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Abstract

Aligning beams in the initial access of beam management is a challenging and time-
consuming process. Especially, when the number of antenna elements grow large
to compensate for high path loss of millimeter waves. Machine learning methods
have successfully been applied to the problem of beam selection and perform much
better than traditional methods like exhaustive search. In this thesis, some different
machine learning approaches are investigated: decision tree, random forest, Adap-
tive Boosting (AdaBoost), Support Vector Machine (SVM), Multi-level Perceptron
(MLP), Q-learning, Deep Q-Network (DQN) and Double Deep Q-Network (DDQN).
Each model is adapted to specific scenarios with different preprocessing steps. A
total of three scenarios are explored which have been defined by the 3rd Generation
Partnership Project (3GPP): Urban Micro (UMi), Urban Macro (UMa) and Rural
Macro (RMa). The UMi and UMa scenarios are both implemented with an explicit
city layout containing static receivers. The RMa scenario is uniformly distributed
and divided into two datasets: one for static receivers and one for dynamic receivers
along tracks. Each scenario has been generated by the stochastic channel model
called QuaDRiGa. The aim of the thesis is to provide a fair comparison of machine
learning models by testing them on data from one simulator. Results show that
random forest and AdaBoost perform best overall on all datasets with up to 90%
accuracy when predicting the optimal beam pair, which suggests that the search
space can be significantly reduced.

Keywords: 5G NR, Machine learning, Supervised learning, Reinforcement learning,
Beam management, QuaDRiGa simulation, Beam alignment.
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QuaDRiGa

RMa

UMa

UMi

Glossary

QuaDRiGa, short for QUAsi Deterministic Radlo chan-
nel GenerAtor, is a statistical ray-tracing model, that
unlike a classical ray-tracing model, uses a stochastic
geometric representation

Rural Macro. A scenario defined by 3GPP that focuses
on larger and continuous wide area coverage in a rural
environment with high speed vehicles

Urban Macro. A scenario defined by 3GPP that focuses
on open areas in a street setting where the base stations
are placed above rooftop levels of surrounding buildings

Urban Micro. A scenario defined by 3GPP that focuses
on open areas in a street setting where the base stations
are placed below rooftop levels of surrounding buildings
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4th Generation.
5th Generation.
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Base Station.
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Deep Learning.
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Deep Neural Network.
Direction of Arrival.

Deep Q-Network.

Deep Reinforcement Learning.

Frequency Division Duplex.
Global Positioning System.
Initial Access.

Internet of Things.
Inter-Site Distance.

Inter-symbol interference.

Line of Sight.
Long Term Evolution.

Markov Decision Process.
Multiple-input-multiple-output.
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mmWave
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NR

021
OFDM
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PDSCH
PSS
PTRS
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RMa
RT

SINR
SL
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SSS
SVM

TDD

UE
UMa
UMi
UN
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Xiv

Machine Learning.
Multi-level Perceptron.
Millimeter wave.

Non-line of Sight.
New Radio.

Outdoor to Indoor.

Orthogonal Frequency Division Multiplexing.

Physical Broadcast Channel.
Physical Downlink Shared Channel.
Primary Synchronization Signal.
Phase Tracking Reference Signal.

Reinforcement Learning.
Rural Macro.
Ray Tracing.

Signal-to-interference-plus-noise ratio.
Supervised Learning.

Synchronization Signal Block.
Secondary Synchronization Signal.
Support Vector Machine.

Time Division Duplex.

User Equipment.

Urban Macro.

Urban Micro.

United Nations.

Uniform Rectangular Array.



Nomenclature

Below is the nomenclature of symbols for communication theory, supervised learning
and reinforcement learning that have been used throughout this thesis. If the same
symbol is defined in multiple places, the meaning is explicitly stated in the context
where the symbol occurs.

Communication Theory

Ay Subcarrier spacing

A Wavelength of radio wave

0 Numerology

o) Elevation angle

0 Azimuth angle

Ny Number of directions to cover in elevation
Ny Number of directions to cover in azimuth

Supervised Learning

X Input space
y Output space
0 Parameters of the network

Reinforcement Learning

« Learning rate

€ Probability of exploration over exploitation
€decay Rate of exploration decay

€min Minimal exploration probability allowed

~y Discount factor

E, Expectation given policy m

A Action space

R Reward space

S State space

T Policy

Ty Optimal policy

T Target network update factor

0; Target network parameters

Gy Return at time step ¢

Niterations Number of training iterations

q«(s,a) Action-value function when following optimal policy

XV



Nomenclature

q=(s,a)
T

V4(8)

UW(S)

Others
Ula,b]

Xvi

Action-value function when following policy m

Time steps

State-value function when following the optimal policy
State-value function when following policy m

Uniform random variable in the interval [a, 0]
Number of selected beams
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1

Introduction

5th Generation (5G) New Radio (NR) is the next generation of telecommunication
networking following the 4th Generation (4G). With the new telecommunication
technology comes opportunities but also challenges. 5G NR is the fundamental
structure on which high traffic and low latency wireless communication can be built
upon in the near future. As society is trending toward higher technological inte-
gration in all domains, many of the advancements are easiest to handle wirelessly,
and are therefore not enabled due to the limitations of current networks. Some use
cases involve the Internet of Things (IoT), sensors, industry equipment, cars and
high quality video streaming [2].

Another subject that is in the center of current technological progress is Artificial
Intelligence (AI). One important field in Al that has had much expansion in recent
years is Machine Learning (ML). Machine learning is a field for methods that leverage
data to improve the performance of a system. Machine learning methods have proven
to be surprisingly good on tasks that appear to require human intelligence, e.g., the
game of Go [3]. The benefits of machine calculations together with human intuition
and decision making can present solutions to many difficult problems.

AT has been under development for at least 50 years, but it has always been limited
by the hardware capacity. Moore’s Law [4] predicts that the number of transistors
doubles about every two years, and in recent years, hardware has gotten to the point
where end consumers are able to train complicated machine learning models on their
devices [5]. The rise of massive datasets, often called big data [6], through various
collection methods has further enabled machine learning model advancements [7].
The emergence of cloud computing [8] has accelerated machine learning training
efforts as well.

1.1 Background

The specification of 5G NR by 3GPP has been designed to meet a number of key
requirements: ultra-reliable low-latency communications, enhanced broadband for
mobile users by exploitation of much higher frequencies, ultra-lean design to enhance
the energy performance and reduce the interference, forward compatibility and a
beam-centric antenna design [1, 2]. To support the ever-increasing demand for
bandwidth due to the increasing number of devices, 5G NR aims to take advantage
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of the currently underutilized Millimeter wave (mmWave) frequencies. However,
operating at higher frequencies increases the channel impairments such as path loss
because of the physical properties of mmWave frequencies. By directing signals using
a technique called beamforming, a procedure of beam management, and placing the
transmitter antenna at the Base Station (BS) more closely to the end-user devices,
User Equipment (UE), channel impairments can be minimized [9].

A few prominent areas of recent ML breakthroughs are Deep Learning (DL) and
Deep Reinforcement Learning (DRL) [10]. One popular type of DL are Deep Neural
Networks (DNNs), which are structures of artificial neurons connected in multiple
layers. They are trained using Supervised Learning (SL), where a loss function is
used to measure how incorrect the model’s prediction is on each sample. Other
examples of SL models are decision tree, random forest, SVM, AdaBoost and MLP.
In DRL a concept of agents and environments is employed, in which agents interact
with the environment and receive feedback in form of rewards and punishments.
The agent maximizes the cumulative reward over time to achieve the best perfor-
mance. Examples of Reinforcement Learning (RL) methods are Q-learning, DQN
and DDQN.

There are a few different simulators for channel propagation of radio waves. Al-
though Ray Tracing (RT) models can provide very accurate results, its use is con-
strained to specific propagation environments and the computational cost increases
exponentially with the number of reflections and diffractions allowed [11]. How-
ever, [12] states that ray tracing models are motivated by the difficulty of dealing
with long-term spatial consistency as well as the problem of correlating small-scale
parameters.

Moreover, [11, 12] argue that stochastic channel models, an alternative to RT models,
have problems simulating massive Multiple-input-multiple-output (MIMO) systems,
by overestimating the performance in dense Non-line of Sight (NLoS) scenarios while
underestimating the performance in Line of Sight (LoS) scenarios. State-of-the-art
stochastic models for 5G that try to improve spatial consistency include QuaDRiGa
[13] and NYUSIM [14]. Spatial consistency refers to the principle that nearby UE
should have similar channel properties. Since QuaDRiGa is only a channel model it
does not by its own support procedures in the 5G protocol, like reference signals.

QuaDRiGa is a three dimensional geometry-based stochastic channel model, which
can be understood as a statistical ray-tracing channel model that uses approxima-
tions for the geometric representation and distributes scatterers randomly with a
concept of batching scattering into clusters. A scatterer is an object over which
the electromagnetic wave bounce off in different ways. QuaDRiGa determines the
channel parameters stochastically based on statistical distributions extracted from
channel measurements. The parameter distributions are defined for, e.g., delay
spread, delay values, angle spread, shadow fading, and cross-polarization ratio [13].

QuaDRiGa comes with predefined scenarios, that samples from different parameter
distributions, e.g., realistic parameters for city environments. QuaDRiGa is very
flexible in the way different antennas are supported. Beyond a set of default antennas
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like omni-directional antennas and Uniform Rectangular Arrays (URAs), custom
antennas can be built by placing and rotating existing antennas in different ways.
When simulating, QuaDRiGa calculates the delay, power, Angle of Arrival (AoA)
and Angle of Departure (AoD) of multiple rays that take different paths at certain
time steps. The rays are propagated through clusters of scatterers before arriving

at the receiver where some aggregation is required to calculate the received power
[13].

1.2 Problem Description

To fully take advantage of the benefits that 5G NR offers concerning higher capacity
and lower latency, the scalability issue regarding the Initial Access (IA) when bigger
antenna arrays are introduced, must be mitigated. Directing the transmit power
to a UE through beamforming is a rather big task. It requires special antenna
configurations and protocols to manage the initial contact with the UE as well as
keeping the connection alive.

In previous cellular systems such as 4G, the IA has been performed using omni-
directional antennas. Only when the connection has been established, beamforming
has been performed to utilize the beam gain. However, 5G needs to leverage beam-
forming in the TA to overcome the high path loss that comes with mmWaves. By
using beamforming at both the BS and the UE, beam pairs are created for the es-
tablished links. As the number of beams increases, with bigger antennas and larger
potential directional gains, the search space for the optimal beam pair between the
BS and the UE becomes bigger.

It is not feasible to achieve the performance requirements by exhaustively searching
over all beam pairs to find the optimal beam pair as proposed in the initial release
of 5G [1]. Using a hierarchical search as proposed in [15], in which exhaustive search
is applied to narrower and narrower beams, reduces latency compared to exhaustive
search but lack coverage to cell-edge users. Using context aware heuristics, as in [16],
by steering directly towards the closest UE are prone to blockage, NLoS scenarios,
between the BS and the UE. In these cases the optimal direction is not necessar-
ily straight. By applying ML techniques to the problem of beam management,
the search space can hopefully be substantially reduced to meet the performance
requirements for the 5G technology.

During recent years, research into solving the beam management problem has been
carried out in different places. Since 5G is a new technology, there is not much
publicly available data to test ML solutions on. Instead, each research group uses
separate data from different simulators and unique measurements. When research
groups publish new ML methods, it is therefore difficult to make fair comparisons
between them. Hence, implementing several ML solutions in one state-of-the-art
publicly available simulator is helpful.



1. Introduction

1.3 Purpose

The purpose of this thesis is to compare ML solutions for the beam management
problem in 5G using the QuaDRiGa simulator. There has been a lot of activity
in this area recently, and the direction of beam management has steered from tra-
ditional methods, like exhaustive and hierarchical searches towards utilizing some
kind of machine learning algorithm. This thesis provides a comparison between the
following models: decision tree, random forest, AdaBoost, SVM, MLP, Q-learning,
DQN and DDQN. The objective is to determine which model performs the best and
under what circumstances.

