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Abstract

A new era of wireless networks is evolving, thanks to the significant advances in com-
munications and networking technologies. In parallel, wireless services are witnessing a
tremendous change due to increasingly heterogeneous and stringent demands, whose qual-
ity of service requirements are expanding in several dimensions, putting pressure on mobile
networks. FExamples of those services are augmented and virtual reality, as well as self-
driving cars. Furthermore, many physical systems are witnessing a dramatic shift into
autonomy by enabling the devices of those systems to communicate and transfer control
and data information among themselves. Examples of those systems are microgrids, ve-
hicles, etc. As such, the mobile network indeed requires a revolutionary shift in the way
radio resources are assigned to those services, i.e., Radio Resource Management (RRM).

In RRM, radio resources such as spectrum and power are assigned to users of the net-
work according to various metrics such as throughput, latency, and reliability. Several
methods have been adopted for RRM such as optimization-based methods, heuristics and
so on. However, these methods are facing several challenges such as complexity, scalability,
optimality, ability to learn dynamic environments. In particular, a common problem in
conventional RRM methods is the failure to adapt to the changing situations. For exam-
ple, optimization-based methods perform well under static network conditions, where an
optimal solution is obtained for a snapshot of the network. This leads to higher complexity
as the network is required to solve the optimization at every time slot. Machine learning
constitutes a promising tool for RRM with the aim to address the conflicting objectives,
i.e., Key Performance Indicator (KPI)s, complexity, scalability, etc.

In this thesis, we study the use of reinforcement learning and its derivatives for improv-
ing network KPIs. We highlight the advantages of each reinforcement learning method
under the studied network scenarios. In addition, we highlight the gains and trade-offs
among the proposed learning techniques as well as the baseline methods that rely on ei-
ther optimization or heuristics. Finally, we present the challenges facing the application of
reinforcement learning to wireless networks and propose some future directions and open
problems toward an autonomous wireless network.

The contributions of this thesis can be summarized as follows. First, reinforcement
learning methods, and in particular model-free Q-learning, experience large convergence
time due to the large state-action space. As such, deep reinforcement learning was employed
to improve generalization and speed up the convergence. Second, the design of the state and
reward functions impact the performance of the wireless network. Despite the simplicity of
this observation, it turns out to be a key one for designing autonomous wireless systems. In
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particular, in order to facilitate autonomy, agents need to have the ability to learn/adjust
their goals. In this thesis, we propose transfer in reinforcement learning to address this
point, where knowledge is transferred between expert and learner agents with simple and
complex tasks, respectively. As such, the learner agent aims to learn a more complex task
using the knowledge transferred from an expert performing a simpler (partial) task.
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Chapter 1

Introduction

1.1 Motivation

Future wireless networks are expected to support a multitude of services. According to the
International Telecommunications Union (ITU), Fifth-Generation (5G) network services
can be classified into three service types: enhanced Mobile Broad-Band (eMBB), ultra
Reliable and Low Latency Communication (uRLLC), and massive Machine Type Com-
munications (mMTC) [2]. Heterogeneous devices of different quality of service demands
will require intelligent and flexible allocation of network resources in response to network
dynamics. For instance, a highly reliable and low-latency network is needed to enable
rapid transfer of messages between connected autonomous vehicles. At the same time, the
same physical infrastructure is expected to serve users with high-quality video demand or
even mobile augmented /virtual reality entertainment applications. Next-generation wire-
less networks, i.e., 5G and the upcoming 6G, are expected to accommodate diverse use
cases. In particular, the heterogeneous traffic coming from mobile, vehicular, smart grid
and tactile domains, calls for efficient utilization of network resources to maintain quality
of service demands of each application. In addition, resource efficiency, reliability, and
robustness are becoming more stringent for 5G and beyond networks.

Furthermore, current wireless networks employ mathematical models to represent the
wireless system and evaluate its performance, which do not capture realistic situations
accurately. In addition, optimization of wireless resources poses significant challenges in
computation time, complexity, and energy consumption. Combined with the increasing and
heterogeneous traffic, the mathematical models are likely to fail in capturing the stringent
QoS requirements of next-generation wireless networks [3].
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Figure 1.1: ML-enabled future wireless network and services.

To meet this, next-generation networks must incorporate a paradigm shift in network
resource optimization, in which efficient and intelligent resource management techniques
have to be employed. Machine Learning (ML) stands as a promising tool to intelligently
manage network’s resources such that network efficiency, reliability, robustness goals are
achieved and quality of service demands are satisfied. In particular, ML presents a key ad-
vantage in managing network resources in a flexible and agile operation. This provides the
network with more autonomy that reduces the computational and time expenses of manual
configuration and maintenance. On the same line, ML can be adopted for real-time anal-
ysis and dynamic control that both provides flexibility and reduces human intervention.
Indeed, the opportunities that arise from learning environment’s parameters under varying
behavior of the wireless channel, positions ML-enabled 5G and 6G superior to preceding
generations of wireless networks. Fig. 1.1 highlights some wireless problems and applica-
tions that can leverage the potential of ML. Despite these opportunities there are certain
challenges that need to be addressed such as convergence time, computational complexity,
adaptability to network dynamics, etc.

1.2 Thesis Contributions

This thesis aims to investigate the potential of ML, and more specifically reinforcement
learning methods, as developed for the task of RRM in current and future generations of
wireless networks. In particular, we demonstrate the effectiveness, in addition to studying
several challenges of applying distributed reinforcement learning methods for RRM. The
proposed methods demonstrate a very good ability in achieving, as well as balancing,



several network KPIs such as throughput, latency, reliability, fairness, and load balancing.
Furthermore, we address several challenges of reinforcement learning and its variants such
as space and time complexity, design of state and reward functions, performance with
respect to optimization-based schemes, and knowledge transfer. The following lines detail
and highlight our contributions and challenges of applying reinforcement learning to the
wireless domain.

e Improving KPIs of Wireless Networks: Improving the KPIs of wireless net-
works, such as throughput, latency, reliability, fairness, and load balancing, is the
main goal of using ML methods. In this thesis, we used several techniques to address
several objectives and to balance the conflicting trade-offs. In particular, reinforce-
ment learning is used in sections 3.2 and 4.4 to improve aggregate throughput in
both LTE and 5G networks, respectively. Furthermore, in sections 3.3, 3.4, and 3.5,
we employ reinforcement and deep reinforcement learning for improving latency un-
der different network scenarios. Finally, multi-objective RRM has been addressed in
sections 4.2, 4.3, and 4.5, where a network serving uRLLC and eMBB users is consid-
ered. The aim is to address the trade-off stemming from the coexistence of uRLLC
and eMBB users and satisfy latency, reliability, and throughput requirements.

e Convergence and Complexity: Despite the performance gain associated with re-
inforcement learning, it experiences a well-known convergence problem. In particular,
in each iteration of QQ-learning, a Q-value of state-action pair is updated. Although
this leads to better discrimination, it also incurs large convergence time due to the
need to visit as many state-action pairs through exploration. A straightforward so-
lution to this problem is to use a function approximator for the calculation of the
Q-values. As such, deep reinforcement learning has been a natural choice in our work
to speedup reinforcement learning’s convergence. In sections 3.4 and 3.5, we used
deep Q-learning to improve latency of mission-critical services and tactile internet,
respectively. Furthermore, deep Q-learning is used in section 4.5 to perform multi-
objective resource allocation in mm-wave network, where latency and reliability of
uRLLC were addressed. We show that deep reinforcement learning outperforms the
convergence of tabular methods, in addition to achieving better policy that improves
the targeted KPIs.

e Design of Reinforcement Learning: The design of state and reward functions of
the reinforcement learning method have a direct impact on the performance results.
In contrast to single-objective reinforcement learning, we propose a multi-objective
reward function in sections 4.2 and 4.3 for RRM with the aim to improve throughput,



latency, and reliability in 5G network that covers uRLLC and eMBB users. Further-
more, section 4.5 addresses the improvement of Quality of Service (QoS) requirements
of uRLLC and eMBB users using Long Short Term Memory (LSTM)-based deep Q-
learning, in which the design of the reward function is crafted to capture the QoS
of the users. As such, the sections demonstrate the importance of designing state
and reward functions that capture the desired goal of the system. However, manual
design constitutes a challenge, and a more flexible solution is needed to facilitate
autonomy in the network. We address this using transfer in reinforcement learning
as presented in section 5 and explained in the next item.

e Knowledge Transfer - Autonomous Systems: Most ML methods are inspired
by human behaviour, in which an ambitious goal is to have an agent that is not only
able to perform well under a predefined goal, but is also able to set goals for itself.
Despite the success of reinforcement learning methods, yet the manual design of the
reward function constitutes an impairment in the way toward a fully autonomous
system. As a first step, we investigate the performance of transfer learning in the
domain of reinforcement learning in chapter 5. In particular, we study how to transfer
knowledge between an expert agent, that performs a simple task, to a learner agent
that performs a more complex but related task. The task of the agent is user-cell
association in mm-wave network, whereas the task of the learner is joint user-cell
association and selection of the number of beams in a beamforming scenario. The
work shows the advantages of using transfer in reinforcement learning under certain
network scenarios in comparison to the Q-learning method.
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1.4 Organization of the Thesis

The rest of this thesis is organized as follows.

Chapter 2 provides a background on RRM and a literature review on different methods
employed for RRM.

In chapter 3, we study the problem of RRM in LTE networks with the use of reinforce-
ment and deep reinforcement learning methods. In particular, the RRM tasks considered
are resource block allocation, user-cell association, and power allocation. We demonstrate
the advantages and challenges of using the proposed methods under various traffic sce-
narios and network architectures. Various network KPIs are targeted, such as latency,
throughput, and load balancing.

In chapter 4, we turn the page to 5G networks, and we present several advancements
with the use of reinforcement learning methods. Traffic heterogeneity, in addition to more
stringent QoS requirements are addressed with the proposed solutions. Furthermore, we
study the use of reinforcement learning for clustering and beamforming in mm-wave net-
works.

Chapter 5 introduces transfer in reinforcement learning as a solution to speed up the
convergence of conventional Q-learning methods that rely on tabular approaches. We
demonstrate the performance of transfer in reinforcement learning under different network
scenarios and we study its complexity and convergence proprieties compared to different
machine learning algorithms.

Finally, a summary of this work and some challenges and future directions are presented
in chapter 6.



Chapter 2

Background and Literature Review

2.1 Background

This section provides an overview of RRM and ML methods that are used throughout this
thesis. Section 2.1.1 presents the fundamentals and requirements of RRM in LTE and 5G
wireless networks. Section 2.1.2 presents background information on the three machine
learning methods used, namely reinforcement learning, deep reinforcement learning, and
transfer in reinforcement learning.

2.1.1 Radio Resource Management

Next-generation wireless systems are expected to serve massive connectivity between het-
erogeneous users such as human users, machines, vehicles, etc. With the heterogeneity
of these users, they pose diverse QoS requirements. In addition, network dynamics such
as users mobility, fading characteristics, and traffic variations calls for efficient utilization
of network resources. RRM is the process of assigning wireless network resources, e.g.,
spectrum and power, to network users in order to achieve high quality wireless communi-
cation [1|. In this thesis, we consider RRM functionalities that are concerned with spectrum
allocation, power allocation, interference management, user-cell association, and mm-wave
beam management that are applied to LTE and 5G wireless networks.
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Spectrum Allocation

To schedule access to the time frequency radio resources across users, LTE and 5G have
adopted Orthogonal Frequency Division Multiple Access (OFDMA) scheme. In OFDMA,
time and frequency resources are organized in a grid, namely resource grid. The time di-
rection of the grid is divided into a number of Orthogonal Frequency Division Multiplexing
(OFDM) symbols, whereas the frequency direction is divided into a number of orthogonal
subcarriers as shown in Fig. 2.1. Every 12 contiguous subcarriers are grouped to form
one Resource Block (RB). The RB spans a time slot in the time direction that consists of
multiple OFDM symbols. If short cyclic prefix is used, a time slot consists of 7 OFDM
symbols, whereas if extended cyclic prefix is used, a time slot consists of 6 OFDM sym-
bols. Therefore, a RB constitutes the minimum unit of allocation to a user. In addition,
a RB is allocated to one user per cell, hence avoiding intra-cell interference. Since the
time slot is the minimum duration of a transmission, it is denoted as Transmission Time
Interval (TTI). Therefore, resource allocation can be casted as the assignment process of
the number and positions of RBs to users in the network each TTI.

LTE supports two duplexing methods: Frequency Division Duplex (FDD) and Time
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Division Duplex (TDD). In FDD, separate frequency bands are used to enable simultaneous
uplink and downlink communication. Fig. 2.2 presents LTE type-1 frame structure used
for FDD operation. In particular, a radio frame of 10 msec duration is sub-divided into
10 sub-frames of 1 msec duration each. Furthermore, each sub-frame consists of two time
slots, i.e., two T'TIs. In FDD, the whole radio frame is used for both uplink and downlink
communication through allocation of separate frequency bands.

On the other hand, in TDD, the radio frame is divided into two equal portions, where
uplink and downlink communication is multiplexed, i.e., uplink and downlink get 5 msec
each for transmission.

Power Control

Inter-cell interference constitutes a significant impairment to having a reliable wireless
communication. In the downlink, a cell with high transmission power can cause severe
inter-cell interference to a cell-edge user that belongs to an adjacent cell. Furthermore, in
the uplink, close users that belong to different cells and are using the same RBs can cause
inter-cell interference. Therefore, efficient RRM is needed to mitigate inter-cell interference
in order to achieve reliable communication. One approach to lessen interference is to use
efficient power control schemes, i.e., to adjust cell and users transmission powers.

LTE uses power control schemes in order to limit the transmission power of cells and
users, hence mitigates inter-cell interference. Closed-loop power control is used in the



uplink. In particular, the base station can perform no power control, channel inversion, or
fractional power control. Under no power control, all users are free to allocate their power
in the uplink which might lead to high spectral efficiency but low battery efficiency and
poor fairness [5]. Channel inversion, on the other hand, results in the same received power
for all users, which achieves fairness. Between the extremes, fractional power control can
be used to balance fairness, spectral efficiency, and energy-efficiency.

User-Cell Association

User-cell association is used to determine the cell that a user should associate with before
data transmission commences. It plays a key role in interference mitigation, load balancing,
spectrum efficiency, and energy efficiency [6]. Users are associated to cells based on their
demands, their distance from the cell, and their channel quality [4].

Beamforming and User-Clustering

Several technologies are evolving in 5G and upcoming 6G wireless networks such as mm-
wave, beamforming, and Non-Orthogonal Multiple Access (NOMA). In particular, mm-
wave is enabling communication over higher bands, which are less congested and provide
larger bandwidths. Furthermore, beamforming facilitates the communication with focused
power gains in the direction of the user. NOMA, in addition, improves network’s perfor-
mance by multiplexing users’ signals in the power domain. With these technologies, future
wireless networks can provide better network capacities to the covered users. However,
many challenges still exist. On one hand, with the use of power domain NOMA, user-
beam association is needed to construct and assign better beams to users. Therefore, user
clustering stands as an important decision in mm-wave networks employing power domain
NOMA. On the other hand, as mentioned previously, power allocation plays a key role
in mm-wave networks. In particular, power allocation is needed to mitigate inter-beam
interference and to improve network throughput.

2.1.2 Machine Learning Methods

Over the past decade, the huge growth in data across many different fields resulted in
big data challenge which amplified the need for intelligent data analysis schemes. Various
machine learning methods emerged, such as deep learning, and they have been used along
with traditional machine learning methods to cope with the big data problem. Recently
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they have been adopted in wireless networks. In this section we give a brief overview of
the widely used techniques adopted for the wireless network.

Before delving more into machine learning, it is worth mentioning a few words on the
definition of machine learning and its difference with Artificial Intelligence (AI). The Turing
test, proposed by Alan Turing 7], was designed to answer the question "Can a machine
think?". The test identifies machine intelligence if a human cannot tell whether the written
responses come from a person or from a computer. With this, Al can be defined as the
technology which enables a machine to mimic human behavior. In order for the machine
to pass Turing test, it has to have several capabilities such as the ability to communicate
in a human language to interpret the test (i.e., natural language processing), the ability to
hear and store information (i.e., knowledge representation), the ability to draw conclusions
(i.e., reasoning), the ability to adapt to new situations (i.e., machine learning), etc [3]. As
such, machine learning is a subset of Al which allows the machine to learn from past data
to perform a specific task. Indeed, in this thesis, we use the terms machine learning and
ATl interchangeably.

Machine learning schemes can be classified into four main categories: Supervised learn-
ing, unsupervised learning, semi-supervised learning, and reinforcement learning. These
four categories differ in the way the algorithm is being trained [9]. In supervised learning,
the training is performed initially by some labeled data. The labeled data represents a
set of inputs with their corresponding outputs, known beforehand. Therefore, supervised
learning algorithms are well-suited to applications with historical data. Feature extraction
and classification have been applied to several signal processing problems. In classification,
the task is to identify which set of categories a new observation belongs to. In contrast,
unsupervised learning algorithms aim to infer features in the data, thus inferring the im-
plied structure. Semi-supervised learning algorithms use both labeled and unlabeled data.
Finally, reinforcement learning uses data from the implementation instead of historical
data. The aim of reinforcement learning is to improve the performance of an agent in a
certain task using feedback from the environment. As such, the agent’s goal is to pre-
dict the next action to take to earn the biggest final reward. Reinforcement learning is
unsupervised, however, the way of learning is different than other unsupervised learning
techniques. Rather than learning the structure of some data, reinforcement learning tries
to explore the best actions in the medium of operation. Hence, the ability to capture the
environment through feedback and perform actions makes reinforcement learning suitable
for problems involving a series of decisions, i.e., following a policy of actions according to
observed environment’s state.

The following sections provide an overview of the main methods used in this work.
These methods are reinforcement learning, deep learning, deep reinforcement learning,
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and transfer in reinforcement learning.

Reinforcement Learning

The problem of reinforcement learning is a straightforward framing of learning from in-
teraction between a decision-maker (i.e., an agent) and its environment [10]. Figure 2.3
presents a conceptual diagram of the operation of tabular methods of reinforcement learn-
ing. In particular, the elements of reinforcement learning constitute an agent that interacts
with its environment by making action decisions and receiving a reward signal. The agent
observes a state that characterizes its environment. The state of the environment should
compactly retain relevant information of the environment through immediate and past
sensations. A state signal that satisfies this condition is said to have Markov property.
Therefore, the reinforcement learning problem can be cast as a Markov Decision Process
(MDP) with the four-element tuple: {states, actions, transition probabilities, and reward
function}. In particular, at each iteration 7, the agent receives some representation of the
environment’s state S, € 8, where 8 is the set of possible states. Afterwards, the agent
selects an action A, € &(S,), where ((S,) is the set of possible actions available in state
S;. At the next iteration step (7+ 1), the agent receives a reward value R, in response to
the taken action and the environment’s state changes to S;;1. Furthermore, the transition
probability, p(s'|s,a) = Pr{S.41 = §'|S; = s, A, = a}, defines the probability that the
environment’s state changes from S, = s to S,;,; = s’ when the agent performs action
A, =a.

The ultimate goal of a reinforcement learning’s agent is to identify the best policy that
maximizes its total expected reward as follows:

I}rl(%icE[RTH +YRri2 + YV Rrys...|S: = 5, A = al, (2.1)
where 0 < v < 1 is a discount factor that reduces the contribution of future rewards in
addition to maintaining a stability in computations. 7(s) is a policy that defines the optimal
action at state s. In particular, the mapping from state S, to action A, is performed
by following a stochastic policy 7w(a|s) = Pr{A, = a|S; = s}. As such, the goal of a
reinforcement learning agent is to seek a policy that maximizes its total expected discounted
reward over the long run. To achieve that, a value function is used to quantify how good
is a certain policy given a state-action pair. An action-value function can be defined as
follows:

¢x(5,a) = Ex[Rry1 + VR0 + Y2 Rrys...|S; = 5, A, = d, (2.2)
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Figure 2.3: Conceptual diagram of Q-learning operation.

where ¢.(s,a) is the action-value (i.e., quality value or Q-value) of policy m when starting
at s state and taking a® action. The optimal value function can be computed through
a brute-force method which becomes intractable for large state-action space. Instead,
temporal difference methods, such as Q-learning and State-Action-Reward-State-Action
(SARSA), are used to compute an estimation of the value function. In Q-learning, the
following update rule is used to approximate an agent’s policy:

0 (Sr Ar) < ¢ (S: A + a[Rryy + mnax Gri1(Sre1,a") — ¢ (S7, AL, (2.3)

T+1

where ¢, (S,, A;) represents a Quality-value (Q-value), and max ¢r1+1(Sr11,a’) computes
a'€Gr i1
an approximate of the Q-value at the next state S;;; under the best action. On the other

hand, SARSA uses the following update rule as follows:
QT(ST; AT) <~ QT(ST7 Ar) + a[RT+1 + "Yqﬂr—}—l(ST—i-l; at + 1) - QT(ST7 Ar)] (24)

It is worth mentioning that the design of the state and the reward functions can influence
the goal and outcome of the reinforcement learning agent. Appendix A presents detailed
guidelines on how to design the state and the reward functions of a reinforcement learning
agent.
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Deep Learning

Besides reinforcement learning, neural networks have been recently used in the state-of-
the-art wireless network research. Neural networks are designed to mimic the structure of
neurons in the human brain. Fig. 2.4 presents a typical structure of a neural network.
In particular, a neural network consists of three types of layers: input layer, output layer,
and hidden layers. Each layer comprises a set of artificial neurons that perform certain
mathematical function, namely neuron activation function. In the input layer, a set of
neurons are used to perform pre-processing on an input feature vector @. Furthermore,
another set of neurons at the output layer are used to produce the outcomes, y, of the
neural network. Neurons in a certain layer are connected to the neurons in the preceding
layer, where each connection has a weight. In the training phase, the weights are adjusted
according to the training dataset, where the training dataset provides a set of inputs and
their expected outputs, i.e., labels.

Neuron’s Activation Function
The neuron is the basic unit of a neural network, where it performs a certain mathematical
function on its input information. Fig. 2.5 presents a typical structure of a neuron, where
represents input feature vector, w represents vector of weights of a neuron’s pre-activation
function (z(x)), b represents a bias value, and (&) represents the neuron’s activation
function. Furthermore, w and b are denoted by hyper-parameters of the neuron. As
such, the combined processing of the neuron consists of pre-activation and activation. In
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particular, the pre-activation is performed as follows:

z(x) =b+ Z W;T;. (2.5)

Therefore, the output of a neuron is represented as follows:

o(@; b,w) = Y(z(x)) = (b + Z wit), (2.6)

where o(x; b, w) represents the output of the neuron, and 1(z(x)) represents the activation
function of the neuron.

The activation function of an artificial neuron can take several forms such as linear,
sigmoid, hyperbolic tangent, and rectified linear activation functions. Fig. 2.6 presents
example plots of the aforementioned activation functions.

Architectures of Neural Networks
Neural networks can be structured in different forms such as feedforward, convolutional,
or recurrent neural network. A neural network with one hidden layer is a shallow neural
network while a neural network with multiple hidden layers is a deep neural network. Fur-
thermore, deep neural networks can have different forms such as feedforward, convolutional,
recurrent.

In a feedforward neural network, information flows in one direction as shown in Fig.
2.4. In contrast, a deep recurrent neural network incorporates feedback connections among
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layers as shown in Fig. 2.7. In particular, the next state of a neuron relies on input features
as well as the current state. The feedback connections allow the deep recurrent neural net-
work to infer relations in long sequential information, i.e., more efficient at generalization.
Therefore, the activation function of a recurrent neural network’s neuron can be written
as follows:

0,(2) = f0, 1(x), .: b, w), (2.7)

where o, (x) and o,_;(x) are the output of the neuron at 7" and (7 — 1) iteration steps,
respectively.

LSTM Neural Network

LSTM is a Recurrent Neural Network (RNN) architecture that is used to process entire
sequences of data. In particular, LSTM is used to infer dependencies among long sequences
of information. It can be used in tasks such as connected hand writing and speech recogni-
tion. An LSTM cell consists of an input gate, an output gate, and a forget gate as shown in
Fig. 2.8, where o represents a sigmoid function and tanh represents a hyperbolic tangent
function. As such, LSTM is considered the most generic architecture of a recurrent neural
network.
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Deep Reinforcement Learning

Tabular methods of reinforcement learning is known to suffer from long convergence due to
the need of large sample space of experiences [11]. In particular, conventional reinforcement
learning uses a table to store Q-values, namely Q-table, which leads to high complexity
and large convergence time. This is because one Q-value is updated each iteration. As
such, deep reinforcement learning methods have been used to improve the convergence
of conventional reinforcement learning by introducing a deep neural network that is used
for Q-value estimation. Moreover, the introduction of the deep neural network allows for
learning correlations among input sequences.

One drawback of reinforcement learning is its tendency to diverge when using a non-
linear function approximator such as neural network. To solve this, in [11], the use of an
experience replay memory, in which network training is performed by sampling random
experiences, is proposed. An experience is defined as e = {s, a,r, s'}. This experience can
then be used in training the LSTM to refine the Q-value estimation at each iteration. Fig.
2.9 presents a conceptual diagram of a deep reinforcement learning method. In this thesis,
the environment is considered to be the wireless environment, from which a feedback signal
is transmitted to the agent to compute a reward and a next state signals. To maintain low
complexity, the training of the main neural network is performed every multiple TTIs. In
particular, a batch of experience samples is drawn randomly from the experience replay
memory. The batch is fed to the target neural network in order to compute a sequence of
reference responses. These responses constitute the labels used to train the main neural
network. In addition, the target neural network is initially loaded with the weights of the
main network. However, the update of the target neural network’s weights are done every
multiple TTIs to maintain stability [12].

Transfer in Reinforcement Learning

The idea behind transfer learning is to exploit the knowledge learned about one task to
improve generalization in another task [1]. Indeed, humans can re-utilize their learned
knowledge from a previous task in solving new tasks more rapidly or with better solutions
[13]. This reduces the need for a large number of training samples, which is a common
problem in reinforcement learning. For example, Temporal Difference (TD) methods, such
as Q-learning, suffer from slow convergence due to the need of a large number of training
samples of experience, commonly collected via trial-and-error approach over large number
of iterations [12]. Hence, the key motivation to transfer learning in TD methods is to
reduce the amount of samples needed for learning the target task, and to reduce the

18



Agent

v

Next State

Prediction

A

Reward

l Sz+1

l 41

Experience Replay | a.
Memory B

D

=

=

'S

S

it 2
Main Deep Training Target

>  Neural [* Neural

Network CORYEN Network
o

<

=

S | —\]e-greedy Action
w

Action (a;)

Environment

Selection

Figure 2.9: Architecture of a deep reinforcement learning method.

19




I Traditional Learning

I
Dataset 1
Knowledge

[

[

[

[

: Transfer
[

[

Lo

Figure 2.10: Conceptual explanation of the difference between traditional and transfer
reinforcement learning.

convergence time. Furthermore, deep reinforcement learning can be considered as another
technique to improve convergence, where efficient representations of the environment are
drawn from high-dimensional input data that are further used to generalize over past
experiences |1 1]. However, deep reinforcement learning generalizes over a localized domain
(i.e., same knowledge domain), whereas transfer reinforcement learning aims at transferring
knowledge across domains.

