adopt the most general
network-centric clustering when partitioning UE and eAPs to di erent subnetworks.

All the aforementioned low-complexity design, however, sacri ce the performance gain of
centralized processing. The complexity of solving the beamforming problem in a centralized
manner (e.g. to obtain the beamforming vectors at a centralized processing unit) can how-
ever be reduced by using a distributed learning or processing approach while the detection of
the transmitted data is still performed at the central unit. Such a solution has been recently
investigated in the literature in [25,56]. Where in [25], the authors utilize supervised learn-
ing to solve the beamforming problem in cell-free network. They locate a complete neural
network optimizer in each AP. Every AP then obtains the local CSI knowledge by estimating

only the large-scale fading while considering the small-scale fading as a constant.



As a neoteric rate-enhancement milestone, researchers have initiated the utilization of a
new radio (NR) high transmission bands for mobile wireless services (within the 24-300 GHz
rang) [14,57,58]. Furthermore, the adoption of mmwave with cell-free network has received
a recent attention in the literature [19,59, 60]. Interestingly, cell-free network were found to
provide an e cient solution for the poor scattering nature and high path loss of mmWave
bands [59]. Due to the propagation issues related to mmWave channels such as high pathloss
an poor scattering, massive multiple-input multiple-output (mMIMO) systems are usually
used in mmWave-supported wireless devices [20,61]. This mmWave-MIMO cell-free network
architecture requires signi cant central computational capabilities and signi cantly higher
control signaling among network entities. Such a computational complexity requirement

becomes more deteriorating as the number of wireless devices within the network increases.

1.2 Theoretical Background

1.2.1 Performance Metrics for Wireless Communication Link

For any wireless communication link, there are several metrics that have been used in evaluat-
ing the performance, reliability and e ciency of the communication link namely: i) spectral

e ciency, ii) probability of outage, iii) bit error rate, iv) communication latency and v)
instantaneous transmission rate. In this section, we brie y discuss three important perfor-

mance metrics that have been used throughout the chapters of this thesis work.

Probability of Outage

In Information theory, the term outage probability of a communication channel is de ned
as the probability that a given information rate is not supported, because of variable channel

capacity. Or alternatively, outage probability is de ned as the probability that the signal-



to-interference plus noise ratio (SINR) of a received signal falls below a certain threshold
value. This threshold value is the minimum SINR required by the receiver to be able to
decode the received message signal, at a certain transmission rate. Mathematically, the

outage probability at the S! D link is de ned as

I:)out = P( D th); (1-1)

where p is the end-to-end SINR betweers and D and  is a prede ned threshold value
related to the minimum required transmission rate. The existence of closed-form expression
of the probability of outage of any communication system depends on the ability to derive

a closed-form expression for the cumulative distributive function ofp, denoted byF _ ( ).

Spectral E ciency

In communication theory, the term spectral e ciency " refer to the information rate that can
be transmitted over a given bandwidth in a speci c communication system. Alternatively,

spectral e ciency is the ratio of the throughput over the utilized bandwidth i.e,

Channel Throughput (b/s)

= : 1.2
' Channel Bandwidth (Hz) Channel Utilization (%) (1.2)

This can be written as a function of the link SINR value as follows
r=_Ey [log,(1+ p)] (bps/Hz); (1.3)

where, H is the channel matrix at theS! D link. Usually, averaging overH in (1.3) is
very di cult due to the high complexity of the SINR expression . Accordingly, researchers
tend to either simplify the analysis through a series of assumptions or uses the so called

instantaneous transmission rate

Instantaneous Transmission Rate

Instantaneous transmission rate is a performance metric that directly measures the system

transmission rate at a time slot-bases, assuming a constant CSl. Considering the assumption



that CSI remains constant during one time slot, the metric in (1.3) can be modi ed as

r=log,(1+ p)  (bps/H2); (1.4)

1.2.2 Resource Allocation in Massive Wireless Network

The newly emerging wireless network architectures have opened the door for new technical
challenges related to the allocation of di erent network resources (transmission power, fre-
guency bands, the right to connect, etc). One major issue is represented by applying these
optimization problems to massive network while guaranteeing good performance, short pro-
cessing delay and a ordable computational and hardware complexitfesThis urge wireless
network researchers to investigate the development of advanced optimization techniques

(mathematical and algorithmic) that comply with B5G/6G requirements and standards.

Traditional Optimization Techniques

In traditional resource allocation techniques, optimization problems usually solved by rst
formulating it in a way such that the objective function represents a linear function of the
optimized variable(s) (could be a single element, a vector or a matrix of elements) and
such that all accompanying constraints represented by an a ne functions (or inequalities)
of the optimization variables. If the objective function is convex and relative constraints
are a ne, then the resource optimization problem can be easily solved through the theory
of convex optimization that guarantees the existence of a global solution of the problem
(ex., transmission power, allocated frequency , etc.). In some scenarios where the objective
function is not linear, researcher may tend to relax it into a linear function using some
conditions such as second order Taylor series expansion and duality property. Such an

objective function relaxation or reformation comes at the expense of a certain performance

2|t is expected that the group of smart meters, road security devices and consumer electronic devices will

reach several millions UEs petkm? [62)].

10



degradation.

Furthermore, with the scenario of massive wireless connectivity, it is quite rarely that
resource allocation problems can be formulated by a tractable forms that are easily solv-
able using convex optimization-based methods. This is due to the fact that simultaneous

utilization of the network resources presents a serious problems related to interference align

ment, security-related constraints, transmission power e ciency, etc. These types of op-
timization problems are usually formulated as a non-convex optimization problems. Such
a non-convex problems can be solved sub-optimally by variety of algorithmic-based opti-
mization techniques. For example, UE clustering algorithms (such as greedy algorithms,
metaheuristic algorithms, genetic algorithms, etc.) [63], power allocation algorithms (such
as equal power allocation algorithms, iterative power control algorithms, exhaustive search

algorithms, etc.) [64].

Machine Learning-Based Optimization Methods

When the optimization problem contains a mix of discrete and continuous optimization vari-
ables (i.e, combinatorial optimization problem), conventional optimization strategies fail to
provide an e cient solution without the need of exhaustive search (ES) or look up strate-
gies. As an example, performance optimization problems (transmission rate, power e -
ciency, frequency allocation, etc.) that are related to multiuser-multicell 6G network consist
of several discrete target variables such as UEs and/or AP clustering con gurations and
frequency bands allocation indices and contains several continuous optimization variables
such as transmission power values, beamforming matrices, etc. Utilizing ES-based meth-
ods in solving these problems with massive number of variables will results in signi cant
amount of computational requirements longer processing delay. This call for the need of
unconventional optimization methods that are able to jointly optimize discrete and contin-

uous variables without the need of going through all possible discrete values. Accordingly,
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Figure 1.1 Basic block diagram of DRL system.

di erent ML-based methods are being developed to solve several optimization problems re-
lated to B5G/6G network with massive connectivity [15]. There are two main ML-based
optimization approaches namely; i) resource allocation through supervised learning and ii)
optimization techniques through DRL algorithms. For wireless communication network how-
ever, the availability of e cient long training and testing sequences is very unlikely. This
is due to the highly dynamic wireless communication mediums that is susceptible to several
propagation parameters. For this reason, we will focus in the utilization of DRL algorithms

for e ciently optimizing several important wireless resource allocation problems.

DRL: Theoretical Preliminaries

The concept of reinforcement learning (RL) refers to the learning process of an agent inter-
acting with its environment after receiving certain observations. The environment provides
a reward to the agent for every interaction and the RL agent aims to select the right action
for the next interaction in order to maximize the discounted reward over a time horizon
(Fig. 1.1). This problem can be formulated as &Markov decision proces§MDP). An MDP

is a tuple (S, A, P, R, ), where S is the set of states,A is a nite set of actions from
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which the agent can chooseR : S A S'! [0, 1] is a transition probability in which
P(s;a;s% de nes the probability of observing states® after executing actiona in the state
s,R:S A! R s the expected reward after being in stats and taking action a, and

2 [0;1) is the discount factor. To solve the MDP, RL algorithms have been developed
to learn and nd a discrete value function or a policy". Such a discretization can lead to
lack of generalization and signi cantly increase the problem dimensionality. Therefore, DRL
algorithms based on function approximation by deep neural networks (DNNs) have been

proposed. DRL algorithms can be classi ed into three types:

" Value-Based methods: Such as deep Q-learning (DQL) and state-action-reward-
state-action (SARSA) which only learn the so-called value function to nd a policy.
In value-based algorithm, each state is assigned a certain value through a state-value
function V (s) (also known as the expected return function when starting at a certain
state s). The state-value function is de ned as
V (s)= Elrjs; [; (1.5)
where is the followed policy and can be found such that
V (s)= maxV (s); 8s2S: (1.6)

Given V (s), the optimal policy is found by selecting the best action that maxi-
mizesEsos 1 (sgs:a) [V (9], whereT (s9s;a) is the transition dynamics that is usually
unavailable in RL. Hence, the value function is replaced by a quality state-action-value
function Q (s;a) which is di erent from V by the fact that a random initial action

ao is provided and the policy is only counted from the succeeding state, i.e
Q (s;a)= Efrjs;a; I: (1.7)

The learning of the Q network is deployed using the Bellman equation with the

following recursive form [65]
Q (s;a)= Exo[r®+ Q (s (s9]: (1.8)
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This means that the quality function can be improved by bootstrapping (i.e using cur-
rent values ofQ to improve our estimate). This modeling has triggered the foundation

of Q-learning [66] and SARSA [67] algorithms:

Q (s;a) Q (s;a)+ (1.9)

where isthelearningrateand =Y Q (s;a) isthe temporal di erence error with
Y represents a target (as in standard regression problems). Using Q-learning agent,
the target Y directly approximate Q by settingY = r + mjaxQ (s®a) (o -policy
agent). On the other hand, the SARSA algorithm improves the estimate d@ by
deriving a behavioural policy fromQ . This is achieved by settingy = r+ Q (s%a9

(on-policy agent).

Policy-Based methods such as policy gradient (PG) algorithm which learn the pol-
icy directly by following the gradient with respect to the policy. In Policy gradient
algorithms, the modeling and optimization of a certain policy is conducted directly
through a parameterized function, (a;s). The value of the objective function (the
reward) directly depends on the policy. The value of the reward function for PG-based

clustering agents is given by

X
J()= (s)V (9)
T X (1.10)

= d (S)_ (ajs)Q (s;a);

s2S j2z

whered (s) is the stationary state distribution of Markov chain. Note that the gra-
dient of J ( ) (denoted byr J( )) depends both on the selected actions. and the
stationary distribution d (s) which makes the environment unknown since it will be
very di cult to estimate the e ect of steady states from instantaneous actions per-

spectives. In this work, we also use policy gradient (PG) algorithm that signi cantly
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simpli es the computation of objective gradient by reformingJ ( ) and removing its

dependence om (s). This can be expressed as [68, Sec. 13.2]

X X _
rJ(C)=r d (s) (ajs)Q (s;a)
x 2S5 y 12z (2.12)
/ d (s) (ajs)r Q (s;a):
s2S j2z

The general policy gradient method has a signi cantly high variance. Accordingly,
many following algorithms were proposed that keep the bias unchanged while reducing

the variance of (5.20). As a result, (5.20) can be written in the following general form

r J()=E [Q (s;a)r In (a}9)]: (1.12)

This general form is used as a foundation of several di erent PG algorithms with the

following form .,
X1 #

r J()=E Gir log (ajs) (1.13)
t=0

The PG-based agent for network partitioning process can be then trained through the

following steps:

i- Initialize the actor (s) with random weights

ii- For each training Episode (i.e, everyT training steps), generate the experience
by following (s): the actor generate probability values for each possible cell-free
partition, then the agent randomly select an action based on a certain probability

distribution. This process continues foiT steps.

iii- At each step of a certain episode, calculate the return valug; using the discount

future reward as follows

G = g (1.14)
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iv- Find the accumulative sum of the actor network gradients during one whole learn-

ing episode as

XT
d = Gy In (s ) (1.15)
t=1
v- Update actor using
+ d (1.16)
~ Actor-Critic  : In PG-based DRL algorithm, the value functionG; is estimated based

on a preassigned policy. However, the estimation @&; through prede ned objective
is found to introduce a relatively high gradient variance which in term reduces the
quality of of action selection. In order to tackle the high variance problem, researchers
has proposed the utilization of a second DNN that can accurately learn the value
of G; [69]. In this work, we use a modi ed actor-critic (AC) algorithm that enable
both actor and critic networks to have discrete action spaces [70]. The standard DQL
method represents the most popular actor-critic update algorithm in the literature due
to the availability of a mature theory. Basically, the DQL update equation at timet
for a network agent with parameters @ after taking action a in state s and observing
the immediate rewardr® and resulting states?is:
Qsiaj 9= Qsiaj Y+ 1%+ maxQstal ?) Qsiaj ?)

(1.17)
=Qs;aj 9+ '+ maxQ(s’ argaTaXQ(S‘f a% 9j 9 Qs;aj 9 ;
where is the learning rate. Computing the term ToaxQ(so, argarpaxQ(so, a% 9j 9
introduces a systematic overestimation of the Q-values during the learning that is
accentuated by the use of bootstrapping, i.e. learning estimates from estimates. The
Q-learning update in (4.17) uses the same Q-netwo®(s;aj °) both to select and
to evaluate an action. After highlighting the overestimation bias in experiments across
di erent Atari game environments, Hasselt et al. [71] decoupled the action selection

and evaluation by introducing two deep Q-networks, & network and a target network
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Q°with di erent parameters 2 and ®, respectively, to avoid the maximization bias.
The Q° network is used for action selection while th& network is used for action
evaluation. This is known asdeep double Q-learning algorithm (DDQL)The DDQL

update equation of the network can be expressed as:

Qs;aj 99 = Q(s;aj 9

+ % maxQ(s®argmaxQ¥s®a® ®)j ) Q(s;aj 9) :
af a0

(1.18)

The parameters ® of the Q° network periodically hard-copy the parameters @ of
Q network after to time steps using the Polyak averaging method with parameter
2 [0; 1]:
Ro=0 )P+ < (1.19)

The DDQL network show a better performance that standard DQL [71]; however, due
to the discretization requirements of the DNN outputs (the action spacA), it results in

a huge expansion of the action space dimensionality when used in the optimization of an
objective function of continuous dependent variablesThis dimensionality issue makes

it an unattractive solution for solving the beamforming problem under massive number
of UEs and APs. However, it is a relevant candidate for the clustering problem of the
APs since it avoids the need for an extremely ine cient exhaustive search method.

This motivates us to utilize the DDPG" policy for the beamforming design problem.

DDPG belongs to the class of actor-critic algorithms. It concurrently learns a Q-
function network approximation Q(s;aj ©) called the critic, and a policy network

approximation (sj ) called the actor. The Q-function network is trained using the
Bellman equation, while the policy network is learnt using the Q-function. Unlike the
DQL policies which output the probability distribution (ajs) across a discrete action

spaceA, the policy network of DDPG directly maps states to actions. Speci cally, at
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every time stept, it maximizes its loss function de ned as:
J()=E Q(s;a)js;a= (ajs) (1.20)
and updates its weights by following the gradient of (4.20):
rd () r Q(s;a)r (sj ): (1.21)

This update rule represents the deterministic policy gradient (DPG) theorem, rigor-
ously proved by Silver et al. in the supplementary material of [72]. The term ,Q(s; a)
is obtained from a Q-networkQ(s;aj ) called the critic by backpropagating its out-
put w.r.t. the action input (sj ). When the number of actions is very large, this
actor-critic training procedure solves the intractability problem of DQN [73] by using

the following approximation:
maxQ(s;a)  Q(s;aj Nja= (s )’ (1.22)

Similar to DQN, two tricks are employed to stabilize the training of the DDPG actor-
critic architecture, namely, 1) the experience replay bu eR to train the critic, and 2)
target network for both the actor and the critic which are updated using the polyak

averaging in the same way it was done in (4.19).

1.3 Enabling Techniques for Future Wireless Networks

In this section, we brie y discuss some enabling techniques for future wireless networks that

have been receiving a noticeable interests in recent literature.

1.3.1 Massive Wireless Connectivity

In B5G/6G networks, the amount of transmitted data will continue in its massive growth.

One new feature of B5G/6G networks is that massive amount of data will be shifted from
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Figure 1.2 Massive connectivity in future wireless networks.

a centralized, big data into distributed small data. This feature is a direct consequence
of the emergence of distributed wireless technologies with massive transmission data in a
distributed form (see Fig. 1.2). Furthermore, the next generation wireless network will have
to serve a massive number of terminal UEs within small geographical areas and this will
give rise to dense/ultra-dense deployment of APs with overlapping coverage areas. In such
a scenario, devices will be served simultaneously by multiple APs (e.g. through multipoint
transmissions and multipoint UE associations), which will be required for e cient hand-

o /hand-over, frequency allocation and interference management.