1.4 Delimitation

The scope of the thesis has to be restrained to meet expected deadlines. Therefore,
many interesting questions and perspectives are not covered in this thesis. These
are better suited for future work.

Handovers are essential when UE are moving between cell sites. However, handovers
are not part of the simulation even though a UE might move outside the cell site and
hence be a candidate for a handover procedure. Rather, only one BS is considered
to keep track of all UE. The UE are able to move, but only along a fixed track for
a finite set of time steps in the RMa scenario. It would be interesting to explore
more complex paths, e.g., UE moving vertically inside buildings for the UMi or UMa
scenario and behavior by integrating, e.g., traffic simulators.

Furthermore, the beam sweep is restricted to the azimuthal plane to simplify the
simulation results and reduce the expected time for each generation. Moreover, an
antenna with a small set of antenna elements will be considered as to reduce the
time to generate data samples since three different scenarios need to be supported
in different ways. As such, wide beams that become narrower once a connection
between a BS and the UE has been established are not considered.

Another concept that is not considered in the simulation is traffic congestion. There
is no consideration of the possible effects of a very high density of UEs in a small area,
for example during an event, and how that affects the optimal beam pair in terms
of load balancing. No packets are simulated and no reference signals. Generally, no
higher layer features of 5G NR are considered.
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Communication Theory

The following section presents some of the underlying communication theory for 5G
NR.

2.1 OFDM

Separating uplink and downlink communication between a UE and a BS is neces-
sary to avoid overlap. 5G NR achieve this by two different transmission modes,
Frequency Division Duplex (FDD) and Time Division Duplex (TDD). When the
transmission mode is set to FDD, the time dimension is constant and the UE as
well as BS distinguish the communication by using different frequencies. Contrary,
TDD keep the frequency dimension constant, and separate transmissions in time
instead. Although, both of these schemes are used in 5G, they operate on different
frequency ranges based on advantages and disadvantages with each approach.

A communication system like 5G transmits data by modulating a carrier signal with
a technique called Orthogonal Frequency Division Multiplexing (OFDM). The mod-
ulation step encodes a stream of bits onto the carrier signal by a certain scheme. The
sequence of bits are represented by a certain state, referred to as symbol, depending
on the bit pattern and the modulation scheme. Multiple bits can be encoded per
symbol. In OFDM, an encoded block of symbols is broken up and each symbol is
sent with a different frequency called subcarrier.

p| Af =2#.15 (kHz) | Useful symbol time (us) | Cyclic prefix (us)
0 15 66.7 4.7
1 30 33.3 2.3
2 60 16.7 1.2
3 120 8.33 0.59
4 240 4.17 0.29

Table 2.1: Each numerology is denoted by the greek letter p and each subcarrier
spacing is derived by scaling the numerology by a power of 2. The supported types
of subcarrier spacing Af can be seen in the second column. Data is acquired from

1].
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The frequency difference between each subcarrier is denoted as Af, the subcarrier
spacing. The subcarrier spacing in 5G NR may vary, unlike the subcarrier spacing
in 4G, according to a specific numerology, see Table 2.1. Consecutive symbols are
separated with a gap called cyclic prefix to overcome synchronization errors known
as Inter-symbol interference (ISI) in multipath environments. The cyclic prefix also
depend on the numerology, see Table 2.1 [1, 9].

1.4 4

1.2 4

Amplitude

Subcarrier Index

Figure 2.1: Orthogonal subcarriers as visualized by every other subcarrier being
zero at a peak.

A frequency range is assigned to a device based on its limitations and needs. Within
that frequency range lies several subcarriers. A subcarrier is a small portion of a
frequency band around where the carrier lies. Each UE is assigned a few subcarriers
depending on its transmission rate needs. The subcarriers are orthogonal to each
other which prevents interference among them. A visualization of the orthogonal
subcarriers is shown in Figure 2.1. The orthogonality here means that the peak
of each signal lies in such a way that the amplitude of all other signals are zero,
effectively canceling out the interference [9].

Transmission in 5G NR are organized into frames and subframes. Each frame is 10
ms and consists of 10 subframes. Each subframe is 1 ms and consists of a number
of OFDM symbols depending on the numerology. The OFDM symbols in each
subframe are divided into slots. There are always 14 OFDM symbols in each slot if
normal cyclic prefix is used. If extended cyclic prefix is used instead, there are 12
OFDM symbols in each slot. The number of OFDM symbols for each subframe can
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be written as 2#-14 by using the notation u for numerology according to Table 2.1. In
Figure 2.2, the frame structure for numerologies p € {0, 1} are shown. Numerology
i = 0 that corresponds to the frequency 15 kHz has 14 OFDM symbols in total using
only one slot for each subframe. Similarly, numerology u = 1 that corresponds to
the frequency 30 kHz has 28 OFDM symbols in each subframe, divided into two
slots [17].

10 ms

Radio frame

1 ms

< >

SFO| SF1| SF2| SF3| SF4| SF5| SF6| SF7| SF8| SF9

WB5kHz| O 1 (2] 3| 4| 5| 6| 7] 8] 9 ]10]11] 12| 13

14 OFDM Symbols

30 kHz

14 OFDM Symbols ) 14 OFDM Symbols

Figure 2.2: NR Frame Structure for the first and second numerology. SF stands for
subframe. The figure is inspired by the figure in chapter 5 of [1].

As the NR frame consists of both a frequency and time dimension, it is common to
represent symbol boundaries in a time-frequency grid, see Figure 2.3. The smallest
physical resource in NR is a resource element consisting of only one subcarrier during
one OFDM symbol. Moreover, 12 consecutive subcarriers in the frequency domain
make up a resource block. In Figure 2.3, some resource elements are grayed. These
elements represents reference signals, that is, signals that both the BS and UE know
beforehand used to derive the actual transmitted signals which may be distorted [1].
There are multiple different types of reference signals in 5G NR.

There are reference signals, like Physical Broadcast Channel (PBCH) Demodula-
tion Reference Signal (DMRS) and Physical Downlink Shared Channel (PDSCH)
DMRS, that are used to help the receiver to demodulate the incoming signal. Other
reference signals, like the Channel State Information Reference Signal (CSI-RS)
and Phase Tracking Reference Signal (PTRS), are used for beam management and
compensation of rapid phase fluctuations respectively. The density of a reference
signal is not the same across the time domain and the frequency domain or between
reference signals because of the different properties of each reference signal [9].
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" Time Slot 1 9 Time Slot 2

Resource block 1 Resource block 2

Frequency (Subcarrier)

4

Time (OFDM symbol)

Reference signal Resource element

Figure 2.3: Time-frequency grid. Note that the time slots and resource blocks as
visualized in the figure may not represent exactly how it works in a real setting,
but rather illustrates that reference signals have predefined positions in the time-
frequency grid.

2.2 Beamforming

Beamforming is a technique applied at the BS to aim a signal in a particular di-
rection. When transmitting a signal omnidirectionally, the signal is transmitted in
all directions from the BS, see Figure 2.4a. Hence, the power of a signal is equally
divided in all directions. Although a signal is intended for UE at a specific location,
other locations in the same radius will receive the same signal with the same power,
wasting large portions of energy to unnecessary directions. Beamforming allows a
BS to channel the power in one direction by constructing a certain antenna pattern,
thus mitigating the high path loss at high frequencies used by mmWaves.

(a) Beam gain using an omnidirectional (b) Beam gain using multiple omnidirec-
antenna. tional antenna elements.

Figure 2.4: Two antennas with different properties.
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Figure 2.4b shows an anteanna with directed beam gain. Each beam contains a
main lobe, nulls and sidelobes. The main lobe exhibits the largest constructive in-
terference. The sidelobes have smaller constructive interference and vary in number
depending on the number of antenna elements. The nulls are the places where the
interference cancels out the signal. In Figure 2.4b, no phase shift is applied which
makes the beam directed perpendicular to the antenna array. UE that are located
at the nulls of the radiation pattern will not receive any power, which is favorable if
the transmission was not intended for them. To direct a beam in a certain direction,
the notion of beam steering is used. Steering a beam is then reduced to requiring
the following phase difference between the adjacent antenna elements

_ 2mdsin g

¢ A

(2.1)

where 6, is the direction the beam is steered towards, A the wavelength of the radio
waves and d the distance between the antenna elements [9]. There are three differ-
ent types of beamforming: analog beamforming, digitial beamforming and hybrid
beamforming.

2.2.1 Analog Beamforming

Analog beamformers consist of phase shifters that are integrated with the feed net-
work of the antenna array. The phase shifters apply weights to the carrier wave’s
phase and amplitude in the different antennas to create constructive and destructive
interference. A property of the analog phase shifters is that they must quantize the
phase into low resolution values. Hence, analog beamforming can not be used to
steer a beam with high precision [18].

2.2.2 Digital Beamforming

Digital beamformers process the signal in the baseband before it is modulated to a
high frequency mmWave [18]. This is accomplished by finite impulse response filters
that manage the weights of each antenna element adaptively. With digital beam-
forming it is theoretically possible to create perfect beam patterns. Advantages of
digital beamforming include high-resolution Direction of Arrival (DOA) estimation,
high spectral efficiency, high system security and enhanced energy efficiency [19].

2.2.3 Hybrid Beamforming

Analog beamforming is easier to implement but is less accurate than digital beam-
forming. Also, digital beamforming requires many converters between the analog
and digital domain, increasing the cost, complexity and power consumption to levels
that are too high for mmWave frequencies. To compromise between them, hybrid
beamforming combines the two to optimize fidelity versus cost [18]. Technically, it
is implemented using both digital baseband weights and analog phase shifters [18].

9
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2.3 Beam Management

The process of beam management is to make practical use of the principle of beam-
forming. In theory, a BS applying the correct phase shifts to its antenna elements
would be able to steer the main lobe in any direction to point exactly towards a
UE of interest. However, in practice due to complications that arise when adapting
a control loop with this behavior, phase differences are often limited to a set of
fixed values instead. Hence, the antenna is capable of a set of fixed beams in fixed
directions.

The direction of these beams are often chosen in a manner that align the main lobe
of a certain beam with the nulls of the other beams. An antenna with m elements,
can create m such beams. UEs usually also use beamforming. To determine which
beams give the greatest power, or rather the best received Signal-to-interference-
plus-noise ratio (SINR), the beams from the BS are paired with the beams from
the UE, see Figure 2.5. Steering the beams is then equivalent to finding the best
beam pair, a process called beam selection. In practise, reference signals are used to
identify each beam and report the best incoming beam back to the transmitter [9].

eam pair

Figure 2.5: The beams from a BS are paired with the beams from a UE to form
beam pairs. The illustration highlights a direct link between the BS and the UE
suggesting a LoS scenario.

2.3.1 Initial Access

IA is the process of establishing a link, an initial beam pair, between UE and a
BS. Both the BS and the UE sweep the area by steering beams in different direc-
tions. To establish the connection, two primary synchronization signals are used,
the Primary Synchronization Signal (PSS) and the Secondary Synchronization Sig-
nal (SSS). These signals are composed into what is called a Synchronization Signal
Block (SSB) which the BS transmits in all of its beams during the beam sweep. The
UE measures the reception and reports the best SSB back to the BS to establish
the initial beam pair [1, 9].

10
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2.3.2 Beam Adjustment

Once a connection has been established by finding the best beam pair, there is a
need to reevaluate all beam pairs at regular intervals to check if another beam pair
has become better due to UE movement patterns or objects blocking or unblocking
the connection [1]. Thus, beam adjustment is still important for stationary UE,
as objects may come in the way of the connection. Beam adjustment also include
changing the width of the beam to be e.g. more narrow once a connection has been
established [1].

2.3.3 Beam Recovery

In some cases the movement pattern or object disrupting the connection may rapidly
change without the necessary time for the beam adjustment to adapt resulting in
the connection being lost. The NR specification includes procedures in case a beam
failure occurs. In general the beam failure recovery process consists of detecting if
a beam failure has occurred, identifying a new beam pair by which the connection
can continue and reporting the recovery request to the network [1].