Fig. 2.10 presents a conceptual comparison between traditional and transfer reinforce-
ment learning approaches. In particular, transfer learning considers knowledge transfer
across tasks. Such knowledge transfer can transcend fixed or different domains. With
fixed domain, the state-action spaces of the source and the target tasks are equivalent,
whereas the objective, represented by the reward function, might differ. Transfer with dif-
ferent domains constitute different state-action spaces for source and target tasks |14, 15].

2.2 Related Work

ML is gaining a significant attention in the area of RRM for wireless networks. More
specifically, the use of ML to improve the performance of wireless networks has increased

20



significantly in the last decade. This section surveys the most recent works on ML-enabled
wireless networks. In particular, we focus on the works that employ reinforcement learning,
deep learning, deep reinforcement learning and transfer learning. For more comprehensive
surveys, the reader is referred to the works in [16-20]. Table 2.1 presents a summary on
algorithms adopted for wireless networks. We start by providing a survey on conventional
methods of optimizing network parameters, which includes heuristics, optimization-based
methods, and conventional data science methods. Afterwards, we present the works with
learning-based methods, which include reinforcement learning, deep learning, deep rein-
forcement learning, Bayesian reinforcement learning, transfer learning, federated learning,
and imitation and meta-learning.

Table 2.1: Summary of research works on ML-enabled wireless networks.

Method Work| Network Objective Task
[21] | mm-wave- sum-rate clustering
NOMA
Conventional [22] | mm-wave- sum-rate user  clustering
NOMA and NOMA
Methods :
power allocation
[23] | mm-wave sum-rate user-cell associa-
tion
[21] | mm-wave femto- | sum-rate user-cell as-
cell sociation  and
resource alloca-
tion
[25] | mm-wave sum-rate user-cell associa-
tion
[26] | vehicular  net- | reliability — and | power and re-
works knowledge source block al-
location
[27] | UAVs fairness UAV’s tra-
jectory, user
scheduling and
bandwidth
allocation
Reinforcement [28] | femto-cell net- | sum-rate power allocation
Learning works
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Reinforcement
Learning

femto-cell Uni- | sum-rate power allocation
versal Software

Radio  Periph-

eral (USRP)

D2D networks sum-rate spectrum  and

power allocation

macro- and
small-cell  net-
works

energy-efficiency
and QoS of users

traffic offloading

UAVs

sum-rate

placement of

UAVs

UAVs

sum-rate

downtilt angle of
ground stations

mim-wave net-
works

rate

dynamic rate
selection for en-
ergy harvesting,
dynamic power
allocation for
heterogeneous

network, and
distributed  re-
source allocation

5G vehicular
network

sum-rate

TDD up-
link /downlink

multiplexing

heterogeneous
networks  with
renewable  en-
ergy sources

energy-efficiency

user scheduling
and resource al-
location

Deep Learning and

Deep
Reinforcement
Learning

multi-cell  net-

energy-efficiency

power allocation

work and sum-rate

massive Mul- | spectral effi- | beam alignment
tiple Input | ciency

Multiple Output

(MIMO)  mm-

wave networks
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Deep Learning and
Deep
Reinforcement
Learning

virtual  reality | quality of expe- | resource al-

network on | rience and delay | location and

UAVs transmitted
image size

UAVs energy-efficiency | deployment  of
UAVs and user
association

virtual  reality | breaks-in- user-cell associa-

network presence tion

green heteroge- | energy-efficiency | networking,
neous networks caching, and
computing
resources
cognitive radio | sum-rate packet transmis-
networks sion scheduling
5G mm-wave | sum-rate beamforming,
networks power  control,
and interference
management
energy harvest- | sum-rate power allocation

ing networks

vehicular  net-
works

rate and packet
delivery proba-

spectrum alloca-
tion

bility
ultra-dense net- | spectrum  effi- | resource alloca-
works ciency, energy- | tion

efficiency  and
fairness

multi-cell  net- | sum-rate power allocation

work

5G networks sum-rate resource  block
allocation

multi-carrier

NOMA

maximization of
sum rate and
maximization of
minimal rate

spectrum  and
power allocation
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industrial wire-

reliability, la-

resource  block

less networks tency, and | allocation
throughput
Bayesian D2D network rate spectrum, trans-
Reinforcement mission  mode,
Learning and power

allocation

mm-wave  net-
works

increase number
of covered users
while  meeting

their QoS

beam direction

Transfer Learning

small-cell  net-
works

rate

user-cell associa-
tion

general  Radio

Access Network
(RAN)

average rate and
fairness

downlink power
control and
edgeless connec-
tivity

Federated
Learning

general RAN delay parameters
of federated
learning model
general RAN convergence resource al-
time of feder- | location and

ated learning

selection of the
users that con-
tribute to the
global model

vehicle-to-
everything
network

sum-rate, la-
tency and
reliability

transmission

mode selection,
resource  block
allocation, and
power allocation

Imitation and
Meta Learning

D2D network

minimum data
rate

spectrum  and
power allocation

general RAN

sample efficiency

pruning policy

UAVs

delay

trajectory of
UAVs
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2.2.1 Conventional Optimization Methods

In [21], the authors present a method for clustering the users in a mm-wave-NOMA system
with the objective of maximizing the sum-rate. In particular, the authors use agglomer-
ative hierarchical machine learning-based clustering technique to perform the automatic
identification of the optimal number of clusters. The main advantage of agglomerative clus-
tering is that specifying the number of clusters is not needed in constrast to conventional
clustering techniques such as K-means clustering. Furthermore, the proposed technique
uses a cosine similarity as the metric to identify users that can be grouped in the same
cluster.

In [22], the authors aim to maximize the sum rate of a mm-wave-NOMA system by
solving user clustering and NOMA power allocation. The authors utilize the correlation
features of the user channels to develop a K-means clustering algorithm. They also drive
a closed form solution for the optimal NOMA power allocation within a cluster.

The authors in [23] aim to maximize the throughput of an ultra-dense mm-wave network
with multi-connectivity by solving the user-cell association problem. Using multi-label
classification technique, the authors investigate three approaches for user-cell association:
binary relevance, ranking by pairwise comparison, and random k-lebelsets.

In [24], the authors consider clustering, user-cell association, and resource allocation
in mm-wave femto-cell networks. The solution is performed by difference of two convex
functions programming with the aim to cluster femtocells and femto-users based on having
the most Line of Sight (LoS) connectivity in order to provide maximum system rate.

The work in |25] addressed the improvement of user performance in a mm-wave network
by considering association of users to multiple base stations. In particular, the user asso-
ciation problem is transformed into a multi-label classification problem by treating users
and base stations as samples and classes, respectively, which is then transformed into a
series of single-label classification. As such, the authors propose two multi-label classifica-
tion algorithms, namely ranking by pairwise comparison and random k-labelsets that solve
the user association without the knowledge of channel state information. Furthermore, in
order to reduce the need for large sample space, the authors formulate the single-label clas-
sification as a Markov random field, where a novel feature extraction method that utilizes
geographical location and topological information is adopted.

Age of information in vehicular networks was addressed in [26]. In particular, resource
allocation in vehicular networks becomes a challenging process due to the highly dynamic
behaviour of the network conditions. As such, the authors aim to balance the trade-off
between maximizing reliability, which is achieved by minimizing the probability that age of
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information exceeds a predefined threshold, and maximizing the knowledge about network
dynamics. To achieve this, the authors propose an online decentralized solution based on
Gaussian process regression for power and resource block allocation.

In [27], the authors propose to use UAVs as a relay to decode-and-forward signals
transmitted from a base station to a ground user. In particular, fairness is achieved by
maximizing the minimum throughput among all users. As such, a low-complexity algorithm
based on the alternating direction method of multipliers was proposed to jointly optimize
the UAV trajectory, user scheduling and bandwidth allocation.

2.2.2 Reinforcement Learning

Co-tier interference management was addressed in 28| by employing an online Q-learning
algorithm for power control for improving aggregate network rate. In particular, three
algorithms were proposed: Centralized, femto-based distributed and subcarrier-based dis-
tributed power control using Q-learning. Each algorithm works in two different paradigms:
Independent and cooperative learning. In [29], we developed a USRP-based platform for
addressing interference in femtocell networks. In particular, distributed independent and
cooperative Q-learning approaches were used to perform an online power allocation with
the aim to maximize aggregate femtocell rate while maintaining QoS of users of the macro-
cell.

Q-learning is used in [30] to address the problem of joint spectrum and power allocation
in D2D networks. The proposed algorithm aimed at improving network capacity compared
to maximum power allocation and random spectrum allocation.

In [31], a macro-cell base station learns to make traffic offloading decisions to small-cell
base stations with the aim to improve energy-efficiency while maintaining QoS experienced
by the mobile users. The traffic offloading problem is modelled as a discrete time MDP.
Furthermore, a centralized Q-learning algorithm was developed to address the problem of
curse of dimensionality.

Recently, deployment and placement of UAVs have been active area of research. In [32],
the authors address the problem of 3D positioning of aerial base station to assist ground
stations for covering mobile users with enhanced quality of service. Due to users’ mobility,
the network topology gradually changes which impacts the quality of service of users.
Furthermore, the positioning algorithm will need more time to re-learn the network. As
such, an agile and fast learning algorithm is needed. Authors propose to use a Q-learning
algorithm to find an efficient placement of aerial stations to maximize throughput of the
network. The difference between current and previous QoS (i.e., throughput) constitute the
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agent’s reward. This motivates the agent to improve its decision to gain positive rewards,
hence improving the network throughput. After the training phase of Q-learning, it has
been shown that the algorithm can adapt to small changes in the network more rapidly.

In [33], the authors consider mobility management of UAVs with the aim of improving
UAVSs’ connectivity while maintaining a reasonable throughput performance for ground
users. In particular, a model-free reinforcement learning, i.e., Q-learning, is used to learn
how to tune the downtilt angles of ground base stations with the help of Reference Signal
Received Power (RSRP) and ground user’s capacity, whereas UAV’s trajectory is assumed
to be known beforehand.

The work in [34] studies RRM for mm-wave networks under unknown channel state
information. The authors address three resource allocation problems: dynamic rate se-
lection for energy harvesting, dynamic power allocation for heterogeneous network, and
distributed resource allocation. As such, an online reinforcement learning approach that is
modeled as a contextual uni-modal multi-armed bandit is used to learn the radio resource
allocation policy.

In [35], the authors address throughput maximization in a 5G vehicular network that
works with TDD frame structure. In TDD, uplink and downlink communication is multi-
plexed in time domain. In particular, a reinforcement learning algorithm is used to control
TDD configuration, i.e., uplink/downlink ratio, while taking into account network and
traffic load conditions.

The work in [30] addresses the problem of user scheduling and resource allocation in
heterogeneous networks with renewable energy resources with the aim to maximize energy-
efficiency of the network. As network environment is stochastic and the state-action space
is continuous, the authors propose to use a model-free reinforcement learning algorithm,
namely actor-critic reinforcement learning. As such, the actor generates stochastic actions,
whereas the critic is used to criticize the actor’s policy.

2.2.3 Deep Learning and Deep Reinforcement Learning

The work in [37] aims at maximizing system’s energy-efficiency and sum rate through power
control mechanism. To achieve this, the authors propose a neural network solution that
is trained with a large training set generated through a branch-and-bound method in an
offline setup, hence reducing the complexity of the algorithm. The trained neural network
was able to achieve the optimal power allocation.

The work in [38] considers beam alignment in massive MIMO mm-wave networks. A
neural network approach is adopted and trained offline to predict the beam distribution
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vector using partial beams. Results show the effectiveness of the approach in terms of
improving the total training time slots and the spectral efficiency.

The work in [39] considers a network of virtual reality users communicating using UAVs.
UAVs behave as relays that receive images on the uplink and forwarding them on the
downlink using LTE licensed and unlicensed bands, respectively. Furthermore, the quality
of images can be adjusted to change the transmitted data size in order to fit the resources
allocated. Therefore, dynamic resource allocation is required to both improve the quality
of experience of users and to meet the delay requirements of virtual reality applications.
To achieve this, the authors employ a deep Echo-State Network (ESN) algorithm. ESN is a
type of recurrent neural network with sparsely connected hidden layers. ESN aims to learn
the weights of the output layer only, while weights of hidden layers are fixed and randomly
assigned. This in turn increases the speed of learning over conventional recurrent neural
networks.

In [10], the problem of jointly optimizing UAV deployment, user association, and power
efficiency is addressed to meet the illumination and communication requirements of users.
The problem is solved using an deep learning algorithm that combines gated recurrent
units with convolutional neural networks with the aim to achieve energy-efficiency.

The authors in [11] use deep ESN and federated learning to address the problem of
breaks in presence for wireless virtual reality users. In order to reduce the breaks in
presence, a solution that considers the virtual reality application, transmission delay, video
quality, and users’ awareness of the environment is studied. As such, the authors develop
a federated ESN learning algorithm, in which each base station trains its machine learning
algorithm locally using data collected from users’ locations and orientations.

The work in [12] proposes a framework that enables orchestration of networking, caching
and computing resources with the aim to improve green heterogeneous wireless networks.
In particular, deep reinforcement learning was proposed to allocate networking, caching,
and computing resources dynamically.

In [43], the authors address the problem of low packet transmission efficiency of Internet-
of-Things Internet-of-Things (IoT) users in cognitive radio networks. In particular, a trans-
mission scheduling mechanism based on Q-learning was developed to learn the appropriate
strategy of transmitting packets to maximize system throughput. Furthermore, to address
the problem of curse of dimensionality, a stacked auto-encoder deep learning algorithm is
adopted to map the relation between the states and the actions, i.e., Q-values.

In [44], the authors formulate the joint design of beamforming, power control, and
interference management in 5G mm-wave networks as a non-convex optimization prob-
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lem. A solution using deep reinforcement learning was proposed to address the sum rate
maximization with feasible complexity.

Energy harvesting networks require the exchange of the state of the energy harvesting
process among nodes. In [15], the authors study the design of a decentralized power control
technique that does not require the exchange of state information among nodes in order to
maximize throughput in energy harvesting networks. To achieve this, the authors propose a
mean-field multi-agent deep reinforcement learning algorithm for optimal power allocation.
The algorithm is distributed and implemented in each node without the need to exchange
information with other nodes in the network. Furthermore, the authors show that the
obtained policies converge to the stationary Nash equilibrium.

The work in [16] addresses the spectrum sharing problem in vehicular networks. In
particular, the spectrum used by a vehicle-to-infrastructure is shared with a vehicle-to-
vehicle communication links. Multi-agent reinforcement learning was adopted, where each
vehicle-to-vehicle link is modeled as a separate agent that uses a fingerprint-based deep
Q-network to solve the spectrum sharing problem with the aim to improve vehicle-to-
infrastructure capacity and vehicle-to-vehicle payload delivery probability.

The authors in [17] consider a multi-objective resource optimization in an ultra-dense
network with the aim to balance the trade-off among spectrum efficiency, energy-efficiency
and fairness. In particular, a Q-learning algorithm is used to generate the training samples
of a model-driven deep neural network. Q-learning is designed to consider limited channel
state information, hence reducing the need for massive labeling data. In addition, the deep
neural network consists of a series of alternating direction method of multipliers. The ap-
proach show a rapid convergence, in addition to avoiding the need of random initialization
of the neural network.

In [18], the authors aim at improving the network-wide capacity of a multi-cell scenario
using deep reinforcement learning. In particular, a deep-Q-full-connected-network is used
to learn the multi-cell power allocation to maximize the overall capacity of the network.
The proposed solution is compared to water-filling and Q-learning power allocation, which
demonstrates a significant speedup in convergence.

Radio resource scheduling in 5G networks with different numerologies is investigated
in [19]. In particular, a numerology-agnostic deep reinforcement learning framework is pro-
posed for resource block allocation. The algorithm was designed to motivate the maximiza-
tion of the throughput, by improving modulation and coding scheme, while maintaining
fairness among users.

Resource allocating in multi-carrier NOMA systems is considered in [50] with the use
of deep reinforcement learning. In particular, the authors propose an attention-based deep
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reinforcement learning algorithm to perform joint channel and power allocation in order
to improve NOMA system performance represented by two metrics, i.e., maximization of
sum rate and maximization of minimal rate.

The work in [51] studies industrial wireless networks that incorporate uRLLC users with
interference, reliability, latency, and throughput requirements. In particular, the authors
propose a deep reinforcement learning to perform resource allocation for the uRLLC in a
decentralized setup.

2.2.4 Bayesian Reinforcement Learning

In [52], D2D pairs aim to select their transmission channels, modes, base stations, and
power levels without relying on a decision from the base station. The problem is formulated
as a Bayesian coalition formation game and a Bayesian reinforcement learning was used to
maximize the long-term rewards of D2D pairs.

The authors in [53] consider beamforming in mm-wave networks with the aim to increase
the number of covered users while satisfying their QoS requirements. In particular, the
authors model the problem of finding the optimal beam direction as a multi-armed bandit.
In addition, Thomspon sampling method is used to solve the multi-armed problem and
provide faster convergence.

2.2.5 Federated, Transfer, and Meta Learning

User-cell association between small-cells and users was addressed in [54] through a collab-
orative learning approach, namely imitation learning. In particular, a neural Q-learning
algorithm was proposed to enable a user to predict its reward function, hence to select
its serving base station, by exploiting the similarities with its neighboring users. The
algorithm demonstrate a speedup in convergence compared with conventional user-cell
association without imitation learning.

The work in [55] presents the design of a reinforcement learning framework for RRM.
The framework consists of a learner that learns an RRM policy from the network, and
a set of distributed actors that execute the policy of the learner to generate a stream of
experience. One realization of the framework is modeled using three components: neural-
fitted Q-iteration, ensemble learning, and transfer learning. Furthermore, this realization
was evaluated for two RRM problems: downlink power control and edgeless connectivity.
Meanwhile, in [62] a learning approach, based on neural network and Q-learning, is used
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to perform resource block allocation for latency and packet drop rate minimization. This
approach aims at learning the best scheduling rule, such as fairness at every iteration.

The work in [56] addresses the convergence improvement of federated learning. In
particular, the training of a federated learning model involves the cooperation between the
base station and the users, where users generate a local model and send its parameters
to the base station, which integrate them and generate a global model. As such, the
computation and communication latencies impact the performance of federated learning.
The authors address this by formulating a delay minimization problem and prove that it
is a convex function of the learning accuracy. Then, they use a bisection search algorithm
to the obtain the optimal solution. Meanwhile, the work in [57] addresses the convergence
time problem by the appropriate selection of the users that contribute to the global model
with their local model’s parameters. In addition, the authors consider wireless resource
allocation. As such, the joint learning problem, i.e., resource allocation and user selection,
is formulated as an optimization problem with the aim to minimize the convergence time
of federated learning. Furthermore, neural networks were used to improve the accuracy of
the global model by estimating the parameters of the local model of the users that are not
allocated any resource blocks for transmission.

In [58], the authors address the strict QoS requirements of vehicle-to-everything com-
munication. In particular, the authors aim to maximize the capacity of the network while
meeting the latency and reliability requirements. To achieve this, they propose a deep
reinforcement learning algorithm that aims to learn transmission mode selection, resource
block allocation, and power control for the vehicular network. Furthermore, the authors
propose a federated deep reinforcement learning to address the limitation of deep reinforce-
ment learning when it is trained locally.

In [59], resource allocation in D2D communication is considered to maximize the min-
imum data rate among D2D pairs. In particular, imitation learning is used to learn a
good auxiliary prune policy to speed up the branch-and-bound algorithm for joint channel
and power allocation. Furthermore, a mixed training strategy that involves a deep neural
network was proposed to improve the generalization of the of the imitation learning.

In [60], imitation learning is used to improve sample efficiency and feasibility problem
in learning techniques applied to radio resource management. In particular, the goal was
to learn the optimal pruning policy in the branch-and-bound algorithm using a transfer
via self-imitation method. Furthermore, the method is used to quickly adapt to new tasks
with few additional unlableled training set.

In [61], the authors study the optimal design of a UAV’s trajectory to cover users with
dynamic traffic load. In particular, a meta-reinforcement learning algorithm was proposed
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to optimize the trajectory of UAVs while considering the uncertainty and dynamic traffic
load of the users. The meta-learning approach is used to tune the parameters of the
reinforcement learning with the aim to provide on time service to ground users.

2.2.6 Research Gaps

The work in this thesis studies the methods of model-free reinforcement learning in detail
to demystify its advantages and limits as applied to the area of wireless networks. We
present reinforcement learning, deep reinforcement learning, and transfer in reinforcement
learning for current and next generation wireless networks, where we address the improve-
ment of several network KPIs in addition to presenting the challenges and complexities
of the proposed methods. Unlike the previous works in the literature, we conclude that
knowledge-driven methods such as transfer in reinforcement learning constitute a poten-
tial candidate for a fully autonomous wireless network. As such, we present transfer in
reinforcement learning to address interference management in wireless networks. Finally,
we discuss the challenges and the open issues in knowledge-driven learning.
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Chapter 3

Reinforcement Learning for LTE
Networks

3.1 Introduction

The works presented in this chapter focus on the use of model-free reinforcement learning
to improve the performance of LTE networks employed for different traffic and network
conditions, and RRM tasks. In particular, we address throughput, latency, and reliability
improvement using reinforcement and deep reinforcement learning. Different applications
have been chosen to reflect the studied KPIs. In particular, two application types have
been used throughout this chapter, tactile and microgrid communication. The Tactile
application demonstrate the need to improve the throughput of tactile users, whereas
the microgrid application demonstrates the need to improve latency of microgrid users.
Furthermore, the coexistence of users belonging to each application with traditional user
equipments calls for fairness among users.

This chapter is organized as follows. In section 3.2, we present the use of reinforcement
learning for resource block allocation with the aim to balance throughput of both tactile and
traditional user equipments. In section 3.3, community resilience microgrids are presented,
where reinforcement learning is used for resource block allocation with the aim to achieve
low latency for microgrid users while maintaining fairness across the network. With the
help of deep reinforcement learning, resource block allocation and user-cell association were
addressed for mission critical and microgrid users in sections 3.4 and 3.5, respectively.
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3.2 Q-learning based Resource Allocation for Data In-
tensive and Immersive Tactile Applications

The immersive tactile applications that are emerging in the entertainment, education and
health industries are anticipated to be available for mobile users in the close future. These
applications are data-intensive and delay-sensitive due to the nature of information that
is being exchanged. With today’s mobile networks, the throughput and latency challenges
are the major roadblocks for mobile users. In this work, we propose a resource allocation
technique with the aim of increasing throughput and reducing latency of Data Intensive
Device (DID)s [63]. We consider the coexistence of DIDs with traditional UEs on a two-tier,
densely deployed network of Small-cell Base Station (SBS)s and evolved NodeB (eNB)s. We
propose a (Q-learning-based resource allocation scheme, namely, Throughput-Maximizing
Q-Learning (TMQ) that learns the efficient resource allocation of both SBSs and eNB.
We show that by combining the two-tier network model and careful design of TMQ'’s
reward, the algorithm can improve multiple network metrics simultaneously. The proposed
technique is compared with the well-known Proportional Fairness (PF) algorithm in terms
of average throughput, delay, and fairness. Simulation results show significant improvement
in throughput, 80% reduction in delay, and 6% increase in fairness.

3.2.1 System Model

We consider a two-tier network of one eNB, M € W SBSs, and N,,, users per SBS as shown
in Fig. 3.1. Let J € 7 be the set of base stations (including eNB and SBSs) and N is the
number of users attached to j** base station. Two types of users are considered: DIDs,
which can be haptics gadgets, Virtual Reality (VR)/Augmented Reality (AR) devices,
mobile ultrasound, etc, and User Equipment (UE)s are conventional users of the mobile
network such as smart phones. All nodes comply with LTE release-12 downlink and uplink
communication [64]. In particular, each frame consists of 10 subframes of 1 milli-second
duration. LTE resource grid consists of a number of RBs, where the RB is a collection of
frequency subcarriers that spans two time slot duration (i.e., time slot = 0.5 msec). Each
multiple contiguous RBs are combined to form one Resource Block Group (RBG). Let K
be the number of RBG available for allocation. The RBG allocation process to attached
users is performed each TTI (TTI = one subframe). Furthermore, power allocation is
equal among RBGs and Almost-Blank SubFrame (ABSF) is used to minimize cross-tier
interference. In particular, each tier (e.g., SBSs/eNBs) performs its uplink transmission in
different subframes in an interleaved manner.
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Figure 3.1: Data-intensive and tactile application users over small cell wireless networks.

3.2.2 Problem Formulation

We aim to improve the throughput of DID users by addressing the resource block allocation
problem using Q-learning. The proposed algorithm based on a multi-agent Q-learning is
performed by the base stations of each tier (i.e., on both eNB and SBSs). In particular,

the rate between i'* user and j** base station (i.e., (i,7)"" link) can be formulated as:
Ch = i‘*’ log (1 4 TijkPigk ik > (3.1)
i,j — k ’ .
Y i wi No + 22 @i jk Dirjik har
- i/ENJ‘
i1

where, C;; denotes the total rate of i'" user attached to j** base station. Tk is a RB
allocation indicator, where z; ;1 = 1 denotes that k" RB is allocated to ** user that is
attached to j¥" base station. wj is the bandwidth of k** RB. Ny is the Additive White
Gaussian Noise (AWGN) single-sided power spectral density. p; ;; is the transmission
power and h; ;. is the channel coefficient on link (i,7) at k"™ RB. py ;) and hy j are the
transmission power and the channel coefficient of 7" interfering user, respectively.

The resource allocation can be formulated as an optimization problem that aims to
maximize network rate:

J Nj
Maximize » > Ci;. (3.2)

7j=1 =1
However, optimization-based approaches are considered fit for centralized controller which
does not scale well with the dynamic nature of the network. Therefore, we propose to use a

35



multi-agent reinforcement learning approach, in particular Q-learning. Indeed, Q-learning
has the potential to reduce the computational complexity by searching for the optimal
solution in an iterative approach. Furthermore, the proposed Q-learning algorithm is
distributed and works independently on each base station. The detailed description of
the proposed algorithm is presented in the following sections with a highlight on its main
features.

3.2.3 Throughput-Maximizing Resource Allocation using
Q-learning (TMQ)

The proposed algorithm, TMQ), utilizes Q-learning to maximize the throughput of DID and
UE users. The agents running Q-learning are eNBs and SBSs. In particular, eNB performs
TMQ to allocate RBs to its attached SBSs, whereas SBSs perform TMQ to allocate RBs
to its attached users. Each agent estimates the link quality by utilizing the Channel State
Information (CSI) feedback from its users.

TMQ is a multi-agent distributed Q-learning algorithm. TMQ’s action, a; ;, is defined
as the RB allocation of i*" user attached to j* base station at ¢ TTI. As the number
of users increases, the action-space dimension will increase significantly which leads to a
curse-of-dimensionality problem. For instance, an SBS covering 10 users and performing
allocation on 50 RBs will have 10°° actions to choose among. Instead, allocation can be
performed in a group of contiguous RBs, namely RBG. In order to reduce complexity and
improve the convergence, we consider a RBG of size 10 RBs. This significantly reduces
the action-space to become N/19) where N is the number of users and K is the total
number of RBs.

