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Al-Based Wireless Channel Prediction

Generalized Models for Adaptive Measurements and Predictions
BINGCHENG CHEN

Department of Electrical Engineering

Chalmers University of Technology

Abstract

In wireless communication systems, channels can be time-varying, and their condi-
tions can change due to factors such as mobility, interference, and environmental
conditions, which brings challenges in maintaining communication reliability. Hence,
acquiring channel state information (CSI) is a critical step in physical layer of wire-
less communication. However, when accurate CSI or precoder fed back by a User
Equipment (UE) is used by a network for MIMO precoding, the received CSI/pre-
coder can get outdated quickly, consequently resulting in a loss of user and system
throughput due to the utilization of outdated precoders. In a feature introduced in
3GPP Rel-18, a UE can be configured to measure multiple instances of the channel,
use them to predict a number of channel /precoder instances in the future and report
the predictions to the network. The performance of such a scheme depends highly
on the ability to predict the channel with high accuracy.

In this study, we explored Al-based methods for channel prediction to address this
challenge. By utilizing a past window size of measured channel sequences, the
proposed method forecasts future channel conditions. Out of all the Al models
tested, the Transformer Encoder-Only model demonstrated superior performance,
surpassing its counterparts and a classical non-Al based autoregressive (AR) model.
We also found that, training the model with a diverse dataset with a mix of UE
velocities, embedding across the time dimension within the Transformer Encoder-
Only model, and constructing the model within the complex domain yields enhanced
generalization capability. Furthermore, we developed a generalized model capable
of using varying number of channel measurements to predict varying number of
channel instances in the future.

Keywords: Artificial intelligence, Channel state information (CSI), CSI prediction,
MIMO.
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1

Introduction

1.1 Background

Mobile networks has transformed many aspects of our life, including education,
healthcare, online commerce, and even our intimate relationships. Each new gener-
ation of mobile networks has significantly advanced and improved various industries
and personal interactions. The latest generation, 5G, is set to reshape the way busi-
nesses operate and how individuals interact with technology. According to the 2023
Ericsson Mobility Report [2], during the third quarter of 2023, 163 million 5G sub-
scriptions were added, bringing the total to 1.4 billion. Global 5G subscriptions are
forecast to exceed 5.3 billion by 2029, accounting for 58% of all mobile subscriptions
at that time. Additionally, it is anticipated that by the end of 2029, the average
monthly mobile data usage per smartphone will increase to 56 GB.

The growing demand for data usage has driven the need for more efficient and
reliable wireless communication systems. This demand has led to the development
of technologies such as massive multiple-input multiple-output (MIMO) systems.
MIMO systems utilize a large number of antennas to improve spectral efficiency and
increase data rates, making it as a key technology in 5G networks.

The performance of massive MIMO systems heavily relies on the availability of
accurate channel state information (CSI). CSI [3] refers to the known properties of
a communication channel that reveals how a signal propagates from the transmit-
ter to the receiver. These properties include the channel’s attenuation, phase shift,
delay and so on. Having accurate CSI would enable the transmitter to adapt its
signal processing techniques, such as precoding and beamforming, to optimize the
connectivity.

However, obtaining accurate CSI is challenging, particularly in rapidly changing
wireless environments, due to factors such as user mobility, interference from other
devices or systems, or various environmental conditions. In 5G NR systems, both
the user equipment (UE) and the base station (BS) are involved in the estimation of
the CSI through a feedback mechanism. In this process, the UE first measures the
downlink channel and then reports the estimated CSI back to the BS. The problem
is the feedback introduces delay, so the reported CSI may be outdated when used for
precoding, especially for UE with high mobility. Moreover, as the number of anten-
nas and users increases, the overhead associated with channel estimation becomes
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significant. This leads to a fundamental trade-off between the resources allocated
for pilot transmission and data transmission.

In the latest 5G specification (3GPP Release-18 [4]), a new channel state infor-
mation (CSI) feedback, designed for the case of user equipment (UE) mobility, has
been introduced to improve both user and system throughput [5]. In the Release-18
CSI Type-II codebook, a set of Ny precoders are predicted by a UE for a future
time window based on periodically spaced channel measurements and fed back to
the network using a codebook consisting of spatial, frequency and doppler domain
bases. The method to be used by a UE for computing the feedback is not specified
and is up to implementation.

1.2 Aim

The overall aim of this MSc thesis project is to investigate the feasibility and the com-
putational complexity of determining channel predictions necessary for the Release-
18 Type-II codebook feedback using AI/ML techniques.

1.3 Scope and Limitations

This project will exclusively explore methods based on deep neural networks, ex-
cluding other previously known approaches. The investigation will focus on the
following three inquiries:

o How to setup and train a neural network for computing the channel predictions
necessary for Release-18 Type-II feedback.

o Compare the performance with the classical model-based channel prediction
methods.

o Optimize the trained neural network for enhancing the model’s generalization
ability.

1.4 Related work

Channel prediction is a well-studied area with a wide range of research papers. Vari-
ous methods are proposed including the Yule-Walker equations [6], Burg’s algorithm
[7, 8], Least Mean Squares(LMS) [9], and the Kalman filter [10, 11, 12], based on
autoregressive (AR) models. In an AR framework, a complex channel ( H; ) at time
(t) can be modeled as a weighted sum of its past values, allowing for the prediction
of future channel states by leveraging historical data.

In recent years, researchers have expanded their approaches to incorporate deep neu-
ral networks, enhancing the accuracy of channel prediction models. [13] compares a
vector Kalman filter (VKF) and a Fully Connected NN (FCN)-based channel predic-
tion for massive MIMO systems, highlighting gains in Al-based prediction accuracy.

2
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[14] has investigated Feedforward neural network and Recurrent neural network for
channel prediction. [15] proposed 3D Complex Convolutional Neural Networks to
effectively predict Channel State Information (CSI) in massive MIMO systems. A
recent paper [16] used the Spectral-Temporal Graph Neural Network (STEM GNN)
for 5G CSI prediction, which outperforms traditional models by leveraging spatial-
temporal dynamics for enhanced system performance.

1.5 Structure of the thesis

This thesis is organized into five chapters, starting with an introduction that sets
the context, objectives, and scope of the research, while also reviewing related work.

Chapter 2 provides a theoretical foundation, discussing the essentials of MIMO sys-
tems, wireless channel characterization, and the role of Channel State Information
(CSI) in 5G networks. It further delves into the application of machine learning
in wireless communication, reviewing various neural network architectures such as
CNNs, RNNs, and the Transformer architecture.

