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Cell-free (CF) systems have emerged as a potential technology for future wireless

communications and have proven to outperform the systems of small cells, which
attracted many researchers to study the CF systems using either radio frequency
(RF') or visible light communication (VLC).

In this thesis, a hybrid VLC/RF cell-free massive MIMO system (CF-mMIMO)
is introduced. Expressions of the downlink achievable rates in both the VLC net-
work and the RF network are derived. An optimization problem that governs the
user association to one of the existing networks aiming to maximize the system’s
achievable rate is formulated.

This thesis also contributes towards the design of a user-centric (UC) hybrid
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VLC/RF CF-mMIMO system, where user clustering is taken into account when
deriving the expression of the downlink achievable rate. A joint optimization prob-
lem for both user association and user clustering with the objective of mazximizing
the sum-rate of the system is formulated. This problem is simplified by discarding
the link between the two variables of optimization.

Two distinct algorithms are proposed to solve the user association problem in
both systems, where each of them dominates in certain cases. The user clustering
problem is solved by proposing two suboptimal clustering schemes and studying
their performance with the user association algorithms.

Deep Reinforcement Learning (DRL) is also used to perform the task of user
association in the hybrid VLC/RF CF-mMIMO system. A full DRL framework
is developed to perform the task, with a deep Q-network (DQN) as an agent.

The performance of the three user association schemes is evaluated and com-
pared. And the effect of having user clustering is studied while using the the first
two association algorithms. Moreover, the overall performance of the proposed
system is shown to outperform standalone VLC and standalone RF CF systems
and a hybrid VLC/RF CF-mMIMO system with random user association.

The findings of the thesis are useful to the advancement of hybrid VLC/RF
systems, CF systems, and the application of DRL in future communication tech-

nologies.
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CHAPTER 1

INTRODUCTION

We live in an era where communication, in general, is a vital component of living.
The forms of communications are uncountable. Advancements in communications
technologies are driven by the unprecedented requirements of data rates to satisfy
expected future growth of data caused by advancements in other fields and tech-
nologies. Proposing advanced communication technologies is one way to meet the
requirements of future generations of wireless communications.

A simple, but non-trivial, solution to increase the achievable data rate is to
explore new frequency ranges other than the currently used radio frequency (@)
range, such as, the visible light range in the electromagnetic spectrum. This idea
has lead to what is currently known as the visible light communication ()
technology which uses light as a medium to transmit data. Moreover, with the
invention of energy-efficient light-emitting diodes (s) and their spread as the
main source of lighting, the focus in research was pushed towards using the visible
light spectrum to transmit data. Furthermore, VLC has proven to provide data

rates much higher than the RF technology [3]. This triggered more developments



in the area of VLC as a whole; transmitters, receivers, channel models, and mod-
ulation techniques were studied, analyzed, and designed. However, VLC systems
inherently suffer from short range of coverage and only perform well when the
line-of-sight (@) link is available (i.e., when there is no opaque objects between
the transmitter and the receiver) [4]. After all, that link is just a beam of light.
A common solution to overcome the aforementioned problems is to support the
standalone VLC system with RF access points (@s) as they have larger coverage
and better operation in non-LoS environments and when the blockage rate is high.
In addition, users served by one network (RF or VLC) do not receive interference
from the other network, which leads to mitigating the total received interference
[B]. Such systems are called hybrid VLC/RF systems and they are suitable for
areas with multiple blockages [f].

Focusing on the downlink communication for now, where APs transmit to some
receiving users, a hybrid system may consist of a VLC AP (or multiple APs) and
an RF AP (or multiple APs) as transmitters. This configuration solves in fact
two problems, 1) users who do not have a LoS channel link with the VLC network
can be easily served by the RF network, 2) when multiple users are served by the
same APs in the VLC network their individual data rates may drop, and moving
(offloading) one or more of them to the RF network may help them experience
higher data rates and better quality-of-service (QoS).

Aside from exploring other frequency ranges of the electromagnetic spectrum,
several ideas were proposed /studied to elevate the user’s QoS. A cell-free massive

MIMO (CF-mMIMQ) system was proposed to increase the data rates of all users



in the network. In such a system, all APs are expected to transmit to all users
simultaneously and using the same time and frequency resources. In such systems,
the boundaries between cells are removed, hence the name ‘cell-free’ [7].

Even though these ideas are proven to enhance the performance, additional
enhancement is achieved by allocating resources and powers according to the chan-
nel conditions of each user. Different optimization problems were formulated with
different sets of constrains to maximize different utilities, such as, the system’s
sum-rate and the users’” minimum rate. Multiple optimal and sub-optimal algo-
rithms with different levels of computational complexity and time complexity for
resource allocation and power control were proposed. Nevertheless, as wireless
communication systems advance, the formulation of their optimization problems
gets complicated and highly non-convex, and many variables get involved in the
problem raising the need to jointly optimize the objective function with respect
to all of these variables at once. In many cases, having a closed-form solution is
only a dream; thus, to solve those problems, assumptions are sometimes made to
simplify the problems. Convexification methods could also be applied to make
the problem convex and easier to solve. However, iterative methods are usually
proposed to solve such complicated problems. Despite their ability to solve the
optimization problems, those iterative algorithms require a relatively significant
amount of time to converge into an optimal (or a near-optimal) solution. However,
in most of the wireless communication scenarios, these algorithms need to be run
every period of time (coherence interval) to insure that the solution is applicable

to the changes in the system (moving users, interfering devices, etc.).



Meanwhile, in the field of data science, Machine Learning (@) algorithms are
being developed, enhanced, and optimized. These algorithms have the advantage
of instant inference, i.e. once they are deployed they can provide an instant
output whenever the system requires an output; a desirable feature in wireless
communication systems. Lately, ML algorithms received attention in wireless
communication systems to perform tasks that usually consume time in traditional
methods, as well as tasks that are not easy to formulate and solve otherwise. These
include, but not limited to, power allocation and AP-user association. Different
ML approaches, specifically Deep Learning (@) and Reinforcement Learning
(@), underwent through stages of test and design to accomplish the desired tasks.
Moreover, in the last couple of years Deep Reinforcement Learning () was
shown to be the most practical form of ML algorithms for wireless communication
purposes. Although they are pretty new and not easy to be built for a specific
system design, once they are built and trained they are ready to perform the
required tasks instantly.

In this thesis, we propose a hybrid VLC/RF CF-mMIMO system, the system
is studied and investigated throughout the chapters of this thesis. In this chapter,
we introduce the different topics of this thesis to the readers and provide them
with the necessary theoretical background to invade and conquer the following
chapters. A thorough literature review of the different directions used in this
thesis is presented in this chapter as well. The chapter ends by motivating the

work and pointing out the distinct contribution of this thesis.



1.1 Theoretical Background

This section provides the reader with the necessary knowledge and background
information to get familiar with the different subjects discussed in this thesis.
Only topics that have a direct relevance to the proposed work are presented in

this section.

1.1.1 RF Channel and VLC Channel Models

In every wireless communication system, the study of the wireless channel is sig-
nificantly important to, 1) evaluate the performance of the system, 2) mitigate the
effects of the channel and enhance the performance. The following two subsections

present the RF channel and VLC channel Models.

RF Channel

Systems that use RF in their communications, study the effect of large-scale and
small-scale fading; the two components of the RF channel gain. In general, for
systems with multiple APs and multiple users, the RF channel link between user

j and the RF AP ¢, denoted by L)

ii» s given as in [§]

Large-Scale Small-Scale
Fadmg Fading

L(d) 1
1 —h 1.1
” \/O <\/K+1€Hr K+1 ) (1.1)

where the superscript (-) specifies that the quantity here is an RF quantity.

In addition, K = 10 dB is the Rician factor for indoor 60 GHz mmWave links,



hg = v/0.5(1 + j) is the LoS path fading channel, by ~ CA(0,1) is the scattered
path fading channel, and L(d) is the corresponding path loss in dB at a distance

d from the transmitter and is given by
d
L(d) = L(dy) + 10vlogy, (d—) + X, (1.2)
0

where L(dy) = 68 dB is the reference path loss at a reference distance of dy = 1
m, v = 1.6 is the path loss exponent, and X is the random variable representing
the shadowing effect which is assumed to have a log-normal distribution of zero

mean and a standard deviation of 1.8 dB [§].

VLC Channel

The transmitters in the VLC are LEDs, thus, each VLC AP is assumed to be
equipped with a single LED that uses intensity modulation (@) technique to
transmit light signals to users. Each user is assumed to be equipped with a photo
detector (@) to receive these light signals. It has been shown that the LoS
component of the VLC channel link between user j and the VLC AP i, denoted

by A\

ii» is given as in [9] by

0 _ MDA o (0)Gor f(6) cos(9), (1.3)

Jrt 2
2md;,

h



where the superscript (~)(“) specifies that the link here is VLC, m is the Lambertian

index which is given by
1
log, (cos(61/2))’

(1.4)

m =

where ¢, is the half intensity radiation angle, A, is the physical area of the PD
at the receiver side, d;; is the Euclidean distance from user j to the AP i, G,f is
the gain of the optical filter, ¢ is the angle of radiance from the AP, 6 is the angle
of incidence at the PD as illustrated in [3], and f(0) is the optical concentrator

gain and is given by

oy = T (15)
0, 0> 0,

where n is the refractive index of the PD and © is the semi-angle of the field-of-view
(@) of the PD. All VLC parameter are further illustrated in [3]. The non-LoS
component of the VLLC channel has a model and is present in the literature, but
due to the significant deterioration of the non-LoS transmissions we work only

with the LoS paths.

1.1.2 Cell-Free Massive MIMO

When they were first proposed, cell-free massive MIMO systems proposed that
there are no cells or cell boundaries, that is, all APs are communicating with all
users at the same time and frequency resources. Stated differently, there are no
user-AP assignments and each single user receives services from all existing APs

in the system. The focus in this work is on the downlink communication only,
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Figure 1.1: Illustration of the difference between (a) small cells system model
where each user equipment (@) is served by the AP in that cell, and (b) cell-free
massive MIMO system model where all AP serve all UEs jointly at the same time.

hence, All APs receive data from a central processing unit () that contains
messages to every user in the area. Each AP encodes all the message signals for
all users (according to the channel link between that AP and all users). Figure
Ell presents an illustration of both small cells and cell-free system models.

Mathematically expressed, the received signal by user j is given by

Nap
yj = (hj)T X + nj = Z hj’ixi + le, (16)
i=1

where N, is the number of APs in the system, h; is a channel vector of all APs
to the j' user, and x = [xl Ty - X NGP}T is the column vector representing what

each AP transmits, where AP i transmits the 7*" entry that is given by

Ny,
€Tr; = 1/pr\/F)jwi’ij, (17)
j=1

where s; is the message intended for user j, py is the total available power at each



AP, P; is the power allocated to the messages of user j, w,; is the weight assigned

to symbol s; that is transmitted by AP i.

1.2 Literature Review

With the current pace of advancement in technology, we face an unprecedented
data traffic loads that have been mentioned in [3]; this is quite a normal growth of
data once we match it with the daily extensive use of multimedia applications and
video streaming as well as the enormous numbers of devices being connected and
added to the internet in a daily basis due to the advancements in the internet-of-
things (@) [10], [L1]. This has lead to a crowded electromagnetic spectrum for
the frequency ranges of RF communication and wireless-fidelity () networks
[12], calling for more developed communication systems with a higher spectral
efficiency and data rates, massive device connectivity, higher energy efficiency
(@), lower traffic fees, a more robust security, and an ultra-low latency [3], [13],
[14], [L5]. Several attempts have been made through the years to overcome these
issues and to enhance existing systems, such as small cells or network densification
[16], [17] which was aimed to, increase the system capacity, and enhance the
networks’ EE.

The idea of exploring other ranges in the electromagnetic spectrum was always
an appealing idea. VLC has been introduced as a promising technology in 5G and
beyond where the visible light spectrum is used for communication [[1§], [19]. Some

problems that faces the VLC has been looked into in the literature such as the



short coverage of VLC transmitters and the fact that VL.C functions properly only
when LoS communication is feasible. Interested reader can find more details on
the VLC system elements, VLC modulation scheme, bounds on the capacity of
different VLC systems with different constraints in [3].