1.3.2 Non-Orthogonal Multiple Access

The idea of power-domain NOMA is that at a certain frequency sub-band, signals of multiple
UEs are superimposed in the power domain such that the received signal for each UE has a

distinct power level. Atthe NOMA receiver end, SIC is used to cancel signal components with
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higher weights than the desired signal (starting from the signal with the highest weight) [6].
In theory, NOMA enhances the spectral e ciency signi cantly compared to that of OMA
at the expense of receiver complexity and processing delay [7,8]. Generally, NOMA can be

applied either in the uplink or downlink of a wireless system (Fig. 1.3). For example, in

Figure 1.3 Two UEs Power domain NOMA: uplink and downlink.

downlink NOMA with K UEs per NOMA cluster, the received signal at th&-th UE is given

by
Xp_
Yk = P w; P heX; + ny
i=1
1.23
o X p__ (1.23)
= | Wi th$+ w; P hexi +ny;

Desired Signal rl 6k

{z }

UI

where hy is the the channel fading coe cient between thek-th UE and the AP, Xy is the
signal transmitted to the k-th UE such that E [jx,j?] = 1, P is the power budget at the AP,w;

is the fraction of power allocated to thek-th UE and ny is the additive white Gaussian noise
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(AWGN) at the input of the k-th UE. If the CSI of UEs are ordered such thah; ::: hg

and power fractions for UEs are assigned such thet; ::: wg, the k-th UE will be able
to remove the interfering signal fromk 1 UEs with lower channel gain. Accordingl,y the
signal to interference plus noise ratio (SINR) at the input of thek-th UE detector is given

by
wi P jhyj?
K or WiPjhej2 + N

k — T

(1.24)

where N is the power of the AWGN at the input of the k-th UE. On the other hand, for

uplink NOMA, the received signal related to thek-th UE at the AP is given by

X p_
Y« =P Phix; + ng

i=1
B X p_ (1.25)
Phixe + Phix; +n;

| {z=}

Desired Signal l:l i6 k{ }
1UI
wheren is the AWGN at the input of the AP. If UEs are ordered such thath, ::: hg

and under the assumption that all UEs are transmitting with a constant poweP, the AP
will use SIC to rst decode signals of UEs with higher gain, and then remove it from the
overall signal. Accordingly, the SINR value related to thé&-th UE decoder is given by

Pjhyj? .
K o1 PiMij2+ Ny

k — T

(1.26)

Note that the SINR in (1.24) has the same channel gain at both numerator and denominator,
unlike that of (1.26) which has di erent channel gains. This feature of the SINR values will
play a major role in the design of uplink/downlink beamforming schemes for NOMA systems

as will be shown in subsequent chapters.
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1.3.3 Cell-free Wireless Network Architectures

Unlike wireless cellular network, cell-free network architecture enables all APs of the net-
work to simultaneously serve all UEs within the network coverage area using the same

time/frequency resources (Fig. 1.4). Utilizing the very fast backhauling links among di er-

Figure 1.4 Cell-free network model.

ent APs, the overall network will appear as a cell-free distributed massive MIMO system from
end-device point of view. Speci cally, all APs will be aware of all active devices within their
vicinity. APs may be considered as remote radio heads (RRHSs) as in the case of C-RANs [74].
Every device may be served by more than one RRH either by transmission coordination or
transmission multiplexing. It may be useful to view this cell-free architecture as a gener-
alized version of the well known CoMP network at which cooperating APs jointly serve all
devices within their coverage area (cell-edge and cell-centre devices). This can be enabled

by the utilization of very fast CPUs that assign resources to di erent terminal devices while
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data processing may be conducted at the BBU as in the case of CRANs. With complete
coordination among di erent RRHSs, interference management can be performed optimally
or near optimally throughout some centralized or distributed optimization methodologies.
Let us consider a fully centralized downlink cell-free network wittM APs and K UEs, the

received downlink signal at thek-th UE at any arbitrary time slot is given by

M X p
Yk = Wim P higm Xi + Ny;
m=1 i=1
N ¥ X b (1.27)
= Wim P hkm Xk T Win P hkm Xi + N;
‘n:l {Z } in:l i=1;i6k {Z }
Desired Signal IUI Signal

wherewn, is the beamforming fraction assigned to then ! k link such that P iK:1 Wim 1,

P is the power budget at each APhy, is the channel gain coe cient atthem ! k link and

ng is the AWGN at the input of the k-th UE. Accordingly, the SINR at the k-th UE is given

by

o s Pl
m=

an__aZ : (1.28)
1 i=1;i§kPWimPhkm”2+Nk

k;Downlink = 7

In the uplink, the signal collected from distributed APs is sent into a module dk detectors
at a certain central processing unit (CPU). To detect the uplink signal related to thé-th
UE, the detector multiply the overall signal received by each AP by a certain precoding
fraction wn 2 [0 1] accordingly, the received uplink signal at the input of thek-th UE

detector is given by

My pX
Yk = P Wk P hmixi+ne ;
m=1 i=1
X p N o X p_ N o (2.29)
= Wik P Nimie X + Wi P i i + Wik Nm;
= fz—} = e } IE—z—)
Desired Signal IUI Signal AWGN
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where hy is the channel gain coe cient at thek ! m link. Accordingly, the SINR at the

input of the k-th UE detector in the CPU is given by

D

P pP—— .
i = iy ey Wonk P o2
) InKk — .1 T M= .. L .
i ] mzlpwmk i=1:i6k thi”2+ m:lwmka

(1.30)

1.3.4 Boosting Link Performance through Time-Diversity

Multiple APs/antenna schemes has been a main icon of wireless networks since the very
beginning of multiuser transmission. In this section, we give a brief discussion that shows
the great potentials of dynamically changing communication links based on the stochastic
properties of the propagation media. In order to achieve this, lets consider the following

arbitrary CSl matrix ofa 5 5 MIMO system (drawn from a random Rayleigh distribution):
2 3

0:2725 0:3538 00335 00229 0:979
1:0984  0:8236 1:3337 0:2620 1:156

H =6 02779 15771 11275 1:7502 0:533¢&: (1.31)
0:7015 05080 03502 0:2857 2:002
2:0518 02820 0:2991 0:8314 (9642

Under the assumption of maximum transmission power ¢ = 38 dBm and optimal MIMO
precoding (water- lling power allocation), this MIMO system can achieve a Shannon nor-
malized rate of125502bps/Hz. Let us now assume that we want to split thes 5 MIMO
system into two independen4 4 and1 1 MIMO subsystems. As an example, consider

the two possible MIMO antenna clustering sets

5 4 4MIM?|Subsystem { 1 71 MIMCﬁlSubsysfm

G = fff mg; my; my; msg; fng;ny;ng nggg, ff msg;fnsgg g

5 4 4MIM?|Subsystem { 1 7l MIMCﬁlSubsysT;m

G = fff my; my; mg; myg; fng;ng;ng;nsgg;,  ff msg;fnigg g

By splitting P into ¢P and iP forthe4 4and1 1 MIMO subsystems, respectively, the

achieved normalized transmission rates for con guration§, and G, are shown inTable 1.2
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Table 1.2 lllustrative example

Con guration 4 4 1 1 Overall
G 7.2492 bps/Hz| 0.4428 bps/Hz| 7.6920 bps/Hz
G 9.6700 bps/Hz| 2.6582 bps/Hz| 12.3282 bps/Hz

below. As can be noticed fronTable 1.2 , the selection of antenna elements signi cantly
a ects the performance of the new MIMO subsystems. If such a selection is optimized on a
time slot-basis to exploit the time-varying nature of the channel, a signi cant performance
gain, compared to that of static MIMO splitting, technique can be achieved. Such a large
performance gain can be utilized in optimizing a variety of network architectures/technologies
in a time slot-bases. For example, dynamically changing the set of cooperating APs in
cell-free network, one can signi cantly scale-down the system complexity while achieving an
excellent performance. Applying this concept of time diversity over massive cell-free network

is one major contribution of this thesis work.

1.3.5 mmwWave Communications

one peculiar property of every generation of wireless communication is the addition of new
frequency bands. As a neoteric development to the next wireless networks, researchers are
investigating the utilization of the millimeter wave (mmWave) band of frequencies for very
high speed hot-spots. The mmWave band is referred to the band of frequencies at which the
signal wavelengths is in the millimeter range (tens or hundreds of millimeters). This includes
all frequencies within the24 300GHz band. Utilizing these frequencies for wireless trans-
mission can o er a great link capacities, as high as multi-gigabit-per-second (Gbps). Despite
the enormous available bandwidth potential, mmWave signal transmissions su er from fun-
damental technical challenges like severe path loss, sensitivity to blockage, directivity, and

narrow beamwidth, due to its short wavelengths [75]. To overcome these challenges, an inno-
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vative techniques should be designed to comply with the new physical characteristics of the
newly utilized spectrum. For instance, multi-antennas systems may provide robust beam-
steering capabilities for the low scattering nature of mmwWaves. Another way to boost up
mmWave communication is the utilization of hybrid beamforming techniques under mMIMO
techniques. In hybrid beamforming, the antenna radiations are directed toward main com-
ponents of the mmWaves through analog beamsteering while IUI components are mitigated

through digital beamforming techniques.

1.4 Motivation

In previous sections, it was shown how the emergence of new services and technologies have
resulted in a dramatic increase in the number of wireless devices per unit area. The dense
distribution of these wireless devices has changed the notion of large data transmission at
network centres into a massive small data distributed among network coverage area. This has
created a serious technical issues related to spectrum scarcity, wireless interference, resource
allocation and power e ciency. It also imposed a dire need of solving these issues in a coor-
dinated way, either by centralized network architectures or through distributed optimization
problems that solve a centralized main objective. Furthermore, spectrum scarcity can be
signi cantly resolved by utilizing more bands within the realizable ranges. However, with
the recent introduction of the24 300GHz range, it has became true that the whole usable
frequency spectrum is almost completely utilized. As a result, recent works in the litera-
ture proposed a non-orthogonal utilization of the available spectrum through the well-known
NOMA scheme. Power domain NOMA, however, has opened the door for increased hardware
and computational complexities, especially for large-scale NOMA clusters. To solve this is-
sue, we have designed a partially orthogonal MA scheme namely delta-orthogonal multiple
access (D-OMA). The idea of the proposed D-OMA is that di erent NOMA clusters are

allowed to partially overlap at the frequency domain under some quality of service (QoS)

26



constraints. The spectrum gained by the partial overlapping allows us to decrease the num-
ber of wireless devices per NOMA cluster while maintaining the same QoS, which will results

in a signi cant hardware and computational complexities.

To further enhance the quality of signal transmitted/received to/from massively dis-
tributed UEs, we have taken a step forward by allowing distributed APs to cooperate in
serving all UEs within the network coverage area. Such a network structure is know in the
literature as cell-free network architectures and it add excellent robustness to transmitted
data in term of interference mitigation and control. However, as we previously illustrated in
the literature review, the centralized simultaneous processing of date in large-scale cell-free
network requires a huge processing capabilities with signi cantly high control tra c. Such a
complexity issues increases even more with the emergence of mmwWave-supported mMIMO
at each transmitting/receiving node. The complexity of centralized signal processing how-
ever, can be reduced by using scalable, dynamic, and low-complexity design [10], and also by
using suitable network- and UE-centric architectures and algorithms, [17,18]. Nevertheless,
the aforementioned low-complexity models sacri ce the performance gain of centralized pro-
cessing. Accordingly, major revision and improvement of the previously mentioned design is
required to reduce the amount of performance degradation of such models. In this context,
we have developed several wireless network architectures that enable cell-free networking
at the large-scale and with minimized performance degradation, lower complexity and with
shorter processing delay. As the main idea of the developed network architectures rely behind
the ability of the network to self-adapt/self-optimize its architecture at a time slot bases,
the development of several innovative methodologies that e ciently conduct such tasks has
became a dire need, especially at the large-scale paradigm. Motivated by this need, we
have designed and investigated several novel DRL models that jointly solve the problem of
network clustering/partitioning and uplink/downlink beamforming. Such a models enable

simultaneous online training and operation with minimize processing delay and hardware
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and computational complexities.

1.5 Thesis Objectives

This thesis consists of one primary objective and a set of secondary objectives as follows.
Primary Objective: The main objective of this thesis is to design and analyze several
algorithms and techniques that enables massive multiple wireless access for future wireless
networks.

Secondary Objectives:  While working on this thesis toward our primary objective, several
secondary objectives have been raising out as a group of enablers for the primary goal. Here,

we enumerate some of the secondary objectives of this thesis work.

~ Tractable Expressions for Performance Analysistn this regard, we aim to derive a set
of closed-form expressions of several performance metrics for the developed network

architectures.

Provisioning of Self-Organizing Networks through Innovative DRL Modelstn this
objective, we aim to set up the main framework for several DRL models that can
be e ciently used in the optimization and organization of future large-scale wireless

networks.

Enabling Distributed Processing over Massive Cell-Free Networkn this objective,
we aim to design and discuss several network architectures and DRL algorithms that
e ciently enable distributed uplink/downlink beamforming without severely degrading

the performance of centralized processing.
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1.6 Thesis Contributions and Organization

The contribution of this thesis can be divided into four complementary research tracks as

follows:

" Track I: In the rst research track, we design a novel MA scheme that represents a
trade-o between fully OMA scheme and that of NOMA (Chapter 2 ). The designed
access scheme (denoted by the D-OMA scheme) allows adjacent NOMA cluster to par-
tially overlap in the frequency domain to increase the spectral e ciency of the wireless
network. The gained spectral e ciency increases the degree of freedom for reducing
the size of each NOMA cluster, which results in signi cant reduction in hardware and
computational complexities. Furthermore, in order to further enhance the per-UE per-
formance under the D-OMA scheme, we allow adjacent APs to simultaneously serve

all D-OMA UEs by coordinating their processing capabilities through CPU units.

" Track Il: In this thesis track, we generalized the D-OMA concept for full-spectrum
overlapping. The inter-NOMA-cluster interference (INCI) is then compensated by
proposing di erent forms of APs cooperation. For this cooperation scheme, we derive
several exact and asymptotic closed-form expressions of di erent performance metrics
for wireless cell-free network. Speci cally, we have derived exact expressions of the
probability of outage, ergodic capacity and outage-capacity for the fully centralized

cell-free network as well as the scalable UE-centric clustered cell-free architecture.

" Track Ill:  As the concept of cell-free network has been fully studied and evaluated
in Track Il , in the third track of this thesis, we have developed several innovative
techniques for scaling down the size of cell-free network while maintaining a satisfac-
torily per-UE performance. This is achieved through three innovative network designs
related to UE-centric AP clustering, network-centric AP clustering, and self-organizing

network architectures Chapter 3 , Chapter 4 and Chapter 5 , respectively).
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~ Track IV: In the fourth track of this thesis, we develop several innovative frameworks
for optimizing di erent resources of large-scale wireless cell-free network (designed in
Track Il and Track Ill ). Speci cally, we rst investigate the utilization of continuous
space actor-critic algorithms in solving the problem of uplink/downlink beamform-
ing over cell-free network. Upon introducing the concept of APs/UEs clustering and
network partitioning, we rst design several discrete space DRL clustering algorithms
that can e ciently cluster APs and/or UEs into a group of subsystems without the
need of going through all possible clustering con gurations at each time the problem is
solved. Second, we develop an innovative hybrid discrete-continuous space DRL mod-
els that can jointly scale/patrtition the cell-free network and conduct uplink/downlink
beamforming through an interactive DRL subsystemsCGhapter 3 and Chapter 4 ).
Furthermore, this thesis track introduces the concept of hierarchical DRL subsystems

with mixed DRL-convex optimization problems Chapter 5 ).

The rest of this thesis is organized as follows. I@hapter 2 , the proposed D-OMA scheme

is presented. Chapter 3 Introduces the concept of G-CoMP that allows di erent NOMA
clusters to be served by multiple APs through a UE-centric clustering approach. @hapter

4, we introduce a novel network-centric AP clustering approach that scale the overall cell-
free network into a group of cooperating distributed antenna systems (DASs) and then
solve the problem of AP clustering and uplink beamforming through hybrid DRL design.
Chapter 5 introduces the proposed self-organizing mmWave cell-free network along with the
developed hybrid beamforming scheme and hierarchical DRL design. Finally, @hapter

6, we conclude this thesis by some insights about the developed network architectures and

algorithms and also pave the road for some important research trends in the future.
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Chapter Two

Multiple Access Using Partially
Overlapping Spectrum: The D-OMA

Scheme

2.1 Introduction

For future massive multiple access, the utilization of the available spectrum through pure
OMA schemes will not be su cient. On the other hand, pure NOMA methods will not
have the exibility to support massive wireless connectivity for devices with di erent service
requirements [3]. Therefore, new multiple access/resource allocation and interference man-
agement methods will be required for cell-free networks given the limited spectrum resources.
In this chapter, we design a novel multiple access scheme that represents a trade-o between
fully orthogonal OFDMA and that of NOMA scheme with fully overlapping spectrum. The
reset of this chapter is organized as follows. [Bection 2.2 we present a brief technical com-
parisons between NOMA and OMA schemes. The technical issues behind large-scale NOMA
clusters is discussed iBection 2.3 . In Section 2.4, a detailed technical description of the

proposed D-OMA scheme is presented. The concept of (D-OMA)-enabled cell-free network
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is presented inSection 2.5 while Section 2.6 concludes this work.

