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Abstract

Channel State Information (CSI) estimators are used in everyday communication systems
to estimate channel impairments that affect transmitted data, and to equalise the impaired
data to a more accurate state. However, this can be a complex task as channels cause

many non-linear impairments to transmitted data.

In this study, we construct a simulated environment to investigate the effects of chan-
nel impairments on CSI data in Long Term Evolution (LTE) environments. Using the
simulated environment, we also generate datasets with which we investigate the ability
of several deep learning architectures to estimate CSI. We extend this investigation to
adversarial training techniques that have had success on computer vision tasks that are
similar to CSI estimation. These trained deep learning networks are evaluated in several
wireless communication environments to investigate the effect of adversarial training on
network performance. We start this analysis by investigating networks in the Single-In
Single-Out (SISO) environment before moving to Multi-Antenna (MA) environments. In
this process, we find that the performance of adversarially trained networks in an MA
environment deviates from the expected performance indicated in the SISO training en-
vironment. Finally, we show that adversarial training has the potential to train better
performing CSI estimators without increasing the computational complexity of the net-

work when implemented in a wireless communications system.

Keywords: Channel state information, Deep learning, Adversarial training, Multiple-In

Multiple-Out, Long-term evolution
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Chapter 1

Introduction

In this chapter we introduce the basis of this study and outline how the rest of this study

18 structured.

1.1 Background

As the world becomes more connected, communication protocols have developed to pro-
vide more capacity and bandwidth to our wireless communication systems. However,
these protocols and wireless communication methods suffer from channel impairments
that reduce the effective amount of data that can be transmitted. Channel State Infor-
mation (CSI) estimators attempt to estimate the CSI, over which signals are transmitted
to combat these channel impairments. CSI estimation is a complex task that has received

much attention [1], [2] in the telecommunications field.

Some CSI estimators estimate channel conditions using prior CSI knowledge [1]. The
CSI estimations obtained from these estimators allow the receiving device to equalise

data that has been impaired due to channel conditions. This equalisation process plays a




prominent role in modern single and Multi-Antenna (MA) systems to ensure that received

data corresponds as much as possible to what was transmitted.

Many approaches [1], [2] have been taken to develop CSI estimators capable of adequately
estimating CSI while reducing the resources needed. CSI estimators need to keep com-
putational resources such as the number of floating point operations required and the
memory size of algorithms in mind while also keeping the overhead of unnecessary data
transmitted as low as possible. For these reasons, linear estimators are frequently used in
practice, even though they are not the best performing method in terms of CSI estimation,
but they do keep computational resources and overheads low. More complex statistical
methods, such as Minimum Means Squared Error (MMSE), have also been proposed that
increase the CSI estimation performance at the cost of computational resources. These

methods can be used if the necessary equipment is available for their deployment.

In recent years deep learning models such as Multilayer Perceptrons (MLPs) and Convolutional
Neural Networks (CNNs) have also been developed for CSI estimation and have achieved
CSI estimation performance competing with the MMSE estimation method. Deep learn-
ing models typically upscale an initial CSI estimation from prior data available on the
channel conditions. However, these models are computationally expensive and need to

sacrifice estimation performance if they are to be adapted for mobile device usage.

With deep learning gaining traction in many fields, specifically computer vision [3], many
new techniques have emerged that are applicable to other fields. One of these methods is
adversarial training [4], which, in the case of this study, introduces a secondary network to
the training process that aids the training of the initial network. These adversarial models
are referred to as Generative Adversarial Networks (GANs). This training method has
shown the ability to increase network performance for a specific task without increasing
model sizes. For example, adversarial training has shown promising results in image

generation, denoising and upscaling tasks [5], [6].

Adversarial training has primarily been applied in the telecommunications field to mimic

channels [7], [8]. However, the upscaling ability of adversarial networks for CSI estimation




has only been touched on by the research community and could have the potential to
further increase network performance without needing additional computational resources

or data overhead.

1.2 Problem statement

Channel estimation and equalisation are used within a telecommunications system to
improve the number of successfully transmitted signals. In conjunction with MA technol-
ogy, this method combats channel impairments that hinder the effective transmission of
signals by estimating these impairments and equalising the received signals accordingly.
Deep learning methods [9]-[13] have been applied to the field, showing promising results.
GANSs, however, have yet to be thoroughly researched for CSI estimation while being im-
plemented in many other fields of study [6], [14], where they have achieved state-of-the-art
results. In previous work [15], [16], GANs are used to augment existing CSI estimation
techniques in Single-In Single-Out (SISO) channels. We hypothesise that using adversar-
ial training in CSI estimation can improve the performance of existing neural network
architectures. To this end, we propose investigating the implementation of adversarial

training techniques for CSI estimation in MA environments.

1.3 Research objectives
To address this problem statement, we set the following objectives in this study:

e Investigate channel impairments found in wireless communication environments by

simulating channels with a variety of impairments to generate CSI datasets.

e Make use of different data features and dataset compositions to investigate how

deep learning networks trained on different CSI datasets compare with one another.




e Apply adversarially and non-adversarially trained networks to the CSI estimation

task.

e Investigate adversarial network implementations in MA environments for the CSI

estimation task.

1.4 Research questions

To address the research objectives we ask the following research questions:

e How should we construct datasets to investigate the behaviour of Neural Networks

(NNs) for the CSI estimation task?

e Does adversarial training improve on traditional training for the CSI estimation task

and if so under which conditions?

e How do single-channel NN CSI estimators perform under antenna diversity config-

urations?

1.5 Project scope

Given the broad fields of machine learning, deep learning and telecommunications, and
the methods used in these fields, it is essential to limit the scope of the study. Therefore,
to ensure that the research stays focused and that all research questions are answered

concisely, we will restrict ourselves to the following scope:

e Physical layer communication: As CSI estimation is implemented in the physical
layer of telecommunications systems [17], we investigate and simulate only physical

layer communication in this study.




e MA systems: Communication systems can communicate using many different tech-
niques when multiple antennas are available. In this study, we focus only on MA
systems that use antenna diversity techniques as they focus on increasing through-

put through CSI diversity.

e Wireless standard: Many wireless standards dictate how signals are transmitted in
the physical layer and how CSI estimation is deployed. For this reason, we use the
Long Term Evolution (LTE) [18] standard that is well documented and has been in

public use for many years, making it relevant to the problem.

e NN architectures: Due to the vastness of the CSI estimation task and data avail-
ability, many deep learning model architectures could be applied to the task. We
chose only to include networks with fully connected and convolutional layers in this
study based on results found in previous work and the applicability of adversarial

training to these architectures.

1.6 Research methodology

This dissertation is an empirical analysis of adversarial training methods. The main

aspects of this study consist of:

e Literature study: A review of necessary telecommunication and CSI estimation
concepts and methods is done. The principles needed for the understanding and
training of NNs are also reviewed. Finally, the application of deep learning to CSI

estimation and architectures of NNs of importance to this study is discussed.

e Selecting an appropriate development environment: In this study, we use the
PyTorch Python package to train and evaluate NNs. Matlab® is used to develop a
LTE wireless communication simulation using the LTE! and deep learning? toolbox.

These two environments are used in parallel to create channel-specific datasets for

https://www.mathworks.com/products/lte.html
Zhttps://www.mathworks.com/products/deep-learning.html
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training and to test networks in a simulated communication system environment.
In addition, Weights and Biases® is used for experiment tracking and NN training

scheduling as many networks are trained in parallel on different computing resources.

o Experimental procedure: To effectively evaluate NNs’ ability to estimate CSI

we:
— Conduct a hyperparameter sweep to optimise selected hyperparameters and
train several networks with different initialisation seeds.

— Evaluate network performance over a range of Signal-to-Noise-Ratio (SNR) for

specific CSI conditions using simulated data.
— Compare networks with other networks and methods on identical datasets and

channel conditions using suitable metrics.

e Evaluation: To evaluate adversarial training for CSI estimation we compare the re-
sults of adversarial trained networks to non-adversarial trained networks of identical

architectures in SISO and MA environments.

1.7 Dissertation overview

The dissertation has the following structure:

e Chapter 2 discusses concepts and methods used within this study, as well as related

work. We also discuss applications of deep learning on CSI estimation.

e Chapter 3 develops the simulation that is used to investigate channel impairments

and create datasets for NNs to be trained and evaluated.

e Using these datasets, Chapter 4 investigates different structural and training hyper-
parameters for CSI estimation. This chapter uses an MLP model, which is one of

the simplest deep learning architectures, to help further understand CSI data.

3https://wandb.ai/
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e Chapter 5 introduces NN architectures with convolutional layers that are capable

of extracting spatial-temporal information from inputs.

e Chapter 6 compares adversarial training to traditional training in a SISO environ-

ment, using the dataset and NN architecture investigated in Chapter 5.

e Chapter 7 evaluates adversarial training and traditional training methods in MA

environments, using the networks trained in the SISO environment in Chapter 6.

e Chapter 8 concludes the dissertation with a summary of the findings.

1.8 Publications and timeline

The research described in this study led to three publications, which can be found in

Appendix A.4:

e “Exploring CNN-Based Automatic Modulation Classification Using Small Modu-
lation Sets” [19], an exploratory study that led to this work, was published at the
Southern Africa Telecommunication Networks and Applications Conference (SATNAC)

2021 conference.

e “Multi-Layer Perceptron for Channel State Information Estimation: Design Con-

siderations” [20] was published at the SATNAC 2022 conference.

e “Adversarial Training for Channel State Information Estimation in LTE Multi-
Antenna Systems” [21] was accepted for publication at Southern African Confer-
ence for Artificial Intelligence Research (SACAIR) 2022, and will be published in

Communications in Computer and Information Science, volume 1734.

This study took place according to the following timeline:

e Student registration took place in March 2021.




e All research described in this study occurred between March 2021 and November

2022.

e A colloquium took place in August 2021 leading to the registration of the title of

this study in the same month.
e The first conference paper [19] was published in November 2021%.

e Ethics screening was performed by the faculty scientific committee as part of the
title registration, and a “No risk” rating was recommended. The ethics clearance

was finalised by the faculty research ethics committee on 11 April 2022.
e The second conference paper [20] was published in August 2022.

e The third paper [21] was accepted for publication in a special journal edition of the

SACAIR outputs, to be published in December 2022.

Some of the previously published work is included in this dissertation: The 2022 SATNAC
paper is adapted and used for Chapter 4 of this study, where we apply MLP architectures
to the CSI estimation task. Chapters 5, 6 and 7 extend the work to be published in the
2022 SACAIR publication, specifically the work done on CNN training, input sample size

selection and adversarial training.

4This paper received the SATNAC 2021 best paper award.




Chapter 2

Background

This chapter provides background on concepts and methods used within this study. We
also discuss how these methods interact by investigating applications of deep learning on

CSI estimation.

2.1 Introduction

In this chapter, we provide background relevant to this study. First, we discuss concepts
of importance to CSI estimation within wireless communication systems, such as basic
wireless communication principles, wireless channel impairments, communication stan-
dards, commonly used CSI estimation methods, and MA environments. This is followed
by a discussion on Deep Neural Networks (DNNs), how they are trained and how adver-
sarial architectures are implemented. Finally, we discuss the use of DNNs for the CSI
estimation task and review directly related studies. Note that sections of this chapter has

been published in Oosthuizen et al. [19], [20].




2.2 Wireless systems

Wireless communication systems have become part of our daily lives through cell phones,
computers and wearable technology. These systems connect the world as we know it
by enabling mobile and consistent connection to the internet. However, as data needs
increase [22|, wireless communication technology must evolve to ensure this need is met.
In this study, we aim to contribute to CSI estimation, a core technology in wireless

communication systems.

This subsection discusses the basic concepts of wireless communication systems, wire-
less channels, communication standards, CSI estimation and MA environments. These

concepts are discussed as they are used throughout the rest of the study.

2.2.1 Basic wireless communication principles

Wireless communication systems consist of many methods to ensure that our data gets
transmitted securely and in a timely manner. Nevertheless, the fundamental goal of
wireless communication systems remains to transmit data from one location to another
over a wireless channel. This simple task requires many technologies and techniques to be
used to create the high-speed communications systems we use daily. In this subsection,
we discuss the fundamental principles of wireless communication, and the role modulation

plays in this process.

Fundamentals

The first and most important concept of wireless communication is how we transmit and
receive data between two antennas. From a physics point of view, wireless communication
is able to take place because electromagnetic waves are produced when electrons move
through a conductor [23]. When this flow of electrons is controlled, we can generate

meaningful waves that travel over a wireless medium such as air. At some point in this
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wireless medium, another antenna exists that produces an electron flow, similar to the

initial electron flow in a conductor when exposed to electromagnetic waves.

We, however, need to refine this communications process to ensure that as much data
can be transmitted as possible. To do this, we need to utilise the frequency spectrum’s
finite resource maximally. Spectrum is a finite resource since when two antennas create
electromagnetic waves in a similar space and time without regard for one another, inter-
ference takes place over the medium, rendering both waves irrecoverable. To combat this
interference, waves are generated at different frequencies, allowing us to recover data by

inspecting a specific frequency on the medium. We call these waves ‘carrier waves’ [24].

Data is embedded in carrier waves by altering the carrier wave, usually a sine wave
of a specific frequency. We can thus extract data from the carrier wave at the receiving
antenna by comparing the received wave to the expected carrier. Carrier waves are altered
by changing their amplitude and phase when transmitted. By incorporating both the
amplitude and phase, or Quadrature and In-phase (QI), components of a signal, we can
represent binary bits using altered sine waves. The simplest example is amplitude shift
keying modulation, where a binary one is represented by the carrier wave having an
unchanged amplitude. A binary zero is represented by a carrier with a much smaller or

no amplitude [24].

Modulation schemes

As the accuracy and ability of hardware advanced, we were able to more reliably alter and
detect alterations to carrier waves, enabling us to use more complex modulation schemes.
Quadrature Amplitude Modulation (QAM) [24] enables us to represent several bits with

a single carrier signal.

Constellation diagrams represent how the carrier signal is altered from the original carrier.
When demodulating QI symbols we demodulated received symbols to the bits of the
closest QAM demodulation point. Bit errors thus occur when received QI symbols move

to demodulation regions other than their transmitted regions.
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QAM modulation is applied for several orders, with higher orders representing more bits
per QI symbol. Examining Figure 2.1 we observe that 16-QAM is populated more densely
than 4-QAM but can transmit more bits at any given time. Lower-order modulations are
used in channels with many impairments as demodulation points are spaced further apart,
thus making classification more robust if the QI components of the carrier are altered when

transmitted.

Quadrature Amplitude
o
Quadrature Amplitude
o

-1 -0.5 0 0.5 1 -1 0.5 0 0.5 1
In-phase Amplitude In-phase Amplitude

(a) 4-QAM (b) 16-QAM

Figure 2.1: Constellation diagrams of 4- and 16-QAM modulation schemes depicting the

number represented by carrier symbols with certain QI alterations.

While QAM modulation provides a more robust and frequency-efficient way of trans-
mitting data than amplitude modulation, it is still not effective enough to provide us
with the spectrum usage needs of modern-day communication systems [22], [24]. For this
reason, we multiplex the already modulated symbols to Orthogonal Frequency division

multiplexing (OFDM) symbols.

OFDM is a digital multicarrier modulation scheme often used to send multiple data
streams over the same carrier [25], [26]. OFDM allows multiple carriers, called subcarriers,
to carry signals from the transmitter to the receiver. Subcarriers are created by allocating
a small portion of the allowed broadcasting spectrum to a subcarrier. OFDM is made more
efficient by overlapping these subcarriers orthogonally in the frequency domain so that
signals do not interfere with each other, as shown in Figure 2.2. After the OFDM signal has

been created in the frequency domain, an Inverse Fast Fourier Transform (IFFT) is applied
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to allow the symbol to be transmitted in the time domain. Upon receiving the OFDM
symbol, the receiver applies Fast Fourier Transform (FFT) to separate the subcarriers

and retrieve individually modulated signals that can be further demodulated [27].

OFDM symbol

Frequency domain

Figure 2.2: A depiction of how subcarriers are orthogonally overlapped in the frequency

domain to create the time domain OFDM signal.

2.2.2 Wireless channel impairments

Unlike wired channels, wireless channels are unguided connections and entail several com-
plex environmental factors. Environmental factors play a prominent role in wireless com-

munication because signals are transmitted through free space as waves [23], [24].

These environmental factors introduce fading to transmissions. Fading can be placed into
two categories: large-scale fading and small-scale fading [27]. We focus on small-scale
fading [28] as large-scale fading is categorised by path loss and shadowing, commonly
found in signals that travel large distances. In this subsection, we discuss frequency
fading, time fading and Additive White Gaussian Noise (AWGN) as they are commonly

observed impairments in small-scale fading models.

Frequency fading

Multipath effects commonly cause frequency fading [27] and occur because signals act as

waves and simultaneously take many routes from the transmitting antenna to the receiving
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antenna. The received signal is a summation of all the different paths a signal takes from
the transmitter to the receiver. As the path lengths and effects of the paths differ, the
summation of the signals will often experience phase changes and varying signal strength
relative to the transmitted signal. Signals with a line-of-sight are often less affected by
this phenomenon as the direct path delivers a strong and clear signal that is only slightly

disrupted by the other weaker paths the signal follows.

We categorise multipath fading as either frequency-selective or flat. If a channel is fre-
quency selective, the amount of fading will vary over the channel bandwidth, while flat

fading experiences a constant fading over the channel bandwidth.

Multipath fading is often characterised using power delay profiles. Delay profiles charac-
terise channels by providing several different fading paths with different relative delays
and average power for each path. An example of a delay profile can be found in Table

2.1.

Table 2.1: An example delay profile with a tap being a specific path followed by the signal,
excess tap delay the time the signal arrives after the reference time (being the first tap),

and relative power the strength of the arriving signal on the specific tap.

Tap Excess tap delay (ns) Relative power (Decibel (dB))

1 0 0.0
2 30 -1.0
3 60 -2.0
4 90 -3.0

OFDM is often used for wireless communication systems to guard against multipath
effects. Since fading and interference are often frequency-specific, only some subcarriers
will be affected instead of the whole carrier, leading to higher successful data transmission
rates. In addition, by adding guard intervals, OFDM further guards against multipath

effects and inter-symbol interference [29].
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Time fading

Signals can also experience fading in the time domain, similar to what they do in the
frequency domain. Variations of signal quality in the time domain are closely corre-
lated to Doppler spread, caused by relative movement between the transmitter and the

receiver [27].

We classify time selective fading as slow or fast fading based on the Doppler spread’s
aggressiveness and the transmitted symbol’s symbol time. If the channel impulse, which
is correlated to the Doppler spread, changes fast compared to the baseband transmission
signal, fast fading is experienced. When fast fading is experienced, each transmitted
symbol will experience different channel conditions from the previous symbol in the time

domain.

Additive white Gaussian noise

Noise is an ever-present impairment found in most wireless and wired communications.
AWGN appears in received signals due to noise created by electronic circuits and other
noise-inducing factors in the environment [24]. Heat-induced electronic noise, general
vibrations and weak signals from other transmitted signals in the frequency band are

often the main reason for AWGN found on received signals.

AWGN is a channel impairment assumed to have a constant power spectral density over
the given channel’s bandwidth and a normal distribution with a mean of zero. We measure
noise using the SNR metric that describes the ratio between noise and signal power in

the frequency domain.

Wireless transmission noise can be described mathematically by obtaining the SNR as a
ratio from the SNR expressed in dB as SN R in Equation 2.1. Using this SN R, along with
the number of transmit antennas nr, and the size of the FFT used for OFDM modulation

N f ft, we normalise random numbers RandN obtained from a normal distribution with
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a mean of zero in Equation 2.21.

SNRyp
0

SNR=10"> (2.1)
AWGN = Rand¥ (2.2)

V2nr.Nfft« SNR

2.2.3 Wireless communication standards

Wireless communication has obtained widespread acceptance and has been integrated to
many tasks. However, these tasks frequently have different requirements from wireless
communications, such as preferring reliability over speed. For this reason, wireless com-
munication standards, such as WiFi [30], LORaWAN [31] and LTE [18], were written that
describe how wireless communication takes place over a specific frequency band. In ad-
dition, each of these standards describe a different set of transmission and data handling

practices that best serve its intended task.

Long-term evolution

Due to the many available standards, we select a single standard on which to base our
work. Therefore, we select the 3rd Generation Partnership Project (3GPP) LTE stan-
dard [18], a widely used standard with well-defined transmission rules to use as a reference

in this study.

LTE is a fourth-generation wireless standard that transmits data in the radio wave spec-
trum. LTE is known for its long-range capabilities and is used to connect mobile devices
to the internet via base stations. The LTE standard depicts several modes of operation
and uses OFDM modulation for downlink communication from the base station to the

user device.

https://www.mathworks.com/help/lte/index.html?s_tid=CRUX_topnav
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A summary of the LTE specifications [18] of importance can be found in Table 2.2.

Table 2.2: Wireless system parameters of an LTE transmission as indicated by the 3GPP

standard.
Parameter LTE specification
Carrier frequencies 400 MHz to 5000 MHz
Antennas 4x2, 2x2, 1x2, 1x1
Modulation 4-QAM to 256-QAM

Bandwidth (MHz) 1.4, 3, 5, 10, 15, 20
Subcarrier spacing 15 Kilo-Hertz (KHz)

LTE resource grids

The LTE standard transmits OFDM symbols over a specified channel bandwidth, limiting
the number of carriers placed in the frequency domain as each subcarrier takes up a space
of 15 KHz. In Table 2.3, it is shown how the number of subcarriers linearly scales to
the channel bandwidth. Table 2.3 also depicts the utilised frequency bandwidth, which
describes how much bandwidth is utilised by subcarriers. We note that the bandwidth
utilisation is 90%, leaving 10% bandwidth for guard bands which are used so as not to

interfere with neighbouring transmissions.

Table 2.3: Terminology used in resource grids

Channel bandwidth (Mega-Hertz (MHz)) 1.4 3 5 10 15 20

Number of resource blocks 6 15 25 50 75 100
Number of subcarriers 72 180 300 600 900 1200
Used bandwidth (MHz) 1.08 2.7 45 9 13.5 18

Within this bandwidth of subcarriers and OFDM symbols, certain naming conventions
have been employed to avoid confusion. Considering a channel bandwidth of 10 MHz, the

naming conventions used in Table 2.4 refer to specific data blocks:
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Table 2.4: Terminology used in resource grids of a 10 MHz LTE transmission

Allocation name Size (subcarrier X
OFDM symbol)

Subcarrier symbol 1x1

OFDM symbol 600x1

Slot 12x7

Resource block or subframe 12x14

Resource grid 600x14

LTE delay profiles

The 3GPP standard for LTE has specified three delay profiles provided by the International
Telecommunication Union (ITU) [32] for multipath simulations within the LTE standard.

Each delay profile specifies a different environment of operation and increases channel

complexity from Extended Pedestrian A (EPA) to Extended Typical Urban (ETU).

The EPA delay profile used for LTE is a modified version of the EPA delay profile specified
by the ITU, shown in Table 2.5. The adapted EPA delay profile for LTE simulations
contains 7 taps with each tap having an increase in relative power attenuation and a
maximum path delay of 410 ns. This delay profile is used to characterise slow-moving
user equipment, up to 3 km/hour, such as pedestrians walking, and for this reason, is

usually simulated with a maximum Doppler spread of up to 5 Hertz (Hz).

Table 2.5: The EPA delay spread is shown in this table with a tap being a specific path
followed by the signal, excess tap delay the time the signal arrives after the reference time
(being the first tap), and relative power the strength of the arriving signal on the specific
tap.

Tap Excess tap delay (ns) Relative power (dB)

1 0 0.0
2 30 -1.0
3 70 -2.0
4 90 -3.0
5 110 -8.0
6 190 -17.2
7 410 -20.8
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The Extended Vehicular A (EVA) delay profile used for LTE is an extended version of the
EPA delay profile specified by the ITU, shown in Table 2.6. This extended delay profile
contains 9 taps with each tap having a varied response in relative power attenuation and
a maximum path delay of 2 510 ns. This delay profile is used to characterise a moving
user equipment, around 120 km/hr, such as fast-moving vehicles, and for this reason is

usually simulated with a maximum Doppler spread of up to 70 Hz.

Table 2.6: The EVA delay spread is shown in this table with a tap being a specific path
followed by the signal, excess tap delay the time the signal arrives after the reference time
(being the first tap), and relative power the strength of the arriving signal on the specific
tap.

Tap Excess tap delay (ns) Relative power (dB)

1 0 0.0
2 30 -1.5
3 150 -1.4
4 310 -3.6
5 370 -0.6
6 710 -9.1
7 1 090 -7.0
8 1730 -12.0
9 2 510 -16.9

The ETU delay profile used in LTE is based on the Global System for Mobile communica-
tion Typical Urban Model, shown in Table 2.7. This adapted delay profile contains 9 taps
with each tap having a varied response in relative power attenuation and a maximum path
delay of 5 000 ns. This delay profile is used to characterise moving user equipment, around
350 km/hr, such as very fast-moving vehicles and for this reason, is usually simulated with

a maximum Doppler spread of up to 300 Hz.
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Table 2.7: The ETU delay spread is shown in this table with a tap being a specific path
followed by the signal, excess tap delay the time the signal arrives after the reference time
(being the first tap), and relative power the strength of the arriving signal on the specific
tap.

Tap Excess tap delay (ns) Relative power (dB)

1 0 -1.0
2 50 -1.0
3 120 -1.0
4 200 0.0
5 230 0.0
6 200 0.0
7 1 600 -3.0
8 2 300 -5.0
9 5 000 -7.0

2.2.4 Wireless CSI estimation

With channel impairments degrading the quality of received signals, methods such as
channel estimation and equalisation are employed to increase the amount of correctly
demodulated data. In this subsection, we discuss the implementation of channel estima-
tion as a whole, followed by discussions of several CSI estimation methods and how we

measure CSI estimators’ performance.