Despite the advantages of VL.C systems, they have their own weaknesses com-
pared to RF communication systems resulting in degradation in their performance.
Those problems, which include small coverage area, non-LoS failure transmission,
frequent handovers, and inter-cell interference, lead to poor service experienced
by some users [3]. In fact, it was shown that existing objects in a room where a
VLC system is used may block the LoS link between the user and the associated
access point, and hence degrade the channel link by up to 90% of the LoS channel,
causing a significant drop in the users’ data rates [20]. Moreover, these blockages
will probably block interfering links coming from another AP to a user causing
a large fluctuation of the received signal-to-interference-plus-noise ratio ()
which affects the system fairness [3]. Another problem is the frequent handovers,
which arise from the physical limits on LEDs that their coverage area is small,
hence, a moving user needs to be served by another AP after short periods of
time.

Nonetheless, such problems didn’t stop researchers from studying the VLC
network and improve its performance as in [21], [22], [23], [24], [25]. Several pa-
pers studied the effect of APs cooperation on the performance of VLC networks.
In addition, many researchers included multiple-input multiple-output ()

technique in their study to improve the VLC performance. Non-orthogonal mul-

10



[Wireless Communication System}

RF Systems [VLC Systems} [Hybrid VLC/RF Systems}

[Small Cells Systems] [Cell—Free Systems}

Figure 1.2: Tree diagram highlighting where the work of interest is located among
other topics

tiple access (), specifically power domain NOMA (PD-NOMA|), took its

part in the advancement of VLC and was included in more than a few papers in
the literature. However, since this part of the literature is not of deep relevance to
our goal and work, it will not be expanded any further, interested readers might
check the survey in [3] Sections IV and V for more details and sources on these
topics. Figure @ highlights the area of interest in wireless communications that

the literature review (and hence our work) is focused on.

1.2.1 Hybrid VLC/RF Systems

As mention earlier, one of the problems in VLC networks is the small coverage
area of the VLC transmitters resulting in not only the frequent handovers problem
but also static users may be crowded in certain areas in the room causing them to
be served by only few APs and not get served by other far APs, leading to having

overloaded APs on one end and unloaded APs (or low-loaded) on the other end, a

11



reason for a poor performance experienced by the crowded users. However, having
a small coverage area has its own advantage, that is, the whole frequency band
can be reused by adjacent APs which eventually improves the spectral efficiency of
the overall system [26]. Even though the overall spectral efficiency will increase,
an inter-cell interference is guaranteed at the edges of the cells. With all the
mentioned issues in VLC systems, users in motion, blocked by objects, located at
the edge of cells, or connected to an overloaded AP will most likely receive a poor
QoS compared to other users in the system. This raises questions regarding the
performance and fairness of VLC systems.

A common solution to overcome the aforementioned issues and the negative
aspects of the VLC systems is to support the standalone VLC network with an
RF network. RF networks have larger coverage and better operation in non-LoS
environments, making them perfectly suited for areas with multiple blockages.
Thus, the complement between the VLC network and RF network is logical and
such systems are called Hybrid VLC/RF systems. In addition, users served by
the RF network do not interfere with or get interfered by users serve by the VL.C
network [5]. Nevertheless, nothing is fully perfect. The advantages offered by
having a hybrid system of VLC APs and RF APs working in harmony come with
the price of the need of more complex algorithms to compromise between the
large coverage and immunity of the RF network and the high capacity of the
VLC network. Hence, more research was needed to fill this newly “at that time”
generated gap. Stefan and Haas, in [27], used a hybrid VLC/RF system with

multiple APs for both. They proposed a cell-user association based on minimum
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distance between all users and APs in an uncoordinated manner and studied its
effect on the performance of the system represented by the area spectral efficiency.
They compared their proposed scheme with a maximum-SINR based association
and a distributed association scheme that achieves a near-optima solution. The
comparison was held with multiple FoVs and room sizes. The very simple, unco-
ordinated, proposed scheme performed well with only a very little loss compared
to the near-optimal solution which required information exchange between users
and APs. In [28], Wang et al. proposed a dynamic load balancing scheme in a
dynamic hybrid system, that consists of a set of VLC APs and a single RF AP,
taking into account the handover overhead. Also taking handover into account,
the authors in [§] proposed another algorithm to balance the load in a hybrid
system consisting of multiple VLC and RF APs. They proposed that at every
time step all users are initially assigned to the VLC APs. However, all users
that have an achievable data rate of less than a specified threshold v should be
transferred into the RF APs. Within each homogeneous network, users should be
assigned to APs in a way that maximizes the system throughput. The authors
in [29] considered a hybrid VLC/RF system where, depending on their channel
conditions, users are assigned dynamically to both VLC and RF. Users connected
to VLC network with lower achievable rate are migrated to the RF network. They
also studied two variations of RF resource allocation in order to satisfy a good
performance.

In the area of load balancing, Wang et al., in [30], formulated two optimiza-

tion problems for load balancing while considering handover overhead. The first
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one is a joint optimization problem of access point assignment and resource allo-
cation while the second one is a separate optimization problem for access point
assignment followed by a proposed resource allocation scheme. Wu et al., in [31]
formulated another optimization problem in a dynamic hybrid system with han-
dover control. In their work, they identified two different types of handover, a
horizontal handover and a vertical handover. They formulated their optimization
problem to only choose the best network for a specified user, then they assign an
AP to the user based on the signal-to-noise ratio ()

In [B2], [33], [B4], the authors considered load balancing in a hybrid VLC/RF
system taking into consideration the handover cost and the fact that not every
VLC user should be switched to the RF network whenever it experiences a link
blockage. They proposed that 1) when a user has a high occurrence rate of channel
blockage, the user should always connect to the RF network. 2) a user with no
channel blockage should always be served by the VLC network. 3) a user with
low occurrence rate of channel blockage but with high occupation rate, i.e. the
blockage does not quickly vanish, should switch between networks when they face
a channel blockage. According to that, they formulated an optimization problem
that takes the performance degradation caused by channel blockage into account
and they proposed a two-stage access point selection (@) method. Taking into
account both users’ mobility and light-path blockages, they further formulated a
joint optimization problem to determine the type of network access a user should
be connected to.

Mohanad et al. in [B5], [36] were the first to consider the joint load balancing
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(LB) and power allocation (@) for a hybrid VLC/RF network. They mathe-
matically formulated an optimization problem for the PA sub-problem to allocate
the power of each AP to its users in order to maximize the total achievable rate.
They proposed an algorithm to find the optimal dual variables after writing them
in terms of each other. An iterative algorithm was also proposed to balance the
load with the help of the first algorithm that allocates the power. They also
proposed a sup-optimal approach that does not require the exact interference in-
formation, though performed very similar to the optimal, however, with much
lower complexity

As researchers seek more improvement in the spectral efficiency, NOMA might
be a direction to go to. NOMA was investigated for the first time in a hybrid
VLC/RF network in [37] where Papanikolaou et al. considered a system with
multiple VLC APs and a single RF AP, all APs perform PD-NOMA. Their goal
was to find an optimal grouping of the users that maximized a certain utility
function that they defined based on the achievable data rate. They formulated
the problem as Coalition Formation Game. After grouping, each group is assigned
an AP and its users, as a group, perform NOMA.

Mohanad et al. in [B8], [B9] used the concept of cooperative NOMA (@
) in a hybrid VLC/RF system. They also paired each weak user to a
strong user and each weak user can be served either directly by the VLC AP
or indirectly by the strong user via an RF link. Two mixed-integer non-convex
optimization problems were formulated to maximize the system’s weighted sum

rate, one for a single VLC AP, and the second is for multiple VLC APs.
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1.2.2 Cell-Free Massive MIMO Systems

The original idea of CF-mMIMO systems was first introduced in [[7] and [40]. It
was proposed that each user should be served by all APs simultaneously with
the number of APs being much greater than the number of users. In [[7], Nayebi
et al. considered two different precoding schemes, conjugate beamforming (@)
and zero-forcing (), in the downlink data transmission, and optimized transmit
power to improve the performance. Whereas in [41], they proposed two differ-
ent receivers in the uplink transmission, the partial minimum mean square error
() and a generalized large-scale fading decoding () receivers, to
maximize the SINR and the achievable rate. They showed that the proposed
P-MMSE receiver has a near-optimal performance compared to minimum mean
square error () receiver. Furthermore, in [[7], lower capacity bounds for CF-
mMIMO systems utilizing CB and ZF precoders for downlink transmission were
derived. A tight approximation for the SINR of the P-MMSE and the exact SINR
of the LSFD receivers in the uplink transmission were derived in [41] as functions
of large scale fading coefficients only. The work has further been extended in the
downlink side where, in [12], power optimization problems to maximize the min-
imum SINR among all users (max-min problem) for both CB and ZF precoders
were formulated. They proposed power allocation algorithms to find the optimal
solutions to both problems. They also proposed suboptimal power allocation algo-
rithms that have very low complexity, though very reasonable performance. Ngo

et al., in [40] and [43], adopted CB precoder in their work and derived closed-form
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expressions for the achievable data rate for a finite number of APs in the downlink
0], and uplink [43] transmissions taking into account channel estimation error,
power control, and non-orthogonality of pilot sequences. They also designed two
pilot assignment schemes: random and greedy pilot assignment and they provided
an algorithm for the greedy algorithm. They formulated (and proposed solutions
for) a quasi-concave and a quasi-linear optimization problems to maximize the
minimum downlink and uplink achievable rate of all users, respectively. Even
though the idea of CF-mMIMO systems is appealing, it has two main problems:
1) all users, no matter how bad their channel links are, will be served by all APs,
which means that each AP will allocate resources to all users even if they will not
receive a good service. This prevents other users with better channel links from
benefiting from these ‘wasted’ resources [44]; 2) the unscalability of CF-mMIMO
systems [5]. S. Buzzi et al. in [44] proposed a modification on the original CF-
mMIMO idea, where they proposed a user-centric (@) approach where each AP
should only serve (send messages to) the N users with the strongest channels in
the downlink, and should only decode the messages of these N users in the up-
link, where N is a system design parameter. This forms the basis to solve the
scalability issue in the original CF-mMIMO systems since much less amount of
data will propagate through the backhaul. The authors of [45] proposed a scalable
CF-mMIMO where they grouped the APs into IV pre-determined cell-clusters and
each cluster is managed by an autonomous CPU, then they apply a UC approach
to see what APs are best to serve a specific user. Then, all APs in the clusters

that include those best serving APs will jointly serve that user.
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Up to this end, all previous works dealt with single-antenna APs and single-
antenna users in the CF-mMIMO systems. However, in the following works,
authors started to include and get the benefits of adding multiple antennas at
the APs side [46], [U7], 18], [19], and at user side [46]. The authors in [46]
utilized the UC CF idea presented in [44] but with multiple antennas in both
APs and users sides, and designed a partizl zero-forcing () precoding on the
uplink transmission and a successive interference cancellation () in the uplink
to improve the performance of the system.

Bjornson et al. studied the scalability issue in the original CF-mMIMO system
and provided a systematic procedure for determining whether a process/technique
is scalable or not. Then, they developed a generalized dynamic cooperation clus-
tering () framework for CF-mMIMO systems. They derived an achievable
uplink and downlink data rate with general precoding vectors [47]. They pro-
posed two more distributed precoding schemes, local PZF and local protective
partial zero-forcing (), and derived closed form expressions for the achiev-
able downlink data rate [4§]. In there, they proposed an algorithm to globally
solve the max-min fairness power control optimization problem. In [49], they
proposed a new framework for scalable CF-mMIMO systems and provided an al-
gorithm for joint initial access, pilot assignment, and cluster formation. Moreover,
It was shown in [47] that the original CF-mMIMO and the UC CF-mMIMO are
instances of the their generalized DCC framework.

Recently, few researchers utilized the dense nature of LED deployment to

investigate having CF VLC systems. The authors in [50] and [p1] formulated
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optimization problems to improve the performance and to manage the downlink
interference. A joint time-fraction user association and power allocation scheme
in a CF VLC network was considered in [50] where a non-convex maximization
problem was formulated. They proposed an iterative algorithm to find a local
optimum by first separating the non-convex problem into two sub-problems then
solving them alternately until convergence. While in [51] the authors formulated
a non-convex optimization problem for joint AP grouping, AP-user association
and AP power allocation. They divided the problem into sub-problems then
provided algorithms to solve them. As a proof of concept, Beysens et al., [52],
[b3], implemented and optimized a working CF VLC network with 36 VLC APs
and 4 receivers and named it “DenseVLC”. Their DenseVLC was built with off-

the-shelf devices and its performance was evaluated in extensive experiments.