The reward function is formulated to maximize the rates of both DID and UE users as
follows:

ri=PBra+ (1—5)ry, (3.3)

where r; is the reward of j*" base station and 3 is a parameter to control the priority
between DID and UE users. r; and r. are the rewards of DID and UE users which are
defined as follows:

rqg= <%) tan"1(Cy), (3.4)
Ty = <%> tan"'(C,,), (3.5)
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where Cy and C), are the rates of DID and UE users, respectively. The reward function in
(3.3) aims at maximizing both the DID and UE rates while giving higher priority to the
critical load by increasing the parameter 3. The Q-value is updated as in (2.4) [9].

The performance of TMQ is compared to PF, where PF allocates RBs to the users
that have maximum relative channel conditions, with an intent to have fairness on the
long-run [5].

3.2.4 Performance Evaluation

Our simulations are performed using Matlab LTE toolbox. Our settings incorporate one
eNB with a radius of 800 meters, covering 10 SBSs, each with 50 meters radius [65]. In
all simulation figures, a fixed number of 5 UEs per SBS is considered, while number of
DIDs spans the range [4 : 2 : 12]. The Third Generation Partnership Program (3GPP)
pathloss model is used [66]: PLgp = 128.1 4 37.6log(d), where d is the distance in Km
between the base station and the user. Shadowing is drawn from a log-normal distribution
of zero-mean and 8 dB variance while penetration loss is set to 20 dB [67] and noise is set
to 5 dBm. We consider two traffic types. For devices running tactile applications we adopt
the Beta distribution as defined in 3GPP for MTC [68], and the traditional user traffic is
modeled as Poisson distribution with inter-arrival time 5 ms. Simulations are performed
and averaged for 5 runs. Table 3.1 summarizes the simulation settings.

The performance is analyzed in terms of average throughput, average packet delay,
average queuing delay, and fairness. We define delay as the total transmission delay from
a user to an eNB, starting from the packet generation time. The queuing delay is the
aggregate waiting time the packet experiences throughout its transmission (i.e., waiting in
the device queue, and waiting in SBS queue).

Fig. 3.2 and 3.3 present the average and peak throughput versus number of DIDs.
Fig. 3.2a and 3.3a show the throughput of DIDs. It can be seen that TMQ outperforms
PF both in average and peak throughput. Meanwhile, TMQ improves the throughput of
DIDs without compromising the throughput of UEs. As seen in Fig. 3.2b and 3.3b, UE
throughput is also higher than the case with PF.

Fig. 3.4 presents the average packet delay in milli-seconds versus the number of DIDs.
As seen from the figure, TMQ achieves the lowest total packet delay. On the other hand,
Fig. 3.5 shows the average queuing delay experienced by both algorithms. The queuing
delay is a direct outcome of the scheduling time, where it constitutes the time the user
waits for getting a RB allocation from its base station. This result reflects that most of
the packet delay comes from the scheduling time, which was significantly improved using
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Table 3.1: Simulation settings

Physical layer
Bandwidth
Modulation Schemes

Number of RBs
Resource Block Groups
eNB power transmit
SBS power transmit
Pathloss model

Penetration loss
Noise figure

10 MHz

Quadrature Phase Shift Keying (QPSK),
16-Quadrature Amplitude Modulation (QAM),
64-QAM

50

10

46 dBm

20 dBm

3GPP

PLsg = 128.1 4+ 37.61og(d)

20 dB

5 dB

Shadowing ~ LOGN(0, 8 dB)
Network

Number of eNBs 1

Number of SBSs per eNB 10

Number of DIDs per SBS 4:2:10

Number of UEs per SBS 5

eNB radius 800 m

SBS radius 50 m

Min distance between SBSs 30 m

Traffic

Traffic arrival model DIDs: Beta [68]

Packet mean Inter-arrival time
Packet size

UEs: Poisson
5 milli-seconds
Exponential (mean = 25 Bytes)

TMQ

a (Learning rate)

7 (Discount factor)

B (Priority weight of DIDs)
¢ (Exploration probability)
Simulation time
Confidence Interval

0.5

0.9

0.9

0.2

500 TTIs
95%
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Figure 3.2: Average throughput for (a) DIDs and (b) UEs (10 SBS, 5 UEs per SBS)

the TMQ algorithm. As seen from the figures, TMQ achieves 80% decrease in delay for
the highly-dense scenario (i.e., number of DIDs = 100). In addition, both algorithms
do not incur any outage. It is worth noting that the achieved delay is still higher than
the QoS requirements of tactile applications. Therefore, we devote the next section to
studying latency requirement of delay-sensitive applications, where a microgrid scenario is
considered.

To study fairness of TMQ), Jain’s fairness index is plotted in Fig. 3.6. As the figure
shows, TMQ outperforms PF, which is a direct product of applying a reward function that
maintains fairness between DIDs and UEs.

Finally, the results presented here have converged after 200 TT1Is (i.e., 200 msec). This
is considered a high convergence time for tactile applications. However, this time could be
saved if the training is performed offline. On the other hand, in an online setup, a more
advanced technique is needed to address the adaptability of the algorithm. In section 5,
we present how the speed of training and network adaptability can be boosted with the
use of transfer in reinforcement learning.
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Figure 3.3: Max-user throughput for (a) DIDs and (b) UEs (10 SBS, 5 UEs per SBS)
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3.3 Low-latency Communications for Community Re-
silience Microgrids: A Reinforcement Learning Ap-
proach

The reward signal of a reinforcement learning algorithm constitutes a utility /objective
for guiding the system towards the desired performance. In the previous section, TMQ
prevailed in achieving higher throughout and lower latency. However, the latency achieved
was standing above the QoS requirement of the tactile application. In this section, we
address the problem of resource allocation with the aim to minimize network latency and
improved fairness, where a Community Resilience Microgrid (CRM) is considered. Indeed,
the primary control mode of CRMs, which operates on a millisecond-level, constitutes a
typical example of a service with stringent latency requirements.

Q-learning-based resource allocation algorithm, namely Delay-Minimization Q-learning
(DMQ), is proposed. A salient feature of DMQ is its ability to capture network dynam-
ics of CRM without a prior: information. In addition, the proposed algorithm is fully
distributed which promotes independent learning, and lowers signaling overhead in the
network. Moreover, the design of the reward function achieves both low-latency and high
fairness among Micro-Grid Device (MGD)s and UEs. Finally, the integrated design of Q-
learning and two-tier small cell network allows for great flexibility in deployment and fast
network adaptability. Performance results show 33% and 66% latency reduction for micro-
grid load when compared to previously proposed Distributed Iterative Resource Allocation
(DIRA), which is an optimization based solution, and the traditional PF algorithm, respec-
tively. Meanwhile, a significant improvement in throughput and fairness is also achieved
by the proposed scheme which makes DMQ tailored for the connected microgrids of the fu-
ture smart grid. It is worth mentioning that our approach can be adopted to other latency
critical applications.

3.3.1 Community Resilience Microgrid

An increasing frequency of catastrophic weather events has been observed recently in the
United States and globally, which has brought serious social and economic impacts. A
critical issue associated with such catastrophic events is the availability of electricity for
recovery efforts [09]. The smart grid is expected to heal itself under extreme circumstances
[70]. In response to this, CRMs have been sought for enhancing resilient electricity supply
to critical loads in a community during such disruption events. A CRM is a microgrid that is
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Figure 3.7: Conceptual design of a CRM with critical and non-critical loads.

expected to supply electricity uninterruptedly during the damage phase and initial recovery
period of a resiliency event. As shown in Fig. 3.7, a CRM includes multiple distributed
energy resources and critical loads that are owned/controlled by different entities within
a clearly defined electrical boundary, which are connected via primary distribution lines
owned by a local regulated power company |71-73]. However, CRMs, as complex networked
systems, exhibit unique structure and bring new challenges for the operation and control.
The methods used for control of standalone microgrids, such as droop control |71], need
to be tailored to CRMs. Specifically, as CRMs present a variety of dynamical behaviors
ranging from minutes and hours to milliseconds, such as real-time uncertain loads and
renewable generation outputs, maintaining reliable operation of CRMs in terms of voltage
and frequency stability calls for real-time response and control. Consequently, a three-level
hierarchical control architecture, including hour-to-minute-level tertiary control, second-
level secondary control, and millisecond-level primary control, is usually deployed to realize
secure and cost-effective operation and coordinate multiple partners in CRMs.

The key of the hierarchical control strategy is to effectively integrate the three control
levels at different timescales. In summary, different control levels would have distinct
communication delay tolerance, and an efficient RRM and user scheduling approach is
needed to optimally customize communication traffics, resource allocation, and delays of
different needs. In here, we focus on the primary control as it poses the most stringent
latency requirements. For example, in [75], latency requirements of substation automation
is stated to be less than 100 ms. Our simulation results verify the suitability of the proposed
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Figure 3.8: A minimalist illustration of CRM communications over small cell wireless
networks. A two-tier wireless network of an eNB underlaid with SBS covering users and
the evolved packet core.

algorithm by achieving latency values less than 50 ms under the worst-case scenario.

3.3.2 System Model

Our network model considers a two-tier network of an eNB underlaid with M € JW SBSs
covering N, user devices. Let J € 7 be the set of base stations that includes eNBs and
SBSs. In general, users can be classified as either MGDs such as smart meters, micro-
phasor measurement units, etc, or conventional LTE UEs such as smart phones, tablets,
etc. All nodes follow the downlink and uplink communication according to LTE release-
12 standard. Let K be the number of RBGs available for allocation. Each base station
performs a RBG allocation every TTI, where RBG is the unit of allocation that spans one
TTI in the time direction. The problem at hand translates to a RBG allocation, whereas
power allocation per RBG is considered to fixed.

In Fig. 3.8, all nodes conform to FDD with single antenna transmission. To remove
cross-tier interference, we decompose the uplink (downlink) transmissions of both tiers,
which is explained as follows. Uplink (downlink) of the links (users-SBS) and (SBS-eNB)
use interleaving subframes to transmit their data. For example, the uplink communication
of users uses subframes (1, 3, 5, .. 2i + 1, .., 2n + 1), while the uplink communication of
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SBS uses subframes (0, 2, 4, ...i.,...2n). Although this succeeds to remove the cross-tier
interference, co-tier interference still remains due to the dense deployment of SBSs, which
causes users attached to one SBS and lying in the range of other SBS to cause interference
in the adjacent cells.

Resource allocation process is performed by identifying the best RBG in time and
frequency domains for active users in the network. Both the eNB and individual SBSs
perform resource allocation to allocate RBGs to their attached users each TTI. In each
TTI, the users report their scheduling request to their attached base station (i.e., users
report to SBSs, and SBSs report to eNB). The base station performs the resource allocation
algorithm and informs the users with the allocated RBGs to use in the next TTI. Performing
the resource allocation on the two-tier network (i.e., eNB, and SBSs) reduces the burden
on the eNB, as well as facilitates small cells for capacity and coverage improvement.

The wireless channel between nodes can be prone to multiple fading sources. We use
the 3GPP pathloss model following [76-78]. PLgp = 128.1 + 37.6log(d), where PL;p
is pathloss in dB, and d is distance between the base station and the user in km [66].
The shadowing effect is modeled as a log-normal distribution with zero-mean and 10 dB
variance. Furthermore, we use the traffic model proposed by 3GPP TR 37.868 for MTC
[68], where the traffic follows Beta distribution.

3.3.3 Problem Formulation

Delay on the link between 7"

as follows:

user and ;" base station (i.e., link (7,5)) can be formulated
where D{"; is transmission delay, and Dj ; is queuing delay on link (7, j). Eq. (3.7) formu-
lates the transmission delay on link (7, j), where &; ; is packet size and C; ; is transmission
rate. Delay and transmission rate can be formulated as follows:

£
DI = 2L 3.7
f=g 3.7)
K
Cij = Z Li gk Cijks (3.8)
k=1
and h
Tijk Pigk ik
Cijk = Wy log (1 + J ) 3.9
! ? we No + D i jk Dirjk hirjik (3:9)
i i
z"EW]-



where ¢; ;1 is rate on k'™ RBG, V; is the set of users of j™ base station, x; ;; represents
RBG allocation indicator, wy, is bandwidth of k" RBG, Ny is AWGN single-sided power
spectral density, p; jx is transmit power of i user on k" RBG, h; ; is channel coefficient of
k'™ RBG, and py jx is transmit power of i’ interfering user on k" RBG of j™ base station.

3.3.4 Delay minimization using Q-learning (DMQ)

DMQ is a decentralized algorithm where multiple agents (i.e., SBSs/eNB) aim at learning
a sub-optimal decision policy by taking actions and computing feedback from the envi-
ronment. The algorithm is represented by the tuple {s,a,r,s'}. The convergence point
is reached when each agent learns a policy that maximizes its reward over infinite time
horizon. This can be realized by having a Quality value (i.e., Q-value) representing the
agents’ reward over iterations. Hence, the optimal decision would be actions corresponding
to the maximum reward (i.e., max Q-value). DMQ is defined as follows:

Agents: The macro-cell / small-cell base stations (i.e., eNB/SBSs) form the set of
agents.

States: Agents perform a search to find the best resource allocation vector for its
attached users. To this end, the number of states is limited to one.

Actions: Each base station (eNB/SBS) performs RBG-to-user mapping for its at-
tached users on uplink. Hence, we denote a;; as the decision of 5" base station at " TTI
regarding the set of RBGs allocated to its attached users. Consequently, the dimension
of the action space is N, where K is the total number of RBGs in a subframe and N is
the number of users. The use of a RBG instead of RB as the allocation unit reduces the
action space and helps the algorithm converge fast. Lastly, e-greedy is used to account for
action-space exploration.

Reward: We define the reward function as follows:
Tj(sj,t, aj7t) = 5 7’%0 + (1 — 6) Tj,n; (310)

where, (3 is a scalar weight to control priorities of individual loads (i.e., traffic from MGD
and UE), r;. and r;,, are defined as follows:

Tje = (%) tan™"(D;.), (3.11)
Tin = (%2) tan™" (D), (3.12)



Algorithm 3.1 Delay minimization using Q-learning DMQ
Initialization: Q-Table « 0, ¢, and 7' (Simulation time).
while ¢t < T do

if rand < ¢ then
// Random action selection
a;; + arg rand{,;}
else
// Select action using greedy policy
aj — arg max q(sjz, a’)

end if '
Calculate the reward using (3.10).
Update ¢(s;,a;j;) using (2.4).
Advance time t.

end while

where, D, . and D;, are the average delays of critical and non-critical loads, respectively.
This function rewards the critical load delay with a positive reward as long as the achieved
average delay is low. At the same time, it aims at minimizing delay of non-critical loads
in order to maintain fairness among users.

Q-value: The Q-Value is updated as in (2.4).

The algorithm works in a two-tier scheduling approach on both the eNB and SBSs.
That is, the eNB represents the first tier agent, and its attached SBSs are considered as
its environment. Each SBS constitutes the second tier agent, with its attached users as
the environment. SBS/users report their channel state information to eNB/SBS, respec-
tively, on the uplink transmission. The channel state information enables the eNB/SBS
to estimate the link quality of the allocated RBs thanks to the Channel Quality Indica-
tor (CQI), Signal-to-Interference-plus-Noise Ratio (SINR), and total delay of the previous
packet included in the channel state information. Algorithm 3.1 presents the Q-learning
steps performed by each j** agent. Algorithm 3.1 is repeated for the entire simulation time
(T), during which the algorithm either performs exploration (i.e., random action selection)
or exploitation (i.e., select the action with the maximum Q-value). The same algorithm
runs on both the eNB and SBSs, where the eNB is responsible of scheduling SBSs on the
uplink.
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3.3.5 Baseline 1: Proportional Fairness

PF is a well-known algorithm that aims to give priority to the user having the maximum
relative channel condition. The utility function is formulated as

(Cijik(?))

i* = arg max -——

X Con) (3.13)

where C; ;x(t) is the instantaneous rate of i user attached to j* base station on k'
RBG at t'* TTI, C;;(t) is the moving average rate of i user [79], [30], and i* is the
user achieving the highest relative channel conditions. The moving average rate can be
computed as in [31]:

_ 1y . 1 kg
Conlt+1) = {(1 i) Cianlt) + 5 Cigr®), " =1, (3.14)

where t,, is the length of a history window.

3.3.6 Baseline 2: Distributed Iterative Resource Allocation (DIRA)

We compare our proposed scheme with an optimization-based solution that targets delay-
sensitive users similar to our work [32]. To make DIRA comparable to our scheme, we
slightly modify the original algorithm to consider only RBG allocation and omit power
allocation. Furthermore, to have a fair comparison, we run DIRA on both network tiers
(i.e., at the eNB and SBSs). To the best of our knowledge, the literature lacks an algorithm
that both considers two-tier architecture and targets low-latency while tackling the resource
block allocation problem. Therefore, DIRA is chosen to compare our results to a baseline
solution that aims to provide low latency. Resource block allocation with DIRA can be
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formulated as follows:

J N; K
e 35373 s 319
i=1 k=1
subject to:
K
in,j,k Pijk < Prae, VJ, 0 (3.15a)
k=1
Pk > 0, Vi, k (3.15b)
Z%‘,j,k cijk = Co, Vi € MGDs,Vj (3.15¢)
k=1
Zl’i,j,k <1,Vj,1 (3.15d)
i=1
zijn €0,1,Y5,i,k (3.15¢)

where () is the aggregate spectral efficiency threshold of MGDs in each base station, P,
is the maximum transmission power of i" user. Eq. (3.15) aims to maximize the aggregate
network rate through RBG allocation. Eq. (3.15a) limits the power allocation of each "
user to P, on all of its RBGs. Eq. (3.15¢) guarantees a minimum achievable spectral
efficiency, Cp, to each 1" user. Eq. (3.15d) and (3.15¢) guarantee that each RB can only be
assigned to one user within each cell. Following the same derivation methodology presented
in [32], the following formula can be obtained:

Hijv=0+0)rijr—0i;Dijx— (1+ ;)

Pijk hi,j,k: )
: 3.16
1n(2) <pi7j,k hi,j,k + Ii,j,k: ( )

where I; ;, = py jrhi jrx + 0 is the interference on link (i, ) on RB k.

i, Vi, j € MGDs,
{ i,j € MGDs @1

0, otherwise,

where v, ;, and 0;; are Lagrangian multipliers obtained using the subgradient method.
Hence, k" RBG is assigned to the user with the largest H; ; as follows:

Bivjh = Uirmmax i, 0 Vi K, (3.18)

where 2;« ;1 is the RBG allocation decision to selected user ¢*.

49



3.3.7 Performance Evaluation

We use the LTE system toolbox in Matlab to design a discrete-level simulator for our
network setup. Table 3.2 summarizes simulation settings used in the evaluation of the
proposed and baseline algorithms. The simulation considers one eNB covering 20 SBSs,
where eNB and SBS radii are 800m and 50m [65, 65], respectively. The pathloss model is
3GPP model with penetration loss is 20 dB, and noise figure is 9 dB [67]. DMQ uses a
learning rate a of 0.5, a discount factor v of 0.9, and € of 0.8 [33]. All results are averaged
over 5 testing runs, where each run is 500 subframes (i.e., 500 msec). A 95% confidence
interval is provided in all our simulation results.

Fig. 3.9 presents the average packet delay versus the number of MGDs with 10 SBSs
and 5 UEs per SBS. DMQ achieves the lowest transmission latency for both MGDs and
UEs. Although the delay increases with the increase in the number of MGDs, as expected,
DMQ still achieves the lowest delay compared to the other algorithms. Fig. 3.10 presents
the average queuing delay for MGDs and UEs. This accounts for time that the packets
have to wait until the RBGs allocated to them become available. DMQ achieves the lowest
queuing delay, with some degradation when increasing the number of MGDs. However, it
still has the lowest delay trend. It is also observed that most of the end-to-end delay is
due to queuing delay.

Fig. 3.11 presents the average throughput versus number of MGDs. The results show
that DMQ outperforms DIRA and PF. However, increasing the number of MGDs/SBS
degrades DMQ’s throughput. The main reason behind this is that DMQ’s main aim is
to decrease the end-to-end latency of MGDs while maintaining fairness among MGDs and
UEs. Therefore, as can be seen in Fig. 3.9, both MGDs and UEs delays are decreased,
whereas this comes on the price of higher throughput degradation, especially in dense
scenarios. In Fig. 3.12, we show the top-10 users’ throughput, which again shows a better
performance of DMQ. Yet, throughput of DMQ is impacted by the number of MGDs more
than the other algorithms. Once again, for denser networks, throughput results converge
since the available resources are limited.
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Figure 3.9: Average packet delay [ms| for (top) MGDs and (bottom) UEs vs number of
MGDs; number of SBS is 10 and number of UEs is 50.
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Table 3.2: Simulation settings

Network

TTI

Resource allocation algorithms
eNB radius

SBS radius

Min distance between SBSs
Number of eNBs

Number of SBSs per eNB
Number of MGDs per SBS
Number of UEs per SBS
Speed of users

MGDs Traffic model

UEs Traffic model

Packet mean Inter-arrival time
Packet size

Transmission bandwidth
Number of RBs

Number of RBGs

eNB Tx power

SBS Tx power

Pathloss model

Penetration loss
Noise figure
Shadowing

1 msec

DMQ), PF and DIRA.
800 m

50 m

30 m

1

10

4:2:12

5

Fixed positions

Beta (a = 3,b=4) [68]
Poisson

5 milli-seconds.
Exponential (mean = 25 Bytes)
10 MHz

50 (12 subcarriers / RB)
5 (10 RBs/RBG)

40 dBm [31]

20 dBm [34]

3GPP

PLyg = 128.1 + 37.6log(d)
20 dB

9 dB

~ LOGN(0, 10(dB))

Proportional Fairness

tw (window) 2

DMQ

Learning rate («) 0.5

Discount factor () 0.9
Exploration probability (e) 0.8

Priority weight of MGDs (8) | 0.9

DIRA

Co 9 bps/Hz [82]
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Figure 3.10: Average queuing delay [ms]| for (top) MGDs and (bottom) UEs vs number of
MGDs; number of SBS is 10, and number of UEs is 50.
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Figure 3.14: Average delay and throughput convergence for (a) MGDs, and (b) UEs vs
number of exploration iterations (in TTIs); 10 SBSs, 8 MGDs and 5 UEs per SBSs.
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Table 3.3: Comparison among the three algorithms

Criteria PF DIRA DMQ
Resource allocated Spectrum Spectrum Spectrum
(Power removed)
Rate Rate
Objective and Fairness and delay Delay
constraint
Network Model two-tier Adapte.d to two-tier
two-tler
Complexity

(per TTI per BS) O(N]) O(N]) O(N])

To study the fairness of DMQ), Jain’s fairness index is plotted in Fig. 3.13. Since the
reward function of DM aims to minimize UEs delay as well, it provides fairness among
users. Our results show fairness values that exceed PF fairness by about 2%.

In summary, DMQ performs better than DIRA and PF, in terms of delay, throughput
and fairness. However, its throughput degrades in a faster trend than DIRA and PF. As a
trade-off, DMQ favors delay and fairness over throughput, which can be observed from the
reward design in (3.10). Note that, the average latency and throughput performance of
MGDs and UEs is close for DMQ), as well as for PF, since both algorithms have fairness in
their objective. Yet, DMQ results in lower latency and higher throughput for both types
of devices than the compared algorithms.

A comparison among the three algorithms is presented in Table 3.3, where N; is the
number of users per base station. The table presents the modeling assumptions as well as
the complexity and drawbacks. DIRA was adopted to work on both tiers, furthermore,
we revised the optimization to account for spectrum allocation only - removing the power
allocation. The complexity is presented in Big-O notation, evaluated per base station per
TTI.

Lastly, Fig. 3.14 presents the impact of a longer learning phase on both the delay and
throughput results under the proposed DMQ scheme. It can be seen that performing more
action-space exploration allows the algorithm to learn better resource allocation policy,
hence the delay decreases and throughput increases at the same time. However, this also
leads to the requirement of longer training time for improving performance. In the next
section, we devote more attention to mission-critical services that require strict latency
requirements and present a solution based on deep reinforcement learning. Indeed, the
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use of deep reinforcement learning provides a capability of better generalization over the
state-action space and helps in speeding up the convergence time.

3.4 Deep Reinforcement Learning for Reducing Latency
in Mission-Critical Services

Although scheduling and resource allocation have been widely addressed in the litera-
ture [29,83,85-87], resource allocation for mission-critical applications with stringent QoS
requirements brings in additional challenges that are not addressed by existing schemes.
In the previous sections, reinforcement learning has been used for RRM in mission-critical
applications, where it demonstrated several throughput and latency gains in addition to
better fairness. However, with the increase of the state-action space, reinforcement learn-
ing poses severe convergence challenge. In particular, the method requires large number
of exploration iterations to convergence to the optimal solution. Therefore, in this section,
we pay more attention to the convergence problem of tabular methods and propose a deep
reinforcement learning solution that provides better generalization over the state-action
space with the help of a deep neural network that acts as a function approximator to the
Q-values of QQ-learning.

In particular, we propose a deep Q-learning-based algorithm for delay minimization of
mission-critical services, namely Delay Minimizing Deep Q-learning (DMDQ). DMDQ is a
deep reinforcement learning-based algorithm that uses LSTM neural network to approxi-
mate the Q-values of Q-learning. The LSTM neural network acts as a function approxi-
mator that helps in speeding up the convergence of Q-learning. Furthermore, DMDQ has
the ability to find correlations in historical traffic loads in an online manner without prior
initialization of Q-learning or offline training of LSTM. In particular, we utilize this feature
to improve latency of mission-critical devices by letting the LSTM learn from prior traffic
experiences in adjusting its network weights, which impacts future resource allocation de-
cisions. Our results show a 30% improvement in the latency of MCDs in dense scenarios.
Furthermore, DMDQ has a comparable fairness performance to Q-learning while achieving
60% speedup in convergence. However, the reduction of latency comes at an expense of
about 10% throughput reduction, again in dense scenarios.

We pay attention to mission-critical services for their stringent QoS requirements. In
particular, mission-critical services include safety applications in vehicles 35|, medical con-
trol systems, real-time control of power systems, control of a swarm of drones for surveil-
lance, disaster recovery and so on [89]. The typical aspect of mission-critical services is that
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they serve domains that require high-reliability, low-latency and ubiquitous connectivity.
5G networks are designed with mission-critical services in mind [90], yet LTE infrastructure
is expected to be in place for a number of years. Traditional LTE networks cannot provide
the desired performance unless novel approaches are adopted. Recently, in parallel to 5G
efforts, enhancing the performance of LTE networks is actively being researched.

Furthermore, We embrace the concept of densification and Heterogeneous Network
(HetNet) environment with dense deployment of small cells [91], where Mission-Critical
Device (MCD)s and traditional mobile UEs co-exist and the challenge becomes scheduling
MCDs and UEs such that low-latency requirement of MCDs can be fulfilled.

3.4.1 System Model

We consider a HetNet consisting of one eNB and M € /W SBSs, as illustrated in Fig. 3.15.
Let J € j be the set of base stations. SBSs cover both mission-critical and non-critical
loads, while the eNB covers non-critical loads only. All nodes adhere to the LTE standard
downlink and uplink signaling as described in [64]. LTE resource grid consists of a number
of RBs, where contiguous RBs can be grouped to form K RBGs. It is worth noting that
all nodes obey the fixed transmit power strategy.