Perfect CSI

CSI estimation is the practice of predicting the collective impairments over a given chan-
nel, while channel equalisation uses the CSI to equalise distorted signals to a more decod-
able and less impaired state [27]. CSI consists of a QI symbol that represents the change
experienced by the receiving signal due to channel conditions. Understanding what im-
pairments are found in the channel enables us to recover each subcarrier better and reduce

the number of bit errors or Bit Error Rate (BER) when demodulating symbols.

We refer to CSI over a single time step as h, and CSI over multiple time steps as h. In
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Equation 2.3 we can see that perfect CSI hpe, et can be obtained by dividing the received
signal y by the transmitted signal x. By dividing the received signal by the CSI, we can

obtain the estimated transmitted signal.

hPerfect = % (23)

When implementing several channels we represent the CSI over a single time step as H
with channel conditions between specific antenna pairs as h, 7y nry With 7'z representing

a specific transmit antenna and nRx a specific receive antenna.

hipx h
o M M2 (2.4)
hai hap

A commonly used method for obtaining the CSI is to place pilot symbols within the
transmitted signals. Pilot symbols are transmitted signals known both to the transmitter

and the receiver and can be used by the receiver to estimate CSI through methods like

Least Squares (LS) and MMSE [33].

Least squares

A simple way to use pilot symbols to estimate CSI is to interpolate between the known
CSI symbols provided by the pilot symbols. LS calculates the CSI estimation, over several
time and frequency steps H, in OFDM symbols by interpolating between the subcarriers
with known CSI. As seen in Figure 2.3 this bilinear interpolation is first done within the
OFDM symbols containing pilot symbols, generating CSI in the frequency domain and

then interpolated over time. This provides us with a complete LS CSI estimate.
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Figure 2.3: A depiction of how LS CSI estimation is calculated within a resource grid

using pilot symbols with green blocks representing CSI estimates.

LS CSI estimation provides a basic CSI estimation at a minimal computational cost but
may, at times, not capture non-linear impairments due to the linear nature of interpola-
tion. In addition, pilot symbols also suffer from AWGN, making the starting points of

the interpolation inaccurate.

LTE-MMSE

Standards have adapted standard LS CSI estimations into estimation methods that better
fit the standard’s wireless environment and available computational resources. For exam-
ple, LTE has a downlink CSI estimator and equaliser that is used in place of LS. This
method has slightly more Floating Point Operations Per Second (FLOPS) but provides

advantages such as denoising.

LTE downlink estimation is done by obtaining pilot points from the received data and
then averaging these pilots using time and frequency windows? [18]. Downlink estimation

removes noise from the CSI generated by pilot points leading to a more accurate interpo-

’https://www.mathworks.com/help/lte/ug/channel-estimation.html
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lation. In addition, this estimation method further creates virtual pilots based on existing

pilots to increase the information available during interpolation.

After interpolation has been completed and a CSI estimate H , over time and frequency
subcarriers, has been obtained the data is equalised using a modified MMSE equaliser

that applies the inverse of a noise estimation /N to the data:

.Y
X = EN‘l. (2.5)

where Y is the received symbols and X the estimated symbols over a set time and fre-

quency. We refer to this method as LTE-MMSE moving forward.

Other methods

Several methods exist that improve the LS estimation by using known channel statis-
tics. However, obtaining these channel statistics is difficult in unknown channels and

implementing them over the LS estimation increases the computational resources needed.

MMSE makes use of a weight matrix W to improve on channel estimate H by finding
an improved CSI estimate H, making use of the autocorrelation R matrix of H and the
cross-correlation matrix between the true channel and estimated channel in the frequency

domain [27], [33], as seen in Equation 2.6:

A

H=WH=RyzR.H. (2.6)

This weight matrix W requires the time and frequency characteristics of the channel to

be known.

Discrete Fourier Transform (DFT)-based channel estimation uses LS estimation to elimi-
nate noise outside the maximum channel delay. Implementing a discrete Fourier transform

improved channel estimation and can eliminate noise from CSI estimations. This method,
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however, requires the maximum channel delay to be known and requires more FLOPSs

than other methods due to the use of Fourier transforms [27].

CSI estimation metrics

In this study, we mainly use three metrics to evaluate our CSI estimators’ performance.
We use BER and Percentage Increase of Correctly Decoded Bits (PICDB), discussed in
Section 5.5.3, to indicate the effect of CSI estimation on demodulated bits, while Mean

Squared Error (MSE) is a direct measurement of our estimated CSI.

The most frequently used metric is BER which indicates the number of bit errors in
decoding a set number of received bits. BER can thus be used as an indicator of CSI
estimation accuracy, as the more accurate the CSI being used for equalisation, the fewer

bit errors are made in demodulation. We calculate BER as shown in Equation 2.7:

Correctly classified bits

BER =1—
Total bits

(2.7)

Lastly, we use MSE to compare the features of our CSI estimation to the real CSI’s fea-
tures. MSE is mainly used for neural network optimisation as system performance is based
on the amount of correctly demodulated bits and not on how accurate CSI estimations
are. However, MSE can be used as a comparative metric between CSI estimators as we

expect a correlation between how accurate CSI estimators’ features are and BER.

2.2.5 MA environments

Modern-day wireless implementations need more capacity between devices to keep up
with demand [22]. In order to obtain these higher throughput rates, multiple antennas
are used on both transmitters and receivers, as can be seen in Figure 2.4, to increase
the available bandwidth available to devices [27]. By using this setup, instead of a single

transmitter and single receiving antenna, we spatially diversify the transmitted signal
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and linearly increase the available bandwidth per antenna by creating multiple new paths

between the transmitter and receiver.

Tx

1 1
2 2
3 3

Figure 2.4: Depicted is a representation of a Multiple-Input Multiple-Output (MIMO)
system with the transmitter antennas on the left and the receiver antennas on the right

with independent channels connecting the antennas.

The new paths created by the multiple antennas help alleviate multipath impairments by
providing multiple paths, with some statistically having fewer impairments than the rest,
and providing more capacity to the network by increasing the quality of received signals
and thus the amount of correctly decoded data. Antenna diversity can be implemented in
several ways such as receiver diversity or transmitter diversity, with each of these methods
working from different principles and obtaining different results. In this subsection, we

discuss the implementation of receiver and transmitter diversity.

Receiver diversity

Receiver diversity environments consist of communication between a transmitter with a
single antenna and a receiver with multiple antennas [27]. The transmitting antenna thus
transmits a single data stream to multiple antennas over multiple channels. These chan-

nels each have different channel conditions, meaning that some channels deliver poorer
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transmissions to the receiving antenna than others. We can leverage this diversity using

three different methods.

The first method, called selection combination [27], selects the best channel, measured
by an SNR estimator, and only uses that channel’s received data and discards the infe-
rior channel data. Secondly, we can average over all of the antennas’ equalised data to
generate a single data stream; this is called Equal Gain Combing (EGC) [27]. An EGC
implementation using two receive antennas is depicted in Equation 2.8.

2

X = (2.8)
Lastly, we can make use of a weight vector w containing measured SNR for each channel.
The weight vector is used to assign weights to equalised data in the combining process,
this method is called Maximal Ratio Combining (MRC) [27]. As can be seen in Equation
2.9 equalised data with lower SNRs gets assigned lower weights and contributes less to

the final equalised signal yy/rc.

Nr
YMRC = Z w} ™y, (2.9)
i=1

From these three methods, MRC performs the best. EGC, being a special case of MRC
with all weights being equal, is the only method that does not require an SNR estimator

and will be used in receiver diversity applications in this study.

Transmitter diversity

Transmitter diversity is implemented using multiple transmitter antennas but can also
consist of either single or multiple receive antennas. Once again, multiple channels form,

each with their own independent CSI.

We make use of Orthogonal Space-Time Block Code (OSTBC) in this study to implement
transmitter diversity. Specifically, we make use of an Alamouti encoder [27], [34] that

encodes a single data stream to two separate data streams to be transmitted over two
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antennas. These two data streams are encoded to be orthogonal to one another using the

mapping in Equation 2.10.

T —T5
x=|" (2.10)

*

To  X]
To explain the equalisation process we make use of a system with two transmit antennas
and two receive antennas. Having two transmit antennas means that the two transmissions
interfere at the receiving antenna, making pilot extraction difficult. To alleviate this
problem, pilot symbols are placed in different subcarriers for different transmit antennas
and the corresponding subcarrier in the other antenna is left unoccupied. Using the pilot

symbols we are now able to obtain the CSI for each antenna pair.

Using this CSI between antenna pairs we are able to recombine the orthogonally transmit-
ted data by combining two neighbouring time instances. We first define time step one’s

equation as Equation 2.11:

Y11 _ h1,1 h1,2 T n ny (2'11>
Y1,2 hay  hao T Nng

and time step two’s equation as Equation 2.12:

Y2.1 _ h1,1 h1,2 —$§ n ny . (2.12)
Y2,2 h2,1 h2,2 x] N2

Combining these two time steps’ information at the receiver’s side and implementing the
complex conjugate on the second time step’s noise, CSI and received symbols we obtain

Equation 2.13:

Y11 h1,1 h1,2 ni
Y1,2 h2,1 h2,2 X1 no
= + . (2.13)
* * * *
Ya.1 h1,1 _h1,2 ) m
* * * *
| Y2,2 | | hoy —hys | | 72|

After discarding noise from the equation as we accept that it cannot be estimated we
obtain the equalised symbols from solving the matrix multiplication in Equation 2.14,

with H¥ being the hermitian transpose of the combined channel matrix over two time
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steps.

R Y11
x
| = @) EY yf (2.14)
) Ya1
_952_

A similar process is followed for a system with two transmitting antennas and a single

receiving antenna.

2.3 Deep learning

Deep learning is a machine learning method in which DNNs are used to extract features
from data for classification or regression purposes [35]. Deep learning models have been
found to excel in computer vision, Natural Language Processing (NLP), telecommunica~
tion, image generation and many other fields [36]-[38]. The term deep learning was derived
from deep neural networks which are networks consisting of many connected layers. In
this section, we discuss neural architectures, the training protocol of neural networks and

adversarial neural networks as they are of importance to this study.

2.3.1 Neural architectures

Neural networks consist of several layers that make up their architectures and give specific

characteristics and abilities to the entirety of the architecture.

Fully-connected layers

MLP architectures typically consist of nodes. Nodes are elements with multiple inputs,
which are calculated from previous node values multiplied by trainable weights [39], [40].
A node’s value is a summation of all inputs from connected nodes in the MLP architecture

which has been passed through a non-linear activation function. Nodes are placed next
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to one another to create layers of nodes that are all connected to nodes in previous layers
but are connected by different trainable weights. MLPs can have many layers, making
them deeper networks. These layers can also contain many nodes in a single layer creating

wider layers.

Convolution layers

CNN architectures use convolutional layers that pass a windowed filter, with trainable
weights for each cell, over a multidimensional input or previous layer [35], [41]. The
ability of the convolution layer to generate a value from several localised values in the
previous layer enables CNNs to perceive spatial correlations in multidimensional data in
a way that MLPs cannot. However, due to how filters need to move over dataspaces and
the number of filters typically employed in CNNs they need notably more computational

resources to train and to deploy.

Pooling functions [39], [41] are also employed in CNN architectures to provide summary
statistics of regions of convolutional outputs. An example of pooling is maximum pooling
where only the largest number found within a windowed filter is propagated to the out-
put. Pooling functions are used to reduce dimensionality within networks and for certain

feature extraction purposes.

Residual blocks [35], [42] have also been implemented in conjunction with convolution
layers. Residual blocks consist of several convolution layers being applied to an input,
with the input then being added back to the output of the sequence of convolution layers.
This implementation was introduced to combat vanishing gradients in networks with many

layers and aids the training of networks with many layers.

Activation functions

Activation functions are applied to nodes to introduce non-linearity to our networks [35],

[43].  Commonly used activation functions such as Rectified Linear Unit (ReLU) [44],
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Parametric Rectified Linear Unit (PReLU) [45], TanH and Sigmoid [46], [47] enable the
neural network to learn non-linear functions and control how nodes’ values are propagated

through the network to the following layers.

Batch normalisation layers

Batch normalisation is a method developed by loffe et al. [48] to “reduce internal covari-
ance shift” in neural networks. Batch normalisation can be applied to hidden layers to
normalise activation’s A within the applied layer using the mean and standard deviation

of the nodes in the layer, denoted as p and o respectively, as shown in Equation 2.15:

A—p

g

A= (2.15)

The method introduces benefits such as improved optimisation and regularisation to neu-
ral networks. Ioffe et al. [48] also claim that less training time is needed if batch nor-
malisation is applied as less careful parameter initialisation is needed within networks to

obtain a trained network.

2.3.2 Training of neural networks

Neural networks are trained by providing an input to a model, which is passed through
the trainable weights to an output. This output is measured against a target value, which
is the desired value, using a loss function to derive how accurate the model is. Through
this process, the neural network tries to approximate a function for the task at hand by
mapping y = f(x;0), with 6 being trainable parameters [35], [43]. In the remainder of this
section, we discuss how parameters are optimised using gradient descent, hyperparameter

optimisation and model selection.
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Network optimisation

Through a process called gradient descent [35], [43], the loss function is used to adjust
the weights w in the network based on the previous output’s performance loss L. Each
weight is updated in proportion to the negative loss gradient at the rate of the selected

learning rate 7, as seen in Equation 2.16:

oL

Aw = —g

(2.16)
The gradient is approximated using optimisers such as Stochastic Gradient Descent (SGD) [49],
[50], which uses batches of training data being passed through the network to estimate
the average gradient to do weight updates with. The number of samples passed through

each batch is referred to as the batch size and can play a role in the training process.

SGD performs gradient descent by randomly selecting samples, thus decreasing the com-
putational cost. SGD has been extended to other optimisers, such as Root Mean Squared
Propagation (RMSProp) [51], which adds the concept of momentum in which the learning
rate is adapted based on the change in gradient, allowing for larger initial learning rates
to be used. The Adam optimiser [52] extends on the RMSProp optimiser by using the
second order of the gradient estimation as well as the first order of the gradient used in

RMSProp.

By performing gradient descent over large quantities of data, the networks start to identify
patterns in the dataset that allow for maximal performance over data samples provided
in the training process. If the network has been trained sufficiently, it should be able to

perform the task it was trained for on unseen data from a similar distribution.

We use different datasets in the training process to ensure that networks are trained
sufficiently but not to the point that the input data is memorised. The training set
is used to adjust the network weights and is typically the largest of the three sets. The
validation set is used in the training process to test the network’s generalisation by testing
it at the end of each training set pass, known as an epoch. Network weights are never

updated on the validation set, as this set gives us an insight into the performance of the
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network on unseen data [35] .

Certain techniques have been developed to increase the ability of a network to perform
well not only on the training dataset but on the unseen test set as well, we call these
regularisation techniques. Commonly used techniques include parameter norm penalties,
noise injection, weight decay, dropout and early stopping [53]. We discuss the techniques

used in this study as they are applied.

Hyperparameter optimisation

Hyperparameters refer to parameters that can be altered in the optimisation process of
a NN. Since many parameters can be changed within the optimisation process, such as
optimisers, learning rate, and batch size, we need to find the correct combination of opti-
misation hyperparameters for the tasks. There are several approaches to hyperparameter
optimisation which can be followed to search for hyperparameters. Grid searches, search
exhaustively over every possible hyperparameter value combination within a set range by
training models using the specified hyperparameters. Random grid searches [54] select
hyperparameters randomly over a set range for each hyperparameter provided and can
search large combinations of hyperparameters as specific values do not need to be spec-
ified. Lastly, Bayesian hyperparameter [55] searches make use of the Bayesian theorem
to estimate the function of the hyperparameter space and select hyperparameter combi-
nations to test based on previous results. The best performing hyperparameters are then
selected using the validation set results of the trained network. Furthermore, optimal
hyperparameters for a task may vary between architectures and datasets, and it is thus

important to do hyperparameter sweeps when these factors change.

Model selection

Model selection refers to the overall process of selecting a single model from available
options, taking all hyperparameters into account. Model selection takes place within the

training process as well. In the starting epochs of training, losses on both the training and
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validation sets should decrease, but at some point, validation loss might stop decreasing
and instead increase. At this point, overtraining is taking place, and the network’s gen-
eralisation on unseen data is suffering. We use a technique called early stopping to avoid
overtrained networks. Early stopping selects the model that performs best on validation
data in the training process instead of simply using the final network at the end of the

training.

2.3.3 Adversarial neural networks

Adversarial training is a training method in which two neural networks are trained in com-
petition with each other [4]. GAN networks have used adversarial training on many image
generation and restoration tasks by adversarially enforcing the importance of specific fea-
tures [6]. By applying adversarial training, networks capable of generating realistic images
of humans and objects from noise vectors have been developed. In this subsection, we
discuss two adversarial neural network architectures: GAN and Conditional Generative

Adversarial Network (CGAN).

Generative adversarial network

A GAN [4] is a deep learning architecture used to generate data matching a desired
distribution when given a random input. Figure 2.5 shows that a GAN consists of a
generator and a discriminator, which compete with one another. The generator creates
data similar to the original dataset based on information contained in a noise vector,
while the discriminator tries to distinguish between real and generated samples from the

generator network.
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Figure 2.5: The training structure of a typical GAN model

This creates a zero-sum game between the generator and the discriminator. The generator
tries to fool the discriminator, and the discriminator tries to distinguish between the

generated and actual data.

Each of these networks has a loss function based on the performance of its specific task
with the discriminator’s loss function influencing the loss function of the generator. These
two structures play this game in training, each attempting to improve its performance
every epoch. Unfortunately, the layout of this training process makes it challenging to

identify when the network’s performance converges.

The difficulty in convergence is due to training imbalances that occur when the discrimi-
nator outperforms the generator, or vice versa, leaving the overperforming network with
inconsistent feedback [6], [35]. For example, if the generator outperforms the discrimina-
tor, the discriminator is guessing whether the presented sample is real or fake, meaning

the generator is training on inconsistent feedback.

Conditional generative adversarial network

CGAN [56] is a variation of the traditional GAN that makes targeted data generation
possible by supplying additional inputs along with the random noise vector as part of the

generator’s input. This architecture was developed as data generated using GANs in their
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original form only utilise random input, making the output hard to control. The solution
to this problem is to add class data as input to the GAN to allow us to control what class

of image is being generated.

CGAN was used by Mirza et al. [56] to specify which specific class should be gener-
ated after being trained on the Modified National Institute of Standards and Technology
(MNIST) dataset and did so with great success. CGAN thus allows us to control the
output image of the GAN to a predefined class, whereas it would otherwise generate an

image from a random class.

2.4 Applications of deep learning for CSI estimation

in literature

Deep learning has gained widespread success in recent years in many fields [36]—[38].
With CNNs revolutionising the computer vision field and large strides being made in
NLP applications, more and more fields are researching deep learning-based models for
tasks in various fields. In this subsection, we discuss why we adopt a deep learning

approach to CSI estimation and investigate some work done in the field.

2.4.1 Reasons for using deep learning

CSI estimation has been implemented using statistical, machine learning, and deep learn-
ing methods in the past. We consider the complexity and the nature of the task and note
that DNNs are often applied to tasks that have:

e Large amounts of labelled data available.

e Linear solutions are inadequate and better performance is required for a complex

task.

e Large amounts of computing power are available for training and deployment.
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CSI estimation checks two of these boxes while being challenged by the third. First,
data is easy to come by since ExaBytes of data is transmitted yearly [22] and real-world
conditions can be easily simulated. Secondly, as the need for spectrum efficiency rises and
higher frequency transmissions are implemented, the need for increased CSI estimation
accuracy rises. Statistical estimators are unable to keep up with the non-linear nature of
channels, motivating the use of DNNs [57]. Unfortunately, the computational power is
often limited to the user equipment in the telecommunication domain, thus making the

deployment of an already trained network difficult.

This last challenge of deep learning methods for CSI is being actively researched with
methods such as pruning and reducing the complexity of DNNs [58]. The ability of DNNs
to outperform statistical methods is promising, as we can sacrifice some performance
by reducing network sizes and attempting to challenge traditional methods in terms of
performance and complexity. Thus, by increasing the performance of networks without

increasing complexity, we move closer to implementing DNNs for CSI estimation tasks.

2.4.2 Related studies

Many deep learning architectures, such as MLPs, CNNs and GANs, have been applied
to the CSI estimation task [59]. Specifically, architectures with convolution layers have

succeeded in this task, often outperforming most statistical and machine learning methods.

The most popular approach for applying deep learning to CSI estimation is to improve an
initial LS estimate [9]-[13], as is done with statistical methods such as MMSE and DFT.
This approach is called super-resolution and is a popular field of study in computer vision.
Super Resolution (SR) networks accept low-quality images with several levels of distortion

and noise and attempt to restore the image to a higher quality version of itself [60].

An example of this method is an application proposed by Yang et al. [11] that takes cal-
culated LS estimation as input and uses a DNN model to generate a channel estimation
based on the previous channel state and new LS calculations. Furthermore, CHANNEL-

NET [9] makes use of a super-resolution network consisting of SR CNN [61] and denoising
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CNN [62] that takes pilot symbols as input to generate CSI. Both of these methods out-
performed traditional LS and MMSE methods, demonstrating the validity of deep learning
methods in this field.

With these SR networks providing good results on the CSI estimation task, we look to
architecture that further improves SR results in the computer vision field. Super Reso-
lution Generative Adversarial Network (SRGAN) is an adversarial architecture proposed
by Ledig et al. [5], that introduces adversarial training methods to the SR task. The core
concept of this architecture is that rather than optimising the MSE loss between pixels,
a discriminator is introduced to evaluate the generator, based on extracted features from
images. Ledig et al. [5] claim that this increases the accuracy of high-frequency features

in images.

The work by Ledig et al. [5] is expanded to the CSI estimation task by Zhao et al. [16]
adapting the network to perform SR on a provided LS estimation. The SRGAN adapted
for OFDM CSI estimation also employs adversarial training to create a CNN architecture

with improved results due to the addition of a discriminator in the training process.

2.5 Adversarial architectures used in this study

In this study, we use the original SRGAN architecture as well as the SRGAN architecture
proposed by Zhao et al. [16] for CSI estimation tasks. We refer to the model proposed by

Zhao et al. [16] as adversarial ResNet moving forward.

2.5.1 SRGAN

SRGAN [5] is a GAN designed for image SR tasks, specifically image upsampling tasks.
The adversarial training used by Ledig et al. [5] for SRGAN is reported to push the gen-
erated SR images closer to the original images’ manifold. This SR implementation results

in a higher SNR and sharper, high-frequency feature generation. SRGAN achieves these
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results by moving away from using the MSE to compare individual pixels to each other.
Instead, SRGAN compares feature maps of the images obtained by a Visual Geometry
Group (VGG) network [63]. Applying this VGG 10ss leontens to images generated, the
Euclidean distance is measured between the feature maps of real and generated images.
The loss function, described in Equation 2.17, averages the MSE loss between the feature
maps, generated by the VGG-19 network ¢, of the high-resolution image I”f and the
image generated from low resolution using the generator G(I*%):

ot = 7= 32 S (G, = (G ). (2.17)

y=1 z=1

Here ¢ and j represent the respective dimensions of the feature maps. The content loss
forms part of the final loss function /g, in Equation 2.19 by being added to the adversarial
loss used to evaluate the generator using the discriminator l,gpersarial, Shown in Equation
2.18.

ludversarial = —log(D(G(I*))) (2.18)

lGen = lcontent + 16_3 * ladversarial (219>

SRGAN’s generator consists of a convolution layer using a PReLLU [45] activation function
followed by several residual blocks and another convolution layer, all using batch normali-
sation [48]. Two 2x upsampler layers are added to upscale the physical dimensions of the
feature maps before feeding the maps to an output convolution layer. All residual blocks

use 64 channels before these are increased to 256 channels in the upscaling blocks.

The discriminator’s structure closely follows a VGG network with eight convolution layers.
Each of these layers reduces the feature maps’ size while increasing the number of channels
until the output is passed to a 1 024 node dense layer followed by a single node layer
connected to a sigmoid activation function. This sigmoid output is then used with Binary
Cross-Entropy (BCE) loss to determine whether samples are real or generated. The
discriminator is trained using the BCE loss function and passing both real and generated

data samples to the loss function as seen in Equation 2.20:

_ —log(1 = D(G(I*®))) — log(D(I"R)) (2.20)
2

lDisc
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2.5.2 Adversarial ResNet

Zhao et al. [16] drew inspiration from the use of adversarial training in SRGAN and

adapted the architecture to be suitable for CSI estimation of OFDM-based transmissions.

This adapted architecture receives LS CSI estimations as inputs to the generator GG. The
generator consists of several layers of residual blocks that utilise skip connections to al-
leviate disappearing gradient problems often found in DNNs. The generator’s output is
measured to the target CSI using MSE loss between corresponding CSI symbols. Adver-
sarial training is applied by the discriminator D, which is trained in the same way as for
SRGAN, depicted in Figure 2.6. The network attempts to classify the generated sample
with its output measured by a BCE loss function. Finally, we examine the MSE loss

function leontens in Equation 2.21:

i J

1 2
content 5 Z HLS) ) : (221)
y=1 z=1
Here 7 and j represent the respective dimensions of the CSI samples with H being the
real CSI and H the CSI estimate. The leontent forms part of the final loss function lgey,
in Equation 2.19 by being added to the l,gversariar 10ss function of the discriminator in

Equation 2.18.

Compared to the original SRGAN, Zhao et al.’s [16] implementation removes the use of
feature extractors and implements a pre-upsampling strategy that removes the upsampling
layers in the generator. Zhao et al. [16] obtain results competitive with state-of-the-art
statistical methods in a SISO environment attributing the success to these architecture
changes and adversarial training. The adapted SRGAN architecture can be found in

Figure 2.6.
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Figure 2.6: Illustration of the modified SRGAN network structure applied by Zhao et
al. [16].

2.6 Conclusion

This chapter discusses concepts of interest to the study of wireless communication systems,
CSI estimation, and deep learning. We motivate using the LTE standard for the wireless
communication system and why DNNs are a suitable tool for the CSI estimation task.
After describing related studies, we describe two adversarial architectures suitable for our

work: one that has been applied to this domain, and one that has not.
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Chapter 3

Wireless system simulation

In this chapter, we describe the simulation constructed in Matlab® to simulate a wire-
less LTE communications system. This physical layer simulation is used for testing and

dataset generation in the rest of the study.