1.2.3 Deep Reinforcement Learning in Wireless Commu-
nication

Artificial Intelligence (@) refers to things that can be done via computers with-
out the interference of human beings. The term Al is a “balloon” as everything
starts to be enrolled under the AI umbrella. Machine Learning is a subsection
of Al, however, it is a mathematically well-structured field. ML algorithms have
proven to be useful in many applications in real life. Recently, research in wireless
communications started to make use of ML algorithms in several aspects, from

simple ML algorithms [54] to the new and more complicated ones [55], from simple

19



modulation-scheme recognition [66], [57], and direction-of-arrival estimation [2],
to advanced and complicated association and power allocation problems [58]. Nev-
ertheless, below are some of the research directions that have been investigated
in the literature of Deep Learning, Reinforcement Learning, and Deep Reinforce-
ment Learning in wireless communications. The authors of [59] and [60] used the
concept of DL to perform user association and power allocation, respectively. In
their problem formulation, [59] considered the sum-rate as the objective function
to be maximized. They showed that their problem could be easily solved by the
branch-and-cut algorithm, however, due to the large number of variables to be
solved for, it is challenging to solve in real-time in typical Massive MIMO net-
works where a large number of users must be served. Thus, they built an artificial
neural network () and trained it to perform the user association task. The
authors in [60] formulated two optimization problems to maximize the minimum
rate and the product rate instead of the sum rate, and they solved it using a deep
neural network ()

The Deep Learning methods are not very practical in terms of real-life ap-
plication since they require a data set to train the model beforehand. This is
generally inconvenient since we don’t have data sets that ideally represent the
solution to the problems we are trying to solve (user assignment, power alloca-
tion, ..., etc). Thus, researchers investigated the Reinforcement Learning in many
wireless communication fields among which [61], [62], and [63] appeared. In [61],
they considered the problem of downlink power control for cellular systems, while

in [62] and [63] they tried to optimize the load balancing of Hybrid VLC/RF net-
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works. In all of them, RL approaches where adopted and developed to approach
the optimization problem, specifically, a Q-learning algorithm was used in [61],
and a trust region policy optimization () algorithm was used in [62] and
[63].

In problems where the state space and the action space are large, which is
usually the case in practical systems, the Q-learning algorithm may not be able to
converge into an optimal policy and this is where the deep Q-learning (@), an
algorithm of the DRL, comes to play. The agent of this DQL is a deep Q-network
(@) Here, we use the terms DQL and DQN interchangeably. In the litera-
ture, variations of the DQN algorithm were adopted, modified and implemented
to perform multiple tasks that include, but not limited to, allocating power in
multi-cell networks to achieve high data rates [64], [65], selecting the best channel
to access in dynamic multi-channel networks [66], controlling the interference in
ultra-dense small cells [67], allocating resources for hybrid VLC/RF to maximize
the system’s achievable sum-rate [6§].

Other works have investigated different types of agents in the areas of wire-
less communications. Since they are not of importance to us, interested readers
are advised to check the references [69] for Deep deterministic policy gradient
() algorithms, and [[70] for a proximal policy optimization (PPQ]) algo-
rithm. Al-Eryani et al., in [55], constructed a hybrid DDPG-DDQN (Deep Double
Q-network) to maximize the sum-rate and the minimum rate in a cell-free system.
The essence of their choice of the hybrid agents is the fact that DQNs are proven

to be good candidates to perform the optimization when the action space is dis-
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crete and the DDPG is a good candidate when the action space is continuous.
Thus, the DQN was built to perform the clustering and the DDPG was built to
take care of the power coefficients.

Surveys of many ML algorithms with different levels of complexity including
DL, RL, and DRL along with their contribution to wireless communications are

presented in [p4], [71], [72], [73], [74], [75].

1.3 Thesis Work Motivation

The number of connected devices to the internet is rapidly increasing in an un-
precedented rate, and the need for high data rates is trivially obvious. Using CF
systems enhances the performance and achieves higher data rates than systems
employing small cells. In addition, VLC enables the utilization of bandwidth of
frequencies that are much larger than that used in the RF technology. This is
due to the abundance of huge unlicensed ranges of frequency, unlike the limited
frequency ranges used in different RF systems. Thus, having a VLC based CF
system is a logical direction to go. Nonetheless, because VLC links are much
more prone to failure and can easily be blocked by obstacles, it is reasonable to
complement the VLC network with an RF network, which results in a system that
exploits the advantages of both technologies. Embedding that with a CF system,
we get our proposed hybrid VLC/RF CF-mMIMO system.

A Deep Reinforcement Learning framework is constructed to approach the

user association problem in the proposed hybrid system. Such a problem can be
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approached using some heuristic techniques. However, using the Deep Reinforce-

ment Learning approach has three main advantages:
1. It has an almost instant time to take actions.

2. It has the potential to solve very complicated and highly non-convex prob-

lems.

3. It pushes to meet the worldwide research trends of developing and utilizing

Machine Learning in different research fields.

1.4 Thesis Contribution and Outline

The contributions contained in this thesis are summarized as follows:

e In Chapter E, a hybrid VLC/RF CF-mMIMO system is introduced. Expres-
sions for the achievable data rate at each user are derived for both networks.
A mathematical optimization problem is formulated to maximize the sum-
rate in the proposed system by associating users to one of the networks in

the system.

o An iterative algorithm is proposed in Chapter E to approach the optimiza-

tion problem and provide a solution for the user association.

e In Chapter H, a UC hybrid VLC/RF CF-mMIMO system is introduced. In
this system, the user clustering is addressed along with the user associa-

tion. Expressions for the achievable data rate at each user are derived for
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both networks. A joint optimization problem is formulated to maximize
the system’s sum-rate, with user clustering and user association being the
optimization variables. The joint optimization problem is broken into two

sub-problems, one for each variable.

e The analysis of the system in Chapter H is generic and covers all possible
types of user clustering, user association, and precoding schemes. This has

been emphasized in the results section of Chapter H

o A Gibbs sampling-based algorithm is proposed in Chapter B to approach the
user association sub-problem. This algorithm is compared with the iterative

algorithm presented in Chapter E

o Two user clustering schemes that achieve sub-optimal performance are pro-

posed in Chapter H

o In Chapter H, a DRL framework is developed to approach the user associ-
ation problem that is presented in Chapters E and . The performance of
the proposed framework is compared with the performance achieved by the

two classical algorithms proposed in Chapter E and Chapter E

1.5 Notations

Throughout this thesis, notations respect the following convention,
Vectors are denoted by boldface lowercase letters, whereas matrices are de-

noted by boldface uppercase letters. The transpose, Hermitian, and inverse op-
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erators is represented by (-)T, (-)#, and (-)7!, respectively. The operator ® is
the Hadamard product or element-wise product of matrices. The function diag(+)
produced a diagonal square matrix with the diagonal elements being the elements
of the input vector. In addition, the function m?x(-) returns the maximum value
of its input with respect to the variable i. The symbols R, RY, and RY*M repre-
sent the set of real numbers, set of N—dimensional vectors of real numbers, and
the set of N x M matrices of real numbers, respectively. The superscript (‘)(“)

indicates that the quantity inside the parentheses is a VLC quantity while (-)("

mean that it is an RF quantity.
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CHAPTER 2

HYBRID CELL-FREE

MASSIVE MIMO SYSTEMS

In this chapter, we introduce the centralized hybrid VLC/RF CF-mMIMO sys-
tem for indoor communication and study its performance. We first formulate an
optimization problem that assigns the users to the VLC or RF networks aim-
ing at maximizing the total achievable rate. An efficient iterative algorithm is
then proposed to provide a solution for the formulated problem. We evaluate the
hybrid CF-mMIMO system and show that it performs better than the VLC or
RF standalone CF-mMIMO systems. We also show that the proposed algorithm
significantly outperforms a random user association scheme.

Without loss of generality, we assume a room of size M x M x height that
contains N,,, VLC APs and N,,, RF APs, with a uniform deployment for both
on the ceiling of the room. IM is assumed to be used by each VLC AP to trans-

mit optical signals to the associated users. Each user equipment is assumed to be
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Figure 2.1: Proposed hybrid VLC/RF CF-mMIMO system model

equipped with a PD to directly detect the light intensity and a regular antenna
to receive RF signals. Moreover, it is assumed that the room contains a total of
N, users that are randomly distributed over the floor according to the uniform
distribution. We denote the number of users served by VLC APs and RF APs by
N, ., and N, ,, respectively. Furthermore, we assume that the channel coefficients
remain constant during the transmission of one block of data. In this system, we
consider the idea of a centralized hybrid VLC/RF cell-free system where multiple
VLC (or RF) APs cooperate to serve each user. As implied by the word ‘central-
ized’, all APs are assumed to be connected to a central processing unit (CPU)
that processes users’ signals and coordinates them. To eliminate confusion, the
word ‘network’ is used only to indicate a network of only VLC APs or a network
with only RF APs, and thus our system consists of two disjoint networks. In this
system, a user would be served by all APs in one network (either VLC network

or RF network). Moreover, all VLC (or RF) APs use the same bandwidth to
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serve all their associated users as implied by the original definition of the cell-free

systems. The system model is presented in Figure @

2.1 Networks’ Achievable Sum-rate

In this section, we analyze the received signal at the receiver side and provide
an expression for the achievable sum-rate. Let U™ be the set of users served by
the VLC network and U be the set of users served by the RF network. Note
that the two sets, U™ and UM, are mutually exclusive, which means that each
user can only be served by either the VLC network or the RF network. We can

see that [U®| = N,, < N,, [UM| = N,, < N,, and ||J U™ = N,. In

mée{v,r}

addition, we define a vector b of length N, that corresponds to the users being

connected to either the VLC network or the RF network, it can be written as

T
b:[b1 by - bN“:| , (2.1)

where b; € {0,1}. Setting b; = 0 means that user j is connected to the RF
network, while b; = 1 indicates that user j is connected to the VLC network.
Vector b guarantees that a single user cannot be served simultaneously by both

networks.
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2.1.1 VLC Achievable Rate

Here, we provide an achievable rate expression that can be achieved at the users
that are served by the VLC network. Each VLC AP transmits an entry of the

T
vector x(*) = [m(”) 20 W ] , where AP i transmits the i entry that is
1 T

vap
given by
Ny
= s = S s e
Jeuw) =1

where s; is the message intended for user j, pgf) is the total available power at

each VLC AP, Pj(v) is the power allocated to the messages of user j in the VLC

)

network, and w]@; is the weight assigned to symbol s; that is transmitted by VLC

AP i. We define W) ¢ RNvar*Nu to be the precoding matrix, where its (i, 7)™

(v)

entry is given by w; /. Therefore, we can write the received signal at the VLC

user j as

Nvap

U = pocpeo D WDl + 0l (2.3a)
=1

Nvap

Ny
s S (, [0S blwgga/p;%) i ()
=1 =1
Ny T
= PocPeo\/ pgev) (Z by (hgv)) wy/ Pl(v)sl> + ng-v), (2.3¢)
=1

where p,. and p., are the optical-to-electrical and the electrical-to-optical conver-

sion factors, respectively, and ngv) ~ N (0, 02) is the additive white Gaussian noise

T

at the PD of user j. H, = {hgv) h” .. h(Ny)} is the VLC channel matrix,
T

where h;v) = [hévl) h§”§ . hg,“]z[ } is a channel vector of all VLC APs to the
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4% user, and Wl(v) is the symbol used to denote the [** column vector of W) The

achievable rate at the user j connected to the VLC network can be written as [[76]

v B(v) v
Rj(. ) = 5 log, (1 + 7](- )>, (2.4)

where B is the total VLC bandwidth and 7](-1)) is given by

T
" Pocpenr) 3D <h§ )> w"\ /P
0 I (2.5)

Ny T
>~ [pucpeo/of "t (0") Wi /BY| 4+ 00

I=1
I#j

Note that, compared to the Shannon’s formula, equation (@) has the 1/2 factor.
This can be explained by the fact that VLC signals are always real and they do not
utilize the imaginary dimension that is usually used in the RF signals. Equation
(@) contains a factor of 9 multiplied by the noise power at the PD of a VLC

receiver, which has been derived in [[76].