2.2 NOMA Vs OMA: Performance and Complexity Per-

spectives

Orthogonal utilization of spectrum has been used in cellular generations 1G through 5G.
Due to the orthogonality among di erent subcarriers and the relatively high bandwidth
separation requirements among them, OFDMA, which is used on 4G networks, may not
provide an e cient solution for future generation networks. Therefore, the NOMA technique
has been adopted lately by the 3GPP release-16 standards (5G) [5]. The main idea of NOMA
is to superimpose many signals at the power domain within the same sub-band and uses
SIC at the receiver end to lIter out the undesired interfering signals. Using NOMA, every
single OMA sub-band can serve multiple devices simultaneously and in this process a higher

portion of transmission power is given to those with lower link quality (Fig. 2.1). With

Figure 2.1 An example of OMA Versus NOMA schemes.

NOMA deployment, every sub-band will serve a single NOMA cluster. The devices within

a certain cluster will suer from two types of interference, namely; i) the INI caused by
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residual un ltered NOMA interference signal that is caused by other NOMA devices within
the same cluster and the ii) INCI that is caused by using the same sub-band by other nearby
clusters. Despite these two interference components, NOMA scheme is found to outperform
its OMA counterpart, especially at large NOMA cluster sizes (seEig. 2.2), especially

from overall network performance prospective. From a UE prospective however, it's found

Figure 2.2 Network spectral e ciency: NOMA Vs OMA

that the per-UE spectral e ciency of NOMA scheme decreases as the number of UEs per
NOMA cluster increases (seé¢-ig. 2.3). The size of a NOMA cluster can be considered
as a design parameter to achieve trade-o among several factors, namely; i) the data rate
requirements of the UEs, ii) the complexity level at NOMA receivers, iii) the overall power
budget per NOMA cluster and iv) the NOMA UE immunity to INI, INCI and SIC-based

error propagation.
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Figure 2.3 UE spectral e ciency: NOMA Vs OMA

2.3 Technical Issues

Small NOMA clusters are preferable when we target low hardware and computational com-
plexity, short processing delay and low SINR requirements. However, smaller NOMA clusters
su ers from relatively low spectral e ciency which contradict with the main bene ts behind
non-orthogonal utilization of spectrum. Large NOMA clusters, on the other hand, provide
signi cantly higher spectrum e ciency than its OMA counterpart as will as NOMA scheme
with 2 UEs per NOMA cluster. This comes with the cost of increased hardware and compu-
tational complexity due to multilevel SIC operations as well as well as increased processing
delay and higher SINR requirements (seféig. 2.4). Motivated by the aforementioned discus-
sion, we developed a new MA scheme that represents a trade-o between OMA and NOMA

schemes.
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Figure 2.4 K-UEs NOMA cluster.

2.4 Partially Overlapping Spectrum: The D-OMA

The idea of the proposed MA scheme is that adjacent NOMA clusters are allowed to overlap
in frequency for a certain fraction, denoted by (and hence the name D-OMA). The spectral
e ciency acquired by the partial overlapping of NOMA clusters is then utilized to increase
the degree of freedom in the size of NOMA cluster. Accordingly, the number of NOMA UEs

per cluster can be reduced without a ecting the overall network spectral e ciency.

2.4.1 Two-UEs D-OMA

Here, we start by introducing the simplest form of the D-OMA scheme where two UEs are
allowed to transmit/receive through a partially overlapping subcarriers Eig. 2.5). For the

2-UEs downlink D-OMA, the signal received atJ; is rst used to decode % of the interfering
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Figure 2.5 Two-UEs D-OMA scheme.

signal ofU,, subtract it from the overall received signal and then decode the signal fog. At

UE U,, the % of U, interfering signal is neglected and considered as an untreated interference
signal beside the AWGN component. The spectral e ciency gain achieved by 2U-DOMA
scheme will be arbitrary small compared to the hardware and complexity requirements. In
the next section, we show how powerful the proposed scheme can be when NOMA clusters

has arbitrarily large number of UEs per cluster¥ 2).

2.4.2 Multiuser D-OMA

The best utilization of the proposed D-OMA scheme can be achieved when di erent over-
lapping NOMA clusters are equipped with relatively large number of NOMA UEs (i.es 2).
Accordingly, for multiuser D-OMA scheme, the overall spectrum will be divided into an
group of overlapping sub-bands with each sub-band assigned a certain number of NOMA
UEs to form a single NOMA cluster Fig. 2.6 ). At each NOMA sub-band, SIC operations
will be conducted at the receivers side to remove the INI caused by UEs belonging to the
same cluster. The INCI component caused by UEs from other clusters will be considered as
un Itered interference component added to UEs along with the AWGN component. How-
ever, the amount of INCI component can be easily controlled by changing the overlapping

percentage among di erent subcarriers. Lets consider a single AP downlink D-OMA system
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Figure 2.6 An example of the proposed D-OMA scheme.

with K UEs. Furthermore, let the available spectrum is splitted toN subcarriers each act
P
as a NOMA cluster with K,, UEs such that 2':1 K, = K. Accordingly, the achieved SINR

at the k,-th UE in the n-th NOMA cluster after applying SIC operations can be given as

Wi, Pjhy, j?
- n n ; 2.1
kn % — > X — (2.1)
wi, Pjhy, jo+ o Wi Pjhyj o+ ﬁli‘P
I|n=kn+1 {Z } \an Ln+lg {l§=1 } AWGN
INI INCI

where |, is the amount of spectrum overlapping between the-th and |-th NOMA clusters.

Lets consider a D-OMA system withKk =2, N =2 and K, = K, =6 (Fig. 2.7).

It's important to emphasize that the proposed D-OMA scheme o ers to performance

gain factors as follows:

" Increased in overall network spectrum e ciency due to tting more NOMA clusters

within the same frequency bandKig. 2.2).

1For more detailed illustration about UEs ordering and SIC operation, please refer toSec. 1.3.2 and

enclosed discussion.
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Figure 2.7 Performance Gain of the D-OMA scheme (Eq. (1.4)).

" Reduced hardware and computational complexity due to the ability of reducing the

number of UEs per NOMA cluster without a ecting the network spectral e ciency.

We, however, showed previously how the per-UE spectral e ciency can signi cantly degrade
as the number of UEs per NOMA cluster increases. This has motivated us to consider

di erent levels of APs cooperation/coordination throughout the rest of work of this thesis.

2.5 NOMA-Enabled Cell-Free Networks

To compensate for the per-UE loss in spectral e ciency caused by large NOMA cluster and
the INCI component of the D-OMA scheme, di erent APs of the network may cooperate to

serve all UEs within the network coverage area. Under this assumption, the SINR value at
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(2.1) can be rewritten as

Py o
. = m=1 Wknmpjhknmj . (2 2)
"W sem M X X . o
Wi, mPjh,mj”+ n WigmPihgmj®+ Il?i?
l|'ﬁ=1 in=kn+1 {Z } i’ﬂ=l 12fn 1;n+lg {Zk|=1 } AWGN
INI INCI

wherewy, n is the power fraction assigned to th&,-th UE from the m-th AP. As an example,

we showed how the per-UE rate decreases as the number of UEs per NOMA cluster increases
(Fig. 2.3). If we allow nearby APs to cooperate to serve all UEs of the same NOMA cluster,
the per-UE transmission rate can be improved signi cantly as shown ifkig. 2.8. 2.3).

The performance enhancement resulted from APs cooperation can then be used to reduces

Figure 2.8 Example of performance gain achieved by APs

the number of UEs per NOMA cluster which will decreases hardware and computational

complexity of terminal devices signi cantly.
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2.6 Conclusion

In this chapter, we have proposed a novel MA scheme for future B5G/6G communication
networks. The proposed scheme represents a trade-o between the OFDMA with its strict
orthogonality demand of its bands and that of the NOMA with completely overlapping
frequency bands. Furthermore, we showed that by allowing nearby APs to simultaneously
serve all active UEs within their coverage area, the per-UE performance can be signi cantly
enhanced. Such a performance enhancement can help in decreasing the number of UEs
per NOMA cluster, which will decreases the hardware and computational complexities of
terminal devices signi cantly while maintaining an acceptable performance. In the next
three chapters, we propose and design several innovative network architectures that aim
to decrease the computational complexity behind centralized processing of signals collected

from the set of cooperating APs.
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Chapter Three

UE-Centric AP Clustering: The GCoMP

Architecture

3.1 Introduction

In Chapter 2 , we have proposed a new multiple access scheme, the D-OMA, that represents
a trade-o between fully orthogonal OFDMA and that of power domain NOMA with full
spectrum overlapping. We also showed how the proposed D-OMA scheme add new degree
of freedom that enable reducing the number of NOMA UEs at each cluster and hence,
signi cantly decreases the hardware and computational complexities at NOMA terminal UEs.
The introduction of additional interference signal caused by NOMA clusters overlapping
in the D-OMA (the INCI component) however, may have a direct impact on the per-UE
performance. In the following three chapters, we take a step forward by allowing several
adjacent APs to simultaneously serve all UEs within their coverage area. Starting by UE-
centric clustering approaches, in this chapter we design a novel downlink UE-centric AP
clustering scheme at which each UE is served by variable number of APs under NOMA
power allocation. The rest of this chapter is organized as followSection 3.2 presents the

general system model. Tha-th order clustering protocol for the GCoMP-enabled NOMA
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is presented inSection 3.3 . Section 3.5 presents the outage and the outage capacity of
the proposed system. The clustering scheme and the corresponding power allocation method
for the proposed system are presented Bection 3.6 . Numerical results are presented in

Section 3.7 while Section 3.8 conclude this chapter.

3.2 System Model and Assumptions

Consider a downlink wireless network withM single-antenna APs andK single-antenna
UEs that are located at xed locations within a certain coverage area as shown in Fig. 3.1.
All APs are connected to each other through a fast backhaul link and have the ability of
collaborate with each other at the baseband and radio levels. This is similar to a C-RAN
architecture in which distributed RRHs are connected to a single mega BBU that has the
ability of jointly processing signals from di erent RRHs by dealing with distributed RRHs
as a virtual K M MIMO system [74]. We also assume that perfect control signaling is
possible among the cooperative APs and the distributed UEs within their coverage area due
to the existence of fast backhauling links that connect all of the cooperative APs together.
We mean by perfect control signaling is that all APs can be communicated from any point

within the network coverage area.

Every UE can be served byn APs (1 n M), which is referred to as the order of
cooperation (or clustering order) and each AP can sernle UEs (0 k K). The UEs
associated with a AP form a NOMA cluster using the same frequency band and also all the
NOMA clusters served by all the APs use the same band. Therefore, every UE is a member of
n clusters and not all the clusters need to have the same number of UEs. Note that, with this
system modeln = 1 corresponds to traditional NOMA (i.e, without CoMP). For NOMA, we
assume that every AP applies superposition coding in the power domain in its transmission

band and it has its own power budget. Additionally, full CSI is assumed to be available
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Figure 3.1 Example of the proposed network model (same colors refer to a single
NOMA cluster).

at all APs while CSI of every NOMA cluster is assumed to be available at all UEs of that
cluster. The downlink channel gain between them-th AP and the k-th UE is denoted byhy, .

We assume that channel gainy, are independent but non-identically distributed (i.n.d)
and follow complex Gaussian distribution, i.ehy, s CQO0; «m), Wwhere y, is the standard
deviation of the hy,,. Thus, the power gainjh,,j? follows an exponential distribution, i.e,
jhimi?s Exp(1=2 2.). Atevery AP, perfect SIC operation is assumed such that interference
to every UE that is caused by UEs within the same NOMA cluster with higher channel gains
are perfectly ltered out. Finally, when compared with a conventional CoMP system, we
assume that the frequency reuse factor is always greater than one (e.g. 3, 7). This assumption
is justi ed by the fact that such networks would be practical for crowded urban environments
in which distributed APs would be close to each other which will cause severe interference to
CoMP cell-centre UEs. Fig. 3.2 illustrates a simple example of di erent networking models
(with M =2 and K = 3) when compared to the proposed GCoMP-NOMA scheme. In this
gure, di erent colors are used to show the di erent frequency bands (channels) used by the

di erent APs and UEs.
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Figure 3.2 Examples of di erent network models.

3.3 An n-th Order AP Clustering for GCoMP

This is a variable order clustering scheme that enables multiple UEs to utilize a single
frequency band with the help of joint cooperation among several connected APs within their

vicinity. First, let .., denote the set of indices of UEs connected to tha-th AP using

denotes the number of APs connected to every UE at a certain time instant. For example,
if a (2-nd)-order clustering is used, every UE within the network will be connected with
two serving APs. For the moment, given a certain channel gain matrix of the network
H 2 CK M the task is to nd the set of UEs connected to them-th AP under the n-th
order clustering, ».m. Here,H is a matrix containing channel gains from all APs to all UEs

within the coverage area of the network.

Algorithm 1 illustrates the proposed method that is used to nd the clusters of UEs

for every AP undern-th order clustering.
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Algorithm 1 : The n-th Order UE-centric clustering protocol.
Require: H 2 CX M:n;M;K

1 im= ;8 =1;::5;nandm=1;:::;M
2.fori=1:ndo

3 for k=1: K do

4: m = maxny(H(K;:))

5: im = im kagandH(k;m): 1
6: end for

7. end for

8 mm = 5 im,mMm=1;::0M

9. return n’fl """ M g

The main idea ofAlgorithm 1 is than for a network with M APs andK UEs randomly
distributed among the network coverage area, every UE will be served hyAPs related to
the best channel gain while the signals received from othBt n APs is considered as INCI
signals. Note that this algorithm has a linear complexity that depends on the dimensionality
of the H matrix i.e, M and K. Using the proposed clustering scheme, cooperation among
distributed APs is exploited for all UEs (both cell-edge and cell-centre UES) within a certain
network coverage area. Additionally, for a certain frequency band, since every UE is a
member of n clusters, NOMA transmission power coe cients for every cluster must be
allocated properly such that the desired received signal at a certain UE can be extracted by

multilevel SIC operations.

3.4 GCoMP-NOMA Transmission Model

P .
At every NOMA cluster, the m-th AP will transmit X, = | "’ P Wi, M Pm Sk, m, Where

Sk,m IS the message for th&-th UE (k, is the ordered index of thek-th UE in ., and
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k is an arbitrary index for UEs using the same sub-band within a certain network coverage
area) with E[js,mj?] = 1, Py, is the overall transmission power budget at then-th AP
(assigned for a certain sub-band) and, n is the NOMA power allocation coe cient from

P
the m-th AP to the k-th UE with index ky in  nm suchthat 4 "% 'wg, m 1. Generally,

optimally by considering joint optimization problem for all clusters within the network that
uses the same frequency band. A practical technique for optimizing the transmission power
coe cients for the proposed GCoMP-enabled NOMA system will be presented later in this

chapter.

First, let us de ne the received signal at thek-th UE as

X X
Yk = hi X; + hy Xj + Ny; (3.1)

8 2S5k 8 j2Snek
wheren is the AWGN component at the input of thek-th UE with power spectral density
(PSD) Ny and S;x(Snek) Is the set contains the indices of serving (not-serving) APs for the
k-th UE. As can be noticed from (3.1), within a certain cluster set .., every UE is an
element of a random set of clusters (beside,.,). Therefore, every UE in . will have
a di erent inter-cell interference component that must be taken into consideration when
establishing power fractions for NOMA transmission. Therefore, let us assume that for
the m-th AP with a cluster set ,n,, the set of power gains between then-th AP and
all UEs in ., are normalized by inter-cell interference caused to every UE within the
cluster and then arranged in an ascending order, |é‘ﬁ1:|(;“—|’2 ”‘Iklr'nz]—é”l’z W

wherel ¢, is the inter-NOMA-cluster interference component resulting from the utilization

P
of the same frequency band by other APs and is de ned d§, = 2S04 ijhiij with

P.
=B }i;‘{’Wjiil. Accordingly, for successful SIC operation at every UE, the transmission

power allocation coe cients must be allocated such that the overall received power of the

P
1Remember that }iz”i ! w;,i = 1, however, we keep it in the analysis to illustrate the operations in the

proposed model.
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desired signal has a distinct power level from other combinations of undesired inter-NOMA
interference signals (INI) with a certain power gap that depends on the sensitivity of the
SIC hardware unit. Accordingly, the design of SIC unit at every UE, which will require a

multi-level SIC operation, will be challenging.