3.1 Introduction

By using the LTE toolbox available in Matlab®!, we can simulate the transmission of
OFDM symbols over wireless channels that represent real-world conditions. We create

this simulation to assist us with:

1. Generating datasets tunable to different channel parameters and modulation schemes.

2. Creating baselines of frequently used methods for CSI estimation for both SISO and

MA environments.

3. Simulating the performance of neural networks in complex MA environments.

'https://www.mathworks.com/products/lte.html
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By creating a simulation, we allow for the creation of reproducible datasets and exper-
iments using random number generator seed selection. The creation of this simulation
is further motivated by the need to closely inspect aspects of the wireless systems under

various conditions.

In the following sections, we discuss the necessary building blocks of physical layer systems
and how they are implemented into the simulation. First, we discuss physical layer systems
as a whole, followed by a description of all building blocks and figures collected from the

simulation to aid understanding of how channel impairments affect CSI.

3.2 Physical layer simulations

Communication systems are developed using the standard seven-layered Open Systems
Interconnection (OSI) model [64]. Each layer in this model plays a different role in the
communication process. The objective of the physical layer in the OSI model is to move
bits from a transmitter to the receiver over a medium, either a physical cable or a wireless
channel. The physical layer is likewise responsible for preparing the bits received from
the data link layer for transportation over the medium. This process in wireless systems
usually entails employing modulation schemes to transform bits into QI symbols. After the
QI symbols have been transmitted, the physical layer at the receiver side is responsible for
demodulating the symbols and passing on bits to the receiver’s data link layer for further

processing.

We mimic the LTE physical layer depicted in Figure 3.1 for the simulation design in this
chapter. The content of this figure is obtained from literature [17], [65] and is consis-
tent with the physical layer elements described in the LTE standard. The first block of
this physical layer simulation generates bits which are modulated to QI symbols using
QAM modulation, as QAM is the modulation technique used in LTE downlink transmis-
sions. Next, the QAM symbols are used to populate the resource blocks, along with the
pilot symbols. These resource blocks are further modulated to OFDM modulation and

transmitted over the multipath channel containing simulated delay profiles and Doppler

42



spread.

T 10f
OFDM symbols l

‘ Input bits }—» QAM modulation —»| RE;;;‘LT;’“‘;':““ |—»!Pilot symbol insertion—»| OFDM ion —»|

Receiver antenna
noise

P )
‘ Output bits }(— QAM demodulation [€—— Equalisation of QAM — CSl estimation l¢«—— Pilot point extraction «—— OFDM demodulation 4—‘
L J

symbols using CSI

Figure 3.1: Physical layer blocks implemented to create the wireless communication sim-

ulation

Before demodulation, OFDM symbols transmitted over the simulation channel are sub-
jected to receiver antenna noise at a preselected SNR level. Pilot symbols are extracted
from the received resource grid produced by the demodulated OFDM symbols. Finally,
CSIs estimation and equalisation are performed over the resource grid before demodulat-

ing the QAM symbols back to bits.

3.3 Resource grid construction

Modulation plays an important role in transmitting bits between two devices as accurately
as possible without sacrificing speed or bandwidth usage. In the simulation, we make use
of two types of modulation schemes: QAM, and OFDM modulation. The first is used
to convert bits to QI symbols while the second enables the effective use of the available

bandwidth.

In order to apply OFDM modulation we need to create a 2-dimensional grid containing
one QAM-modulated symbol per subcarrier timeslot. In Figure 3.2 we see that some of the
spaces in this grid are reserved for pilot symbols, which are placed at specific subcarriers

known to both the transmitter and receiver and decided by the LTE standard.
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Figure 3.2: A representation of a subframe with pilot positions shown in green

This populated resource grid is used to create 14 OFDM multiplexed symbols. The
resource block is thus multiplexed into 14 OFDM symbols with 600 subcarrier symbols
per OFDM symbol for a 10 MHz transmission. According to the LTE standard, we
insert pilot points in both the time and frequency domain, as indicated in Figure 3.2.
Placing pilot symbols in the positions indicated in Table 3.1 allows us to estimate channel

impairments in both the time and frequency domains.
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Table 3.1: Parameters used in LTE physical layer simulation for modulation and resource

block construction.

Parameter Value

Pilot insertion time 1,6, 8, 12

Pilot insertion frequency Every 6th subcarrier
QAM modulation order 4 and 16

Subcarrier spacing 15 KHz

Cyclix prefix 4.7 ms

Number of subframes 50

Channel bandwidth 10 MHz

Table 3.1 further depicts the parameters used for the simulation’s modulation, resource
grid population and pilot point insertion subcarriers. The LTE standard prescribes pilot
point values, subcarrier spacing and cyclic prefixes. We decide to use 4-QAM and 16-QAM
in this study as they provide constellation diagrams that are less dense than large-order
QAM modulation maps and thus easier to analyse. The number of subframes in a resource
block is selected as 50, which generates a resource grid with a width of 14 and a depth
of 600. This number generates an OFDM symbol with a bandwidth of 10 MHz, which is
one of the bandwidths used in the LTE standard.

3.4 Channel impairments

Communication systems are measured by their ability to move data from one point to
another. The biggest obstacle to this objective is the channel over which data is trans-
mitted, which impairs the quality of the received data, making retrieving accurate data

difficult.

The channel used in the simulation is an implementation of the LTE toolbox multipath
channel found in Matlab®. This channel enables us to simulate impairments such as
multipath effects, delay profiles and Doppler spread on transmitted data. In addition,
the ability to select parameter values for each of these impairments allows us to create

datasets of many different LTE environments.
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3.4.1 Simple channel

We start by investigating the CSI of a channel that applies no impairments to the trans-
mitted data. To investigate the change in CSI, we compare the amplitude and phase of
the QAM modulated symbols before and after being transmitted over the channel in both
the time and frequency domains. Observing the amplitude and phase changes in Figure
3.3, we note that the CSI amplitude remains unchanged at one, meaning no attenuation
has occurred. However, the phase of the CSI changes, indicating that the equalised QAM

symbols rotate in a unit circle on the constellation diagram.

2 T T T T T 3F

a L

Amplitude
-~
Phase
o
/
/
/
/

-ZjZi \ \\
! A RV \

L 1 L L L 1 L 1 1 1 |
0 100 200 300 400 500 600 0 100 200 300 400 500 600
Subcarrier Subcarrier

(a) Amplitude (b) Phase

Figure 3.3: Figures depicting the amplitude and phase shifts of CSI in the frequency

domain for a simple channel with no impairments.

Observing amplitude and phase in the time domain for a single subcarrier shows no change
over OFDM symbols, meaning that the CSI does not change over time. This change in
phase is caused by a timing offset when demodulating the OFDM symbols. This problem
can be alleviated by offsetting the frame before demodulation, but will not be done for

this study as this phase shift can be seen as a simple channel condition to test models on.
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3.4.2 Delay profiles

Since we observed that a simple channel only affects the phase component of received
symbols, we investigate the effects of power delay profiles. Delay profiles add attenuation
to signals over different propagation paths. The LTE standard specifies three ITU delay
profiles used in simulation and testing: EPA, EVA and ETU as described in Section 2.2.3.
Each of these delay profiles is more disruptive to the transmitted signal than the previous
one. Delay profiles affect the OFDM transmissions in the frequency domain. We observe
this in the power density plots of transmitted OFDM symbols under different delay profile
conditions displayed in Figure 3.4. The impairment caused by the delay profiles can be

measured by the frequency and severity of attenuation in power in the frequency domain.
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Figure 3.4: Power spectral density plots depicting the effect delay profiles have on trans-
mitted OFDM symbols in the frequency domain.

We can further investigate the impairment caused by delay profiles by investigating the
amplitude variation of CSI in the frequency domain. Figure 3.5 shows that each delay
profile changes the amplitude of the received symbols at different rates, thus making it

increasingly difficult to estimate accurate CSI.

Similar trends are observed for phase changes in the frequency domain, with phase changes
occurring at faster rates as delay profiles progress. We also observe CSI changes in the
frequency domain but find that no variation over time occurs when delay profiles are

applied to the channel.
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Figure 3.5: Figures depicting the amplitude shifts of CSI in the frequency domain for
multipath channels with different delay profiles.

3.4.3 Doppler spread

In order to analyse the effect of Doppler spread, we note that it takes effect in the time
domain due to the relative movement between the transmitter and receiver. Knowing
this, we observe the variation of CSI amplitude over time for a channel with an EVA

delay profile and a set amount of Doppler spread in Figure 3.6.
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(a) No Doppler spread (b) 100 Hz Doppler spread (c) 200 Hz Doppler spread

Figure 3.6: Figures depicting the amplitude shifts of CSI in the time domain for a multi-
path channel EVA delay profile under different Doppler spreads.

From these results, we see that the amplitude change brought on by the delay profile
stays constant when the channel applies no Doppler spread. Change in amplitude is only
observed when Doppler spread is applied. The amount of Doppler spread dictates the rate
of change, as can be observed when comparing a channel with 100 Hz Doppler spread to

one with 200 Hz Doppler spread.
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3.4.4 Antenna noise and interference

After transmission over the channel, we apply AWGN to the OFDM symbol before demod-
ulating. This noise is added to simulate the combined effect of all noise-inducing factors
such as receiver antenna noise, electrical equipment in the channel and heat-induced com-
ponent noise. We simulate the amount of noise using SNR and can observe the noise on
the QI plot of QAM symbols, as displayed in Figure 3.7. The SNR can range from mild
inconvenience, as shown by the 20 dB figure, to completely debilitating at lower SNRs,
especially when paired with impaired channel conditions.
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Figure 3.7: 4-QAM modulated QI points after an OFDM symbol has been subjected
to various SNRs of AWGN. The colours signify the bits represented by the specific QI

symbol.

MA environments are created by utilising a different channel for each antenna to antenna
connection. This therefore means that an environment with one transmitter and two
receivers will have two channels with a set amount of correlation between CSI. We
usually assume that antennas are spaced an adequate distance apart to ensure independent
channels. We have four channels for an environment with two transmitters and two
receivers. MA environments thus add additional interference in multitransmitter setups
as two different signals arrive at a single receiving antenna. This interference makes
decoding only one of the antenna symbols difficult as the QI symbols superimpose in

both the time and frequency domains.
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3.5 Channel estimation using LS and LTE-MMSE

CSI estimation and equalisation play a significant role in communication systems as they
estimate impairments brought on by channels and equalise received data using these
estimations. In this study, we use CSI estimation techniques that require only first-order
information obtained from pilot symbol data. We do not use techniques like MMSE and
Linear Minimum Means Squared Error (LMMSE) that need second-order statistics of the
channel, as this increases the system’s complexity and is rarely used in practice. For this
study, we use LS and LTE-MMSE as CSI estimators. We use these techniques as baselines
for comparison with the neural network estimators that only use CSI obtained from pilot

symbols to make estimations.

We use the method described in Section 2.2.4 to estimate CSI in the simulation for the LS
CSI estimator. The implementation first creates an estimation for the subcarriers in the
four OFDM symbols that contain pilot symbols over the entire OFDM symbol. These four
symbols are then interpolated using spline interpolation over the rest of the subcarriers
in the time domain, creating a bicubic interpolation. In this study we implement a single
LS estimation over the entire resource grid in order to include as many pilot symbols as

possible in the estimation.

For the LTE-MMSE CSI estimator, we make use of the LTE toolbox method provided
in Matlab®. The LTE-MMSE CSI estimation is a two-step process that entails doing
a downlink channel estimation and applying the estimation using a simplified MMSE
equalisation method over the entire resource grid. The downlink method uses several
pilots” averaging methods to reduce the noise on the pilot symbols. In this process, an
estimated noise metric is also calculated. In addition, the downlink method uses virtual
pilots created from real pilot data to help provide more pilot symbols to the denoising
process. After this estimation has been completed, the received data, channel estimation
and noise estimation are passed to the simplified MMSE method. This LTE-MMSE
method equalises the received data with the channel estimate and applies an inverse noise

matrix to reduce noise. From this point forward we refer to this simplified MMSE simply
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as ‘MMSE’.

We model a channel using an EVA delay profile, 100 Hz of Doppler spread and 20 dB
receiver noise to observe how LS and MMSE estimators differ in performance. Then, this
channel’s true CSI is calculated and estimated using CSI estimators. Finally, we plot the
QI points of the calculated and estimated CSI in Figure 3.8. Each QI point refers to a
corresponding received QAM symbol and how it was affected due to channel impairments,
while each colour represents an individual OFDM symbol of the plotted subframe. If a

symbol has undergone no impairments, the CSI estimation will be one.
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Figure 3.8: QI plots of CSI obtained using different estimation methods. Each colour
represents an individual OFDM symbol of the plotted subframe.

From merely observing Figure 3.8 we can gather that MMSE creates much smoother
estimates than the LS estimate, which produces inconsistent estimates with many outliers.
Comparing both estimates to the real CSI, we see that the MMSE estimator provides more
consistent results between OFDM symbols than the LS estimator.

To further illustrate the effect of estimation and equalisation, we equalise received OFDM
demodulated QAM symbols using CSI. We equalise 4-QAM data sent over the same
channel using LS and MMSE methods. In Figure 3.9 we observe that both methods
provide adequate results by adjusting the received symbols close enough to the demodu-
lation point to retrieve most of the transmitted bits correctly. However, MMSE places the
points more accurately and would thus perform better in higher-order QAM modulations
and channels with increased impairments. The LS estimation also includes an equalised

symbol that has been severely misplaced due to the erroneous estimation of CSI and has
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therefore been omitted in the figure.
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Figure 3.9: Demodulated 4-QAM symbols after being equalised with estimated CSI. The
colours indicate the bits represented by the specific QI point.

3.6 Multi-antenna environments

Wireless systems have long passed the time of using only a single antenna to transmit data.
Instead, multiple antennas are used to increase a communications system’s throughput.
In this study, we examine single and MA environments, focusing on antenna diversity
specifically for MA environments. Since MA environments have multiple channel states
to estimate, we expect to see that the quality of CSI estimation is an essential aspect of

BER performance.

We implement receiver diversity using the EGC method discussed in Section 2.2.5, as
it requires no additional noise estimates while still portraying the advantages of using
antenna diversity. In Figure 3.10 we implement EGC using perfect CSI and EPA delay
profile with no Doppler spread to showcase the advantage gained by using receiver diversity
over multiple channels. The figure shows the decrease in BER obtained compared with

SISO channels when implementing receiver diversity.
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Figure 3.10: BER of a receiver diversity system with EPA delay profile depicting the
average SISO channel performance of the system along with the performance of two and

four receiver antennas.

For transmitter diversity, an Alamouti code is implemented to create OSTBC to be trans-
mitted over two transmitter antennas. To investigate the BER of this method using perfect
CSI we need to obtain each channel’s CSI individually, as the interference caused by two
OFDM symbols being received simultaneously makes calculating a single channel’s CSI
impossible. To overcome this challenge, we make use of an identical channel environment
to transmit from only one of the two transmitting antennas at a time. The CSI obtained
from the channel twin is then applied to the originally transmitted data. Furthermore,
we only follow this method for perfect CSI, as CSI estimators do not transmit on certain
subcarriers in transmitter diversity environments to enable other transmitting antennas

to transmit pilot symbols without interference.

We implement the Alamouti method in the simulation for both single receiver and mul-
tireceiver environments. Figure 3.11 shows the BER results of the implementation using
perfect CSI and EPA delay profile with no Doppler spread. From these results, we can
see that having both transmitter and receiver diversity in conjunction with an Alamouti

code implementation provides the best BER.
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Figure 3.11: BER of a transmitter diversity system with EPA delay profile depicting the
average SISO channel performance of the system along with the performance of one and

two receiver antennas.

3.7 Simulation results

With all blocks of the physical layer simulation developed, we now combine these blocks
as described in Figure 3.1. This simulation is used for both baseline and data genera-
tion throughout the rest of the study. To better understand neural networks’ expected
performance, we create BER vs SNR plots of different antenna environments, channel
impairments, CSI estimators and modulation schemes. In Appendix A.1, we compare the
results of this simulation to other work and find that the BER results are within a 95%

confidence interval of other physical layer simulations.

We draw these preliminary baselines using a multipath channel that applies an EVA delay
profile and 100 Hz Doppler spread to the transmitted symbols. To ensure consistent and
reliable results we transmit 20 resource grids (14 OFDM symbols with 600 subcarriers
each) per SNR over the SNR range of 1 dB to 20 dB. All baselines are also generated
using both 4-QAM and 16-QAM, as both are used throughout this study.
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Plotting the BER curves of a SISO system using our CSI estimation methods in Figure
3.12 confirms that MMSE outperforms LS as was expected from the observations earlier
in Section 3.5. However, a decrease in BER is observed when increasing the modulation
order from 4-QAM to 16-QAM, confirming that higher modulation orders require more

accurate CSI predictions to obtain the same BER as lower order modulation schemes.
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Figure 3.12: The BER of a SISO system with an EVA delay profile and 100 Hz Doppler
spread. We depict the performance of 4 and 16-QAM modulations using LS, MMSE and

perfect CSI estimations.

We observe the same trend between modulation orders when examining the BER of MA
environments in Figures 3.13 and 3.14. In these figures, we further see that MMSE
outperforms LS, especially at higher SNR levels.
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Figure 3.13: The BER of a four antenna receiver diversity system with an EVA delay
profile and 100 Hz Doppler spread. We depict the performance of 4 and 16-QAM modu-
lations using LS, MMSE and perfect CSI estimations.
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Figure 3.14: The BER of a two receiver antenna transmitter diversity system with an EVA
delay profile and 100 Hz Doppler spread. We depict the performance of 4 and 16-QAM
modulations using LS, MMSE and perfect CSI estimations.




The perfect CSI curve acts as a theoretical limit for methods with no noise reduction
and expresses the maximum performance obtainable if channel conditions are estimated
perfectly. The SISO and receiver diversity results in Figures 3.12 and 3.13 perform much
worse than the perfect CSI, but the Alamouti implementation is very competitive with

this curve.

Note that we do not achieve a BER of zero in the simulation results. Perfect equalisation
is not possible as noise is added after the channel impairments and is assumed to be
impossible to estimate due to its random nature. Furthermore, the theoretical BER
curves are not identical for all channel conditions; this is because noise is added before
equalisation can take place and scales along with the symbols being equalised. The
Alamouti implementation does not suffer from this problem due to the nature of the

method.

We demonstrate the noise enhancement problem in Figure 3.15 where the same amount
of noise is added to two different symbols under different amounts of attenuation. When
equalising the received symbols using perfect CSI, we see that the area of error increases
in the instance of the symbol that underwent attenuation but stays the same for the
symbol that only underwent a phase shift but not attenuation. We thus have two per-
fectly equalised symbols, but one performs worse than the other due to the attenuation

experienced before AWGN was added.
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Figure 3.15: Here we depict the noise enhancement problem. Subfigure a shows two CSI
conditions in red and blue, with green being their original position. Subfigure b shows

the result of equalisation on AWGN when perfect CSI is applied.

3.8 Conclusion

In this chapter, we discussed the physical layer simulation used in this study to gener-
ate baselines and datasets to train and compare our neural networks. In this process,
we discuss and examine how resource grids are populated, what channel impairments
are added to the transmitted data and how each affects the transmitted data in both
the time and frequency domains. CSI estimators, how they are implemented, and the
expected performance, are also discussed. The implementation of MA environments is
investigated along with BER curves to show the possible performance in each case. Fi-
nally, the entire simulation is brought together to show different modulation schemes and
CSI estimators’ effects when implemented in different environments. We also discuss the

noise enhancement problem, which makes perfect equalisation difficult.

With the simulation complete and a better understanding of the CSI data established,
we can start training neural networks for CSI estimation on datasets created with this

simulation.
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Chapter 4

CSI estimation using MLPs

We investigate feature representations and hyperparameter choices using MLPs to better

understand how CSI data interacts with deep learning methods.

4.1 Introduction

In this chapter, we investigate the use of MLPs for channel state estimation. MLPs pro-
vide a straightforward initial model to explore the training data. We start by testing
different feature representations for training neural networks while simultaneously opti-
mising hyperparameters for the task. We evaluate these factors by training MLPs, testing
their ability to generate CSIs, and benchmarking results against LS and MMSE estima-
tions. Hyperparameter searches are explained in detail and used to make decisions that
lead to training and selecting the best performing networks. In this optimisation pro-
cess, we investigate the use of batch normalisation and its interaction with Euclidean and
non-Euclidean data representations. By the end of this chapter, we aim to have selected
a feature representation to use in this study and to understand the roles that hyperpa-

rameters play in the optimisation process. Note that sections of this chapter has been
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published in Oosthuizen et al. [20].

4.2 Architecture

We use an MLP for the architecture in this chapter as typical MLPs consist of fewer
trainable parameters and hyperparameters than CNNs and GANs. Furthermore, the
simplicity of the MLP makes training and optimising the network straightforward and

easy to analyse.

The MLP architecture used in this chapter has a rectangular architecture comprised of a
set number of fully connected layers, each containing the same number of neurons. Ad-
ditionally, we include batch normalisation layers, discussed in Section 2.3.1, in the MLPs
to stabilise and speed up the training process. This combination of trainable parameters,
non-linearity and training aids enables the MLP to perform complex regression tasks such
as CSI estimation. The MLP used in this chapter uses a TanH activation function, which

has previously been used in CSI estimation tasks [66].

4.3 Dataset

We use the simulation discussed in Chapter 3 to generate datasets for the MLPs to be
trained and evaluated on. The data samples used for the datasets in this section consist
of 7 OFDM symbols, each containing 12 subcarriers i.e. a slot as presented in Figure
4.1. Subcarriers are filled with QI symbols modulated with 4-QAM modulated symbols.
Slots are thus used for samples as they are the smallest data frame available in the LTE
standard, discussed in Section 2.2.3. Starting with slots as data samples and MLPs allows

us to investigate how neural networks interact with the datasets.

We depict the data flow of the training and evaluating process in Figure 4.1. The first
step is pre-processing the slots by extracting the four pilot symbols from the data sample.

We calculate the CSI of these four pilot symbols to use in the project. Feature extraction
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must occur on these CSI symbols as neural networks have difficulty working with complex
numbers such as QI points. Therefore, we extract two features from each QI symbol (how
and which features are extracted is described in more detail in Section 4.5.1) and place
the total of 8 features into a flattened tensor. The 168-wide tensor generated from the
MLP output is used as the target of the MLP. This 168-wide target tensor is finally
recombined using the features to create the slot’s QI CSI symbols. The objective of the
training is thus to predict the entire slot’s CSI (12x7=84 in this specific case) from the

four pilot symbols.

Received data Input Target CSl estimate

.\ 8x1 168x1

4x1 84x1

—) NP —p

Figure 4.1: The process of creating features as input for the MLP can be seen on the left

of this figure, while CSI reconstruction from the MLP’s output is illustrated on the right.

To analyse the ability of the MLP under different conditions, we create several datasets
for the MLPs to train on. This chapter refers to the datasets as ‘Noiseless’, ‘Noisy’,
‘Delay profiles’” and ‘Doppler spread’. Each dataset increases the number of impairments
transmitted data experiences over the simulated channel. We list the impairments of each

dataset in Table 4.1. These impairments are implemented as discussed in Section 3.4.
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Table 4.1: Channel conditions used in the simulation for each dataset generated in this

chapter.
Dataset name Channel conditions
Noiseless Simple channel
Noisy Noiseless dataset with AWGN (20 dB SNR)
Delay profiles Noisy dataset and one of the three delay profiles
Doppler spread | Noisy dataset, EVA delay profile and different amounts of Doppler spread

Each dataset contains a training set, a validation set, and a test set of 20 000, 5 000, and
5 000 samples, respectively. Along with this, we generate LS and MMSE baselines from

the simulation discussed in Chapter 3 to measure the performance of the MLP.

4.4 'Training protocol

To ensure that the best hyperparameters are chosen for the architecture and training, we
use a hyperparameter grid search in the training protocol. We use Adam as an optimiser
and MSE as a loss function in this chapter, as discussed in Section 2.3.2. Early stopping

is implemented to obtain the best performing network from the training process.

The hyperparameter grid search sweeps over network depth, width, batch size and learning
rate. We refer to network width and depth as architectural hyperparameters, and batch
size and learning rate as training hyperparameters. All hyperparameter grid searches
are performed over three initialisation seeds and averaged to ensure that strong or weak
weight initialisation do not affect the trend analysis. All loss and BER values presented

are thus an average of three hyperparameter combinations with different seeds.

Calculating all the possible hyperparameter combinations of the hyperparameters pre-
sented in Table 4.2 we see that 576 MLP networks are trained per sweep. We select
the structural hyperparameters to find MLPs with sufficient representational capabilities
while still being feasible to train with the available computational resources. The learn-

ing rate and batch size are selected over a wide range of values while still being memory
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conscious.

Table 4.2: The value ranges which the initial hyperparameter grid search uses to search

for optimal architectural and training hyperparameters.

Parameter Values
Network width 10, 100, 1 000
Network depth 1,2 3,4
Learning rate  1e-02, 1e-03, 1e-04, 1e-05

Batch size 16, 32, 64, 128

We select the best performing MLP based on validation loss from this hyperparameter

sweep to evaluate the unseen test set.

4.5 Results

In this section, we use the datasets and training protocol discussed to investigate possible
feature representation, the effect different hyperparameter choices have on performance,

and the final observed performance of the MLP architecture.

4.5.1 Feature representation

We start this analysis by using the angle and absolute values of the CSI symbol produced
by the pilot symbols to generate the features presented to the MLP as input and target.
These features were used by Erdogmus et al. [67] to represent QI symbols for a similar

channel equalisation problem.

Noiseless data

The first model is trained using this feature representation and the noiseless dataset. This

combination is also used to validate the training process. We expect a BER of 0 from the
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trained MLP, as an LS implementation produces CSI that can obtain a BER of 0 results

on this dataset.