Chapter 3 outlines the methods involved. It describes data preprocessing tech-
niques, model development, and evaluation strategies, including metrics used to
assess model performance.

Chapter 4 presents a detailed analysis of the research findings, including visual-
izations of channel characteristics and evaluations of model performance under dif-
ferent conditions. It discusses the impact of various factors on model accuracy and
summarizes the key findings derived from the analysis.

Chapter 5 summarizes the contributions and suggests directions for future work.
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Theory

This chapter covers key concepts and techniques in 4 sections, each focusing on a
crucial aspect that underpins the thesis. We first introduce MIMO systems, wire-
less channels, and the CSI mechanism in 5G networks; these concepts are essential
for understanding the context of the thesis, after that, we explore machine learn-
ing algorithms, including CNNs, RNNs, and transformers; these algorithms have
demonstrated remarkable performance in a wide range of deep learning applications
and are implemented in this thesis to tackle the specific challenges associated with
CSI prediction.

2.1 Fundamentals of MIMO Systems

2.1.1 An Introduction to MIMO System

In the domain of wireless communications, Multiple-Input Multiple-Output (MIMO)
technology has revolutionized the way data is transmitted and received over the
air interface. By using multiple antennas at both the transmitter and receiver,
MIMO systems allow for the simultaneous transmission and reception of multiple
data streams through a technique called spatial multiplexing. This involves send-
ing different data streams in parallel over the same frequency channel but through
separate spatial paths. The capacity of a MIMO system can be mathematically
expressed as follows:

CMIMO == NTxNRxBlOgg(l + S/N) (21)

Where Cyimvo represents the channel capacity of the MIMO sytem, B denotes the
bandwidth, S/N is the signal-to-noise ratio, Ntx and Ngrx represent the number
of transmit and receive antennas, respectively. This equation highlights that the
capacity of a MIMO system can be linearly increased by utilizing the product of
Nr1x Nrx, which corresponds to the number of transmit and receive antennas.
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Figure 2.1: MIMO Communication System

As illustrated in Figure 2.1, In MIMO systems, a transmitter uses multiple antennas
to send multiple data streams simultaneously. These data streams travel through a
wireless channel, which can be represented as a matrix consisting of all the possible
paths between the transmit and receive antennas. The number of paths is deter-
mined by the product of the number of transmit antennas (Ntx) and the number
of receive antennas (Nrx).

Y = HtSt + n (22)

where 3, € CVrx>*1 and S, € CNx*! are the receive and transmit vectors at time ¢,

hii hiz his
. hor hoa  has )
respectively, and H;, = hay hsy hss ... and n are the channel matrix

. i . "4 Nrx X Nrx
and the noise vector at time ¢, respectively.

2.1.2 Overview of Array Antenna Configurations

Figure 2.2 illustrates a two-dimensional antenna array with a configuration of Ny = 2
rows and N; = 8 columns. The array is organized in a rectangular grid with uniform
spacing between elements, where dj, and d, represent the horizontal and vertical dis-
tances between adjacent antenna elements, respectively.

In this configuration, the red lines represent one polarization of the antenna elements,
while the green lines represent the orthogonal polarization. By controlling the phase
and amplitude of the signals sent to each element, the array can steer its main
radiation beam in a desired direction. This beam steering ability is a key feature
of array antennas, allowing them to adapt to changing communication needs and
improve system performance.

6
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Figure 2.2: An example of Antenna Array

2.1.3 The Necessity of Precoding

However, in MIMO systems, the dimensions of the channel matrix grow with the
number of transmit and receive antennas. Directly feeding back this raw channel
matrix would require transmitting a significant amount of information over the feed-
back channel. Let’s consider a specific example to illustrate the feedback overhead.
Suppose the channel for frequency unit j at time ¢ is given by H;(t) € CNrx*Nrx,
Assume that the feedback consists of real numbers, with each real number repre-
sented using 8 bits. In this example, let’s consider a scenario where Ngrx = 4,
Ntx = 32, number of frequency-units is J = 52. If only one time unit 7' = 1 is
transmitted, the size of the feedback can be calculated as follows:

Fou = Ngx X Npx X J x T x 2
=4x32x52x1x2
= 13312 (real values)
= 106496 bits

(2.3)

This overhead consume a significant portion of the available bandwidth, leaving less
resources for actual data transmission.

To address the issue of overhead, precoding techniques are utilized. Rather than
transmitting the raw channel matrix directly, the User Equipment (UE) sends the
index of a codebook entry that most accurately represents the channel’s condition.
The codebook consists of a pre-determined set of matrices designed to appropriately
weight and combine the channel matrix prior to transmission. By selecting the most
suitable codebook entry, the UE can effectively compress the channel information
in a CSI report of a few hundred bits while still capturing its essential character-
istics. This process significantly reduces the amount of feedback information that
needs to be sent over the limited feedback channel. However, the development of
the codebook above is not included within the scope of this thesis.
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2.1.4 MIMO Precoding Transmitter Perspective and Chal-
lenges

XXXXXXXX
XXXXXXXX ™ AR

Ny =Ny X Ny X 2

5
X

Figure 2.3: Time-varying MIMO channel

As illustrated in Figure 2.3, for a time-varying Multiple-Input Multiple-Output
(MIMO) channel, with Nrx transmit ports and Ngrx receive ports, the channel
at time ¢ for frequency unit/Physical Resource Block (PRB) j is denoted as H;(t) €
CNrxxNtx - This representation captures the complex-valued channel coefficients be-
tween transmit and receive antenna, which vary over time and frequency due to the
dynamic nature of the wireless environment.

Assuming a precoder for PRB j that maps v MIMO spatial layers to Npx transmit
antennas, represented as P; € CNt™x*?_ the received vector in a system model is
given by:

y;(t) = Hy()Py(H)a +n (2.4)
where x € C”*! is the transmitted vector and n is the noise-plus-interference vector.
A fundamental issue in feedback-based precoding is that,

« A UE measures a channel H;(t) at time t and determines a precoder P;(t).

« However due to a delay in feedback of P;(t) and the typically periodic and
infrequent feedback, there is a mismatch if the channel changes during this
delay, resulting in the following equation:

yi(t+T)=H;(t+T)P;(t)r+n (2.5)

o This mismatch leads to a performance degradation due to using an outdated
precoder that does not accurately reflect the current channel conditions.