We assume that the power gains between theth UE and di erent serving APs are

ordered such thatjhcj> ::: j hwj? Hence, the SINR at the input of thek-th UE is
given by
", ha?
= L ; 3.2
k X1 k. .2 X/l . .2 ( )
iJhg o+ Jhaj+ |%\ZI¥
j=1 =n+1
|—{z—} [Tz Aven
Ling l'inc
K K P P
where = wiPi, =P {NaWwgt o, = Py Wy, ko= maxyc(Km), T

denotes the un Itered INI component within the same NOMA cluster and is the residual
INI interference caused by the multi-level SIC. The level of SIC is the number of required
demodulation-subtraction operations within the SIC unit of a certain UE. Generally, lies
between =0 (when a certain UE has an identical ordering rank over all associated clusters)
and = P j":l P :j':krj' 1 Wiy P;jhy j? (when a certain UE has di erent ordering over all
associated clusters). However, the value of can be set to zero with a proper sub-optimal

design of the proposed system as will be discussed in the subsequent section.

Under this communication setup, thek-th UE will detect the rst k 1 signals using
a rst round of SIC, and then store the signal components that contain its desired signal for
a next level of SIC procedure (multi-level SIC is required only when > 0). The available

SINR at the input of the k-th UE when detecting the signal component of the-th UE

2While the purpose of this part of the work is to give an insight on the performance of multiuser NOMA
under the proposed GCoMP-enabled NOMA model, a practical low-complexity GCoMP-enabled NOMA

model will be presented along with the power allocation method later in this chapter.
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(1 k ) is given by

P Inl [P jhw 2 ,
= —n+1 tihkej2+ Ny .
k= P . j;_.z ; (3.3)
; P k) +1
=1 ) spe tihke i+ Ng
- P i
The di erence between (3.2) and (3.3) appears at; = w; P and ; = P ij:"+1 w;;; and

depends on the number of signals to be decoded and subtracted from the overall received

signal. However, it is clear that |  is an increasing function of .

lllustrative Example

To illustrate the main idea behind the GCoMP-enabled NOMA, we present a simple example
with three APs (M = 3) and eight UEs(K = 8) that operate under2-nd order clustering

(i.,e, n =2). Let us rst assume a single realization of the channel gain matrikl as

2 3
UE; UE, UE; UE, UEs UEs UE; UEg
., BAP; 09 1 Q45 Q7 039 12 038 Q8
JH] = ; (3.4)
AP, 0:1 (098 Q35 Q65 (093 072 Q91 Q3

AP; 043 078 (021 Q19 Q95 (031 Q99 (056

Applying Algorithm 1 to H, the decreasingly ordered cluster elements of,;, 2, and

2.3 are given in Table 3.1. For example, the received signal at Y&s given by

Table 3.1 Cluster elements unde-nd-order clustering

21 || UE1 UE, UEsz UE; UEg UEg

22 || UE2 UEsz UE, UEs UEg UE;

23 || UEs UE; UE; UEg NA NA

— p—— p p—— p
y1 = Wq1P1hi + wisPshis si+ Wg1P1hia + WgsPshiz sg+ wpiPihiis,

p— p— p— p —
+ Wz Pihiiss+ waiPihiiss+ wsiPihiiss + weiPihiiSe + weiPihiiS7 + na:
(3.5)
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To extract s; from y;, a set of SIC operations have to be conducted such that the overall
power of the desired signas; is separated by a certain SIC receiver sensitivity power gap

(Ps) from other undesired signal components. The number of signals to be decoded before

extracting s; will depend on the set of constraints required to extracs, through sg at UE»

through UEg. To further illustrate, let us consider the case of full-order clustering for which

every UE will be connected with all serving APs. Accordingly, for the giveR, the cluster

sets are given in Table 4.2. Therefore, the received signal at UE given by

Table 3.2 Cluster sets under full order clustering

31 || UE; UE, UEsz UE; UEg UEg UEs UE;
32 || UE, UEs UE; UEs UEg UE; UE; UEg
33 || UEs UE; UE; UEg UE, UE; UE; UEg
y1= P WiiPihis+ WioPohip+ WigPshis s
WoPihis + WooPohia+ WasPshis s,
P WaiPihis+ WaPohia+ WasPshys sg
P WaiPihis+ WaoPohia+ WagPshys s (3.6)
Ws;1P1hy + WsoPohip + WssPshis Ss
WeiPihii+ WePohia+ WesPshys Se
W7iPihis+ WoPohia+ WrsPshis s
WgiPihii+ WaPohia+ WasPshis Sg+ Ny

In order to be able to extracts; from y;, a set of SIC operations will be conducted. Speci -

cally, for successful SIC operations, a subset of the following constraints must be satis ed:

INE

X .
N;j]

8j 2A ;i62A
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Note that a set of di erent constraints has to be satis ed at every UE and transmission power
for NOMA must be allocated such that all constraints at all UEs are satis ed. Furthermore,
the number of SIC operations required at every UE will depend on its overall power level
(weight) compared to other distinct signals (the more the power the fewer will be the number
of required SIC operations). Multilevel SIC operation can be out tted to work in a single-
level SIC receiver. However, such a design would result in high complexity since the number of
SIC operations to be conducted will be large. On the other hand, to minimize the processing
delay, a bank ofn SIC receivers can be used at every UE to extract the desired signal, this
will roughly decrease the processing delay by a factor of(n is the number of cooperative

APs [clustering order]) at the expense of increasing complexity.

For simplicity of analysis, we rst adopt a constant power allocation scheme for NOMA
under the assumption of the availability of perfect SIC. However, the e ect of imperfect
estimation of CSI is evaluated at subsequent section. In particular, the-th AP applies a
constant power allocation for its own cluster members served through NOMA based on the

following relation:

8
W _2 > i=1;::00 aml L 3:8)
imm — .
'> WJ nm j 1im i = J nmj'

Note that for this constant power allocation scheme, the conditiorllD {m”;”{ ] wi.m =1 holds.

It also follows the NOMA concept by allocating higher power portion to UEs with lower
channel gains. Besides, the notion of allocating higher power fractions to NOMA UEs with
weaker channel gains is also satis ed. Note that, the optimal power allocation scheme for a

modi ed practical GCoMP-enabled NOMA system will be presented in Section 3.6.
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3.5 Outage and Capacity Performance

In this section, a closed-form expression for the outage probability for a UE under the
GCoMP-enabled NOMA scheme is derived. Generally, the-th UE will be in outage if it
fails to successfully decode at least one of tketh higher weight signal components. This

can be mathematically expressed as

Pke=1 P E% (3.9)

where E,  is the event that the k-th UE has failed to decode the -th signal component
under a certain performance requirements and“gE, is the complement of E . This can

be mathematically expressed as

8
2 _ 1.
P Ik h _11
Evw= o 1 | (3.10)
- Pk o T th > 1

where ,, =2R 1. The valueR is the minimum transmission rate required by the -th UE
(assuming that every UE has identical ordering over all connected clusters). For simplicity
of analysis, we will assume that all UEs have the same rate requirements, i.g, = .
Deriving a closed-form expression for (3.9) is possible, however, the nal expression is found
to be complicated and di cult to be programmed. To simplify the analysis, we rst calculate
the average INCI at them-th UE and substitute it into (3.3). Theorem 1 de nes the average

value of | £, for the proposed GCoMP-enabled NOMA scheme.

Theorem 1. The average inter-NOMA-cluster interference at th&-th UE under the GCoMP-
enabled NOMA scheme is given by

f1;§<::;M 9 W X t
ki .
P P P P ; (3.11)
in+l ..... iK |=n+1 d: n+1 kld + q:_‘]_ qu t=n+1 q: n+1 qu + q:l qu

.....

I k -
INCI —

3Here, we have assumed that the higher levels of SIC operations are conducted ideally such thatis set
to zero. This is an assumption that complies with the practical design of the proposed system as will be

shown later in this chapter.
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Proof. SeeAppendix A .

Remark: Theorem 1 considers only the ordering of APs with respect to any arbitrary

UE at  ,¢1.:mg. This is true sincel K is constant for every UE even when th&-th UE

is decoding the -th UE signal ( <k ).

Substituting 1, into (3.3), the outage probability of (3.9) can be expressed as
!

X
P : (3.12)

P, =P Zi
o ma (e )

wherezi s ExXp( «i), «i = I,‘,i,Cl + Ny =2P % and we have assumed that all APs are
transmitting using the same maximum transmission power budget, i.&), = P; 8 m =
1;:::; M. Additionally, the maximum value of th changes at every time slot
based on the instantaneous CSI and the NOMA transmission power allocation method.
Accordingly, the probability of outage of thek-th UE under the GCoMP-enabled NOMA

scheme is de ned inTheorem 2.

Theorem 2. The probability of outage of the&k-th UE under the (n-th)-order clustering of
the GCoMP-enabled NOMA scheme is given by

(n) X X¥ (m ° voh (n) o !
Pou = FO 1 F™ (3.13)
k=1 S I=1 g=k+1
where the summation extends over all permutatiofsy;:::; ) of 1;:::; for which ; <

< k k+1 < < and = max mj nmj such thatf ,mjk 2 ,mg. The CDF

F™( ) is given by

2 3
f1;§<::;M g Xn M n fnx:;M 9 Xn
FW()= Ji(;i)4 1 e u ( Hm 21 e u 3
i1;050n =1 U hy=1 ji o ojng 2=l tz
(3.14)
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whereJq( ;i) = and , are dened in

max( th ) tyr tir 2

Appendix B.
Proof. SeeAppendix B .

Remark: The e ect of cooperation among APs within GCoMP-enabled NOMA scheme
appears in terms of the increased SINR and decreaseg, per UE. However, a better per-
formance enhancement can be achieved by optimizing NOMA coe cients for all APs simul-
taneously as one matrix, as will be discussed in a subsequent section. One particular case
of signi cant importance is that when all APs within a certain geographical area cooperate
to serve a set of UEs in their vicinity using the same sub-band. This can be considered as
a full-order clustering of the proposed scheme, i.a,= M. Corollary 1 presents a simpler

expression of this particular scenario under the assumption of i.i.d. channel gains.

Corollary 1. Under full-order clustering h = M), with i.i.d. channel gains, the probability

of outage for the GCoMP-NOMA scheme given iftheorem 2 reduces to

Xk Q
Par' = (M5 ) 1 (M) (3.15)
k=1
where = N=2P 2 (Ina = 0), Q = K Kk, (x;y) is the normalized lower incomplete

gamma function [76, Eqg. 6.5.2] and( x) is the gamma function.

Proof. This Corollary can easily be proven by repeating the same procedureTdieorem 2

under the given assumptions.

Furthermore, to obtain more insights about the performance of the proposed system
in terms of the diversity order and coding gain,Corollary 2 presents an approximate
expression of the probability of outage of th&-th UE under full-order clustering at the high

SINR regime.

53



Corollary 2. Under full-order clustering with i.i.d. channel gains and high SINR regime
( '1 ), the probability of outage of the GCoMP-enabled NOMA scheme can be expressed

as |
p(M) M (M)

out W ; (3.16)

where = 2P 2=N.

Proof. This can be proven by utilizing the series representation of M; toh in [76, Eq.

6.5.29], substituting in (3.15), and then taking the rst term (the dominant term).

Remarks:

" At high SINR, Pém) (G: ) ©¢, where G, and G4 are the coding gain and diver-
sity order, respectively [77]. Accordingly, under full-order clustering we havg, =

M 1=M

M ( K)=K( ) and Gg = M.

A

It can be noticed fromCorollary 2 that, besides fh, the outage performance of the
system is signi cantly a ected by the number of NOMA UEs used per clusterK ) in
terms of the decreased coding gain. This negative impact caused by increasing the
NOMA cluster size can be signi cantly annihilated by increasingM (whenM !'1

G, approaches 1).

Outage Capacity: We evaluate the achievable transmission rate per UE of the pro-
posed GCoMP-enabled NOMA. However, a closed-form expression of the ergodic capacity
of the proposed system is found to be very complicated and does not carry any signi cant
insights. Nevertheless, we evaluate the so calleebutage capacityunder the high SINR

regime, where is the maximum allowable outage to achieve a capacity & [78].

Proposition 1. Under full-order clustering with i.i.d. channel gains and high SINR regime

( '1 ), the -outage capacity for a UE under GCoMP-eInabIed NOMA is approximated by
r !
w M (M)

C I 1+
00, K

(3.17)
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Proof. This can be directly proven by using the de nition of -outage capacityin [78] and

utilizing the approximate outage expression fronCorollary 2 .

Imperfect CSI: In the analyses presented above, the assumption of the availability
of perfect CSI at all APs was made to simplify the analysis to obtain some key insights
to system performance. However, in practical scenarios, the estimation of CSI may not be
perfect.Since imperfect CSl leads to non-optimal ordering of UEs within clusters and adds an
additional self-interference component at the receiver output, this can degrade the system
performance signi cantly. We will asymptotically evaluate the e ect of imperfect CSI on

overall outage performance under the assumption of optimal UE ordering at each cluster.

Corollary 3 states the e ect of imperfect CSI on the asymptotic probability of outage.

Corollary 3. Under full-order clustering, with imperfect CSI and i.i.d. channel gains, in
the high SINR regimg( ! 1 ), the probability of outage for GCoMP-NOMA can be approx-

imated as -
1=M 2

P& MIM) (OMM) - N ; (3.18)

K( ) m=1 (1 2)|<i+ N

where 2 [0;1]is a measure of the accuracy of the channel estimation adis the PSD of

a complex Gaussian random variable that expresses the estimation error.

Proof. Under imperfect CSI, the estimated channel between tha-th APs and the k-th UE
can be modeled as [79]

p___
f‘\]km = mhm+ 1 21 m; (3.19)

where ,, 2 [0;1] is a measure of the accuracy of the channel estimation at tme-th AP
and |, is a complex Gaussian random variable independent bf,, having zero-mean and

variance N, with jIO 1 2l ymjs Exp 0;(1 2)N,, . At every AP, channel estimation

P—— - . :
errorsf 1 2l ngpe, . will be treated as a self-interference component at the output
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of the receiver decoder. Accordingly, (3.2) can be rewritten as

e ! huii?
K= P . .|_1 - i mlki) : (320)
o OAhgizHE ARG+ N

Then, after following the same derivation steps that led to Corollary 2, and assuming that
all APs has identical channel estimation accuracy (i.e,, = ;m =1;:::M), Eq. (3.20) is

con rmed.

3.6 Power Allocation for GCoMP-Enabled NOMA

In this section, a practical clustering method for GCoMP-NOMA scheme is presented and

an optimal transmission power allocation model for the proposed system is developed.

3.6.1 A Low-Complexity Full-Order Clustering Scheme

The exact model discussed iBection 3.3 is considered as the optimal scheme for GCoMP-
NOMA. However, this model assumes that any UE may have a dierent ordering w.r.t.
di erent serving APs. This will result in a relatively high complexity at a NOMA receiver,

since in the worst case scenario (i.e, di erent ordering for every UE at di erent APSs), the set
of constraints for successful SIC operation will increase signi cantly which will be re ected
negatively on the SIC unit design. Another issue of the optimal GCoMP-enabled NOMA
is that it requires a complicated scheduling algorithm that rst assigns the set of signals to
be decoded at every power level and then allocates power fractions for these signals. This

should be conducted considering the received signals of all UEs.

To solve this problem, we propose that every UE has the same ordering over all related
clusters. This can be achieved by de ning a global channel-quality-based metric for every
UE that takes all links between every UE and all connected APs into consideration. For

simplicity of the following analysis, we will focus on the model of full-order clustering (i.e,
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n = M) in which all APs cooperate to serve a set oK UEs simultaneously (Cell-free
scenario). Algorithm 2  shows the proposed sub-optimal clustering protocol that nds a

single cluster which contains the&K UEs served byM APs.

Algorithm 2 : Sub-optimal M -th order clustering protocol.
Require: H 2 CX M:M;K

Py . ;
Chhom(K) = o iH(k;m)j%8 k=1;:::5K

[

2 m =
3 fori=1:K do

4: k = ming (hnom (K))

5: M = Mkagandhnorm(k): 1

6: end for

The main idea of this method is to produce a “global' cluster vector that contains the
ordered indices of the entire set oK UEs. Speci cally, the norm of the gain vector of
any arbitrary UE and all connected APs is utilized as the global ordering metric to nd
the cluster members. Similar toAlgorithm 1 , the complexity of Algorithm 2  will be
linearly dependent on the network size i.eM and K. It is important to mention that
using the exact model unden-th order clustering, the number of SIC operations required
at the k-th UE falls within the integer interval [O; P "0 nm,j*t2n 3], wherem; are the
indices of APs associated with th&-th UE. On the other hand, using the low-complexity
scheme, the number of SIC operations required at thketh UE falls within the integer interval
[0; ] n] 1] Note that P "0 am¥2n 3 4 1;8n with equality holding when every
UE have identical ordering w.r.t. every serving AP. Note that the price paid for reducing the
number of required SIC operations per UE is a reduction on the average per-UE performance.
This can be inferred by the fact that using the norm of UE channel gain w.r.t. all serving

APs reduces the performance of NOMA scheme, since some APs may consider UEs with

57



strong channel gain as a weak UEs and vise vetsa

After nding v, the goal now is to formulate and solve the optimization problem to
determine the transmission power coe cients\W,;8 k =1;:::K andm =1;:::M) for the

transmitted power from all cooperating APs to the set of UEs in \, . Based on the proposed

used (i.e,n < M ), the link quality of the k-th UE should be divided by thel ¢, . Accordingly,

the optimization problem can be formulated as

0 P, 1
W
P, :max log, @1 + p —p km_km A
Wk k=1 m=1 j=k+1 ij km + 1
Subject to:
0 P, 1
W
Cy:log, @1+ p pm=L km km A Rg
m=1 N W km +1
= j=ke M m (3.21)
X X '
C2 : w m Wi;m Im Ps;
m=1 1= |+l

where m = Py jhimj?=Nk, Rk is the minimum required normalized transmission rate for a
UE and is represented by the conditiorC, C, refers to the set ofP L0 1)=& D con-
ditions required for successful SIC operation with receiver sensitivity Bf, and C 3 represents

the set of K conditions related to the maximum power budget per AP. The optimization
problemP, in (4.15) is a multiuser sum-rate maximization problem in an interference-limited
environment. In general, these type of problems are non-convex due to the existence of de-

pendent variables at the denominator of the SINR, which creates a random convex-concave

4Note that an exact evaluation of the performance reduction will require the derivation of optimal power

allocation scheme for the exact model discussed previously.
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oscillation of the objective functiort. However, by the introduction of NOMA condition to
these type of problems (e.g. set of constraints given Wy,), the convexity status of the
overall objective function changesLemma 1 states the convexity status of the problem in

(4.15).