2.1.2 RF Achievable Rate

Here, we provide an expression for the achievable rate at the users that are served
T

by the RF network. The vector x(" = A LR xg\’f‘zap represents the

(r)

transmitted signals from RF APs, where x; ’ is the transmitted signal from the
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it" RF AP and is given by

w7 = 3"\ PO, (2.6a)
JEum
Ny,
=" (1=b) /P W) s, (2.6b)
j=1

where pgf) is the total available power at each RF AP, Pj(v) is the power allocated
the messages of the j* user in the RF network, and ng) is the weight assigned to
symbol s; transmitted by the i" RF AP. Let W € RNre»*Nu he the precoding
)i

) NPT o (r) . . :
matrix, where its (4, 7)™ entry is given by w; ;. The received signal by the user j

can then be written as

Nrap
ylr) Z h;fi):cgr) +nl, (2.7a)
i=1
N'rap Ny
=D hy (x/p}”Zu —b)wi\ P >sl> +nf’, (2.7b)
=1 =1
Ny
—/p ( (1—b) (hg.”) w1/ P )sl> + " (2.7¢)
=1
T
where Wl(r) is the I column vector of W) and hg-r) = {h@ R )
]71 ]72 ],Nrap
is a channel vector of all RF APs to the j** user, and the RF channel matrix is
T
given as H, = [hg’”) h) ... h{ } , and ny) ~ CN(0,02) is the additive white

Gaussian noise at the antenna of user j. Thus, the achievable rate at the user j

that is connected to the RF network is given by Shannon’s formula as

R = B log, (1+9(") (2.8)
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where B is the total available RF bandwidth and VJ(T) is given by

ngr) = 5 , (2.9)

Ny, T

Sy (=) (07) w7 o2
=1

1]

2.2 Problem Formulation and Solution

In this section, we are interested in the users association to the system networks
aiming at maximizing the system’s sum-rate. In other words, what is the best
selection of the vector b to maximize the sum-rate. We first mathematically
formulate the optimization problem and then propose a heuristic solution for the

formulated problem.

2.2.1 Problem Formulation

Given that the association variable b; of user j is either one or zero, we can express

the achievable rate of user j as follows

R; = R" + R". (2.10)

J J

(v) (r) . . .
where R;” and R}’ are defined in (@) and (@), respectively. Expression ()

implies that R; = Rﬁ-v) itb; =1or R; = Rg-r) it b; = 0. In other words, if user

otherwise, R; = R{". This

J is connected to the VLC networks, R; = R\, .

7
emphasizes the fact that only one network, either VLC or RF, would serve user j

at a time.
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Our goal now is to optimize the vector b to maximize the system’s sum-rate.

The problem can be formulated as

max . ZRj (2.11a)
J
st. by e {0,1}, Vi, (2.11b)
Ny 9
() i W e
j=1
Ny 9
3 (w§?> PO <1, Vi. (2.11d)
j=1

Constraint () guarantees that each user is served by only one network at a
time. Constraints () and () are imposed to make sure that the transmit
power from the AP ¢ is not greater than p; (the total available power). Problem
() is not an easy problem to tackle since it is a non-convex nonlinear integer
problem. Hence, in the following, we propose a suboptimal solution to problem
(), where an iterative algorithm is proposed to efficiently distribute the users

to the networks.

2.2.2 Proposed Approach

The optimal solution can be attained by using exhaustive search approach, where
we go over every possible choice of the vector b and select the one that maximizes
the objective function given in () However, this approach is not practical
since increasing the number of users in the system results in an exponential in-

crease in the number of possibilities of b. One simple and efficient way to approach
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this problem is by iteratively considering the impact of switching each user from
its current network to the other network. This starts by first sorting the users’
rates in an ascending order then start switching the users with minimum rates
first. If changing the user’s network increases the sum-rate, the approach keeps
that user in its new network; otherwise, brings it back to its previous network.
This continues until convergence. This approach is presented in details in Algo-
rithm E and Figure @ Since allocating the power is not in the scope of this

work, we distribute the powers equally among users while guaranteeing that the

constraints in () and () are satisfied.

2.3 Simulation Results

In this section, the performance of the proposed system is evaluated by studying
the effect of changing several parameters on the sum-rate. Unless stated otherwise,
the simulation parameters used to generate all the results are listed in Table @
The precoding scheme used in calculating W for both networks is the typical ZF
precoding, i.e. W = HY(H x H)~1. Monte-Carlo simulation is implemented
to obtain more accurate and generic results, and every displayed point is the
arithmetic mean of 1000 points resulted from 1000 independent uniform random
distributions of users.

In Figure , the sum-rate of the proposed system is compared to three sys-
tems, a similar hybrid system that uses a random user association instead of the

proposed algorithm, and two cell-free systems that consists of either RF APs or
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Algorithm 1 Iterative User Association
Input: N,, H,, H,, W W), p(fv), pgf),
B, B, peo, poc; Ou, 0.

Output: b
Initialize: b; <~ 1, Vj e [1,N,]

1: Convergence < False

2: while Convergence # True do

3: Changes < 0

4: Calculate Ry « >, R; using (@), (@) and ()
5: Let Rj — [R]]j\’:ul
return index
6: I = sort(R;, “ascending”)
7 for i <+ 1 to N, do
8: J [(Z)
9: bj 1 -0, > Switch user’s network
10: Calculate Rey Zj R;
11: if R, > R, then
12: Ry < Rpew
13: Changes < Changes + 1
14: else
15: bj < 1—10; > Return to previous network
16: end if
17: end for
18: if Changes = 0 then
19: Convergence < True

20: end if
21: end while

VLC APs (standalone CF-mMIMO systems). The comparison is held over differ-
ent number of users in the system. To have a fair comparison, the number of APs
in each of the standalone systems is set to be equal to the total number of APs
in our hybrid system. Nonetheless, the proposed system shows a slightly better
performance than the VLC standalone CF-mMIMO system until a point where
it significantly surpasses it. This can be explained by the intervention of RF net-
work to support the crowded VLC network by serving some of the users that are

selected by Algorithm EI to obtain a better sum-rate. VLC blockage effect is also
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}

Sort rates R; ascendingly

L Letj=1 )
( bj =1- b] )
__Calculate individual rates |
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increased ?

YES NO

[
L

Algorithm is converged ]

Figure 2.2: Flowchart illustrating Algorithm EI
included in the figure for both the VLC standalone and the Hybrid CF-mMIMO
systems that uses the proposed user association mechanism. The figure shows that
the proposed system does not deteriorate much when the blockage is introduced.
Thus, blockage effect is assumed in all the following figures. Figure @ also shows
that the proposed system with Algorithm EI dramatically outperforms the system
with random user association, and the performance of the system with random

user association is between the standalone CF-mMIMO systems, which indicates
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Table 2.1: Simulation Parameters [[L]

Parameter Value
Room length 10 m
Room width 10 m
Room height 3 m
Optical-to-electrical conversion factor p,. 10 W/A
Electrical-to-optical conversion factor p,, 0.53 A/W
Bandwidth of the VLC network B® 40 MHz
Bandwidth of the RF network B() 15 MHz
Noise power spectral density in VLC network 1072 W/Hz
Noise power spectral density in RF network 10719 W/Hz
Power limit for each VLC AP pgcv) 5W
Power limit for each RF AP pgf) 5W
Number of VLC APs N, 16
Number of RF APs N,,, 9
User’s altitude 0.85 m
Physical area of a PD A, 1 cm
Semi-angle of the FoV of PDs © 60°
Half-intensity radiation angle 6 1 60°
Gain of the optical filter G,¢ 1
Refractive index of PDs n 1.5

Monte-Carlo simulation
Blockage rate

1000 scenarios

10% of users

that the system does not take a good advantage of having both networks.

Figure @ shows the steady performance of the proposed hybrid system using
the proposed algorithm for an increasing number of the total APs in the room with
a fixed number of users N, = 30. In this figure, we adapt the room dimensions
to accommodate all the APs in the system in order to maintain a reasonable
deployment density of the APs. For instance, we preserve the minimum distance
between any two adjacent VLC APs to be around 2.5 m. The exact numbers of
VLC APs, RF APs and room dimensions are presented in Table @ It is clear

from Figure @ and Figure @ that the proposed system and algorithm work well
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Figure 2.3: Sum-rate versus number of users in the systems

with increasing the number of users and the number of APs, respectively.

Table 2.2: Room Dimensions and Number of APs in Figure @

Total number of APs 25 32 45 65 80 97 125
VLC APs 16 16 36 49 64 81 100
RF APs 9 16 9 16 16 16 25

Room dimensions 10x10 |11 x11 | 14x 14|16 x16 | 19x19 |22 x22 | 25 x 25

The FoV of the PDs is an important parameter that affects the VLC channel
gain and hence the performance of VLC systems. Figure @ shows the effect of
changing the FoV of the VLC receivers on the average per-user data rate in both
the proposed system and a VLC standalone CF-mMIMO system. In the VLC
standalone system, we set that the number of APs to be equivalent to the total
number of (VLC+RF) APs in the proposed hybrid system. This has been carried
over three choices of number of users in the system. The figure shows that for large

values of FoV, the performance diminishes, which should not be of any surprise
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since the VL.C channel gain drops as the angle of the FoV increases which can be
seen in equation (@) Moreover, as the FoV decreases, the performance decreases
as a result of more users not being able to be in the view of the VLC APs. VLC
MIMO systems in general tend to push that limit to a very low FoV value since
having more VLC APs to cover more ground area ensures that all users are able
to connect. The proposed hybrid system, however, shows more resilience as the
value of FoV drops which is a direct result of having the RF network as a support
to the VLC network. Nevertheless, this resiliency is only visible when NV, is small
since there could be cases where all VLC APs aren’t in the FoV of any receiver.
In addition, it is obvious from the figure that the performance gap between the
proposed system and the VLC standalone widens as the number of user in the
system increases.

Figure @ shows the cumulative distribution function (CDF) of the average
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Average Per-user Rate (Mbits/s)

100 F Vi
—A— Hybrid N, =5 —&— Hybrid N, =15 —sz— Hybrid N, =25 | -5/
A VLCN, =5 &~ VLC N, =15 v VLC N, =25
50 1 1 1 1 1 1 1 1 |
25 30 35 40 45 50 55 60 65 70
FoV

Figure 2.5: Sum-rate versus FoV

per-user rate of the four systems considered in Figure @ All the systems are
evaluated when N, = 10 and N, = 20. This figure emphasizes that the proposed
system works best with relatively high number of users when the other systems
fail to compete. It also emphasizes that the proposed user association (Algorithm
EI) performs much better than the random user association.

Figure @ studies the convergence of Algorithm EI, where it shows the total
number of users’ changes in CPU’s internal processes and how any change affects
the sum-rate of the system, where the overall performance is shown by the envelops
of the curves in which it succeeded in all four choices of N,. The figure shows that
Algorithm Iil converges with different number of users. However, increasing the
number of users require Algorithm EI to increase the number of changes to reach

convergence.
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2.4 Conclusion

In this chapter, a hybrid VLC/RF cell-free massive MIMO system has been in-
troduced and studied for the first time. Users are distributed over two existing
cell-free networks (VLC and RF). This association problem is formulated as an
integer optimization problem, and is approached via an iterative algorithm that
converges to a suboptimal solution for the formulated optimization problem. The
proposed system demonstrated better performance than the other cell-free sys-
tems with standalone VLC or RF networks in terms of both sum-rate and average

per-user rate, especially at a relatively high number of users.
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CHAPTER 3

USER-CENTRIC HYBRID

CELL-FREE MASSIVE MIMO

SYSTEMS

In this chapter, we propose a UC hybrid VLC/RF CF-mMIMO system for indoor
communication. In such a system, users can be clustered using different, not
necessarily mutually exclusive, clustering techniques. It is worth to point out the
difference between the terms user association and user clustering; user association
means the connection of the users to one of the existing networks, i.e. VLC or
RF, while user clustering refers to the set of APs, within each network, that is
serving each user. User clustering enables better performance when the backhaul
capacity is limited, i.e. it limits the data exchange between the APs and the
CPU. Generic derivations are carried to accept any form of clustering techniques

and precoding schemes, with no conditions. The performance of the system is
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studied for three clustering scenarios. We formulate a joint optimization problem
for both users association and users clustering to maximize the sum-rate of the
system. The joint optimization problem is then simplified into two independent
sub-problems, where each is handled separately. The user association sub-problem
is similar to the problem proposed in Chapter E, however, it accounts for the
clustering effect. A heuristic approach is then proposed to tackle the problem
and obtain a sup-optimal solution. The proposed solution is compared to the
algorithm provided in Chapter E, and the strength of each algorithm is noted in
the results. We evaluate the proposed user-centric hybrid CF-mMIMO system
and show that it outperforms other systems that it is compared to. We also show
that the proposed algorithm in this chapter significantly outperforms a random
user association scheme.