The main challenge now is finding a good and efficient way to predict the channel,
denoted as H;(t,), where t, = t + T, based on some past channel information, as

8
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depicted in Figure 2.4. This prediction task is crucial for mitigating the performance
loss caused by the feedback delay and ensuring that the precoder remains effective
in the presence of time-varying channels.

Given length of sequence K U Predict length of sequence P

Channel prediction

Figure 2.4: Channel prediction

2.2 Wireless Channel Characterization

2.2.1 Antenna Frequency Domain & Beam Delay Domain

The wireless channel can be analyzed from different perspectives, particularly in
the antenna frequency domain and beam delay domain, Figure 2.5 illustrates a
comparison of the channel representation in these two domains, highlighting their
distinct characteristics and the information they provide about the wireless channel.

Sample #101, Magnitude Sample #101, Magnitude

0 10 20 30 a0 0 10 20 30 a0 50

PRB Delay

a) Antenna Frequency Domain b) Beam Delay Domain

Figure 2.5: Comparison of Channel Representation in Antenna Frequency Domain
and Beam Delay Domain

In the antenna frequency domain, as shown in Figure 2.5(a), the vertical axis repre-
sents the transmit antennas, while the horizontal axis corresponds to the frequency
domain indexed by Physical Resource Block (PRB). The magnitude of the chan-
nel matrix is depicted using a color scale, with brighter colors indicating stronger
channel gains. In this domain, the channel is characterized by the complex-valued
frequency response of each antenna element, which captures the amplitude and phase
variations of the signal across the frequency spectrum.
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Conversely, the beam delay domain, depicted in Figure 2.5(b), offers a distinct
view by illustrating how the channel behaves with respect to different propagation
paths, each characterized by a certain time delay and angle of arrival. The delay
represents the time it takes for the signal to travel along a particular path, while the
beam component represents the direction from which the signal arrives. Notably,
the channel appears more sparse in the beam delay domain, with most amplitudes
being small. Only the largest values are crucial for accurately representing the chan-
nel in this domain.

These two domains can be interchangeably converted. To convert a wireless channel
from the antenna frequency domain to the beam delay domain, a discrete Fourier
transform (DFT) can be applied across the antenna elements and the PRBs. Con-
versely, to convert from the beam delay domain back to the antenna frequency
domain, an inverse DFT is performed across the beam indices and delays.

2.3 Channel State Information (CSI) in 5G

2.3.1 CSI Report Mechanism

In a typical 5G system, the base station (BS) and user equipment (UE) collaborate
to estimate the CSI. The BS transmits reference signals, known as CSI-RS (Chan-
nel State Information Reference Signals), at predetermined time and frequency re-
sources. The user equipment (UE) measures the received signal quality and calcu-
lates several channel state information (CSI) parameters. These parameters include
the channel quality indicator (CQI), which reflects the signal-to-noise ratio (SNR),
the precoding matrix indicator (PMI), which suggests the preferred precoding ma-
trix, and the rank indicator (RI), which determines the optimal transmission rank.

Figure 2.6 illustrates the sequence flow of Channel State Information (CSI) reporting
procedures in 5G [17]. First, the BS configures the CSI-RS resources and informs
the UE about the sounding schedule through higher layer (RRC) configuration. Af-
ter that, depending on whether it is a periodic or aperiodic CSI report, the process
differs. If it is a periodic CSI report, there is no need for a low layer trigger. How-
ever, if it is an aperiodic CSI report, it relies on a low layer trigger from the BS
to inform the UE to start estimating the channel. Subsequently, the BS sends a
predetermined CSI related reference signal to UE. Next, the UE then measures the
CSI-RS and quantizes the CSI parameters according to a predefined codebook and
reports them back to the BS through the uplink channel. The BS receives the CSI
reports from this UE and uses this information to make scheduling decisions, assign
appropriate modulation and coding schemes (MCS), and perform precoding to mit-
igate interference and maximize the signal quality at the receivers.
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Figure 2.6: CSI Report Sequence Flow

2.4 Machine Learning with Artificial Neural Net-
works

Machine learning is a branch of artificial intelligence that focuses on developing algo-
rithms that enable computers to learn on tasks without being explicitly programmed.
By utilizing statistical methods and data-driven approaches, machine learning sys-
tems are expected to identify patterns, make predictions, or take actions based on
the input dataset they are trained on. In the context of wireless networks, ma-
chine learning can be applied to various aspects such as channel prediction, resource
allocation, signal detection, and network optimization.

2.4.1 Neural Network Overview

Neural networks [18] are a type of machine learning model inspired by the struc-
ture and function of the human brain. They consist of interconnected nodes called
neurons, each neuron is a simple function, it receives input signals, processes them
using an activation function, and passes the output to neurons in the next layer.

As shown in Figure 2.7, a neural network typically has three main types of lay-
ers: the input layer, one or more hidden layers, and the output layer. The input
layer takes in the input features or variables. The hidden layers perform computa-
tions and transformations on the inputs using the learned connection weights and
activation functions. The output layer produces the final prediction based on the
processed inputs. During training, the connection weights are iteratively adjusted
using optimization algorithms like gradient descent and backpropagation to mini-
mize the difference between the predicted and ground truth outputs. This allows
the neural network to learn an approximation of the underlying mapping function
from inputs to outputs.

11
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Hidden Layer 1 Hidden Layer 2

Input Layer

Output Layer

Figure 2.7: An example of neural network - A multi-layer perceptron (MLP) net-
work, which is a class of feedforward neural network (FNN). The network comprises
an input layer, two hidden layers, and an output layer. Each layer consists of nodes,
also known as neurons.

2.4.2 Convolutional Neural Networks (CNNs)

Since MLPs process input data as flat vectors, ignoring spatial correlations, lead-
ing to higher number of parameters, computational costs, and overfitting risks. In
response, researchers developed Convolutional Neural Networks (CNNs), which con-
sider spatial relationships within the input data. Typically, CNNs consists of mul-
tiple building blocks, including convolutional layers, pooling layers, and fully con-
nected layers. While CNNs were initially designed for image processing tasks [19],
they have since been adapted to handle various other tasks, such as time series se-
quence forecasting [15, 20].

|

d b c d (T | aw+bx+  bw+cx+  cw+dx+
Y X ey+fz fy+gz gy+hz
e f g h «x |:>
y z ew+fx+  fw+gx+  gw+hx+
i j k [ — iy+z jy+kz ky+lz
Input Kernel Output

Figure 2.8: An example of 2-D convolution

Figure 2.8 illustrates the convolution operation [21], a key concept in convolutional
neural networks (CNNs). The input is a 4x4 matrix containing numbers from ’a’
to 'I. The kernel, also known as the filter, is a 2x2 matrix with values 'w’, ’x’, "y,
and 'z’ The convolution operation involves sliding the kernel over the input matrix
and computing the element-wise multiplication of the overlapping values, followed

by summing up the results. The output is a 3x3 matrix, where each element is the
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result of the convolution operation at the corresponding position. For example, the
top-left element of the output matrix, 'aw+bx+ey—+ f2’, is obtained by element-wise
multiplying the top-left 2x2 submatrix of the input with the kernel and summing
the results. This process is repeated as the kernel moves across the entire input
matrix, creating the output matrix with the resulting values.