11
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Machine Learning

There are three main paradigms of machine learning: SL, unsupervised learning
and RL. The following section will briefly describe general concepts of SL and RL
before going into more detail about different machine learning models within these
paradigms.

3.1 Swupervised Learning

The goal of a SL algorithm is to create a function mapping between a set of input-
output pairs, y = f(x). To create the function mapping, the algorithm is given
a set of training samples with n input-output pairs, (x;,y;)" ;. These samples are
passed to the algorithm during the training phase, which alters a set of weights to
adjust the model with the intention of converging to the function mapping. During
the training phase, the model is given feedback on its prediction by a loss function,
which scores how well the model predicted the target output.

To measure the performance of the trained model, it is evaluated on a distinct
sample set called the test set. If the model is able to perform well on the test set,
the model generalizes well. That is, the model is able to correctly make inductions
about new data samples that it has not seen before. The function f does not need
to be a strict function of x, but can be stochastic. In this case it is of interest to
learn the conditional probability Pr(y | x). The output space can be either finite
set or a scalar value. In the case of a finite output space the learning problem is
called a classification problem.

To solve a classification problem the learning algorithm has to create a mapping from
the input space to the categorical output space. With the assumption that the input
is a real valued vector of length n, the algorithm has to learn f : R" — {1,2,... ,m}
which is a function with n inputs and m classes. There are multiple encodings for
each class in the output space. Two common ways of converting categorical values
into numerical values are label encoding and one-hot encoding. Using label encoding
will assign a numerical value for each class and the conversion function is simply to
map the categorical value to the numerical value that the class belongs to. One-hot
encoding follows the same concept, but rather uses a vector of n length. The correct
class is represented as a one while all other classes are represented as zeros.

13
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An important concept in SL is called overfitting. Figure 3.1 shows three different
polynomials that try to describe the general trend of the scattered data points. The
first polynomial of degree 1, see Figure 3.1a, does a poor job of describing the points
since many of the points lie far away from the curve, resulting in underfitting the
dataset. Contrary, the third polynomial, see Figure 3.1c, describes the set of points
perfectly as every point lies directly on the curve. However, this results in overfitting
the dataset as new data points are unlikely to lie directly on the curve. The desired
fit is shown in Figure 3.1b, where the model has learned the general shape of the
data in order to make good inferences about unseen samples.

(a) (b) ()

Figure 3.1: (a) shows an estimator that is underfitting. (b) shows an estimator that
generalizes well. (c) shows an estimator that is overfitting.

The problem with overfitting is that the model will generalize poorly. When pre-
sented with new data points, it will make predictions that are biased towards the
kind of data it trained on. Some bias towards its training data is necessary, otherwise
it will have no knowledge to base its predictions on, in which case it is underfitted.
To mitigate overfitting, a popular technique is to use regularization. Regularization
consists of different approaches of simplifying the pattern a model learns. For exam-
ple, explicit terms in form of penalties or constraints may be added to the problem
to change the characteristic of the optimization problem. Different models may
also implicitly introduce regularization, e.g., ensemble models like random forest as
described further down.

3.1.1 Training and Tuning

When attempting to solve a problem using SL, a first step is to understand the data.
After understanding the data, an appropriate model can be chosen. The data should
be preprocessed so that bad samples are not negatively impacting the performance
of the model. It is also important that the data have the correct format. A dataset
is often split up into three different datasets, the training set, the validation set and
the test set. The ratio between these sets may differ, but usually follows something
similar to 70 %, 15 % and 15 % for each set respectively. During the training phase,
the model uses the validation set to measure how well the model generalizes.

The point of tuning is to find the optimal parameters and configurations for the
model on the specific dataset. It is necessary to use a separate validation set and
test set, as tuning the model on the test set will make it very biased towards the
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test set. One common strategy for tuning is grid search. Grid search is a method
that searches all desired combinations of parameters specified, and results in the
combination which gave the highest score. The search is usually cross validated
between multiple possible data splits to reduce random bias.

A common plot used during the tuning phase is the loss for each epoch on the
training and validation sets. The plot can indicate whether the model is underfitting
or overfitting. Using the plot as guidance, the model can be made larger and more
complex until it overfits, then gradually introduce regularization or reducing its
complexity to get a good fit. A good fit is found when the validation loss is slightly
more than the training loss, so that the model generalizes well, and has trained
enough epochs for the loss to stabilize.

3.1.2 Evaluation

Evaluation of the model is performed on the test set which has been held out. By
using the model to make predictions based on the test set, the model simulates the
performance of the model on unseen data. A score significantly lower than during
the tuning phase indicates overfitting, but it should be unlikely if a validation set
was correctly used. A score significantly higher is lucky and might be due to using
a very small test set, which is unreliable. The score on the test set is the model’s
actual advertised score. Depending on the domain and problem, scoring can be
based on different metrics.

For a classification problem, let J = {1,...,m} be the output space containing
all possible beam pairs. All models in a classification setting in this thesis can be
written as the function f : X — R™. That is, a function that maps an input vector
to a probability vector p € [0, 1]™ that gives the probability for each class.

The primary metric used to evaluate the models in this thesis is top-k accuracy,
which can be defined as the probability of including the optimal beam pair when
searching among the top k& beam pairs. Formally, let

Bp)={i €Y | pi > ) (3.1)
where [((p) is a function that maps the probability vector p to a set of candidate
beam pairs and p;, is the k largest element in p. Moreover, 3(p) has to be applied to
the probability vector for every test sample, and the top-k accuracy is achieved by
calculating all samples that include the optimal beam pair divided by all beam pairs
in the test set. By using the definition of top-k accuracy, we can see that accuracy
is equivalent to top-1 accuracy [20].

3.2 Reinforcement Learning
A SL algorithm needs to know the correct answer beforehand in a learning scenario.

The algorithm is supervised through the training process. However, information
about the best decision in many cases are seldom available. RL shifts focus. In the
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absence of a supervisor, an agent teaches itself by utilizing feedback from a defined
environment. The core concepts of RL are agents, environments and rewards. The
agent is the decision maker and learner in a predefined environment.

In the environment, the agent occupies a certain state. The state contains informa-
tion that is specific to the environment, e.g., in a grid environment the state may
contain the (7, ) indices that represent the row and the column. Decisions made
by the agent are called actions, and the environment will reward the agent based
on different actions in certain states. To learn, the agent will try to maximize the
rewards over time with regards to its choice of actions.

The strength of RL is that it may be the only feasible learning model in many
complex domains with acceptable performance. In, e.g., chess or Go it is very hard
to accurately provide evaluations of a large number of positions. The search space
is too large. A supervised model will have a hard time to learn, as the provided
examples are few in number. However, a reinforcement algorithm can evaluate
positions while exploring the search space when it has won or lost to approximate
the winning probability of a certain position [21].

3.2.1 Markov Decision Process

The following section formalizes the agent-environment interaction using something
called Markov Decision Process (MDP). An illustration of the agent-environment
interaction can be seen in Figure 3.2.

> Agent
State Sy
Reward R,
_____ - - Action A,
State St+1
Reward R;iq
Environment |«

Figure 3.2: Agent-environment interaction.

MDPs are discrete-time stochastic control processes. Actions taken by RL agents not
only influence immediate rewards, but will through subsequent states affect future
rewards as well. MDPs provide a rigorous mathematical framework for the RL
problem, enabling precise theoretical statements. The formalization of MDP involves
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trading off immediate and delayed rewards. Key elements of the mathematical
structure are introduced, such as returns, policies and value functions.

The environment and its dynamics are formally described by a MDP. In a rein-
forcement learning algorithm the agent and environment interact continually. The
agent selects actions whereby the environment responds with feedback in form of
a measurement of how good the selected action was, the reward, and a new state
derived from the selected action. As the reward is a measure of the performance in
a given environment, the agent seeks to maximize the reward over time by selecting
better and better actions. MDPs can be described by the tuple (S, A4, R, p,7):

1. S is the set of all possible states, the state space. An agent will occupy a state
s € § at a given time.

2. A is the set of all possible actions, the action space. An agent will select
an action a € A at a given time. More specifically, it will select an action
dependent on the current state a € A(s).

3. R is the set of all possible rewards, the reward space. An agent will gain a
certain reward r € R based on its selected action.

4. p(s',r | s,a) = Pr(Sip1 = 8/, Ry =1 | S; = s, Ay = a) is the probability of
the next state s’ € S and reward r € R, given the current state s and action
a.

5. 7 is the discount factor for future rewards.

The memoryless property of stochastic processes is often referred to as the Markov
property. It states that for every stochastic process that fulfills the memoryless
property, the conditional probability distribution of future states depend only upon
the present state. The implication being that the past does not impact future states

[22]. The Markov property is formally defined as:
Pr(St =S, Rt =T | St—la At—17 Rt—la s 7R17 SOa AO) (3 2)
=Pr(S;=s,R=71|S1,A11) .

Finite Markov Decision Process

A MDP is finite if the state, action and reward space are finite, that is, the tuple
(S, A, R) have a finite number of elements. If this is the case, the random variables
of p, S¢11 and Ry, will have well defined discrete probability distributions which
are dependent only on the preceding state S; = s and the selected action A; = a.
At a particular time ¢, the random variables are represented by s’ € S and r € R
which are given by the probability function p. It is the function p that defines the
dynamics of the environment and thus the MDP.

Episodic and Continuous Tasks

The RL problem is often divided into identifiable episodes when the agent-environment
interaction breaks down into subsequences. A subsequence of this sort has one ter-
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minal state, which is an end state with no further actions available for the agent.
All other states are called nonterminal, meaning that the agent still has choices left
to choose. A RL problem with episodes are therefore called episodic tasks. Each
episode is independent of each other. Thus, the ending of one episode does not affect
the start of the next episode.

Starting states are often drawn from a probability distribution of starting states or
some predefined state as in, e.g., chess. However, not all RL problems can be divided
into episodes. These problems continue indefinitely with no terminal states. They
are because of this called continuing tasks. To unite the two ways of differentiating
between RL formulations, a concept called discounting is useful [22]. This concept
is explored further in the section about Returns further down.

Rewards

The reward is a fundamental concept in RL. It can be thought of as a formalized
goal that the agent will try to optimize in the long run. Thus, it is not only the
immediate reward, but rather the cumulative reward over time that is of interest.
The reward is a scalar value R; € R which is usually modelled as —1 for negative
feedback, as in losing, +1 for positive feedback, as in winning, and 0 for nonterminal
states.

The reward must be provided to the agent in a such a way that the agent is likely
to learn from the feedback and improve its behavior and achieve the goal of the
RL task. A rule of thumb is to model the reward in terms of endgoals, and not in
subgoals. If the agent is rewarded for achieving a subgoal, it might learn the wrong
objective. E.g. if an agent is rewarded for taking pieces in the game of chess, it
might do everything in its power to take high value pieces even though a certain
move will result in the opponent checkmating. Thus, in chess it might be a good
idea to model checkmate as +1, opponent checkmate as —1 and all other moves as
0 [22].

Returns

Informally the agent is maximizing the cumulative reward over time. To refer to
this concept more formally, we begin by aggregating the rewards obtained by the
agent over time in a sequence, Ry, Ry1o, Rii3,.... The return is simply the sum
of the sequence up to time step T like follows:

Gt - Rt+1 + Rt+2 + Rt+3 + ttt + RT (33)

This approach works very well when the RL problem naturally breaks up into
episodes, namely episodic tasks. Because in these cases there is a natural notion of
what the final time step is, namely the time step occurring when the agent enters
a terminal state. However, when the task is continuing infinitely as in continuing
tasks, there is no final time step. In this case T" would go to infinity, T" — oo. The
sequence of G; would be an infinite sequence. Maximizing an infinite sequence is
problematic since it could easily be infinite. To deal with this problem, the concept
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of discounting is used. By utilizing this approach, rewards that are further in the
future will be discounted by a larger factor. By expressing the return G; as the sum
of discounted rewards we obtain:

Gy =Ry +VRiya + YRz + -+ = > V' Riyri (3.4)
k=0

Here v is called the discount rate and it is defined in the interval v € [0,1]. By
letting the discount rate v — 1, the agent will put more value on future rewards.
When the discount rate is v = 0, the agent only cares about immediate rewards.
As long as the discount rate is 7 < 1, the sum of the discounted rewards seen in
Equation (3.4) will be finite as long as the rewards are bounded. To unify episodic
tasks and continuous tasks, and hence, Equation (3.3) and Equation (3.4), we can
rewrite Equation (3.4) slightly:

T

Gy = Z ’Vth+k+1 (3-5)

k=0

Setting v = 1 while the sum remains defined yields the equation for episodic tasks.
Letting T — oo while v < 1 under the assumption that the sum remains defined,
yields the equation for continuous tasks. When 7" — oo and v = 1, the sum is not
defined, and is hence not a possibility [22].