After the hyperparameter search has concluded, we find that the best hyperparameter
combination produces an MLP with a loss of 4.61e-2 and a BER of 8.33e-4 on the test
set. As the BER of the MLP is not 0, we suspect that the MLP has trouble training on
the data. In analysing the MLP’s estimations, we investigate both the network’s absolute
and angle feature outputs. We find the MLP does well predicting the absolute value of the
Noiseless dataset as it is a fixed value for this dataset, as discussed in Section 3.4.1, due
to not having a delay profile. However, the network has difficulty estimating the CSI’s
angle feature. We see the incorrectly estimated angles in Table 4.3 and note that these
values lie close to the discontinuity found in the radian angle representation of the CSI.
This discontinuity exists where the angle representation moves from 3.14 () to -3.14 (-7).
This is where the CSI moves past 180 degrees from its original starting position. Instead

of recognising the discontinuity, the MLP estimates a value between these two points.

Table 4.3: Predicted CSI angle of two OFDM signals compared to the target CSI angle
over the same OFDM signals.

Predicted CSI Target CSI
(OFDM symbol) (OFDM symbol)
Subcarrier 1 2 1 2

1 1.36 1.35 3.09 3.09
2 3.05 3.05 3.05 3.05
3 3.00 3.01 3.01 3.01
4 2.88 2.89 2.96 2.96
5 2.85 2.85 2.92 2.92
6 2.80 2.8 2.88 2.88
7 2,77 2,77 2.83 2.83
8 2.72 2.72 2.79 2.79
9 2.67 2.68 2.75 2.75
10 2.56 2.55 2.71 2.71
11 2.52 2.51 2.66 2.66
12 2.46 2.45 2.62 2.62

As we suspect that batch normalisation is part of this problem (for reasons explained in
Section 4.5.2) we investigate this further. As described in Section 4.5.2), we find that by

removing batch normalisation we do obtain a BER of 0 on the noiseless dataset, using
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the same feature representation as studied up to this point.

Noisy data

We continue experimenting with the same data representation and train MLPs on the
Noisy dataset. While comparing the networks trained on the noiseless dataset and the
network trained on the noisy dataset we find more concerning behaviour: Applying each
of these networks to the Noisy dataset’s test set, we find the noiseless MLP achieves a
lower BER, of 5.16e-3, than the network trained on the Noisy dataset, with a BER of
1.72e-2. This is interesting behaviour as we expect networks trained on a specific data
distribution to outperform networks trained on alternative distributions. Inspecting the
loss values of these networks we find that the MLP trained on noisy data obtains a lower

loss than the noiseless network, with a loss of 1.28e-1 and 2.31e-1, respectively.

Not only does the network trained on a different dataset outperform the noisy dataset
trained MLP, but there is a mismatch between the loss and the BER of the MLPs. These
results characterise an unreliable training process as we expect the loss and BER to be
correlated: QI symbols of estimated CSI that are close to the real CSI in Euclidean space

are expected to achieve low BERs.

Once again, when examining the estimated features, we find that adding noise has rein-
troduced the discontinuity problem in the angle feature. This can be expected as the
introduction of noise has made the identification of the exact point of discontinuity more
troublesome for the MLP. In investigating discontinuities in the input space of neural
networks, we came across the work of Ahmed et al. [68]. Ahmed et al. [68] describe
how neural networks perform better with data represented in a Euclidean space without
discontinuities than in non-Euclidean spaces. For this reason, we change the extracted fea-
tures from angle and absolute (amplitude) values to quadrature and in-phase amplitude,

which are Euclidean features without discontinuities.

We retrain the MLP on the noisy dataset, now representing the CSI features in QI format,

and find that the best performing hyperparameter combination obtains a loss of 5.23e-3
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and a BER of 0 on the noisy test set.

Conclusion

Based on these results, we chose to continue working with Euclidean data as features for
CSI estimation. We make this decision as QI features obtain better results than the angle
and absolute features as it removes the discontinuity in the data representation, giving
a reliable link between MMSE and BER. This compatibility makes the loss function a
reliable indicator of BER. This quality was expected from CSI from the beginning of this
study as CSI equalises received signals by division, meaning that an error in CSI would

translate linearly to the equalised data.

4.5.2 Effect of hyperparameter choices

In training the MLP for CSI estimation we investigate the effect of structural hyperpa-

rameters, training hyperparameters, and batch normalisation on the datasets.

Structural hyperparameters

We examine the effect of structural hyperparameters on the MLP when training on the
noiseless dataset and employing the angle and absolute representation by evaluating the
validation set performance average over three seeds in Table 4.4. From this table we
see that networks with wider and deeper layers provide the best performance of the
trained networks, indicating that an increase in representational ability increases the
MLP’s ability to estimate CSI. We do not however further extend the hyperparameter
search grid as an increase in performance is diminishing and the larger architecture poses

more computational complexity to train.

Since we can show that larger networks provide better results, we only train MLP networks

with an architecture of 4 layers and 1 000 nodes per layer for the delay profile and Doppler
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Table 4.4: Best performing structural hyperparameters validation set MSE loss for MLP

trained on noiseless data.

Depth
Width 1 2 3 4
10 1.05e-1  9.92e-2 9.29e-2 6.12e-2
100 5.45e-2 4.39e-2 4.39e-2 4.07e-2
1000  5.36e-2  3.73e-2 3.5le-2  3.29e-2

spread datasets. Furthermore, we do not extend the range hyperparameter sweep for the
structural parameters as we only need an architecture with enough representational ability

to provide consistent CSI estimations.

Training hyperparameters

Further investigating the initial noiseless dataset we find that a learning rate of le-3
provides the best performance for all batch sizes. We also observe that the performance
increases as batch sizes increase, prompting us to increase the hyperparameter search
range. We extend the batch size range to {32, 128, 256, 512}, allowing more data to
be passed through the MLP before a gradient update is done. As the optimal learning
rate is found in the middle of the search range, the learning rate search range remains

unchanged.

Batch normalisation

In Section 4.5.1, we found that using non-Euclidean data for an MLP trained on noiseless
data was troublesome. The failure of the network to compete with LS CSI estimation
leads us to investigate architectural hyperparameters. Since layer width and depth do
not affect the MLP’s ability to identify the position of the discontinuity, we look to the
activation function and batch normalisation layers. We have seen TanH used in the CSI

estimation field before, so we chose to investigate batch normalisation.

It has been suggested by Santurkar et al. [69] that batch normalisation does not reduce
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internal covariance shifts, as stated by S. Ioffe et al. [48], but instead smooths the opti-
misation landscape, leading to more predictable gradient behaviour. Santurkar et al. [69]
state that this is possible as batch normalisation reparameterises the underlying optimi-
sation problem. We hypothesise that smoothing of the optimisation landscape by batch
normalisation is why the MLP has difficulty identifying the discontinuity. This hypoth-
esis is formed since the region of the optimisation landscape where the discontinuity is

recognised may be a very sharp point that is possibly being smoothed over.

We test this hypothesis by retraining the MLP on noiseless data using the angle and abso-
lute representation but removing batch normalisation layers. Comparing the architecture
hyperparameter results from the sweep in Table 4.4 to the results in Table 4.5, we find
that larger networks do several orders of magnitude better when batch normalisation has
been removed. Testing these new hyperparameter combinations on the noiseless test set,

we obtain a BER of 0 as reported in Section 4.2.

Table 4.5: Best performing structural hyperparameters validation set MSE loss results

for MLP trained on noiseless data and no batch normalisation layers.

Depth
Width 1 2 3 4
10 8.41e-2 9.45e-2 1.27e-1 1.95e-1
100 5.41e-2  4.46e-2 2.54e-2 1.14e-3
1000 4.71e-2 1.65e-3 9.49e-8 6.33e-8

These results show that batch normalisation has a smoothing effect on the results between
different hyperparameter combinations, providing more consistent results in the hyperpa-
rameter landscape. This is stated as more diverse results are found in the hyperparameter
landscape when batch normalisation is removed. These more diverse results lead to MLPs

that can recognise the position of discontinuity in the feature representation.

We further investigate the properties of batch normalisation in the hyperparameter land-
scape by training an MLP on the noisy dataset using the QI representation. By perform-
ing two hyperparameter sweeps, with and without batch normalisation, we investigate
the effect of batch normalisation on Euclidean features. We report these results over the

training hyperparameters in Table 4.6 and Table 4.7, including and not including batch
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normalisation, respectively.

Table 4.6: Validation set MSE loss results over grouped training parameter for noisy data

with QI values as features.

Learning rate
Batch size  1le-5 le-4 le-3 le-2
32 5.28e-3 5.22e-3 5.49e-3 2.64e-2
128 5.32e-3  5.22e-3 5.49e-3  1.40e-2
256 5.33e-3  5.26e-3 5.56e-3 9.37e-3
512 5.36e-3  5.3le-3  5.56e-3  7.39e-3

Table 4.7: The same setup as in Table 4.6 but including batch normalisation.

Learning rate
Batch size le-5 le-4 le-3 le-2
32 5.47e-3 5.64e-3 5.37e-3 6.33e-3
128 5.47e-3 5.50e-3 5.36e-3 5.75e-3
256 5.48¢-3 5.48e-3 5.47e-3 5.66e-3
512 5.46e-3 5.47¢-3 5.57e-3  5.59e-3

From the results shown in Table 4.6 and Table 4.7 we see that adding batch normali-
sation provides consistency between results in the hyperparameter landscape. However,
removing batch normalisation provides us with the best performing network from both
sweeps. This network’s performance increase is negligible, so we choose to include batch
normalisation in future networks. We make this choice as a smoother hyperparameter
landscape reduces training time, leading to fewer search grid extensions being needed in

the optimisation process.

Conclusion

It is thus concluded that while batch normalisation has a desirable effect on the training
process, it may be detrimental to certain feature representations. We can, however, mit-
igate the harmful effects of batch normalisation by using Euclidean data representations

and possibly including networks without batch normalisation when probing new datasets.
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4.5.3 Observed performance

We test the ability of the training protocol and MLP architecture by training MLPs on
the three delay profile datasets. This training protocol is implemented as described in
Section 4.4 with the difference that all networks are 4 layers deep and 1 000 neurons wide,

along with the adaptation made to the batch size search range in Section 4.5.2.

We examine the performance of the best networks on both their test set and the test
sets of the other delay profiles in Table 4.8. The BERs show that networks perform
best on the delay profile they were trained on and are comparable to or outperform
results obtained by an LS implementation. This degree of cross-condition generalisation,
especially with neighbouring delay profiles, is promising, as delay profiles are continuous

and ever-changing in real-world channels.

Table 4.8: BER of MLP networks trained on one delay profile train set and applied to

the same or other delay profile test sets.

Trained on  EPA EVA ETU
EPA 3.97e-3 1.10e-2 3.63e-2
EVA 4.82e-3 6.88e-3 1.57e-2
ETU 6.69¢-3  8.35e-3  1.16e-2

LS Method 1.20e-2 1.43e-2 3.28e-2

We further test the ability of the MLPs by training on the Doppler dataset. In Table 4.9,
we observe that the best performing hyperparameter combination outperforms LS and is

comparable with MMSE at lower Doppler frequencies.

Table 4.9: BER of different equalisation methods on the Doppler dataset with various

amounts of Doppler spread.

Doppler spread MLP LS MMSE

(Max Hz)
50 6.99¢e-3 1.38e-2  8.6e-3
100 8.0le-3 1.45e-2  8.6e-3
200 9.13e-3  1.5e-2  8.6e-3

Investigating the cases in which bit errors are made for the Doppler dataset, we find that

most errors are made when the CSI estimates approach zero. In Figure 4.2, we observe
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both the QI of the CSI and equalised bits produced by the MLP. CSI points estimated
around zero lead to exploding symbols in the equalised symbols. This is due to the noise

enhancement problem discussed in Section 3.7 and is, for the time being, unavoidable.
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Figure 4.2: CSI estimate produced by the MLP in attenuated channel conditions and the

resulting equalised symbols obtained when equalising with the estimated CSI.

4.6 Conclusion

This chapter uses a sound training protocol to analyse the effect of different data represen-
tations and hyperparameter choices. In the process, we found that data representations
containing discontinuities are unsuitable for our use case. Furthermore, we find how batch
normalisation can be removed to help find discontinuities in the feature representation
but is better utilised to reduce variation in hyperparameter sweep results. Finally, us-
ing appropriate hyperparameters and feature representations, we train MLPs capable of

contending with MMSE CSI estimators in Doppler channel conditions.

Moving forward, we advance the architecture to convolution layers that perform better
on data where neighbouring points have location-based correlations, as is the case in our
data. Furthermore, we look to improve generalisation by training networks over an SNR
range instead of only a single SNR. By attending to these aspects, we move closer to

understanding deep learning for CSI.
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Chapter 5

CSI estimation using ResNet

In this chapter we compare the generalisation ability of a CNN-based architecture to an

MLP architecture using different noise distributions in datasets.

5.1 Introduction

This chapter investigates using a ResNet model on the CSI estimation task and developing
an appropriate dataset structure for the rest of this study. First, we discuss the ResNet
architecture and how the dataset’s samples are adjusted for the CNN layers. The ResNet
architecture is then trained and tested to evaluate its generalisation ability on different
SNR. Finally, a combined SNR dataset is proposed, developed and tested. Note that

sections of this chapter has been published by Oosthuizen et al. [21].
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5.2 ResNet architecture

In Chapter 4, we use an MLP architecture to estimate CSI. The drawback of this archi-
tecture is that the two-dimensional slot is reduced to a one-dimensional tensor. By losing
one dimension, we lose valuable spatial-temporal information. CNNs, however, can take
the correlation between neighbouring subcarriers into account in several dimensions with
their convolution layers. This feature of CNNs is important as Delay profiles and Doppler

spread introduce fluctuations of CSI in both the time and frequency domains.

For the architecture in this chapter, we use the adaptation of the generator network
proposed by Zhao et al. [16]. This generator network is a residual network containing
four residual blocks, as discussed in Section 2.3.1, and relies on pre-upscaling of CSI data
from pilot symbols, as opposed to the built-in upscaling of the original SRGAN, as can
be observed in Figure 5.1.

Generator Residual block
Batch norm
x| x| x| x PreRelLU
Q Q Q Q
5 E S| 9|98 5| E S| E Convolution
- = S o| o o o = S = S
H 2| < = = == 2| £ 2| € I'_‘I Batch norm
LS ™1 8| £ g 2 2 s 15[ 12|87 PreReLU
S| = A E R S| d S| = Convolution
© || & g & & & @ | & ON =
Output

Figure 5.1: Mlustration of the modified SRGAN’s generator network developed by Zhao
et al. [16] and used in this study.

5.3 Data samples

In order to use the ResNet architecture we need to present our data samples in the
appropriate manner. We use slots with 4-QAM modulated symbols for the samples.
After the CSI has been extracted using the 4 pilot symbols, the LS algorithm is used as a

73



pre-upsampling method. An LS estimate of the same dimensions as the target CSI is thus

used as input samples for the ResNet. To better replicate the input data of SRGAN (a

three-feature RGB image), we extend the features to the absolute value of the QI symbols,

the normalised Quadrature (Q) amplitude, and the normalised In-phase (I) amplitude.

We normalise the QI components by dividing the amplitudes with the absolute value of

the QI symbols. Thus, we fully take advantage of the spacial temporal nature of the data

with the CNN by supplying the input as a 12x7x3 data sample, as can be seen in Figure

5.2.
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Figure 5.2: An illustration of a CSI constellation diagram with 10 dB antenna noise being

translated to an input data sample with three features. Each QI symbol translates to a

1x3 point in the data sample and the data sample dimensions correspond to the subframe

size selected, in this case, a slot.

5.4 Noise generalisation ability

In this section, we test the ability of the ResNet to generate CSI by training networks

using a hyperparameter search. We repeat this for three SNR datasets. By establishing

a training protocol to train networks with, we are able to evaluate the generalisation
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ability of the ResNet. We compare the generalisation ability of the ResNet to the MLP

architecture used in Chapter 4.

5.4.1 Training protocol

We train all models using the Adam optimiser and MSE loss function. In addition, we look
only to optimise learning parameters for the hyperparameter search since the architecture
has shown good performance in similar CSI estimation environments [16]. As indicated in
Table 5.1 we sweep over batch size, learning rate and weight decay. All sweeps are done

over three initialisation seeds and the result reported is the average of three networks.

Table 5.1: The value ranges that the initial hyperparameter grid search uses to search for

optimal training hyperparameters.

Parameter Values
Learning rate 1le-03, 5e-04, 1le-04, 5e-05, 1e-05
Batch size 4, 16, 32, 64, 128
Weight decay 0.1, 0.5, 0.9

The dataset for this experiment is generated for channels with 1 dB, 10 dB and 20 dB noise,
resulting in three datasets. Datasets contain 20 000 training samples, 5 000 validation
samples and 5 000 test samples, the same as in the previous chapter. Noise levels of 1
dB, 10 dB and 20 dB are selected as SNR as they are spaced sufficiently and above the
noise floor at 0 dB and in the range where BER would not be 0 for MMSE estimators.
All datasets used to train the network in this chapter are simulated using a channel with

an EVA delay profile and 50 Hz of Doppler spread.

5.4.2 Generalisation results

The hyperparameter search results indicate that the best performance is obtained at a
small batch size and learning rate, while a weight decay value of 0.5 performs best. The

BER of the best performing hyperparameter combinations on the test set of their trained
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SNR and neighbouring SNR are depicted in Table 5.2. We see that each network performs

best on the dataset they are trained on can generalise over different SNRs.

Table 5.2: BER of ResNet networks trained on different SNR and tested over all datasets’

test sets.

Trained on SNR (dB) Tested on 1 dB Tested on 10 dB  Tested on 20 dB

1 1.95e-1 5.00e-2 1.53e-2
10 1.99e-1 4.43e-2 7.35e-3
20 2.14e-1 4.64e-2 6.78e-3

The ResNets trained on 10 dB SNR show the smallest drop in generalisation performance
between SNR compared to the other training datasets. This is because 1 dB SNR is
extremely noisy, and the data distribution is not similar to the distribution of 20 dB
data and vice versa. The data distribution of the 10 dB dataset is in between these two

extremes and thus provides the best generalisation of the three datasets.

5.4.3 Generalisation comparison

We compare the results of ResNet’s generalisation ability to the final MLP architecture
used in Chapter 4 by training the MLPs on the same datasets used to test ResNet in
this chapter. From the BER results in Table 5.3 we can see that the ResNet outperforms
the MLP results in performance and generalisation in all cases except one. This improve-
ment in BER performance between architectures supports our decision to focus only on

convolution-based architectures.

Table 5.3: BER of MLP networks trained on different SNR levels and tested over all

datasets’ test sets.

Trained on SNR (dB) Tested on 1 dB  Tested on 10 dB  Tested on 20 dB

1 2.01e-1 5.49e-2 2.64e-2
10 2.02e-1 4.76e-2 9.34e-3
20 2.08e-1 4.94e-2 6.98e-3
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5.5 Combined SNR dataset

Knowing that both CNN and MLP networks have reduced performance due to weak
generalisation over the SNR range, we investigate an alternative training strategy to help
improve generalisation. In this section, we propose and investigate the effects of a set
of combined datasets containing a mixture of all the SNRs using a relevant metric and

decide on which distribution performs best for the ResNet architecture.

5.5.1 Experimental protocol

For this experiment, we create weighted datasets of 30 000 samples: 20 000 training sam-
ples and 10 000 validation samples. Since we know that 10 dB SNR provides the best
generalisation, we investigate which SNR, low or high, gives the best generalisation perfor-
mance if the number of samples is unevenly distributed to one side. We thus inspect three
training datasets: evenly distributed, high noise distributed, and low noise distributed.

The distribution of samples in each dataset is described in Table 5.4.

Table 5.4: The number of SNR samples included in each distributed dataset.

Dataset Number of 1 dB  Number of 10dB  Number of 20 dB
samples samples samples
10 000 10 000 10 000

Even Noise Distribu-
tion Dataset (ENDD)

150 10 000 0
High Noise Distribu- 5 000 000 5 000

tion Dataset (HNDD)

5 000 10 000 15 000
Low Noise Distribu-

tion Dataset (LNDD)

We retrain the models using a similar hyperparameter search, with weight decay kept at

0.5, and the learning rate refined to {5e-04, le-04, 1e-05}.
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5.5.2 Distributed dataset results

The hyperparameter search on the new datasets shows that the networks still perform best
when trained using small learning rates and batch sizes. We observe consistent results
between datasets by evaluating the best hyperparameter combinations’ generalisation
ability and performance in Table 5.5. However, we see that the HNDD provides better
BER performance for 1 dB SNR and the same for the LNDD for 10 dB and 20 dB SNR.
Furthermore, all combined datasets perform close to the individually trained networks in
Table 5.3, thus showing generalisation over the SNR range with no additional training or
architecture costs. The LNDD improves on the individually trained BER results for 10
dB and 20 dB SNR data due to the inclusion of noisier data in the training set.

Table 5.5: BER of MLP networks trained on different SNRs and tested over all datasets’

test sets.

Trained on dataset Tested on 1 dB Tested on 10 dB Tested on 20 dB

ENDD 1.95e-1 4.45¢-2 7.02¢-3

HNDD 1.95e-1 4.46e-2 7.56e-3

LNDD 1.97e-1 4.44e-2 6.67¢-3
5.5.3 PICDB

An extension of BER used in this study is PICDB, a comparative metric showing the
percentage increase of bits correctly demodulated between two BERs. We use this metric
as some BERs in this study are too close to observe the impact on figures or tables
accurately. PICDB also has a normalising effect on different SNRs as we make use of a
percentage, enabling different SNRs to be compared. We calculate PICDB by dividing the
ratio of correctly classified bits of our BE R, by the ratio of correctly classified bits of our
reference BE Ry before calculating the percentage in Equation 5.1. From this equation,
we gather that if the PICDB provides a positive value, it means that BER; performs
better than the reference BER,, while if PICDB is negative, it means that BER; has
less correctly classified bits than BE R,.
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PICDB = (——==—
¢ (1—BER2

— 1) % 100 (5.1)

5.5.4 Final results

In selecting a combined dataset for further training, we ensure that the dataset that
provides the best performance in correctly decoded bits is selected. For this reason, we
introduce PICDB, which uses the BER metric to show the difference in classified bits

between two networks.

By examining the PICDB of the single SNR trained network against the distributed
datasets in Figure 5.3 and the generalisation results in Table 5.5 we decide to use the
ENDD. In this figure, we see the large percentage of incorrectly classified bits the LNDD
has for 1 dB SNR, while the HNDD performs the same as the ENDD. Examining the
area under each graph makes the ENDD approach the clear choice for further datasets.
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Figure 5.3: PICDB of the CSI generated by estimators trained on the ENDD, HNDD and
LNDD with respect to single SNR trained CSI estimators, shown over the test set.

79



Evaluating the performance of the networks trained with a single SNR (separate net-
works), the ENDD, LS estimation and MMSE estimation in Figure 5.4, we see that the
ENDD is comparable with the separately trained networks. Furthermore, we observe that
we outperform MMSE and LS estimation methods with this CNN implementation using
only slot-sized samples. This dataset thus allows the network to optimise its approach to
the multi-SNR problem in the training phase and improve generalisation results over the

entire range.

1
0.1
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Figure 5.4: BER of the combined dataset training method, single SNR trained networks,
MMSE and LS estimators over the SNR range, shown over the test set.

5.6 Conclusion

This section introduces a ResNet architecture using LS estimations as inputs to the CSI
estimation task. The ResNet, which is capable of extracting spatial-temporal features,
outperforms the MLP architecture from Section 4 when trained on a dataset consisting
of samples with single SNR of noise. We thus move forward using ResNet which uses
a multidimensional input compared to the MLP’s input that removes spatial-temporal

coherence.
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We find that ResNet networks generalise poorly when trained only on a single SNR of
noise, so we investigate distributed SNR datasets, which are datasets containing samples
with different amounts of SNR. Training networks using these datasets, we obtained
networks comparable with the single SNR trained networks. In fact, the network trained
on a distributed SNR dataset generalises better than any of the networks trained on a
single SNR dataset; we thus have single networks able to contend with three networks over
the SNR range due to an improved training set. Evaluating the final BER performance
of the networks trained in this section and baseline methods, we find that the ResNet

networks outperformed the LS and MMSE estimators.

Moving forward, we further refine the datasets by adding more SNR increments to the
range of noise represented in the dataset. We also consider increasing the datasets’ sample

sizes and introducing adversarial training to further increase network performance.
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Chapter 6

CSI estimation using GANSs

This chapter introduces adversarial training to the CSI estimation task in a SISO envi-

ronment.

6.1 Introduction

In this chapter, we investigate the effect of adversarial training on CSI estimation, as
well as how different input sample sizes affect network performance. We first introduce
the dataset used in this section and describe how the training protocol is adjusted for
adversarial training. Next, we discuss the three adversarial architectures used in this
study and evaluate initial results. Finally, we examine the effect of increased input sample
sizes on these adversarially trained networks. Note that sections of this chapter has been

published by Oosthuizen et al. [21].
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6.2 Dataset

After the exploratory experiments into the simulation and dataset in Chapters 4 and 5,
we present the Enhanced Even Noise Distributed Dataset (EENDD). After discussing the
EENDD we compare the results of ResNet networks trained on previous datasets to the

EENDD to ensure that additions to the dataset are not hindering network performance.

6.2.1 Enhanced even noise distributed dataset

In this section, we use the evenly distributed SNR method tested in Section 5.5 to generate
the EENDD on which to train and test the networks. We expand the SNR used in the
dataset from 1 dB, 10 dB and 20 dB SNR to SNR incremented in steps of 1 dB from 1 dB
to 20 dB, with all SNRs having the same number of samples in the dataset. Furthermore,
we generate three datasets for this chapter, each with a different input sample size: 12x7,
24x14 and 120x14. The total size of each dataset is increased to 40 000 training samples,
10 000 validation samples and 10 000 test samples. We continue using an EVA delay
profile with 50 Hz Doppler spread as channel impairments. Finally, we use 16-QAM
modulated data for evaluation instead of 4-QAM, as 4-QAM only requires the CSI to

correct the symbol phase, while 16-QAM requires accurate amplitude correction as well.