The system model is exactly the same as the one in Chapter E Thus, we

proceed to derive the performance metrics of interest in the system.

3.1 Networks’ Achievable Sum-rate

In this section, we analyze the received signal at the receiver side and provide
an expression for the achievable sum-rate. Let UZ(-U) be the set of users served by
the VLC AP i, and ugr) be the set of users served by the RF AP 7. Moreover,
let A§U) be the set of VLC APs serving an arbitrary user j and let Ay) be the
set of RF' APs serving an arbitrary user j. Note that the two sets Ag»”) and Agr)

are mutually exclusive. In fact, for a specific user j one of the two sets will be
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the empty set (), which means that a user can only be served by either the VL.C
network or the RF network but not both. Furthermore, the two sets u§”> and

ug” are mutually exclusive because a user cannot be served by both networks

Nvap

simultaneously. We can see that ‘Ui:l UEU) = Nyw < Ny, |Uerul”| = Nyyr <

N.
Nu? and Ume{v,r} Uz:{

RN“ X Ny

mher ugm)’ = N,. In addition, we define a matrix A™ €

o> that represents the user clustering in the VLC network, such that

o) ald e al,
(v) (v) (v)
Qg1 Qo - Qg p,.
AW = .y (3.1)
avi s all, Al

is a clustering factor between user j and VLC AP i, and

where the element a(f")

K
is given by

1, if VLC AP i serves user j;
BONS (3.2)

]71’

0, if VLC AP i does not serve user j.

A similar matrix for RF users clustering A" € RNe*Nrar ig also defined as

o} o) o .,
(r) (r) (r)
Qs Qg3 " Ao N
A = " (3.3)
a(NT?L,l a(qu)l,Z e ag\r/vi)uNrap
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where the element a;? is a clustering factor between user j and RF AP i, and is
given by

1, if RF AP i chooses to serve user j;
al) = (3.4)

0, if RF AP i chooses not to serve user j.

Finally, we define a vector b of length N, that corresponds to the users being

connected to either the VLC network or the RF network, it can be written as

T
b= {bl by - bNu:| , (3.5)

where b; € {0,1}. Setting b; = 0 means that user j is connected to the RF
network, while b; = 1 indicates that user j is connected to the VLC network.
Vector b guarantees that a single user cannot be served simultaneously by both

networks.

3.1.1 VLC Achievable Rate

Here, we provide the achievable rate expression achieved at the users that are

served by the VLC network. FEach VLC AP transmits an entry of the vector
T
x(V) = 2 g o g |, where AP i transmits the it" entry that is given

vap
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2 \/; Z p(” (3.6a)

Jeui”)

Ny

_ (v) (v), (V) (v)

=\/Py ijajyi w; i\ P s, (3.6b)
j=1

where s; is the message intended for user j, pgcv) is the total available power at

each VLC AP, Pj(v) is the power allocated to the messages of user j in the VLC

(v)

network, and w; ; is the weight assigned to symbol s; that is transmitted by VLC

AP i. We define W) ¢ RNvar*Nu tg be the precoding matrix, where its (i, 7)™
(v)

entry is given by w; /. Therefore, we can write the received signal at the VLC

user j as

Nvap
= S ) 510
Nvap
—PZ% <‘/pf Zbla w'\/ B )sl> +n?, (3.7b)
u T
7 (350 () AV e, 70
=1

where p = poepeo is defined as the equivalent conversion factor, p,. and p., are
the optical-to-electrical and the electrical-to-optical conversion factors, respec-

tively, and ng-v) ~ N(0,02) is the additive white Gaussian noise at the PD

T
of user j. H, = [hg”) h .. h%’)} is the VLC channel matrix, where
(v) !
v) v v v - ith
h;” = {hgl) h§§ h;,’])va} is a channel vector of all VLC APs to the j

user. Wl(v) is the symbol used to denote the I column vector of W), Afjj} is a
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diagonal matrix with the diagonal elements being the elements in the [** row of

A® and is mathematically written as

Adl = d1ag( )> (3.8)

where al(jf) is the symbol used to indicate the [** row vector of A®). Equation

() is further decomposed in equation (@) at the top of the next page where

the desired signal at the receiver of VLC user j and the interference and noise are

separated.
Desired Slgnal Interfering Signals . Noise
(v) (v) (v) ( (V) 4 (V) f/(\)
0 = | b (1) AL +Zb ()" Aliwis | 40l 9
l#]

The achievable rate at the user j connected to the VLC network can be written

as [[76]

v B(U) v
R = = log, (1+47) (3.10)

where B™ is the total VLC bandwidth and %@) is given by

T 2
o e () Al e
v = o - 5 : (3.11)
Z ooy b <h ) AW\ B |+ 902
1
#J
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3.1.2 RF Achievable Rate
Here, we provide an expression for the achievable rate at the users that are served

rap

T
by the RF network. The vector x(" = {x(f) a2 } represents the

(r)

transmitted signals from RF APs, where x,;’ is the transmitted signal from the

i'" RF AP and is given by

2\ = \/pgf) Z ng) Pj(r)sj (3.12a)

jeu”

Ny
= \/pgf) Z (1—1b;) a%)wyj) Pj(r)sj. (3.12b)
=1

where pﬁf) is the total available power at each RF AP, Pj(v) is the power allocated
the messages of the j* user in the RF network, and w ) is the weight assigned to
symbol s; transmitted by the it" RF AP. Let W) € RNrarXNu he the precoding
matrix, where its (i, 7)" entry is given by w . The received signal by the user j

can then be written as

Nrap

y = Z byt +nf, (3.13a)
Nmp Nu

= th VA (=) afw) Pf”a) +nl”, (3.13b)
=1

Ny T
(Z (1=t (1) Af}wl” P}%,) +nl", (3.13c)

A

" B0

where Wl(r) is the I column vector of W) and h;r) = {h(,”) p) ot
7,1 7,2 ]7N'rap

is a channel vector of all RF APs to the j* user, and the RF channel matrix is
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T
given as H, = [hg’”) h? . h%)} , and ny) ~ CN(0,0?) is the additive white
Gaussian noise at the antenna of user j. Equation () is further decomposed
in equation () at the top of this page where the desired signal at the receiver

of RF user 7 and the interference and noise are separated.

Interfering Signal
Desired Slgnal nteriering o1ghals

~ Noise

=~
=D | (= () A+ 3500 (47w |
l#]

(3.14)
The achievable rate at the user j that is connected to the RF network is given

by Shannon’s formula as
R;T) = B log, (1 + 7(?)) (3.15)

where B is the total available RF bandwidth and yj(r) is given by

“/pf (1-1b;) <h§) A@ (r) P<’“>
\/PS”T (1—br) <h'r)> Adlwl \V P(r)

(3.16)
Z

=1
I#j

2
+ o7

3.2 Problem Formulation and Solution

In this section, we are interested in the users association to the system networks
and users clustering within each network aiming at maximizing the system’s sum-
rate. In other words, what are the best selections of the vector b and the matrices

A® and A" to maximize the sum-rate. Since the users association and clustering

52



problems are interlinked, we formulate a joint optimization problem for both users
association and users clustering. The joint optimization problem is then simplified

into two independent sub-problems, where each is handled separately

3.2.1 Problem Formulation

Given that the association variable b; of user j is either one or zero, we can express

the achievable rate at user j as follows
R;=R" + RV, (3.17)

where R§”) and Ry) are defined in () and (), respectively. Expression
(B.17) implies that R; = R\ if b; = 1 or R; = R if b; = 0. In other words, if
user j is connected to the VLC networks, R; = Rg-v); otherwise, R; = Ry). This

emphasizes the fact that only one network, either VLC or RF, would serve user j
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at a time. Therefore, we can formulate our joint optimization problem as

: 1
A(vrﬁi()f)’b ;RJ (3.18a)
st. by €{0,1}, V5, (3.18h)
al?) € {0,1}, Vi, j, (3.18¢)
al’) € {0,1}, Vi, j, (3.18d)
Ny 9
> (wl) PP <, vi, (3.18¢)
j=1
Ny 9
> () PP <1, Vi (38D
j=1

Constraint () guarantees that each user is served by only one network at a
time. Constraints () and () are responsible for clustering the users in
each network. Constraints () and () are imposed to make sure that the
transmit power from the AP i is not greater than py (the total available power).
Problem () is not an easy problem to tackle since it is a non-convex nonlinear
integer problem. However, by discarding the link between the three interlinked

optimization variables (b, A®), A(™) we can simplify the problem in () Thus,
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we can formulate a users association sub-problem as

max. ZRj (3.19a)
J
s.t. by €{0,1}, vj, (3.19b)
Ny, 9
3 (w(j’])) P <1, Vi, (3.19¢)
7=1
Ny,

Z( ) P <1, Vi. (3.19d)

This is a non-convex nonlinear integer problem which is still not easy to tackle.
As mentioned in Subsection , the optimal solution can be reached by the
impractical exhaustive search where we go over every possible choice of the vector
b. It is also possible to use the Algorithm m from Chapter H to solve ()
However, in the following we propose another iterative algorithm that is based on
the Gibbs sampling algorithm. The advantages of this algorithm over Algorithm
EI would be clear as we evaluate and compare their performances later in this

chapter.

3.2.2 Gibbs Sampling-Based User Association

Gibbs sampling is an algorithm that was mainly proposed to solve an optimization
problem of the type

min  H(x), (3.20)

xr
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T

where & = [351 Ty - iUN} is an N—dimensional vector [77]. The iterative
nature of Gibbs sampling is presented in the fact that the algorithm updates
a single item in the vector & in each iteration of the algorithm based on the

distribution A, (xz_,) = (An(xn|x_0), V2,), where A, (z,|x_,) is given by

exp ( — BH (zy, a:_n)>
Sexp (= AH (@)

An(@n]@_) = (3.21)

where n is the item to be updated, [ is the temperature parameter, and x_, =
T

T1 o Tl T, ZL‘N] . At each iteration, the distribution A, (x_,)

varies according to the new x. Due to this process, the value of z, that re-

sults in a smaller value for the objective function H(x) has higher probability of
being selected.

The problem in () is a maximization problem. However, it can be turned

into a minimization problem by using U = 1/ > ; R;j as the new objective function.

The problem is now written as

1
min. U(b) = 3.22a
n. U= = (3.220)
st by e {01}, vj, (3.22b)
Nu 2
S5 ) 01 YN
j=1
Ny 9
> (wl)) P <, vi. (3.224)
j=1

This alternation in the problem formulation enables us to make use of Gibbs
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sampling with some other modifications.

A Gibbs-sampling based algorithm for user association is developed similar to
[78]. At the beginning of each iteration ¢, we have the value of b'~! which is
the result of the previous iteration. We define the set B~! that contains all the
vectors bl>! that are different by only the m™ element from b*~! and the vector
b?~! itself. For mathematical convenience 56’1 = b*~!. Hence, the probability
distribution function becomes

oo (- 0)
Aqy(b') = (3.23a)

> exp (- BUM))

_ i) | (3.23b)
2, o ( a Zij)>

b eBt-1

The algorithm is presented in details in Algorithm E and Figure @ Notice
that at the start of the algorithm we initialize the elements of the vector b from

the set {0, 1} according to the discrete uniform distribution (DUD)).