We consider three types of user devices: UEs and Users of eNB (UNB)s that deliver
non-critical loads, and MCDs that carry critical loads. Both UEs and MCDs can be served
by SBSs, while UNBs are considered to be only eNB’s users. The scheduling process is
performed each TTI by the base station, i.e., SBSs or the eNB. We assume that SBSs
have wired connection with the backhaul. Therefore, SBSs do not perform uplink wireless
transmission, and do not create cross-tier interference. The wireless channel is modeled
by 3GPP pathloss model [66]: PLgp = 128.1 + 37.6log(d), where d is base station-to-user
separation in km. Shadowing is modeled as a log-normal distribution with zero-mean and
8 dB variance.

Nodes adhere to two traffic models according to their profiles. Both UEs and UNBs
traffic is modeled as Poisson arrivals. Meanwhile, MCDs generate traffic that complies with
3GPP TR 37.868 traffic model for MTC [68]. As such, packet arrivals of MTC devices are

drawn from the distribution:

ta—l (T o t)b_l
p(t) = Tat5-1 3(a,b)

a>0,b>0, (3.19)

where 3(a,b) is the Beta function with shape parameters a = 3 and b = 4, and users are
active between time t =0tot =1T.
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Figure 3.15: A small-cell wireless network covering mission critical and non-critical loads.
SBSs cover both MCDs and UEs, while eNB covers UEs only.

3.4.2 Problem Formulation

End-to-end delay on link connecting i** user and j** base station (i.e., link (,5)) can be
formulated as:
D;; = D, + Dj, (3.20)
t/r . . . . . . q . . . . .
where Dl j s transmlsS{on d(?lqy on link (i, j), and D} is queuing delay on link (i, j). The
transmission delay on link (4, j) can be formulated as follows:

€ij
DI = 2L (3.21)
TGy

where §; ; is packet size and C; ; is transmission rate. The transmission rate can be formu-
lated as follows:

K
Ci,j = Z Ti gk Cijks (322)
k=1

where x; ; is an allocation indicator on link (i, k) for k™ RBG and ¢; ;4 is the rate on k™
RBG for the link between (i, 7), defined as follows:

Ti gk Pigk Nijk >
M

wr No + X2 @ik Pk hirjk
V"¢ N;

cijx = wy log, (1 n (3.23)
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where N; is the number of users attached to j™ base station, wy, is bandwidth of k" RBG
and Ny is AWGN single-sided power spectral density. p; ;x is transmit power of it" node on
k'™ RBG for j' base station, h; j is channel coefficient of k" RBG, hy j is the channel
coeflicient of i’ interfering node, x; ;1 is the allocation indicator and py j j is transmit power
of interfering i’ node. As such, we aim to minimize the delay as follows:

J N K
min = Y Y > Dijk (3.24)

T gk
DR i21 =1 k=1

To achieve this, we propose a distributed RBG allocation algorithm which is described in
detail in the next section.

3.4.3 Delay Minimizing Deep Q-Learning (DMDQ) Scheme

DMDAQ is a multi-agent distributed deep Q-learning algorithm that runs on the eNB and
each SBS. DMDQ adopts deep reinforcement learning [92] which consists of two parts: A
deep neural network and a reinforcement learning algorithm as shown in Fig. 3.16. We
utilize LSTM as the deep neural network, and Q-learning as the reinforcement learning
algorithm. We use an experience replay memory to store sequential Q-learning outcomes.

LSTM is a RNN that captures long-term dependencies between time steps in sequen-
tial data [93]. This is performed by storing information of long periods of time, where
functions of neurons control how different information can be handled (i.e., memorized,
erased, exposed). As shown in Fig. 3.16, LSTM is composed of four layers. The input
layer is used to input time-series data into the network. In our model, we use Q-learning
states as input to this layer, as will be explained shortly. The LSTM layer is the main layer
for handling memorization, erasure, and exposure of data. Furthermore, a fully-connected
layer is a multi-layer perceptron (MLP), where every neuron in one layer is connected to
every neuron in another layer. Finally, the regression layer is used to compute numeric
values of the Q-learning reward function value (i.e., Q-Value) for input state s, all actions
a € & and current network weights 6.

One drawback of reinforcement learning is its tendency to diverge when using a non-
linear function approximator such as neural network [11]. To solve this, in [ 1], the use of
an experience replay memory, in which network training is performed by sampling random
experiences, is proposed. In our model, we define an experience as e = {s,a,r,s'}. This
full experience can then be used in training the LSTM to refine the Q-value estimation at
each iteration. In order to reduce time complexity, we perform the training every 2 TTTIs,
where 2 = 5 in our simulations.
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Figure 3.16: DMDQ Block Diagram

As shown in Fig. 3.16, the Q-learning part works in four steps: Action selection based
on the approximated Q-values, action execution by the agent, calculating the reward, and
observing the new state. The outcome of the Q-learning constitutes an experience that is
stored in the experience replay memory for training purposes. In our model, the agents are
represented by the SBSs and the eNB. We define the states to follow the utility function

(i.e., delay) as follows:
Do) < D,
Sjt = {80’ pet =0 (3.25)

sy, otherwise,

where s, is the state of j base station at t'" TTI, D,., is the average delay of critical
loads (i.e., MCDs) of j* base station at t'® TTI, and Dy is a target delay to achieve.
Consequently, state sy constitutes the desired agents’ state. Furthermore, the reward is
defined as follows:

rj(sj,t;aj,t) = (7) tanfl(Dj@t), (326)

where 7;(s;j;,a;,) is the reward of j base station at state s;; and action a;,, and Dj .,
is the average critical delay computed as in (3.20) for all users of j* base station at t
TTI. In particular, the reward function aims at minimizing the latency of critical loads.
Therefore, decisions with low packet delays are rewarded with small negative reward, while
decisions with high packet delays are awarded with large negative reward (i.e., penalized).
The update of the Q-value is performed using Bellman equation (2.4), whereas action
selection follows e-greedy strategy.

Algorithm 3.2 presents the complete steps of DMDQ scheme.
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Algorithm 3.2 Delay Minimization Deep Q-Learning (DMDQ)

1: Initialization: Q-Table < 0, «, v, € and LSTM parameters.

2: for TTIt =1 to T do

3 for base station j = 1 to J do

4: Step 1:

5: for User 7 = 1 to N; do

6 Receive the recent packet delay from i** user of j** base station.

7 end for

8 Step 2: Compute average packet delay D;, for all MCDs of j™ base station.

9 Step 3: Observe reward r;(s;¢,a;;) (3.26) and new state s;,41 (3.25) due to
last action execution.

10: Step 4: Store current experience in the experience replay memory: e;; =
185,65 @jias 15 (S4.05 @je) s g1 }-

11: Step 5: LSTM training: Draw experiences uniformly from the experience mem-
ory and perform LSTM training.

12: Step 6: Transition to next state s;¢41.

13: Step 7: LSTM prediction: Predict q(sj11,a);) for all actions a) € (ﬂj at the
next state s;;41.

14: Step 8: Select the next action a4, based on e-greedy policy.

15: end for

16: end for

We compare DMDQ with DMQ algorithm which uses a traditional Q-learning approach
without the integration of RNN. DMQ has been explained in section 3.3. As can be
observed, DMDAQ is different from DM through the incorporation of the LSTM stage,
which works as a function approximator for the Q-values. We also use the Round Robin
(RR) algorithm for comparison, which simply allocates all RBGs to each user in turn.

3.4.4 Performance Evaluation

Our system-level simulator is based on Matlab LTE system toolbox. Tables 3.4 and 3.5
summarize network and algorithms settings, respectively. Our simulation considers one
eNB of radius 800m, and 5 SBSs of radius 50m [65]. The eNB covers 6 UNBs, each SBS
covers 4 UEs and variable number of MCDs (from 4 to 10). Both DMD(Q and DMQ use a
learning rate o = 0.5, a discount factor v = 0.9, and € = 0.8 [33]. LSTM architecture uses
four layers as shown in Fig. 3.16. For our simulation, adding more hidden units does not
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Table 3.4: Network settings

Physical layer

TTI

Transmission bandwidth
Number of RBs
Number of RBGs

1 msec

10 MHz

50 (12 subcarriers / RB)
5

eNB Tx power 40 dBm [31]

SBS Tx power 20 dBm [31]
Pathloss 3GPP pathloss model [67]
Penetration loss 20 dB

Noise figure 5dB

Shadowing ~ LOGN(0, 8(dB))
Network

eNB radius 800 m

SBS radius 50 m

Min distance between SBSs | 30 m

Number of eNBs 1

Number of SBSs per eNB 5

Number of MCDs per SBS | 4:2:10

Number of UEs per SBS 4

Number of UNBs per eNB | 6

Traffic

Beta traffic
Poisson traffic
Packet size

a=3,b=4 (3.19) [68]
mean inter-arrival time = 5 ms
Exponential (mean = 30 Bytes)

improve performance and thus 40 units has been found sufficient. LSTM input layer has a
feature dimension of one, which we define as the Q-learning state. The target delay Dy is
set to 20ms.

Fig. 3.17 shows the MCDs average end-to-end delay. As observed from the figure,
DMDQ outperforms DMQ), especially in dense scenarios (i.e., for MCDs from 30 to 50).
On the other hand, RR incurs the highest delay. In between transmission delay and queuing
delay, the latter contributes to the packet delay most significantly. It has been observed
that average queuing delay follows the same trend in Fig. 3.17. At MCDs = 50, DMDQ
delay becomes slightly higher than the target delay 20ms. This is reasonable since at this
point, the network becomes dense in MCDs with heavy critical traffic loads. We show the
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Table 3.5: DMDQ and DMQ settings

DMQ

Learning rate («) 0.5
Discount factor (7y) 0.9
Exploration probability (¢) 0.9

Dq (Target Delay) 20 ms
DMDQ

LSTM number of layers 4
LSTM hidden units 40
LSTM Fully connected layer units | 40
LSTM initial learning rate 0.00001
LSTM batch size 5
LSTM feature dimension 1 (only state is input)
Experience replay memory size 30

Table 3.6: Average end-to-end delay of UEs

Delay [ms]
MCDs per SBS | 4 6 8 10
DMDQ 3.18 | 3.14 | 3.17 | 3.12
DMQ 3.15 1 3.09 | 3.12 | 3.14
RR 391 1385 | 3.9 | 3.94

average delay of UEs in Table 3.6. Both DMDQ and DMQ achieve very close delay results,
which are lower than Round Robin delay. Hence, DMDQ is able to reduce the delay of
MCDs without impacting the end-to-end delay of traditional UEs.

The MCDs delay reduction comes with a trade-off of reduced throughput as shown in
Fig. 3.18. This was expected since the designed reward function gives priority to reducing
the latency of MCDs. However, as seen in Table 3.7, the average throughput for UEs is
not impacted. In this case, RR has also comparable throughput to the proposed schemes.

We evaluate the fairness of RB allocation of DMDQ using Jain’s fairness index as shown
in Fig. 3.19. RR has the highest fairness since by definition it allocates resources to each
of the users. Meanwhile both DMDQ and DMQ are quite fair to users with DMQ having
a slightly higher fairness index.

In Fig. 3.20, we show the evolution of the accumulative reward of DMQ and DMDQ.
For the sake of presentation, we plot the complement of the accumulative reward as (1 —
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Figure 3.17: Average end-to-end delay of MCDs [ms|; number of SBS is 5, number of UEs
is 20, and number of UNBs is 6.
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Figure 3.18: Average throughput of MCDs [Mbps|; number of SBS is 5, number of UEs is
20, and number of UNBs is 6.

66



Table 3.7: Throughput of UEs

Throughput [Mbps]

MCDs per SBS | 4 6 8 10
DMDQ 1.16 | 1.1 | 1.12 | 1.14
DMQ 1.13 | 1.13 | 1.09 | 1.11
RR 1.11 | 1.11 | 1.08 | 1.09

T
> r/T), where T is the subframe number (i.e., x-axis), and r; is the average reward of
=1

all SBSs as calculated in (3.26). As can be seen in Fig. 3.20, DMDQ converges after 30
iterations while DMQ converges after 80 iterations.

In summary, the proposed DMDQ scheme reduces the latency of MDCs and it treats
the users fairly while having a shorter convergence time than DQM. However, DQM of-
fers higher throughput. Indeed, balancing throughput and latency constitutes an essential
requirement in future wireless HetNets. We devote section 4.3 to multi-objective opti-
mization, where latency and throughput are considered in a reinforcement learning setup.
Furthermore, joint allocation of RRM tasks is considered as a key problem in RRM. We
start by addressing joint allocation of RRM tasks in the next section, where joint spectrum
allocation and user-cell association is considered with the aim to minimize network latency.
Then, in section 4.3, we employ both joint allocation of RRM tasks and multi-objective
optimization to improve KPIs of different network users.
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3.5 Deep Q-Learning for Low-Latency Tactile Applica-
tions: Microgrid Communications

Tactile internet is aimed to support ultra low end-to-end latency applications, where rapid
transfer of control messages is essential. Moreover, small-cell networks provide several
advantages including improved coverage, latency, and throughput which position them as
a promising technology for tactile applications with stringent QoS requirements. Yet, there
are still challenges remaining in spectrum allocation, where Critical User Device (CUD)s
need to coexist with traditional UEs. For instance, in a network of microgrids, CUDs
represent microgrid devices with delay-sensitive monitoring and control data. Hence, they
need efficient RB allocation algorithms. On the other hand, in a dense network, users can
associate with one or the other small cell base station depending on channel quality. These
challenges call for finding a balance between the quantity and quality of RB allocation.
In other words, joint RB allocation and user association is needed in order to achieve
low-latency in tactile communications.

The problem of resource allocation for mission-critical applications was addressed in the
previous section, where deep reinforcement was employed to minimize the latency of critical
users. We extend the problem in this section to consider joint allocation of RRM tasks. In
particular, we propose an efficient joint RBG allocation and user-cell association algorithm,
namely Delay Minimizing Deep Q-Network (DM-DQN), that aims to minimize the delay
of mission-critical services. Our results show that DM-DQN achieves 41% reduction in
delay of CUDs even under heavy traffic load. Moreover, DM-DQN converges faster than
Q-learning.

3.5.1 System Model

We consider the uplink of a wireless small cell network composed of a set of /W of M SBSs,
a set V' of N users, and a set § of G eNB (Fig. 3.21). Let 77 represent the set of base
stations in the system. The set of users can be further divided to two user classes: The set
N, of N, CUDs, and the set &V, of N, UEs. CUDs and UEs can be served by either SBSs
or eNB. We follow LTE release 12 (4] and divide the total system bandwidth into a set %
of K RBGs that are allocated among the CUDs and UEs each subframe (i.e., TTI).

We consider the 3GPP pathloss model [66] for the wireless channel. The pathloss (in
dB) between i user and j base station on k" RB (i.e., link (i, j, k)) is:

PL; i, =128.1+ 37.6log(d, ;) (3.27)
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Figure 3.21: A small-cell wireless network covering CUDs and UEs.

where d;; is the Euclidean distance between the i user and j™ base station in km.
Shadowing is modeled as a log-normal distribution with zero-mean and 8 dB variance.

We consider two traffic models: Poisson packet arrivals for non-critical loads (i.e., UEs),
and Beta distribution for critical loads (i.e., CUDs). Beta distribution is defined by 3GPP
TR 37.868 for MTC [68] [94].

3.5.2 Problem Formulation

Our main objective is to improve the packet delay of CUDs served by the small cell network
in a dense scenario. On one hand, finding the optimal RBG allocation allows for serving
CUDs more rapidly, hence achieving less delay. On the other hand, channel quality, which
is directly related to SINR, influences the Modulation and Coding Scheme (MCS) and
Transport Block Size (TBS). Therefore, employing an efficient algorithm for finding the
optimal association of users to the base station will maintain a high CQI, high MCS,
high TBS, and will result in reduced latency. We seek to find a balance between RBG
availability and association to a base station with better channel quality (i.e., CQI). Hence,
our objective is to find an effective joint RBG allocation and user-cell association for each
SBS m € JW on the uplink in order to minimize the average packet delay of CUDs in
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the network. This problem involves finding both RBG allocation indicators x and user
association indicators y as follows:

1
min — Di ik, 3.28
By W 2 2 2 P (628)
me ielN. kek
where D; ,, . is delay of CUDs on link (¢, m, k). The delay on link (i, m, k) can be formulated
as follows:

Dimpi = Dfrmk + Df’m’k, (3.29)
where fom’k and D?,m,k are respectively transmission delay and queuing delay on link
(¢,m, k). In particular, queuing delay is the time packets experience waiting for scheduler
allocation. Therefore, queuing delay is a direct result of scheduler efficiency (i.e., scheduling

delay). The transmission delay on link (i, m, k) is defined as follows:

fi m,k
Do = 2T 3.30
bk Ci,m,k’ ( )

where &, i, is the packet size and C; ,,, 1 is the transmission rate. The transmission rate is
defined as follows:

LTim,k Pim.k hz m,k
Ciamk = wi logy (1+ ik ik Tim, ). 33
wWiNo + D0 Tit gt kPir ot kPt ot ke + D Tir g kDi g 1P g 1
i’ #i U
m/#m g€l

where ;1 is the allocation indicator on link (i,m, k), wy is the bandwidth of k™
RBG, and N, is AWGN single-sided power spectral density. p; %, and h; ,, , are transmit
power and channel coefficient on link (i, m, k). py sk, and h; ., 5 are ¢’ interferer transmit
power and channel coefficient on link (i',m, k) and m/’ refers to the interferer SBS on m"
SBS. pi gk, and hyu 4 are transmit power and channel coefficient of i user of g'* eNB on
k'™ RBG, respectively. As shown in Fig. 3.21, two sources of interference exist: Co-tier
interference, which stems from users of neighboring SBSs (m’) lying in the range of m
SBS, and cross-tier interference, which stems from interference of users associated with
eNB on users of m! SBS. Each SBS performs link measurements to calculate SINR for its
active users, hence calculating the uplink CQI. It is worth noting that all nodes comply
with the equal power transmit strategy.

3.5.3 Resource Allocation using LSTM Deep Q-Network

The optimization problem in (3.28) constitutes a centralized solution which cannot be
solved in feasible time. In reality, base stations are expected to operate in a distributed
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Figure 3.22: Conceptual model for delay minimization using deep Q-network.

approach. Consequently, we propose a distributed delay minimization algorithm based
on DQN [I1]. The proposed delay minimization using DQN , DM-DQN, algorithm of-
fers several advantages. First, unlike tabular Q-learning, DM-DQN introduces a neural
network for the estimation of the Q-value [92|. Such integration between neural network
and Q-learning facilitates the estimation of (Q-values of all actions at each iteration, which
leads to rapid convergence. Second, the deep neural network facilitates learning long-term
dependencies in input sequences. Therefore, it fits well with the periodic traffic pattern of
devices that can be efficiently learned using a deep neural network.

Fig. 3.22 presents the conceptual model of DM-DQN. SBSs are the agents that can
make actions defined as a,,; where m is the SBS index and ¢ is the TTT index. Each agent
aims to make the action that minimize its total delay. Therefore, we use two states in our
model (0 and 1). State 0 represents the target state, where the achieved delay is less than
a target delay Dy. Otherwise, the agent dwells in state 1. This way our algorithm targets
achieving a delay lower than Dj.

The selection of two states helps in reducing the state space, hence it improves the
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convergence time. The reward function defines the feedback to m'* agent in response to
the selected action a,,; of the current state s,,; at t* TTI as:

—2
r’m7t<3m,t>am,t) - <?> tan_l(Dm,t) (332)

The reward function in (3.32) rewards the agent with a less reward (i.e., closer to zero) as
long as the average packet delay is small, while it penalizes the agent whenever the delay
increases. This reward definition motivates base stations to associate users and allocate
them RBGs as long as their average delay (D, ) is less than a predefined threshold (Dy).

We adopt LSTM [93] as our deep neural network as shown in Fig. 3.22. LSTM is a
deep RNN that is capable of storing recent input states using its feedback connections.
In traditional RNNs, a hidden node consists of a single activation function. However, in
LSTM, a hidden node is a memory cell with three gates: forget, input, and output gates.
These gates control the degree to which contents are memorized, erased or exposed [95].
As such, a salient feature of LSTM is its ability to learn long-term dependencies in input
sequences, which makes it a promising choice for learning microgrid traffic patterns.

In DM-DQN, LSTM works as a non-linear function approximator for the Q-value func-
tion of the Q-learning algorithm. In such cases, the Q-learning algorithm tends to di-
verge |11]. To remedy this situation, authors in [!1] introduced the experience replay
memory, where the LSTM network is trained using samples drawn uniformly from past
experiences. Therefore, we adopt the experience replay memory as shown in Fig. 3.22.
Each experience, represented as e = {s, a,r, s’} (i.e., current state, current action, reward,
new state), is stored in memory to be used later for training the LSTM. In addition, we
refrain from training the LSTM every TTI to reduce algorithm complexity. Instead, we
perform it every €2 TTIs, where € is set to 20 in our simulations.

Algorithm 3.3 presents the DM-DQN algorithm that runs on each SBS. Note that, the
eNB performs RR scheduling. In addition, we assume that users can be served by only
one base station. According to our algorithm, during the training phase, a user can be
selected by several base stations, hence we define a priority of association. That is the user
is associated only to the base station with the lowest identification number. This decision
is shared among base stations through the backhaul connection. After the training phase,
each base station will learn to associate only the users that minimize its total delay.

3.5.4 Performance Evaluation

In our simulations, we use Matlab LTE system toolbox and the neural network toolbox.
The network scenario comprises one eNB of radius 500m [96], and 10 SBSs each of radius
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Algorithm 3.3 Delay Minimization using Deep Q-Network (DM-DQN) Algorithm
. Initialization: LSTM parameters .
: for TTIt =1 to T do
for SBS m € /M do
Step 1 (Performed by each user):
for User i € /V. do
Perform the last action assigned by the SBS (i.e., associate to base station

and transmit packets on assigned RBs).

AN A

7: Observe the recent packet delay.

8: Transmit delay information to the associated base station.

9: end for

10: Step 2: Compute average packet delay, D,,,, for all served CUDs.

11: Step 3: Compute the reward, 7,,, and the new state due last action execution.

12: Step 4: Store current experience in the experience replay memory: e,; =
{Smts @ty Tty Smot41}-

13: Step 5: LSTM training: Perform LSTM training (every € TTIs) using experi-
ences drawn uniformly from the experience replay memory.

14: Step 6: Update next state sy, 441.

15: Step 7: LSTM prediction: Predict q(s,+, a,,)Val, € Gy,

16: Step 8: Select the next action, a, 11, using e-greedy policy.

17: end for

18: end for
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80m. Number of UEs is fixed as 30, while the number of CUDs is changed between 30 to
60. Simulation settings are summarized in Table 3.8.

Fig. 3.23 presents the number of packets (in KBytes) processed by each SBS and the
eNB. The results show that, DM-DQN redistributes the traffic load from eNB to SBSs.
Both of the algorithms help SBSs to experience similar loads, i.e., they balance the load
in a fair manner.

This redistribution of traffic helps in improving both delay and throughput. Fig. 3.24a
and 3.24b show the delay of the CUDs and UEs, respectively, for DM-DQN and Q-learning.
As can be seen from the figures, DM-DQN outperforms Q-learning for both CUDs and
UEs in terms of delay. The delay of CUDs is reduced by 41%, whereas the delay of UEs
is reduced by 80% at the dense scenario (i.e., number of CUDs is 60 and number of UEs
is 30). Moreover, the delay of CUDs is below the target delay (i.e., 20 ms) for all CUD
deployments. However, the delay of CUDs is close to 15ms when the number of CUDs is 60
and the delay of UEs is 10ms. This is the result of denser CUD deployment and traffic type.
CUDs generate Beta traffic with higher load than the UEs. When the number of CUDs is
50, the delays for both device types are close to 10ms. Note that, neither DM-DQN nor
Q-learning incurs outage. Furthermore, the latency budget for microgrid applications has
a constraint of 20ms |97], hence we chose that as our target delay. Fig. 3.24a shows that
DM-DQN achieves the target delay for all CUD scenarios, whereas Q-learning fails for high
dense scenarios (i.e., number of CUDs > 40).
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Table 3.8: Simulation settings

Physical layer
Transmission bandwidth
Number of RBs

Number of RBGs

User’s max transmit power
Pathloss model

Penetration loss

10 MHz

50 (12 subcarriers / RB)

5 (10 RBs/RBG)

20 dBm []

3GPP

PL4p = 128.1 4 37.6log(d)
20 dB

Noise figure 5dB
Shadowing ~ LOGN(0, 8(dB))
TTI 1 msec
Number of simulation runs 10
Network

eNB radius 500 m
SBS radius 100 m
Number of eNBs 1
Number of SBSs per eNB 10
Number of CUDs per SBS 3:1:6
Number of UEs per SBS 3

Traffic
CUDs traffic model
UEs traffic model

Packet size

Beta (a = 3,b = 4) [68]

Poisson (mean Inter-arrival
time = 5 msec)

Exponential (mean = 40 Bytes)

Q-learning

Learning rate (o) 0.5
Discount factor () 0.9
Exploration probability (¢) 0.9 [83]
Target delay (D) 20 ms
LSTM

Number of layers 4
Fully connected layer units 40
Hidden units 40
Initial learning rate 0.0001
Experience replay memory size | 30
Training interval (2) (in TTIs) | 20
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Figure 3.25: Average throughput of (a) CUDs and (b) UEs versus number of CUDs; number
of SBS is 10, and number of UEs is 30.

Fig. 3.25a and 3.25b show the average throughput of both CUDs and UEs, respectively.
The figures demonstrate a degradation in throughput of CUDs by 16%, while UEs expe-
rience a significant improvement when DM-DQN is employed. The proposed DM-DQN
only aims to reduce the delay since for microgrid communications latency is more critical
than throughput. However, for different applications it might be possible to jointly address
throughput maximization and improve latency.

The convergence of the algorithms is shown in Fig. 3.26, where the accumulated reward
function is plotted versus the number of iterations. Accumulated reward function is defined

T
as |>_ r/T|, where |x| represents the absolute value of x, T is the subframe number (i.e.,
=1

x-axis) and 7y is the average reward of all SBSs at t* time instant. It is worth noting that

we defined the reward in (3.32) as a negative function. However, we evaluate convergence in
terms of the absolute value, hence lower value indicates better reward. DM-DQN converges
around 60 iterations while Q-learning has a slower convergence.

78



——DM-DQN
—AQL

09 =

Cummulative Reward
o o
~ ©

T T
| |

o
=)
I
I

0.5 i

0.4 I I I I I
0 20 40 60 80 100 120

Number of iteration (T)

Figure 3.26: Cummulative reward of SBSs versus number of iterations computed as

T
|> ri/T|; number of SBS is 10, number of CUDs is 50, and number of UEs is 30.
t=1

3.6 Conclusion

In this chapter, we presented reinforcement and deep reinforcement learning algorithms to
improve throughput, latency, and fairness of LTE networks.

First, TMQ, which is based on Q-learning, was proposed to improve throughput of tac-
tile communications. Results showed about 130% throughput improvement, 80% reduction
in delay, and 6% increase in fairness compared to the baseline algorithms.