6.2.2 Dataset evaluation

To evaluate the validity of the EENDD, we compare the results of networks trained on the
EENDD and the distributed SNR datasets introduced in Section 5.5, using the training
protocol described in Section 6.3. We observe the PICDB of these networks using the
EENDD'’s unseen test set to compare ResNets trained on the EENDD to ResNets trained
on the distributed SNR datasets in Figure 6.1.

From Figure 6.1, we observe that the HNDD performs the worst on almost all SNRs while
the ENDD outperforms the other datasets after 9 dB SNR. Unlike the results found in
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Section 5.5, the HNDD and LNDD do not perform best on the SNRs they were trained on.
The performance shift towards the ENDD can be attributed to the inclusion of amplitude
in the demodulation process, as 16-QAM modulation differentiates between symbols in
both amplitude and phase, which was not the case with the 4-QAM symbols studied in
Chapter 5.
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Figure 6.1: PICDB of the data demodulated by CSI generated from networks trained on
SNR distributed datasets with respect to EENDD CSI estimators, shown over the test

set with 16-QAM symbols using 12x7 input sample sizes.

Averaging the PICDB result over the SNR range for the distributed SNR training sets
against the EENDD, Table 6.1, shows that the ENDD training set provides the best
performance. However, the margin by which the ENDD outperforms the EENDD is so

minor that we consider this as equal performance.
Table 6.1: Average PICDB over all SNRs of ResNet networks trained on different noise
distributed datasets compared to the EENDD.

Data distribution  ENDD HNDD LNDD
PICDB (%)  1.45e-3 -1.09e-1 -3.88¢-2

The performance of the EENDD against LNDD and HNDD again shows that the correct
distribution has been selected. The minor margin between the ENDD and the EENDD

indicates that adding samples for more SNR’s values to the dataset does not affect the
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overall performance. Furthermore, indicating that enough training samples were included

in the ENDD and this applies as well to the EENDD.

6.3 Training protocol

In this chapter, we train four architectures over three sample sizes equalling 12 different
network architectures. The four architectures being compared is the standard ResNet
followed by ResNet networks trained using adversarial training methods. Each network
architecture will go through an independent hyperparameter sweep to ensure that a good

architectural and training hyperparameter combination is found for the specific conditions.

We once again train the networks using Adam as an optimiser. The initial hyperparameter
search is conducted as shown in Table 6.2. Initial testing also included adding different
amounts of noise to samples before presenting them to the discriminator and not training
the discriminator every epoch. These methods, however, did not show significant changes
in generator performance and were left out of the hyperparameter search. Hyperparameter
sweeps are extended from this initial sweep if the best performing results are found on
the edge of the search grid. The full hyperparameter search range for each network and
dataset combination can be found in Appendix A.2. Due to the computational expense
of adversarial training, we do sweeps over one randomisation seed and retrain the best
hyperparameter combination over two additional seeds to ensure consistent and repeatable

results.

Table 6.2: Hyperparameter ranges used for the initial sweeps before being expanded to

wider sweeps.

Hyperparameter Value
Generator LR le-3, le-4, le-5
Discriminator LR 1e-3, le-4, le-5
Discriminator ratio 1le-2, le-3, le-4
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6.4 Architectures

This section introduces the three adversarial training approaches and their evaluation
using the EENDD. The generators and discriminators in this section each have identical
architectures but differ in how they interact in the training process with the proposed
training architectures. Discriminators are trained in the same manner as described in
Section 2.5. Equations in this section are shown for single samples but are implemented

in sample batches using an optimiser.

6.4.1 Adversarial ResNet

The first adversarial architecture we implement is the architecture proposed by Zhao et
al. [16]. This architecture evaluates the generator G, the ResNet architecture introduced

[HR

in Section 5.2, using the MSE between the output and the target sample C'S , as seen

in Equation 6.1:
leontent = MSE(G(CST*), CSI™H). (6.1)

The discriminator D accepts the real sample as input and attempts to correctly classify

the sample as real or fake using a BCE loss function, as observed in Equation 6.2:
ladversarial = BCE(G(CS[LR>, 1) (62)

The flow of the adversarial GAN’s adversarial training is shown in Figure 6.2.
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Content Adversarial
loss loss

Generator Discriminator

Figure 6.2: A representation of the composition of the content and adversarial loss in

Adversarial ResNet.

6.4.2 SRGAN

We implement SRGAN as described by Ledig et al. [5] with the exception of the internal
upsampling layers. The internal upsampling layers are removed so that all of the architec-
tures have identical generator and discriminator architectures, ensuring that the method
of adversarial training is analysed and not the architecture. SRGAN extracts the features
¢ of the CSI estimate provided by the generator and uses these features to calculate the

content loss, as shown in Equation 6.3:

lcom&ent = MSE(d)(G(CSILR))a ¢(CS]HR)) (6?))

The adversarial loss is obtained by providing the CSI estimate, before feature extraction,

to the discriminator, as previously shown in Equation 6.2.

The flow of the SRGAN’s adversarial training is shown in Figure 6.3.
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Figure 6.3: A representation of the composition of the content and adversarial loss in

SRGAN.

6.4.3 Modified SRGAN

Modified Super Resolution Generative Adversarial Network (MSRGAN) is proposed in
this study as a combination of adversarial ResNet by Zhao et al. [16] and SRGAN by
Ledig et al. [5] The proposed network combines the CSI-based content loss with the
feature extractors used in SRGAN. As a result, the content loss is obtained the same way
as in Adversarial ResNet, using the MSE between the output and the target sample, as

seen in Equation 6.4:

Leontent = MSE(G(CSIF), 0 STHR), (6.4)

MSRGAN, however, places a feature extractor between the generator and discriminator,
thus providing the discriminator with feature maps instead of CSI estimates, shown in

Equation 6.5:

ladversarial = BCE<¢(G(CSILR))7 1) (65)

The flow of the MSRGAN’s adversarial training is shown in Figure 6.4.
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loss loss
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Generator — Feature extractor ——— Discriminator

Figure 6.4: A representation of the composition of the content and adversarial loss in

MSRGAN.

By providing the discriminator with extracted features instead of the generated CSI, we
aim for accurate CSI estimations from the generator while obtaining feedback from the

discriminator to increase the feature accuracy of the generator.

6.5 Adversarial training on small input size

This section evaluates the three proposed adversarial training methods against a non-

adversarially trained ResNet, using a 12x7 input sample size.

We compare the adversarial ResNet, SRGAN and MSRGAN to non-adversarial ResNet
using PICDB in Figure 6.5. The results in Figure 6.5 indicate that the two networks with

feature extractors are outperformed on every SNR by adversarial and non-adversarial

ResNet.
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Figure 6.5: PICDB of the CSI generated by adversarially trained networks with respect
to non-adversarially trained ResNet for an input sample size of 12x7, shown over the test

set.

Figure 6.5 illustrates that the feature extractor does not provide benefit in adversarial
training for networks with a 12x7 input sample size. Furthermore, we observe that a
content loss based on features, like in SRGAN, impairs the ability of the generator to make
CSI estimations that are comparable with CSI-based content loss. Lastly, we observe that
adversarial ResNet is comparable with non-adversarial ResNet over the entire SNR range

when slot-sized input samples are used.

6.6 Adversarial training over increased input sizes

In this section, we evaluate the effect of increased input sample sizes on the adversarial
and non-adversarial networks. As ResNet is the baseline, we first compare input sample
sizes using the non-adversarial network before comparing adversarial to non-adversarial

training over larger input sample sizes.
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6.6.1 ResNet using different input sample sizes

To evaluate the impact of different input sample sizes on the networks’ CSI estimation
accuracy, we train three networks, each using a dataset with different input sample sizes.
The selected sizes for the samples are 12x7 (as used thus far in the study), 24x14 (2
adjacent subframes) and 120x14 (10 adjacent subframes). We compare these networks
using the unseen test sets against an LS estimation over the entire resource grid using
PICDB in Figure 6.6. From these results, we see that moving from a 12x7 to 24x14
input sample size increases performance more than moving from a 24x14 to a 120x14
input sample size. We further note that the ResNet network obtains the most significant

increase in performance at lower SNRs.
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Figure 6.6: PICDB of the CSI generated by non-adversarially trained ResNet with respect

to an LS estimation for three input sample sizes, shown over the test set.

When investigating the difference in CSI estimates between a 12x7 estimator and 24x14
estimator we can deduce why the increase in performance exists. We compare the estima-
tors under the same CSI conditions by taking four 12x7 estimations and comparing the
results to a single 24x14 estimation and the target CSI in Figure 6.7. Each colour in the
figure represents a slot of data. Figure 6.7 thus compares the same number of subcarrier

estimations, but with different input sample size networks. Comparing the two estima-
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tors, we see that the 24x14 estimator obtains CSI slots which transition more seamlessly
from one to the other in both the time and frequency domain. These smoother transitions
are possible because the 24x14 estimator has more information on adjacent slots than the

12x7 estimator and thus leads to more accurate CSI estimations.
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Figure 6.7: Figures depicting the CSI estimates of four 12x7 estimators, one 24x14 esti-

mator and the perfect CSI for the same channel conditions.

6.6.2 Adversarial training using different input sample sizes

Seeing the effect that increased input sample sizes have on ResNet performance over all
SNRs, we train adversarial networks on these increased input sample sizes. We train the
three adversarial networks on datasets with input sample sizes of 24x14 and 120x14 and

compare these networks to a ResNet trained on the same input sample size.

Evaluating the comparison of the 24x14 input sample size in Figure 6.8, we observe that
the networks perform slightly differently than when trained on 12x7 input sample slots in
Figure 6.5. First, we can see that MSRGAN has increased its relative performance over
the entire SNR, making it comparable with ResNet and Adversarial ResNet. However,
SRGAN still underperforms with respect to other networks over all SNRs. These results
indicate that the feature extractor used in MSRGAN is not hindering performance, as

might have been indicated in Figure 6.5, but only requires larger input sample sizes to be
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Figure 6.8: PICDB of the CSI generated by adversarially trained networks with respect

to non-adversarially trained ResNet for an input sample size of 24x14, shown over the

test set.

Similar network performance is observed in the networks trained on 120x14 input sample

sizes in Figure 6.9. Adversarial ResNet and MSRGAN are both still comparable with
ResNet, while SRGAN is underperforming in all networks.
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Figure 6.9: PICDB of the CSI generated by adversarially trained networks with respect

to non-adversarially trained ResNet for an input sample size of 120x14, shown over the

test set.

By averaging the PICDB of the networks over the SNR range for each input sample size in
Table 6.3, we can observe the overall result of each network. The results in Table 6.3 show
that Adversarial ResNet only slightly underperforms ResNet over all input sample sizes,
while SRGAN underperforms ResNet significantly. Finally, we observe that MSRGAN
increases in performance as the input sample sizes increase. The correlation between
input sample size and MSRGAN’s performance is linked to the feature extractor network
as adversarial ResNet does not follow this trend, and the feature extractor is the only

difference in architecture between the networks.

Table 6.3: Average PICDB over all SNRs of adversarially trained networks trained on

different input sample sizes compared to a ResNet of the same input sample size.

Adversarial ResNet SRGAN MSRGAN

12x7 -4.97e-3 -4.73e-1  -1.27e-1
24x14 -1.20e-2 -2.73e-1  -9.36e-3
120x14 -9.75e-3 -2.45e-1  -4.27e-4
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6.7 Conclusion

In this chapter, we use a finalised dataset to train adversarial architectures with different
input sample sizes in a SISO environment. From the result, we deduce that the networks
used in this chapter obtain increased performance as the input sample size increases.
Furthermore, we also find that adversarial ResNet and MSRGAN contend with non-
adversarial ResNet on larger input sample sizes. Finally, SRGAN consistently performs

worse than the other networks used in this chapter.

Using these trained networks we move on to investigate their performance in MA envi-

ronments.
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Chapter 7

Analysis of multi antenna

environments

In this chapter, we investigate how adversarial and non-adversarially trained networks,
trained in a SISO environment, perform in MA environments and compare this to how

the networks perform against the LTE benchmark.

7.1 Introduction

In this chapter, we apply the networks trained in Chapter 6 to MA environments to observe
the effect of adversarial training in environments in which the networks were not trained.
The networks are deployed in these MA environments to evaluate the generalisation of
networks between environments. We first discuss the simulation parameters in which we
will test these networks, followed by an analysis of the receiver diversity method. Finally,
we discuss the results obtained from the MA environment and evaluate the results against
LTE benchmarks. Note that sections of this chapter has been published by Oosthuizen
et al. [21].
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7.2 Simulation setup

To test how the trained networks perform in MA environments, we utilise the simulation
developed in Chapter 3 to simulate MA environments. Using the simulation, we imple-
ment transmitter and receiver diversity as described in Section 3.6. We simulate the SNR
range of 20 dB incremented in steps of 1 dB from 1 dB to 20 dB used to train the networks
with an EVA delay profile and 50 Hz Doppler spread. Each SNR in the simulation is im-
plemented over 20 resource grids with unique randomisation seeds for data and channel
conditions that can be reproduced for each network. This simulation setup ensures that
the results in this chapter are delivered at acceptable confidence levels for both BER and

model variation as discussed in Appendix A.3.

From Figure 7.1, we see that we use already trained CSI estimation networks, that we
train in the Python environment, in our Matlab® simulation. Due to the limitations
imposed by Matlab®’s deep learning toolbox, we convert our PyTorch networks to Open
Neural Network Exchange (ONNX) formatted networks. To achieve this, we use the
ONNX package available in Python, which converts the trained generators from Chapter
6 to networks that can be imported to Matlab®. To ensure that the conversion is suc-
cessful, we run inference on both formats using randomly generated inputs and obtain
the same results. These converted models are then imported to Matlab® where they are
implemented as CSI estimators, replacing our baseline LTE CSI estimators in the simu-
lation. Note that we compare networks under the same antenna diversity conditions, e.g.

2x2 ResNet with 2x2 SRGAN and never 2x1 ResNet with 2x2 SRGAN.
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Figure 7.1: The interconnection of environments when importing trained models from

Python to Matlab.

This simulation enables us to deploy trained networks in an MA environment in order to

obtain the BER of symbols equalised using these CSI estimators.

7.3 Results

In this section, we compare the performance of networks that used different training
methods in MA environments using different input sample sizes. Once again, we use the
PICDB metric to compare our adversarially trained networks to our non-adversarially
trained networks, as was done in Section 6.5. We first investigate receiver diversity,
followed by transmitter diversity and then compare the results of our networks to LS and

MMSE in these environments.

7.3.1 Receiver diversity results

We test the trained networks’ CSI estimates in receiver diversity environments by imple-

menting the EGC method with two and four receiving antennas.

Observing the performance of the 12x7 input sample size in Figure 7.2, we note that the

adversarially trained networks do not perform similarly to what they have in the SISO
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environment. Adversarial ResNet performs in a similar way to the non-adversarial ResNet.
SRGAN and MSRGAN underperform non-adversarial ResNet, especially at higher SNRs,
with MSRGAN outperforming SRGAN over much of the SNR range. We also note that
with more receive antennas, the divide in relative performance between non-adversarial
ResNet and the adversarial networks in the same diversity environment is wider than with

fewer antennas.
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Figure 7.2: PICDB of the CSI generated by adversarially trained networks with respect
to non-adversarially trained ResNet for an input sample size of 12x7 in a receiver diversity

environment.

Figure 7.3 shows the performance of networks using 24x14 sample sizes. From the figure,
we can see that adversarial ResNet outperforms non-adversarial ResNet in both antenna
cases. Furthermore, MSRGAN also provides increased performance compared to non-
adversarial ResNet at higher SNRs. Lastly, we see that SRGAN outperforms all networks
at low SNRs, which can also be noted in Figure 7.2.
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Figure 7.3: PICDB of the CSI generated by adversarially trained networks with respect to
non-adversarially trained ResNet for an input sample size of 24x14 in a receiver diversity

environment.

Networks using 120x14 input sample sizes performance can be seen in Figure 7.4. This
figure shows MSRGAN being competitive with non-adversarial ResNet at lower SNRs but
dropping below non-adversarial ResNet at higher SNRs, but not as low as in Figure 7.3.
Adversarial ResNet slightly underperforms non-adversarial ResNet over the entire SNR,

along with SRGAN, which only outperforms all networks at low SNRs.
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Figure 7.4: PICDB of the CSI generated by adversarially trained networks with respect to
non-adversarially trained ResNet for an input sample size of 120x14 in a receiver diversity

environment.

We observe the average PICDB of these networks over the entire SNR range in a 1x2

receiver diversity simulation in Table 7.1. This table shows that non-adversarial ResNet
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is the network of choice for most input sample sizes. The exception is Adversarial ResNet

and MSRGAN using a 24x14 input sample size.

Table 7.1: Average PICDB over all SNRs of adversarially trained networks in a receiver

diversity environment with two receiving antennas compared to a ResNet network.

Input sample size | Adversarial ResNet SRGAN MSRGAN
12x7 5.60e-3 -3.84e-1  -1.92e-1
24x14 1.19e-1 -2.04e-1  1.98e-2

120x14 -2.81e-2 -2.43e-1 -2.7e-2

Observing the performance of the same network in a 1x4 receiver diversity environment

in Table 7.2 we see similar results to Table 7.1.

Table 7.2: Average PICDB over all SNRs of adversarially trained networks in a receiver

diversity environment with four receiving antennas compared to a ResNet network.

Input sample size | Adversarial ResNet SRGAN MSRGAN
12x7 2.58e-3 -5.44e-1  -2.92e-1
24x14 1.53e-1 -2.78e-1  5.26e-2

120x14 -2.41e-2 -3.55e-1  -7.03e-2

From Table 7.1 and Table 7.2, we observe the importance of input sample size, with some
adversarial networks showing increased performance over the non-adversarial ResNet. We
specifically focus on MSRGAN, which performs very poorly with small input sample sizes
but shows increased performance with larger input sample sizes. Adversarial ResNet,
on the other hand, shows increased performance over non-adversarial ResNet at an in-
put sample size of 12x7 and 24x14 but a weaker performance at a 120x14 input sample
size. Observing the networks over the entire SNR range we observe that adversarial net-
works tend to outperform non-adversarial ResNet at low SNR, especially as the input size

increases.
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7.3.2 Transmitter diversity results

We test the trained networks’ CSI estimates in transmitter diversity environments by

implementing the Alamouti method with one and two receiving antennas.

Observing Figure 7.5 in which an input sample size of 12x7 is used, we see that Adversarial
ResNet is comparable with non-adversarial ResNet. MSRGAN and SRGAN underperform
non-adversarial ResNet over the entire SNR range, with MSRGAN performing better than
SRGAN. We also note that adding a receiving antenna improves the performance of the
networks trained with feature extractors relative to non-adversarial ResNet.
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Figure 7.5: PICDB of the CSI generated by adversarially trained networks with respect
to non-adversarially trained ResNet for an input sample size of 12x7 in a transmitter

diversity environment.

Figure 7.6 displays the PICDB of networks using an input sample size of 24x14. The fig-
ure shows that both Adversarial ResNet and MSRGAN are comparable to non-adversarial
ResNet. SRGAN still underperforms the other networks, but again shows more compa-
rable results when an additional receiving antenna is added. We also note that SRGAN

increases relative performance after around 12 dB SNR.
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Figure 7.6: PICDB of the CSI generated by adversarially trained networks with respect

to non-adversarially trained ResNet for an input sample size of 24x14 in a transmitter

diversity environment.

The performance of networks using 120x14 input sample sizes can be seen in Figure 7.7.
This figure shows that all adversarial networks underperform non-adversarial ResNet for
most SNR ranges. We observe similar characteristics as in Figure 7.6 where SRGAN

improves in performance and additional antennas improve relative performance between

networks.
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Figure 7.7: PICDB of the CSI generated by adversarially trained networks with respect
to non-adversarially trained ResNet for an input sample size of 120x14 in a transmitter

diversity environment.

Averaging the PICDB over the entire SNR range for the networks with a single receiving

antenna in Table 7.3 shows that no network outperforms non-adversarial ResNet.
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Table 7.3: Average PICDB over all SNRs of adversarially trained networks in a transmitter

diversity environment with one receiving antenna compared to a ResNet network.

Input sample size | Adversarial ResNet SRGAN MSRGAN
12x7 -7.14e-3 -1.07 -3.22e-1
24x14 -1.93e-2 -5.48¢e-1  -1.85e-3

120x14 -5.32¢e-2 -4.79e-1  -1.31le-1

Similar results to Table 7.3 can be found in Table 7.4 where averaging the PICDB over

the entire SNR range for the networks with two receiving antennas is shown.

Table 7.4: Average PICDB over all SNRs of adversarially trained networks in a transmitter

diversity environment with two receiving antennas compared to a ResNet network.

Input sample size | Adversarial ResNet SRGAN MSRGAN
12x7 -1.26e-3 -7.30e-1  -2.15e-1
24x14 -3.65e-2 -3.63e-1  -1.05e-2

120x14 -3.95e-2 -3.30e-1  -8.83e-2

From Table 7.3 and Table 7.4, we note that networks respond differently to the increase
in input sample sizes. For example, adversarial ResNet decreases relative performance
as input sample size increases, while SRGAN shows an increase in relative performance
under the same conditions. In addition, MSRGAN prefers an input sample size of 24x14
over the other input sample sizes. Observing the networks over the entire SNR range
we see that relative performance between networks increases as the number of receiving

antennas increases.

7.4 Discussion

This section discusses the results of Section 7.3 in which we applied adversarial and non-
adversarial trained networks to SISO and MA environments. We first compare the relative
results of our networks between SISO and MA environments, followed by a discussion of

why adversarial training outperforms non-adversarial training in receiver diversity envi-
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ronments.

7.4.1 SISO vs MA

Comparing the results of the adversarial and non-adversarial networks between SISO and
MA environments, we observe inconsistent performance in terms of which network per-
forms best of those trained. In Section 6.6 we observe that non-adversarially trained
networks outperform all adversarial training methods in a SISO environment. Adversar-
ial ResNet and MSRGAN are comparable when observing the entire SNR range, while
SRGAN underperforms all training methods over the entire SNR range. This is, how-
ever, different in MA environments, with adversarial training methods outperforming

non-adversarial training on some occasions, specifically in receiver diversity.

The alteration in which training method performs best as the deployment environment
changes indicates that MA environments have different aspects of importance than SISO
networks. This change in which training method performs best also indicates that ad-
versarial training changes subtle features of the data in the estimated CSI compared to

non-adversarial trained network estimations.

7.4.2 Receiver diversity discussion

We inspect the receiver diversity case as this is where adversarial methods outperform non-
adversarial training, as seen in Figure 7.3. To find the difference in estimation between
training methods, we observe cases in which an adversarially trained network correctly
demodulated a symbol while non-adversarial ResNet did not. We find that these cases
occur when one or more of the channels in the MA environment is experiencing deep

attenuation.

It is found, using the evaluation dataset used in Chapter 6, that when one of the chan-
nels experiences deep attenuation, the final symbol of the ResNet estimated environments

would be much larger than is expected of a symbol, while Adversarial ResNet and some-
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times MSRGAN would be in the expected QI range. This occurrence of larger symbols was
especially the case for the 24x14 input sample size. These “exploding symbols” are caused
by the enhanced noise problem discussed in Section 3.7. For this reason, we investigate

how the different training methods make estimations in deep attenuation situations.

In Figure 7.8 we display the number of CSI estimations made that are smaller than
5e-2 for both Q and I components using the SISO evaluation set over the entire SNR
range. The figure shows that all networks predict more deep attenuation than is actually
happening on the channel. Observing the number of estimations made by networks with
24x14 sample input sizes, we see that Adversarial ResNet and MSRGAN are lower than
ResNet. We also observe that MSRGAN is the only training method that decreases the

number of estimations as the input sample size increases.
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Figure 7.8: The number of CSI estimations made by networks that are smaller than 5e-2

for both Q and I components over the entire SNR range, using the test set.

Using the same dataset, we also investigate the number of equalised symbols with the
absolute value of the largest QQ and I of the expected symbols transmitted in a 16-QAM
modulation scheme larger than 3, as this indicates our enhanced noise problem. We

display the number of symbols in this range for each SNR in Figure 7.9 for the networks
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with a 24x14 input sample size. The results in Figure 7.9 explain the behaviour of the
networks in Figure 7.3 as the number of large equalised symbols correlates with network
performance. We observe SRGAN having fewer large symbols at low SNRs than other
networks before adversarial ResNet becomes the network with the least symbols over the
rest of the SNR range. This coincides with SRGAN outperforming all networks at low
SNRs in Figure 7.3.
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Figure 7.9: The number of symbols larger than 3 for both (3 and I components equalised

using different networks’ CSI estimations over the SNR range, using the test set.

7.4.3 Enhanced noise problem in receiver diversity

The ability of networks to avoid the enhanced noise problem is an advantage in receiver
diversity environments. By avoiding large equalised symbols, the final averaging of sym-
bols becomes more accurate. For example, when observing Figure 7.10 we can see that
when we have two channels, one of which has deep attenuation, we have one correctly

demodulated symbol and one incorrectly demodulated symbol.
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Figure 7.10: This figure indicates the effect small CSI estimations and enhanced noise can
have in a receiver diversity system, by comparing symbols equalised using slightly larger

and smaller CSI estimates.

The distance by which the incorrectly demodulated symbol is demodulated is, however,
of importance and is dependent on the accuracy of the CSI estimation and the effect of
noise enhancement. If the CSI estimation is small and noise enhancement takes place,
the demodulated symbol can be placed much farther from the correct placement than a
symbol with a larger CSI estimation with less enhanced noise effect. After averaging the
two symbols, we can see that the equalised symbol with less noise enhancement produces a
symbol with only one bit error compared to the alternative situation, which has multiple-

bit errors.

Based on these reasons, we find that adversarially trained networks that avoid small esti-
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mations perform better in receiver diversity environments. However, this estimation char-
acteristic cannot be observed in SISO results because the placement of equalised symbols

in deep attenuation situations does not consider the extent of the incorrect placement.