Mathematically, in this case, the 2-D input data is represented as I and the kernel
is represented as K, convolution can be written as:

S(i,j) = I+ K)(i,j) = > Y I(i+m,j+n)K(m,n) (2.6)

In this thesis, we will employ a classical CNN architecture, specifically the ResNet18
model proposed by He et al. [22], to predict the wireless channel. However, to apply
the ResNet18 architecture to our input data, which may have different dimensions
and characteristics compared to the original data the model was designed for, we
need to make some modifications to the architecture. These modifications will tailor
the ResNet18 model to the specific requirements of our channel prediction problem,
ensuring that it can efficiently process and learn from our input data. The details of
the modified ResNet18 architecture used in this thesis can be found in the Appendix
Al

2.4.3 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are specifically designed to recognize patterns
in sequences of data, such as text or numerical time series data. Unlike traditional
feedforward neural networks, RNNs possess a unique feature - the memory to store
information about previous inputs by creating loops in the network.

Input X Input X;
Wieh Wih
h 4 h 4 [
Hidden Layer H Hidden Layer H, Win

S

Why Why
L 4 4
Qutput y Output y;
Feedforward Neural Network Recurrent Neural Network

Figure 2.9: Data flow: Feedforward Neural Networks vs. Recurrent Neural Net-
works [23]
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Figure 2.9 illustrates the key difference between Feedforward Neural Networks (FNNs)
and Recurrent Neural Networks (RNNs) [23]. On the left, the FNN is depicted with
an input layer (X), a hidden layer (H), and an output layer (Y). The information
in an FNN flows unidirectionally from the input to the output, passing through
the hidden layer. Each layer processes the information independently, without any
feedback or recurrent connections.

In contrast, the RNN on the right side introduces a recurrent connection within
the hidden layer. The hidden layer (H;) not only receives the input (X;) but also
takes into account the previous hidden state (H;_;) through a recurrent connection.
This allows the RNN to maintain a form of "memory" or context from previous time
steps, enabling it to process sequential or time-dependent data more effectively.

Figure 2.10 illustrates four different types of Recurrent Neural Networks (RNNs)
based on their input-output configurations [24]: (a) "One to One" processes a single
input to generate a single output, (b) "One to Many" takes a single input and
produces a sequence of outputs, (¢) "Many to One" processes a sequence of inputs
to generate a single output, and (d) "Many to Many" handles a sequence of inputs
and produces a sequence of outputs.

Output Layer Output Layer
4 4 4 4
Hidden Layer Hidden Layer 2a  Ba
Input Layer i Input Layer i
a) RNN - One to One b) RNN - One to Many
Output Layer Output Layer
4 LS S
Hidden Layer Hidden Layer
Input Layer i i i Input Layer i i i
¢) RNN - Many to One d) RNN - Many to Many

Figure 2.10: Different types of RNNs based on the number of inputs and outputs
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2.4.3.1 Long Short-Term Memory (LSTM) Networks

Training the above RNNs can be challenging because of problems like vanishing and
exploding gradients. These problems happen when the chain rule is applied through
the recurrent connections during backpropagation, causing the gradients to become
very small or very large. As a result, RNNs struggle to learn long-range dependen-
cies in the input data, which limits their ability to handle long sequences.

To address the limitations of traditional RNNs, Long Short-Term Memory (LSTM)
[25] networks were introduced as a special kind of RNN which is capable of learning
long-term dependencies. An LSTM network consists of multiple LSTM cells con-
nected in a sequence, where each cell processes a single time step of the input data.
The output of each LSTM cell is passed as input to the next cell in the sequence,
allowing the network to maintain and propagate information over time.

At the heart of an LSTM network is the LSTM cell, which consists of several compo-
nents, as illustrated in Figure 2.11(a) [26]. An LSTM cell has two important states:
the cell state (C;) and the hidden state (h;). The cell state acts as the long-term
memory of the cell, carrying relevant information throughout the processing of the
sequence. The hidden state represents the output of the LSTM cell at each time
step, based on the current input and the previous hidden state.

A LSTM cell also has four gates: Input(i), Forget(f), Modulation(g), and Out-
put(0). The input gate (i) controls the extent to which new information is added to
the cell state, while the forget gate (f) determines what information should be dis-
carded from the cell state. The modulation gate (g) generates candidate values that
could be added to the cell state, and the output gate (o) decides what information
from the cell state should be output at the current time step. All gates in an LSTM
cell use sigmoid activation functions to control the flow of information, except the
modulation gate uses a hyperbolic tangent (tanh) activation function to generate

candidate values. The mathematical formulas for the operations performed within
a LSTM cell are as follows:

iv = o(W; - [he—1, ) + b;) (2.7)
fi =Wy [h—1, 2] + by) (2.8)
gr = tanh(Wy - [he_1, 2] + b,) (2.9)
op = oWy - [hy_1, 2] + b,) (2.10)
Ct=fr-coo1+ 1 g (2.11)
hy = o - tanh(c;) (2.12)

where W;, Wy, W,, and W, are weight matrices, b;, b, by, and b, are bias vectors,
and - denotes element-wise multiplication.
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Figure 2.11: LSTM Cell Architecture and A LSTM Many-to-Many Network

Figure 2.11(b) illustrates a LSTM Many-to-Many network, where a sequence of
inputs (Xy, Xa, ..., Xk ) is processed by a stack of LSTM cells to generate a corre-
sponding sequence of outputs (Y1, Ys,..., Yp). This architecture is commonly used
for tasks such as sequence-to-sequence prediction, machine translation and time
series forecasting.