Second, we focused on using Q-learning with the aim to improve latency of CRMs using
LTE small-cell networks. As such, DMQ was proposed based on Q-learning with the aim to
minimize latency of microgrid users. Furthermore, we compared DM@ to both heuristic-
and optimization-based algorithms. Results show delay reduction of 66% and 33% for
microgrid users compared to heuristic and optimization, respectively. Furthermore, DMQ
achieves the highest fairness values among the other schemes.
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Third, the previous work was extended to address the slow convergence of Q-learning
by employing deep Q-learning to reduce the latency of mission-critical users. As such, we
proposed DMDQ), a deep reinforcement learning-based algorithm, for RB allocation with
the aim to improve network latency, where an LSTM deep neural network is used. The pro-
posed DMDQ was compared to Round Robin and DMQ algorithms. In particular, DMDQ
achieves 60% convergence speedup compared to DMQ. Furthermore, DMDQ achieves 30%
delay reduction with only 9% throughput degradation compared to DMQ.

Finally, we extended the previous work further to consider joint resource allocation and
user-cell association with the aim to reduce latency of microgrid users. Again, LSTM-based
deep Q-Network was used for improving network latency. Results are compared to tabular
Q-learning, where the proposed algorithm achieves 41% delay reduction for critical users,
in addition to 40% convergence speedup compared to Q-learning.
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Chapter 4

Reinforcement Learning for 5G
Networks

4.1 Introduction

The rapid increase in services and use cases of wireless networks has driven the inception
of LTE with a focus on improving mobile broadband connections with a flattened IP
network. Such increase in mobile data traffic is expected to reach 5 zettabytes per month
as of 2030 [98]. In this chapter, we focus on 5G networks and study the use of model-
free reinforcement learning with 5G technologies with the aim to improve network KPIs.
Similar to the previous chapter, we employ various traffic scenarios that pose diverse KPI
targets, i.e., throughput, latency, and packet drop rate. In particular, uRLCC and eMBB
service categories of 5G are used, where uRLLC requires high reliability and low latency,
whereas eMBB requires high throughput. The coexistence of those service categories calls
for an efficient RRM that balances their conflicting KPIs.

This chapter is organized as follows. Section 4.2 presents the use of reinforcement
learning in a 5G network covering uRLLC and eMBB users with the aim to improve
uRLLC’s latency through resource block and power allocation, whereas in section 4.3,
we extend the problem to address the balance between uRLLC’s latency and eMBB’s
throughput using reinforcement learning. In section 4.4, with the use of beamforming,
reinforcement learning is used to improve network’s sum throughput using joint user-cell
association and power allocation per beam. Furthermore, section 4.5 addresses the problem
of spatial and temporal dynamicity in 5G mm-wave network employing beamforming,
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where deep reinforcement learning is used to perform resource block allocation and selction
of number of beams with the aim to balance uRLLC’s latency and eMBB’s throughput.

4.2 Reinforcement Learning-based Joint Power and Re-
source Allocation for uRLLC in 5G

In this section, we address the coexistency problem of uRLLC and eMBB traffic over 5G
network where we seek to balance latency and reliability of uRLLC users by designing a
multi-agent Q-learning algorithm for joint power and resource allocation [99]. The pro-
posed algorithm utilizes the flexibility of the time-frequency grid introduced in the 5G
standard to allocate resources to users according to their demands. In particular, our
multi-agent Q-learning algorithm is adopted for each 5G NodeB (gNB) to perform joint
power and resource block allocation every scheduling interval. Improving latency requires
reducing both transmission and queuing delays since they constitute the main impairments
against achieving the 1 msec latency requirement [100]. Furthermore, improving reliability
contributes to improving transmission delay by reducing both the need for re-transmission
and packet’s segmentation at the Radio Link Control (RLC) layer. In addition, queuing
delay is a direct outcome of scheduling delay. As such, we present a reward function crafted
carefully to address reliability, transmission and queuing delays of uRLLC users. We eval-
uate the performance of the algorithm in the presence of Constant Bit Rate (CBR) traffic,
in addition to Poisson traffic. We show that our algorithm outperforms the baseline algo-
rithm, that is recently proposed in [101], with 4% reduction in Packet Drop Rate (PDR),
while achieving lower latency for high traffic loads.

4.2.1 System Model

We consider a network consisting of a set 7 of gNBs (each gNB j € 7 and |77|=J) which
are deployed within 500 meters inter-site distance as shown in Fig. 4.1. Each gNB covers a
set V' of users (each user i € V" and |A|= N) which are stationary and deployed uniformly
within the gNB coverage. /V" is composed of two types of users: a set /V, of uRLCC users
(each uRLCC user i, € ;. and |/.|=N,), and a set V,, of eMBB users (each eMBB user
iy € Ny and [N,y |=N,,). All users adhere to 5G realease-15 standard, where downlink
communication is considered.

The 5G standard uses a flexible time-frequency grid to support variable length TTI
and configurable subcarrier spacing, a.k.a numerologies. The baseline numerology is 15
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Figure 4.1: System model of joint power and resource allocation for uRLLC in 5G networks.
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KHz, 12 subcarriers per resource block, and 14 symbols per subframe. Other numerologies
with 2# scaling are allowed in the standard, where p represents the numerology index.
For a certain bandwidth configuration, w MHz, let K% be the total number of resource
blocks available for downlink transmission. Consecutive resource blocks are bundled to
form RBGs as defined in [102]. We define X to be a set of K RBGs, where the size of
a RBG is [KPL/K] resource blocks. The RBG is considered as the unit of allocation.
Pk, is defined as the transmission power allocated to k" RBG by j* gNB. In addition,
scheduling resolution includes a slot, composed of 14 OFDM symbols, and mini-slots of
2,4, or 7 OFDM symbols. Services with strict latency requirements, such as uRLCC,
can be scheduled on a short TTI (i.e., mini-slot), whereas services with high throughput
requirements, such as eMBB, can be scheduled on a long TTT (i.e., slot of 14 symbols). We
select the finest resolution as the scheduling interval (i.e., TTI equals 2 OFDM symbols)
in order to facilitate uRLCC latency requirement close to 1 msec.

Link adaptation and Hybrid Automatic Repeat Request (HARQ) are employed using
information of channel quality indicator reported on uplink control channel. For cases
where first transmission is erroneously decoded, a HARQ re-transmission is triggered. In
particular, HAR(Q) transmission /re-transmission consumes D? “"4 round trip delay that con-
sists of data and acknowledgement transmission times, where i € /. In line with [103],
we assume Dzh % = 4Dyy;, where Dy; is the TTI duration which is 2 OFDM symbols (i.e.,
Dy; = 0.143 msec for 15 KHz subcarrier spacing). It is assumed that re-transmissions are
always prioritized over new transmissions.

The traffic corresponding to each user is queued in a transmission buffer maintained at
the gNB. Every TTI, the downlink scheduler is evoked by the gNB to perform RB allocation
for the pending traffic in the transmission buffers. Two traffic models are considered: CBR
(i.e., periodic) and Poisson arrivals with mean arrival rate A\ [packets/sec|. In particular,
uRLLC users’ traffic is composed of a mixture of CBR and Poisson arrivals; whereas eMBB
users’ traffic follows Poisson arrivals.

4.2.2 Latency and Reliability

Latency experienced by a packet can be formulated as:
D = D? + D% 4 phara, (4.1)
where DY is the queuing delay, D' is the transmission delay, and D" is the HARQ re-

transmission delay. Transmission delay of i*" user attached to j* gNB can be formulated
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as follows:

o _ §ij
Dt~ - (42)
1 1 Tk, i,jPk,j k4,5
];wk 082 + wrNo+ > $k,i,j’pk,j’hk,i,j’
= jeT
J'#7

where &; ; is the packet size of the (7, 7)™ link, wy, is the bandwidth of k" RBG and Nj is
the AWGN single-sided power spectral density. py ; is the transmit power of j* gNB on k"
RBG, hy; j is the channel coefficient, and zy; ; is the RBG allocation indicator of (k, i, j)™"
link. py ; is the transmit power of j’ interfering gNB, hy; ;+ is the channel coefficient, and
Ty is the allocation indicator of (k,,5")" link.

The transmission delay in (4.2) incorporates the delay due to segmentation at the RLC
layer which depends on the achievable rate. This is impacted by the level of interference
in the network (i.e., SINR). As such, improving the quality of resources allocated to a
user improves SINR which leads to a better modulation and coding scheme and higher
transport block size allocation. This, in turn, reduces segmentation at the RLC layer and
improves the delay. Besides, transport block size can be increased through allocation of
more resource blocks, which further reduces the delay.

The queuing delay is a direct outcome of the scheduling delay incurred at the Medium
Access Control (MAC) scheduler. Indeed, transmission delay and queuing delay may con-
tribute to large delay values, if not handled carefully, and become the major roadblocks
in achieving the 1 msec latency [100]. Therefore, achieving latency values close to 1 msec
mandates immediate scheduling of uRLLC users and limiting HARQ re-transmission to
one.

Limiting the number of HARQ re-transmissions to one as well as inter-cell interference
can lead to higher PDR. In particular, interference can have significant impact on edge-users
which can be solved by carefully adjusting the gNB’s transmission power on different RBGs
(i.e., RBG-based power allocation). As such, observing the SINR value plays an important
role in determining accurate transmission power of each RBG. All in all, SINR estimation,
power allocation, and RBG allocation are needed to balance the trade-off between latency
and reliability of uRLLC users. In the following section, we present a joint power and RBG
allocation algorithm based on Q-learning for uRLLC’s latency and reliability improvement.
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Figure 4.2: General block diagram of Q-learning.

4.2.3 Low-Latency High-Reliability for uRLLC using Q-Learning
(LLHRQ)

In our decentralized learning approach, each gNB adopts the multi-agent reinforcement
learning, specifically Q-learning algorithm. Fig. 4.2 presents a general block diagram
of the operation of Q-learning framework. In particular, agents are the set of players
aiming to select actions to maximize their reward. The agents do not share information
regarding their action selection to avoid excessive overhead. However, feedback from the
environment acts as a clue to each agent. Hence, states are used to observe the status of the
environment. In addition, a reward function is defined to guide each agent in its decision
process. In particular, each agent’s objective is to find the best policy that maximizes its
discounted reward over infinite time-horizon. As such, Q-learning estimates the quality
of visited state-action pair using an iterative update using (2.4). The Q-values are stored
in a table indexed by the states and actions. The steps of Q-learning is shown in Fig.
4.2, where the algorithm starts by selecting an action to be executed, then it observes
some reward corresponding to that action. This action will lead to environment’s state
transition. Finally, the algorithm updates the Q-value and repeats the process.

We formulate the Q-learning algorithm to improve reliability and minimize latency of
uRLLC users as follows:

e Agents: gNBs.

e Actions: The actions are defined as the joint power and RB allocations made by
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each gNB for its attached users. To reduce action-space, consecutive resource blocks
are bundled to form a RBG which represents 8 consecutive resource blocks as defined
in [102]. We denote the number of RBGs available for each gNB with K. As such,
actions of j gNB on k' RBG can be defined as ay; = {xj, pr,}, where x;; =
{x1,; i € N} is a vector of RBG’s allocation indicator for each user (i.e., zy;; = 1

if k™" RBG is allocated to i*" user and 0 otherwise) and py; is the power allocated to
k" RBG.

States: In the absence of agents’ cooperation, feedback from the environment should
play this role which is represented by the states. In particular, we observe the in-
terference impacting uRLLC users by estimating the SINR value at each user. This
quantifies the reliability of uRLLC users. As such, two states are designed as follows:

s o S0, Fm’ﬂr,k,j Z I‘th7 (4 3)
kg = . .
! s1, otherwise,

where, f;m~7,7k,j represents the average SINR value of uRLLC users on k'* RBG. State
so is visited whenever average SINR of uRLLC users exceeds a certain threshold,
I'yn, while s; is visited otherwise. The value I';;, is chosen to maintain high probabil-
ity of decoding. Furthermore, SINR contributes to link adaptation which improves
transmission delay as discussed in section 4.2.2.

Reward: We formulate the reward function as follows:

1-— max(Diq -)2, Fk" Z Fth;
rk,j — €N J J (44)
-1, otherwise,

where Dj; represents the last packet queuing delay of it" WRLLC user. The advan-
tage of formulating the reward using (4.4) is twofold. First, the reward serves in
driving each agent toward actions with better average SINR of uRLLC users (i.e.,
high reliability). On one hand, improving reliability should improve transmission
delay since less re-transmissions will be required. On the other hand, packets can be
accommodated in larger transport blocks. Second, the agent is rewarded a value that
relies on the maximum queuing delay experienced by its attached uRLLC users. In
particular, as the maximum delay approaches zero, the reward value approaches one.
This motivates each agent to schedule uRLLC users immediately (i.e., zero queuing
delay) as this will lead to the highest reward value.
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4.2.4 Baseline Algorithm

We compare the proposed algorithm to a baseline algorithm that is based on traditional
PF with priority given to uRLLC users. Priority-based Proportional Fairness (PPF) is
proposed in [101] and here implemented with the addition of equal power allocation. PPF
works as follows: on each T'TI, each gNB allocates RBGs to users according to their quality
of service demands. This is achieved using two-step process. First, RBGs are allocated to
uRLLC users with pending data transmissions; second, the remaining RBGs are allocated
to eMBB users. For each step, resources are allocated among users using PF criteria as
follows:

iy = arg max {E’Zk }, (4.5)
eV C’i,k

where i} is the user allocated k" RBG, C;, is the instantaneous rate of i*" user on k'™

RBG, and Ui,k is its average delivered user throughput in the past. The maximum number

of RBGs allocated to a user is deduced from the CQI value and the amount of pending

data for transmission.

4.2.5 Performance Evaluation

Table 4.1 presents the network and Q-learning settings considered in our simulations. The
wireless channel large-scale fading is modeled using 3GPP pathloss model [104]: PL;p =
128.1+37.6 log(d), where d is the distance between a user and its gNodeB in km. Shadowing
is modeled as a log-normal distribution with zero-mean and 8 dB variance. In addition,
single-input single output system is used with transmitter and receiver antenna gains of
15 dB and noise figure of 5 dB.

Each gNodeB covers 10 uRLLC and 5 eMBB users. The traffic of uRLLC is a mixture of
20% CBR and 80% Poisson arrivals, whereas traffic of eMBB follows Poisson arrivals. Small
payload size of 32 bytes is used for all users. In addition, the traffic loads per cell considered
for uRLLC users are 0.5, 1, 1.5, and 2 Mbps whereas 0.5 Mbps is considered for eMBB
users. The composition of traffic loads and mixture serves in assessing the performance
under light and heavy network traffic conditions. Simulation results are collected for 5000
TTIs and 5 simulation runs.

The action space of LLHRQ consists of the combination of power and RBG allocations.
We use K = 13 RBGs for a system bandwidth of 20 MHz, where the first 12 RBGs consist
of 8 RBs while the last RBG contains 4 RBs. For the power, p;; € {0,1,2,3} dBm with
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Table 4.1: Network settings

Physical layer

Max. transmission power
Transmission power levels
Tx/Rx antenna gain
Noise figure

Penetration loss

Network environment

40 dBm [31]

pr; € {0,1,2,3} dBm

15 dB

5 dB

5 dB

3GPP Urban Macro (UMa) network

Propagation 128.1 4+ 37.6 log(d)

Shadowing Log-Normal with 8 dB standard deviation
Bandwidth 20 MHz bandwidth

Carrier frequency 4 GHz

numerology 15 KHz subcarrier spacing
Number of RBG K =13

TTTI size 2 OFDM symbols (0.1429 msec)
MAC layer

HARQ Asynchronous HARQ

HARQ round trip delay 4 TTIs

HARQ processes 6

Maximum number of re-transmissions | 1

Network

Number of gNBs 5

Inter-site distance 500 meters

Number of uRLLC users
Number of eMBB users
User distribution

50 (10 per cell)
25 (5 per cell)
Stationary and uniformly distributed

Traffic

uRLLC 20% CBR and 80% Poisson
eMBB Poisson

Payload size (uRLLC/eMBB) 32 Byte

uRLLC load/cell [0.5: 0.5 : 2] Mbps
eMBB load/cell 0.5 Mbps
Q-learning

Learning rate (o) 0.5

Discount factor () 0.9

Exploration probability (e) 0.05

SINR threshold (I'y,) 20 dB
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maximum gNB’s transmission power of 40 dBm. In addition, the threshold of SINR I'y, is
adjusted to 20 dB to maintain high probability of successful decoding at the user side.

To evaluate the performance of the proposed scheme we present latency, PDR and
throughput results. Fig. 4.3 and 4.4 show empirical Complementary Cumulative Distribu-
tion Function (eCCDF) of latency of uRLLC users under various traffic loads of uRLLC
users for low and high traffic scenarios, respectively. In Fig. 4.3, it can be seen that both
algorithms achieve very close latency results, while in Fig. 4.4 our proposed LLHRQ out-
performs PPF at the 1073 percentile for 1.5 Mbps load and at the 10~* percentile for 2
Mbps load. In particular, inefficient power allocation of PPF impacts both interference
and link adaptation. This leads to more packet segmentation which increases transmission
latency. Learning joint power and resource allocation combats that problem and improves
the transmission delay. In addition, Fig. 4.5 provides more insights into the relation be-
tween reliability and latency. Indeed, better latency is achieved by allowing packets to
be dropped after the first re-transmission. PPF experiences that issue due to the ineffi-
cient interference handling. Hence, in Fig. 4.5 we observe that the drop rate of PPF is
increasing. Meanwhile, LLHRQ was able to achieve drop rates below 0.1% due to power
allocation capabilities. In our worst case traffic load, LLHRQ outperforms PPF with 4%
reduction of PDR.

Fig. 4.6 presents the throughput of eMBB users under various traffic loads of uRLLC
users. The figure shows that LLHRQ outperforms the throughput of PPF under all
uRLLC’s traffic loads. In particular, for PPF, increasing uRLLC’s traffic load signifi-
cantly impacts throughput of eMBB users. However, as the traffic load increases, LLHRQ
experiences a degradation in the throughput of eMBB users. Therefore, in the next section,
we extend the algorithm with the aim to improve QoS requirements of uRLLC and eMBB
users simultaneously. Finally, we observed a convergence of LLHRQ after 3000 TT1Is.
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4.3 ML-Enabled Radio Resource Allocation in 5G for
uRLLC and eMBB Users

In this section, we aim to balance QoS requirements stemming from the coexistence of
uRLLC and eMBB traffic over 5G network [105]. In particular, besides improving latency
and reliability of uRLLC users, we aim to maintain throughput performance of eMBB
users. To achieve this, we propose a multi-agent Q-learning algorithm, namely Latency-
Reliability-Throughput Improvement using Q-Learning (LRT-Q), to perform joint power
and resource block allocation for each gNB at every scheduling interval. The reward and
state functions of LRT-Q is designed carefully to satisfy three KPIs (i.e., reliability, queuing
and transmission delays of uRLLC users, and throughput of eMBB users). We evaluate
the performance of LRT-Q in the presence of CBR traffic, in addition to Poisson traffic.
Furthermore, we compare the performance of LRT-Q to two baseline algorithms: A PPF
algorithm (with addition of equal power allocation), proposed in [101], and a Q-learning-
based algorithm, namely Latency-Reliability using Q-learning (LR-Q), designed to improve
KPIs of uRLLC solely. Simulation results show 29% and 21 times increase in eMBB users’
throughput compared to LR-Q and PPF, respectively, at high traffic load of uRLLC (i.e.,
2 Mbps). This causes less than 0.5 ms degradation in uRLLC users’ latency at the 10~*
percentile compared to both LR-Q and PPF.

4.3.1 System Model

We follow 5G release-15 standard to verify our proposed algorithm on a set of gNBs that
serve uURLLC and eMBB users. 5G standard provides a flexible resource allocation through
variable length TTIL Let X be a set of K RBGs, where the size of a RBG is [Kgp/K|
RBs. To limit the set of states in our Q-learning approach, we consider RBG as our
unit of allocation in the frequency direction. Furthermore, each £* RBG is allocated a
transmission power, py j, by 77 gNB. The Q-learning algorithm that is described in the
following section, aims to improve the allocation of RBGs and their transmission power
assignments.

According to our system model, each gNB holds a number of transmission buffers
corresponding to the number of its attached users. Every TTI, downlink scheduler allocates
resources to the active users (i.e., users with pending data transmissions). In particular,
the scheduler performs joint power and RBG allocation while taking into account QoS
demands of uRLLC and eMBB users. Traffic model of uRLLC users is composed of a
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mixture of CBR and Poisson arrivals, whereas the traffic of eMBB users follows Poisson
arrivals.

Capacity of a link between the i** user and j** gNB can be formulated as follows:

K
Thij Phj Mg
Ciy =3 wy log <1+ ] ) 4.6
i i wiNo + X2 Thijr Prr T (40
i'ed
%

where wj, is the bandwidth of k* RBG and N, is AWGN single-sided power spectral
density. py; is transmit power of ;7 gNB on k™ RBG, hy,; is channel coefficient, and
Ty is RBG’s allocation indicator of (k,,7)™ link. py j is transmit power of j interfering
gNB, giij is the channel coefficient, and xy; ; is allocation indicator of (k,i,j')" link
with j" interfering node. Eq. (4.6) shows that interference mitigation plays a key role
in enhancing throughput. As it is well-known, inefficient power allocation might impact
edge-users significantly, which reduces the overall achieved throughput.

Latency of packets can be decomposed into three components as follows:
D = DY+ D%  phera, (4.7)

where D? is queuing delay, D* is transmission delay, and D" is round-trip delay of a
HARQ re-transmission. During HARQ), a re-transmitted packet has higher priority than
a new packet. Transmission delay of i’ user associated to j** gNB can be calculated as
follows:

CZ,] ’
where §;; is the packet size and C;; is the transmission rate. Eq. (4.8) shows that
interference mitigation, hence optimal power allocation, plays a key role in transmission
delay - besides throughput. On the other hand, transmission rate has an implication on
the RLC layer. As the rate increases, less segmentation is observed. This consequently
reduces the transmission delay. Furthermore, allocation of more RBGs to a user increases
the size of the allocated transport block, which further decreases the transmission delay.

Df”j = (4.8)

The queuing delay in (4.7) is identical to the scheduling delay of the MAC scheduler.
As such, to achieve close to 1 ms delay for uRLLC users, the scheduler has to immediately
schedule uRLLC traffic once it arrives and limit the number of HARQ re-transmissions.
In particular, we assume only one HARQ re-transmission is allowed to achieve the lowest
possible latency. However, limiting the number of re-transmissions can lead to higher PDR
(i.e., lower reliability). Such low reliability can be more severe for edge-users. Thus, in
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order to achieve high reliability while meeting the latency budget, RBG-based transmission
power control is employed in our proposed algorithm.

It is worth noting that improving latency and reliability of uRLLC users is expected
to impact the throughput performance of eMBB users (as in (4.6)). This calls for efficient
resource allocation algorithm that balances the trade-off between KPIs of uRLLC and
eMBB. In the following section, we present our proposed algorithm, based on Q-learning,
for joint power and RB allocation in order to jointly optimize latency and reliability of
uRLLC users as well as throughput of eMBB users.

4.3.2 Latency-Reliability-Throughput Improvement using
Q-learning (LRT-Q)

The proposed algorithm is based on decentralized reinforcement learning, where each gNB
acts as an agent running a Q-learning algorithm to perform resource allocation. The
mathematical formulation of Q-learning relies on MDP which is defined by agents, states,
actions, and reward function. The operation of Q-learning relies on interaction with the
environment and learning from trial and error based rewards being given to accepted or
favored actions. More specifically, an agent selects an action, executes it, and receives a
reward that reflects the quality of the selected action. This process is repeated until the
agent reaches a policy of action selection that maximizes its total discounted reward.

The proposed algorithm, LRT-Q, is a Q-learning algorithm with a reward function
designed to improve latency and reliability of uRLLC users as well as throughput of eMBB
users. In LRT-Q, actions are the joint power and RBG allocations performed by agents.
To keep the size of the Q-table manageable, we group 8 consecutive RBs into a RBG, hence
a RBG becomes the unit of allocation [102].

In LRT-Q, states are driven by observations from the environment which reflect the
impact of actions of other agents. In particular, interference among users represent the
major bottleneck against achieving better latency, reliability and throughput. As such,
states are defined to capture the average SINR achieved by users attached to each gNB as

follows: B
I'n,>T
Skj = k= (4.9)
s1, otherwise,

where fk’j represents the average estimate of the SINR value of k' RBG and defined as
'y, =8 TZJ + (1 —-7) f;:j, where FZJ is the average SINR of uRLLC users, F;:j is the
average SINR of eMBB users, and § is a factor controlling the priority given to uRLLC and
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eMBB users. I'y, is a threshold SINR value, which is chosen to maintain high probability
of decoding. Finally, the reward function is formulated to reward actions that achieve the
objectives of the proposed scheme:

1—mwuﬂ){'ﬂdzrm

Ty = U (4.10)
-1, otherwise,
2 1, =m
riy = — tan " (C), (4.11)
Thj = Bri; + (1= B)rgy, (4.12)

where ry . is the reward of uRLLC users on k" RBG, 7% is the reward of eMBB users,
and 7y, is the total reward of j** gNB. DY represents the last packet queuing delay of i*"
uRLLC user (i € V), and 67,:]. is the average throughput of eMBB users. Eq. (4.12) serves
in addressing the KPIs of both uRLLC and eMBB users through adjustment of parameter
S. In particular, (4.10) aims at improving latency and reliability of uRLLC users where the
agent is rewarded a value relative to the queuing delay as long as its reliability is meeting
certain threshold (i.e., SINR threshold). Indeed, the reward value relies on the maximum
queuing delay experienced by uRLLC users. This means that the algorithm will aim to
improve the worst queuing delay. In addition, achieving better average SINR significantly
contributes to the overall latency since better SINR leads to less packet segmentation and
reduced transmission delay. Overall, (4.10) motivates the MAC scheduler to immediately
allocate uRLLC users to better RBGs (i.e., hence achieving low-latency and high reliability
simultaneously).

Eq. (4.11) serves in improving the throughput of eMBB users, where increased through-
put leads to a reward value close to one. Using the parameter 5 in (4.12), we obtain the
balance between the conflicting KPIs. Algorithm 4.1 presents the steps of LRT-Q algo-
rithm performed by each agent. Furthermore, LRT-Q algorithm is compared with two
baseline algorithms that are described in the following sections.

4.3.3 Baseline Algorithms: PPF and LR-Q

PPF is a PF-based scheme with priority given to uRLLC users. PPF is proposed in [101]
and implemented here with the addition of equal power allocation. Simply, PPF allocates

RBGs to uRLLC users with pending data transmission, then, it allocates the remaining
RBGs to eMBB users.

The second baseline algorithm, LR-Q, is based on Q-learning, similar to the proposed
scheme, however it only considers KPIs of uRLLC users (i.e., modeled using (4.10)).