Policies

When an agent makes actions over a long period of time in an environment, an
observer may deduce a pattern in the agent’s way of acting. A policy is simply how
an agent should act. For example, an agent may follow a random policy, in which
the agent’s actions are based on a random distribution. A policy can be defined as a
mapping from states to probabilities of selecting available actions in the given state.
A policy is often denoted as m. An agent may be said to follow a certain policy =
at a time t. As a policy is a mapping from state to action probabilities, a mapping
function m(a | s) is used to extract the behavior of an agent at time ¢ [22].

Value Functions

To estimate how good a state is in terms of expected future rewards, value functions
are used. These are functions of states or state-action pairs that are also estimated
by the RL algorithm through experience. The value function is defined with respect
to a certain policy, a certain way of acting, and is denoted as v,(s). Given that an
agent starts in state s, the state-value function gives the expected return under the
assumption that the agent follows policy 7 for subsequent states. The state-value
function is formally defined as:

Ur(s) = Eg[Gy | S¢ =], forallseS (3.6)
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Similarly, given that an agent starts in state s and takes action a, the action-value
function gives the expected return under the assumption that the agent follows
policy 7 in subsequent states:

Gr(s,a) = E |Gy | Sy = s, Ay = al (3.7)

The difference between these two equations is that the action-value function hypo-
thetically may choose an action that diverges from the policy 7 in the first time
step. The goal of a RL algorithm is to find an optimal policy by training the learn-
ing agent. An optimal policy achieves the best possible return. For finite MDP, it
is possible to define what optimal policy is. Informally, an optimal policy is always
at least as good as all other policies. This implies that there may be more than one
optimal policy.

An optimal policy is denoted as m,. Value functions that operate with respect to an
optimal policy are denoted as v.(s) and ¢.(s,a). Even though there may be multiple
optimal policies they all share the same value functions. Once ¢, is determined, the
optimal policy is easy to find. An agent must choose the action that maximizes
¢«(s,a). Choosing actions based on this principle is the optimal policy. It is also
possible to determine the optimal policy using v,, but the agent has to do a one-
step-ahead search through the possible actions [22].

3.3 Models

This section will describe different machine learning models used throughout the
thesis.

3.3.1 Decision Tree

A decision tree is a hierarchical model with a tree-like structure. Each node rep-
resents a conditional statement. The branches of each node are the paths that
the conditional statement may take. The leaf nodes represent the final “decisions”,
which are single output values. To determine how a decision tree reasons about
a dataset it has been trained on, the tree takes the input vector and follows each
conditional control statement from the root node to one of the leaf nodes depending
on the features of the input vector and the features evaluated at each branch.

The nodes in a decision tree may have more than two children, but the rest of this
section assumes at most two children for each node. Figure 3.3 shows an overview
of how this might look like. In this figure, two nodes represent certain features x;
and xs. When a sample x; = 3 is passed to the decision tree, the decision tree will
choose the left path and therefore its left child since this path corresponds to the
conditional statement x; <5 [23].
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Figure 3.3: Decision tree example. The control flow begins in the node at the top and
goes downwards to the left or right node depending on the conditional statements.

To train a decision tree, the decision tree learning algorithm adopts a greedy divide-
and-conquer strategy. The decision tree will select the most important attribute
first to evaluate if it makes the decision tree a good approximator. To determine
which attribute is most important, the decision tree follows the intuition of finding
the attribute that has the biggest impact to the outcome of the remaining training
samples based on the reduction in entropy of choosing one attribute over another.

When the decision tree has determined the most impactful attribute and created
the necessary branches to divide the training samples, the process starts over again
with new root nodes, the leaves of the created branches, and a reduced training set,
because the samples which have a clear answer can be ruled out. The goal of this
approach, is to create an approximator with few paths so that the tree as a whole
remains shallow [21].

3.3.2 Random Forest and AdaBoost

Random forest is an example of an ensemble learning algorithm. An ensemble
learning algorithm uses multiple learning algorithms to obtain a better result by
combining the output from each individual learning algorithm in a certain way. A
random forest model consists of a finite set of decision trees and can be used in both
classification and regression. For classification tasks, the combined output is the
class that are selected by most decision trees. For regressions tasks, the combined
output can be the average or mean of all the decision trees.

The random forest model is built by bootstrap aggregating the training data and
subsequently training a tree on a subset of the features in that sample. More con-
cretely, each tree is trained on a sample of the training data, and only some of the
features are used. Each tree is therefore underfitted and biased, but the combined
output of many such trees average out the errors. So instead of having a massive tree
that is supposed to learn everything, easily leading to overfitting, each tree in the
random forest can learn a small part of the data and provide emergent intelligence
together [24].
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AdaBoost is an ensemble technique similar to random forests. AdaBoost typically
also consists of decision trees, but with shallow depth. The main difference is how
the training data is sampled. In random forests it was randomly sampled, whereas in
AdaBoost, each sample has a weight that increases if the sample was miss-classified
by a previous tree. So the next tree trained is biased to learn that sample. Thus
leading the ensemble to prioritize learning the difficult examples [24].

3.3.3 Support Vector Machine

SVMs are supervised machine learning models that create a mapping of the feature
space by maximizing the distance between the categories in the output space. Dif-
ferent kernels, a set of mathematical functions, can be used for the SVM. For the
linear SVM, the training phase consists of adjusting a hyperplane that separates
the features with respect to the output space. Traditionally, only two classes are
used in the output space, which makes it a binary classifier. As SVMs maximize the
distance between the points of the different classes, no probabilities are involved,
making SVMs a non-probabilistic binary classifier [25].

3.3.4 Artificial Neural Network

The artificial neural network has its roots in neuroscience. The network is modeled
to mimic the behavior of the electrochemical activity found in the brain cells called
neurons. Hence, artificial neural networks consist of nodes, the neurons, which are
connected by directed links. A node has a set of inputs and outputs. Each input
is aggregated with the summation function combined with a weight and bias. The
input at node j is defined as Z; = 31" w; ja; + b;. The weight w; ; is the link from
node 7 to node j and determines the strength of the connection. The input of each
node may be propagated through a function called an activation function. This
function is denoted as g and serves to allow for nonlinear relationships of the data.
It is used before passing the received value forward a; = g(Z;) for a node j [21].

Input Output
layer layer

I

Figure 3.4: A single layer neural network known as a perceptron.

22



3. Machine Learning

A single layer neural network consists of an input and output layer. This type of
network is commonly known as a perceptron. Figure 3.4 shows a perceptron network
with n inputs and one output. A perceptron network with more than one output,
m is really m separate networks as the weights between the inputs to a certain
output do not affect the weights between the inputs of another output. Thus,
there are m separate training procedures for such a network, each which could be
simplified to the structure shown in Figure 3.4. Multiple layers of neurons are used
to construct the whole network. The way multiple layers of neurons are constructed
in Figure 3.5 is called a feed-forward network. Feed-forward networks only have links
in one directions, and hence, form an acylic directed graph. The model using the
technique with multiple layers of perceptrons is conveniently called MLP [26].

Input Hidden Output
layer layer layer

Figure 3.5: Neural network structure with an input layer, hidden layer and output
layer. Each layer in the figure has n nodes.

To train the network, some type of feedback is needed in the layers. The loss
function defines how the network should change its parameter weights to minimize
the error between the predicted values and the target values using a technique called
backpropagation. Backpropagation computes the gradient of the loss function with
respect to each parameter in the network one layer at a time using the chain rule,
traversing the network backwards to avoid unnecessary computations [27].

A common loss function when dealing with multiple output classes is the categorical
cross entropy loss function [28] which is used together with the softmax activation
function [29]. The categorical cross entropy loss can be written as
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ey

ST o (3.8)

E(I’,y) = _log

where e is the score for the positive class. Another loss function is the smooth L1
loss function [30] which is defined as

0.5 ==, ifle —y| < 3

3.9
|z —y| —0.58, otherwise (3.9

L(z,y) = {

In smooth L1 loss, the loss is split up into two parts. The first part 0.5(x —y)?/3 is
defined as the L2 loss in the interval [0, 5), whereas the second part |z — y| — 0.53
is defined as the L1 loss in the interval [3,00). The effect of using the L1 loss for
samples above [ reduces the over-penalization of outliers.

3.3.5 Q-learning

The Q-learning algorithm is centered around Equation (3.7). The algorithm directly
approximates the optimal action-value function ¢,, through the learned action-value
function @). The algorithm is defined by

Q(Si, Ap) <+ Q(S, Ay) + a | Ryy1 + 7y max Q(Si+1,0 — Q(Sr, Ar) (3.10)

In the Q-learning algorithm, the Q-function is represented as a table of state and
action values where the rows correspond to the states and the actions to the columns,
see Figure 3.6 [22]. During training, a Q-agent adjusts its Q-values according to
Equation (3.10) with a learning rate of « [31]. Q-learning is an off-policy learning
algorithm because it updates its Q-values using a policy that it is not following the
greedy policy.

During training, a Q-agent samples actions with exploration and exploitation in
mind. With a certain probability a random action is selected for exploration. Oth-
erwise, it exploits its current Q-value by greedily choosing the currently optimal
action-value for the current state. The probability by which the agent select actions
randomly can vary throughout the training phase by a factor of ¢ that decreases
after each iteration. This is known as an e-greedy policy, as the agent will choose
actions more greedily towards the end of the training phase [22, 32].

Q(s1,a1) Q(s1,a2) ... Q(s1,an)
Q(52>a1) Q(827a/2) Q(Sz,@m)

Q(Snval) Q(Sn7a‘2) o Q(Snua’m)
Figure 3.6: A Q-table containing n states and m actions.
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3.3.6 DQN

As the number of states grow large, it will become infeasible to use tabular agents as
in the Q-learning algorithm. One way to overcome this problem is to represent the
Q-function using a function approximator such as a DNN. This approach is called
DQN. The network is defined as Q(s,-;#), and outputs a vector of action values
given a certain state s and the network parameters 6. To improve the performance
of the algorithm, DQN make use of two techniques. The first technique is called
experience replay [33]. With experience replay enabled, observations of the current
and next iteration, actions and rewards are stored for a specified number of time
steps T'. The idea is to use uniform samples from the experience replay memory bank
to update the network at every time step . The second technique is to make use
of a target network that is a replica of the layout of the original network, but with
parameters 6~ instead of #. The target network is updated at another frequency,
every 7 time steps, than the original network, which is updated every time step.
At time step 7, the target network copies the parameters of the original network,
0, = 0,;. The target network is used when defining the target YtDQN as follows

VP = Ryyy + ymax Q(Sig1, a; 6;) (3.11)

Just like in Equation (3.10), the update step can, with help of Equation (3.11), be
defined as follows for the DQN algorithm

Orr1 = 00 + V"W — Q(Si, Ar, 0.)]V0,Q(Se, As 61) (3.12)

By defining the update step like this, the algorithm will utilize gradient descent to
update the current value Q(S;, As; 0;) towards the target y;PN (34, 35].