7.5 Benchmark comparison

From the results obtained in this chapter, non-adversarially trained ResNets with an input
sample size of 120x14 perform best of all NNs. Using these networks, we compare the BER
of equalised symbols using non-adversarial ResNet, LS and MMSE as CSI estimators.

In Figure 7.11, we see that ResNet slightly outperforms LS and MMSE over the entire
SNR range in a SISO environment. Considering the results from Table 6.3, we also know

that adversarial ResNet and MSRGAN would provide similar performances.
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Figure 7.11: BER of 16-QAM equalised symbols in a SISO environment using ResNet,
MMSE and LS CSI estimators over the SNR range, shown over the test set.

Figure 7.12 shows how ResNet outperforms the other estimation methods in a receiver

diversity implementation with four receiving antennas. ResNet outperforms the other
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methods by several dBs of SNR, over a range of SNR, before MMSE becomes competitive
at 18 dB SNR. This figure displays the strengths of ResNet under high noise in MA

environments.
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Figure 7.12: BER of 16-QAM equalised symbols in a receiver diversity environment with
four receiver antennas using ResNet, MMSE and LS CSI estimators over the SNR range.

We see a continuation of these results in Figure 7.13 when the CSI estimators are applied
to a transmitter diversity environment with two receiving antennas. In this figure, we see

that ResNet outperforms the other methods by several SNRs over the entire range.
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Figure 7.13: BER of 16-QAM equalised symbols in a transmitter diversity environment
with two receiver antennas using ResNet, MMSE and LS CSI estimators over the SNR

range.

All of these results indicate the ability of the ResNet architecture to outperform traditional
LTE CSI estimation methods. The investigation of MA environments also shows that more
relative performance is to be gained when antenna diversity is applied, even when using

networks trained in SISO environments.

7.6 Conclusion

In this chapter, we investigate the ability of adversarial and non-adversarially trained
networks in MA environments. We find that the performance of networks in a SISO envi-
ronment is not indicative of performance in an MA environment, as adversarially trained
networks outperformed non-adversarial trained networks in certain instances. Further-
more, based on the deployment environment and input sample size, the networks also
behaved differently from the results obtained in the SISO environment in which they

were trained.
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Investigating the cases in which adversarial training outperformed non-adversarial train-
ing, we find that receiver diversity implementations are more sensitive to the position of
equalised symbols in the QI plane. Adversarial ResNet and MSRGAN using input sam-
ple sizes of 24x14 could take advantage of this characteristic to outperform ResNet by
reducing the number of small CSI estimations. This characteristic was brought to light

by adversarial training and was not detectable in the SISO evaluation results.

Finally, we evaluate the best performing networks to LTE CSI estimators over SISO and
MA environments and find that ResNet outperforms all baselines discussed in Section
3.7. ResNet outperforms baselines by several dBs of SNR, in some cases up to 4 dB,
which equals doubling the transmitting signal strength. In addition, it is noted that non-
adversarial ResNet using a 120x14 input sample size was the best performing network in
all environments. We expect larger sample sizes to keep increasing performance, but due
to the computational expense of networks with large input sizes we do not investigate this

further.

Some of these results confirm the claims made by Zhoa et al. [16], indicating that ad-
versarial training can increase the BER of CSI estimators in certain conditions. We do,
however, indicate that adversarial training does not always increase performance and, in

certain conditions, can significantly decrease the BER obtained by CSI estimators.
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Chapter 8

Conclusion

In this chapter we discuss key findings and the implications of these findings. We also

identify research questions for future work.

8.1 Introduction

The main goal of this study is, as discussed in Chapter 1, to investigate adversarially
trained networks in MA environments. In this chapter, we conclude this study by com-

paring the work done to the objective set in Section 1.3. These objectives are:

e Investigate channel impairments found in wireless communication environments by

simulating channels with a variety of impairments to generate CSI datasets.

e Make use of different data features and dataset compositions to investigate how

deep learning networks trained on different CSI datasets compare with each other.

e Apply adversarially and non-adversarially trained networks to the CSI estimation

task.
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e Investigate adversarial network implementations in MA environments for the CSI

estimation task.

We do this by reviewing key findings, observations and summarising the contributions

made by this study. Finally, we propose research questions for future work.

8.2 Key findings

In this section, we discuss the key findings of this study. All of these findings are made
using channels with an EVA delay profile and 50 Hz of Doppler spread using ResNet as a
base architecture that is trained using different adversarial training methods to estimate

CSI over a range of SNRs.

e We found that increasing the range of SNRs represented by samples in the training
dataset increased the ResNets’ generalisation ability in a SISO environment. Using
a single network trained on a distributed dataset of three separate SNRs we obtain
performance comparable with an implementation that uses three separate networks
each trained on a dataset evaluating a single SNR value. We thus obtain comparable
CSI estimation performance over a range of SNRs at a third of the computational

training and deployment cost by adapting the training dataset.

e We found that adversarial training does not provide any consistent advantage over
the traditional training method in a SISO environments. Adversarial ResNet and
MSRGAN, however, provide similar BER than non-adversarially trained ResNet at
certain SNRs, thus showing that they can be capable CSI estimators in SISO envi-
ronments. When considering the entire SNR range we observe that non-adversarially
trained networks provide on average, over the SNR range, the best performance of

all tested networks.

e In investigating MA environments we found that adversarial ResNet and MSRGAN

with 24x14 sample input sizes refrain from estimating small CSI values compared
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to ResNet and SRGAN. CSI estimations that have fewer small-valued estimations
provided better results in receiver diversity environments due to avoiding the noise
enhancement problem which creates large QI points when equalised. This difference
in CSI estimations could not be detected in the SISO environment using standard

evaluation metrics.

8.3 Observations

In this section, we discuss the observations made in this study that are not critical to the
problem statement but nevertheless played an important role in the study. We start with

the observations made when investigating our dataset using MLPs and CNNs:

e We find that structural hyperparameters of an MLP architecture can play a role
in the network’s ability to estimate CSI. Structural hyperparameters are adjusted
and are found to potentially increase network performance as the network’s size is

increased.

e From the investigation into feature representation of data samples we find that
MLPs have difficulty interpreting CSI data that is non-Euclidean, especially if noise

is introduced to the input samples.

e Batch normalisation was found to produce smooth hyperparameter search grid re-
sults when training MLPs on noisy data. It was, however, found that MLPs could
interpret simple non-Euclidean data better if batch normalisation was removed from

MLPs.

e When implementing the ResNet architecture using the developed dataset it was
found that the spatial-temporal abilities of CNNs outperformed MLPs, which in

turn was comparable with the LTE baselines.

Using the ResNet architecture proposed by Zhao et al. [16] and the EENDD developed
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in this study we observe the following when investigating several adversarial training

methods and MA environments:

e Increasing the input sample size of the ResNet architecture results in an increase
in performance. This is due to the increased number of subcarriers available to the

ResNet, allowing for a more accurate transition between slots.

e Deploying networks trained in a SISO environment in an MA environment has

varying results that are not consistent with SISO performance, such as:

— Adversarial networks that use feature extractors in training perform consid-
erably worse at small input sample sizes, especially when compared to SISO

environment results.

— Networks with larger input sample sizes that are adversarially trained can out-

perform non-adversarially trained networks in receiver diversity environments.
— In some instances SRGAN networks can outperform other networks at low

SNRs.

e We find that using increased input sample sizes increases the performance of all

networks.

e The non-adversarially trained ResNet with an input sample size of 120x14, outper-

forms all other networks and benchmarks in this study in all antenna environments.

8.4 Contributions

In this study, we evaluate the performance of a set of NNs, trained in a SISO environment,
in MA environments and make findings that contribute to the knowledge of CSI estimation

problem using deep learning. These contributions are:

e A study into the composition of CSI generated datasets for deep learning that

include aspects such as:
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— Channel impairments on final equalised data
— Feature representation of data samples

Dataset size

SNR distribution of sample amounts in the dataset

Input sample sizes

e We created an environment for LTE data generation and MA environment model
analysis in Matlab® that allows for training and exporting deep learning models

from Python to Matlab®.

e The introduction of an adversarial training architecture that makes use of a feature

extractor without impacting network performance.

e Indications that in certain MA environments adversarial training can increase net-

work performance even if this is not evident in the training environment.

8.5 Future work

Based on the findings of the study, we identify additional research questions:

e To what extent can input sample sizes be increased before BER stops increasing?

e Can the performance of deep learning networks for the CSI estimation task be in-

creased by training networks in MA environments instead of the SISO environment?

e Are there alternative deep learning architectures that are more responsive to adver-

sarial training than ResNet for CSI estimation?

e Are there further MA methods that show increased performance when using CSI
estimators that have been trained adversarially and have estimation features that

are unseen in the training environment?
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8.6 Conclusion

CSI estimation plays an important role in the wireless communication systems we use
daily, especially with new standards that transmit over increasingly difficult-to-estimate
channels. With adversarial training methods obtaining state-of-the-art results in com-
puter vision tasks we investigate the use of this training method on CSI estimation that
has previously found success from computer vision methods. This study presents the
use of adversarial training to increase the performance of deep learning-based CSI esti-
mators without increasing the deployment cost of networks in certain antenna diversity
environments. In addition, the study shows a clear mismatch between the environments
CSI estimators are trained and tested in. We hope that the work presented in this study
leads to future work in deep learning-based CSI estimators using adversarial training,

specifically in MA environments.
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Appendix A

Supplementary content

A.1 Appendix: Chapter 3

In this section, we validate our simulation using published results that use similar methods
and systems. By making this comparison we ensure that our simulation code base can
be used as a creditable data source and test bed. This comparison also confirms the
validity of all physical layer blocks and their implementation as presented in Figure 3.1.
In addition, we will be validating the following implementations that were not directly

imported from an accredited Matlab® package:

Resource block population

Pilot symbol insertion

LS CSI estimator

Symbol equalisation using CSI

We compare our simulated results with those of Mehmood et al. [70] as their simulation
setup is similar to that constructed in this study. We simulate a physical layer LTE

transmission in a SISO environment using the conditions described by Mehmood et al. [70]:
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4-QAM modulation

EVA delay profile

120 Hz Doppler spread

Resource block size of 900x14

LS CSI estimator

By adapting the simulation created in Chapter 3 to these conditions, we compare the
BER over a range of 0 to 20 dB SNR to the results of Mehmood et al. [70]. To ensure
consistency, each SNR is simulated until at least 200 bit errors are found. In Figure A.1 we
see that the simulation developed in this study produces results comparable to Mehmood

et al. [70]. We include error bars in this figure representing a 95% confidence interval.

1

0.1
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m == Baseline
0.01 === Study simulation
0,001
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SNR (dB)

Figure A.1: A BER comparison between the results of Mehmood et al. [70] for a SISO
channel and the simulation created for this study. The error bars represent a 95% confi-

dence interval.

This comparison thus validates all implementations which trustworthy sources have not

provided.
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A.2 Appendix: Chapter 5

In order to ensure that appropriate hyperparameters are used in the training of our
ResNets, we start with an initial hyperparameter sweep. This sweep is extended if the

best performing hyperparameters were found at the edge of the hyperparameter range.

If hyperparameter search grids were extended for a network, the search grid is also ex-
tended for all other networks using the same input sample size. We do this to ensure that
the trained networks are comparable to other networks using the same input sample size.
Tables A.1, A.2 and A.3 each refer to the final hyperparameter range used for training

different input sample sizes.

Table A.1: Hyperparameter ranges used for the grid search for an input sample size of

12x7.

Hyperparameter Value
Generator Learning Rate (LR)  1le-3, le-4, le-5
Discriminator LR le-3, le-4, 1e-5
Discriminator ratio 0, le-2, 1e-3, 1le-4

Table A.2: Hyperparameter ranges used for the grid search for an input sample size of

24x14.

Hyperparameter Value
Generator LR le-3, le-4, 1le-5
Discriminator LR 1e-2, le-3, le-4, le-5, le-6
Discriminator ratio 0, le-2, 1e-3, le-4

Table A.3: Hyperparameter ranges used for the grid search for an input sample size of

120x14.

Hyperparameter Value
Generator LR le-3, le-4, le-5, 1le-6
Discriminator LR 1e-3, le-4, le-5, le-6
Discriminator ratio 0, le-2, le-3, le-4
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A.3 Confidence

A.3.1 BER

In order to ensure that measured BER approaches actual BER, the number of bits tested
needs to approach infinity. We can, however, make use of confidence intervals to ensure
that the measured BER is within a certain confidence level of the actual BER. In order to
do this, we need to test a set number of bits for a given number of errors, or BER. Using
Equation A.1' we can calculate the confidence level of our BER measurement based on

the number of errors and tested bits.

CL=1-— 6—Tota1 bitsxBER (Al)

We use Equation A.1 to test the confidence level of the lowest measured BER in our
results. The lowest BER can be found in Figure 7.13 and is 7e-4 so we round down to
a BER of 1e-5. All test sets and simulations used in Chapters 6 and 7 transmit 672 000
bits that are used to calculate the BER. Using these metrics in Equation A.2 we obtain
a confidence level of 99.9%.

CL=1—¢ 070004150, — 9.99¢ — 1 (A.2)

This means that measured BER statistics obtained are accurate to actual BER, and

enough bits are tested for BER statistics given the BER levels we are working with.

A.3.2 DModels

Knowing that the BER statistics obtained by our models are accurate we move on to
model confidence. We train three models, each using different initialisation seeds for each
training architecture in Chapters 6 and 7. Results are reported for a specific training

architecture on the average BER obtained between these three networks.

https://edadocs.software.keysight.com/kkbopen/how-do-i-measure-the-bit-error-rate.
-ber-to-a-given-confidence-level-on-the-j-bert-m8020a-and-the-m8040a-high-performance.
-bert-588276182.html
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To ensure that the reported results are accurate, we test the most noteworthy result of
this study which is the receiver diversity PICDB results of networks with an input sample
size of 24x14 shown in Figure 7.3. We test these results by adding error bars showing
the standard deviation between the obtained BER of the three networks. Figure A.2
indicates these statistics for a receiver diversity environment with 2 receiving antennas,

while Figure A.3 shows 4 receiving antennas.
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Figure A.2: PICDB, with standard deviations, of the CSI generated by adversarially
trained networks compared to non-adversarially trained ResNet for an input sample size

of 24x14 in a receiver diversity environment with 2 receiving antennas.
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Figure A.3: PICDB, with standard deviations, of the CSI generated by adversarially
trained networks compared to non-adversarially trained ResNet for an input sample size

of 24x14 in a receiver diversity environment with 4 receiving antennas.

From the figures we see that at higher SNRs there is rarely an overlap between the adver-
sarial ResNet and MSRGAN with the 0% line. These results indicate that our previous
observations made in Section 7.4.2 that adversarially trained networks can outperform

traditionally trained networks in certain conditions still hold.
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A.4 Published work

A.4.1 Exploring CNN-Based Automatic Modulation Classifica-

tion Using Small Modulation Set
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Abstract—We investigate the effect of a reduced modulation
scheme pool on a CNN-based automatic modulation classifier.
Similar classifiers in literature are typically used to classify sets
of five or more different modulation types [1] [2], whereas our
analysis is of a CNN classifier that classifies between two modu-
lation types, 16-QAM and 8-PSK, only. While implementing the
network, we observe that the network’s classification accuracy
improves for lower SNR instead of reducing as expected. This
analysis exposes characteristics of such classifiers that can be
used to improve CNN classifiers on larger sets of modulation
types. We show that presenting the SNR data as an extra data
point to the network can significantly increase classification
accuracy.

Index Terms—Automatic Modulation Classification, In-phase
and Quadrature-phase (I/Q) symbols, Deep learning

I. INTRODUCTION

In this paper we investigate a deep learning based ap-
proach to automatic modulation classification (AMC). AMC
is used in the telecommunications field to identify trans-
mission modulation schemes without this information being
explicitly communicated between transmitters and receivers.
AMC reduces overhead in communication and allows for
effective switching between modulation schemes in cognitive
radio applications. In the past, AMC has been implemented
with statistical [3] and machine learning methods, such as
clustering [4] and support vector machines [5]. In recent years
deep learning architectures such as multilayer perceptrons
(MLPs) and convolutional neural networks (CNNs) have been
applied to the problem and have shown better performance
over the more traditional approaches with regard to both
accuracy and speed [6].

This paper investigates classification behaviour of deep
neural networks on modulation types under additive white
Gaussian noise (AWGN), by classifying between two mod-
ulation schemes, both varying in type and order. By using
a reduced modulation pool for classification, we are able to
better understand how a CNN interacts with an AMC task.

II. RELATED WORK

There exist several methods to approach AMC using deep
learning models [7]. Most approaches supply some constella-
tion data obtained from raw signal data to a neural network.
How the constellation data is presented to the neural network
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does, however, vary depending on the method. Popular meth-
ods include presenting the quadrature and in-phase data points
of constellation diagrams in a 2 x N array, where N is the
number of data points [2], or presenting the constellation plots
as images [8]. The last method often contains several stages
of feature extraction and pre-processing before the data is
presented to the network.

CNNs are typically used for AMC problems [7] and
function by presenting the input data to convolutional layers.
The convolutional layers extract features from the data by
making use of filters, also known as kernels. After feature
extraction, the convolutional layers are flattened and passed to
dense layers that make use of the previously extracted features
to perform classification [9], [10].

For our study we use a CNN structure, similar to the
network used by Yongshi et al. [2], that receives constellation
data points rather than images as inputs. The reason for this is
to simplify the investigation of the neural network, since pre-
processing and presentation of image data to CNNs add extra
levels of analysis to the process. We make use of 16th order
quadrature amplitude modulation (16-QAM) and 8th order
phase-shift keying (8-PSK) modulation schemes as input, as
both the order and method of modulation differ between the
two.

III. EXPERIMENTAL SETUP

A. Data

The data is presented as complex values of the signal
constellation in the I/Q plane generated using Matlab version
2020b. A random bit stream source is modulated in baseband
using one of two modulation types (8-PSK or 16-QAM).
The modulated data is sent over an additive white Gaussian
noise (AWGN) channel with varying normalised signal-to-
noise (SNR) ratios (E,/N,) with an average signal power of
1W over 192. The complex valued channel symbols are then
grouped into samples containing 1024 constellation points of
each symbol’s in-phase and quadrature component. Thus, each
sample consists of 1024 32-bit real and 1024 32-bit imaginary
data points to create a 2 x 1024 sized data set.

The SNR, E,/N,, is discretely stepped over the range of -15
dB to 5 dB in 1 dB increments to create training, validation
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and evaluation sets respectively. The number of generated data
samples per E,/N, is listed in Table I.

TABLE I
NUMBER OF DATA SAMPLES GENERATED PER Eg/No OF A MODULATION
SCHEME, AS WELL AS THE TOTAL SET SIZE OVER 21 SNR RANGE.

Modulation Train Validation Test
8-PSK 1 000 500 1 000
16-QAM 1 000 500 1 000

Total set size 42 000 21 000 42 000

The training and validation sets are used in the training
process as described below, while the evaluation sets are kept
separate to evaluate the performance per Ey/N, level.

B. Baseline architecture

The classifier architecture is based on that of Yongshi et
al. [2], but with fewer nodes in the hidden dense layer. The
hidden dense layer is reduced to 100 nodes, as the number of
modulation types to classify has been reduced. This change is
made to improve the training time and throughput of the net-
work. The network consists of two convolutional layers that
are ReLu-activated [11], makes use of batch normalisation,
has no padding and a stride of 1. A max pooling layer, with
a stride of 2, is placed between the convolutional layers to
reduce the complexity of the network. After the convolutional
layers a linear layer with 100 nodes is placed, followed by
the classification layer (also a linear layer) with 2 outputs [2].

C. Training protocol

The same training protocol is followed for all networks.
Networks are trained with the Adam [12] optimiser using a
cross-entropy loss function. Adam is selected for its ability
to adapt the learning rate of different parameters, and cross-
entropy loss is used for its good performance in classification
problems [9], [10]. Since ReLU activation functions are used,
the weights of the network are initialised using a uniform
Kaiming initialisation [13].

The following hyperparameters are optimised: learning
rate, batch size, and weight decay (L2 penalty). We selected
these hyperparameters, as preliminary tests showed that they
have noticeable effects on the model’s performance. Hyper-
parameter tuning is performed using grid searches on the
predefined CNN architecture, by comparing the networks’
results on the validation data set. The grid search is performed
over different learning rates {0.01, 0.001, 0.0001}, batch sizes
{32, 512}, weight decay values {0, 0.001, 0.01} and 3 random
initialisation seeds. The initialisation seeds are used to ensure
a particularly strong or weak network initialisation does not
affect the results. We also make use of a grid search over
the architecture by varying the convolution kernel width {4,
16, 32, 64} and amount of dropout {0, 0.5} hyperparameters
[14].

To ensure the network trains until it convergences, the
network is trained for a minimum of 50 epochs, after which
the training is terminated when no improvements in validation
accuracy is found in the last 20% of epochs. Early stopping is
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then implemented by selecting the epoch at which the model
achieved its highest classification accuracy on the validation
set.

IV. ANALYSIS AND RESULTS

A. Classification performance

The goal of this experiment is to analyse the behaviour
of a CNN classifier on two modulation schemes of different
types and orders that exposes fundamental characteristic when
using a data point driven constellation diagram input.

From the classification accuracy and average class recall
of the baseline architecture network in Figure 1, we can see
that the model classifies well for SNRs above 0 dB. At lower
SNRs the accuracy decreases as the signal falls below the
noise floor. We also see an increase in accuracy when the
number of kernels is increased to 36 kernels. Varying other
hyperparameters revealed that adding dropout and using a
weight decay value of 0.01 also increases accuracy and that
the model generalises better on the validation set. The final
hyperparameters for the baseline architecture can be found in
Table II.

TABLE II
HYPERPARAMETERS OPTIMISED FOR THE BASELINE ARCHITECTURE.
Parameter Value
Learning rate  0.0001
Batch size 32
Dropout 0.5
Weight decay 0.01

Kernel width 36

An interesting observation to make from Figure 1 is the
unexpected improvement of the declining 8-PSK classification
accuracy at very low SNR. The 16-QAM classification also
increases slightly, but not as much as 8-PSK. This observation
is strange, as we usually expect modulation classifiers to show
reduced classification ability as noise increases until a reliable
classification can no longer be made and the network shows
50% classification accuracy.

-« PSK recall
QAM recall
Classification
accuracy

Accuracy (%)

EbiNo (d8)

Fig. 1. Average classification accuracy (over 3 seeds) of the baseline
architecture using optimised hyperparameters, for the evaluation data set
with range of -15 dB to 5 dB. The average recall of 16-QAM and 8-PSK,
respectively, is also shown.
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B. Analysis of low SNR artefact

In order to find out why this increase in accuracy at lower
Ey/N, exists, we investigate whether this effect is due to
the boundaries of the range of SNRs evaluated. Using the
same training hyperparameters, the network was retrained for
two ranges of the SNR, namely [-20;0] and [-10;10]. This
investigation is also used to establish if the improvement in
accuracy is tied to certain SNRs, or to a Ey/N,, position in the
range. In addition, we investigate the effect of architectural
changes to the neural network to ensure the artefact is not
caused by lack of representational ability. The neural network
will be adapted in the following ways:

« Increasing the dense layer node count from 100 to 1 000
« Changing the convolution layer kernels from 36 to 512
o Adding an extra convolution layer

To ensure well-defined results, each one of these changes is
applied independently from the other.

388

—[-20: 0
— [155]
—[-10:10)

Accuracy (%)
38833

& 5

20 15 -10 5 0 5 10
EbNo (dB)

Fig. 2. Baseline network evaluation set performance when the network is
trained on -20 dB to 0 dB, -15 dB to 5 dB and -10 dB to 10 dB SNR ranges,
respectively.

When using the same baseline architecture as before but
changing the Ey/N, range, Figure 2 shows a similar trend
to that observed before. Figure 2 indicates that the increase
in accuracy occurs at lower E,/N, values, irrespective of the
input data range. However, it is observed that the accuracy
increase does not appear at a specific E,/N,. It should be
noted that accuracy fluctuations only appear after the 0 dB
accuracy descent and results near and above the noise floor
increase gradually as expected.
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Fig. 3. Evaluation set performances when the dense layer of the baseline
network is increased to 1 000 nodes (‘Dense layer’), the baseline network’s
convolutional layers are increased from 2 to 3 (‘CNN layers’) and the baseline
network’s convolution kernels are increased to 512 (‘CNN kernels’).

When increasing the size and complexity of the network,
Figure 3 shows a similar trend to that observed in the baseline
architecture, except for variations in the average validation
accuracy. Some of the methods change the shape and intensity
of the accuracy increase in the E,/N, range, but all still exhibit
the same artefact.

C. SNR-specific training

When observing Figure 1, we note that the increase in
accuracy at lower Ep/N, resembles models trained with SNR
pairs selection [15]. With pairs selection, the network is only
trained using two E,/N, data sets, instead of the entire range.
In some instances this may cause an increase in accuracy
surrounding the selected E,/N, pairs, especially in the low
Ep/N, range. To determine if this training method can give
insight into the occurrence of the increase at low SNRs,
we test how well the network can classify a single SNR’s
data by training baseline networks on only single SNR data
sets. We also test the generalisation of each network over the
entire SNR range to identify the classification abilities of our
network on low SNR data.

—_—1208
— 8.8
70 -4d8
65 — 0 dB
—_—B

Accuracy (%)
o
a

-15-14-13-12-11-10 9 8 -7 6 5 4 3 -2 -1 0 1 2 3 4 5
EbNo (dB)

Fig. 4. The performance of five baseline networks, each trained on a specific
dB value of SNR data and evaluated on the evaluation set.

From the classification accuracy of five baseline networks,
in Figure 4, obtained from SNR-specific training, we see that
each Ep/N, could be classified above 90% accuracy over the
-15dB to 5dB range, showing that the network can classify
between the two modulation types, even when large amounts
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of noise is added, if the task is restricted to a narrower noise
range. Furthermore, this shows that the network is indeed able
to classify accurately at lower E,/N, levels.

e
accuracy

Accuracy (%)
g

1234567809101112131415161718192021
EbNo (dB)

Fig. 5. Classification accuracy of a baseline network trained using only
-8 dB data and evaluated on the evaluation set. The recall of 16-QAM and
8-PSK, respectively, is also shown.