96



Algorithm 4.1 LRT-Q
1: Initialization: Q-table <— 0, «;, 7, and .
2: for TTI ¢t =1to T do
3: Step 1: Agent (i.e., gNB) receives uplink report (i.e., SINR) from its attached
users.
4 Step 2: Compute the reward using (4.10), (4.11), and (4.12).
5 Step 3: Update the Q-value of the current state-action pair.
6 Step 4: Observe and transit to next state as in (4.9).
7: Step 5: Select the next action based on e-greedy policy.
8
9

Step 5: Repeat at Step 1.
. end for

4.3.4 Performance Evaluation

Simulations are performed using our discrete-level simulator based on Matlab 5G toolbox.
In our simulations, we consider 5 gNBs, each covering 10 uRLLC and 5 eMBB users. The
traffic of uRLLC users is a mixture of 20% CBR and 80% Poisson arrivals, whereas traffic
of eMBB follows Poisson arrivals only. Payload size is fixed to 32 bytes for all users. In
addition, uRLLC traffic loads per cell is varied between 0.5 and 2 Mbps whereas eMBB
traffic load is fixed to 0.5 Mbps. Simulation results are collected for 5000 T'TIs and averaged
over 10 simulation runs and presented with 95% confidence interval. In addition, we select
the finest time resolution, i.e., TTI of 2 OFDM symbol, as our scheduling interval. The
action space of Q-learning-based algorithms consists of the combination of power and RBG
allocations. For a system bandwidth of 20 MHz, 13 RBGs are used where the first 12 RBGs
contains 8 consecutive RBs while the last RBG contains 4 consecutive RBs. Maximum
gNB’s transmission power is set to 40 dBm [34] and power allocation, py ;, is drawn from
the set {0,1,2,3} dBm. Finally, SINR threshold of T';, = 20 dB is used to maintain high
probability of successful reception. Table 4.2 lists all the network and Q-learning settings
considered in our simulations.

The performance of the proposed algorithm is evaluated in terms of KPIs of uRLLC
and eMBB traffic, i.e., latency and reliability of uRLLC and throughput of eMBB. Fig.
4.7 presents the aggregate throughput of eMBB users in the presence of varying traffic
loads of uRLLC users from 0.5 Mbps to 2Mbps offered load per cell. Indeed, increasing
uRLLC’s traffic load should impact the throughput performance of eMBB users. However,
the proposed algorithm, LRT-Q, is able to maintain stability of throughput performance
of eMBB users, with a slight degradation when the offered load is 2 Mbps. This shows a
throughput increase of 29% compared to LR-Q and 21 times increase compared to PPF
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Table 4.2: Network settings

Physical layer

Network environment
Carrier frequency
Bandwidth

Numerology

Number of RBG

TTI size

Max. transmission power

Tx/Rx antenna gain
Number of RBs

3GPP UMa network

4 GHz

w = 20 MHz

15 KHz (numerology 0)

K =13

2 OFDM symbols (0.1429 ms)
40 dBm [34]

15 dB

Kgrp = 100 resource blocks

Propagation 128.1 + 37.6 log(d)
Shadowing Log-Normal (8 dB)
Noise figure 5dB

Penetration loss 5 dB

MAC layer

HARQ type Asynchronous HARQ
HARQ round trip delay 4 TTIs

Number of HARQ processes 6

Maximum number of re-transmissions | 1

Network model

Number of gNBs )

Inter-site distance 500 meter

User distribution
Number of uRLLC users
Number of eMBB users

Stationary and uniformly distributed
50 (10 per cell)
25 (5 per cell)

Traffic model

uRLLC 20% CBR and 80% Poisson
eMBB Poisson

Payload size 32 Byte

uRLLC load/cell [0.5: 0.5 : 2] Mbps
eMBB load/cell 0.5 Mbps
Q-learning

Q-Learning rate («) 0.5

Discount factor () 0.9

Exploration probability (e) 0.05

B 0.1
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Figure 4.7: Aggregate throughput of eMBB users [Mbps| against uRLLC’s traffic load.

algorithm even under the highest offered load scenario. Even when the offered load is 0.5
Mbps, the proposed algorithm has twice as much throughput than PPF.

Fig. 4.8 and Fig. 4.9 present the eCCDF of latency of uRLLC users in ms for uRLLC
traffic loads [0.5, 1] Mbps and [1.5, 2] Mbps, respectively. The results are plotted in
two figures in order to preserve readability. In Fig. 4.9, it can be observed that LRT-Q
algorithm experiences less than 0.5 ms latency degradation at the 10~* percentile compared
to both LR-Q and PPF for high traffic load of uRLLC, i.e., 2 Mbps. It is worth mentioning
that although PPF achieves better latency for uRLLC users compared to LRT-Q and LR-Q),
its throughput is degrading faster than LRT-Q and LR-Q.
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Fig. 4.10 shows the PDR under varying traffic load of uRLLC users. Both LRT-Q and
LR-Q achieve identical and very low PDR (0.06%), whereas the PDR of PPF increases
rapidly with the load of uRLLC. Finally, we observed that both Q-learning algorithms
converge after 3000 TTTIs, i.e., 428.5 ms.

In summary, this section demonstrates the ability to combine joint allocation of RRM
tasks in addition to considering multi-objective targets. However, with the advent of
new 5G technologies, such as mm-wave, beamforming, and NOMA, more opportunities
and challenges are also evolving. In particular, such technologies pose new interference
patterns that make RRM tasks more challenging. In the next section, we present a rein-
forcement learning algorithm that addresses interference mitigation in a mm-wave network
with beamforming and NOMA. In particular, RRM tasks are shaped in a different form,
where power allocation per beam and user-beam allocation are becoming the core focus of
the proposed algorithm.

4.4 Machine Learning-based Inter-Beam Inter-Cell In-
terference Mitigation in mm-Wave

With the explosive bandwidth demand of wireless devices, mm-wave is considered a promis-
ing solution to the spectrum scarcity problem. Mm-wave provides a large spectrum in the
above-6 GHz band, i.e., Frequency Range 2 (FR-2). In contrast to sub-6 GHz band, FR-2
suffers from higher propagation losses that limit the coverage range of communication.
Therefore, beamforming is used to combat mm-wave losses by reshaping the beam pattern
of the antenna in the direction of the user, hence achieving better power density in the
direction of propagation. On the other hand, NOMA is a promising multiple access tech-
nique for 5G and beyond 5G networks. The key idea in NOMA is to serve multiple users
on the same time/frequency resources while superposing their messages in power domain,
i.e., allocating different power levels to users’ signals. This superposition process relies on
the relative channel gains of the users such that users with better channel gains get less
power levels, whereas users with bad channel gains get higher power levels. Successive In-
terference Cancellation (SIC) is applied at the users’ side to remove inter-user interference.
In particular, the user with the best channel decodes its message by successively decoding
other users’ messages and subtracting their effect from the received signal, whereas users
with bad channel decode their respective signals directly [106].

Despite the significant spectral efficiency and capacity improvements that the afore-
mentioned techniques bring about, several challenges hinder that performance gain. In
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a downlink multi-beam scenario, the coverage of beams associated with different cells
might intersect causing Inter-Beam Inter-Cell Interference (IB-ICI). Careful allocation of
power to each beam, i.e., inter-beam power allocation, is essential for IB-ICI mitigation.
Furthermore, the number of users covered by a single beam impacts the complexity and
performance of SIC. As mentioned earlier, SIC performs successive decode and encode it-
erations to remove inter-user interference. Therefore, increasing number of users per beam
leads to a large increase in complexity. Furthermore, the performance of SIC diminishes
rapidly as the number of users increases [107]. To prevent SIC performance degradation,
hence improve sum rate, it is imperative to balance the load across cells through user-
cell association. In parallel to advances arising from mm-wave, beamforming and NOMA,
there are significant efforts to make use of ML techniques to improve the performance of
next-generation wireless networks [105].

We address IB-ICI by using reinforcement learning for joint user-cell association and
inter-beam power allocation. In particular, we use a Q-learning algorithm that aims to
enhance the sum rate of the network. Our results show that the proposed algorithm
increases the achieved sum rate with at least 13% for the least offered traffic load with
a convergence of about 286 ms. In addition, about 30% increase in sum rate is achieved
under the highest traffic load simulated.

4.4.1 System Model

Notations: In the remainder of this section, bold face lower case characters denote column
vectors, while non-bold characters denote scalar values. The operators (.)7, () and ||
correspond to the transpose, the Hermitian transpose, and the absolute value, respectively.
The operator (A)~ under set B represents the absolute complement of A, i.e., (A)” = B\ A.

Consider a downlink mm-wave-NOMA system with J € 7 gNBs equipped with F
transmit antennas and N € V single-antenna users. Furthermore, users are partitioned
into different clusters, b € B, that are served using different beams such that 7V} is the
set of users covered by b beam. Let B; be the set of beams of j* gNB. Henceforth, we
use cluster and beam interchangeably. Indeed, different beams of different cells can have
coverage intersection as shown in Fig. 4.11. Such intersection gives rise to IB-ICI. IB-ICI
mitigation is essential in order to maximize network rate.

Poisson Cluster Process (PCP) is used to model users’ deployment in the network, where
the parent process follows a uniform distribution and the users of a cluster are uniformly
deployed within a circular disk around the cluster center. Every gNB performs a clustering
algorithm to group users that can be covered by a single beam. Under every beam, downlink
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Figure 4.11: System model of mm-wave network using beamforing.

NOMA power allocation is used to multiplex users in the power domain, whereas users use
SIC to demodulate their respective signals. We employ k-means clustering algorithm and
the closed-form NOMA power allocation proposed in [22]. In particular, k-means is used
to cluster users according to the correlation of their wireless channel properties, i.e., users
with correlated channels are more likely to be located close to each other.

In mm-wave channels, the gain of the LoS path is significantly larger than the gain of
the Non-LoS (NLoS) path, i.e., with around 20 dB [22], hence the mm-wave channel model
can be simplified to a single-path LoS model as follows:

Ob.i,j
hyij = ’U(Qb,z‘,j)m7 (4.13)
27‘7

where ( is the number of paths, hy;; € C'*! is the channel complex coefficient vector
of i user and j™ gNB on b beam, i.e., link (b,4,7), 0p:; € CN(0,0?%) is the complex
gain, dj; is the distance of link (i, j) with pathloss exponent 7. In addition, v(6; ;) is the
steering vector of the analog beamformer, which can be represented as follows:

’U(eb,i,j) _ [1’ e—j27r§ sin(eb,i,j)’ '“’e—jQTF(F—l)§ sin(@b,i,j)]T’ (414)
where s is the gNB’s antenna spacing, A is the wavelength, and 6,;; is the Angle of

Departure (AoD). It is worth-mentioning that analog beamforming with 1D linear antenna
array is used for its wide use.
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4.4.2 Problem Analysis

In this work, we aim to improve the sum rate in mm-wave network by performing user-cell
association and inter-beam power allocation. In particular, sum rate can be calculated as

follows:
C = W Z Z Z 10g2(1 + Fb,@j), (415)

€T beB; iy,

where w is the bandwidth, and I'; ; is the SINR of (¢, b, 7)™ link, which can be expressed
as
B pb,jﬁb,i,j|hlﬁ7jwb,j|2

= ) 4.16
b I + I, + o2 ( )
L=poslhi’ jwiil” D By, (4.17)
i' i
O(i")>0(i)
L= pilhigwig- I, (4.18)
1B

@~

where py, ; denotes the power allocated to k" beam of j* gNB, and p; is the power allo-
cated to I"" interfering beam. B ; and 3, ; is the power allocation factor of (b, i, )™ and
(b,i',7)%" links respectively. wy,; is the beamforming vector, and o? represents the noise
variance. The setup shown in Fig. 4.11 presents three types of interference: Intra-beam
interference, IB-ICI, and inter-beam interference. Different beams are allocated different
spectrum bands, hence inter-beam interference becomes void. With NOMA power allo-
cation, users sharing the same time/frequency resources, are multiplexed in the power
domain. This incurs intra-beam interference as expressed in (4.17). Finally, IB-ICI is ex-
pressed in (4.18). O(i) denotes the decoding order of i user whereas ;- denotes the set
of beams that belong to the absolute complement of j under set 7, ie., (()~ = 7\ J).
Finally, h;; ;- represents the channel vector between the [ interfering beam from other
cells in the set (j)~ and " user, and w ;- is the beamforming vector of I'* interfering
beam.

4.4.3 Proposed Q-learning Algorithm

We define an online distributed multi-agent QQ-learning algorithm as follows:

e Agents: gNBs.
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e Actions: Each gNB decides on its user associations and inter-beam power allocation.
The user-cell association is performed only for users that lie in the intersection region
of two or more cells. Let V' ;”t be the set of users of j* gNB that lie in its intersection
region with other cells. The vector of actions is defined as a; = [0;,p;;5 € ),
where a; € &;. The vector §; = [6;,1 € W’;"t] represents a binary vector of user-cell
association where each element indicates whether the gNB decides to associate the
i" user, d;; = 1, or not, §;; = 0. Furthermore, p; = [p;s,b € B;] represents a
vector that defines the power allocated to each beam of j* gNB. As such the size of
the action-space becomes 21T % N}L@j ‘, where IV, represents the set of power values
available for each beam.

e States: We define the states in terms of the average SINR which reflects the level
of interference in the wireless environment:

T,>T
5; = {SO’ j= S (4.19)

s1, otherwise,

where j* gNB, i.e., agent, transits to state sy as long as its average SINR, fj is
greater than a threshold value, I';,, and transits to s; otherwise. The average SINR
of j" gNB is defined as follows:

1
I'y= m Z Z Lyij, (4.20)

bE@j ieﬂ"b
where 7V}, is the set of users covered by b beam.

e Reward: We formulate the reward function based on SINR as follows:

1 T,>T
r; :{ ’ J= (4.21)

—1, otherwise.

Algorithm 4.2 presents the steps performed by each gNB, whereas algorithm 4.3 presents
the steps performed by each user. Furthermore, user-cell association process involves Q-
learning part at gNB’s side and priority list at user’s side. In particular, the user maintains a
priority list of the gNBs to associate with, which is computed according to SINR estimation
in the last transmission interval. Afterwards, each gNB performs the Q-learning algorithm
which results in an association decision for each user in the intersection region, where each
user is informed about that decision. Finally, each user follows Algorithm 4.3 to combine
the decisions from gNBs with its priority list and informs the selected gNB.
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Algorithm 4.2 Proposed Q-learning algorithm for joint user-cell association and inter-
beam power allocation (gNB)
1: Imitialization: Q-table < 0, «, 7, and .
2: for scheduling assignment period t = 1 to 7" do
3: Step 1: Receive SINR estimations from attached users.
4: Step 2: Perform Q-learning algorithm for joint user-cell association and inter-beam
power allocation:

5: Compute average SINR of users in the intersection region.

6: Update reward as in (4.21).

7: Update Q-value (and Q-table).

8: Switch to state " as in (4.19).

9: if rand < ¢ then

10: a; < draw an action uniformly from (ﬂj

11: else

12: a; = gleaé q(s}, a’)

13: end if

14: Step 3: Downlink transmission of user-cell association decisions to each UE.

15: Step 4: Wait UEs to perform final user-cell association decisions as in Algorithm
4.3.

16: Step 5: Receive final user-cell association decisions from UEs.

17: Step 6: Perform k-means clustering and NOMA intra-beam power allocation.

18: Step 7: Perform downlink transmission, while each user performs downlink recep-
tion using SIC.

19: end for

4.4.4 Performance Evaluation

We use 5G Matlab Toolbox to construct a discrete event simulator. The simulator works on
TTI level with 5G downlink transmission and reception. Table 4.3 presents the simulation
settings. The network is composed of two gNBs with inter-gNBs distance of 150 m. Users
are stationary and their positions follow a PCP with A = 7. We consider 2 clusters, and
cluster radius of 30 m. The performance of the proposed algorithm is tested under several
traffic loads. The number of users in the intersection region is 2, number of power levels
used is 5, number of clusters is 2, and number of states is 2. Hence, the size of the action-
space becomes 22 x 52 = 100 and the size of the Q-table is 22 x 52 x 2 = 200. In addition,
we employ k-means clustering and closed-form NOMA power allocation proposed in [22]
as a base for our implementation.
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Algorithm 4.3 User-cell association (UE)

1: for scheduling assignment period ¢ = 1 to 1" do

2: Step 1: Receive association decisions from gNBs.

3: Step 2: Update priority list, i.e. maintain gNBs that decided to associate and
remove gNBs that decided not to associate with the UE.

4: Step 3: Select the gNB with the highest priority on the list to associate with and
send the final decision to the selected gNB.

5. end for

The proposed algorithm is compared to a baseline algorithm that heuristically performs
user-cell association and inter-beam power allocation. In particular, the baseline algorithm
performs user-cell association by constructing a priority list of gNBs ordered according to
SINR. Afterwards, users associate with the gNB with the highest priority on the list. In
addition, power allocation is performed by equally dividing the total power of cell among
its beams.

We present performance results of the proposed Q-learning algorithm compared with
a baseline algorithm, Uniform Power Allocation (UPA), in terms of sum rate, latency,
and PDR. In particular, UPA assigns equal power among beams. Fig. 4.12 presents the
network sum rate versus the total offered load. The figure shows that the proposed scheme
outperforms UPA in all cases with a rate increase of 13% and 33% at the lowest and highest
offered loads, respectively. In addition, Fig. 4.13 presents the network sum rate versus the
total number of users in the network. The figure shows that Q-learning is able to maintain
a sum rate close to the total offered load (which is set to 0.5 Mbps for the presented case)
when increasing the number of users in the network, whereas UPA is achieving lower sum
rate. PDR is presented in Fig. 4.14, where both algorithms are achieving very comparable

PDR (around 10 — 11%).

Furthermore, Fig. 4.15 shows the eCCDF of the average achieved latency. Latency is
defined as the delay of the packet since its creation at the gNB until its delivery at the
user side. This includes queuing, transmission, and propagation delays. The processing
at both ends, i.e., gNB and user, includes RLC, MAC and physical layers. The figure
shows that both algorithms achieve similar latency values at different offered loads. The
figure also shows three main latency points: 0.1429 ms, 0.2857 ms, and 0.4286 ms, which
correspond to 1, 2, and 3 TTIs respectively, where 1 TTI represents 2 OFDM symbols. In
particular, queuing and re-transmission delays contribute to the total achieved delay [99].
By improving interference, i.e., SINR, re-transmission delay and total delay improve.

Finally, Fig. 4.16 shows the average cumulative reward versus the iteration number.
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Table 4.3: 5G mm-wave network simulation settings

5G Physical layer configuration
Bandwidth

Carrier frequency

Subcarrier spacing

Subcarriers per resource block

TTI size

Max transmission power

20 MHz

30 GHz [109]

15 KHz

12

2 OFDM symbols (0.1429 msec)
28 dBm

HARQ

Type Asynchronous HARQ
Round trip delay 4 TTIs
Number of processes 6
Maximum number of re-transmission | 1
Distribution of users

Mobility Stationary
Distribution PCP

PCP Average number of users 7

Number of clusters 2

Radius of cluster 30 m
Number of users 4 —16
Number of gNBs 2
Inter-gNBs distance 150 m [109]
Traffic

Distribution Poisson
Packet size 32 Bytes
Q-learning

Learning rate («) 0.5
Discount factor () 0.9
Exploration probability (e) 0.1
Inter-beam power levels [0:2:8 dBm
SINR Threshold (I';,) 20 dB
Simulation parameters

Simulation time 4000 TTI
Number of runs 40
Confidence interval 95%

109




=
W

T T
+Qlearning
—+-urA .

Sum Rate [Mbps]
SO 4 |
=) 2 ® & p— = S

e
tn

N
'S
:

0.3 Il Il Il Il Il Il Il Il
0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3

Total Offered Load [Mbps]

Figure 4.12: Sum rate [Mbps| versus total offered load [Mbps|. Number of users is 9.

The e-greedy action selection methodology, presented on lines 9-13 in Algorithm 4.2, is ap-
plied for 2000 TTIs, whereas greedy policy is followed afterwards. The proposed algorithm
converges at around 2500 TTI with a slight decrease of the reward at 500 — 600" TTI due
to the exploration policy.

In summary, the proposed algorithm demonstrates the ability to address interference
challenges in mm-wave networks with beamforming by employing joint user-cell association
and inter-beam power allocation. However, the mobility and traffic dynamicity give rise to
spatial and temporal dynamicity in a mm-wave network with beamforming. This calls for
an RRM solution that can adapt beams to different regions of users, i.e., spatial dynamicity,
in addition to performing a flexible and fast RB allocation that considers traffic variations
among beams, i.e., temporal dynamicity. The next section is devoted to addressing that
problem using a deep reinforcement learning algorithm.
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Figure 4.16: Cumulative average of Q-learning’s reward versus iteration number with dif-
ferent total offered load.
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4.5 Radio Resource and Beam Management in 5G Mm-
wave Using Clustering and Deep Reinforcement
Learning

With the unprecedented growth of mobile data traffic stemming from a growing use of
data-hungry applications, next-generation wireless networks need to adopt a paradigm
shift in the way the resources are managed. Mm-wave technology is promising large and
underutilized spectrum between 30 and 300 GHz, which addresses the well-known spec-
trum scarcity problem of the sub-6 GHz band [110]. However, mm-wave suffers from high
propagation losses that hinder its coverage range. One approach to combat such losses
is to use directional communication where beamforming is used to reshape the pattern of
propagation in the direction of the user.

Despite the performance gains that beamforming alongside mm-wave bring about, many
challenges exist. The distribution of users and traffic can vary rapidly within a short

period of time [I11]. 5G standard introduced three service categories: uRLLC, eMBB,
and mMTC [2]. In addition, wireless networks beyond 5G and 6G are expected to serve
applications with more heterogeneity and tight QoS requirements [112|. Furthermore, an

added layer of complexity arises due to mobility of users. With such network dynamicity,
beam management and radio resource allocation becomes more challenging. This, first,
calls for an intelligent beam management algorithm that captures QoS and mobility of
users. Second, an intelligent radio resource allocation is needed to actively consider load
variations across the formed beams.

We consider a heterogeneous mm-wave network that employs beamforming for serving
uRLLC and eMBB users. Since users are mobile, an online clustering is sought to cluster
users that can be served by a single beam. In addition, due to the fact that load per
beam changes as users move among clusters, RB allocation is needed to efficiently allocate
resources among users within the same beam. For this purpose, we propose a QoS-aware
clustering and RB allocation technique for mm-wave networks. In particular, we propose a
Density-Based Spatial Clustering of Applications with Noise (DBSCAN)-based algorithm
for user clustering and managing beams, in addition to an LSTM-based deep reinforce-
ment learning for RB allocation. We call our algorithm as Deep Q-learning with DBSCAN
(DQLD). Furthermore, we compare the proposed algorithm to a baseline algorithm, namely
K-means clustering with PPF (KPPF), where clustering is performed using K-means algo-
rithm and resource allocation is performed using PPF algorithm. Simulation results reveal
that DQLD outperforms KPPF in latency, reliability, and rate of uRLLC users as well as
rate of eMBB users.
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Figure 4.17: System model of 5G mm-wave network covering uRLLC and eMBB users
using beamforming.

4.5.1 System Model

Consider a mm-wave network with j € 7 of gNBs, where each gNB covers N € 7V single-
antenna users. Users are partitioned into different clusters, where each cluster is served by
a single beam denoted by b € B as shown in Fig. 4.17. We consider two types of users with
different QoS: uRLLC and eMBB users. In particular, uRLLC users require a low latency
and high reliability communication, whereas eMBB users require high rate communication.
Let 7V be the set of users covered by b* beam and the communication between beams
and their associated users follows 5G release 15 [113]|. Furthermore, beams use OFDMA to
allocate orthogonal resources to their users, hence intra-beam interference can be omitted.
Let k € % denote a RBG and the bandwidth of a RBG is denoted by wy,. We select 2
OFDM symbols as the length of a TTI to encourage low latency for uRLLC users [94,101].

The initial positions of users follow PCP, in which heads of clusters are uniformly
distributed and users within each cluster are uniformly distributed within the radius of
the cluster. In addition, mobility of users follow random waypoint mobility model. The
traffic of users follows Poisson distribution with A inter-arrival time and a fixed packet size
of 32 bytes. As such, users tend to leave their clusters and join new ones as time proceeds.
The mm-wave channel can be modeled using a single LoS path model, where the gain of
the LoS path is larger than the gain of NLoS paths [22]. As such, the channel vector,
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hiip € C' 1 between b'" beam and " user on k* RBG is defined as follows:

Ok,ib
hiip = U(Qi,b)m,

where g, € CN(0,0?) is the complex gain, ¢ is the number of paths, d;; is the Euclidean
distance, and 7 is the pathloss exponent. Note that we removed the gNB’s index to keep the
formulation readable. In addition, v(6;) is the steering vector, which can be represented
as follows:

(4.22)

'U<9i,b) _ [1’€—j27r§sin(0i,b)7 .“,e—j27r(F—1)§sin<9i’b>]T’ (4.23)
where s is the gNB’s antenna spacing, F is the number of antenna elements, A is the

wavelength, and 6 is the AoD.

The proposed scheme aims at addressing the QoS differences among the users in the
network. In particular, uRLLC users need to maintain high reliability and low latency
communication links, whereas eMBB users need to achieve high rate.

4.5.2 Rate of eMBB Users

The sum rate of eMBB users per gNB is formulated as follows:

C= Z Z Z Lei bWk b 10g2<1 + Fk,i,b)7 (424)

beB icVy kefy

where x5 is a RBG allocation indicator, wy is the size of RBG in Hz, AV is the set of
eMBB users that belong to b beam, and T’y ;; is the SINR of (k,4,b)™ link, which can be
expressed as

H 2
ProP i Wi
H 7
o2+ > pry |y pywrp|?
b£b
where py; and wy,, denote the power and beamforming vector of k™ RBG of b beam.

. th . .
pry and wyy denote the power and beamforming vector of k" RBG of ™" interfering
beam. o2 represents noise variance.

Drip = (4.25)

4.5.3 Latency and Reliability of uRLLC Users

Latency of uRLLC users is formulated as follows:

Diy = Di% + DY, + D™, (4.26)
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where Df’g") is the transmission latency, D;'],b is the queuing latency (i.e., latency of packet
pending in the transmission buffer), and ngrq is the HARQ re-transmission latency of '
user on b beam. In order to achieve low latency for uRLLC users, the scheduler has to

immediately allocate resources to uRLLC traffic once it arrives. Furthermore, we limit the
number of HARQ re-transmissions to 1 to maintain low latency.

Limiting the number of re-transmissions, however, may impact the reliability of uRLLC
users. To maintain high reliability, link adaptation is performed, where users periodically
report SINR measurements to the gNB in the form of CQI values. CQI indicates the
quality (i.e., SINR) of the link with the associated beam. In turn, the gNB accounts for
those measurements in the scheduling policy. In the following section, we show how the
proposed algorithm addresses both latency and reliability of uRLLC users.

4.5.4 Deep Q-learning with DBSCAN (DQLD)

In order to maintain high QoS of uRLLC and eMBB in the midst of changing network
conditions, the proposed algorithm considers an online clustering (for the purpose of beam
management) and a ML-based resource allocation. Online clustering is used to cluster
users that are adjacent to each other and can be covered by a single beam. In addition,
the online clustering algorithm aims to find the optimal number of beams for coverage. On
the other hand, for resource block allocation we use deep Q-learning. DBSCAN is used for
online clustering and deep Q-learning is used for RB allocation.

An online algorithm is needed to maintain efficient coverage of mobile users. We adopt
DBSCAN for user clustering and selection of number of beams due to its advantages
over other clustering techniques [114]. DBSCAN does not require a predefined number of
clusters. Instead, the algorithm identifies users that can belong to a cluster from sparse
users and returns the number and structure of clusters. In addition, DBSCAN has low
complexity and easy implementation.