2.4.4 The Transformer Architecture

Transformers have revolutionized the field of machine learning, first in the realm
of natural language processing. Initially introduced in the paper ’Attention is All
You Need’ by Vaswani et al. in 2017 [27], the transformer architecture has set new
standards for performance in various tasks, especially in sequence prediction. Unlike
previous models that relied heavily on sequence-based processing through recurrent
neural networks (RNNs) or convolutional neural networks (CNNs), transformers uti-
lize a mechanism known as self-attention. This approach enables the model to weigh
the importance of different parts of the input data, allowing for parallel processing
and reducing computation time.
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2.4.4.1 Self-Attention Mechanism
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Figure 2.12: Scaled Dot-Product Attention [27]

The widely utilized self-attention mechanism is also known as Scaled Dot-Product
Attention, as depicted in Figure 2.12, it starts with the input being converted into
three sets of vectors: queries (Q), keys (K), and values (V). These vectors undergo
a sequence of matrix operations, as shown in the figure. The self-attention in trans-
former architecture is typically expressed as follows.

Attention(Q, K, V) ft (QKT> 1% (2.13)
ention((/, ££, = soltmax .
Vg

In this process, the product of queries and keys is scaled by the inverse square
root of the key’s dimensionality (dy), ensuring stable training behavior, and then
a Softmax function is applied to derive the attention weights. These weights are
then used to combine the value vectors, generating the final output. Note that the
optional 'Mask’ step can be used to prevent certain positions from influencing the
attention, which is useful when the model needs to ignore padding or future tokens
in specific tasks.

17



2. Theory

K
Yi =Z ViWji = ViW1; + ViWg; + ... + ViW;
j=1

[Wﬁ Wy ([eee] | Wi | [eee| | W; :|

Softmax

[ Z4j Z9j ese Zji eee ZKi ]

Z1u=m Zz.=k2—Tqi Zjj= L ZK|=kK—Tq'
ﬁ ﬁ see ﬁ ese ﬁ
L] [ ][] [e][ke][va] ([o][%][w] [o][k][%]

Wg Wk Wy Wg Wk Wy Wg Wk Wy Wg Wk Wy

Figure 2.13: The Computation Flow of the Self-Attention Mechanism

Figure 2.13 illustrates the computation process within the self-attention mechanism
[28]. At the base of the diagram, given an input sequence of vectors (X1, Xs, ..., X ),
the self-attention mechanism computes three matrices for each input vector: the
query matrix g;, the key matrix k; and the value matrix v;, these matrices are ob-
tained by linearly transforming the input vectors using learnable weight matrices
Wo, Wk and Wy, respectively.

These vectors are then used to calculate the attention scores Z;;, where each score
is the dot product of a query ¢; and a key k;, normalized by the square root of the
dimensionality d of the key vectors to maintain stable gradients during training.
Subsequent to this, a softmax function is applied to the attention scores to obtain
the weights W;;, which represent the importance of each input’s features when con-
structing the new representation Y; of the i-th position.

The output vector Y; is then computed as a weighted sum of the value vectors
Vj, scaled by the softmax-normalized weights W;;, effectively allowing the model to
focus on the most relevant parts of the input sequence. This self-attention process
enables the model to dynamically weigh the significance of different parts of the
input, thus capturing contextual relationships within the data.
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2.4.4.2 Transformer Encoder-Decoder Framework

As illustrated in Figure 2.14, the Transformer Encoder-Decoder model is composed
of an encoder and a decoder, each consisting of a stack of identical layers. The
encoder’s primary function is to map an input sequence to another sequence, which
the decoder then uses to generate an output sequence.
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Figure 2.14: Transformer Encoder-Decoder architecture

In the encoder, each layer comprises two main sub-layers: a multi-head self-attention
mechanism and a position-wise fully connected feed-forward network, the multi-head
self-attention mechanism allows the model to attend to different positions of the
input sequence, capturing the dependencies between them, the fully connected feed-
forward network consists of two linear transformations with a ReLLU activation in
between, helping the model to capture complex non-linear relationships in the input
sequence. Each sub-layer in the encoder is followed by a residual connection and a
layer normalization step. The residual connection adds the input of the sub-layer to
its output, allowing the model to learn residual functions and facilitating the flow
of information across layers.

On the decoder side, similar to the encoder, is composed of a stack of layers, but
with an additional sub-layer that performs multi-head attention over the encoder’s
output. This is known as cross multi-head self-attention and it enables the decoder
to focus on relevant parts of the input sequence during the generation of the out-
put sequence. Prior to this cross-attention sub-layer, the decoder also includes a
masked multi-head self-attention sub-layer which prevents positions from attending
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to subsequent positions. This masking ensures that the predictions for a particular
position can only depend on the known outputs at positions before it.

Both the encoder and decoder incorporate an input embedding layer to convert
the input tokens into dense vector representations and positional encoding to inject
information about the relative or absolute position of the tokens in the sequence.

2.4.4.3 Encoder-Only and Decoder-Only Transformer Variants
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Figure 2.15: Transformer Variants: Encoder-Only and Decoder-Only

Transformer variants, such as encoder-only and decoder-only architectures, have
emerged to address specific tasks and optimize performance in certain domains.
The original transformer model consists of an encoder to process the input and
a decoder to generate the output. However, for some tasks, an encoder-only or
decoder-only model may be more appropriate. These specialized variants can offer
computational efficiency and performance benefits by streamlining the architecture
for the task, eliminating unnecessary components and focusing the model’s capacity
on the essential elements of the problem.

Encoder-only Transformers, like BERT (Bidirectional Encoder Representations from
Transformers), focuses solely on understanding and generating representations of the
input data. By removing the decoder component, encoder-only models are typically
tailored for tasks that require a deep understanding of the input context, such as
sentence classification.

On the other hand, decoder-only Transformers, like GPT (Generative Pre-trained

Transformer), is excel at generating output sequences based on a given context. In
this configuration, the Transformer lacks the encoder component and relies entirely
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on the decoder for both understanding the input and producing output. The self-
attention in the decoder is masked to prevent the model from accessing future po-
sitions in the sequence during training, enforcing an auto-regressive property where
the prediction for a particular position can only depend on previously generated
positions. The decoder-only model iteratively generates each output symbol based
on the accumulated sequence, thus differing from the encoder-only model, which
processes the entire input in parallel.

2.4.4.4 Transformer Built in Complex Domain

Transformer-based models have been successful in various fields, including natural
language processing and computer vision, due to their ability to capture long-range
dependencies and learn meaningful representations from input data. However, most
transformer-based models are initially built to operate on real-valued data, as the
majority of tasks in these domains deal with input data that is naturally represented
in the real domain. However, there are certain tasks, particularly in the fields of
audio and signal processing, where the input data is inherently complex-valued. In
these fields, operations like the Fourier Transform play a crucial role in analyzing and
processing the signals. The Fourier Transform allows for the decomposition of a sig-
nal into its frequencies, providing valuable insights into the signal’s spectral content.