Lemma 1. Given the proposed GCoMP-enabled NOMA scheme, the optimization problem
P, formulated in (4.15), which maximizes the normalized sum-rate & NOMA UEs per

cluster, is a convex problem.
Proof. SeeAppendix C .

Due to the convexity of problem (4.15), a closed-form expression for optimal transmission
power fractionsf wim gﬂ“fll;;;;;k can be derived using the Lagrangian multipliers method as
follows. For the simplicity of analysis, we will illustrate the derivation of problem with
relatively small system parameters (e.gM =2 and K = 3); however, the same procedure
can be used to generalize the solution for any set of parameters. The Lagrangian function

of problemP, in (4.15) can then be written as

0 P, 1
W
L@ ; ;)= log,@+p p-m=1 Zkm A
2 3
W K m=l = j=k+l Wim# an 1 "
x3 X2 ) x3 ' ) X2
+ k Wkm th ij km th + 3 Ps (Wlm W2m) 2m
k=1 m=1 " j=k+1 | # m=1 " #
x3 X2 x3 x3
+ i Ps Wi 1m ij am + m 1 Wkm
i=2 m=1 j=i m=1 k=1
(3.22)
wherea = fw; ;::11;;22;3, and 0, 0 and 0 are the Lagrange multipliers correspond-

ing to C4, C,, and Cj, respectively. Further discussion on the solution of Probler®; in

(4.15) is given inAppendix D

5The convex-concave oscillation is caused by the fact that the sum-rate equation with limited-interference

is equivalent to the di erence between two independently changing convex and concave functions.
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Finally, it is important to mention that for the proposed GCoMP-enabled NOMA
scheme, in practical scenarios, the set of cooperating APs may not be able to provide every
UE within their cluster with its minimum rate requirement due to the power budget limita-
tions on di erent APs (infeasible problem). In such cases, the UE with the minimum norm
metric (w.r.t. all connected APs) will be removed from its current NOMA cluster and join

another cluster that uses a di erent sub-band.

3.7 Numerical Results

In this section, we provide some numerical results to discuss the performance of the pro-
posed scheme under di erent system parameters, and then present illustrative results on the
proposed NOMA transmission power allocation scheme. Each value is obtained 2ia 1P
Monte-Carlo simulation runs. For simplicity, we study only the case where all channel gains
are i.i.d. Table 5.2 presents the main system parameters used to obtain the simulation and

analytical results. These values were carefully selected to comply with practical values used

Table 3.3 Simulation parameters

Parameter Value
AWGN PSD per UE 169dBm/Hz
Transmit power budget at a AP, P Variable
SIC sensitivity, P 1dBm
SINR threshold per UE, 15dBm
Target SINR outage probability, 10 °

in the industry.
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3.7.1 Outage and Capacity Analysis

In this section, we present results on the outage and capacity performance of the proposed
scheme. We rst start by evaluating the performance gain of the proposed GCoMP scheme
compared to that of conventional COMP system (considering both orthogonal multiple ac-
cess [OMA] and NOMA paradigms). Fig. 3.4 shows the average spectral e ciency per UE

with di erent cooperation and multiple access scenarios. It can be noticed that, with OMA,

Figure 3.3 Average spectral e ciency with di erent cooperation and MA scenarios.

a slight enhancement can be achieved when moving from CoMP to its generalized version
(GCoMP), when M = 2. However, more signi cant enhancements can be achieved for
higher values ofM , as shown in3.4. Additionally, the GCoMP-NOMA system achieves the
best performance for a wide range of power budget while the performance of CoMP-NOMA
scheme lies between those of GCoMP-NOMA and GCoMP-OMA for relatively low power
levels. The performance of COMP-NOMA degrades signi cantly as the maximum transmis-

sion power budget per AP increases due to interference caused by the non-cooperating APs

61



to the cell-centre UEs in other cells. Note that, to simulate the CoMP-NOMA scheme and
compare it with the other schemes in a fair manner, we assume that the interference power
from the non-cooperating APs to bel0 3 times the overall transmission power which takes
into consideration the high distances between cell-centre UEs and other cells in a typical JT-
CoMP scheme. To evaluate the-th order clustering scheme, Fig. 3.4 shows the probability
of outage of the proposed system under di erent clustering levels versus the maximum trans-

mission power budget per AP. It can be noticed from Fig. 3.4 that the outage performance

Figure 3.4 P versusP for di erent clustering order n.

improves signi cantly when the clustering order increases. When many APs, eyl =5
are transmitting in the same cluster sub-band while the clustering order is low, the outage
performance deteriorates. For example, a total service blockage occurgvat=5 andn = 1.
However, when the clustering orden is relatively close to the number of cooperating APs

(M), the interference on di erent UEs caused by non-serving APs becomes tolerable.

It is also important to investigate the e ect of increasing the number of UEs per single
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NOMA cluster on the overall outage performance. Fig. 3.5 (a) shows the outage probability
for a UE versus the maximum transmission power budget per AP under full-order clustering.

It can be noticed that when only one AP is serving a set of NOMA UEs, increasing the

Figure 3.5 Pfﬂ,{ versusP for di erent numbers of UEs (K) and APs (M).

NOMA cluster size will cause a signi cant degradation in system coding gain (i.e, the outage
performance curve shifts to the right). This is because, & increases, the average number
of interfering signal components with lower weights than the desired signal will increase.
This observation discourages the potential use of NOMA in its conventional form with one

serving AP at the massive scale.

To compensate for the performance degradation caused by large NOMA cluster size, the
number of serving APs per cluster can be increased as in the proposeth order clustering
scheme. Fig. 3.5 (b) shows the outage probability for a UE versus the maximum power
budget per AP under di erent number of serving APs and with a relatively large cluster size
(K =16). It can be noticed that a large number of NOMA clusters can co-exist in the same

spectrum band when the number of cooperating AP@M ) increases.
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Finally, Fig. 3.6 shows the -outage capacity C ) versus transmission poweP for di er-

ent number of cooperating APs. As was concluded from (3.17), increasiilg exponentially

Figure 3.6 C versusP for di erent number of APs (M).

annihilates the negative e ect caused by the large number of NOMA UEs using the same

sub-band.

3.7.2 Imperfect CSI

In this section, the e ect of imperfect channel on the performance of the proposed system is
investigated. Fig. 3.7 (a) shows the e ect of di erent values of channel estimation accuracy at
the APs (we assume that ; = ; 8i). It can be noticed from this gure that an approximate
performance loss ol:7 dB occurs for every5% decrease in channel estimation accuracy. It
is worth mentioning that the overall e ect of imperfect CSI can be decreased by increasing

the number of cooperative APs per NOMA cluster, as can be noticed from Fig. 3.7 (b).
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Figure 3.7 Sum-rate versusP? under imperfect CSI.

However, such an enhancement is only achieved when the estimation accuracy is su ciently
large (e.g. 70:71% with equal for all APs such that the inequality M 2 M (1 2)
holds). In other words, when the CSI estimation error is severe, increasing the number of

cooperative APs will improve the system performance.

3.7.3 Power Allocation

In this section, we study the spectral e ciency of the simplied GCoMP-enabled NOMA
scheme with optimal transmission power allocation. Additionally, the performance of the
proposed GCoMP-enabled NOMA is compared with its OMA counterparts. The optimal
solution is obtained by solving the KKT conditions derived in Eqgs. C.1 ilAppendix D for
every channel realization and then selecting the set of feasible solutions (when transmission
power budget is adequate to ful ll all the constraints of the optimization problemP in

(4.15). The channel realization here is assumed to follow i.i.d. fading distribution with unity
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variance. For a given transmission power budget value, the overall spectral e ciency is
calculated by averaging the accumulated sum-rate produced from realizations with feasible
solutions for that power budget. Additionally, the minimum power rate for every UE is

considered as the achievable rate for the same UE using OMA with GCoMP.

Fig. 3.8 (a) shows the optimized spectral e ciency (sum-rate) versus the maximum
transmission power budget of GCoMP network layout with both multiple access schemes

(NOMA and OMA). As can be noticed, the sum-rate of the GCoMP-enabled NOMA scheme

Figure 3.8 Sum-rate versusP under optimal transmission power allocation.

with M = 2 and K = 3 is superior to that of GCoMP with OMA scheme. However,

the spectral e ciency enhancement decreases as the maximum transmission power budget

increases.

To study the performance of UEs individually, Fig. 3.8 (b) shows the spectral e ciency
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per UE under optimal transmission power allocation. Note that the UEs are ordered in an
ascending mode from the least norm UE to the highest norm UE. It can be noticed that a
UE with a higher norm always yields a larger spectral e ciency compared to the one with
a lower norm. This is because power allocation for NOMA is based on inverse water- lling
method until all UEs are provided with minimum rate requirements, and then water- lling
is utilized. In particular, we notice that, the smaller the power budget per AP, the larger is
the number of APs which apply power allocation to the cluster members for NOMA, and the
higher the power budget, the smaller is the number of APs which apply power allocation to

meet the requirements of NOMA (i.e, most of the APs then use the ordinary water- lling).

3.8 Conclusion

In this chapter, a novel generalized CoMP-enabled NOMA scheme has been proposed and
evaluated. In particular, the traditional joint-transmission CoMP scheme has been general-
ized to be applied for all UEs (i.e, cell-centre as well as cell-edge UESs) within the coverage
area of a wireless network. Furthermore, every base station has been assumed to apply a
multiuser NOMA scheme for all UEs associated to it. To evaluate the proposed scheme, the
closed-form expressions for the probability of outage and outage capacity per-UE with di er-
ent orders of BS cooperation have been derived. To reduce the complexity of the proposed
system, a low-complexity full order clustering protocol has been designed for the generalized
CoMP-enabled NOMA system where the optimal transmission power allocation method has
been obtained. Findings show that it is possible to deploy NOMA with a large number of
UEs per sub-band and tolerable complexity as long as the number of cooperating base sta-
tions is comparable to the number of NOMA UEs. One disadvantage of the proposed scheme
is that each UE may belong to di erent NOMA clusters that are run through di erent APs.
Despite its optimality, implementing the proposed protocol in practice requires signi cantly

high centralized hardware and computational complexity. In the following two chapters,
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we propose two di erent practical realization-friendly models for large-scale NOMA-enabled

cell-free networks.
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Chapter Four

Network-Centric AP Clustering: A DRL

Design

4.1 Introduction

In the existing literature, performance analysis of cell-free networks has focused only on the
derivation of an approximate mathematical limits of the per-UE transmission rate. This is
due to the fact that other important performance metrics such as the probability of outage
(or alternatively coverage probability) are signi cantly di cult to be derived in a closed-
form. Furthermore, for the cell-free networks, beamforming techniques (uplink decoding and
downlink precoding) were basically developed and tested for relatively small number of UEs
and APs. The reason is that computing the beamforming vectors for massive numbers of UEs
and APs using the conventional algorithms (such as bisection search and gradient descent)
gives rise to real-time implementation issues such as convergence time and computational
complexity. In Chapter 3 , we proposed a downlink variable-order UE-centric based cluster-
ing scheme that assign an optimized subset of UEs for each AP at which a multi-UEs NOMA
power allocation scheme is conducted resulting in every UE being simultaneously servea by

number of APs. The proposed scheme has decreased the lengths of the beamforming vectors
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for every NOMA cluster by a factor that is linearly proportional to clustering order.

In this chapter, we propose a novel (network-centric)-based dynamic cell-free network
architecture suitable for 6G networks with massive connectivity. For a fully centralized cell-
free network, we rst derive a closed-form expression of the per-UE probability of outage.
To reduce the complexity of joint processing of signals from all UEs in a centralized cell-free
network, we propose a dynamic clustering scheme for APs. For real-time implementation
of both dynamic AP clustering and uplink beamforming, we develop a deep reinforcement
learning (DRL) scheme, namely, the hybrid DDPG-DDQN scheme. The rest of this chap-
ter is organized as follows. The general system model and assumptions for the proposed
dynamic cell-free network is presented isection 4.2 . In Section 4.3, a closed-form ex-
pressions for the probability of outage of a static cell-free network and that of the proposed
dynamic cell-free network with random clustering are derived. li$ection 4.4 , we present
an SIC-aided signal detection scheme and a diversity combining scheme. Also, the joint opti-
mization problem of AP clustering and beamforming design for the dynamic cell-free model
is formulated in this section. InSection 4.5, we propose a novel hybrid DRL method that
jointly performs AP clustering and optimization of the beamforming vectors. Numerical and
simulation results are presented irSection 4.6 while the chapter is concluded inSection

4.7.

Notations: For a random variable (rv) X, Fx (x) and fx (x) represent cumulative distri-
bution function (CDF) and probability density function (PDF), respectively. P() and E[ ]
denote probability and expectation, respectively. For a given matriA 2 CM N AH repre-

sents the Hermitian transpose oA . A proper circularly symmetricrvZ = X +jY is denoted

x2

by Z s CN(0; ;) where the PDFs of X and Y are given respectively biy (x) = pzi—xeT{
y2

and fy(y) = pzi—yeﬁ while a Gamma rv is denoted byX s G(; ), with PDF as

fx(x)= X le X; x> 0,where > 0, > 0, and ( z) is the Euler Gamma function

and a PDF expression of Nakagam¥A rv is given by fy (x) = %e Hox?
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4.2 Cell-Free Network Architecture With Dynamic Clus-

tering

4.2.1 System Model and Assumptions

We consider an uplink network withM single-antenna APs andK single-antenna UEs at
xed locations within a certain coverage area (Fig. 4.1). All APs are connected to each
other through backhaul links to form a centralized cell-free network architecture [80]. This
network setup enables the distributed APs to collaborate simultaneously to serve all UEs
within the network coverage area. The network is equipped with a BBU pool (which is
referred to as CPU) that performs the last-stage processing tasks to detect/decode signals
from every UE. The channel state information (CSI), which will be required at the CPU for
signal detection for individual UEs, is assumed to be estimated by the CPU through training
the pilot sequences that are not completely orthogonal. Note that in this network setup,
the CSI and the instantaneous clustering information will be only required at the CPU for
decoding the signals from the UEs. In the proposed dynamic cell-free network, all tle APs

in the network are partitioned among a set oN subgroups (known as clusters) in which the
n-th cluster consists ofD,, APs suchthatl D, M (N 1). Note that whenN = M,

every cluster will contain a single AP and this falls back to the centralized cell-free network

a D,-antenna DAS that combines the overall received signals using a prede ned combining
technique (such as maximal ratio combining [MRC], equal gain combining [EGC], selection
combining [SC], etc.) [81]. We assume that channel gain between theh UE and the m,-th

antenna (the subscriptn denotes then-th cluster) follows the following distribution:

Omnk = Lmnanlq:nzkhmnk; (4.1)
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Figure 4.1 Example of a cell-free network with dynamic clustering (foM = 16
and N = 3).

whereLy k = jjdm,kJ] iS the Euclidean distance between th&-th UE and the m,-th an-
tenna in the n-th cluster (virtual AP), is the path-loss exponent with a value depends

mpnkZmnpk

on the propagation environment with 2,Fn k=107 1 is the log-normal shadow-

ing correlation factor with standard deviation ., x and z = b Y@k + P 1 %R, k, Wwhere
am.k S N (0;1) and b,,x s N (0;1) are independent and identically distributed (i.i.d) rvs
that represent the shadow fading e ect at thek-th UE and the m,-th antenna, respec-
tively, Here %is the transmitter-receiver shadow fading correlation coe cient [82] andhy,  «
is the small-scale channel fading between tHeth UE and the m,-th antenna at the n-th
cluster. Furthermore, we assume thahg (s follow independent but not identically dis-
tributed (i.n.d) Nakagami-M p, « distributions with spreading and shape parameterM ., «

and |k, respectively, i.e.jhm «j’s G( m.k; m.k), Where n x = M is the shape pa-

rameter and ., k = Mmak s the rate parameter. For simplicity of analysis, we assume that

mnk
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L.« @and Fm « 8 m;n and k are knowrt. Accordingly, we havejgm,«j?’s G( m.k; k)

2 2
where 9 | = mokbmgi = Mmokbmak | ot ys denote byC = C; @1 : Gy g the set of all possible

ank mnkank

clustering con gurations of APs such that every cluster contains at least one AP.