Note that, frequent online clustering can lead to a challenging resource allocation prob-
lem. In particular, performing the clustering very often leads to frequent changes in the
structure and number of beams. As such, resource allocation has to deal with a very dy-
namic environment. Furthermore, clustering might be needed only whenever the beams
are not efficient enough to cover users (i.e., users have changed their positions and tend to
belong to new clusters). Therefore, determining the frequency of clustering is important.
We choose to perform clustering only when the average SINR of a beam drops under a
predefined threshold.
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Clustering returns a set of beams to cover network users. Within each beam, we perform
RB allocation using an LSTM-based deep Q-learning technique, namely Deep Q-learning
(DQL). The tuples of DQL is defined as follows:

e Agents DQL is a multi-agent distributed algorithm that is performed independently
by each gNB (i.e., each gNB is a standalone agent). Each gNB performs DQL to
allocate RBGs within each of its beams.

e Actions The actions are defined as the RBGs allocated to users per beam as

arp = {ikp}s (4.27)
where ay.;, denotes the action of k" RBG of b'" beam, and iy, is the user index.

e States We design the states in a way that captures the level of inter-beam interfer-
ence. In particular, states are defined in terms of the CQI feedback measured at the
user. Therefore, state of k" RBG of b beam is defined as

kb = {90 (4.28)
where g, is the CQI of k" RBG of b** beam.

e Reward The reward function is designed to account for different users’ classes (i.e.,
uRLLC and eMBB). In particular, uRLLC users require tight latency and reliability,
whereas eMBB users require high throughput. Therefore, the reward function is

defined as T
_ [sism(B” ), c@) =1,
Thp = 9 . (mbb) . (4.29)
sigm(ry;, ), C(i) =2,
where sigm(z) denotes a sigmoid function defined as
igm(z) ! (4.30)
sigm(z) = . .
5 l+e®

In (4.29), C(i) represents the Quality Class Indicator (QCI) of i*" user, where C(i) =
1 denotes uRLLC users and C'(i) = 2 denotes eMBB users. r,(:be) and T,(f{ll,c) are
the reward functions of eMBB and uRLLC users, respectively, which are defined as

follows: 00s
wey D%
= 4.31
rk,b Dk}b (Z) Y ( )
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(mbb)  Lkp
"kb T TQoS

(4.32)

where Dy (i) is the queuing latency due to allocating k™ RBG of b beam to ™"
user, D9 is the QoS requirement of latency, and I'?°% is the QoS requirement of
SINR. It is worth mentioning that gNB has knowledge of QCI of its radio bearers and
queuing latency of its users. As such, when traffic on link (k, b) belongs to a uRLLC
user, the reward constitutes a combination of reliability and queuing latency. Indeed
queuing latency dominates the total latency of downlink transmission [105]. On the
other hand, when traffic on link (k, b) belongs to a eMBB user, the reward constitutes
reliability, which translates to higher transmission throughput (i.e., improving SINR
enables allocation of higher modulation and coding scheme and higher transport
block size). Finally, the sigmoid function is used to keep the reward in the interval

0,1].

Fig. 4.18 presents a conceptual diagram of the LSTM-based DQL approach. It is worth
mentioning that gNB has a separate DQL entity for each beam it forms. For each beam,
the DQL works as follows. The gNB computes the next state and the reward as in (4.28)
and (4.29), respectively, from the CQI and SINR feedback received from its users. The
experience, {s;, as, 7411, St41}, 1S then stored in the experience replay memory to be used
later for training the LSTM neural network, where s;, a;, 411, and s;,1 are state, action at
t" time step, reward, and next state at (t+1)"" time step, respectively. Afterwards, LSTM
is used to predict the Q-values of all actions of the next state (i.e., ¢(s41,#)). Finally, the
Q-values is fed to the e-greedy algorithm for next action selection. The e-greedy algorithm
selects either a random action with probability (€) or an action that follows the greedy
policy with probability (1 — €).

To maintain low complexity, the training of LSTM is performed every (2 TTIs. In
particular, a batch of experience samples is drawn randomly from the experience replay
memory. The batch is fed to the target LSTM in order to compute a sequence of reference
responses. These responses constitute the labels used to train the main LSTM network.
In addition, the target LSTM is initially loaded with the weights of the main network.
However, the update of the target LSTM’s weights is done every R TTIs to maintain
stability [12].

4.5.5 Baseline Algorithm

For fair comparison, we use a baseline algorithm that works in a similar approach to the
proposed algorithm and has been used in the literature before. In the baseline, k-means is
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Figure 4.18: Conceptual diagram of LSTM-based deep Q-learning.

used to perform online clustering [22|, whereas PPF is used for RB allocation as proposed
in [101]. In [22], clustering using k-means is performed based on channel properties at
the user side, i.e., users that are close in proximity are more likely to experience similar
channels. Furthermore, in [22], RB allocation is performed using a hard QoS-aware criteria.
In particular, RBGs are given to uRLLC users with pending data transmission first, then
the remaining RBGs are allocated to eMBB users. Within each user class, RBGs are
distributed according to PF criteria as

Cleu
i* = arg max —=" (4.33)
k,u,b

where i* is the selected user to be allocated k" RBG.

4.5.6 Performance Evaluation

We perform simulation using a discrete event simulation based on 5G Matlab Toolbox.
Table 4.4 presents network, simulator, and DQLD algorithm settings. The network is
composed of two gNBs with 300m inter-gNBs distance. Initial positions of users follow
a PCP with 2 clusters, where each cluster has a radius of 20m. The performance of the
algorithms is tested under different traffic loads (i.e., {0.5,1,1.5,2} Mbps per gNB). The
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DQLD algorithm consists of 15 states (i.e., corresponding to number of CQls) and 24
actions (i.e., actions correspond to total number of users per gNB).

Table 4.4: Simulation settings

Physical layer

Bandwidth 20 MHz
Carrier frequency 30 GHz [109]
Subcarrier spacing 15 KHz
Subcarriers per resource block 12

TTI size
Max transmission power

2 OFDM symbols
28 dBm

uRLLC target BLER 1%

eMBB target BLER 10%

HARQ

Type Asynchronous HARQ

Round trip delay

4 TTIs

Number of processes 6
Max. number of re-transmission | 1
Network model

Initial positions PCP

Mobility
number of uRLLC per cluster

Random waypoint
2

number of eMBB per cluster 2

Number of clusters 3

Radius of cluster 20 m
Number of gNBs 2

Radius of cell 150 m
Inter-site distance 300 m [109]
Traffic

Distribution Poisson
Packet size 32 Bytes
Q-learning

Learning rate («) 0.5
Discount factor () 0.9
Exploration probability (¢) 0.1

DRos 1 msec
[@o8 15 dB [115]

120




LSTM

Size of input layer 1
Number of hidden units 20
Size of output layer 24
Size of mini-batch 20
Size of replay memory 60
Training interval (2) 60
Copy Interval (R) 120
DBSCAN

mainPts 5)
eps 30
Simulation parameters

Simulation time 1.5 second
Number of runs 10
Confidence interval 95%

In the following, we present the simulation results of the proposed DQLD scheme and
compare it to the baseline KPPF algorithm. The performance is assessed in terms of
uRLLC and eMBB QoS requirements. Fig. 4.19 and Fig. 4.20 present the eCCDF of
latency of uRLLC users. The figures show the latency under increasing uRLLC traffic load.
Both figures demonstrate the superiority of DQLD over KPPF despite that KPPF applies
hard QoS rule for scheduling uRLLC users first. In particular, Fig. 4.19 demonstrates
about 8 ms improvement at the 10~* percentile and at 1 Mbps offered load. Furthermore,
as offered load increases, KPPF fails to maintain a reasonable performance for uRLLC
users.

In Fig. 4.20, the latency performance of KPPF degrades significantly, whereas DQLD
was able to achieve much lower latency with about 350 ms difference with respect to KPPF
at 2 Mbps.

The significant performance degradation of KPPF is attributed to a high Packet Loss
Rate (PLR) as shown in Fig. 4.21. The figure presents the PLR of uRLLC users under
different traffic loads. As seen in Fig. 4.21, DQLD demonstrates a 50% improvement in
PLR compared to KPPF. Furthermore, Fig. 4.22 presents the achieved rate of uRLLC users
under different uRLLC traffic load. Again, DQLD outperforms KPPF. In fact, increasing
the traffic load impacts KPPF significantly, where 1 Mbps constitutes a break point for the
algorithm. It is worth mentioning that the simulation is performed by increasing traffic

121



——DQDL, Load: 0.5 Mbps
——DQDL, Load: 1.0 Mbps
—e-KPPF, Load: 0.5 Mbps
—x-KPPF, Load: 1.0 Mbps

Latency of URLLC users [ms]

Figure 4.19: Latency of uRLLC users versus total uRLLC offered load ([0.5, 1] Mbps).

loads of both uRLLC and eMBB users simultaneously. For example, 1 Mbps in Fig. 4.22
refers to uRLLC and eMBB loads (i.e., total load per gNB is 2 Mbps). As such, increasing
the offered uRLLC and eMBB loads stresses both algorithms. Fig. 4.23 presents the
achieved rate of eMBB users under different traffic load. Again, the same trend appears
for KPPF, where 1 Mbps constitutes a break point in KPPF’s performance, whereas DQLD
demonstrates an ability to balance resources among users and satisfy the conflicting QoS
requirements.
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Figure 4.21: Packet loss rate of uRLLC users versus total uRLLC offered load.
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4.6 Conclusion

In this chapter, we proposed reinforcement and deep reinforcement learning algorithms to
improve latency, throughput, and reliability of uRLLC and eMBB users in 5G networks.

First, we presented LLHRQ, a Q-learning-based joint power and resource allocation
technique for improving latency and reliability of uRLLC users. LLHRQ was crafted
to address the main bottlenecks toward achieving high reliability and low latency. In
particular, the reward and the states were formulated to improve inter-cell interference for
reliability and transmission delay, on one hand, and improve the queuing delay, on the
other hand. The proposed algorithm is compared to a modified PF algorithm, from the
literature, that gives higher allocation priority to uRLLC over eMBB users. Simulation
results show a 0.5ms latency improvement with LLHRQ, in addition to 4% improvement
in packet drop rate. Furthermore, LLHRQ is able to maintain the throughput of eMBB
users without any degradation.

Second, we extended the previous work to consider KPIs of both uRLLC and eMBB
users simultaneously. LRT-Q algorithm based on Q-learning was proposed for joint power
and RB allocation with the aim to improve both latency and reliability of uRLLC users as
well as throughput of eMBB users. Results show 29% eMBB’s throughput improvement
with respect to LLHRQ), i.e., the Q-learning that considers uRLLC’s performance solely.

Third, beamforming in mm-wave networks was employed to study the joint problem of
user-cell association and inter-beam power allocation in 5G mm-wave network. Q-learning
was used to improve network’s sum rate by mitigating intra- and inter-beam interference.
On one hand, the algorithm performs inter-beam power allocation such that it balances the
interference posed by beams of adjacent cells. On the other hand, the algorithm performs
user-cell association which balances users’ attachments across cells, hence improving the
performance of SIC. Simulation results present a performance enhancement of 13 —30% in
network’s sum-rate corresponding to the lowest and highest traffic loads, respectively.

Finally, we extended the previous work to consider the spatial and temporal dynamicity
in the network by addressing clustering and RB allocation. In particular, we proposed an
online clustering algorithm for identifying the number and structure of beams to cover
network users, in addition to an LSTM-based deep reinforcement learning to perform
resource allocation within each beam. The performance of the proposed scheme is compared
to a baseline that uses k-means and PPF for clustering and RB allocation, respectively.
Simulation results show 8ms latency improvement at low traffic load and about 350ms
latency improvement at high traffic load. Furthermore, the proposed algorithm achieved
50% improvement in packet drop ratio.
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Chapter 5

Transfer Reinforcement Learning for 5G
Networks

5.1 Introduction

In this chapter, we present transfer in reinforcement learning for 5G wireless networks.
In traditional reinforcement learning, a learning agent needs to collect vast number of
samples of experience in order to reach an optimal result. In the previous chapters, we
introduced deep reinforcement learning as a solution to speed up the convergence. How-
ever, the proposed methods were able to improve the convergence of the agent under fixed
domain scenario, in which there is a certain limit of the agent’s adaptability. Furthermore,
with the advent of novel network architectures, such as cloud RAN and open RAN, more
autonomy is needed reduce the capital expenditure (CapEx) of network setup and main-
tenance. Therefore, fast adaptability to network environments is needed. In this chapter,
we introduce transfer in reinforcement learning, where we seek to transfer knowledge be-
tween expert and learner agents. This, on one hand, addresses the convergence problem of
traditional reinforcement learning methods and, on the other hand, facilitates knowledge
transfer across different domains, i.e., different state-action spaces. The latter is expected
to revolutionize the wireless network by introducing agents that are able to learn from
other agents.

The work presented in this chapter represents an attempt to transfer knowledge from
an expert to a learner agent. This will help improve the convergence of the learner and
reduce the need for large sample collection, i.e., exploration iterations. Furthermore, we
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perform transfer across domains, where knowledge are transferred from a less complex to
a more complex task.

5.2 Transfer Reinforcement Learning for 5G-NR mm-
wave Networks

5.2.1 Introduction

Next-generation wireless networks are expected to carry heterogeneous traffic loads with
QoS expectations including high capacity, low latency and enhanced reliability [2, 112, 116].
The recent availability of mm-wave band between 30 and 300 GHz is a promising solution
for spectrum scarcity in the next-generation wireless networks, where wide bandwidth can
be provided for high data rate services. Indoor environments such as schools, hospitals,
and shops, as well as outdoor environments such as parks, and city centres are examples of
regions of mm-wave support |1 17]. However, the coverage of mm-wave systems is limited
due to the poor propagation characteristics of mm-wave signals and their sensitivity to
blockages such as buildings and people. In order to overcome such signal degradation, mm-
wave systems utilize directional communication through a large number of antennas (i.e.,
they use beamforming [115]). In addition, power domain NOMA provides opportunities
to increase the spectral efficiency of wireless networks by superposing signals of multiple
users on the same time and frequency resources while allocating different power levels to
those signals [119—-121]. In consequence, SIC technique is needed at the receiver side to
demodulate respective users’ signals [122].

Despite the capacity gains promised by integrating mm-wave, beamforming and NOMA,
many technical challenges must be overcome, one of them being interference related per-
formance degradation. In particular, intra-beam interference and inter-cell interference
hinder such promised capacity gains. With NOMA, users’ signals are superposed on the
same time/frequency resources with different power levels. In turn, this incurs intra-beam
interference which degrades the decoding performance of SIC technique (i.e., decoding
performance of SIC diminishes rapidly as the number of users per beam increases [107]).
Furthermore, inter-cell interference arises due to intersection among beams that belong to
different cells. Consequently, balancing the number of users covered by different beams is
needed to maintain high performance of SIC. In order to accomplish this, we propose a
joint user-cell association and number of beams selection for sum rate maximization in a
5G mm-wave network.
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Several works in the literature have addressed the problem of sum rate maximization in
mm-wave networks. For example, in [22], the authors address inter-cluster and intra-cluster
interference in a mm-wave network for sum rate maximization through users clustering
and NOMA power allocation. With beamforming, adjacent users tend to have correlated
channel characteristics. As such, the authors propose a k-means algorithm that cluster
users according to their channel features. Furthermore, they derive optimal NOMA power
allocation policy in a closed form. With the aid of coalitional game theory, authors in [123]
propose a low complexity algorithm for users clustering in a single-cell mm-wave system
with the aim to maximize sum rate of the system. An optimal power allocation within
each cluster has been proposed thereafter.

The previous works consider a single-cell scenario that aims to solve the clustering and
power allocation problem. This corresponds to a centralized approach. In contrast, we
consider a multi-cell scenario where each cell acts as an independent agent (i.e., multi-
agent scenario) that aims to mitigate interference by solving the joint user-cell association
and number of beams selection. Furthermore, the previous works employ a closed-form
optimization technique which is adding a prohibitive complexity in implementation. And
finally, we propose three machine learning-based algorithms and analyze their performance
based on the network scenario with different user deployments and under mobility. More
specifically, a transfer reinforcement learning technique is proposed, where knowledge from
an expert is transferred to a learner. This helps in utilizing samples of experience efficiently,
hence speeding up the convergence of the learner task.

5.2.2 Transfer Reinforcement Learning

We adopt the Transfer via Inter-Task Mapping (TvITM) approach proposed in [124], where
we consider transfer occurring from a single source task to a single target task. Fig. 5.1
presents a conceptual model for TvITM approach. In particular, the expert’s reinforcement
learning task is defined as an MDP with the four-element tuple {ss, as, Ts, rs}, where s; is
the state, a, is the action, T} is the transition function, and r, is the reward function of
the source (expert) task. Similarly, the learner’s task is defined as an MDP with the tuple
{s¢, a4, Ty, }. While the state-action space defines the domain, the transition and reward
functions define the objective of the task. As such, if both source and target tasks have
the same state-action space, the transfer is said to be across fixed domain, otherwise it is
a transfer across different domains. TvITM works as shown in Fig. 5.1. The state-action
pair of the target, (s, a;), are mapped to the state-action pair of the source, (s, as), via a
state and action mapping functions, ¢4 and ¢,, respectively. Afterwards, the Q-value, g,
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Figure 5.1: Transfer via inter-task mapping.

corresponding to (s, a;) is retrieved from the Q-table of the source task and mapped to a
Q-value of the target task, ¢, via a mapping function ¢,.

5.2.3 System Model

Notations: In the remainder of this section, bold face lower case characters denote column
vectors, while non-bold characters denote scalar values. The operators (.)7, (.)¥ and |.|
correspond to the transpose, the Hermitian transpose, and the absolute value, respectively.

Consider a downlink mm-wave-NOMA system with e € § and [ € { expert and learner
gNBs respectively as shown in Fig. 5.2. It is worth noting that expert and learning gNBs
are spatially separated with no intersection zones. More specifically, Fig. 5.2a and Fig.
5.2b are used in conjunction when applying transfer reinforcement learning, whereas Fig.
5.2b is only used in case of Q-learning and Best SINR association with DBSCAN (BSDC).
In addition, we consider two scenarios for users deployment. The first scenario considers
stationary users, where initial positions follow PCP. In PCP, the parent process follows a
uniform distribution and the users of a cluster are uniformly deployed within a circular
disk around the cluster center. The second scenario considers random waypoint mobility,
where initial positions of the users follow PCP distribution.

Expert gNB (Only for Transfer Reinforcement Learning): Expert gNBs are
equipped with f antennas to communicate with its associated single-antenna UEs, which
constitute a Multiple Input Single Output (MISO) scenario. In addition, downlink NOMA
power allocation is used to multiplex messages of UEs in the power domain (i.e., allocating
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Figure 5.2: Network model of transfer learning in reinforcement learning with two expert
and two learner gNBs.
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different power levels to signals of different UEs). Consequently, UEs should employ SIC
technique to demodulate their respective signals. The mm-wave channel between an expert
gNB and its associated UE can be considered as a single-path mm-wave channel since the
gain of the LoS path is significantly larger than the gain of the NLoS path [125]:

— () Y
hz’,e _Iv(ez,e) \/Z(1+dze)’ (51)

where ( is the number of paths, h, . € C' *! is the channel complex coefficient vector of
" UE and e learner gNB (i.e., link (i,€)), 0, € CN(0,0?) is the complex gain, d, is
the distance of (i,e)™ link with pathloss exponent 7. In addition, v(6;.) is the steering
vector, which is represented as follows:

’0(9@'8) _ [1’ 6—j27r§ sin(Gu,e)’ o 6—j27r(F—1)§ sin(@u,e)]T’ (52)

where s is the gNB’s antenna spacing, A is the wavelength, and 6, is the AoD.

We employ Q-learning algorithm for expert gNBs for sum rate maximization. In par-
ticular, expert gNBs aim at improving the sum rate through user-cell association. Sum
rate can be modeled as follows:

Co=) ) wlog,(1+T,.), (5.3)

ec€ eV,

where w is the bandwidth, 7V, is the set of UEs covered by e expert gNB, and T'; . is the
SINR of (i,e)™ link, which can be expressed as

1—1‘ — peﬂi,e|hi,e‘2
2,€ Z pe/‘hi,e’|2+02’
e'ct
e'#e

(5.4)

where p. denotes the power of the e expert gNB, and ;. is the NOMA power allocation
factor of (i,e)™ link. h;. represents the channel vector between the €’ interfering expert
gNB and i'" UE, and o? represents the noise variance.

Learner gINBs: Learner gNBs are equipped with f uniform array transmit antennas
for mm-wave beamforming. gNBs use a clustering algorithm to group UEs that can be
covered by a single beam, forming up to B € B beams. Henceforth, we use cluster and beam
interchangeably. Within each beam, downlink NOMA power allocation is used to multiplex
messages of UEs in the power domain, and UEs use SIC technique at the receiver side.
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Furthermore, we consider that learner gNBs use k-means clustering algorithm and closed-
form NOMA power allocation as proposed in [22]. In particular, the k-means algorithm
clusters UEs according to the correlation of their wireless channel properties (i.e., users
with correlated channels are more likely to be located close to each other).

The mm-wave channel follows a single-path model represented as follows:

Ob,i,l
Roig = v(0hi)) —=——"— (5.5)
V(1 +d))
where hy;; € C*! is the channel complex coefficient vector of i" UE and ™" learner gNB
on b'" beam (i.e., link (i,b,1)), 0p:, € CN(0,0?) is the complex gain, dy; is the distance of
(i,1)™ link with pathloss exponent 7. In addition, v(6;;) is the steering vector, which is
represented as follows:

'v(gbﬂ"l) _ [17 €7j27r§ sin(@b,i,l% . e*jQﬂ'(/ *1)% Sin(eb,i,l>]T’ (56)

where s is the gNB’s antenna spacing, A is the wavelength, and 6, ;; is the AoD.

The objective of learner gNBs is equivalent to expert gNBs’ objective, which is improv-
ing the sum rate of the network. However, learner gNBs aim to accomplish this through
joint user-cell association and selection of the number of beams. In particular, sum rate of
learner gNBs can be calculated as follows:

G = Z Z Z wlogy (1 4+ Tvia), (5.7)
led beB; ichy

where B; is the set of beams formed by [* gNB, and V3 is the set of UEs covered by b
beam. T, is the SINR of (i,b,1)" link, which can be expressed as

o Pb,zﬁb,i,z hfi,zwb,lP (5 8)
bl — Il + 12 +0'2 5 .
I = polhfwn > B, (5.9)
e
O(@")>0(i)

L= Z Z pb"hg,i,lwb’,l|27 (5.10)
lel veB
b'£b

where py,; denotes the power allocated to b beam of I gNB, 3,;; is the power allocation
factor of (b,i,1)" link, and wy, is the beamforming vector. I; in (5.9) represents intra-
beam interference caused by NOMA power allocation (i.e., UEs under the same beam
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share the same time/frequency resources). In addition, 75 in (5.10) represents inter-beam
interference. O(i) denotes the decoding order of i’* user. Finally, hy ; ; represents the
channel vector between the b interfering beam and i** user.

5.2.4 Transfer Reinforcement Learning

Expert (Q-Learning): Conventional Q-learning has been adopted for the expert gNBs.
In particular, the state, s., of e expert gNB is formulated to capture the level of interfer-

ence represented as follows:
S Ie >1

s1, otherwise,

where 'y, is the SINR’s threshold for successful packet decoding, and T, is the average
SINR of e expert gNB due to downlink transmission to its associated users, which can
be formulated as follows: .

T, = A D Tie, (5.12)

i€l

where T'; . is the SINR of i user associated to e expert gNB. The state s is visited
whenever the achieved average SINR meets the minimum threshold, and s; is visited
otherwise. The expert’s actions are the user-cell association decision which is formulated
as a, = [0;;1 € Ne,e € g}, where d; . represents a logical indicator of i" UE’s association
to e gNB. The reward function of e!* gNB, r., is formulated using a sigmoid function as

follows:
_ 1 5.13
Te = 1 4 ¢—05(Te—0.5T) (5.13)

Eq. (5.13) implies that a better SINR value, T, rewards the expert gNB with higher
reward value.

Learner (Transfer Q-learning (TQL)): The learner gNB employs a TQL approach
which is based on the framework of TvITM in [124]. In particular, the ultimate goal of
TQL’s agent is to speed up its learning process in a target task by mapping a learned
value function (i.e., Q-value function) of a different but related source task. In TQL, the
target task is performed by the learner gNB (i.e., joint user-cell association and selection
of number of beams), whereas the source task is performed by the expert gNB (i.e., user-
cell association). In addition, we assume that knowledge of expert gNB (i.e., converged
Q-table) becomes available to learner gNB before the latter starts its learning process.
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Therefore, the formulation of TQL is similar to conventional Q-learning with the ad-
dition of a mapping function. In particular, the mapping function is used to import a
Q-value from the expert gNB’s knowledge domain. Such Q-value acts as a signal to guide,
and speed up, the Q-learning algorithm of the learner gNB. The following lines explain the
MDP tuples of TQL.

e Agents: TQL is a multi-agent distributed solution. As such, learner gNBs are
considered the TQL’s agents. It is worth mentioning that gNBs are non-cooperative
(i.e., they do not share information among themselves).

e States: The state, s;, of [!" learner gNB is equivalent to the state of an expert gNB
as

(5.14)

s1, otherwise,

{507 T, > Ty,
S =

where T is the average SINR of the [** learner gNB.

e Actions: The actions of the learner is extended to consider joint user-cell association
and selection of number of beams (clusters). Indeed, the selection of the number of
beams plays a key role in balancing inter-beam and intra-beam interference. On one
hand, increasing the number of beams enhances the coverage of users, with less users
per beam, which can improve the performance of SIC. On the other hand, more
beams leads to higher inter-beam interference, which degrades the performance of
decoding at the UE side. Therefore, a gNB should seek to find an optimal number of
beams to cover its users. As such, joint user-cell association and selection of number
of beams contribute to increased sum rate per gNB. The actions are formulated as
a, = [0;;,B;i € A, 1 € L], where d;; represents a vector of logical indicators of ith
UE’s association to {"* learner gNB, and B; is the number of beams selected by the
[ gNB.

e Reward: The learner’s reward is equivalent to the expert’s reward as in (5.13) (i.e.,
the ultimate goal of both the expert and the learner is to improve the average SINR).

e Transfer function The transfer function is used to map a Q-value of a source task
to a corresponding Q-value of a target task as shown in Fig. 5.1. The transfer process
is performed as follows. The learner gNB observes its target state-action pair (s, a;)
which is mapped to a source state-action pair (ss,as) using the mapping functions
¢s and ¢,. With the source state-action pair, the learner gNB addresses the expert’s
Q-table, stored at the learner gNB, to extract a source Q-value gs(ss, as). Afterwards,
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the source Q-value is mapped to a target Q-value ¢ (s, a;) via a mapping function
¢4. The final Q-value of the learner gNB is represented as follows:

q(se,ar) = qu(se, ar) + q(se, ar), (5.15)

where ¢(s¢, a;) is the local Q-value of the learner computed through reinforcement
learning as follows:

QZ(Sta at) — QZ(St, Gt) + 04[7’1(5m at) + VH}g%( QZ(S:s, a/) - QZ(Sty at)], (5~16)

where 7;(s;, a;) is the instantaneous reward of the learner gNB, « is a learning rate,
7 is a discount factor, and ¢ (s}, a’) is the expected Q-values at next state s for all
actions a’ € (4. From (5.11) and (5.14), the expert’s (source’s) and learner’s (target’s)
states are equivalent (s; = s;), hence the mapping function of the state is ¢s = 1. In
addition, we select the mapping function of the Q-value as ¢, = 1.