Given the importance of complex-valued operations in audio and signal process-
ing tasks, there is a growing need for transformer-based models that can effectively
handle complex-valued input data. In response to this need, researchers have devel-
oped transformer models that operate directly in the complex domain [29, 30]. These
innovative architectures enable the models to leverage the full potential of complex-
valued representations, allowing them to capture the rich information present in
complex domain.
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Figure 2.16: Transformer Encoder-Only in Complex Domain

Figure 2.16 illustrates the architecture of a Transformer Encoder-only model in the
complex domain. Figure 2.16(a) depicts the self-attention mechanism in the com-
plex domain, which is similar to the mechanism in the real domain but with some
key differences. It begins with three complex matrices labeled @ (query), K (key),
and V' (value), however, which undergo complex matrix multiplication. The output
is then scaled down and passed through a Softmax function to handle the real and
imaginary components separately. The final step involves another complex matrix
multiplication that combines the Softmax output with V', resulting in a complex
representation of self-attention.

Figure 2.16(b) presents the overall structure of the Transformer Encoder-Only model
in the complex domain. The architecture is similar to the Transformer Encoder-Only
model in the real domain, but all components have been adapted to operate in the
complex domain. The input undergoes Complex Embedding, followed by Complex
Multi-head Self-attention and Complex Feedforward layers. Complex Norm Layers
are used to normalize the complex-valued activations, and a final Complex Linear
Layer projects the learned representations to the desired output format. By adapt-
ing each component to the complex domain, the model can effectively process and
learn from complex-valued input data.
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Methods

In this chapter, we present the main methodological framework, beginning with an
outline of the overall design and approach. A detailed discussion on data collection
and management follows. We then explore the data preprocessing steps employed,
including beamspace transformation and feature selection and Data augmentation
techniques. The development and evaluation of our model are covered next, where
we discuss its design, how we train it, and the metrics we use to check its perfor-
mance. After that, strategies for improving model generalization and robustness
are presented, such as augmenting the training dataset diversity, incorporating side
information (autocorrelation), and applying adaptive selection of hyperparameters.
Finally, the model inference pipeline is described.

3.1 Overall Design and Approach

Figure 3.1 outlines a three-stage process for handling data and developing a neu-
ral network model. In the first stage, the 'raw dataset’ undergoes preprocessing to
prepare it for the model; this typically involves cleaning, normalization, and pos-
sibly feature extraction or selection. Once preprocessed, the dataset is split into
three parts: 'training dataset’, 'validation dataset’ and 'testing dataset’ The train-
ing dataset is used to teach the model to recognize patterns and make predictions,
while the validation dataset helps in tuning the model parameters and preventing
overfitting.

In the second stage, the 'model’ is trained using the training dataset. This involves
adjusting the model’s internal parameters until it performs well on the training
data. The validation dataset is used throughout this process to validate the model’s
performance and ensure it generalizes well to new, unseen data. After the model
has been trained and validated, it moves to the third stage -'model inference’ Here,
the model is applied to the testing dataset to evaluate its final performance. The
output of this stage is the 'inference result’, which indicates how well the model can
predict outcomes based on new data inputs. This end-to-end process is crucial for
developing robust models that can be trusted to make accurate predictions.
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Figure 3.1: Data Preprocessing, Model Training, and Inference Workflow

Building on the workflow above, Figure 3.2 provides a more detailed look at the
utilization of the training dataset within the model training phase. The training
dataset, comprising millions channel feature samples labeled [H;(t1), H;(t2), ..., Hj(tx)],
and target samples [H;(tp), Hj(tpy1),...], represents the data that the model will
learn from. These feature samples serve as input data to the Deep Neural Network
(DNN) model for training. Before being fed into the DNN, the training data may
undergo optional pre-processing steps, the pre-processed data is then passed through
the DNN, which learns to map the input data to the corresponding target. As the
data flows through the network, the model learns to make predictions, which are
then compared to the target samples. The ’Post-processing’ step, also marked as
optional, could involve transforming the predictions to a different format.

The predictions made by the model are evaluated using a 'Loss Function,” such
as Mean Squared Error (MSE) or Normalized Mean Squared Error (NMSE), to
quantify how well the model’s predictions match the actual targets. The loss func-
tion provides feedback to the neural network, which is used to adjust the model’s
weights and biases in the direction that reduces prediction error. This process is
repeated iteratively until the model converges.
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Figure 3.2: workflow of the training and validation process
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3.2 Initial Benchmarking Approach

As outlined in Chapter 1, since autoregressive (AR) models is one of the classical
methods for channel prediction. In this thesis, we employ the AR model in con-
junction with Burg’s algorithm as a benchmarking tool. In AR model, the channel
prediction at a future time point I:[t—H is calculated using the weighted sum of K
prior observations. The predictive equation for the AR model is expressed as follows:

K
Hipy = Zath—i-i—l (3.1)
i=1

Where «; is the coefficients which correspond to each of the K previous observations.

For Burg’s algorithm, it is an approach used to determine the optimal coefficients
in autoregressive (AR) models by minimizing the forward and backward prediction
(least mean-squared) error, for more details, please refer to [7].

3.3 Data Collection and Management

3.3.1 Data Sources

The provided datasets, one for 30 km/h and another for 60 km/h User Equipment
(UE) velocity, were generated through simulations using the Urban Macro (UMa)
channel model. Each dataset has dimensions of (850, 150, 4, 32, 52), where:

o 850 represents the number of UE instances,

e 150 corresponds to the number of time slots,

e 4 indicates the number of receive antennas,

e 32 represents the number of transmit antennas, and

52 denotes the number of Physical Resource Blocks (PRBs).