From the classification accuracy and class recall of a
baseline network trained on -8 dB data as shown in Figure
5, it is seen that networks trained on lower Eu/N, data
tend to generalise poorly to neighbouring Ep/N, values and
only show accuracy above 50% for one to two neighbouring
Ey/N, ranges before falling into a bias classification of 50%.
Networks trained on Ep/N,values above 0 dB E,/N,, however,
show good generalisation, especially to higher E,/N, ranges
than the Ey/N, it is trained on. Accuracy of networks trained
on high SNR data do however decrease when approaching
and passing the noise floor at 0 dB E,/N,.

The knowledge that the network can accurately classify
at any SNR level in our entire range, but then does not
generalise well to other ranges, leads us to the observation
that different classification criteria are being utilised for each
SNR level, especially at lower SNRs. We can also see on
which Eu/N, level the network classifies accurately, not only
by the increase in accuracy but also by the point where
the network bias switches from 16-QAM to 8-PSK. This is
also seen in our original network (Figure 1), where accuracy
increases due to 16-QAM and 8-PSK classifications crossing
over at lower E,/N, levels. These observations suggest the
hypothesis that the network is prioritising certain Ey/N, levels,
or classification criteria, over others in the training process. By
prioritising certain lower E,/N, levels the network increases
the average validation accuracy.

D. Adding SNR as a feature

Knowing that the model can achieve an accuracy near
100% for any of the E,/N, levels within our range and
the hypothesis that the network is selecting specific E,/N,
ranges to optimise for, we turn to literature to find possible
clarification of this behaviour. Several deep learning AMC
networks [1] show increased accuracy when the Ey/N, dB of
the given constellation diagram is provided to the network to
aid in classification. Providing the Ey/N, level might allow
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the network to better optimise for the entire range, as it will
not be blindly selecting an area in the Ep/N,, range to optimise

for.

We provide the oracle E,/N, dB value to the network to test
if this additional information aids the network in optimising
better in the lower Ep/N, range. The Eu/N, value is provided
to the linear layer of the network after the initial feature
extraction has taken place in the convolutional layers, and
prior to classification based on the extracted feature maps.
By providing the Eu/N, values, we test if the network will
be able to adapt the classification criteria based on the Ep/N,
level.

From the classification accuracy of the network provided
with SNR data in Figure 6, we observe a substantial increase
in the validation accuracy across the entire Ep/N, range. By
providing the network with oracle E,/N, values, the network
is able to adjust its classification criteria based on the amount
of noise on the constellation data points.

— Baseline
—— SNRas a featue

Acauracy (%)

5 4 43 42 1 A0 9 8 7 6 5 4 3 2 1 0 1 2 3 4 8

EDNo(48)

Fig. 6. Classification accuracy on the evaluation set, comparing the baseline
network and a network where the SNR of the modulation scheme is presented
to the network as a feature.

E. Effect of SNR estimation accuracy

By providing the oracle E,/N, data, we create a much-
improved classifier for our binary classification problem. We
do, however, know that the performance greatly relies on
the provision of Eu/N, values using SNR estimation at the
receiver. This affects the implementation of this network in
practical applications as noise level estimation accuracy tends
to decrease at lower E,/N, levels [2]. To further understand
the robustness and generalisation of the SNR-tagged network,
we performed a sensitivity analysis.

The sensitivity analysis is conducted by generating statis-
tical noise within a given range, as if an error was made
when estimating the E,/N, value of the received signal, and
adding that to the provided Ey/N, data point when making a
classification. The evaluation set and best performing baseline
network is used for this analysis.

The results of the sensitivity analysis results for the baseline
architecture is shown in Figure 7. We observe that variations
within a 0.5 dB Ey/N, range do not affect classification
accuracy substantially, since all E,/N, still achieve above 95%
accuracy. It is only after variation over 1 dB is introduced that
the network’s classification accuracy is noticeably reduced,
especially at lower Ep/N,, levels.
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Fig. 7. A sensitivity analysis of SNR-tagged networks where the SNR input
is corrupted with increased levels of stochastic variance. This mimics the
effect of inaccurate SNR estimators.

This reduction in accuracy can be attributed to the network
being trained with Ep/N, step sizes of 1 dB, since as the
provided SNR value moves closer to a neighbouring value,
the generalisation of the classification criteria is reduced. The
generalisation effect can also be observed at higher Ep/N,
levels as high accuracy levels are still achieved, even at
high Ey/N, variation. This observation once again highlights
the specificity of the classification criteria needed to classify
accurately at low Ey/N, levels as opposed to above the noise
floor.

V. CONCLUSION

This paper uncovers and investigates an artefact that occurs
when implementing a modulation classifier for two modu-
lation schemes, which provides constellation diagram data
points as input to a CNN. It is found that the network
can classify accurately at low SNR levels when only trained
using specific Ey/N,’s data and that it generalises poorly to
neighbouring E,/N, values. Knowing that the problem does
not lie with the representational capacity of the network but
rather with how the network models the task, the SNR values
are provided as an additional input feature. This technique
significantly increases accuracy at low Eu/N, values as the
network now has reference to the classification criteria to
select when making a prediction. A sensitivity analysis of
the effect when the additional input features are corrupted
shows the weak generalisation of the classification criteria by
highlighting the drop in performance when SNR estimation
accuracy is low. This means that this network will only be of
use if a SNR estimator that can accurately predict Ey/N, at
low SNR is used. Moving forward, this network and method
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could be further researched to improve AMC for low SNR
environments.
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Abstract—The accurate estimation of channel state informa-
tion (CSI) is an important aspect of wireless communications. In
this paper, a multi-layer perceptron (MLP) is developed as a CSI
estimator in long-term evolution (LTE) transmission conditions.
The representation of the CSI data is investigated in conjunction
with batch normalisation and the representational ability of
MLPs. It is found that discontinuities in the representational
feature space can cripple an MLP’s ability to accurately predict
CSI when noise is present. Different ways in which to mitigate
this effect are analysed and a solution developed, initially in
the context of channels that are only affected by additive white
Guassian noise. The developed architecture is then applied to
more complex channels with various delay profiles and Doppler
spread. The performance of the proposed MLP is shown to be
comparable with LTE minimum mean squared error (MMSE),
and to outperform least square (LS) estimation over a range of
channel conditions.

Index Terms—Channel State Information, Deep learning,
Multi-Layer Perceptron, Long-Term Evolution

I. INTRODUCTION

Channel state information (CSI) is an integral part of
wireless communication standards, and combines all channel
impairments into a single estimation. Standards such as long-
term evolution (LTE) and WiFi use pilot symbols, known to
both the receiver and transmitter, to obtain CSI with one of
several estimation methods that vary in computational cost.
CSI is used to quantify the quality of the channel, which
can then be used to make decisions on modulation scheme
selection and transmission frequencies. CSI can also be used
to equalise received transmissions by applying the inverse of
the channel conditions, thus restoring data to its transmitted
state if the CSI is of adequate accuracy [1], [2].

As deep learning methods have gained traction in CSI
estimation in recent years [3], the field has seen many
implementations outperform statistical methods such as least
square (LS) [4], maximum likelihood (ML) [5] and minimum
mean squared error (MMSE) [6] estimation. These deep
learning implementations presented the input features to the
CSI estimation networks in several different ways and it
is unclear how the representation, specifically, affects the
training procedure or performance of neural networks.
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The paper is organised as follows: Related work is pre-
sented in Section II. Section III discusses the experimental
setup, including the dataset setup, MLP architecture and
training protocol; and is followed by an analysis of the results
in Section IV. Within Section IV, the feature representation,
hyperparameter choices and observed performance are dis-
cussed.

II. BACKGROUND

Deep learning has been successfully applied to the CSI
estimation problem using different deep learning architec-
tures, such as recurrent neural networks (RNNs), long short-
term memory (LSTM) networks and convolutional neural
networks (CNNs) [3]. The attractiveness of deep learning
methods has been accredited to the computational efficiency
of deep learning models (once trained) over techniques such
as MMSE that use resource-consuming matrix calculations. In
addition, Jiang et al. [7] state that the non-linear capabilities
of deep learning networks play an important role in estimating
non-linear channel conditions more effectively than linear
statistical methods. Finally, the data-driven nature of deep
learning is fitting for telecommunication implementations, as
ExaBytes of data is transmitted yearly [8] and real-world
conditions can easily be simulated to generate data.

Due to the data-driven nature of deep neural networks
(DNNs) [9] and the ease of training a multi-layer perceptron
(MLP) compared to other deep learning architectures, it is a
natural choice to apply an MLP to this task. MLPs and deep
neural networks have been shown to outperform LS methods
and contend with MMSE methods under complex channel
conditions [10], [11]. The task can be framed in different
ways, with either pilot points data or an already generated
CSI estimate of low quality as input. In related work, it was
seen that this data can be presented in several different ways
to DNNs, with main representations: as the angle and absolute
values [12], as complex values directly [13], and as quadrature
and in-phase components (QI) of this complex data [10].

More recently deep learning architectures have been im-
plemented to reduce the overhead caused by CSI in resource
allocation problems [14] and for estimation of CSI feedback
for 5G implementations [15]. These two papers both utilise
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different architectures and input features with Godala et
al. [15] using CNNs with real and imaginary input features
and Khan et al. [14] using DNNs and angular input features.

DNNs have many hyperparameters that play a role in their
performance. Some of these hyperparameters are related to
the dataset, such as the presentation of features or sample
size, while others are related to the architecture of the DNN.
There are also hyperparameters that control how the networks
are trained, such as optimisers and learning rates. When
confronted with these many interacting variables, it is crucial
to understand the impact of choosing one hyperparameter
over the other. Due consideration should also be given to
the specific range of hyperparameter values used when apply-
ing hyperparameter searches, as some hyperparameter values
perform better in combinations with specific values of other
hyperparameters.

This paper investigates the performance of an MLP in
predicting the CSI of a single input, single output (SISO)
channel setup under various LTE [16] channel conditions.
Within this context, the following questions are addressed:

« How should features be represented for CSI estimation?

« How sensitive are results to MLP architectural choices?

« What order of performance can be expected for channels
with different complexities?

In answering these questions, several observations are made
with regard to which feature representations perform best, and
how architectural choices influence the performance of MLPs
for CSI estimation.

III. EXPERIMENTAL SETUP

Synthetic data is generated and used to train an MLP. The
data generation process is described in Section III-A, the MLP
architecture (including the varied elements) in Section III-B,
and the hyperparameter optimization process in Section III-C.

A. Dataset setup

The initial dataset is generated using a SISO setup with
no noise and no delay profile through the LTE toolbox
available in Matlab®. The downlink transmission used in this
study makes use of orthogonal frequency-division multiplex-
ing (OFDM) with a bandwidth of 10MHz and short cyclic
prefixes. To ensure that only the performance of the MLP
is measured, no link level techniques are used and control
frames are removed as well.

Each data sample consists of a single slot containing 4 pilot
symbols. In Figure 1 we see that slots contain 7 OFDM signals
with 12 sub-carriers, each depicting a Quadrature Phase Shift
Keying (QPSK) modulated symbol. The input data is provided
to the MLP from the four pilot symbols, extracting 2 features
per symbol and then flattening the data into a single tensor
with a width of 8. This process is also applied to the target
data using the true CSI for the entire slot to produce a 168-
wide tensor. It is thus expected for the MLP to estimate the
true 168-dimensional CSI given the 8-dimensional input.
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Fig. 1. LTE frames contain pilot symbols used for CSI estimation.

Using these principles, several datasets are created to
train MLPs. The least complex dataset contains only primary
multipath effects since no delay profile or noise is added to
the channel. This is referred to as the ‘noiseless’ dataset. The
‘noisy’ dataset is similar to the noiseless dataset, except that
it adds 20dB additive white Gaussian noise (AWGN) to the
channel. To further test the MLP’s ability, delay profiles are
added to the noisy dataset making the channel more complex.
Each delay profile incrementally increases the complexity
of the multipath components sent over the channel. The
Extended Pedestrian A model (EPA), Extended Vehicular A
model (EVA) and Extended Typical Urban model (ETU) [17]
respectively represent low, medium and high delay spread
environments. These three datasets are called the ‘delay pro-
file’ datasets. Lastly, a ‘Doppler fading’ dataset is constructed
by adding Doppler fading to the EVA dataset. This process
of increasing complexity is used to investigate the effect of
different channel conditions on the MLP’s performance.

Each dataset consists of a training set of 20 000 samples
and a validation set of 5 000 samples. An unseen test for
each dataset consisting of 5 000 samples is also generated.
For each test set, the LS and LTE MMSE estimates are
calculated as a comparative baseline. The LS estimate has low
complexity and is obtained by linearly extrapolating the CSI
from known pilot data, while the standardised LTE MMSE
downlink estimation is obtained as described in [18]. These
two methods give an indication of how well the MLP is
performing against statistical CSI estimation methods.

B. MLP architecture

The deep neural network used in this paper is an MLP,
as MLPs consist of fewer architectural hyperparameters than
other neural networks such as CNNs or LTSMs. More com-
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plex architectures add an additional architecture selection
process during training. This paper thus uses the simplest
network to probe feature representation which other networks
can further utilise.

The MLP network has a general architecture consisting of
several layers of fully-connected neurons, each containing the
same set amount of neurons per layer. Between each layer
lies an activation function, as well as a batch normalisation
layer [19]. The activation function introduces non-linearity
into the model, enabling it to learn non-linear data distri-
butions and perform complex regression tasks. TanH is a
commonly used activation function for CSI prediction and
has shown promising results over other activation functions
for this task [20]. Batch normalisation is a concept that was
developed by loffe et al. [19] originally “to reduce internal
covariate shift” within neural networks but with additional
benefits becoming apparent over time. This method enables
accelerated training in neural networks by normalising acti-
vations between layers. Ioffe et al. also claim that less careful
initialisation of networks is needed to obtain a successfully
trained network if batch normalisation is present.

The depth (the number of hidden layers in a network)
and width (the number of nodes in a hidden layer) of the
network are considered structural hyperparameters in Section
III-C. Structural hyperparameters control the size of a network
and thus its representational capability. The representational
capacity of a DNN is a measure of the complexity of the
data distribution that the network is able to learn. It is
important to make the network large enough to solve the
problem, however, making the network too large makes it
computationally expensive to train and has been known to
create vanishing gradient problems.

C. Training protocol

All networks are trained using the Adam [21] optimiser and
the mean square error (MSE) loss metric. Adam is selected for
its ability to adapt the learning rate of the training algorithm
for each parameter individually. MSE is used as loss function
since this research is interested in the difference between
the real CSI and estimated CSI. All networks are trained to
convergence, and early stopping is used: the model is selected
at the epoch of best validation accuracy.

Different hyperparameters are assessed by using a hyper-
parameter grid search in which all possible combinations
of the selected hyperparameter values are applied. Each
combination of hyperparameters is also trained over three
random initialisation seeds to ensure that strong or weak
initialisation does not affect trend analysis over the sweep.
Presented loss and bit error rate (BER) results are the averages
over the three random seeds of a specified hyperparameter set.
Since exhaustive hyperparameter searches are conducted it is
important to select a wide range of hyperparameter values that
can be narrowed down if needed.

In the initial grid search, the protocol exhaustively search
over possible combinations of depth {1, 2, 3, 4} and width
{10, 100, 1 000}. At the same time the protocol also sweeps
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over batch size {16, 32, 64, 128} and learning rate{1e-02, le-
03, 1e-04, 1e-05}, referred to as the training hyperparameters.
This grid search thus contains 576 possible hyperparameter
combinations, including initialisation seeds. These hyperpa-
rameter ranges are chosen as the structural hyperparameters
provide sufficient representational capacity while still being
computationally feasible to train. The learning rate is selected
over a wide range of values, while the batch size selection
remains large enough to see effect but still be memory
conscious.

The best performing networks are chosen based on the
lowest validation loss and are tested on the unseen test set.
This protocol ensures that networks do not overfit training
data and can generalise to unseen data.

IV. ANALYSIS AND RESULTS
A. Feature representation

Following Erdogmus et al. [12], the angle and absolute
values are initially used as input features. The initial model is
constructed using the noiseless dataset to train the MLP; this
is done to create a baseline for comparison and to validate the
training process. Note that, when a BER of 0 is calculated on
a specific dataset, it is reported as ¢. For the noisless dataset
it is expected that the MLP obtains a BER of 4, as this is
what LS obtains on these channel conditions.

When evaluating these networks on the test set, a loss
of 4.61e-2 and BER of 8.33e-4 are obtained. These results
are concerning as a simple LS implementation can obtain
a BER of 0. When further analysing the results of the best
performing MLPs, it is found that the network has difficulty
estimating the CSI angle close to the discontinuity within the
angle representation of the data. This discontinuity is found at
the point where the CSI rotates past 3.14 (PI) or 180 degrees.
Angles use a radian representation where the angle abruptly
moves from 3.14 to -3.14 instead of continuing linearly to
3.15 when passing 180 degrees from the original starting
point. Examining the angle component of OFDM symbols in
Table I, it is observed that the network has difficulty correctly
predicting the angle of the CSI when approaching PI. The
incorrectly estimated sub-carriers are shown in bold in Table
I

TABLE I
PREDICTED CSI ANGLE OVER TWO OFDM SIGNALS COMPARED TO THE
TARGET CSI ANGLE OVER THE SAME OFDM SIGNALS

Predicted CSI Target CSI
(OFDM symbol)  (OFDM symbol)
Sub-carrier 1 2 1 2

1 1.36 1.35 3.09 3.09
2 3.05 3.05 3.05 3.05
3 3.00 3.01 3.01 3.01
4 2.88 2.89 2.96 2.96
5 2.85 2.85 2.92 2.92
6 2.80 2.8 2.88 2.88
7 2.77 2.77 2.83 2.83
8 2.72 2.72 2.79 2.79
9 2.67 2.68 2.75 2.75
10 2.56 2.55 2.71 2.71
11 2.52 2.51 2.66 2.66
12 2.46 2.45 2.62 2.62
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After removing batch normalisation from the MLP (rea-
soning as discussed in Section IV-B), a BER of ¢ is obtained
on the noiseless data using the angle and absolute value data
representation.

When experimenting with the same feature representation
and the noisy dataset, another concerning behaviour is ob-
served: As a baseline, the best performing network trained
on noiseless data achieves a loss of 2.31e-1 and BER of
5.16e-3 on the noisy test set. After following the training
protocol, the best performing networks (as measured using
the validation set) are obtained. When applying these best
performing networks to the test set, a loss of 1.28e-1 and
BER of 1.72e-2 are observed. This behaviour characterises a
dysfunctional training process as the loss is not correlated to
the BER: it is expected that, when the predicted CSI looks
more similar to the real CSI, shown as a lower MSE loss, the
performance, shown as BER, would improve.

Examining the predicted CSI, it can be observed that
adding noise to the channel again introduces the disconti-
nuity problem, similar to the results in Table I. This is not
unexpected, as the network now struggles to find the precise
point at which the discontinuity exists due to the added noise.
Ahmed et al. [22] explain how deep learning methods may
struggle using data with non-euclidean features and perform
much better on data presented in euclidean space. Therefore,
it is proposed to change the extracted features from absolute
value and angle to the QI of the CSI representation. This
places the data representation on a continuous euclidean plane
that may be interpreted better by the MLP.

The QI representation is implemented on the noisy dataset
using the hyperparameter sweep protocol. Analysing the re-
sults, a decrease in the loss of the training hyperparameters
are observed. Testing the best performing networks a loss of
5.23e-3 and BER of § is obtained. These results show that
changing the features used by the MLP has increased the
MLP’s ability to generate accurate CSI. It is assumed that
this is the result of using a feature space of euclidean nature,
which is more fitting to the MSE loss function.

B. Effect of hyperparameter choices

In this section, the effect of structural hyperparameters,
training hyperparameters and the effect of batch normalisation
in the training process is discussed.

In examining the structural hyperparameters when training
the MLP on the noiseless data set using the angle and absolute
representation, it was found that MLPs with deeper and wider
layers perform better than smaller networks. These results
(not shown here) indicate that increasing the representational
ability of the MLP by providing a larger architecture decreases
the loss on the validation set, thus lowering the BER. For the
remainder of the experiments, moving on from the noiseless
dataset, a single MLP architecture which consists of 4 layers
of a 1 000 nodes each is used, to ensure consistent results and
to simplify the training analysis. This decision can be made as
it has been confirmed that the network has the representational
ability to make CSI predictions.
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The analysis in this paper always considers training hyper-
parameters in the hyperparameter sweeps. The initial sweeps
(not shown here) on noiseless data, with an angle and absolute
representation, showed that a learning rate of le-3 performed
best over a range of runs. It was also found that performance
increases as batch sizes become larger. This leads to the con-
clusion that increasing the amount of data processed before a
gradient update (the batch size), improves results. Additional
hyperparameter searches are thus done over the same learning
rate range and an extended batch size range: {32, 128, 256,
512}. The batch size is extended as previous results indicate
improved learning environments at higher batch sizes.

As stated in Section IV-A the results of the angle and
absolute data representation on noiseless data are less than
optimal, especially when compared to LS results, due to
the presence of a discontinuity in the data representation.
To help the MLP learn how to interpret the discontinuity
found in the representational plane the decision to change
hyperparameters is made. The activation function and batch
normalisation layers can be altered when inspecting structural
hyperparameters. There are no grounds for changing the TanH
activation function as it has been widely used in the CSI field.
Thus the batch normalisation layer is examined.

Santurkar et al. [23] suggest that batch normalisation does
not succeed in reducing internal covariance shift but rather in
smoothing the optimisation landscape that leads to more pre-
dictive gradient behaviour. This is done by reparameterising
the underlying optimisation problem. Furthermore, smoothing
the optimisation landscape may be why the MLP is having
trouble identifying the discontinuity, as the exact position of
where the MLP acknowledges the discontinuity may be a
sharp point in the optimisation landscape that is smoothed
over.

This hypothesis is tested by running a hyperparameter
sweep on the noiseless dataset but removing batch normal-
isation layers from the MLP architecture. Table II depicts the
architectural hyperparameters for a specific set of learning
hyperparameters from the hyperparameter sweep. When ex-
amining the results, it is observed that the best performing
networks have loss results that are better by several orders
of magnitude, when compared with the batch normalisation
sweeps. Applying this network on the test set, a BER of J is
obtained, which is the expected result from an MLP on this
dataset.

TABLE 11
BEST PERFORMING STRUCTURAL HYPERPARAMETERS TEST LOSS
RESULTS FOR MLP TRAINED ON NOISELESS DATA AND NO BATCH
NORMALISATION LAYERS

Depth
Width 1 2 3 4
10 8.4le-2  9.45e-2  1.27e-1 1.95e-1
100 54le-2  446e-2  2.54e-2  1.14e-3
1000 4.7le2 1.65e-3 9.49e-8  6.33e-8

From these results, it can be observed that the batch nor-
malisation layer smooths the results over different hyperpa-
rameter combinations, further referred to as the hyperparame-
ter landscape. This can be seen from the more diverse sweep

Page 97

142



results that are obtained when removing batch normalisation.
However, it is speculated that this smoothing prevented the
training protocol from finding a point in the hyperparameter
landscape where the discontinuity is recognised.

The hypothesis is further investigated by applying the
QI data representation and implementing a hyperparameter
sweep on noisy data using networks with and without batch
normalisation. If the assumptions thus far are correct, there
should be no reason for batch normalisation to decrease
the network’s performance significantly. These results are
reported on over different batch sizes and learning rates with
and without batch normalisation in Table III and Table IV,
respectively.

TABLE III
TEST LOSS RESULTS OVER GROUPED TRAINING PARAMETER FOR NOISY
DATA WITH QI VALUES AS FEATURES

Learning rate

Batch size le-5 le-4 le-3 le-2
32 5.28e-3  522e-3 5493 2.64e2
128 5.32e-3  522e-3 5493 1.40e-2
256 5.33e-3  526e-3 5.56e-3 9.37e-3
512 5.36e-3  53le-3 5.56e-3  7.59e-3

TABLE IV

THE SAME SETUP AS IN TABLE III, EXCEPT WITH BATCH
NORMALISATION

Learning rate

Batch size le-5 le-4 le-3 le-2
32 547e-3  5.64e-3  5.37e-3  6.33e-3
128 547e-3  55e-3  5.36e-3  5.75e-3
256 5.48e-3 5.48e-3 547e-3  5.66e-3
512 5.46e-3  547e-3  5.57e-3  5.5%-3

When Analysing these tables, a smoother set of results in
the same range as the MLP using a QI feature set and no
batch normalisation is noted. From the results found in IV,
batch normalisation is reintroduced into the MLP architecture
as a smoother hyperparameter landscape is obtained, ensuring
networks that perform in the expected range from the training
process. In the results presented in Table III and Table IV it
is seen that this is done at a negligible loss in accuracy but
would provide a speedup in training [19].

Thus, batch normalisation is suspected of having a smooth-
ing effect in the optimisation space. While this feature is
generally desired in the optimisation process, it can poten-
tially be damaging when implementing a non-euclidean data
representation, which has particular optimisation points.

C. Observed performance

To test the ability of the MLP CSI estimator, the three delay
profile datasets are applied. The networks are trained making
use of the same training protocol as described in Section III-C
except for the following, as motivated in Section IV-B:

o The structural hyperparameters are fixed at 4 layers and
1 000 neurons.

 Adapting the range of batches searched over to {32, 128,
256, 512}.
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In Table V the BER results of the best performing net-
work of each delay profile tested on all delay profiles (the
corresponding delay profile as well as others) are displayed.
It is observed that each network performs best on the data it
was trained on, but does not fail when applied to other delay
profiles, showing a degree of cross-condition generalisation.
Comparing the results to an LS implementation it is noted
that the network improves on the LS BER, especially on EPA
and EVA data.