3.2.3 User Clustering

User clustering has several advantages that include limiting backhaul transmission
as well as enabling the scalability of the CF-mMIMO system. The aim here is
to determine which APs in each network should serve each of the users in that

network. Since the link between the optimization variables in () is discarded,
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Initialize b; randomly

bi"l=b
Generate the set Bt~1 —

Find R, € RIZ]
(sum-rate of all vectors in Bt~1)

Process R.:
Normalize & square all elements

Sample bt from Gibbs
distribution

l

VES A o

bt—l — bt

—> Algorithm is converged

Figure 3.1: Flowchart illustrating Algorithm H

we can formulate the user clustering sub-problem in any network m € {v,r} as

max. ZRj (3.24a)
J

s.t. a;; € {0,1}, Vi, j, (3.24b)
Ny

> (wiy)? P <1, Vi. (3.24c)
j=1
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Algorithm 2 Gibbs Sampling-Based User Association
Input: Ny, Tonar, 6, Hy, By, WO, WO, 0 o0,
B(v)7 B(v)7 p807 poe, O-’U7 0-7"
Output: b
Initialize: Sample b according to DUD from {0, 1}
1: Convergence < False

2: by Db

3: while t < T,,,. AND Convergence # True do

4: Generate the set B! = {bt- 1}V | > Containing N, + 1 vectors
5: for cach b’ € B! do

6: From H, and H, Obtain A, and A,, respectively

7: Calculate R, < Zj R; using (B.10), (3_1%) and ()

8: end for

9: R, + [R,] € RNuH! > i.e. concatenate values of R
10: Normalize the vector R, to be in [0, 1]

11: Divide the elements of R, by Y R,

12: Square all the elements of R, > To distinguish the values in R

13: Sample b’ from the distribution in ()
14: if bl = b,s then

15: Convergence < True
16: else
17: boig < b’

18: end if
19: end while

Notice that the superscripts are omitted since the problem is applied to both
networks. This is again a non-convex nonlinear integer problem and not easy to
tackle. Therefore, without loss of generality, we propose to use two distinct sup-
optimal clustering techniques, namely A; and A,, to help evaluating the system.
These clustering techniques certainly do not guarantee optimal solution but are

justified selections in our problem.
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Q| =

Figure 3.2: Illustration of A; clustering

To start with, the first clustering technique, A; = [ay, ], is given by

alm = (325)
Oa dj,i > dmaxa

where d;; denotes the distance between user j and AP i, and dq, is a network
design parameter representing the maximum distance a user could be from an
AP and still be served by that AP. Figure shows this clustering technique in
action.

The second clustering technique, Ay = [ay; ], is based on the maximum number

of served users per AP, i.e. each AP can serve up to V,,., users. Those users are
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Figure 3.3: Illustration of A, clustering

chosen based on their distance form that AP. This clustering is given by

1, if d;; is one of the Ny,q, smallest d; ;;

75

0, otherwise.

Figure shows a simple scenario where this clustering is implemented with

Nmax = 3.

3.2.4 Constraints Satisfaction

In this section we convey the precoding schemes used in this paper. In addition,

we provide the methodology that we follow to satisfy the constraints in (B.18€)
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and (B.18f) which are the same as those in (b.le), (B.le), (B.22c|), (B.22d|), and

the general one in (| )

The precoding matrix W can be selected in multiple ways. However, we choose
to use the ZF precoding scheme. This precoding scheme is meant to suppress the
intra-network interference. The ZF precoding that incorporates the clustering is

denoted by Wy = [W1 Wo - Wy }, where w; is given as in [79] by

-1

wi= (Y Agh(Agh)" | Agghy, (3.27)
lESj

where S; represents the set of users that are served by partially the same APs as
user j. Hence, this precoding scheme is usually referred to as partial ZF. Moreover,
this set is given as S; = {i : Ay;A4; # 0}, where 0 is the zero matrix [79].
Precoding schemes distribute the powers from APs to users. However, to meet
the power constraints in our problem/sub-problems we need to allocate powers to
users. Transmitted power from AP ¢ in any network can be given in term of both

user powers and the precoding matrix as

pi=Y_ (wi;)* P (3.28)

where p; is the power transmitted by AP ¢. To satisfy the constraints of our

problem, we choose to allocate equal power to all users. Hence, users’ powers are
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P] : < Z;Vu (w,“j) >. (3.29)

(2

This guarantees that each AP transmits signal within its power budget.

3.3 Simulation Results

In this section, the performance of the proposed system along with the two pro-
posed association algorithms are evaluated by studying the effect of changing
several parameters on the sum-rate. Unless stated otherwise, the simulation pa-
rameters used in our setup to generate all the results are listed in Table @ in the
previous chapter. Monte-Carlo simulation has been implemented to obtain more
accurate and generic results, and every displayed point is the arithmetic mean
of 1000 points resulted from 1000 independent distribution of users. In addition,
VLC blockage effect for both VL.C systems and the Hybrid systems is assumed in
all results since it was shown in the previous chapter that the performance of the
proposed system does not deteriorate much when the blockage is introduced. The
results in this section are divided into two subsections, where in the first subsec-
tion we evaluate the system with no clustering, and in the second subsection we

evaluate it using the two proposed clustering techniques.

3.3.1 Hybrid CF-mMIMO without clustering

It has been already established that the clustering matrix A allows for generalized

analysis. This means that it covers all possible connections between APs and
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Figure 3.4: Average per-user rate versus FoV

users. Hence, the static (original) CF structure is nothing but a special case. In
fact, setting a;; = 1, V1, j leads to having all APs serve all users, a no-clustering
scenario. In this subsection, we evaluate this special case of the system. However,
the results of this part are greatly similar to the results of the previous chapter.
Thus, we only provide the result of the average per-user rate as the FoV is changing
and the CDF of the average per-user rate, using both Algorithm m and Algorithm
i

Figure @ shows the effect of changing the FoV of the VLC receivers on the
average per-user data rate in both the proposed system (using both Algorithm 1
and Algorithm 2) and a VLC standalone CF system. In the VLC standalone sys-
tem, we set the number of APs to be equivalent to the total number of (VLC+RF)
APs in the proposed hybrid system. This has been carried over three choices of

number of users in the system. The conclusion of this figure id similar to Figure
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Figure 3.5: CDF of average per-user rate
@, where it tells us the proposed system outperforms the VLC standalone sys-
tem. In addition, it is obvious from the figure that the performance gap between
the proposed system and the VLC standalone widens as the number of user in
the system increases. It came as surprise that when N, = 5 the standalone VLC
CF system performed better than the proposed system with Algorithm E, which
indicates that this algorithm may not always be suitable when the room has a
small number of users.

Figure @ shows the cumulative distribution function (CDF) of the average
per-user rate of five systems, namely, the proposed hybrid system using Algorithm
EI and Algorithm E and a random user association scheme, as well as two cell-free
systems that consists of either RF APs or VLC APs (standalone CF systems).
All the systems are evaluated when N, = 10 and N, = 20. This figure empha-

sizes that the proposed system works best with relatively high number of users
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when the other systems fail to compete. It also emphasizes that the proposed
user association algorithms E and EI perform much better than the random user
association.

Figure @ shows the number of iterations (on average) required to reach con-
vergence versus the number of users in the system. Stating the obvious, the
number of iterations required to converge increases with the increase in the num-
ber of users. In other words, as the number of users increases, the algorithm
require more iterations in order to converge to a solution. The figure numerically
suggests a linear relationship between the number of users in the system and the
number of required iterations for Algorithm E to converge. In addition, the figure
indicates that even if the number of APs in the system increases (hence, the room
dimensions increase as per Table @), it has no impact on the required number

of iterations. However, this figure does not show the complexity within each it-

66



eration. It should not be difficult to notice that increasing N, or the number of

APs would require more computations within each iteration.

3.3.2 Hybrid CF-mMIMO with Clustering

In this subsection, the performance of the proposed system and algorithms along
with the proposed clustering techniques are studied. It is worth to emphasize that
despite the non-optimal selections of clustering techniques we adopt, they serve
the purpose of the comparison held in this section. The main advantage of the
proposed clustering techniques is that they are extremely simple to implement and
do not require any complex computation or iterative search. Nonetheless, they
achieve a satisfactory performance with the right choice of precoding schemes.

Clustering parameters are presented in table Ell

Table 3.1: Parameters for Clustering
Clustering A, A,

Network VLC RF VLC RF

17— 4m 6m —
Nmaz - - 3

o |

Figure @ shows the CDF of the proposed hybrid CF-mMIMO utilizing the
first clustering technique A; with three user association approaches, namely, Al-
gorithm E, Algorithm Iil, and random association. Standalone CF systems were
evaluated using the same clustering technique for comparison. In this figure, ZF
precoding is implemented. We see the clear lead of the proposed hybrid system

with both association algorithms over all other systems in the figure. It is worth
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Figure 3.7: CDF of average per-user rate using A; clustering
to notice that Algorithm EI performs better than Algorithm E, however, the per-
formance gap between them is almost null when N, = 20. It can be seen that
using A, for clustering reduces the sum-rate of all the systems in the figure. The
drop in the performance is mostly due to the fact that each AP is limited to
serve only users in d,,q, proximity, which removes the users that can receive some
channel gain from any of the networks but are further than d,,,, from the AP,
hence limiting the data rates.

The performance of the second clustering technique A using ZF precoding
is shown in Figure @ Multiple things can be concluded from this figure. The
overall performance of the system using A, clustering is better to the performance
when using A;. The figure shows that with A, clustering, less than 30% of the
users experience an average rate of 300 Mbits/s, which is much better than that

when using A; where over 85% of the users receive an average rate of less than
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Figure 3.8: CDF of average per-user rate using A, clustering

300 Mbits/s. Although one might notice that this specific clustering significantly
lowers the performance of the VLC standalone CF system and kills the perfor-
mance of the RF standalone CF system, it does not have such an impact on the
hybrid system when using any of the proposed user association algorithms espe-
cially when the number of users is low. However, when the number of users is
relatively high, N, = 20 in this case, two things are noted; first, the performance
when using A, clustering is almost the same as when A; clustering is used with
a slight lead for the As. Second, the performance of the gibbs sampling-based
algorithm (Algorithm E) is superior to that of Algorithm m

Figure @ compares the two proposed algorithms in terms of the sum-rate they
converge to with different number of users when A; clustering is used. Figure
on the other hand presents the same comparison but with Ay clustering

instead. Both figures show that regardless of what clustering technique is used,
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it is better to adopt Algorithm EI for user association when low number of users
exists in the system. However, things turn around as the number of users increases
above a certain number where Algorithm E becomes superior and its performance
dominates. These figures suggest that according to the expected number of users

in a given system/area we might select an algorithm to adopt.
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3.4 Conclusion

In this chapter, a user-centric hybrid VLC/RF cell-free massive MIMO system has
been introduced. User association and user clustering are two interlinked issues,
and thus are formulated into a joint optimization problem that aims to maximize
the sum-rate of the proposed system. The joint optimization problem is further
simplified into two independent sub-problems, where each one is dealt with sep-
arately. A Gibbs sampling-based algorithm is proposed to find a sub-optimal
solution for the user association sub-problem. This algorithm is compared to
the iterative algorithm that was proposed in Chapter E Each algorithm showed
high potential in certain cases. Two user clustering techniques are proposed and

evaluated as well. The system outperformed other CF systems including a hy-
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brid system with random user association, a VL.C standalone system, and an RF

standalone system.
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CHAPTER 4

DEEP REINFORCEMENT

LEARNING-BASED USER

ASSOCIATION

Chapters E and H of this thesis studied the hybrid VLC/RF CF-mMIMO system
with different user association algorithms and clustering techniques, and showed
that they provide a significant enhancement compared to other systems. How-
ever, Algorithms EI and E are iterative in nature and require a long time to run
and converge, which is not exactly suitable for places with relatively fast varying
channels. Meanwhile, in the field of data science, ML algorithms are known for
their fast decision-making process. An ML model is usually trained in a process
that might take several hours, or even days in some applications or model struc-
tures. However, a trained model can be fed with an appropriate input to predict

an output in a very short inference time. This output prediction or decision mak-
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ing is called inference, and ML algorithms are well known for their near instant
inference.

In this chapter, we propose and develop a DRL framework to select the best
network to serve each user in the hybrid VLC/RF CF-mMIMO system. That is,
we solve the user association problem with the help of DRL. The user clustering
problem provided in Chapter H is ignored here for reasons that will be discussed
in the conclusion of this chapter.

First, we start by presenting a theoretical background of DRL and its basics

as it is a relatively new field.

4.1 Theoretical Foundation of DRL

Machine Learning is a very broad field with many different algorithms. ML al-
gorithms can be thought of as methods to optimize the performance of a variety
of tasks by learning from a set of available data. All ML algorithms have a well
mathematical structure and derivations, however, it is not the scope of this work
to expand on that. Here, we are mostly interested in the DRL which is, in essence,
a combination of both DL and RL. Therefore, we provide a brief background in-

formation on DL, RL, and DRL.