The UMa channel model is a standardized model defined by 3GPP [31], it is designed
to emulate the characteristics of real-world radio channels, such as multipath prop-
agation, delay spread, and spatial correlation. Table 3.1 illustrates part parameters
used for data generation. As we can see from the table, the Base Station (BS) is
equipped with an array of subarrays, with a configuration of 2 rows, 8 columns, and
2 polarizations (2, 8, 2). The BS antenna elements follow the 3GPP standard. The
UE is also equipped with an array, having a configuration of 1 row, 2 columns, and 2
polarizations (1, 2, 2). The carrier frequency is set to 2 GHz and the bandwidth is 10
MHz, and the inter-site distance between BS and UE is 200 meters. The UE velocity
is set at two different speeds: 30 km/h and 60 km/h. By setting these parameters
and using the UMa channel model, a dataset can be generated that captures the
essential characteristics of the wireless channel in an urban macro-cell environment.
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Table 3.1: Part of Parameters used for Dataset Generation

Parameter Value

Scenario Urban Macro, Outdoor UEs only

Base Station Array Configuration | 2 Rows x 8 Columns x 2 Polarizations
Carrier Frequency 2 GHz

Bandwidth 10 MHz

BS Antenna Element 3GPP

UE Velocity 30 km/h and 60 km/h

UE Array Configuration 1 Rows x 2 Columns x 2 Polarizations
Inter-Site Distance 200 m

3.3.2 Data Privacy and Ethics

In this thesis, the prediction and analysis of channels inherently involve the use
of simulated data without any real-world personal information, which eliminates
concerns about privacy and data security.

3.4 Data Preprocessing

3.4.1 Beamspace Transformation

Prior research, as referenced in [32], has shown that channel representation in the
beam domain outperforms representations in other domains. Based on this insight,
we initially convert the channel H; from the antenna domain to the beam domain,
denoted as G;. Throughout the remainder of this thesis, the beam domain will be
utilized for all model training, inference and benchmarking purposes.

Consider the channel for Physical Resource Block (PRB) j represented as:

Hj € (CNRXXNTX,j =1,2,..., Npgp (32)

Here, suppose W; € CNtx*2L ig the transformation matrix that applies the Discrete
Fourier Transform (DFT) to transition the channel from the antenna domain to the
beam domain and L is the number of single polarized beams, the beamspace channel
for the j-th PRB is given by:

G = H;W, € C"&>*2L 5 =12 ... Nppp (3.3)

Let g;(t) € C2LNr*1 he the vectorized version of G;(t), for beamspace channel at time

t, > tk, §;(tp) is predicted using K equi-spaced measurements [g;(t1), g;(t2), ..., g;(tk)] €
C2LNrxK

The following is the code snippet for transforming the channel from the antenna
domain to the beam domain.

for i in range(sample_number):
for j in range (prb_number):
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# pick one sample of size (150, 4, 32)
sample_picked = data_raw[i, :, :, :, jl

# reshape the transmit dimension of sample from 32 to
(2,8,2)
sample_picked_reshaped = np.reshape(
sample_picked, (150, 4, 2, 8, 2), order=’F’)

# fft across the axes (-3, -2), size (150, 4, 2, 8, 2)
sample_picked_fft = np.fft.fft2(
sample_picked_reshaped, axes=(-3, -2))

3.4.2 Feature Selection

Figure 3.3 illustrates the process of extracting samples (sequences of channel) from
a dataset with dimensions (850, 150, 4, 32, 52). The extraction process involves
several key parameters: m, d, and 6. The parameter m represents the spacing (in
slots) between consecutive measurements, while d denotes the spacing between pre-
dictions. The parameter ¢ indicates the spacing between the last measurement and
the first prediction. The sample extraction process begins with the User Equipment
(UE) estimating the channel over K slots. These K measurements are uniformly
separated by m slots. Based on the collected K measurements, the UE then predicts
the future channel state for P slots. In this thesis, for simplicity, the values of m,
0, and d are all set to 5, resulting in an equi-spaced configuration.

To extract samples, the measurements and predictions are progressively shifted to
the right. This sliding window approach allows for the generation of multiple sam-
ples from the dataset. Initially, the values of K and P are set to 5 and 4, respectively.
This configuration implies that the UE predicts the channel state for the next 4 in-
stances based on the previous 5 instances of measurements. However, to enhance
the generalization ability of the model, the restriction on K and P will be relaxed
in a later section (3.6) of the thesis.

By extracting samples in this manner, the dataset is transformed into a collection
of input-output pairs, where the input consists of K measurements and the output
consists of P predictions. These samples serve as the foundation for training and
evaluating the channel prediction model.

m=5 6=5 d=5
. .
— r e !
NNEN HEAD NN R DANEIDIEN
< » time
Measurement

Figure 3.3: Channel Prediction: Measurement and Prediction Configuration
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3.4.3 Data Augmentation Techniques

To enhance the generalization ability of a neural network, increasing the size and
diversity of the training data is crucial. In real-world scenarios, the mobility speed
of User Equipment (UE) can vary significantly, ranging from a walking speed of
3 km/h to a driving speed of 180 km/h. However, the given dataset only contains
data for two specific speeds: 30 km/h and 60 km/h. To address this limitation, data
augmentation techniques can be employed to generate additional data representing
different velocities.

Autocorrelation is an effective method for assessing the rate how channel changes
over time. The autocorrelation can be calculated using the following equation:

S Gt +d) - Gi(t)

Ac(d) = %Z(Gj(t) -GE(t) + Gyt +d) - Gi(t +d))

(3.4)

Where A.(d) represents the autocorrelation at a spacing of d slots, G;(t) denotes
the channel at time t, and G7}(t) is the complex conjugate of G;(t).

Autocorrelation (Magnitude) vs. d Autocorrelation (Phase) vs. d

—— Dataset 30km/h
—— Dataset 60km/h
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0.0 T ; ; r - ; T T T 0.0 T ; ; ; ; ; T T T
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a) Autocorrelation (Magnitude) b) Autocorrelation (Phase)

Figure 3.4: Comparison of Channel Autocorrelation: 30 km/h vs. 60 km/h

Figure 3.4 illustrates the magnitude and phase autocorrelation of the channel with
respect to the spacing d (in slots). The plots compare the autocorrelation behavior
for two different UE speeds: 30 km/h and 60 km/h. It is evident from the figure
that the autocorrelation for a velocity of 60 km/h varies more rapidly than that
of 30 km/h. This observation aligns with the intuition that higher mobility speeds
lead to more rapid changes in the channel over time.
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Expanding on the concept of data augmentation in this context, we consider a fixed
equi-spaced configuration where (m = § = d = 5), denoted as (d) for simplicity in
the following sections. Suppose the current dataset corresponds to a UE velocity
of (v). The question then arises: is it possible to synthesize a dataset for a dou-
bled UE velocity, (2v), simply by adjusting the spacing to (2d)? The rationale is
straightforward: assume two UEs traveling at different speeds along the same path
and interacting with a base station (BS). Both UEs perform channel estimations at
fixed intervals; the only distinction between them lies in the spacing of the collected
data. For instance, we could potentially derive a dataset for a velocity of 120 km/h
by doubling the spacing (d) from that of the 60 km/h dataset.