4.2.2 Uplink Network Training (CSI Acquisition)

Under the assumption thathnk and F, k are known, the aim of network training is to

estimate the small-scale fading from the overall channel gain. In order to achieve this, the

H

. such

CPU rst assign a pilot sequence to each active UE (denoted By, = " y1:::" «
that jj' «jj>=1, where , . is the length of the pilot training sequence [in samples], which
is less than or equal the channel coherence timg]) which in turn sends that sequence to
all APs with constant power. Accordingly, the received pilot vector at them, antenna of

the n-th DAS is given by
X

yp:mn - p ngn k' k + mn; (42)

k=1
where  is the normalized transmitted power for each symbol of th&-th UE pilot vector

and ., 2 Cr !isthe zero-mean complex additive white Gaussian noise (AWGN) vector
related to pilot symbols with i.i.d rvs, i.e. ., s CN(0;1=2). To nd the best estimate
of gm,k (denoted by O,k = LmnkF,fnzkﬁmnk) given the vector of observations/p,y, , we rst

project yp.m, in (4.2) over' | as follows:

— 1+ H
Yoma = k Ypima
X

—_ p_ p— v Ha 1 H . (4'3)
—l p{§gmn + p kOm,ko Kk kOt | m, -

—_— or .

Desired Value r =Lik%k {z }

Noise Value

Estimating gm,x from (4.3) can be optimally achieved by using the maximuna posteriori

decision rule (MAP). The Bayesian estimator of,, « is found to be identical to that of the

1The e ect of shadow fading correlation model will be investigated in more detail in the section on

numerical results later in this chapter.
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minimum mean square method (MMSE) [83, 84]. Furthermore, under the condition that
'«; 8k =1;:::;K can either be orthogonal or nonorthogonal, 'y ,.m, in (4.3) represents
a su cient statistics for optimal estimation of g,k (MMSE). Accordingly, the best estimate

of gm,k can be found by [37]

E Ymn kgmnk
E [iYm,«j?]

Under the assumption thatgy,, xS are proper i.n.d complex Gaussian rvs and that,, s are

gmnk = Ymnk = Emnkymnk: (4'4)

zero-mean i.i.d rvs, 8 n;m and k, the MMSE estimation constantE, « can be written as

_ 122 m,
p p kLmnkank mz :
Enik = —p - ; (4.5)

K 12 mp g Ho 241
p 1=t bmaiFm Tz I ok matJot1

where we use the fact thak [jhy, «j?] = :_,TE Note that, if all UEs assigned a set of mutually
orthogonal pilot sequences (i.ej' {'' 1j= 0; 8 k & |), the estimated small-scale channel
fading in (4.3) reduces to a scaled version of the exact fading gain plus a relatively small
AWGN noise portion. However, depending on the applications (e.g. mMTC applications)
and due to length limitations of j, non-orthogonal pilot signals have to be used among some

active UEs.

4.2.3 Uplink Data Transmission

In the proposed dynamic cell-free network, the composite of signals from all UEs is received
by each APs within the network. For thek-th UE, composite signal from them,-th antenna

is rst multiplied by a DAS parameter (denoted by G, k) and then the sum of signals from
all D, antennas of then-th cluster is then multiplied by a beamforming parameter (denoted
by wyk). This combining process is conducted such that the signal component related to the
k-th UE is maximized while the remaining interference plus noise component is minimized
and it takes place at the baseband level in the network CPU before the detected signal related

to the k-th UE is forwarded to its nal destination. Accordingly, the signal used to detect
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n #

X Rn X
Yk = Whk G,k gmn PiX + ~m,
n=1 mnp=1 =1 2
p X R X
=7 p kPkXk Wik EnakGmokOmak + Wik “p 1PX1Em, 1 Gmal
n=1 {mnzl n=1 mp=1 1;16k
| Z } \ {z }
Desired Signal Inter-User Interference 3
X p He X X P—— H
+ p “p vPkXkEm, k] v]Omav p uququan q ulOmau
T:l V6 k q:%;qe ku=1;u6q
2 non-orthogonal pilot-related estimation error
X p H X p__ H .
+ Gmnk pkE'T]nkaJ k mnj+ pZEngXZJ z an + R?P
n=1 mp=1 z=1;z6k
n {12 }  AWGN
AWGN-related estimation error
(4.6)
Puv .
— h— _ m:ljgmkj _ _ i . (4 7)
I(_|"|\/| Pk . 5 F . ‘5 F F . .2' ’ ’
m=1  i=1aekl®m)® T ive®v® Tt cigek umtweglOmul® T 1

the k-th UE component at CPU is given by (4.6) at the top of next page, where, is the
n-th element of the beamforming vector related to th&-th UE suchthat0  wpx 1, G,
is the DAS combining parameter of thek-th UE at the m,-th AP in the n-th cluster, py is
the uplink transmission power of thek-th UE such that 0 p«x Py, wherePy is the power
budget of thek-th UE, x, is the transmitted symbol of thek-th UE such that E[jxj?] = 1

and ~,, is the AWGN at the m,-th AP with ~,, s CN(0; 1=2). We assume that~, s are

from a set of i.i.d rvs.
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4.3 SINR Outage Performance

4.3.1 SINR Outage for a centralized Cell-Free Network

In this section, we will focus on studying the outage behaviour of centralized cell-free net-
works, i.e. withN = M and D, = 1;8 n = 1;:::;N. Note that for the centralized

cell-free network, there will be only one clustering con guration for APs which is given

with n = m and G,k = 1, 8 n;m, and k. The instantaneous signal-to-interference-

plus-noise ratio (SINR) at the input of the k-th UE detector is given by 4.7 at the top of

this page [85], wherggmnkj’s G ~mk; mk - 18mi%S G ~mi; T i&wi’S G ~mvi v

L2 .~ 2 .~ e ~ _ M mic _mk L2
]gqu s G mg: mq v JGmu)”S G mus mu with mk — |\/lmk1 mk — mkakWank pnk]pkE,%k

2
~nl = M | ~I — Mml_mkl-m| _ — M ~ - Mmk_mkl-rznv
’ m ml m mi Fmi Wﬁqk p IpIErgﬂ ) mv mv » mv mk Fmvs Wrznk b vpkE,%kJ' E. v]2
~ M mg _mk L& :
~mu = M = —— , with
’ mu mu » mu qumu Wrznk P upqu%qJ E| qu 1

hd XPp ) o
_mk — Wik Pk Bk kit
m=1 t=1 | #
X
+ pZEr%z' g;t +1
z=1,;z6k

Equation (4.7) is derived utilizing the fact that when both transmitter and receiver has
knowledge of the estimated CSI, channel fading parameters can be replaced by their actual
values instead of their second moments. for example, the numerator of (4.7) can be written
asE jGIW (xj?> = WHIR W, where Gy = [CyQix:::CmTp,k] » Wi = [Wiiiiwy],
Chk = p—p kPkEn, kGm,k and Ry = E jGE G«j? represent the auto-correlation matrix
of k-th UE signal and is de ned asR x = GkGE + Cg,, Where G and Cg, are the mean
and covariance matrices of5y, respectively. If the instantaneous CSI is known for both

transmitter and receiver, R ¢y can be then de ned asR = GkGE [85]. Using a similar

procedure, the interference power component of (4.7) can be proven. Additionally, the power

76



of AWGN component is derived utilizing the fact that all noise samples are i.i.d circularly
symmetric Gaussian rvs with zero-mean and constant variancg, = 2=1=2; 8 m;n. A
receiver is in an outage if the SINR of the received signal falls bellow a certain prede ned
threshold value (denoted by ). Theorem 3 below gives an accurate approximation for

the average probability of outage of the&k-th UE.

Theorem 3. If jgmka S G(~mk; “mk) jg'mlj2 S G(~mi; "mi) jgmuj2 S G(~mu; “mu)
and jgwj’s G(~mv; “mv) Wherejgmj? , i6nij? , j&muj® and jemyj? are independent rvs with
m=1;:::;M andk =1;:::;K. The probability of outage of thek-th UE in a centralized
cell-free network is

1 —_mk

_mk O

_mk —mk?© th —mk (_ mk t _mko)

~mk ¥ —mk 0 (4.8)
!

p) _

out

(_mk) (_mk9)  th-mk + -mko

. . . th —mk .
2F1 1’ _mk + _mk°1 l + _mk» ]
th -mk T —mko

where , is the SINR threshold value andF,(:) is the Gauss hypergeometric function func-

tion [86, Eq. 9.11.1]. «, -mk, _mko @and _mxo are de ned in Appendix A
Proof. SeeAppendix ?? .

To achieve the best performance in a centralized cell-free network, the beamforming
vectors for all UEs throughout all APs will need to be optimized at the CPU. This will
require huge processing and incur signi cant delay, especially when a very large number of

UEs are using the same time-frequency resources.

4.3.2 SINR Outage for a Dynamic Cell-Free Network

In a dynamic cell-free network,M APs will be divided into N clusters where each cluster

represents a virtual AP in a DAS. Furthermore, every possible AP clustering con guration
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N Dn . -2
fCjg _ _ _ h n=1 mn:ljgmnkj _ _ i
k - F | od i nd F | d F ) !
e SRR 0T I RN [ LR 1=t us gfGnnui? +1
n=1 mp=1 I=1;16 kJImnl v=1;v6 kJIMnV g=1;06 k u=1;ugglImMnu
(4.9)
Py Po, _~ 2 Py Po S
nzln mp  Mnk™ mnk o N=1 o mp=1 MK~ muk
_mpk N T D, ) -mpk N T D, — )
n=1 mn=1 Mnk™ muk n=1 mp=1 Mnk~ mpk
P, P, P P p i,
N Dn K mnl 4 K K “mpu 4 K ~mpv
.= n=1 mp=1 1=1;16k “mnl 0=1;96k u=1l;uéq “mnu v=1;v6 k “mnv ]
_mnpk% — ’
P N P Dn P K “mal P K P K “mpu 4 P K “mnv
n=1 mp=1 =116k ~2 g=1:;06 k u=1l;u6q ~2 v=1,v6k ~2
mnl mnpu mnpv
P N P Dn P K “mnl P K P K “mnpu + P K “mnpv
n=1 mp=1 1=1;16k ~2 0=1;96k u=1l;u6q ~2 v=1;v6k ~2
h mnl mnpu mnvi
-m k0O — P P P P P P
" PN P, Pk mp! K F K “npu 4 K “mav
n=1 mp=1 1=1;16 k “mnl o=1;06 k u=l;uéqg ~, v=1;v6 k “mnv

G will result in di erent values of SINR for UEs (denoted LC" 9). Following the same deriva-
tion steps used to derive (4.7), Lcjg of the k-th UE related to yx in (4.6) and under the
j-th AP clustering con guration can be expressed by 4.9 at the top of next page, where

jgmnkas G(~mnks “mak) jgmn|j28 G(~ma13 "mal) jgmnvjzs G(~m,v; “m,v) and jgmnujzs

~ H -~ M mnk _m kl-2 k
G(~my,u; with ~ =M = L ~ma1 = M
( MpUs mnu) mnk mpk 5 mpk mnkankWr%szmnk b kpkEr%nk v Tmpl Mmnl
~ - anl_mnkLﬁqm - = M ~ = anv_mnkl—rznnv
Mol mnIanIWEszmnk p IpIEr%n| ’ MnV MoV s MnV mnkaanﬁk Gﬁan p vpkEr%]nkjI E' vj2 ’
~ M m kL2 .
~m.u =M = niintmny ., with
Mnu Ml s Mnu manmnuwﬁkG,Znnk p uPqBZ gl §' ui? ’
mn I #
X 2 Rr 2 Xe 2 X 2
a— ] 1 .
_mpk = Wik Gh.k (O pPER i +1 o (4.10)
n=1 mp=1 t=1 I=1;16k

Generally, the performance of a dynamic cell-free network will depend on the clustering
algorithm that assigns APs to clusters.Corollary 4 below states the outage performance of
a dynamic cell-free network under aandom clustering schemeThis random AP clustering

refers to the case where the APs are allocated to di erent clusters randomly. That is, in

a cell-free network withM APs andN M clusters, APs are assigned to th&l clusters
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randomly such that every cluster contains at least one AP.

Note that when the APs are partitioned into clusters based on some other criterion (e.g.
based on relative channel gains of the UEs to the di erent APs), the distribution of the SINR

will need to be obtained by using the theory of order statistics [16].

Corollary 4. If jgmnkas G(~mpks “mak) jgmn|j2$ G(~m,153 "mal) » jgmnujzs G(~myus mnu)
and j&n,vi’s G(~m,v; Tm.v) Wherejem, «j? , j&m,1j » i8n,uj® and jgn, vj? are independent rvs

withn=1;:::;N, m, =1;:::;D, such thatl D , M (N 1) and fk;l;u;vg =

proposed dynamic cell-fee network under random AP clustering is identical to that given in

Theorem 1, with .k, -m.k» _m,k0% -m,ko de ned after (4.9) at the top of next page.

Proof. This follows due to the fact that equations (4.7) and (4.9) are only dier by the

scaling parameters of the rvs.

In order to be able to use the derived expressions of probability of outagéheorem
1 and Corollary 1 ), we will need the optimized beamforming vectors of all UEs obtained
for SIC-based signal detection and diversity combining of DAS signals. In the next section,
we propose a novel DRL-based design that nds an e cient clustering con guration and the
related beamforming matrix. The proposed design aims at either maximizing the instanta-
neous normalized sum rate or the instantaneous normalized minimum UE rate considering

an SIC-based signal detection and a DAS diversity combing scheme at the CPU.

4.4 Joint Clustering and Beamforming Design

This section formulates the general problem of jointly performing the clustering of APs and

designing the beamforming vectors. However, before presenting the problem formulation,
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1;ué qjgmn sz +1

(4.11)

K
u=

we describe the SIC technique for detection of the signals received by the CPU and also the

diversity technique to combine the signals from multiple DAS antennas.

4.4.1 SIC-Enabled Signal Detection

The main idea of power-domain SIC is to use power control such that signals from di erent
UEs have distinct power leves To detect signal from a certain UE, the SIC unit rst
detects signals of UEs with higher power levels, subtracts their contributions from the overall
received signal, and then detects the intended signal. Speci cally, for the proposed dynamic

cell-free network, when detecting the signal from th&-th UE, we rst arrange the received

Po,

. . . P . .
signal components from the UEs in an ascending order as?=l mnzljgmnljz

PN PDn . o PN PDn i i2. Th he b f i lated
n=1  mp=1)9mnkl n=1  mp=1J9mnk]° en, the beamforming vector relate

to the k-th UE (denoted bywy = [wi :: Wy ]) is found such that a certain objective function
of Lcj 9 8k =1:::::K is maximized, where LC" %in (4.9) is modi ed as (4.11) at the top of
next page, in whichjgm,«j’s G( m,k: mak) » JOma1i%8 G( mot; mat) » JGnavi®S Gl mavi mav)
and

. . . M L2

2 . — — Mmnk Mnkt-mpk —

s G nm with =Mn = f mal = M
JOm ) ( nus mnu) mnk nk sy mpk mnkankGﬁan o kpkEr%nk ) nl nl

2
—_ ank_mnkl—mnv

2
M mnl_mnkl—mn|

= =M = . .
! Mal mnIanIGrznnk p IpIE,%m ! MnV MnV MnV mnkanVGrznnk p vpkE,%nkJ' E' viz ?
=M = M mngmnkblhyu with
mnu MpU > Mpu manansznk p quEf%nqj' H' sz '
n ! #
X Rn ) Xp , X ,
mak = Wik Gk PEn Kk Kt t PEn e +1 (4.12)
n=1 mnp=1 t=1 I=1;16 k

2This is similar to traditional power-domain non-orthogonal multiple access (PD-NOMA).
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We can notice from (4.11) that the CSI estimation error contains portions from all UEs
including those with higher power levels than that of thek-th UE. This is because, the SIC

operation is also a ected by channel estimation errors [87].