3.3.7 DDQN

The problem with Q-learning and DQN is that both these algorithms tend to give
overly optimistic estimates, because they use the same values to select and evaluate
an action. To circumvent this issue, an additional set of parameters ' can be used
to select the greedy policy, while the original set of parameters 6 determine the value
of @. This technique is referred to as Double Q-learning. Thus, the selected action
ayp, is

ag, = argmax Q(Se+1, a; 0;) (3.13)

while the target Y;""P9 ig

VPO = Ry 4 4Q(Shsa, ag,, 0)) (3.14)

The role for each of these parameters are switched continuously to keep both set of
parameters updated. To combine the technique of Double Q-learning with DQN,
we can let the additional parameter proposed in Double Q-learning 6" be the target
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network with parameters 6~ in DQN. Hence, the target function Y;°"P*PON of

DDQN is

}/tDoubleDQN = Rt+1 + 7Q<St+17 ag,, Qt_) (315)

The target is used instead of V;"" in Equation (3.12) for DDQN. When defining
the target by setting 8’ = 6~ the process of selecting an action and value is not fully
decoupled, but provide the benefits of DQN and and Double Q-learning without the
large computation load of introducing an additional network [35].
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This chapter starts by summarizing previous beam management simulations in the
scientific literature. Then, the parameters and method for our simulation are de-
scribed, with some insight into the generated data. A brief explanation of the
pipeline we used is given as well as how the RL environment was constructed.

4.1 Literature Review

The following section explores machine learning methods that different research
papers highlight. Each method will be briefly summarized. Table 4.1 shows which
methods each paper has investigated.

Model Paper
Decision tree | [11]
Random forest | [11, 20]
AdaBoost [11]
SVM [11]
MLP 11, 20]
Q-learning 36]
DQN [11]
DDQN 37]

Table 4.1: A table showing the supported models in the pipeline and which paper
each model is derived from.

In [11], a traffic simulator is combined with a ray-tracing simulator to model 5G
channels in a realistic urban scenario. The data is generated by projecting rays with
a predefined spacing in the three-dimensional angular space. The paths of each
ray are ranked according to the received power at the UE. Moreover, the machine
learning models they used (see Table 4.1) incorporate the positions and sizes of each
vehicle as the only data required to perform beam selection. A receiver was defined as
several coordinates that represented a vehicle. The resulting accuracy of the models
is not the focus of the paper, but rather the simulation strategy. However, they do
test their models on a small data set and conclude that the random forest and deep
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neural network performed the best, with decision tree and AdaBoost slightly worse,
and SVM about twice as poorly.

In [20], a beam training method assisted by machine learning is proposed where the
method predicted the optimal Access Provider (AP) and the optimal beam based on
the Global Positioning System (GPS) coordinates of the UE. The models have been
trained with data generated from a RT simulation where the coordinates for each UE
were transmitted through a lower-frequency Long Term Evolution (LTE) link. The
selection models they used, see Table 4.1, were based on supervised classification.
Their results showcase the accuracy of AP selection as well as beam selection, in
both cases using perfect GPS data or with added noise. The random forest and
MLP both give good results, but it is clear that the MLP does not overfit and is
thus better in more noisy conditions. AdaBoost and SVM were also tested, but they
chose to leave them out of the paper due to unsatisfactory performance.

In [36], a simulator from Ericsson was used to simulate moving UEs in a hexagonal
cell with a radius of 100 m. The goal was to train a Q-learning algorithm in a
scenario with moving UE to reduce the search space of the candidate beam set
when selecting the best transmitter beam. Each UE has a predefined movement
pattern of either one of two types. The first type of UEs always move straight
and bounce in the opposite direction of arrivial when hitting a wall. The second
type of UEs mimic the behaviour of how real world pedestrians or vehicles move
along a road. The candidate beam set was calculated by taking the 5 closest beams
among the closest 19 beams by either a baseline algorithm or the Q-learning agent.
Additionally, the beam that was currently established between the BS and the UE
was added to the candidate beam set for a total of 6 beams. Their results show that
Q-learning provided slightly better throughput than a baseline algorithm.

In [37], a DDQN was used to dynamically adjust beam directions between the po-
sition of a high-speed train and a BS. To reduce overhead of the beam alignment
procedure, multiple location bins were introduced that acted as trigger zones. The
state space for the DDQN agent consisted of a three-dimensional tuple (d,0,¢) € S
composed of the horizontal distance d, and the zenith and azimuth angles 6 and ¢
between the transmitter and the receiver on the train. The action space consisted of
a two-dimensional tuple (+o?, :l:af) € A, where 0! and of are either fixed or zero,
that denoted the total change of angle in the zenith and azimuth plane from the
previous state. The reward was defined as the difference between received power of
the current state and the next state. Their results showed that the DDQN beam
tracking provided higher received power, and reduced the search time to 20 % of the
original value.

4.2 Simulation Environment

Data has been generated using the QuaDRiGa channel model according to three dif-
ferent scenarios, UMi, UMa and RMa. These scenarios are described in specification
38.901 provided by the 3GPP [38]. QuaDRiGa eases the implementation of these
scenarios as it comes with predefined configurations which are based on specification

28



4. Method

38.901. General configuration settings can be seen in Table 4.1a. In each scenario, a
BS, single transmitter antenna, has been placed at the origin of a site in a hexagonal
grid. Moreover, the transmitter antennas have been configured to a single sector
within the site, see Figure 4.2. Fach scenario has different radius, height and carrier
frequency, see Table 4.2. The radius is often referred to as Inter-Site Distance (ISD).

Environment | ISD (m) | Tx height (m) | Carrier frequency
UMi 200 10 30 GHz
UMa 200 25 30 GHz
RMa 1732 35 0.5 Ghz

Table 4.2: Simulation properties that differs between each scenario.

Receivers have been generated in different schemes depending on the scenario. How-
ever, each receiver had general constraints on where it was placed within the sector,
see Table 4.1b. A receiver had to be placed at least 10 meters away from the trans-
mitter. The maximum distance was also constrained to 0.93 - ISD meters away from
the transmitter. Every receiver has been placed at the same height of 1.5 m since
beam sweeping was performed only in the azimuthal plane.

Property Value Property Value
Layout type Hexagonal Rx min distance 10 m
Number of sites 1 Rx max distance | 0.93 - ISD m
Number of sectors 1 Height 1.5 m
(a) General layout properties. (b) Rx distance properties.

Figure 4.1: General properties for every scenario: UMi, UMa and RMa.

The UE have been sampled according to three different distributions, one for each
scenario. In the RMa scenario, the uniform distribution was used while the UMi
and UMa scenarios used custom city distributions. Thus, each scenario generated a
separate dataset. In the RMa and hence the uniform dataset, the UE are sampled
uniformly across a circle sector, see the greyed area in Figure 4.2. The samples are
created using polar coordinates. The random variables are defined by constructing
u ~ 2U[0, 1] and defining the angle and radius as follow

0 ~ U[0,1] - 120°,

u- (Tmax - rmin) + "min, u<l1
T o~
(2 - u) ' (rmax - Tmin) + T'min> u>1

where i, 18 the minimum allowed radius for a scenario and 7.« 1S the maximum
allowed radius for a scenario. Figure 4.2 shows how the BS was placed at the center
of a site and pointed in a certain sector. The grayed area is the region where the UE
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resided. The colored beams, illustrate how the transmitter sweeps the area. The
radius of the circle sector is dependent on the ISD defined for each scenario, which
can be found in Table 4.2.

Figure 4.2: A single sector of a site is covered by the transmitter. The sector is 120
degrees wide.

Custom cities have been constructed for the UMi and UMa scenarios. Positions
for indoor and outdoor conditions have been manually set in order to achieve more
realistic and consistent data. Although, there is no specific layout for the RMa
scenario, much of the blocking is due to the terrain. The distribution of the UE for
the UMi and UMa scenario can be seen in Figure 4.3a and 4.3b respectively. The UE
have been color-coded depending on the type of the transmission. The green and red
colors means that they were placed within a building while blue and orange colors
means that they were placed outside a building. There are a total of four colors
for the combinations of LoS or NLoS and Outdoor to Indoor (O2I) or not O2I. As
stated by the 3GPP, approximately 80% of the UE should be placed indoors, while
20% of the UE should be placed outdoors. This is the explanation behind the higher
concentration of green and red UE in Figure 4.3 for both scenarios.

200

. LOS
4001 . ~rLos
o LOS-021

o NLOS-021 B

* LOS

1501 < NLOS

e LOS-02

1001 ¢ NLos-o2a
200

—50

—200
—100

—150 —400
—200

0 25 50 75 100 125 150 175 200 0 100 200 300 400 500
X X
(a) The distribution of receivers for the (b) The distribution of receivers for the
UMi city layout. UMa city layout.

Figure 4.3: Custom receiver distributions according to two city layouts. The blue
dots are receivers in LoS, the orange are in NLoS, the green are in O2I LoS and the
red are in O2I NLoS. The scenario distribution is not exactly geometrically accurate
but it serves as a decent approximation.
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The antenna of the BS and UE are defined according to Table 4.3. The table shows
what differs between the antenna of the BS and the antenna of the UE. The only
difference between the antennas is that the antenna of the BS had a certain level
of downtilt while the antenna of the UE had none. In QuaDRiGa, the antenna
type specified as 3gpp-mmw has the argument shown in Table 4.3. M refers to the
number of vertical elements and N refers to the number of horizontal elements. The
polarization refers to the type of polarization used, defined between 1-6. By setting
the polarization to 6, the elements will be 45 degrees cross polarized. The spacing
refers to the element spacing defined with regards to the wavelength. For example,
setting the spacing to 0.5 results in a spacing of 0.5 A\. Mg refers to the number of
nested panels in a column, whereas, Ng refers to the number of nested panels in a
row. The V panel spacing determines the spacing in the vertical direction, and the
H panel spacing determines the spacing in the horizontal direction.

Property BS | UE
M 4 4
N 4 4
Polarization 6 6
Downtilt 12| 0
Spacing 0.5] 0.5
Mg 1 1
Ng 2
V panel spacing | 2.5 | 2.5
H panel spacing | 2.5 | 2.5

Table 4.3: QuaDRiGa’s 3gpp-mmw antenna configuration for the BS and UE. The
only difference between the BS and UE is the downtilt.

A brief explanation of the time invariant QuaDRiGa simulation follows. The UE
positions were generated and placed on the layout according to the scenario’s scheme.
A burst of beam sweeps were performed by rotating all the antenna for all UE at
once for each defined UE azimuth angle, after which the antenna of the BS rotated
to its next azimuth angle. Then, the process started all over again until all angles
had been cycled through. Each beam pair was measured at different times, so there
is some variation in the parameters from the random distributions in QuaDRiGa.
However, the received power during a single burst was measured at the same time
which is necessary for consistency in the data.

The time variant dataset is similar to the time invariant dataset. It was an extension
of the RMa scenario with moving UE along linear tracks of 60 meters. A track is
a segment of paths that the receiver followed during the simulation. At a fixed
time step a snapshot was recorded, containing the simulated paths between the
transmitter and the receiver. A linear track was applied to every receiver with
a random angle. The velocity of each receiver was 3 m/s and 20 time steps were
recorded on each receiver. The snapshot frequency was set to 1/3 samples per meter
giving a total of 60 m in path length. Figure 4.4 shows two UE with different angles
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along a linear track.

60

Figure 4.4: Two UE along their linear track marked as rx; and rz,.

The type of data that the QuaDRiGa simulation outputs is presented in Table 4.5.
The receiver positions were floating point values placed in the sector according to the
layout. There are 5 valid angles for the BS and 3 valid angles for the UE, resulting
in a total of 15 beam pairs. The number of paths that a beam was scattered through
differed between the scenarios. In the UMi scenario a maximium of 58 paths were
allowed, in the UMa scenario a maximum of 61 paths were allowed while in the RMa
scenario a maximum of 11 paths were allowed. Table 4.4 maps each beam pair with
its corresponding azimuth angles. The UE in the time invariant datasets were set
to an initial direction pointing west, whereas, the UE in the time variant dataset
had an initial direction straight forward along the track.