On the other hand, the action’s mapping function ¢, is used to map a target action
to a source action. We design the action’s mapping function based on inter-beam
and intra-beam interference where actions of the learner gNB can be classified into
three classes according to the interference level they incur: actions that cause intra-
beam interference, actions that cause inter-beam interference, and actions that cause
both intra- and inter-beam interference. Similarly, actions of the expert gNB can
be classified into three classes: actions that cause intra-cell interference, actions that
cause inter-cell interference, and actions that cause both. Table 5.1 presents the
actions’ mapping function along with an example on each interference case, where
network is comprised of two expert gNBs covering two users and two learner gNBs
equipped with up to three beam capability and covering three users. In the first
example (i.e., 15" row), learner (1) selects one beam to cover the three associated
users, which means that learner (2) does not cover any users. As such, learner
(1) incurs intra-beam interference only, which maps to a case in which an expert
incurs intra-cell interference only (i.e., expert (1) covers all users). In row 2, learner
(1) decides to use two beams, hence both inter- and intra-beam interference exist.
This action should be mapped to an expert’s action that incurs inter- and intra-
cell interference. That is, expert (1) covers one out of two users. Without loss
of generality, this transfer function can be extended to larger number of users and
learner agents.
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Table 5.1: Actions’ mapping function ¢,. Besides an example of actions’ mapping for two
expert gNBs with two users and two learner gNBs with three users. Number of beams
ranges from one to three.

Interference caused by actions of Examples
Learner-1 | Expert-1
Learner-1 Expert-1
P (61, B1) | [8i]
intra-beam intra-cell 111 1] [11]
inter-beam inter-cell 111 3] [10]
inter- and intra-beam | inter- and intra-cell | [1 11 2] [10]

5.2.5 Reinforcement Learning

The formulation of Q-learning is similar to Q-learning of the expert gNB as discussed in
section 5.2.4, however, the actions are modified to account for joint user-cell association
and number of beams selection (i.e., a; = [8,;, B;;i € NV, 1 € 4)).

5.2.6 Best SINR with DBSCAN (BSDC)

BSDC performs disjoint user-cell association and clustering, in which user-association is
performed based on best SINR (i.e., users associate with the gNB with the best downlink
SINR) and DBSCAN is used for clustering (i.e., number of beams selection). DBSCAN is
a well known unsupervised learning technique and the details can be found in [111]. User
clustering has been proposed before in [22] using k-means clustering algorithm. However,
we select DBSCAN to perform clustering for two reasons. First, DBSCAN is proven to
perform well under clustered-based users distribution. Second, while k-means requires the
adjustment of the parameter k (i.e., number of clusters), DBSCAN is able to infer the
number of clusters from the given users distribution.

5.2.7 Performance Evaluation: Simulation Settings

We use Matlab 5G toolbox to implement a discrete-event simulator, where physical and
MAC layers specifications are considered. The simulation parameters of the network model,
TQL, Q-learning, and BSDC are presented in Table 5.2. In particular, we consider a
network with two expert gNBs and two learner gNBs. In case of TQL, expert gNBs perform
conventional Q-learning for user-cell association, whereas learner gNBs perform TQL for
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joint user-cell association and selection of number of beams. In addition, the knowledge
(i.e., Q-table) at the expert gNB are transferred to the learner gNBs. In case of Q-learning
and BSDC, we do not consider expert gNBs, hence learner gNBs become the only gNBs
of the system model (i.e., Fig. 5.2b). All gNBs use subcarrier spacing of 15 KHz and TTI
size of 2 OFDM symbols. Furthermore, link adaptation is performed in conjunction with
HARQ technique, where 6 HARQ processes and a maximum of one HARQ) re-transmission
were used. All gNBs apply power domain NOMA, which implies that all users are allocated
the entire 5G resource block grid. As such, user-cell association controls the load handled
by each gNB. Finally, an entire simulation run consumes 6000 TTIs, whereas 40 runs are
performed to maintain a statistically valid results with confidence interval of 95%.

5.2.8 Performance Results I: Complexity and Convergence Anal-
ysis

In this section, we provide the complexity and convergence analysis of the proposed algo-
rithms. Complexity analysis considers both runtime and memory complexity. In particular,
runtime complexity is presented in Big-O notation computed per gNB per TTI. In addition,
memory complexity is presented in number of memory entries required to store information
of each algorithm.

Algorithm 5.1 presents the steps of both Q-learning and TQL approaches. The runtime
complexity of the proposed algorithms is presented in Table 5.3. In particular, complexity
of Q-learning stems from two search-for-maximum operations. When using binary search,
the complexity of Q-learning becomes O(log(2")) = O(N), where N represents number
of users. Similarly, since state, action, and Q-value mapping functions are less complex, a
search-for-maximum operation dominates the complexity of TQL. Therefore, complexity
of TQL is equivalent to Q-learning (i.e., O(N)). As such, Q-learning-based algorithms
always incur a runtime complexity in the order of a search-for-maximum operation. On
the other hand, the complexity of BSDC is dominated by the DBSCAN algorithm, which
is O(log(N?)) = O(log(N)) [128] under binary search assumption. Therefore, BSDC out-
performs Q-learning and TQL in runtime complexity.

On the other hand, space complexity is presented in Table 5.3. In particular, Q-learning
with its tabular version requires a Q-table of size nStates x nActions. Therefore, the space
complexity of Q-learning becomes O(2 x (B x 2V)) = O(B x 2%), where B represents the
possible values of number of beams. Similarly, TQL requires two Q-tables, one for its
local Q-learning, whereas the other one is the transferred Q-table from the expert gNB. In
particular, the space complexity of the local Q-table is O(B x 2%V), whereas the complexity

137



Table 5.2: 5G mm-wave simulation settings

Physical layer

Bandwidth

Carrier frequency

Subcarrier spacing
Subcarriers per resource block
TTT size

Max transmission power

20 MHz

30 GHz [109]

15 KHz

12

2 OFDM symbols
28 dBm

HARQ

Type

Round trip delay

Number of processes

Max. number of re-transmission

Asynchronous HARQ
4 TTIs [120]

6

1

Network model
Distribution

Poisson Cluster Process

Number of users per gNB (Expert) 3
Number of clusters (Expert) 1
Number of users per cluster (Learner) | 6
Number of clusters (Learner) 2

Radius of cluster 30 m
Total number of users 18
Number of expert gNBs 2
Number of learner gNBs 2
Inter-gNBs distance 150 m [109]
Traffic

Distribution Poisson
Packet size 32 Bytes
Q-learning and TQL

Learning rate (o) 0.5
Discount factor () 0.9
Exploration probability (e) 0.05
SINR Threshold (') 20 dB [115,127]
BSDC

Minimum number of points (minpts) | 1

€BSDC 40
Simulation parameters

Simulation time 6000 TTI
Number of runs 40
Confidence interval 138 95%




Algorithm 5.1 Q-learning and TQL algorithms for user-cell association and selection of

number of beams
1: for scheduling assignment period ¢t = 1 to T' do

2: Step 1: gNB receives feedback from users in the form of SINRs.

3: Step 2: Observe next state as in (5.11) for Q-learning or (5.14) for TQL.
4: Step 3: Update Q-value.

5 Step 4: Select action through e-greedy approach

Y {random, (1—e), (5.17)

/
argg}ggf}(s,a ), €

6: end for

Table 5.3: Complexity comparison among the proposed algorithms

Complexity | Q-learning TQL BSDC
Runtime O(N) O(N) O(log(N))
Space O(B x2%) | O(B x 2%) O(N)

of the transferred Q-table is O(2") since expert gNB does not consider the selection of
number of beams. As such, the total space complexity of TQL becomes O(B x2Y). Finally,
BSDC is dominated by the memory requirement of DBSCAN, which is O(N) [128]. To
sum, BSDC outperforms both Q-learning and TQL with respect to both runtime and space
complexity. However, it is worth mentioning that space complexity of QQ-learning can be
reduced by employing deep Q-learning as proposed in [91], where deep Q-learning replaces
the need for a Q-table by directly predicting Q-values using a deep neural network.

The convergence of the expert gNB is presented in Fig. 5.3. Note that in case of
TQL, the expert gNB is performing user-cell association solely. In the figure, the aver-
age cumulative reward is plotted against iteration number (i.e., TTI number). The figure
demonstrates the successful convergence of the expert agent within the lifetime of the sim-
ulation (i.e., 6000 TTIs). This is essential since results of expert gNB beyond convergence
is transferred to the learner gNB.
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Figure 5.3: Convergence of expert gNBs represented by the average cumulative reward.
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Figure 5.4: Convergence of learner gNBs represented by the average cumulative reward.
Total offered load is 1.3 Mbps.
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The convergence of learner gNBs for both Q-learning and TQL is plotted in Fig. 5.4.
As observed from the figure, TQL outperforms Q-learning in two aspects. First, TQL
converges rapidly (i.e., around 4245 TTIs), whereas Q-learning experiences more iterations
with a sign of convergence toward the end of the simulation time. Although we select
TTT length of 2 OFDM symbols, the convergence trend will not be impacted by the choice
of other TTI configurations of 5G. However, the time for convergence will be longer and
proportional to the length of TTI duration in ms. Second, TQL achieves higher cumulative
reward, whereas Q-learning dwells around lower cumulative reward. This demonstrates
TQL’s ability to converge to a better policy for user-cell association and selection of number
of beams. This constitutes an advantage for TQL compared to Q-learning. While both
have the same complexity as shown in table 5.3, TQL converges faster than Q-learning. It
is also wroth mentioning that the transferred Q-table from the expert can be learned in an
offline setup. This means TQL can train experts offline and learners can be trained in the
field with an online algorithm in a shorter time.

5.2.9 Performance Results II: Stationary Users

In this section, simulation results are provided for the proposed algorithms under stationary
users scenario (i.e., no mobility). In particular, PCP is used for initial positions of users.

As presented in Fig. 5.4, TQL proved to converge to a better policy for user-cell as-
sociation and selection of number of beams. This is evident from Fig. 5.5, where the
sum rate of the learner gNBs is plotted against the total offered load in the network. In
particular, TQL outperforms Q-learning under all traffic loads with about 23% improve-
ment at the highest traffic load. BSDC, on the other hand, performs very closely to TQL.
This was expected since BSDC uses DBSCAN clustering which performs very well under
the PCP distribution model. In the next section, we perform comparison under different
user distribution and mobility model to highlight the superiority of TQL compared to
DBSCAN.

Besides achieving high rate, the rate of TQL is close to the total offered rate in the
network, which implies high reliability as well. This is highlighted in Fig. 5.6 and in Fig.
5.7 which plots the packet loss against the total offered traffic load. The figure demonstrates
that TQL outperforms the Q-learning algorithm under all traffic conditions.
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Figure 5.5: Sum rate in [Mbps| of learner gNBs against total offered network load in [Mbps]
under PCP deployment of users.
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Figure 5.6: Average number of packet loss in [packets| against total offered network load
in [Mbps| under PCP deployment of users.
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Figure 5.8: eCCDF of latency for different total offered network load under PCP deploy-
ment of users.
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Finally, Fig. 5.8 presents the eCCDF of latency, where latency is defined as the end-
to-end delay of successfully received packets from gNB to users. The figure shows close
performance of the three algorithms. This was expected since all algorithms do not account
for latency improvement (Refer to the reward function in (5.13)). Furthermore, the low
latency achieved (i.e., latency below 1 msec) is due to the restriction put on the number
of HARQ re-transmissions, where one re-transmission is used in our simulation |99, 101].

5.2.10 Performance Results III: Random Waypoint Mobility

The mobility of users might have a significant impact on the performance of the proposed
algorithms. Mobile users tend to change their clustering behavior which might lead to
different number of clusters with iterations. This mandates rapid response in terms of
number of beams selection. Furthermore, due to mobility, users might change the clusters
they belong to, which also impacts user-cell association. As such, enhancing performance
under mobility becomes a necessary component of the learning algorithm. In this sub-
section, we assess the performance of the proposed algorithms under a random waypoint
mobility scenario. In particular, initial users’ deployment follows PCP distribution whereas
mobility of users follows random waypoint model.

Fig. 5.9, Fig. 5.10, and Fig. 5.11 present the sum rate of learner gNBs, number of packet
loss, and packet loss rate in percentage versus total offered load under random waypoint
mobility model, respectively. Unlike stationary case, TQL and Q-learning outperform
BSDC performance in both sum rate and packet loss. In particular, TQL and Q-learning
demonstrate 12% sum rate improvement over BSDC at the highest offered traffic load.
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under random waypoint mobility of users.
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in [Mbps| under random waypoint mobility of users.
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5.3 Conclusion

In this chapter, we employed transfer in reinforcement learning in 5G mm-wave networks
to the address the problem of joint user-cell association and selection of number of beams.
Transfer in reinforcement learning is compared to traditional Q-learning and a heuristic
based on DBSCAN under stationary and mobile network conditions. Results showed the
suitability of each algorithm to specific deployment scenario. Under mobility scenario, TQL
and Q-learning demonstrate 12% sum rate improvement over BSDC at the highest offered
traffic load, whereas under stationary scenario, Q-learning and BSDC outperforms TQL
with about 10 — 23% at lowest and highest offered traffic loads, respectively. In addition,
BSDC has lower complexity than the other techniques and TQL has faster convergence
than the Q-learning based technique. Besides, TQL offers a unique advantage for offline

learning of a task and transferring the knowledge to another task with online learning in
the field.
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Chapter 6

Conclusion

RRM constitutes a key problem in past, current, and future networks. With the advent of
new technologies, network architecture, traffic demands, and network dynamicity, RRM is
becoming more and more challenging. As such, a paradigm shift in the way radio resources
are assigned in the network is needed. Machine learning constitutes a promising tool in
providing significant improvement and agility in the network. In this thesis, we presented
several uses of machine learning in improving the performance of both LTE and 5G net-
works. In particular, reinforcement learning, deep reinforcement learning, and transfer
reinforcement learning have been adopted to address RRM in LTE and 5G networks.

We have used model-free reinforcement learning to perform several RRM techniques
such spectrum allocation, power allocation, user-cell association, and beamforming in LTE
and 5G networks. In particular, in LTE, we proposed TMQ, DMQ, DMDQ, and DMDQN
to improve throughput, latency and convergence speed. The following points highlight the
main contributions with those methods.

e Tactile communication requires high throughput communication. Hence, we pro-
posed TMQ based on Q-learning that has a reward function aiming to balance the
throughput of data intensive users and UEs. The results show that TMQ is able to
achieve 130% throughput improvement, 80% reduction in delay, and 6% increase in
fairness.

e Despite the large delay reduction that TMQ achieved, it failed to achieve the very
tight latency requirements of tactile communication, where a 200ms delay was achieved.
Hence, we proposed DMQ based on Q-learning with the aim to minimize network
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delay. The algorithm was tested on a microgrid scenario, where it achieved 63% delay
reduction, and 100% throughput improvement.

e To address the convergence problem of tabular Q-learning, DMD(Q was proposed.
DMDQ uses an LSTM deep neural network that acts as a function approximator to
Q-values. Results show 60% convergence speedup compared to tabular Q-learning.
Furthermore, a 30% delay reduction was achieved with 9% throughput degradation.

e Despite the importance of RB allocation, user-cell association constitutes an impor-
tant decision in improving user’s signal quality and in mitigating interference by
associating the user to the proper base station. As such, we proposed DMDQN for
joint RB allocation and user-cell association with the aim to improve delay of mission-
critical services. This results in 41% delay reduction, 16% throughput improvement,
and 40% convergence speedup for critical users.

In summary, the proposed algorithms for LTE networks achieved significant improve-
ment in throughput, delay, fairness, and convergence speed. In particular, when through-
put is considered as the main objective (i.e., by considering it in the reward function),
the throughput improvement ranges between 100% — 130%, whereas it becomes 16% when
considering the delay as a primary objective. Furthermore, 30% — 60% delay reduction is
achieved when considering the delay as a primary objective in the reward function. Fi-
nally, deep reinforcement learning was able to achieve 40% — 60% speedup in convergence
compared to tabular Q-learning. In particular, the less speedup occurs when the algo-
rithm involves joint optimization of multiple tasks, i.e., joint RB allocation and user-cell
association.

In 5G, we proposed LLHRQ, LRT-Q, DQLD, and transfer in reinforcement learning to
address the coexistence of uRLLC and eMBB users under different scenarios and tasks in
a mm-wave network. The following points highlight the main contributions of those works.

e To address the coexistence problem of uRLLC and eMBB users, we first proposed
LLHRQ based on Q-learning for RB and power allocation. LLHRQ has a state and
reward functions crafted to achieve low latency and high reliability for uRLLC users.
As such, it achieves 0.5ms latency and 4% packet drop rate improvement for uRLLC
users.

e Despite the improved performance of LLHRQ with respect to uRLLC, it showed
throughput degradation in eMBB’s throughput. As such, we proposed LRT-Q, where
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the Q-learning’s state and reward were designed to balance uRLLC and eMBB per-
formance requirements. In addition to improving uRLLC’s latency, LRT-Q achieved
a 29% throughput improvement for eMBB users compared to LLHRQ.

e The problem of mitigating intra- and inter-beam interference in mm-wave networks
was studied. In particular, Q-learning was used to perform joint user-cell association
and inter-beam power allocation with the aim to maximize network’s sum through-
put. Results show 20% throughput improvement.

e The temporal (i.e., traffic) and spatial (i.e., mobility) dynamicity of the previous
network pose a challenge to the performance and convergence of Q-learning. Hence,
we proposed DQLD which is based on deep reinforcement learning for joint RB
allocation and number of beams selection with the aim to balance uRLLC and eMBB
requirements. DQLD achieves about 350ms delay improvement at high traffic loads,
in addition to 50% improvement in packet drops.

e Formulating a single algorithm that is able to perform well in a wide range of tasks
is considered an ambitious goal. In wireless networks, an ultimate goal is to reap
the benefits of ML for the sake of a fully autonomous wireless network. As such,
we proposed a transfer in Q-learning algorithm (i.e., TQL), where knowledge can be
transferred from an expert agent to a learner agents. In addition, we compared it
to two other ML algorithms under stationary and mobile scenarios. Under mobility
scenario, TQL and Q-learning demonstrate 12% sum rate improvement, whereas
under stationary scenario, Q-learning outperforms TQL with about 10 — 23% at
lowest and highest offered traffic loads, respectively. Furthermore, TQL achieved a
29% convergence speedup compared to Q-learning.

6.1 Challenges and Open Issues

Future generations of wireless networks will have a higher level of complexity than all the
preceding generations. This will bring in the need for intelligent mechanisms to orchestrate
the available resources, services and users. Thus, ML-enabled methods may allow future
networks to learn from their environment, adapt the changes in an automated fashion and
achieve optimal performance.

ML algorithms have paved the way to significant agility in network management, yet
several challenges are still open for research efforts. The open issues can be generally
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classified into two main pillars: performance of ML methods and performance of wireless
networks.

The relatively long convergence time of ML methods undermine their usefulness in
highly dynamic wireless networks. A careful investigation of the convergence problem and
the factors that influence the convergence, are needed. Novel ML techniques with faster
convergence and online learning capabilities can benefit wireless networks better.

Besides convergence, the uncertainty in the wireless network calls for an on-going update
of the parameters of the ML method or even the method itself. The stochastic nature of the
wireless channel may require continuous adaptation. For instance, a network encompassing
a large and diverse set of users will have a very dynamic operation. In particular, users
who join or leave the network may have very different QoS and quality of experience
requirements. Thus, there is a need to examine whether a “one size fits all" approach is
feasible in real-world implementations.

In addition, scalability of ML algorithms needs to be addressed. ML algorithms can be-
come unfeasible for moderately large data, especially in collaborative learning approaches.
This calls for a scalable learning algorithm to accommodate the dense use cases of future
wireless networks.

Furthermore, supervised and unsupervised learning techniques have been used for mas-
sive MIMO recently [129]. Further research is needed to investigate whether it is possible to
enhance the performance of massive MIMO using reinforcement learning and deep learning.

Last but not least, ML-enabled networks also impact e-health applications. For in-
stance, advancing outside-of-clinic operations using wearable sensors |130] requires harmo-
nization of network resource allocation across several technologies and ML algorithms can
be used for helping with harmonization. Hence, application specific use of ML needs to be
further explored.

To summarize, a true gap exists at the heart of the right choice of an ML algorithm for
the specific use in improving wireless system’s performance. In other words, there is the
question of why and how an ML method would work for the wireless domain, especially
when this domain is having intact relations with a physical system that drives its perfor-
mance metrics. As such, it is important to characterize the inter-dependencies between
ML and wireless networks. Furthermore, optimization methods exist on the other end of
the spectrum, where they have been used for decades to optimize network metrics. There-
fore, a comprehensive analysis of MLL methods in comparison to optimization methods is
mandatory to reap the benefits of each approach.
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Appendix A

Design of Reinforcement Learning

Model-free reinforcement learning involves a learner that aims to improve its performance
under a certain task by mapping actions to the different situations in order to maximize a
certain reward signal. This process involves a trial-and-error cycle since the learner is not
told what to do. Furthermore, the actions employed by the learner might impact future
situations in the form of delayed reward. Hence, the state and reward are central to the
definition of reinforcement learning. They characterize the search space and the ultimate
objective that the learner aims to achieve. In this appendix, we provide a number of
guidelines for the design of the state and the reward functions of reinforcement learning.

A.1 Elements of Reinforcement Learning

There are four elements that constitute a reinforcement learning setup: a policy, a reward
signal, a value function, and optionally a model [10].

e Policy: The policy represents the mapping between the states and actions, i.e., it
represents the behavior of the learner under different situations. Indeed, the learner
would be able to refine its behavior if it has a proper state-space. That is, a space
that is well-defined to capture the essential knowledge in the environment without
unnecessary situations that would increase that state-space which leads to increased
convergence time.

¢ Reward Function: The reward is a signal sent from the environment to the agent.
It represents the ultimate goal of the learner over the long run, i.e., the learner aims
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to maximize the total cumulative reward over its time horizon. Such reward defines
the good and bad behaviors of the learner under the different situations which in
turn shapes the policy of the learner. The design of the reward signal, therefore, is
an intricate process that relies on the application pursued. The next section provides
a deep dive into the design of the reward.

e Value Function: While rewards indicate the immediate good and bad behaviors of
the learner, the value function quantifies the good policy associated with a state on
the long run. In other words, it computes the total reward of that the learner would
acquire when following a certain policy at each state. As such, the value function is
computed per state.

e Model: The model is an abstraction of the behavior of the environment. The
model is usually represented by the state transition. In particular, a probability
distribution is to sought to model the next state based on the current state and action
pair. With that, reinforcement learning can be classified to model-based and model-
free reinforcement learning. In model-based learning, a trajectory of actions can be
decided by considering possible future situations, i.e., states, before they happen. On
the other hand, model-free learning uses trial and error to infer a policy of action
selection without inferring the model of the environment. It is worth mentioning that
the rest of this appendix discusses model-free reinforcement learning only.

A.2 Reward Function Design Guidelines

In this section, we provide three main guidelines on how to design the reward function of
a reinforcement learning agent. It is worth mentioning that these guidelines apply to the
area of RRM in wireless networks as presented in this thesis. Furthermore, they apply to a
manual design of the reward function, whereas a more advanced techniques such as reward
shaping and inverse reinforcement learning are used for automatic tuning of the reward or
inferring the reward function, respectively.

A.2.1 Reward Key Factors

The design of the reward function involves the identification of the key factors that will
guide the learner to achieve a certain goal. In wireless networks, this goal is typically driven
by the network KPIs, i.e., throughput, latency, reliability, etc. Therefore, the key factors
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impacting the reward function can be deduced from the objective function that represents
the wireless system. In other words, the reward resembles the objective of the optimization
problem of the system. However, a normalization operation should be performed to scale
the reward in a confined range to avoid instability of the learner. It is worth mentioning
that many factors can be used in the reward function such as CQI, SINR, TBS, etc. In
this thesis, we targeted last-mile KPIs that are representing the ultimate objective of the
wireless system. Indeed, the right selection and mix of the factors is an open issue.

A.2.2 Reward and Punishment

In reinforcement learning, the learner can obtain either a reward or punishment/cost
through the environment. The reward is usually represented by a positive number such
as (+1) and is given to the learner when it achieves its goal. On the other hand, a pun-
ishment/cost is usually represented by a negative number such as (—1). Punishment in
the form of a negative reward can be an efficient technique to avoid undesired situations
and behaviors. For example, the reward in (4.10) gives the leaner a positive reward when
the SINR exceeds a threshold value and (—1) when otherwise. The negative value, in this
case, ensures that the learner does not accept a situation in which the SINR drops under
the threshold value, which ensures a minimum level of reliability.

A.2.3 Discrete versus Continuous Reward

The value of the reward function is a defining factor of the behavior of the learner. A
discrete (or step-wise) reward is more appropriate for hard-objectives, i.e., goals that have
well-defined boundaries. For example, a vacuum robot that is designed to collect garbage
bottles can be rewarded with a (41) value if it collects a bottle and punished with (—1) if
it makes an action that reaches a place with no bottles.

On the other hand, a continuous reward is more appropriate for soft-objectives such
as the KPIs of the wireless network. The reward in (5.13) represents a continuous reward
(i.e., Sigmoid function) which is driven by the average SINR of the learner agent. It can

be generally formulated as
1

T clal—trim)’

(A1)

where a and b are the parameters of the function. Figures A.1 and A.2 plot the reward
function for different values of a and b. It can be observed from the figures that the
parameter a controls the steepness of the slope whereas the parameter b controls the shift
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Figure A.1: Plot of the reward function defined in (5.13) for (a) a = [-0.5 : 0.1 : 0] and
(b)a=[0:0.1:0.5]. I'y, =20 dB.

on the x-axis. We select the parameter b = 0.5 as it rewards the learner with » = 0.5
when T’ = 0.5T', = 10 dB. This provides a fine granularity in the reward from I' = 10 to
T’ = 20, which is appropriate for users with different deployments in the environment. This
is backed further with the choice of the parameter a, where a negative value is selected
as it provides an increasing reward as SINR increases. It can be observed from Fig. A.la
that decreasing the value of the parameter a obtains a more steeper curve. As such, a
value of a = —0.5 is selected to provide faster increase in the reward function as the SINR
increases. This is important since it leads to better discrimination among the values of
the SINR. In particular, as the SINR increases, the learner is rewarded with higher reward

value, hence it improves its behavior towards an action that improves the SINR.

A.3 State Function Design Guidelines

The state function can be visualized as a snapshot of the environment in its current situa-
tion. The current state of the environment is a direct outcome of the action(s) taken by the
different learner(s). For example, in a chess play, the environment state is characterised
by the positions of the pieces on the chess board. The actions of the players have a direct
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Figure A.2: Plot of the reward function defined in (5.13) for b = [0 : 0.1 : 0.5]. T'y, = 20
dB.

impact on the next state of the board. Furthermore, the sequence of actions that starts
from a certain state leads to a certain outcome of the game (i.e., checkmate for either
player).

While the reward function captures the objective of the learner, the state captures the
behavior that we would like to see in the environment. In wireless networks, a typical
state is the one that captures the level of interference in the environment. In this case,
the target state is the one that minimizes the interference level in the environment. Eq.
(4.19) represents a state that captures the level of interference using the average SINR.
Indeed, the guidelines presented for the reward design apply in a very similar way to the
state design.
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