4.4.2 Diversity Combining Scheme

Several diversity combining techniques can be used at multi-antenna receivers to combat
multipath fading. However, MRC and SC are the most common diversity combining tech-
niques [81]. In this work, we propose the use of a modi ed version\Wiener-Hopf multiple
antennas combining scheme under the existence of co-channel interference [88]. Accordingly,
the gain factorGx =[Gy, k :::Gm,k::: Gan]H that is used in combining signals at then-th

virtual AP for the purpose of detection of thek-th UE signal is de ned as [88]
Gnk = R\ 0nk; (4.13)

_ P« p_ _ _ . H o . H
where Ry = Cov  Zig POn*+ =0 5 On = [B:0000] s and ~ = [~ 100, ]
Furthermore, the covariance matrixR x conditioned on instantaneous CSI can be written

as
X H
Rk = PO G + T (4.14)
I=1;I6k
where ~,, 2 CPn D n is a diagonal matrix with m,,-th diagonal element given by, = ~2 =2.

mp

Note that, when K =1, we haveGn, « = 28n,k=m, Which is identical to the MRC scheme

that represents the optimal combining scheme under no IUI. Additionally, note that we use
the estimated values of CS@,, x without considering the CSI estimation error. Several works
in the literature investigated on optimal combining under imperfect CSI estimation [89, 90].

For brevity, we do not consider this in this chapter.
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4.4.3 Optimization Problem Formulation

AP clustering and beamforming should be performed jointly in order to achieve the best
possible performance. For this, a general optimization problem can be formulated and solved
that jointly nds the optimal cluster set and the corresponding beamforming vectors given
an objective functior?. Accordingly, the general problem of AP clustering and beamforming

design can be formulated as

X fCj g

P,: max log, 1+ ”

j2[L: ( MNDLw 2[0 1Y ¢ k=1
Subject to:

!

X X
Cy: Wy Wa  me P )

n=1 i= +1
Co:jiwii®  1;
8k;8 =1;:::;1 landl=2;:::5K;

where ( M; N) is the maximum number of possible AP clustering con gurations which is
a function of M and N (see Sec. 4.4.4)V 2 [0 1] ¥ is the beamforming matrix in which

the k-th column is used in detecting the received signal component related to tketh UE,

2I["G—m”'jgmMjZ , Wi = [Wyk @i :wy k] and Lcjg is given by (4.11). The constraintsC,

-2
mn

P
refer to the set of |5, (I 1) = &1 conditions required for successful SIC operation

mpl —

with receiver sensitivity of Ps. For maximizing the instantaneous minimum normalized rate,
the objective function of problemP; in (4.15) will be replaced by rpinlog2 1+ Lcjg and
the maximization will be with respect to the k-th column of W . Note that the receiver
deals only with measured channel values (estimated) which include the estimation error as
well as the AWGN part. However, the achieved SINR value after the SIC procedure will

be decreased by pilot contamination components (as can be noticed from Eq. (4.11) where

3In this chapter, the system performance is evaluated for two objective functions: (i) instantaneous
normalized sum rate or instantaneous spectral e ciency and (ii) instantaneous normalized minimum per-UE

rate.
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pilot contamination of signalsl1 through k 1 was not removed by the SIC process). To
optimally solve P, in (4.15), we need to simultaneously solve fof and W . Speci cally,

for every possible clustering con guration, there is a related optimal beamforming vector
that maximizes the objective function. The globally optimal solution is the one that gives
the best performance among all clustering con gurations and the corresponding optimized

beamforming vectors V).

4.4.4 Complexity Analysis

to decode its transmitted signal at the CPU. With a speci ed precision, the beamforming
vectors can be obtained by an exhaustive search in whiah, 2 [0 1]; 8 m;k is partitioned
into a set of possible values separated by a certain step size Accordingly, the optimiza-
tion problem related to nding optimal values of beamforming vectors of all UEs will have a

complexity of O 1 M*K When the cell-free network is clustered intlN M clusters,

optimization of the beamforming vectors will have a complexity 0® 1 K

resulting

in a reduction of complexity ofO((+)™ N ). Clustering of APs will need to be performed in

a time-slot basis based on the instantaneous CSI in the network. For the proposed dynamic
cell-free network withM APs and N clusters, there will be ( M;N) = N!S(M; N) pos-
sible con gurations for AP clusters, whereS (M; N ) is the Stirling number, which can be

calculated by [91]
X

1 i N .
SMiN)= &7 ( 1) G M (4.16)
" i=0
Accordingly, solving ProblemP; by an exhaustive search will require us going through all
possible AP clustering con gurations for every given CSI. Therefore, for practical implemen-

tation of a dynamic cell-free network, we design a novel deep reinforcement learning (DRL)

system based on hybrid DDPG-DDQN model to jointly generate the clustering con gura-
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tion and the beamforming vectors with an objective to solving the optimization problem in
(4.15).

To illustrate the complexity reduction due to dynamic clustering, let us consider an example
with M =8, N =3 and any arbitrary number of UESK, one possible AP clustering is

m2 =1
G = ff| A}IID{; ;AP{%;APg,;AP7?;[§FZ>E?;[AP3;A{FZ>6;AP8?Q:

Dnp=1 =4 Dpn=2 =1 Dp=3 =3

For this example, Fig. 4.2 illustrates the reduction in computational complexity for optimiz-
ing the beamforming vectors at the CPU. Here the size of each of the beamforming vectors
reduces from 8 to 3. Accordingly, for a precision of=0 :01, the complexity reduction is of

0 (10%9).

Figure 4.2 Complexity reduction for beamforming optimization in a cell-free net-
work (with M =8 and N = 3): (a) Centralized scenario, (b) Dynamic clustering
scenario.
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4.5 DRL-Based AP Clustering and Beamforming Design

In this section, we introduce a novel DRL model that solves the general optimization problem
(i.e. problem P, in (4.15) of jointly optimizing the AP clustering and the beamforming

vectors for the UEs.

45.1 Theoretical Preliminaries

The concept of reinforcement learning (RL) refers to the learning process of an agent inter-
acting with its environment after receiving certain observations. The environment provides
a reward to the agent for every interaction and the RL agent aims to select the right action
for the next interaction in order to maximize the discounted reward over a time horizon.
This problem can be formulated as aMarkov decision proces{MDP). An MDP is a tuple
(S, A, P, R, ), where S represents aK -dimensional (with each state at timet denoted
by si), A is the action space that contains a nite set of actions from which the agent can
chooseP : S A S [0, 1] is a transition probability in which P(s;a;s% de nes the
probability of observing state s° after executing actiona in the states, R : S A! R

is the expected reward after being in stats and taking actiona, and 2 [0;1) is the dis-
count factor. To solve the MDP, RL algorithms have been developed to learn and nd a
discrete value function or a policy". Such a discretization can lead to lack of generalization
and signi cantly increase the problem dimensionality. Therefore, DRL algorithms based on

function approximation by deep neural networks (DNNs) have been proposed.

DRL algorithms can be classi ed into three types: (i)value-basedmethods such as
deep Q-learning (DQL) and SARSA which only learn the so-called value function to nd
a policy, (ii) policy-basedmethods which learn the policy directly by following the gradient
with respect to the policy, and (iii) actor-critic methods which are a hybrid of the value-based

for the critic and policy-based methods for the actor.

85



The standard DQL method is the most popular algorithm in the literature due to the
availability of a mature theory. For an agent with parameters ? at time t, after its takes
action & in state s; and observes the immediate reward,.; with the resulting state s;+1,

the DQL update equation is:

Qsial ¢1)= Q(sial )+ rw+ maxQ(swaid’ ) Qsuad )

. o 4.17
= Q(siaj )+ reat maxQ(sus;argmaxQ(sua;a’ 0)j 1) @17

a

Qs aj o) ;

where is the learning rate. Computing the term rgoax Q(st+1; argaronaxQ(sHl s alj tQ)j tQ)
introduces a systematic overestimation of the Q-values during the learning that is accentu-
ated by the use of bootstrapping, i.e. learning estimates from estimates. The Q-learning
update in (4.17) uses the same Q-networ®(s; aj tQ) both to select and to evaluate an ac-
tion. After highlighting the overestimation bias in experiments across di erent Atari game
environments, Hasselt et al. [71] decoupled the action selection and evaluation by introduc-
ing two deep Q-networks, aQ network and a target network Q° with di erent parameters

Q and <°, respectively, to avoid the maximization bias. TheQ® network is used for action

selection while theQ network is used for action evaluation. This is known adeep double

Q-learning algorithm (DDQL). The DDQL update equation can be expressed as:

Q(s;aj 2,)=Q(siaj D+ g+ maxQ(swy;argmaxQisui;a% )j Q)
a0 a0 (4.18)
Qsuaj o)

The parameters Q° of the Q°network periodically hard-copy the parameters® of Q network

after to time steps using the Polyak averaging method with parameter 2 [0; 1]:
0 0
=0 )&+ X (4.19)
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DDQL shows a better performance than standard DQL [71]; however, due to the dis-
cretization requirements of the DNN outputs (the action spaceé\), it results in a huge
expansion of the action space dimensionality when used in the optimization of an objective
function of continuous dependent variables.This dimensionality issue makes it unattrac-
tive for solving the beamforming problem under massive number of UEs and ARswever,
it is a relevant candidate for the clustering problem of the APs since it avoids the need
for the exhaustive search method. This motivates the utilization of the DDPG" policy in

beamforming design problem.

DDPG belongs to the class of actor-critic algorithms. It concurrently learns a Q-function
network approximation Q(s;aj ?) called the critic, and a policy network approximation

(sj ) called the actor. The Q-function network is trained using the Bellman equation, while
the policy network is learnt using the Q-function. Unlike the DQL policies which output
the probability distribution (ajs) across a discrete action spack, the policy network of
DDPG directly maps states to actions. Speci cally, at every time stef, it maximizes its

loss function de ned as:
J()=E Q(s;a)jS=si;a= (as) (4.20)
and updates its weights by following the gradient of (4.20):
rdJ () r Q(s;ar (s ): (4.21)

This update rule represents the deterministic policy gradient (DPG) theorem, rigorously
proved by Silver et al. in the supplementary material of [72]. The term ,Q(s; a) is obtained
from a Q-network Q(s; aj ) called the critic by backpropagating its output w.r.t. the action
input (sj ). When the number of actions is very large, this actor-critic training procedure

solves the intractability problem of DQN [73] by using the following approximation:

maxQ(s;a)  Q(sig 9ja= (5 )’ (4.22)
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Similar to DQN, two tricks are employed to stabilize the training of the DDPG actor-critic
architecture, namely, 1) the experience replay bu el to train the critic, and 2) target
networks for both the actor and the critic which are updated using the Polyak averaging in
the same way as in (4.19). Now that we have provided a brief DRL background on the two
methods used by our proposed algorithm (DDQL and DDPG), a detailed description of the
proposed DRL-based AP clustering and beamforming design for a dynamic cell-free network

will be presented in the following subsection.

4.5.2 Agent Design for AP Clustering and Beamforming

Our goal is to design a DRL system that jointly optimizes the clustering of APs and the
beamforming vectors given a certain CSl matri¥xd =[@::::8«x]. In this context, we develop

a hybrid DDPG-DDQL DRL system that simultaneously learns the best clustering subsets-
beamforming vector pairs given a certain CSI matrixd (or any other metric related to
H). Fig. 4.3 shows a schematic block diagram of the developed hybrid DDPG-DDQL
DRL scheme. For a certain AP clustering con guration, we opt for the actor-critic DDPG
algorithm [92] to nd the optimized beamforming vector! = ReshapgW ), where! 2
RNK 1Tandw 2 RN K. Note that all elements of! are continuous within the range[0 1]
which motivates us to use the DDPG learning algorithm that has the property of dealing
with continuous action space rather than discrete action space with probabilistic outcomes.
For the AP clustering problem, we use the well-known DDQL algorithm [71] to nd the best
AP clustering con guration since the possible number of clustering con gurations is nite

and the index of each possible con guration is integer.

As shown in Fig. 4.3, the two algorithms interact with a simulated cell-free network
environment to solve the optimization problemP; in (4.15). The design of the cell-free
network environment involves the speci cation of the environment states and the de ni-

tion of immediate reward functionr required by the DRL algorithms to approximate the
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Figure 4.3 Hybrid DDPG-DDQL model for AP clustering and uplink beamforming
design.

policies and the Q-values. The state of the environment is a vector of the SINR values of
UESs, where the states, of the k-th UE is chosen to be the SINR value lf(C"g which varies
as a function of the instantaneous CSI matrix. Under this setup, the action space is the
pair of actionsa = (a%a%) = (! ;G). The vector! represents the continuous action of the
DDPG algorithm and the discrete clustering con gurationG is the output of the DDQL
algorithm. The superscriptsb and c refer to beamformindg' and clustering”, respectively.
After receiving the environment states, the DDPG algorithm outputs the action a® = !

and the DDQL outputs the action a° representing the partition G. Table 5.2 summarizes

the environment design by specifying the additional problem parameterdlote that, when

the number of clusters equals to the total number of APN (= M), the network will reduce
the DDPG model will be required to optimize the beamforming vectord ().

Our TensorFlow/Keras implementation of the actor and critic networks (including the cor-

responding target networks) have two hidden layers of 256 and 128 neurons, respectively.
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Table 4.1 DRL agent design

Environment Variables System Equivalence
States = fs;;:::; 0 ff;"'; }fg
Rewardr ey log 1+
Action A @;a%)=(!;G)
G j -th clustering con guration
K Number of active UEs

The DDQN networks have two fully-connected layers of 64 neurons followed with an activa-
tion function relu in each, and a nal linear fully-connected layer. We use a discount factor
= 0:99 a learning rate =5 10 ° a Polyak averaging parameter = 10 3, and an

experience replay bu er of sizeR = 20000. The critic optimizer is Adam with its default
hyper-parameters ; =0:9and , =0:999 We train all the networks on 2500 episodes, with

500 time step each.

The o ine time-complexity of training a fully connected network is dominated by the
matrix multiplications during forward and backward passes. For any given layar, let m;,
n;, and b denote the size of the input, the output and the batch. Assuming a®(n®) matrix
multiplication algorithm, the complexity of forward and backward passes is ol?  O(m; n; b).
The order of time-complexity of online inference ig  O(m; n;) sinceb= 1 for the RL setting.
The o ine space-complexity is linear in the number of the input neurons only since the size

of the hidden layers is constant.

4.5.3 Description of the Hybrid DDPG-DDQL Algorithm

For the centralized cell-free network, only the DDPG algorithm is trained. However, for the

dynamic cell-free network, both the DDPG and DDQL networks are trained.
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~ DDPG network:

The actor network (sj ) maps the SINR values of UEs to the beamforming
matrix ! . The output of the network is @, i.e. a at list of all the elements of

I 2 10; 1]
The target actor network Ysj °): time-delayed copy of the actor network (sj ).

The critic network Q(s;a% ): maps the SINR values and the output action of

(sj ) to their corresponding Q-value.

The target critic network QYs; a?% 2°): time-delayed copy of the critic network
Q(s:;a% ).

" DDQL network:

The Q.-network Q¢(s;a%j °°) maps the SINR values of UEs to the the Q-values

of the state and all the clustering partitions.

The targetQ.-network Q9(s; a% <°): time-delayed copy of theQ.-network Q(s; a%j ).

We describe all of the training steps of our algorithm irAlgorithm 3 . We start by
initializing all neural networks and their targets for the beamforming and clustering problems
as well as a replay bu erR (lines 1 5). For every episode, we initialize the environment with
N access points and UEs by setting the initial state so to a random vector of SINR values
of sizeK (line 7). At every time stept of the episode, the DDQL and DDPG agents pick
an action a and a?, respectively (lines 910). The combined actiors, = (a% &) is sent
to the cell-free network environment which will transit to a new states;,;, and this new
state will be returned together with the immediate reward (lines 11 12). After storing the
transition tuple (si;a;r¢;Si+1) in the replay buer R (line 13), we randomly sample from
the experience replay bu erN transitions to train the DDPG and DDQL networks (line 17).

We start the DDPG training in line (16) by computing the temporal-di erence (TD) target
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for the Q-network Q(s; aj Q) using the target Q-networkQYs; aj 2°). We update the critic
Q(s;aj Q) parameters @ in line 17 using the gradient of the MSE of the loss function of the
TD target and the output of the critic. The update of the actor parameters uses the Monte
Carlo approximation of gradient in line 4.21. The target critic and target policy networks are
updated slowly everyP iterations (lines 19). Finally, we update the parameters®: of the
DDQL Q-network using the Bellman equation in line (21) after selecting the action using the
target Q-network QY(s; aj Q%) in line 20. Similar to the DDPG target network, we update

in line 21 the DDQL target Q-network everyP iterations. Note that the DRL model can be

However, the power control information will then need to be transmitted to the UEs.

4.6 Numerical Results and Discussions

This section contains a detailed simulations of the proposed scheme and the derived expres-

sions along with insights and technical notes.