Beam pair | Tx-azimuth | Rx-azimuth
1 -60 -60
2 -60 0
3 -60 60
4 -30 -60
5 -30 0
6 -30 60
7 0 -60
8 0 0
9 0 60
10 30 -60
11 30 0
12 30 60
13 60 -60
14 60 0
15 60 60

Table 4.4: This table summarizes the beam pair indices with their corresponding
angle for the BS and the UE. The angles are given in degrees. Tx-azimuth represents
the angle for the BS while the Rx-azimuth represents the angle for the UE.
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Rx-x | Rx-y Tx-azimuth Rx-azimuth Path power
reR|yeR| b, e {-60,-30,0,30,60} | ,, € {—60,0,60} peR

Table 4.5: Output data from QuaDRiGa simulation. Rx-x and Rx-y stands for the
x and y coordinates of the UE. Tx-azimuth and Rx-azimuth stands for the azimuth
angles that each respective antenna sweeps. Path power is the received power from
the different paths that each beam travels due to scattering.

4.3 Preprocessing

Preprocessing of the time invariant dataset was minor. The only steps were to com-
pile labels, aggregate the path dimension and split the dataset into train, validation
and test sets. Applying an optimal and realistic method of aggregating the paths
is a complex problem. Averaging was performed because it provides consistent re-
sults. Another simple approach is to take the maximum path but it has more power
variance. That is due to QuaDRiGa intentionally generating power samples around
an average [13, p. 82].

The sliding window dataset was created based on the time variant RMa dataset. The
difference between the datasets is in how they were preprocessed in the pipeline.
The sliding window dataset broke up the sequences of time correlated data into
time independent data by sliding a window of k size over the sequence [39]. That
is, consider a certain time sequence p of positions and beam pair labels (:z:;, yf,) and
l]’; respectively for 1 < t < 20. By sliding a window with & = 2 the sequence is
reordered to (z,yh, xpt!, yith, 1f) with the corresponding label I5'. The steps are
similar with £ > 2. By transforming the dataset in this way, models like random

forest and decision tree are able to learn the time correlation indirectly.

4.4 Reinforcement Learning Environment

The RMa time variant dataset was also used in the construction of the RL envi-
ronment. As the environment used offline data, it was split up into a training set
and test set. Intuitively, the training set and test set were split up to two different
phases, the training phase and the evaluation phase. During the training phase,
the agent tried to learn the optimal policy using both exploration and exploitation.
During the evaluation phase, the agent was set to achieve the best possible reward
by exploiting its learned optimal policy.

The environment was modelled as a “hybrid” episodic task where one episode con-
sisted of the whole time sequence. Each time sequence was 20 time steps. The task
acts like an episodic task when the agent interacts with it because of the prepro-
cessing. However, when UE is moving in a real life sector, it is a continuous task.
This will become apparent when describing the discretization of the state space.

A MDP was created based on the time sequences of the data, see Figure 4.5. The
state space consists of a 5-tuple (2%, y*, 21, y*+1 o) € S where (2%, ka)z’e{o,l} €
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R are the previous position and current position respectively in the time sequence,
while a* € A represents the chosen serving beam for position (z*, y*) at time t = k.
The action space consisted of all beam pairs as in the SL problem formulation.
Hence, the size of the action space was |.A| = 15. As the environment was based on
offline data, all beam pairs have already been established between each time step
in the sequence. The agent was set to predict the best serving beam when moving
through the positions in the time sequence. A sequence began with an initial state
(24, Ys, %, Y*, amax) Where (z,,7,) was the starting position and ay.. was the best
beam pair for that position. In this state, the agent had to predict a new chosen
beam pair given the additional information of the movement in the time sequence

(=%, ).

t =k t=k+ 1 t=k+ 2
k ,k k+1 , k+1 k k+1 , k+1 k+2 , k+2 k+1
(xayax ay 7a1) (ZE 7y y L ay aal )
k ,k
(xsaysaw » Y5 Amax
k Kk k+1 , k+1 k k+1 , k+1 k+2 , k+2 k41
(2", y", 2"y ads) (2" Y Ry e

Figure 4.5: This is the MDP used as the environment. Each node represent the
state while the arrows between the nodes represent the actions.

The agent was rewarded with higher rewards the closer its predicted beam was to

the optimal beam according to
1

r=—
2li—jl

(4.1)

where 7 and j are the indices for the actions a; and a; respectively given that j
represents the optimal index. This implies that an agent was rewarded with a score
of 1 if it predicted the optimal beam, and that the reward was halved for each index
from the optimal, converging to 0. Furthermore, a penalty was incorporated as well.
If the difference was higher than that for the current serving beam, a penalty of
0.25 was subtracted from the reward. Similarly, if the current serving beam and the
newly chosen beam was greater than 2, implying that the newly chosen beam did
not account for spatial locality, a penalty of 0.25 was subtracted from the reward.
To enable spatial locality for the beam indices, the beam indices had to be reordered
in the preprocessing step for the environment.
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As the positions in the state tuple are defined by real numbers (z**+¢, yk+i)ie{0,1} € R,
the state must undergo discretization to work with the tabular representation used
in Q-learning. The continuous space for each axis was split up into n different bins,
resulting in a state space of the size |S| = n*-15. The size of each bin was calculated
by taking the maximum and minimum value along each axis. For example, the x-
axis size was (Zmax — Tmin)/n. Due to the memory size scaling with the number of
states, n was limited to 10. Using 10 bins along each axis resulted in a state space of
10 - 15 = 150000 states, and a bin size of 190 - 320 = 60800 m?, as the RMa dataset
was used. Discretizing the state space by dividing the plane into a grid according
to these bins was naive, as it had the effect of many empty states. The positions of
UE are contained within a circle sector and the grid represents the rectangle that
encloses the circle sector.

To reconnect to the definition of the “hybrid” episodic task in the case of discretiza-
tion, one can observe that a state most likely is used by multiple sequences, but
not necessarily with regard to the same time step in each sequence. The last time
step in each sequence should be defined as absorbing since no further state can be
reached from this time step. By definition, the Q-value for an absorbing state is
equal to zero which means that the agent stops there. However, setting the value to
zero for an absorbing state was problematic since the state may be used in another
sequence in a non-absorbing way resulting in the wrong Q-value for this particular
sequence. Thus, the value for absorbing states was not set to zero.

4.5 Pipeline

The pipeline was implemented with Python. To support all models found in Table
4.1, two common Python libraries were used: Scikit-learn [40] and PyTorch [41].
The decision tree, random forest, AdaBoost and SVM were implemented using the
Scikit-learn library [40]. These models are supported out of the box and have been
encapsulated with wrapper classes to fit along the other models in the pipeline. The
MLP, DQN and DDQN agents were implemented using PyTorch. Q-learning did not
use any third-party library. The pipeline has been implemented as a command-line
utility to ease the training and evaluation phases. Listing 4.1 shows how the utility
was invoked. In the case multiple models were specified, the pipeline trained and
evaluated each model on the specified dataset. If multiple datasets were specified,
the pipeline ran the models sequentially on each dataset.

python -m <program> -d [datasets] -m [models] —--OPTIONS

Listing 4.1: An example showing how to invoke the pipeline from the command-line.

The pipeline consisted of a hierarchical structure of loaders and models, see Fig-
ure 4.6. A loader is a wrapper class around a dataset. As the thesis involves two
paradigm, SL and RL, wherein SL models are implemented using two different li-
braries, a loader must keep track of its supported models. That is, a loader may
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support a Scikit-learn model, PyTorch model or reinforcement agent, or any com-
bination of such. This is indicated by how the data of the loader was preprocessed.
Similarly, a model is a wrapper around a specific learner. A model is required to
have the fit (), evaluate() and run() methods.

SKLoader
NNLoader Loader Model
RLLoader l
CR Agent
Main loop
Decision tree Q learning

Visualization Evaluation

Random forest DDQN

Figure 4.6: The structure of the pipeline. It consists of two main objects, the loader
and the model. The “CR” means classifier and regressor.

4.6 Models

This section will describe model specific characteristics for each model as well as
their implementation details. The implemented models were adapted to either the
time invariant or time variant datasets. Table 4.6 shows the relation between each
model and the datasets.

Model Dataset
Decision tree IS
Random forest I,S
AdaBoost I,S
SVM I,S
MLP IS
Q-learning \Y
DQN \Y
DDQN \Y

Table 4.6: The table shows the supported datasets for each model. The “I” repre-
sents the time invariant dataset, the “V” represents the time variant dataset while
the “S” represents the sliding window preprocessing step of the time variant dataset.

After the data was generated and a pipeline was setup to run the models, the
models were tuned. For the Scikit-learn models, grid search was used to find good
parameters. Table 4.7 shows the different parameters that were searched for each
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model. The grid search performed a 5-fold cross validation on the parameters and
the results are shown in the results chapter. After tuning these models, the MLP
was built and tuned in PyTorch using a validation set.

’ Parameter ‘ Model ‘
Max depth | DT, RF, AB
#estimators RF, AB
C SVM
#iterations SVM

Table 4.7: The parameters that were grid searched. DT, RF and AB stands for
decision tree, random forest and AdaBoost. #estimators is the number of decision
trees that were used in the random forest and AdaBoost. C is a regularization
parameter for the SVM model.

In the implementation, the Q-learning, DQN and DDQN algorithms are derived
from an abstract class called Q-agent. The Q-agent implements all base features that
are inherent in these algorithms. This includes all general base parameters of the
models and can be found in Table 4.8. Parameter €gecay needs further explanation.
By setting €gecay = 0.8, the agent reaches the minimum epsilon value €y by the
time 0.8Mjterations had passed. Moreover, the Q-agent abstraction also includes an
evaluator used to calculate the average reward and average episodic reward for the
test set.

Parameter Value
Niterations 1 000 000
Y 0.99
€ 0.95
€min 0.05
€decay 0.80
« 0.01

Table 4.8: The set of base parameter values for the Q-agent. In order, the parameters
refer to the number of training iterations, discount factor, exploration probability,
minimal exploration probability, exploration probability decay and learning rate.

The implementation details regarding DQN and DDQN build upon the Q-agent
abstraction. They use some further parameters for the target and policy networks.
For both algorithms, instead of updating the target network at fixed time steps 7,
the target network was updated gradually with a 7-factor according to

9;+1=T~9t+(1—T)-0; (4.2)

By applying the gradual soft update rule, the stability of the learning algorithm is
improved as the target network’s parameters are changing more slowly [42].
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4. Method

Both the policy network and target network use a network layout according to Table
5.4 presented in the result chapter. The input shape to the network structure shown
in Table 5.4 represent the continuous 5-tuple state introduced in Section 4.4. The
network layouts used the smooth L; loss along with the Adam [43] optimizer.
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Results

The first section will showcase the datasets that resulted from the QuaDRiGa simu-
lations. Then, the second section will showcase the results of hyperparameter tuning
for the models. Finally, the third section will showcase the results of evaluating the
models on the datasets.

5.1 Simulation Results

A visualization of the target distribution in the time invariant datasets is illustrated
in Figure 5.1. The goal of the figure is to visualize bias in the samples. In all three
subfigures it is noticeable that the outer three beam pairs have fewer examples. The
three beam pairs on either side, namely 1, 2, 3, 13, 14 and 15 correspond to the
outermost transmit azimuth angles. Therefore, the reduction in sample frequency
of those beam pairs can be explained by the fact that those beam pairs are directed
along the edges of the sector, which leads to less coverage. For the UMi scenario,
increased targets are visible in the 8th, 9th, 10th and 12th beam pair. Considering
that the layout of the city in the UMi scenario is symmetrical, the reason for a right
leaning bias can only be explained by the randomness in UE position generation and
the QuaDRiGa channel coefficient samples. It is reasonable that the high frequency
samples are close to the middle because of the four large houses in the layout.

6000
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123456789101112131415 123456789101112131415 123456789101112131415
(a) UMi (b) UMa (¢) RMa
Beam pair

Figure 5.1: Distributions of target labels in UMi, UMa and RMa datasets. The
x-axis shows the 15 beam pairs and the y-axis shows the number of samples.