4.1.1 Deep Learning

Deep Learning is a sub-area of ML that is related to ANNs with more than a single

hidden layer. An ANN is a brain-inspired ML algorithm that consists of layers
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Figure 4.1: A structure for an ANN with two hidden layers with 10 neurons each.
The figure is taken from [2]

of artificial neurons organized in a network structure similar to that provided in
Figure @ If an ANN contains more than one hidden layer it is called a deep
neural network (DNN) which is then considered as a DL model. These DNNs are
trained on data samples to estimate a model that fits these samples, which can
then be used on any other set of similar data to provide estimations (or other
tasks). This is generally useful when there is no direct equation that links the
output to the input. To build a DNN model, it is required to have a training data
set that consists of some optimal choices of data points that we need the system
to learn from. The reader might have already guessed that this is of no use in
practical wireless communication systems since having the optimal points means
that we had a way to have reached it, which raises the question of why do we even
need to use DL models in the first place.

Although that is partially true, there are two counter arguments that need
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to be addressed. First, finding the optimal solutions sometimes requires a huge
computational complexity, which is not always practical when a quick solution is
needed. Thus, it could be beneficial to obtain the optimal solutions of only some
data samples and then use these optimal solutions with their samples to train a
DL that is then capable of providing a solution at any point in time. Second,
the history of science and engineering showed us that things may not seem useful
at first and then turn out to be powerful in the future with some developments
(which is indeed the case here when the Deep Learning was involved in the Deep
Reinforcement Learning, later in this section). Therefore, we dig a little bit in the
Deep Learning or the neural networks.

A DNN is an ANN but with multiple hidden layers, each one holds a number
of neurons. Neurons of different layers are connected via links that are called
synapses which are usually called the weights. DNNs can come in different struc-
tures and types that are different from the basic structure provided in Figure Ell,
such as, convolutional neural networks (s) and Recurrent neural networks
(s), which are beyond the scope of this work and will not be discussed.

To appreciate the working principle of giant DNNs, we first have a quick look
on the operation of a single neuron. A neuron is a representation of an activated
weighted sum, or a linear combination, of the features of its input layer (or the
previous layer in a multi-layer network) as shown in Figure @ The word ‘acti-
vated’ in the definition means that the weighted sum passes through an activation
function ¢(-) that activates the ability of the network to span other dimensions

(non-linear dimensions). There is a large variety of activation functions, each is
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suitable for certain applications, and all of them have a nonlinear relation between

its input and its output.
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Figure 4.2: A single neuron operation

For instance, two well-known activation functions are the sigmoid activation

function, which is given by

1

1 d(z) = = 4.1
Sigmoid(z) = o(x) T+ oxp (=2 (4.1)

and the rectified linear unit () that is given by
ReLU(z) = max(0, z). (4.2)

4.1.2 Reinforcement Learning

Reinforcement Learning is a sub-area of ML that deals with how something will
act in a new environment given that it needs to reach a certain goal or maximize

a specific function (or reward) via sequential decision making process. We can
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think of RL as a technique that is inspired by the way human beings learn, i.e.
by interacting with their surroundings. The sequential decision making process is
crucial for achieving the maximum value of the reward and is then formalized using
a Markov decision process (@) Therefore, MDPs are the basis for problems
that are solved by RL. In this section, we explain the concept and components of
an MDP, then we deviate to discuss the Q-learning, which is an algorithm that

helps us solve for the optimal decision making policy.

Markov Decision Processes (MDPs):

There are five components that describe an MPD, an agent, an environment, a
state, an action, and a reward. The agent is the decision maker. The environment
is whatever the agent is interacting with. The state of the environment describes
at what stage, level, or value it is in, and is brought to the agent and then the
agent decides on what action within its set of all possible actions A. is best to
be chosen in order to maximize its reward. Once the agent selects its action
based on the information it possesses, the environment transitions into a new
state and delivers a reward value to the agent. This process occurs at each time
step t, and the agent’s goal, when choosing action, is to maximize the cumulative
rewards over all time steps. Figure @ shows the interaction between an agent and
its environment. The expected return of rewards is the sum of future rewards.
This is very useful since it is the goal of the agent to maximize the expected
return. However, while this definition works fine when we have a limited number

of time steps, it fails when we have a continuing task since the number of rewards
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that needs to be added are infinite. This brings us to the definition of expected
discounted return, and now this become the agent’s objective to maximize. The

expected discounted return can be written as

G = Z’Ykrtﬂc, (4-3)
k=0

where G; is the expected discounted return (expected return for short) at time
step t, ry is the reward at time step ¢ + k, and ~ is the discounting factor and
is always non-negative and less than unity. This definition points out the fact
that while the agent will always consider future rewards, it gives more weight
(attention) to the immediate reward. We can further reformulate the equation as
follows

)
k
Gt = § Y Ttk
k=0

=T+ YT + Ve VT (4.4)

=i+ 7 (r + Ve F Vs ),
=1t +YGry1,
this shows that expected returns at different time steps are related to each other.
However, based on what would an agent select an action while it is in a certain
state? and how good an action is under a given state of the environment? Here,
we introduce the concepts of a policy and value functions, respectively. A policy is
a function that provides probabilities for selecting actions given the current state
of the environment. It is a common practice to denote the policy by the symbol

7. Thus, 7 is a probability distribution over the set of all possible actions given a

79



Environment Environment Environment Environment

(a) (b) (c) (d)

Environment Environment Environment

(e) () () (h)

Figure 4.3: Steps of the interaction between an agent and its environment. Figure
(h) represents a case of DRL instead of RL (the agent is a neural network).

specific state s. We can write the probability of selecting an action a € A, given
the agent is in state s as 7(als).

Value functions tell us how good a state or a state-action pair is in terms of
the expected return. However, we know that the expected return depends on the
actions taken by the agent, and those actions are based on the policy 7 that the
agent is following. Thus, value functions are defined for an agent with policy .
There are two definitions for value functions, state-value function and action-value
functions. A state-value function provides the value of a state s for an agent that
is following policy 7w and it is denoted by v,. Whereas, an action-value function
provides the value of an action taken by an agent (who is following policy 7) given
that the environment is at state s. It is denoted by ¢, and is given as the expected

return if an agent takes action a at time step ¢ while it is at state s
o
0x(s,a) = E; [Gi|sy = s,ay = a] = E, nykrt+k|st =s,a=al. (4.5)
k=0

This action-value function is conventionally known as the Q-function, and its
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output as the Q-value. With that being established, it is now the goal of the

Reinforcement Learning to find the policy that gives higher return than any other

policy i.e. the optimal policy. Moreover, we say that a policy 7 is better than

another policy 7/, if the expected return from policy 7 is higher than that of 7/,
i.e.

7 > 7' if and only if ¢,(s,a) > ¢ (s,a), Vs € 8,a € A.. (4.6)

Associated with the optimal policy, we have an optimal action-value function
(optimal Q-function), which provides the largest expected return for each state-

action pair for an agent following policy 7, and is given by
q«(8,a) = maxq.(s,a) Vs € 8,a € A.. (4.7)

A fundamental and critical property of the optimal Q-function ¢, is that it

must satisfy the Bellman optimality equation that is given by
¢«(s,a) = F [rt +ymaxg.(s',a)|, (4.8)

where s’ is the next state of the environment reached by taking action a while the
environment was in state s, and a’ is the action that will be selected when the
environment is currently at state s’ if we follow the optimal policy. The Bellman
equation states that the optimal Q-value of the current state action pair equals to
the the expected return from that pair added to the discounted optimal Q-value

of the next state-action pair, i.e. the maximum expected return.
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Q-learning:

Q-learning is a Reinforcement Learning algorithm used to learn the optimal policy
in an MDP. The essence of the Q-learning is to iteratively solve for the optimal
g« using the Bellman equation (@) Updating the Q-value aims at finding a
q that is as close as possible to right hand side of Bellman equation, so that
eventually it converges to the optimal g¢*. In the action selection process, there
is a trade-off between exploration, which means using random actions to explore
the environment and check for possible better actions, and exploitation, which is
utilizing the Q-values we have to select the best known action. For this trade-
off, we use the Epsilon Greedy strategy which states that a random action will
be chosen with a probability of € and an action that have the maximum known
corresponding Q-value will be chosen with probability of (1 —¢). A fairly common
practice is to start with ¢ = 1 since we do not have any information about the
quality of any state-action pair, then we decrement the value of € each time an
action is taken to exploit the data that we have collected by the time.

We need to keep comparing the loss between the updated Q-value and the
optimal Q-value and consequently update the Q-value to reduce the loss that is

given by

loss = q.(s,a) — q(s,a),
(4.9)
=F [n + ymaxg.(s/, @')} - B

o0
Z ’YkTHk] .
k=0
In addition, in the learning process we can have a learning rate parameter a which

allows us to control the influence of the learned value on the new Q-value. The
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new Q-value is then calculated as

newly learned value

old value DN
/\ 7 N
q"(s,a) = (1 — a) q(s,a) +a <7“t + 7y max g.(s, a’)> : (4.10)

Setting o = 1 means that the new Q-value is the one we compute via the Bellman
equation, which means throwing the old Q-value.

To summarize, the agent in a Reinforcement Learning learns a policy that
maps each state to the best action with the goal of maximizing the expected
return. However, learning this policy is nothing but learning the Q-values of all
state-action pairs. In other words, an agent’s policy can be represented by a
table of states versus actions, and each entry of the table is the Q-value of the

state-action pair that represent that cell.

4.1.3 Deep Reinforcement Learning

We can briefly define the Deep Reinforcement Learning as a Reinforcement Learn-
ing but with a DL-based agent. There are many algorithms that belong to the

family of DRL, however, in this work, we only focus on the deep Q-learning (DQL).

Deep Q-Learning:

In problems where the action space is huge, the Q-table that represents the agent’s
policy become huge and updating it becomes computationally inefficient, which
may lead to poor results and slow convergence. Thus, it is not recommended

to update the Q-table in that same way, but it is preferred to estimate the Q-
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table using a function estimator. A well-known function estimator is the ANNs
discussed in Subsection . Therefore, the agent in the DQL employs a neural
network, known as deep Q-network (DQN), that estimates the Q-values given a
state and tries to reduce the loss and find the optimal Q—functionﬂ. The DQN
takes the state of the environment as input and outputs the Q-values of each
action in the action space.

To help enhance the training, we use the replay memory. The replay memory
is a buffer with finite capacity that stores some of the agent’s experiences at each
time step to use them later in the training. The agent’s experience at time step ¢
is given as the tuple

Ey = (s¢, a4, 74, Se41), (4.11)

where s;, a;, ¢y, and s;1 represent the current state at time step ¢, the agent’s
action at time step t, the reward achieved when the state transitions from s; as
action a, is performed, and the new state of the environment after applying ay,

respectively.

Training the DQN:

The process of training the DQN starts by initializing the weight of the DQN. Now
for each time step in an episodeE, we explore/exploit the environment and select an

action. Once an action is taken and executed, the environment returns a reward

' The Q-function is another name for the Q-table, both of them represent a mapping between state-action

pairs and the corresponding Q-values

2An episode is a full simulation length from the initial state to the final state or until convergence
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to the agent and it transitions to a new state. The actual training then starts
by sampling a batch from the replay memory and passing that batch through the
DQN. The loss in (@) is then computed. The Q-values are computed by passing
the state of the environment through the DQN which outputs the Q-value of each
possible action. However, using that DQN to calculate both Q-values in (@)
is impractical as updating the DQN’s weights causes a change not only in the
Q-values but in the target Q-values as well. An idea to overcome this issue is to
introduce a second neural network that is responsible for the target Q-value in

the loss i.e. ¢.(s,a). Specifically, this new separate network is meant to estimate

4 b

the term ‘H?X ¢«(s',a’) ”. This network takes the next states from the sampled
batch and estimates the Q-values of all possible actions to get the target Q-value
in the loss expression. Thus, we call the original network the policy network since
it approximates the policy, and this new network is called the target network since

it is used to calculate the target QQ-values. The weights of this target network are

cloned from the policy network’s weights every certain number of episodes.