4.6.1 Parameters and Assumptions

Table 4.2 Simulation parameters

Parameter Value
AWGN PSD per UE 169dBm/Hz
Path-loss exponent, 2
Nakagami fading parameters(M ; ) (1;1)
Training sequence length, , K Samples
Pilot transmission power, 100mw, 8 k
SIC sensitivity, P 1dBm

92



Algorithm 3  Hybrid DDPG-DDQL algorithm for uplink beamforming and clustering

1: Randomly initialize the critic Q(s;aj ?) and the actor (sj ) with weights © and
2: Initialize target network Q®and °with weights: ° Qand °
3: Randomly initialize the Qc-network Qc(s;aj )

4: Initialize the target network QJ(s;aj 2¢) with weights: Q¢ Qe

5: Initialize replay bu er R

9: Select the beamforming actiona® = (st )

10: Select the clustering actionaf = arg max c Q¢ (St; a%

11: De ne a; = (aP; af)

12: Execute action a; and observe rewardr; and observe new states;+
13: Store transition (s¢;a¢;rt;St+1) in R
14: Sample a random mini-batch ofL transitions (sj; a;;ri;Sj+1) from R
15: Get aP and af from a

. Training the DDPG networks

16: Compute the TD target i = ri + Q0 siz1; © sisj © j
=]
17: Update the critic Q(s;aj ?) by minimizing the loss: L = 1" ; yi Q sj;afj @
Update the actor policy (sj ) using a Monte-Carlo approximation of (4.21):
18 r J 1 P r raj @ r '
: T iraQ sia ¥ oogas (o) 1) g

Update the DDPG target networks Q%and Cif mod(t;P)=0:

0

19: Q° A+ )YQ  and +@1 )
. Training the DDQL networks
20: selecta = argmax,Q? sis1;aj @
Update the Q. using:
21: Qc(sizafi ) Qe(si;aff )+  ri+ Q¢ siw;aj @ Qclsiiafj )
Update the DDQL target networks Q2 if mod(t;P)=0: Q Qi1 ) A
22: end for
23: end for
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Table 4.2 presents the main system parameters used to obtain simulation and analyt-
ical results. To simplify simulation and analysis and to concentrate on the most insightful
conclusions, we establish some operating assumptions related to channel training and CSI
fading models. Additionally, we assume that all channel fading gairts,  are i.i.d rvs with
Mmnk=M =1and ,,x= =1 . Similarly, we assume that all AWGN values belong to a
set of i.i.d rvs with PSD ,,=2 = 169dBm/Hz. For large-scale fading, we assume that all
APs and UEs are uniformly distributed over a disc of radius 18 m (corresponding to a net-
work total coverage area olkm?. Furthermore, to benchmark the proposed DRL scheme, we
simulate the proposed system model usingatlab and utilize the fmincon" function. This
function solves optimization problems with continuous and di erentiable multi-dimensional
objective functions using the bisection method for higher dimensions P]. Note that the
bisection method is guaranteed to converge to one of the minimum values that lies within

the selected initial interval that can be either a local or a global minimum.

4.6.2 Accuracy of Welch-Satterthwaite Approximation

We check the accuracy diVelch-Satterthwaiteapproximation of sum of gamma rvs (Fig. 4.4).
It can be noticed from Fig. 4.4 that a satisfactory accuracy for the sum of non-identically
distributed (di erent ) gamma rvs can be achieved bWWelch-Satterthwaiteapproximation
for small, medium, and high numbers of random variables. This justi es the use @¥elch-
Satterthwaite approximation instead the central limit theorem which requires a relatively

large number of rvs.

4.6.3 Shadowing Correlation and Channel Estimation Error

Here, we investigate the e ect of two important factors that a ect the performance of cell-free

networks, namely, (a) correlated shadow fading and (b) estimation error resulting from non-
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Figure 4.4 An illustrative example of Welch-Satterthwaiteapproximation with dif-
ferent number of rvs K).

orthogonal pilots. Fig. 4.5(a) shows the e ect of transmitter-receiver shadowing correlation
under di erent shadow fading variance .k = sn; 8 m;n and k. It can be noticed from
this gure that when g, is relatively large (8 dB), the e ect of shadow fading correlation is
relatively small and does not appear for large number of APs (within the regiod  17).

On the other hand, when gis relatively small (4 dB), the e ect of shadow fading correlation
on per-UE transmission rate becomes more signi cant and occurs even for small to moderate

number of APs (within the regionM  12).

Fig. 4.5(b) shows the e ect of non-orthogonal pilot sequences on the instantaneous per-
UE transmission rate under random pilot assignment scheme. It can be noticed from this
gure that the per-UE transmission rate decreases as the number of non-orthogonal pilots
reduces, with severe performance degradation occurring when the number of non-orthogonal
pilots drops bellowK=2. This is because every UE will have to deal with more than one
non-orthogonal pilot component assigned for other active UEs. Beside, it can be noticed

that for large number of non-orthogonal pilot signals (such as, K=2), no noticeable
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Figure 4.5 E ect of: (a) correlated shadowing and (b) non-orthogonal pilots.

enhancement in per-UE performance can be achieved by increasing the number of APs.

4.6.4 Outage Performance

This section discusses the outage performance of cell-free network in a massive communica-
tion regime. Each simulation value is obtained vi2 1 Monte-Carlo simulation runs. In

Fig. 4.6(a), we evaluate the outage probability for a UE in a centralized cell-free network
under di erent values of K. Fig. 4.6(a) shows that an excellent outage performance can
be achieved when the number of APsSM ) is much grater than the number of UESK, i.e.

M >> K . However, whenK becomes comparable td1, the outage performance deterio-
rates signi cantly with almost total blockage atK ~ 0:5M . Note that this gure is produced
assuming no precoding scheme, i.&n = ¢;8m; k. A better performance can be achieved

by rst solving problem P; to obtain W and then substituting W into (4.8).
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Figure 4.6 UE performance: (a) Probability of outage, (b) Transmission rate per
UE.

4.6.5 Performance of DRL Model

In this section, we study the performance of using the proposed DRL model in solving
problem P;. Fig. 4.6(b) shows the per-UE transmission rate in the cell-free network with
the proposed DRL method. We can notice that the performance reaches a certain level after
around 500training episodes and then stays around that level. Compared with the max-min

objective, we notice a signi cant performance gain with the max-sum objective. This is due

denoting the index of the UE with minimum achievable rate, that is found from previous

iterations.

To evaluate the performance of the proposed dynamic cell-free network with SIC de-
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tection, Fig. 4.7(a) shows the per-UE transmission rate for both centralized and dynamic
cell-free networks. It can be noticed that utilizing SIC at the receiver side signi cantly com-
pensates for the performance loss caused by clustering of the APs. Note that the per-UE
transmission rate achieved without SIC in presence of AP clustering is signi cantly lower

than that in a centralized cell-free network.

Additionally, in Fig. 4.7(b), we compare the performance of the proposed DRL-based

solution approach compared to traditional methods. We can notice that DRL can achieve

Figure 4.7 Per-UE transmission rate: (a) with SIC, (b) optimal vs. DRL.

per UE transmission rate of around/8% of that with conventional bisection method. This
performance degradation comes with a remarkable decrease in the computational complexity.
With the proposed DRL-based design, the beamforming vectors can be obtained in an online

manner for practical implementation of non-orthogonal multiple access in cell-free networks.

Figs. 4.8(a) and (b) evaluate the convergence rate of the proposed DRL algorithm for

two di erent network setups. Speci cally, we plot the absolute value of the di erence between
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the normalized rate values generated by the DRL model and that by the bisection method

(using the Matlab optimization toolkit). It can be noticed that the proposed DRL model

Figure 4.8 DRL convergence rate: (a) Medium-scale scenario, (b) large-scale sce-
nario.

shows a better convergence rate than the bisection method under medium-scale scenario with
M = 150 and K =50 (in Fig. 4.8(a)) when compared to that of large-scale scenario with
M =200 andK =60 (in Fig. 4.8(b)). However, the proposed DRL model under large-scale
scenario is found to achieve a better performance by achieving an approximate9@®b of

the normalized rate achieved by search method compared to ornig% under medium-scale

scenario.

Finally, to evaluate the performance of the cell-free network under di erent values of per-
UE transmission power at the large-scale regime, Fig. 4.9 illustrates the variation in per-UE
transmission rate in a centralized large-scale cell-free network for di erent transmit power
values. It can be noticed that rate enhancement becomes smaller when the transmission

power is increased in a highP regime (e.g. fromP =37 dBm to P = 50 dBm). However,
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Figure 4.9 Per-UE transmission rate vs.P.

a good rate enhancement still can be achieved whénis changed from a relatively small
value to a signi cantly larger value (e.g. fromP =20 dBmto P =37 or P =50 dBm). In

addition, the DRL model is found to show a faster convergence with largeér.

4.7 Conclusion

We have rst derived closed-form expressions for the probability of outage for an uplink UE in
a centralized cell-free network. Next, we have proposed a novel dynamic cell-free network in
which, for detection of uplink signals from each UE, the distributed APs are partitioned into

a set of subgroups with each subgroup acting as a virtual AP in a distributed antenna system
(DAS). Such a clustering is performed based on the current channel state information (CSI)
among the APs and all UEs within the network coverage area. The dynamic cell-free network
model can reduce the complexity of joint signal processing. For the dynamic cell-free model,

we have formulated the general optimization problem of clustering the APs and designing
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the beamforming vectors. To solve this optimization problem, we have proposed a hybrid
deep deterministic policy gradients (DDPG)-double deep Q-network(DDQN) scheme that
jointly selects the optimal network clustering scheme with its optimal beamforming vector
values. Possible extensions of this work would include the design and evaluation of more
comprehensive DRL models that jointly estimate CSI, select the best clustering con guration
for APs, and optimize di erent beamforming vectors. Also, benchmarking di erent DRL-
based algorithms for optimizing resource allocation in di erent cell-free network architectures
will be valuable for designing future-generation ultra-dense and distributed cell-free wireless

networks.
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Chapter Five

Self-Organizing mmwWave MIMO
Cell-Free Network: A Hierarchical DRL

Design

we have investigated the utilization of dynamic cell allocation over centralized cell-free net-
works. We also showed that how decreasing the number of APs by allocating them into
subgroups of DAS systems has signi cantly decreased the processing complexity and con-
vergence rate required to decode UEs signals. However, fully connected cell-free network
requires that every AP to be aware of all active UEs within the network coverage area.
Such a requirements poses some sort of redundancy since, in massive cell-free network with
varying environments, some links between APs and UEs may su ers from severe link degra-
dation and still be treated as viable links and processed accordingly. In thi@hapter , we
propose a variable order AP clustering scheme that allows a variable number of APs within

the network to serve each UE based on instantaneous CSI of the network.
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5.1 Introduction

5.1.1 Background and Related Work

Cell-free (or cell-less) network architectures are envisioned to increased coverage and trans-
mission rates in future generation wireless systems [37]. In a cell-free wireless network, a
large number of UEs in a geographical area will be served simultaneously by a large number
of distributed access points (APs) based on non-orthogonal multiple access. The distributed
APs in a cell-free system coordinate/cooperate with each other through a centralized process-
ing pool [10] for estimating CSI [23,40], uplink (downlink) decoding (beamforming) [41 43],
and improving transmission performance [10, 16,48]. The majority of the works on cell-free
systems in the literature tackle the following major technical challenges: i) pilot contami-
nation, ii) high computational and hardware complexity of centralized processing, and iii)
tra c/signaling overhead. For instance, in [40], the authors designed a joint uplink/downlink
pilot training scheme that uses orthogonal subsets of pilots in the downlink instead of using
channel reciprocity concept. In [50], the authors developed a semi-blind channel estimation
of uplink cell-free massive MIMO network utilizing an enhanced -means clustering algo-
rithm. In [41], the authors proposed a downlink conjugate beamforming and zero-forcing
(ZF) precoding scheme for a fully centralized downlink cell-free network. It was shown that
the ZF technique outperforms the conjugate beamforming method at the expense of increased
computational complexity. However, when the number of UEs and/or APs increases, the
complexity of using ZF beamforming increases signi cantly due to the requirement of matrix
inversion. Accordingly, in [43], a modi ed conjugate beamforming technique was proposed
that uses CSI coordination among the distributed APs. Di erent machine learning (ML)
techniques were used for CSI estimation [23] and beamforming [10] in cell-free networks. For
instance, the authors in [23] developed a channel estimation technique for millimeter wave

(mmWave)-enabled massive cell-free network using a supervised learning-based denoising
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convolutional neural network. The authors in [10] formulated and solved a joint problem for

AP clustering and uplink beamforming in a massive cell-free network using DRL techniques.

To reduce the complexity of centralized data processing in a cell-free network, the au-
thors in [16] proposed a UE-centric partitioning methotl The proposed method also uses
multi-level SIC at each receiver. Another low-complexity design for cell-free networks was
proposed in [10]. The core idea is to reduce the dimensionality of beamforming matrices by
dynamic clustering of APs. Each cluster then represents a single multi-antenna AP.

All of the aforementioned low-complexity design, however, sacri ce the performance gain of
centralized processing. The complexity of solving the beamforming problem in a central-
ized manner (e.g. to obtain the beamforming vectors at a centralized processing unit) can
however be reduced by using a distributed learning and/or processing approach while the
detection of the transmitted data is still performed at the central unit. Such a solution has

been recently investigated in [25,56]. Speci cally, in [25], the authors utilized supervised
learning to solve the beamforming problem in a cell-free network by using a neural network
optimizer in each AP. Every AP then obtains the local CSI by estimating only the large-scale

fading while considering the small-scale fading as a constant.

Along with cell-free network architectures, mmWave transmissions can be used to im-
prove network capacity [19,59]. Interestingly, cell-free networks were found to provide an
e cient solution for the poor scattering and high path-loss problem of mmWave transmis-
sions [59]. Due to the propagation issues related to mmWave channels, massive multiple-
input multiple-output (MIMO) systems are usually used for mmwWave-supported UEs [61].
A mmWave and MIMO-based cell-free network, however, requires very signi cant amount
of computational capabilities at the central unit, especially when the number of UEs within

the network increases.

1We use the terms clustering and partitioning interchangeably.
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5.1.2 Motivation and Contributions

For a cell-free network, the complexity of solving the beamforming problem in a central-
ized manner can be reduced by partitioning the network into a group of cell-free subnet-
works, each with independent set of APs and UEs. However, xed partitioning will not
be performance-e cient under fast-varying channel conditions and varying number of UEs
per unit area. Therefore, dynamic partitioning into subnetworks based on current network
and channel status will be desirable, and for practical feasibility, low-complexity solutions
will be required. This motivates us to design a novel mmWave MIMO cell-free network ar-
chitecture based on dynamic partitioning (or clustering) along with a hybrid analog-digital
downlink beamforming method by using DRL techniques. The proposed design provides us

with e cient and implementation-friendly solutions.

The main contributions of this chapter can be summarized as follows:

" For a mmWave MIMO cell-free network, we design a self-organizing network architec-
ture that dynamically partitions the network into a group of subnetworks, each acting

as an independent cell-free architecture.

To simultaneously mitigate inter-subnetwork interference (ISNI) and IUI while maxi-
mizing the per-UE transmission rate, we develop an innovative hybrid analog beamsteering-

digital beamforming method for the proposed mmwWave MIMO cell-free network.

The problem of joint network partitioning, analog beamsteering, and digital beamform-
ing is solved through a novel DRL-cum-convex optimization model. Speci cally, the
model consists of two interacting networks: i) one DRL model with discrete-action sub-
space for UE and AP clustering, ii) and another DRL model with continuous-action
subspace used for analog beamsteering, the rst step of the proposed hybrid beam-
forming method. The second step of digital beamforming is formulated and solved as

a convex optimization problem within the environment of the DRL agent for analog
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beamsteering.

For network partitioning and beamforming, we benchmark several DRL algorithms and

evaluate their performances under di erent system parameters.

Table 5.1 presents the de nitions of major system model parameters. The rest of the chapter
is organized as follows.Sec. Il presents the proposed dynamic mmWave MIMO cell-free
network architecture and the related modeling assumptions. Also, the general problem
formulation to design the proposed system (e.g. clustering and beamforming design) is
presented in this section. Sec. Il presents the beamforming scheme developed for the
proposed system. The hierarchical DRL model for joint clustering and beamforming is
presented inSec. IV. In Sec. V, the complexity analysis of the proposed models and

algorithms is presented.Sec. VI present the simulation results.Sec. VII concludes the

chapter.
Table 5.1 De nitions of major system model parameters
Parameter De nition Parameter De nition
eAP Enhanced Access Point N Number of possible subnetwork (or cluster) con gurations
ECP Edge Cloud Processor Am, Beamsteering matrix of eAP my
ISNI Inter-Subnetwork Interference Dﬁ:j Number of eAPs in the n-th subnetwork
U1 Intra-UE Interference Dr‘f;j Number of UEs in the n-th Subnetwork
NCC Network Cloud Controller Wi, m, Beamforming vector for the link mp ! kp
B Hermitian transpose of a matrix B Mn m-th eAP in the n-th subnetwork
BT Transpose of a matrix B Kn k-th UE in the n-th subnetwork
Hik,mny CsSl for the link mp ! ky Hkymn Equivalent CSI for the mp ! Kkp link
M Number of eAPs S State space of a DRL model
a Number of antennas per eAP s State vector at time t
K Number of UEs s0 State vector at time t+1
u Number of antennas per UE r Immediate reward of a DRL agent
N Number of cell-free subnetworks A Action space of DRL model
L Number of mmWave paths a Action vector at time t
G j -th clustering con guration af Action vector at time t+1
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