Figures 5.2-5.5 show illustrations of both the UE positions and their corresponding
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target labels. They are showcasing a subset of samples from the test set to show
what the models are going to be tested on. The left figures show many receivers to
give an understanding of their layout distribution and the transmit beam pattern.
The right figures also show the optimal receiving beam for each UE to give an
understanding of that pattern.
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Figure 5.2: UMi dataset target labels visualized on the layout. The five big arrows
are the transmit beam directions from the BS at the origin. Each dot represents
a UE, which is colored by its optimal transmit beam connection. Figure (b) also
shows the target receiver beam but fewer samples are shown to avoid overlap. On
the x-axis are the x-coordinates of the layout and on the y-axis are the y-coordinates.

A pattern shown by the figures is that UE is biased to connect with the closest
transmit beam, but with significant deviation in the buildings. The optimal receiver
beam direction appears to be rather random. In the simulator, 80% of UE is placed
indoors which is noticeable since the data points are more dense there. It is also
clear that conditions change in just tiny distances, so that nearby UEs have different
optimal beam pairs. That will affect the tuning of the model as it needs to be able
to pick up on such detailed information, and still avoid overfitting.
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Figure 5.3: UMa dataset target labels visualized on the layout.
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1000
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Figure 5.4: RMa dataset target labels visualized on the layout.

For the time variant RMa dataset, see Figure 5.5, the number of unique beam pairs
was on average 2.6 for the whole sequence over all UE tracks. This implies that the
optimal beam pair does not change much as UE moves along the track, but rather
stays the same for about one third of the track, before switching to another optimal
beam pair or toggles between beam pairs. By investigating how the sequences look
like, it is clear that many UE tracks only use one or two optimal beam pairs, while
few tracks have more rapid fluctuations.
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Figure 5.5: Target labels for the time variant dataset in the RMa scenario.

5.2 Hyperparameter Tuning

All time invariant models except the MLP were tuned by grid search to find the best
parameters. The grid search performs 5-fold fitting on the training set for a set of
parameters. The parameter of interest for the decision tree is the max depth. For
the random forest and AdaBoost models the number of estimators were considered
as well. The output of the grid search can be seen in Table 5.1 and Table 5.2. They
contain the average accuracy during the 5 folds for all three time invariant scenarios.
The grid search for SVM did not have an impact at all for the accuracy, meaning
that all parameters gave the same results.
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Max depth | UMi | UMa | RMa
1 0.24 | 0.18 | 0.17
5 0.43 | 0.30 | 0.37
10 0.75 | 0.59 | 0.55
20 0.90 | 0.83 | 0.68
50 0.90 | 0.83 | 0.68

Table 5.1: Grid search for the max depth parameter of the decision tree on all
different scenarios.

In Table 5.1, the first column corresponds to the max depth parameter while the
other columns correspond to the accuracy for each respective scenario. By looking at
the accuracy, the overall trend is the same for all scenarios. The accuracy stagnates
at a max depth of 20. The UMi scenario tend to have slightly better accuracy than
the UMa scenario which in turn has slightly better accuracy than the RMa scenario.
In Table 5.2 the overall pattern is approximately the same. The accuracy is only
shown for the UMi scenario, as the UMa and RMa scenarios showed about the same
overall trend as the UMi scenario except with a slightly lower accuracy as in the
grid search for the decision tree. To make the table more readable, the number of
estimators is not shown for Table 5.2 as varying the parameter did not have nearly
as big of an impact on the accuracy.

Max depth | Random forest | AdaBoost
5 0.46 0.36
10 0.80 0.86
20 0.89 0.90
50 0.90 0.90

Table 5.2: Grid search for the max depth parameter of the random forest and
AdaBoost models on the UMi dataset. The accuracy for UMa and RMa showed the
same overall pattern, but with slightly lower accuracy.
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Figure 5.6: The MLP’s train and validation loss curves when training for 130 epochs
with the layout presented in Table 5.3 and using cross entropy loss.
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For the MLP, hyperparameter tuning used a validation set and its loss graph is
illustrated in Figure 5.6. The loss is reducing to a much lower value and then
stabilizes which means that the model is learning something from the data, thus it
is not underfitting. The model is not overfitting since the training loss is not much
lower than the validation loss on the last epoch.

Experiments with the MLP led to the layout presented in Table 5.3. Additional
configurations such as dropout, batch normalization, fewer, smaller, more and larger
layers were tested but all such changes reduced the validation accuracy. Most of such
measures are intended to reduce the chances of overfitting, but the time invariant
datasets are not prone to the problem of overfitting. This will be discussed more in
the discussion. The layout is presented in Table 5.3.

Layer Structure Activation function Size

1 FC ReLU 2

2 FC ReLU 64
3 FC ReLU 256
4 FC ReLU 512
5 FC ReLU 512
5 FC ReLU 1024
6 FC ReLU 2048
7 FC ReLU 4096
8 FC ReLU 2048
9 FC ReLU 1024
10 FC ReLU 512
11 FC ReLU 256
12 FC None 15

Table 5.3: The neural network has a fully connected layout with ReLLU activation
functions on each layer except the last one. Its optimization algorithm is Adam
and the loss function is cross entropy loss, as they are popular for these kinds of
problems and gave good results.

As for the experiments with the best DQN and DDQN network layout for the target
and policy network, the network layout is highlighted in Table 5.4. The network is
smaller than the optimal network for the MLP due to differences in training times.
Along with different network layouts, three different sizes for the memory replay
buffer were tested: 10000, 20000 and 30000. The best size was 20000.

Layer  Structure Activation function Size

Layer 1 FC ReLLU D

Layer 2 FC ReLU 128
Layer 3 FC ReLLU 128
Layer 4 FC None 15

Table 5.4: The network layout for the policy network and the target network in the
DQN algorithm and DDQN algorithm.
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5.3 Models

This section shows the results of testing the models on the datasets. The metric used
for accuracy in the majority of the graphs are the top-k accuracy metric. Illustrations
of the predicted beam pairs by the best performing model, and the subset of wrong
predictions is shown for the UMi dataset. As baseline, a random beam pair selection
method was used which acts like a dummy model without intelligent selection.

5.3.1 Time Invariant

The random forest was selected to produce Figure 5.7 illustrating the outcome of
predicting beam pairs with the model compared to the target outcome. The £ value
is set to 1 so only one candidate beam is allowed. Since it only made a few errors,
they are visualized separately in Figure 5.8 for clarity. Observing the figure shows
that there is no clear pattern on the incorrect predictions. These beam plots are
omitted for the other scenarios since they show no additional patterns. By looking
at the target beams in Figures 5.2-5.4 and their corresponding top-1 accuracy, the
general idea of the plots is the same.
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Figure 5.7: Target and predicted beam pairs for the UMi scenario. (a) shows the
beam pairs that are correct and (b) shows the predictions of the random forest. A
subset of 200 samples from the test set are visualized.
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Figure 5.8: (a) shows the target labels for the incorrectly predicted beams and (b)
shows the incorrect predictions by the random forest. The samples are the incorrect
predictions from the subset of 200 samples above.
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In Figure 5.9, the top-k accuracy for the UMi dataset is shown for all time invariant
models. All models except SVM performed very well with a top-k accuracy of over
80%. The SVM was lagging behind, and only managed to achieve a top-k accuracy
above 80% at k = 6. Also, the MLP is noticeably worse than the decision tree based
models. The top-k accuracies for the other scenarios are illustrated in Figures 5.10
and 5.11. They showcase the same patterns except with lower accuracies.
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Figure 5.9: Top-k accuracy for the UMi scenario with an explicit city layout. On
the x-axis is the number of candidate beams selected by the model. On the y-axis
is the probability that the optimal beam is among the £ selected candidate beams.
Random is used as baseline.
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Figure 5.10: Top-k accuracy for the UMa scenario with an explicit city layout. On
the x-axis is the number of candidate beams selected by the model. On the y-axis
is the probability that the optimal beam is among the k selected candidate beams.
Random is used as baseline.
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Top-k accuracy
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Figure 5.11: Top k-accuracy for the time variant RMa scenario. On the x-axis is the
number of candidate beams selected by the model. On the y-axis is the probability
that the optimal beam is among the k selected candidate beams. Random is used
as baseline.

5.3.2 Time Variant

Figure 5.12 shows the moving average result of the best runs with a window size of
1000 for the RL algorithms Q-learning, DQN and DDQN. Clearly, the Q-learning
algorithm outperforms the DQN and DDQN algorithms for this environment with
around 0.2 more in average reward during the final iterations of the training phase.
Table 5.5 also confirms that the Q-learning algorithm in fact has around 0.2 more in
average reward than the DQN and DDQN algorithms during the test phase, that is,
when the environment used the test dataset. The Q-learning algorithm has a stable
increase throughout the training process that plateaus just below 0.6 in average
reward. The stability of the DQN and DDQN algorithms is a bit more chaotic, but
seems to converge to around 0.3. Interestingly, both algorithms increase in reward
until 200 000 iterations, to drop almost back to the initial reward performance, to
rapidly gain a lot of performance at around 400 000 iterations.

Table 5.5 also shows the average episodic reward. The difference being that the
average reward is the mean reward over all iterations in the test phase while the
average episodic reward is the mean reward for all finished episodes during the test
phase. Obviously, these are directly correlated, but it is interesting to highlight that
all of the algorithms get above 6.98 in average episodic reward. The implication
is that the algorithms on average manage to correctly utilize the correct beam in
7 of out 20 time steps. The reward starts below zero at around -0.25 because of
the penalty described in the method chapter. That is, if the difference between the
current beam and each newly chosen beam is greater than 2, the penalty is induced.
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Average reward every 1000 episodes
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Figure 5.12: The moving average reward for one million iterations with an average
sliding window of 1000 episodes.

Model Avg reward | Avg episodic reward
Q-learning 0.61 10.91
DQN 0.41 7.32
DDQN 0.39 6.98

Table 5.5: The average reward and average episodic reward using the test dataset.

To compare the models against the Scikit-learn models and PyTorch models, the
reward can roughly be converted to an accuracy estimate since the environment is
kind of based upon the classification scenario. By viewing the reward from this
perspective, it functions as an upper bound for the accuracy. Hence, the accuracy
of these algorithms lay around but not above 0.4 for DQN and DDQN while 0.6 for
Q-learning. The maximum reward and highest possible accuracy would be achieved
when the correct beam is chosen for every time step, which would result in an average
reward of 1.0 and an upper accuracy of 1.0.

5.3.3 Sliding Window

The sliding window preprocessing of the RMa dataset gave overall better perfor-
mance than using the RMa and the time variant version of RMa alone as seen in
Figure 5.13. The sliding window preprocessing step presented in Figure 5.13 used
a window size of 2, meaning that two positions and one beam pair were used to
predict a beam pair.
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Top-k accuracy
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Figure 5.13: Top-k accuracy for the time variant RMa scenario using a sliding
window of size 2.

By looking at Figure 5.14 and comparing it against Figure 5.11, the performance
increased by around 15 percentage points for the best models random forest and
AdaBoost. However, the comparison is not completely fair as k in Figure 5.13
represents two positions and one label while & in Figure 5.11 represents one position
because of the preprocessing steps of the datasets.
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Figure 5.14: The performance of random forest, decision tree and MLP for the RMa
dataset with different window sizes.

In Figure 5.14, the decision tree, random forest and MLP were trained on the sliding
window pre-processed dataset using different sizes for the window to get a grasp of
the improvements by adding more context. The random forest model performed best
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overall and slowly converged to 90% accuracy for a total of nine different window
sizes. The decision tree and MLP settled for a slightly lower accuracy, after achieving
almost the same performance as the random forest. Thus, the performance degraded
by adding a bigger window size, probably due to the model having the same layout
structure for all window sizes.
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Discussion

The following section discusses the result. It starts with the time invariant datasets,
followed by the sliding window dataset, and finishes with the time variant dataset.