TABLE V
BER OF MLP NETWORKS TRAINED ON THE DELAY PROFILE DATASETS
AND APPLIED TO THE SAME OR OTHER DELAY PROFILE TEST SETS

Trained on EPA EVA ETU
EPA 397e-3  1.10e-2  3.63e-2
EVA 4.82¢-3  6.88e-3  1.57e-2
ETU 6.69¢-3  8.35¢-3  1.16e-2

LS Method  1.20e-2  1.43e-2  3.28e-2

The channel is made more complex by applying the
Doppler dataset. Following the training protocol described
previously, the results in Table VI are obtained. This table
shows that the networks outperform LS and can compete
with MMSE at lower Doppler frequencies, even with minimal
statistical information on the channel conditions. Finally, it
is observed that the MMSE method obtains similar BER
performance for all Doppler frequencies.

TABLE VI
BER OF DIFFERENT EQUALISATION METHODS ON THE DOPPLER DATASET
WITH VARIOUS AMOUNTS OF DOPPLER SHIFT

Doppler MLP LS MMSE
(Max Hz)
50 6.99e-3  1.38e-2  8.6e-3
100 8.0le-3  145e2  8.6e-3
200 9.13e-3 1.5e-2 8.6e-3

V. CONCLUSION

This paper implements an MLP for CSI estimation over
several OFDM symbols under various LTE channel conditions
for a SISO system. Through an extensive model development
process, an MLP architecture was found capable of con-
tending with MMSE methods and improving LS estimation
results in complex LTE channel conditions. These results
can however only be obtained when utilising the correct
hyperparameters for selecting and training the MLP network.
First, using wide hyperparameter sweeps it is found that a
discontinuous feature representation can obtain results com-
parable to LS in less complex channel conditions at the cost
of removing batch normalisation. However, when considering
the effect the feature representation has on the results, this
research motivates for the importance of using a continuous
euclidean feature representation when using complex channel
conditions.
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Abstract. Deep neural networks can be utilised for channel state infor-
mation (CSI) estimation in wireless communications. We aim to decrease
the bit error rate of such networks without increasing their complexity,
since the wireless environment requires solutions with high performance
while constraining implementation cost. For this reason, we investigate
the use of adversarial training, which has been successfully applied to
image super-resolution tasks that share similarities with CSI estimation
tasks. CSI estimators are usually trained in a Single-In Single-Out (SISO)
configuration to estimate the channel between two specific antennas and
then applied to multi-antenna configurations. We show that the perfor-
mance of neural networks in the SISO training environment is not nec-
essarily indicative of their performance in multi-antenna systems. The
analysis shows that adversarial training does not provide advantages in
the SISO environment, however, adversarially trained models can outper-
form non-adversarially trained models when applying antenna diversity
to Long-Term Evolution systems. The use of a feature extractor net-
work is also investigated in this study and is found to have the potential
to enhance the performance of Multiple-In Multiple-Out antenna con-
figurations at higher SNRs. This study emphasises the importance of
testing neural networks in the context of use while also showing possi-
ble advantages of adversarial training in multi-antenna systems without
necessarily increasing network complexity.
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1 Introduction

Channel state information (CSI) estimation is a wireless communication tech-
nique used to estimate channel conditions and equalise channel impairments ex-
perienced by received data. Within the Long-Term Evolution (LTE) standard,
CSI estimation uses pilot signals known to both transmitter and receiver to
deliver a single estimation describing channel impairments [1]. In recent years,
statistical CSI estimation and deep learning methods have obtained satisfac-
tory results on this task [2]. However, less than optimal linear methods, such
as least squares (LS) [3] and linear minimum mean squared error (MMSE) [4],
are frequently applied due to the computational expense of more complex CSI
estimation methods, making them infeasible to implement on user hardware.
For this reason, we investigate the performance of adversarially trained mod-
els since, while their training times are much higher than their non-adversarially
trained counterparts, their computational expense remains the same when imple-
mented. Recently Zhao et al. [5] implemented a generative adversarial network
(GAN) architecture for CSI estimation and reported improved results due to
the addition of adversarial training. We continue the work of Zhao et al. by
investigating the effects of adversarial training on multi-antenna (MA) imple-
mentations. MA implementations are investigated since using antenna diversity
techniques has become the standard in modern-day wireless communication and
adds additional resilience to the impairments caused by fading channels [1, 6].
The main contributions of this paper are:

— Investigating the difference in performance between adversarial and non-
adversarial training for CSI estimation tasks.

— Providing results that show how antenna diversity techniques obtain unex-
pected performance gains using different adversarial training methods.

— As a side note, we also discuss the importance of model selection in the
context of use rather than solely on training environment performance.

The rest of the paper is organised as follows: Section 2 provides background
on the main techniques referred to, before closely related work is discussed in
Section 3. The experimental setup is described in Section 4. This setup is used for
all experiments conducted and reported on in Section 5. Results and conclusions
are summarised in Section 6.

2 Background

We briefly discuss the CSI estimation task,the super-resolution GAN (SRGAN)
architecture and antenna diversity techniques in the context in which these are
utilised.

2.1 Channel State Information

For the current analysis, CSI estimation is implemented using the pilot-based
method described in the LTE standard [1]. Pilot signals are placed in specific
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sub-carriers of orthogonal frequency division multiplexing (OFDM) modulated
signals and are data points known to both transmitter and receiver. OFDM
signals are two-dimensional transmissions that transmit data in the frequency
and time domain and are thus represented as grids with frequency as the first
dimension and time as the second. These signals are used according to Equation
1 to obtain the initial CSI H from the transmit antenna T'z and receive antenna
Rx, where the sub-carrier k represents the position of the pilot signals:

Rz [k]

HIM = 71y

ey

Using the initial CSI, we obtain an LS estimation by extrapolating from the
known CSI pilot signals to obtain the LS CSI estimation Hpg [7,6,3]. This
method is the simplest form of channel estimation and can be used to equalise
received data, resulting in the equalised received data Tz according to Equa-
tion 2.

To= L @)

H

The process of equalisation is illustrated in Figure 1 where received data is being
equalised using complete knowledge of the CSI, i.e. perfect CSI. Typically, the
equalised data does not return to its original transmitted state since some of the
receiver antenna noise cannot be estimated but only reduced using denoising
methods.
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Fig. 1. An illustration of the process of equalising received data with 20dB antenna
noise (left), by using perfect CSI (middle) to obtain equalised data (right) that can be
demodulated without error.

Applying LS to the pilot signals to estimate the CSI has a low computational
cost but does not provide state-of-the-art performance. Alternatively, methods
such as MMSE provide improved performance at the cost of computational ef-
ficiency as second-order statistics of the channel need to be calculated and im-
plemented using costly matrix multiplication methods.

Many wireless devices, such as internet of things devices, require real-time
computation to ensure no delays are caused in time-sensitive applications. Soltani
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et al. [8] compare a neural network (NN) CSI estimator to a classic CSI esti-
mation method, finding that the NN outperforms the classic method. However,
the NN requires 50 times the floating-point operations of the classic method to
achieve this result. This encourages us to find ways of improving NN performance
without increasing complexity.

2.2 Super Resolution GAN

Adversarial training is a training method in which a second neural network is
introduced in the training process to compete with the primary or generator net-
work. The second neural network, commonly called the discriminator, attempts
to identify generated samples from ground truth samples. These networks are
trained simultaneously; thus, one network’s ability affects the training of the
other. Adversarial training is implemented to train generator networks capable
of generating samples closer to the ground truth than non-adversarially trained
networks [9].

SRGAN [10] is a GAN designed for image super-resolution (SR) tasks, specif-
ically image upsampling tasks. The adversarial training used by Ledig et al. for
SRGAN is reported to push the generated SR images closer to the original im-
ages’ manifold. This SR implementation results in a higher signal-to-noise ratio
(SNR) and sharper high-frequency feature generation. SRGAN achieves these
results by moving away from using the mean square error (MSE) to compare
individual pixels to each other. Instead, SRGAN compares feature maps of the
images obtained by a visual geometry group (VGG) network [11] in the ad-
versarial training stage. Applying this VGG loss lcontent t0 images generated,
the euclidean distance is measured between the feature maps of real and gener-
ated images. The loss function, described in Equation 3, averages the MSE loss
between the feature maps, generated by the VGG-19 network ¢, of the high-
resolution image I% and the image generated from low resolution using the
generator G(I717):

lcontent = % Z Z((b(IHR)z,y - ¢(G(1LR))z,y)2 (3)

y=la=1

Here i and j represent the respective dimensions of the feature maps. The content
loss forms part of the final loss function lsrgan in Equation 4 by being added
to the adversarial loss used to evaluate the generator using the discriminator
ladversarial:

-3
ZSRGAN = lcontent + le * ladveTsaTial (4)

SRGAN’s generator consists of a convolution layer using a parametric rec-
tified linear unit (PReLU) [12] activation function followed by several residual
blocks and another convolution layer, all using batch normalisation [13]. Two
2x upsampler layers are added to upscale the physical dimensions of the fea-
ture maps before feeding the maps to an output convolution layer. All residual
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blocks use 64 channels before these are increased to 256 channels in the upscaling
blocks.

The discriminator’s structure closely follows a VGG network with eight con-
volution layers. Each of these layers reduces the feature maps’ size while increas-
ing the number of channels until the output is passed to a 1 024 node dense layer
followed by a single node layer connected to a sigmoid activation function. This
sigmoid output is then used with binary cross-entropy (BCE) loss to determine
whether samples are real or generated.

2.3 Diversity Techniques

The principle applied in antenna diversity is to suppress the effects of fading
channels by creating spatial diversity between antennas. The idea behind an-
tenna diversity is that the probability that multiple independent channels are
experiencing aggressive fading conditions at the same time is unlikely. We call
this utilisation of different channels ‘diversity gain’, which is used to improve the
bit error rate (BER) performance of MA systems.

In this work, we focus on both receiver and transmitter antenna diversity
methods. For receiver diversity, we implement equal gain combining (EGC) [6],
where a single transmit antenna transmits to multiple receiver antennas. Each
antenna calculates the CSI between itself and the transmit antenna and equalises
the received data. These streams of equalised data are then combined by aver-
aging each corresponding sub-frame over the other receiver antennas.

To implement transmitter diversity, we utilise multiple transmit antennas
with single or multiple receive antennas. We use orthogonal space-time block
codes (OSTBC), specifically an Alamouti encoder [6] to enable communication
in this MA environment. Alamouti encoders utilise the multiple transmitter an-
tennas available by creating space-time block codewords with complex orthog-
onality. The Alamouti encoder deconstructs a single data stream into multiple
data streams that, when transmitted, create a complex orthogonal matrix of
the original symbols over the channel. Alamouti encoders require accurate CSI
of all possible channel combinations to provide accurately equalised data. Link-
level implementations use these MA methods to convert time-varying channels
to additive white Gaussian noise (AWGN)-like channels.

3 Related Work

The CSI estimation problem has been approached using several deep learning
architectures such as recurrent neural networks, long short-term memory net-
works and convolutional neural networks (CNNs) [14]. Specifically, CNN archi-
tectures have regularly appeared in CSI estimation papers due to the image-like
nature of OFDM grids and the fading characteristics of many wireless channels.
These CNN implementations outperform LS and are competitive with methods
such as MMSE without calculating second-order channel conditions [15, 16]. The
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computational cost of methods is an important consideration in wireless commu-
nications as methods with lower computational cost and adequate performance
are regularly selected over better-performing methods. In the LTE standard this
is the case as an adapted LS method is used for CSI estimation over methods
such as MMSE [1].

In the image processing field, CNNs have obtained state-of-the-art results
in denoising and upsampling tasks when paired with adversarial training meth-
ods [10]. In the telecommunications domain, we have also seen increased use of
GANSs, primarily to model wireless channels. By modelling channels with GANs,
autoencoders and other end-to-end neural networks can pass gradients through
the propagation channel model, simplifying the training and design process of
end-to-end implementations [17].

Zhao et al. [5] applies GANs to the CSI estimation problem, hypothesising
that the GAN architecture generates CSI predictions closer to the target sam-
ples’ manifold than traditional methods. Zhao et al. use an adaptation of SRGAN
to generate high-resolution CSI from pilot signals. However, several changes are
made to the original SRGAN architecture to provide improved results for the
CSI estimation task. As illustrated in Figure 2, the upsampling layers are re-
moved, and a pre-upsampling methodology is implemented. The pre-upsampling
is applied by using pilot signals to construct the LS CSI estimate, which would
represent the low-quality input in the original SRGAN. By doing this, the up-
sampling of the pilot signals is essentially removed from the neural network. The
authors show improved results when implementing this pre-upsampling method.
Tt is, however, unknown how much of the improved result can be accredited to
the adversarial training or is due to the effect of other architectural changes.
Furthermore, this architecture is only implemented in a SISO environment, with
the architecture’s applicability in MA environments still unknown.

4 Experimental Setup

The same experimental setup is used for all experiments. Here we discuss the
dataset, different system setups and the training protocol used.

4.1 Dataset

The training dataset is generated over a SISO channel using a simulated delay
profile that is typical of traveling in a moving vehicle. Specifically, we use the
Extended Vehicular A model delay profile [18] and 50Hz maximum Doppler shift,
similar to Zhao et al. AWGN is added after the data has been transmitted over
the channel to model receiver noise. We use the LTE toolbox in Matlab® to
simulate the transmission used. The transmitted OFDM dataframe, containing
16 quadrature amplitude modulated quadrature and in-phase (QI) symbols, has
a bandwidth of 10MHz and uses short cyclic prefixes. For the initial training set,
no link-level techniques are used to ensure that the channel impairments are not
obscured.
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Fig. 2. Illustration of the modified SRGAN network structure proposed by Zhao et
al. [5].

We provide the LS estimation Hpg of the CSI over a set sample size for the
inputs to the network. The target of the modified SRGAN generator is the CSI
before AWGN is added; an example of CSI being translated to a data sample can
be found in Figure 3. We train and evaluate the networks using a 20dB AWGN
range starting at 1dB and ending at 20dB SNR. The inputs and targets are
represented using three features extracted from the demodulated OFDM signals:
the absolute value of the QI symbols, the normalised quadrature component
and the normalised in-phase component. We note that we have a three-channel
representation in two dimensions, making our samples similar to RGB images
presented to CNN architectures. We train the architectures using a training
dataset of 40 000 samples and a validation set of 10 000 samples. An unseen
test set for the SISO environment containing 10 000 samples is also generated
and used for analysis in the input sample size selection and adversarial network
training Sections. In this research, we apply several antenna diversity techniques
to measure the performance of different CSI estimators. Due to each technique
having a different number of channel paths that interfere with each other at the
receiving antennas, the same dataset cannot be used for each method. However,
each technique’s evaluation uses identical simulation setups and consists of 400
data frames transmitted using the same channel and data generation seeds.

4.2 System Description

The neural networks used are derived from the SRGAN architecture discussed
in Section 3. Thus, the generator is the same as the residual network (ResNet)
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Fig. 3. An illustration of an CSI constellation diagram with 10dB antenna noise being
translated to an input data sample with three features. Each QI symbol translates to
a 1x3 point in the data sample and the data sample dimensions correspond to the
sub-frame size selected, e.g. 12 x 7.

architecture used by Zhao et al., with four residual blocks, but reverts back to
element wise MSE for the content loss. We select this architecture as it is com-
petitive with other architectures in the field, as well as top performing statistical
methods [5]. When we apply adversarial training, the discriminator consists of a
VGG-like architecture with an output that can indicate if a real or fake sample
has been presented. Both normal element-wise adversarial training and feature-
based adversarial training are used to train networks, by either passing CSI or
CSI features to the discriminator. The implemented feature-based adversarial
training uses a pre-trained VGG-19 network with the decision layers removed
as a feature extractor. We thus have a single architecture but three different
training approaches: ResNet with no adversarial training, ResNet with a dis-
criminator and ResNet with an additional feature extractor connected to its
discriminator. We refer to these networks as ResNet, adversarial ResNet and
SRGAN, respectively.

4.3 Training Protocol

All networks are trained using the Adam optimiser [19], with generators using
MSE loss to ensure CSI estimation points are as close to the targets as pos-
sible. The discriminators use BCE loss, which, when used in conjunction with
the sigmoid layer, gives the discriminator the ability to output the real or fake
prediction. Finally, all networks are trained to convergence and final models for
each run are selected using early stopping (selecting the model from the training
run with best validation accuracy).

Due to the number of trainable hyperparameters and the computational ex-
pense of training adversarial networks, we only search over generator learning
rate {le-3, le-4, le-5}, discriminator learning rate {le-3, le-4, le-5, le-6}, the
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size of the discriminator’s contribution to the gradient update {1le-2, 1e-3, le-4}
and the amount of added noise to samples before being sent to the discriminator
{noise variance: 0, 1} to use in the hyperparameter grid search. The best hyper-
parameter combination is selected by evaluating the loss of the trained network
on the validation set. Based on the results of this hyperparameter sweep, we
generate two additional networks of the best hyperparameter combination us-
ing different initialisation seeds. All results reported in Section 5 are an average
of the results over these three seeds. This hyperparameter search protocol is
performed for every network reported on in Section 5.

5 Analysis

As the first analysis step, we select an input sample size for the networks by
comparing the BER for the different sample sizes. After choosing an input sample
size, adversarial networks are trained and compared in a SISO environment. The
same networks are then applied to different antenna diversity environments and
analysed to determine if adversarial training has affected the BER performance
of these systems.

5.1 Sample Size Selection Using ResNet

Input sample size is selected by creating a baseline using the ResNet architecture
without adversarial training. To ensure that an adequate sample input size is
used, we train three networks with different input sizes: 12x7, 24x14 and 120x14.
We train these networks using the training protocol described in Section 4.3
to obtain the best-performing networks. Finally, the best performing networks’
performance is compared to the LS implementation given as input to the NN
and plotted against each other using percentage increase of correctly classified
bits (PICCB) as metric. PICCB is calculated by dividing the rate of correctly
classified bits from one training method with another.

From the results shown in Figure 4 we observe that the use of larger samples
produces better performance than the use of smaller samples over the entire
BER range, but that the increase in performance from 24x14 to 120x14 becomes
small. We note that the ResNet generator provides the highest performance gain
over LS at lower SNRs, where CSI is notoriously difficult to predict due to noise
on the pilot signals masking true channel conditions.

From these results, we select the 24x14 sample size as input for the following
sections, as the training and inference time is lower than the larger 120x14 sample
size while not sacrificing significant estimation performance. This decision can
further be motivated as the two best-performing input sample sizes display nearly
identical behaviours over the SNR range.

5.2 Adversarial Network Training

Comparing the results of adversarially trained networks to non-adversarially
trained networks in a SISO environment, we analyse the best performing net-
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Fig. 4. PICCB of the CSI generated by three ResNet networks utilising different input
sample sizes with respect to LS CSI estimation. This analysis is conducted over 20dB
of AWGN using the unseen test set in a SISO environment.

works from each training method. We compare the results of the adversarial
ResNet and SRGAN networks to the ResNet network. We observe the average
loss over the entire test set for each network, followed by the average BER and,
finally, the average PICCB. These metrics are displayed in Table 1 for each
training approach and are averaged over three network seeds, as described in
Section 4.3.

Table 1. Performance metrics of three generators utilising different training methods
in a SISO environment. The PICCB metric is calculated with respect to ResNet (the
non-adversarially trained network) over the entire SNR range.

ResNet |[Adversarial ResNet|SRGAN

Loss |1.71e-2 1.76e-2 1.73e-2
BER | 1.42¢-1 l.4le-1 1.41e-1
PICCB 0 -1.20e-2 -9.00e-3

The results presented in Table 1 do not show any significant difference be-
tween the training architectures, thus making adversarial training unnecessary.
We plot the PICCB of the adversarial ResNet network and SRGAN with respect
to ResNet over the SNR range in Figure 5, to further understand the effects of
adversarial training. From this figure, we observe that the increase and decrease
in performance are of small scale and seemingly random. From the results in
Table 1 and Figure 5 we conclude that no advantage is obtained when equalis-
ing transmitted data using adversarially trained network CSI estimations in the
considered SISO environment.
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We note that these results contradict the results of Zhao et al. as they re-
port on obtaining increased performance from using adversarial training. It is,
however, difficult to measure the improvement proven by adversarial training
in their work as the comparisons between networks are made using an up-
sampling method and the current implementation of SRGAN as opposed to
non-adversarial and adversarial training methods.

0,08

0,06

=@ Advaserial ResNet
=== SRGAN

Percentage bits improved (%)
o

SNR (dB)

Fig. 5. PICCB of the CSI generated by adversarial training methods with respect to
the trained ResNet CSI estimators. This analysis is conducted over 20dB of AWGN
using the unseen test set in a SISO environment.

5.3 Receiver Diversity

We now move on to MA setups to evaluate the performance of the adversari-
ally trained network in common wireless communication systems. The receiver
diversity environment is analysed by implementing two systems, the first with
two receiver antennas and the second with four receiver antennas. Both of these
systems utilise the EGC algorithm to equalise the received datastreams. Using
the same NNs trained in the previous sub-section, we evaluate the PICCB of the
adversarial networks with respect to the ResNet network architecture for receiver
diversity implementations. Examining the average PICCB over the SNR range
in Table 2 we see that both adversarial training methods outperform the tradi-
tional trained ResNet, with the adversarial ResNet performing the best of the
two networks. We also note that the BER performance increases as the number
of receivers increases.

Table 2. PICCB over the entire test set SNR range of adversarially trained network
with respect to non-adversarially trained ResNet, for a receiver diversity system.

Number of receiver antenna|Adversarial ResNet|SRGAN
2 1.02e-1 2.56e-2
4 1.38e-1 5.65e-2
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Plotting the PICCB over the SNR range in Figure 6 we confirm this ob-
servation as the adversarial ResNet consistently outperforms the traditional
ResNet over all trained SNRs in the test set. However, the same can not be
claimed for the SRGAN implementation as it performs slightly worse than tra-
ditional ResNet at lower SNRs regardless of its average PICCB score. Based on
these results it is hypothesised that adversarially trained networks produce CSI
predictions that have different characteristics from predictions made by non-
adversarially trained networks. These characteristics are not identifiable by the
MSE loss function as the loss performance of all networks is similar in a SISO
environment.

02

015
&
s
é 0.1
E b Adversarial ResNet 1x2
2 ——+—— SRGAN 1x2
2 oo ++ Adversarial ResNet 1x4
£ - SRGAN 1x4
g
3
= 0

0
0,05

SNR (dB)

Fig. 6. PICCB of the CSI generated by adversarial training methods with respect to
the trained ResNet CSI estimators. This analysis is conducted over 20dB of AWGN in
a multiple receiver environment utilising the EGC method.

5.4 Transmit Diversity

Continuing the MA implementations analysis, we compare the adversarially
trained models to the non-adversarially trained models in a transmitter diver-
sity environment. Using two transmit antennas, we construct two environments,
one with a single receiving antenna and the second with two receiving anten-
nas. For transmitter diversity, we implement Alamouti OSTBC and once again
compare the adversarial networks to the traditionally trained ResNet. Examin-
ing the PICCB of this comparison in Table 3 we once again obtain results that
differ from the results in the SISO environment. Firstly we observe that the
adversarial ResNet no longer outperforms the traditional ResNet. Secondly, we
observe that the SRGAN outperforms adversarial ResNet, but not traditional
ResNet, again hinting at the possibility that these identical architectures predict
differently because of their training method.
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Table 3. PICCB of the entire test set SNR range of adversarially trained network with
respect to non-adversarially trained ResNet, for a transmitter diversity system.

Number of receiver antenna|Adversarial ResNet| SRGAN
1 -1.93e-2 -1.85¢-3
2 -3.66e-2 -1.06e-2

Further examination of the PICCB over the SNR range of the test set, shown
in Figure 7, displays how SRGAN outperforms adversarial ResNet at higher SNR
levels. SRGAN, however, does not outperform traditional ResNet for most of the
SNR range. While adversarial ResNet does compete with SRGAN at lower SNRs,
this advantage is lost when the PICCB declines as the SNR increases.

0.08
0.06

0.04

0.02

—— Adversarial ResNet 2x1

g SRGAN 2x1

o ++ Adversarial ResNet 2x2
= SRGAN 2x2

Ty
"l 20

Percentage bits improved (%)
o

SNR (dB)

Fig. 7. PICCB of the CSI generated by adversarial training methods with respect to
the trained ResNet CSI estimators. This analysis is conducted over 20dB of AWGN in
multiple receivers and transmitters environments utilising the Alamouti method.

Once again, we observe a difference in performance from networks that seem-
ingly performed the same in the training phase of this analysis. These differences
are of such a small scale that they are comparable to the differences in the SISO
channel. However, in this instance, traditional ResNet consistently performs the
worst of the three networks and SRGAN still performs similarly to traditional
ResNet at higher SNRs.

From this analysis of different MA environments, we see that adversarial
training provides unexpected increases and decreases in performance. Adversar-
ial training seems to introduce characteristics into predictions that affect differ-
ent MA environmetns in different ways. These results further lead us to believe
that the performance indicators used in the training phase are inadequate in
selecting networks for MA CSI estimation tasks.
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6 Conclusion

This paper implements three methods of training using the same generator net-
work to estimate high-quality CSI from low-quality LS estimations in an LTE
environment. We ensure that an adequate input sample size is selected for our
baseline non-adversarially trained network by considering three input sample
sizes. When analysing the results of our ResNet implementation as baseline we
observe:

— improvement over the low-quality LS input over the entire SNR range.

— the ResNet architecture achieves the most BER gain at lower SNR levels.

— the 24x14 input sample performance closely matches the performance of the
larger 120x14 sample size.

All training methods perform similarly in the SISO training environment.
This behaviour would typically be seen as an indication that the networks will
perform similarly in MA environments, as the best-performing networks are
selected based on MSE performance in SISO networks. When introducing MA
environments, however, we find that:

— adversarially trained networks can consistently outperform traditional non-
adversarial methods in receiver diversity cases.

— in the transmitter diversity cases, the adversarial ResNet shows a decrease
in performance.

— in the transmitter diversity cases, the SRGAN using feature maps contended
with traditional ResNet at higher SNRs.

The difference in network performance between the SISO training environment
and MA deployment environment indicates that when the environment of de-
ployment and the effects of adversarial training is well understood, increased
BER performance can be obtained. We obtain this increase in performance at
the same number of floating point operations as non-adversarially trained net-
works.
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