4.2 User Association in Hybrid VLC/RF CF-

mMIMO systems: A DRL Approach

After laying the foundation of the DRL, we now propose our own DRL framework
to accomplish our goal of assigning users to one of the two networks, VLC or RF,
in order to maximize the sum-rate of the system proposed in this thesis i.e. the

hybrid VLC/RF CF-mMIMO system.
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Let us first restate the optimization problem that we wish to solve

max. ZRj (4.12a)
J
st. by e{0,1} (4.12b)
Ny, 9
Z(wgfj)) P <1, Vi, (4.12¢)
=1
Ny,
™)* pr) :
> (uwl)) P <, vi. (4.12d)
j=1

which has already been mentioned in Chapter E and Chapter E In this part of
the chapter we are only focused on proving that we can build a DRL framework
that can solve this optimization problem; thus, we will only consider the case of a
static CF-mMIMO system that was presented in Chapter , where the elements
of the clustering matrices A®*) and A are all ones. The constraints () and
() are satisfied by allocating equal power to all users similar to what was
described in Subsection . The following explains, in details, the design of our

developed DRL framework that is built to solve ()

4.2.1 Proposed DRL Framework

Before we present the details of the proposed framework, we draw the big picture
of how the system behaves. Assume the same system model as in the previous
chapters, we now try to assign users to one of the two networks using a DRL
model. This system model, including the number of APs in each network and their

locations in the room and all other parameters, is considered as our environment.
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Table 4.1: DRL Parameters

Parameters Value
Discounting factor ~ 0.999
Number of episodes 10000
Time steps per episode 100
Initial exploration rate e 1
Replay memory size 10000
Target network update period Pr 10 episodes

The Agent is the decision maker, which in our case is the responsible for deciding
which one of the two networks serves each user; that is the CPU. An action is the
user association vector. Thus, with a specific user distribution, the agent starts
by randomly assigning users to one of the networks. Consequently, changes occur
in the environment causing a change in its state, and a reward is then returned
to the agent according to the selected action. This pattern continues as the agent
is learning, and as it learns it starts to assign users to the networks based on
the events that it experiences, i.e. the agent applies Epsilon-Greedy strategy.
The details of the learning process are described in the previous section. All the
required parameters for our DRL framework are presented in Table Ell In this
subsection, we discuss the different elements of the proposed DRL framework and

the design of its agent, states, actions, and reward.

Agent Design

The proposed DRL framework is based on the DQL algorithm where we design
a DQN to estimate the Q-values of all state-action pairs. We design our DQN

as three linear layers (a.k.a. fully connected layers) with an activation function
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Figure 4.4: Agent’s DQN structure
Table 4.2: DQN Structure
Input s € R?Nu
Layer 1 Fully Connected (In: 2N,, Out: 100)
Activation LeakyReLLU
Layer 2 Fully Connected (In: 100, Out: 500)
Activation LeakyReLU
Layer 3 Fully Connected (In: 500, Out: 2M+)

implemented after layers 1 and 2. The last layer is not followed by an activation
function since it will provide us with the estimates of the QQ-values, and we need

these value with no changes applied to them. This structure is shown in Figure
@. The detailed structure of the network is provided in Table @
Action Space

The actions that the agent can take are the different combinations of users as-
sociation to the networks. These are the different combinations of the elements

b; in the vector b. In other words, in this work taking an action means selecting
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a vector b. We denote the set that contains all possible actions by A, which we
call the action space. Given that the number of users in the system is N, the
number of possible actions is |A| = 2™, This is why the output layer of the
agent’s DQN contains 2+ neurons, each one outputs the Q-value of selecting that

specific action given the state provided as input to the DQN.

State Space

As stated earlier, an agent takes an action based on the current state of the
environment. In this context, the agent selects an association vector b, we choose
to make the SINRSE of the users represent the state of the environment. This is
done by first creating a vector s of length 2/N,,. This vector is a concatenation of
two vectors each of length N,. Each one of these two vectors contains the SINRs
of all users in one network and are represented by s and s for the VLC and

RF networks, respectively. This is shown in Equation .

3The term SINR is used broadly in this chapter to refer to the quantities in equations (E) and (@)
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If a user is not connected to one network, the user’s entry in the vector of that
network is zero, which is shown in Equation . The set of all possible states in
the system is denoted by 8, where s € §. The values of SINR are continuous and

thus there are infinite number of possible states, i.e. |8 = oc.

’yj(m) if user j is connected to network m;

(m) _
SINR™ = (4.14)

0 otherwise.
Rewards

After an agent monitors the state of the environment and selects an action it
receives a reward that indicates whether the selected action was a good candidate
action or not. Since we aim to maximize the sum-rate in equation (), we
select the sum-rate of the system to indicate how good our action (or choice of
user association vector) is. Therefore, the reward in our proposed framework is

the system’s sum-rate.
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Table 4.3: DQN Hyperparameters

Hyperparameter Value
Optimizer Adam
DQN learning rate 0.001
Batch size 256

4.2.2 Training the Agent’s DQN

The elements presented in the previous subsection construct the DRL framework.
We now train the DQN to select the best user association given the state of the
environment, i.e. the SINR of each user. Algorithm B describes the training
procedure of the DQN. In the training we use another DQN as a target network
to help in the training as discussed earlier. The chosen network’s hyperparameters

are presented in Table .

4.3 Simulation Results

In this section, we evaluate the performance of the proposed DRL-based user asso-
ciation in the proposed hybrid VLC/RF CF-mMIMO system. Here, we implement
ZF precoding as was done in Section @ Table Ell contains the simulation pa-
rameters used to generate all the following results.

As the DQN network has a specific structure, once trained it can only accept
inputs of the same size that it was trained with. In other words, if the DQN is
trained on the existing NNV, users in the room, it cannot (by itself) accommodate
for a new entering user. Although not in the scope of this work, a possible solution

for this is to use transfer learning process as proposed in [68]. Nonetheless, we
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Algorithm 3 DQN Training Algorithm

1: Initialize policy network

2: Initialize replay memory

3: Initialize the environment

4: Clone policy network parameters to target network

5: Target network parameters <— policy network parameters

6: for episode < 1 to Number of episodes do

7 for t < 1 to Number of time steps do

8: Select an action a; based on the epsilon-greedy strategy and the state

of the environment and the policy network

9: Execute the action and get the reward r, and the next state s;11
10: Store the experience E; = (s, ay, 74, S¢+1) in the replay memory
11: if Data in memory > batch size then

12: Sample a batch from the memory

13: Estimate current Q-values ¢(s, a) using the policy network
14: Estimate the next Q-values using the target network

15: Calculate the loss between the target Q-values and the current Q-

values

16: Update policy network parameters

17: if mod(episode, Pr) = 0 then

18: Clone policy network parameters to target network

19: end if
20: end if
21: end for
22: end for

perform a separate training process for different number of users.

In the following, we show the training curves of three different choices of the
number of users. Specifically, the sum-rate versus the episode number in the
training process when N, = 10, N, = 14, and N,, = 18 is presented in Figure @,
Figure @, and Figure @, respectively. In these figures, the black curves are the
actual sum-rate achieved by the DRL, while the red curves are the filtered sum-
rate. The filter used here is a moving average filter of length 100, which means

that every point in the red curves represents the average of the last 100 points of
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Figure 4.5: Performance of DRL-based user association for N, = 10

the black curves. This moving average filter is given by

LS x[n—m], n>100;
yln] = m=0 (4.15)

0, otherwise,

where y is the output of the filter (red signal), and x is the filter’s input (black
signal).

It is important to compare the performance of the DRL-based user association
with the classical association algorithms proposed in previous chapters. Thus, we
plot a curve of the sum-rate vs the number of users for all of the association
algorithms proposed in this thesis. Figure @ presents this comparison for the
hybrid system using the classical association algorithms proposed in Chapters E

and E as well as the DRL-based user association proposed in this chapter. Note
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that each point of the DRL curve is the mean of the performance of the last 1000
episode.

This comparison tells us that the DRL-based user association does indeed
perform well even compared to the other proposed algorithms. In fact, with
this specific framework and training conditions, it slightly outperforms the Gibbs
sampling-based user association (Algorithm E) as shown in Figure @ There is an
obvious lead when Algorithm m is used. However, in terms of sum-rate, the DRL-
based approach performs pretty well. Moreover, it is important to notice that
these trained DRL models have the potential to provide us with the association
vector b instantly compared to the time it takes Algorithm EI and E to provide

their results.
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4.4 Conclusion

In this chapter, a DRL framework was developed to solve the user association prob-
lem in the hybrid VLC/RF CF-mMIMO system proposed earlier in this thesis.
We designed the agent, states, actions and rewards of the proposed framework. An
algorithm to train the proposed agent’s DQN is provided and the training results
show great potential compared to the classical algorithms provided in previous
chapters. DRL-based user association performed slightly better then the Gibbs
sampling-based user association (Algorithm E) However, Algorithm EI performs
the best amongst all of them. Nevertheless, it is noteworthy that the DRL-based
user association has the advantage of providing an instant output once required,
while Algorithms EI and E take a noticeable amount of time to provide their out-
put. Dispite their advantages and performance, DRL models often consume a
noticeable space in the random access memory () to generate, store, and use
their neural networks. The size of these networks grow with the number of possi-
ble actions in the designed framework. In our proposed framework, the size of the
action space is |A| = 2V, This indicates that, with the current setup, problems
will arise as N, increases. In fact, this is the main reason for ignoring the user
clustering problem. If our framework was built with the intention of dealing with
both user association and user clustering, i.e. to solve the joint problem in (B.1§),
the number of possible actions would be |A| = 2MNutNuwXNoap+NurxNrap) - This

number is tremendously huge and can not be dealt with using the current setup.
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CHAPTER 5

THESIS CONCLUSION AND

FUTURE RESEARCH

DIRECTIONS

5.1 Thesis Conclusion

In this Thesis, a hybrid VLC/RF CF-mMIMO system and a UC hybrid VLC/RF
CF-mMIMO are proposed, analysed and evaluated in Chapter E and Chapter H,
respectively. Generic expressions for the achievable rate in both system are de-
rived where any precoding scheme and any clustering scheme can be used in the
final expressions. Two optimization problems are formulated, a user association
optimization problem and a joint user association and user clustering optimiza-
tion problem. Moreover, the joint optimization problem is simplified into a user

association sub-problem and a user clustering sub-problem.
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Three distinct approaches are proposed to solve the user association problem.
An iterative search algorithm (Algorithm EI), a Gibbs sampling-based algorithm
(Algorithm E), and a DRL-based algorithm are proposed. The performance of
the system using each of these algorithms is studied and numerical results are
provided in their respective chapters.

Using Algorithm Iil, we studied the sum-rate of the proposed system and how it
increases with the number of users. We have also shown that the proposed system
is resilient to blockage. The convergence of Algorithm m was studied as well.

Algorithm E was shown to provide a sub-optimal solution which is ever lower
than what Algorithm EI provides. Nonetheless, when clustering is introduced,
the performance of Algorithm E dominates as the number of users in the system
increases beyond a certain number.

The performance of the DRL-based association was shown to be around the
performance of Algorithm E, however, with the advantage of instant inference once
required.

Moreover, a comparison between the three proposed algorithms is carried out
for three different choices of the number of users in the system, which shows that

Algorithm EI performs the best.

5.2 Future Research Directions

There are several possible directions to continue and extend the work presented

in this thesis, some of these ideas are mentioned in the following:
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o In a static hybrid VLC/RF CF-mMIMO system, it is possible to relax the
integer constraint on the user association variable. This allows the value
of b; to be in the range [0,1]. Furthermore, with the assumption of ZF
precoding with equal power distribution, the problem becomes convex and

can be solved using Lagrange duality.

o In a static hybrid VLC/RF CF-mMIMO system, if we assume ZF precoding
we can formulate a joint optimization problem of both user association and
power allocation. This can be approached by relaxing the constraint on the

user association variable and then jointly solved for both variables.

e In the UC hybrid VLC/RF CF-mMIMO system, we may try to approach
the user clustering sup-problem with a heuristic approach, by first limiting
the number of possible clustering combinations to lower the complexity of

the algorithm.

e A DRL-based clustering technique may be formulated to perform the user
clustering task. However, memory requirements issue has to be addressed,
and a different framework needs to be developed to lower the possible num-

ber of actions and to increase the efficiency of the current implementation.
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