6.1 Time Invariant

In the time invariant dataset, there are city layouts for UMi and UMa, and a uniform
layout for RMa. Even though there are preset scenarios in each building of the cities,
many different beam pairs are optimal in a given building. That causes the data
to have great detail, and subsequently the models need to be able to capture more
detail. The reason for this is partly that the frequency is very high so the signal is
greatly affected by objects in the environment. There is a risk that much overhead
is needed to manage the beams if the allocation scheme is highly complex. Using
this unprocessed data without transformation would perhaps be less efficient than
smoothing it out a bit.

Another factor that increases the detail is that the simulation includes UE beam
sweep which many other papers do not. UE beam sweeps lead to more complexity in
the data as UEs that are close together can yield further different optimal beam pairs.
Thus, a larger model is needed to represent this increased complexity. For example,
there are data points in the buildings in Figure 5.2 that have different optimal beams
even though they are mostly overlapping, and some that are surrounded.

Also in the time invariant datasets, the possible positions in the sector are associated
with their own unique target label. That is because the random number generator
seed is constant between the measurements, so conditions never change on the exact
same position. Thus it will always have the same optimal beam pair. In more
realistic conditions, the optimal beam pair may change over time due to changes in
the environment. So the time invariant dataset works for an initial understanding
of the situation, not as a long term full solution. One way to mitigate the constant
conditions is to introduce noise in the data. For example, the UE coordinates could
be noisy and result in some mistakes by the models as done in [20].

The reason why the simpler models perform better than the MLP is reasonable.
The decision tree, random forest and AdaBoost are built of decision trees which
split the features, namely the x and y positions into buckets. The more depth and
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more estimators used, the more precise those buckets will be, until it is as precise
as the QuaDRiGa simulated data itself. Seemingly, the decision tree structure is
slightly better than the MLP at representing that detailed distribution of data,
and much better than the SVM. The SVM performs poorly, probably because it is
implemented as a linear SVM whereas the data is very nonlinear. Since the data
is very interspersed, any kind of struggle with complex kernels is likely worse than
using random forest or MLP.

Similar patterns in performance of the supervised models are seen in papers [11, 20]
from the literature review. The random forest and MLP are best in both papers and
SVM is significantly worse. In paper [20], AdaBoost and SVM were tested but their
results were not included because they were unsatisfactory. Most sources say that
AdaBoost is meant to use very shallow trees, perhaps even tree stumps meaning 1
depth, but around 1000 of them. That configuration was tested as well but it gave
very poor results and was not included. Instead, AdaBoost was presented with the
same parameter tuning as the random forest, but then AdaBoost and random forest
are quite similar. This is why they gave similar results.

A difference from the referenced papers is that this simulation has receiver side beam
sweep. As explained above it creates more detail in the data and thus more complex
models are needed. Hence, this simulation used random forest with 20 estimators
instead of 10 as in [20], and the MLP is significantly larger. The MLP in [20] had
5 hidden layers whereas this simulation required 10 hidden layers with high neuron
counts to maximize accuracy.

6.2 Sliding Window

The sliding window approach gives better performance compared to the correspond-
ing time invariant dataset for K > 1. As discussed in the result section, the compar-
ison does not seem fair as Figure 5.13 contains more information about the dataset
in the x-axis. However, since the models trained on the sliding window dataset are
expected to keep the history of recently tracked beam pairs, the comparison is not
unreasonable.

The sliding window models are assumed to have moved to the next time step, and
thus, have access to two position data points as well as one target beam pair data
point to make an informative judgement. Hence, the comparison is valid and reflects
that the models using the sliding window dataset, under the assumption that history
has been stored, are able to predict the optimal beam pair with better performance
than using the time invariant dataset by almost 15 percentage points. By utilizing
both models, there is a potential to increase the overall performance of the system
by switching over to a model trained on the sliding window dataset after establishing
a link using a model trained on the time invariant dataset.
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6.3 Time Variant

There are some differences in the data when using moving UEs, visible by compar-
ing Figures 5.4 and 5.5. Specifically, optimal beam pairs do not change much along
tracks. These tracks use a technique called drifting from the QuaDRiGa implemen-
tation. Drifting alters the path-delays, powers and angles when the UEs move, but
they originate from their initial values at the starting position. This results in some
inconsistencies when tracks overlap, because at the point of overlap they will not
necessarily have the same received power. This problem is somewhat mitigated by
the usage of two consecutive positions in the RL environment states, thus allowing
a separation between tracks of different paths.

Another point about the rural dataset is that the antenna array on the receiving
side is unrealistically large to move. Calculating the size of the antenna array using
the frequency of 0.5 GHz, the antenna spacing of half the wavelength and the four
antenna elements along each axis, it turns out to be about two square meters. This
issue could be mitigated by not using beamforming in the UE of the rural scenario.
Omnidirectional UE would cause the data to be less complex and perhaps easier for
the RL to learn. The expected impact on the resulting comparison of ML models is
low because the patterns that the ML models learn are the same because the general
structure of the data is the same, just less complex. There are also no references to
absolute real world values in the results. Everything is about reducing the search
space by a proportion.

The time variant models, Q-learning, DQN and DDQN have proven to perform
poorly in comparison with the other models. Ideally, the RL algorithms should
perform similar to the sliding window models. While the causes remain somewhat
unclear, it is clear that Q-learning achieves the best performance among the models.
As the optimal beam pairs along each track on average are 2.6, it is not surprising
that Q-learning with its discretization steps performs quite well. The number of bins
after the discretization process is 100 where each bin occupy an area of 190 x 320 =
60800m?. It is safe to say that almost all tracks fit within a certain bin and as the
average optimal beam pairs along each track are quite low, the state representing
each bin can quite accurately describe the optimal beam pairs.

Increasing the number of bins would increase the precision of the grid, allowing
the Q-learning algorithm to be more precise along each track by dividing the track
into different bins more frequently. However, as stated shortly in the description
of the environment, see Section 4.4, it is not feasible to increase the number of
bins much further due to memory constraints. This shortcoming of the Q-learning
algorithm is mitigated by the DQN and DDQN algorithms. In the description of the
environment, it is also mentioned that the binning process was a bit naive. That it
gave rise to a lot of unnecessary states as some bins were placed outside the circle
sector where no receivers could have moved. These states are not a problem for the
Q-learning algorithm because the algorithm only updates the states it can reach.
However, the states occupy unnecessary memory.
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The DQN and DDQN algorithms have very similar performance, and it is hard to tell
them apart by just looking at the cumulative average reward shown in Figure 5.12.
The problem with these approaches are most likely that they have not been exposed
to enough data samples, and would benefit with many more training iterations.
However, these models were also the slowest to train, and hence, iterate upon.
For reference, training the models on 1.5 million iterations took about 16 hours
which does not seem much with a working pipeline, but builds up because of data
generation, training of other models and overall technical debt of maintaining the
pipeline. This is the reason to why a bigger network layout was not considered
for the DQN and DDQN even though the MLP empirically showed that a bigger
network layout increased the performance of the model.

The models are also very dependent on the initial conditions of the environment
and random states, and while the best performance is visualized in Figure 5.12,
the average performance when tuning the models were a bit lower than that even
including very similar tuning parameter configurations. In theory, the DQN and
DDQN should perform better than Q-learning because they are not limited by the
discretization process of the continuous state. Again, with more training the models
presumably would have scored better.

Comparing the results of our RL approaches, with the methods described in the
literature review, is not trivial as the environments and underlying data differ a lot
even though some ideas have been integrated into our environment. In [37], more
of a regression perspective was incorporated into the environment with the goal of
estimating the optimal angle difference needed to align the beams. This presumably
makes the environment better defined as it constrains the beam selection phase in
the action space instead of inducing a penalty for rapidly fluctuating beam pair
selections.

In [36], position data was not used at all to predict the next serving beam. Instead,
the Q-table is defined as the currently serving beam and a switch to another beam
as the state and action respectively. However, one potential problem with this
approach is that a serving beam always leads to the same beam switch regardless of
the position of the UE. UE located near the BS would have the same beam switch
as UE located far away from the BS given that they have the same serving beam.
This might lead to errors due to blocking along the way for the UE farther away,
which would result in another beam switch. To mitigate this problem, the position
data was also incorporated into the state.

Another aspect of the definition of the environment is concept of the “hybrid” task.
In a real world setting it does not make much sense for the problem to be formulated
as a episodic task, as serving the correct beam is an ongoing process. However, it is
easier to generate many receivers moving short distances than one receiver moving
and bouncing along the circle sector bounds in order to cover as much of the area
as possible in different directions. It may be more appropriate to view the shorter
distances as episodic.
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6.4 Ethics

While the specific problem studied in this paper, the problem of beam management,
may not have much ethical implication on its own, it is a key factor in the develop-
ment of 5G in general. 5G is a key enabler for IoT devices. By incorporating cloud
technologies 5G aims to make everything smart and connected [44]. However, that
gives rise to privacy concerns. With technological advancements in 5G, systems
are capable of capturing, processing and analyzing huge amounts of data. Being
deployed in critical settings such as healthcare makes it important to protect per-
sonal data from an adversary. Breaches of privacy might easily arise due to lack of
security in especially IoT devices as they often have outdated firmware susceptible
for attacks [45, 46]. To protect future users from misuses of personal data, rigid
frameworks must be the center of focus when implementing the technology [47].

A big part of the world population has still no internet as of today [48]. These people
are cut off from a myriad of opportunities. The acceleration of even faster commu-
nication technologies like 5G and 5G being rather expensive to deploy increases the
gap between between users and non-users of the technology often referred to as the
digital divide [48, 49]. United Nations (UN), a division for sustainable develop-
ments, has made one of its 17 goals to ensure a resilient infrastructure that foster
innovation and sustainable innovation. In their report from 2022 [50], they acknowl-
edge that most of the world’s population are covered by mobile-broadband signals,
but universal and affordable access have still not been met in the least developed
countries. While 5G has the potential to reduce the digital divide and provide social
and environmental benefits, efforts need to be made to include everyone; not just
the rich countries [49, 51].
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Conclusion

In conclusion, a number of different machine learning approaches are presented to
the problem of beam management. Each method has been applied to a number of
different scenarios provided in the specification by 3GPP including UMi, UMa and
RMa. The scenarios have been generated using a stochastic channel model called
QuaDRiGa. The RMa scenario has further been composed into two datasets, the
time invariant dataset and the time variant dataset.

Two machine learning paradigms are studied: SL and RL. Of the studied models,
decision tree, random forest, AdaBoost, SVM and MLP belong to the SL paradigm
while Q-learning, DQN and DDQN belong to the RL paradigm. All models suc-
cessfully reduce the search space for the beam management problem. However,
the models in the SL paradigm perform much better than the models in the RL
paradigm, perhaps due to a poorly defined environment.

The best models are random forest and AdaBoost which achieves an accuracy of
90% for the UMi scenario. The worst performing supervised model was the SVM
which is reasonable when inspecting its function. The performance of the other
scenarios are similar, but with slightly lower accuracy. The implication of having
90% accuracy means that on average a model would select the optimal beam pair 9
out of 10 times without searching at all.

When making the models of the SL paradigm compatible with the time varying RMa
scenario as in the sliding window preprocessing step, the accuracy further increases
with a window size greater than or equal to two. This suggests that models trained
on the static and dynamic datasets can be combined to utilize an overall better
performance gain.

7.1 Future work

A future comparison of ML solutions can be carried out in a more holistic 5G
simulator to provide more applicable results. In the QuaDRiGa simulation that was
carried out in this thesis, only the received power was used. However, in reality
there are reference signals that are used to more accurately measure the quality of a
connection. Higher layer logic such as load balancing and reduced beam switching
that are necessary for higher quality of service is also useful to incorporate.
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7. Conclusion

This thesis focused on the beam selection part of beam management, so it does
not provide a full solution. Some combination of techniques that provide full beam
management function is also future work. During A, one kind of method can be used
that performs optimally when there is no historical data. Then, after a connection is
established it can possibly be maintained by another method that takes into account
the UE’s live movements. If the connection breaks, recovery can be accomplished
using yet another method, which incorporates the historical data during the previous
connection with the particular UE.
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