Figure 3.5 supports this hypothesis by showing the average autocorrelation w.r.t
(d) for the 30 km/h and 60 km/h datasets, with the x-axis for the 30 km/h dataset
scaled to twice that of the 60 km/h dataset. It can be observed that the autocorrela-
tion curves for both datasets follow remarkably similar patterns, albeit with minor
discrepancies. This similarity suggests that it is indeed feasible to generate data
corresponding to a velocity of 60 km/h from the 30 km/h data by simply doubling
the spacing (d). By extension, this approach implies that we can generate datasets
for different velocities by adjusting the value of (d) accordingly.
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Figure 3.5: Comparison of Channel Autocorrelation: 30 km/h vs. 60 km/h over
different scale of d (spacing in slots)
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3.5 Model Development and Evaluation

3.5.1 Model Architecture and Selection

Figure 3.6 provides an overview of the four main types of model architectures ex-
plored for channel prediction in this thesis. The first type is the SimpleNN (Simple
Neural Network), which consists of two linear layers with a ReLU activation func-
tion between them. This simple neural network serves as a baseline for comparison
with more complex architectures.

The second type is a CNN (Convolutional Neural Network), specifically ResNet18.
However, since the original ResNet18 is designed for image classification with three
input channels (RGB) and an output size of 1000, the architecture was modified to
align with the channel prediction task. The adapted ResNetl18 accepts two input
channels, corresponding to the two polarizations of the channel.

The third type is the classical LSTM (Long Short-Term Memory) Many-to-Many
model, which is well-suited for sequence-to-sequence predictions.

Lastly, the fourth type explores various transformer architectures, including encoder-
decoder, encoder-only, and decoder-only models. For the encoder-only and decoder-
only variants, both real and complex domain implementations were investigated to
assess their performance in channel prediction tasks.

CNN
ResNet18
(Convolutional Neural Network) ene |
Time Series | |
Forecasting RNN

LSTM Many-to-Many |
4>| Encoder-decoder |
'| Decoder-only | Real Domain
&
4>| Encoder-only | Complex Domain

Figure 3.6: Model Architecture and Selection

(Recurrent Neural Network)

3.5.2 Training and Validation Strategy

To train and evaluate the performance of the model, the dataset consisting of 850
UE instances is first divided into two groups randomly. A total of 800 UE instances
are allocated for training and validation, while the remaining 50 UE instances are
reserved for inference purposes.
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From the 800 UE instances designated for training and validation, samples are ex-
tracted using the above described section. After sample extraction, the data is
further split into two subsets: 95% of the samples are used for training the model,
while the remaining 5% are utilized for validation. By following this training and
validation strategy, the model’s performance can be effectively evaluated, and its
generalization capabilities can be assessed.

The overall strategy for model training involves exploring all four different archi-
tectures to assess their effectiveness in the channel prediction task, and each model
is trained from scratch. After evaluating the performance of each model, the best-
performing model is selected for further investigation and enhancement.

3.5.3 Model Evaluation Metrics

In this thesis, the Normalized Mean Squared Error (NMSE) is employed as the
loss function and evaluation metric to assess the performance of different channel
prediction models. NMSE is a widely used measure that quantifies the difference
between the predicted and true values, its mathematical formulation is as follows:

‘ ‘Gtrue - Gpredict ’ ‘%‘
’ ‘Gtrue‘ |%‘

where Gy represents the ground truth channel matrix in the beam domain and
Gpredict denotes the corresponding predicted channel matrix obtained from the model.
A lower NMSE value indicates better prediction accuracy, as it suggests that the
predicted values are closer to the ground truth. Conversely, a higher NMSE value
implies larger discrepancies between the predictions and the true values, indicating
poorer prediction performance.

NMSE = E

(3.5)
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3.6 Enhancing Model Generalization and Robust-
ness

3.6.1 Augmentation of Training Dataset Diversity

As described in section 3.4.3, Table 3.2 presents the results of the data augmenta-
tion process. We first set K = 5, P = 4, indicating that 5 previous slots of channel
information are provided to predict the future 4 time slots. To synthesize datasets
with varying velocities ranging from 6 km/h to 192 km/h, we adjust the spacing
d from 1 to 16. This approach allows for the generation of a diverse dataset that
encompasses a wide range of velocities. However, due to the limited total length of
time slots in the raw dataset (150 slots), it is not feasible to extract samples for d
values larger than 16.

It is important to note that during the creation of the new mixed dataset, two
synthesized velocities, namely 12 km/h and 120 km/h, are intentionally omitted
from the training dataset. By excluding these specific velocities, we can utilize
them in the testing datasets to better assess the generalization ability of the trained
model.

Table 3.2: Synthesized Data from Dataset 30km/h and 60km/h

d (spacing in slots) | Dataset 30km/h | Dataset 60km/h
1 6 km/h 12 km/h (skip)
2 12 km/h (skip) 24 km/h
3 18 km/h 36 km/h
4 24 km/h 48 km/h
5 30 km/h 60 km/h
6 36 km/h 72 km/h
7 42 km/h 84 km/h
8 48 km/h 96 km/h
9 54 km/h 108 km/h
10 60 km/h 120 km/h (skip)
11 66 km/h 132 km/h
12 72 km/h 144 km/h
13 78 km/h 156 km/h
14 84 km/h 168 km/h
15 90 km/h 180 km/h
16 06 km/h 192 km /I

3.6.2 Incorporation of Side Information (Autocorrelation)

Incorporating side information is another approach to enhance the model’s gener-
alization and robustness. In this case, we explore the possibility of leveraging the
autocorrelation between slots of the channel as additional input to the model. Au-
tocorrelation captures the temporal dependencies and patterns within the channel

32



3. Methods

data, providing valuable insights into how the channel evolves over time.
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Figure 3.7: Transformer Encoder-Only without Adding Side Information

Among the architectures discussed earlier, the transformer encoder-only model demon-
strates the best performance in the channel prediction task. Building upon its suc-
cess, we investigate the potential benefits of incorporating autocorrelation as side
information into this model. Figure 3.7 illustrates the transformer encoder-only
model without side information. In this setup, K slots of channel data are fed into
the network to predict the next P slots.

The process of incorporating autocorrelation as side information involves preprocess-
ing the channel data to compute the autocorrelation coefficients. These coefficients
are then combined with the channel data to provide additional temporal context to
the model. In this study, the autocorrelation coefficient is calculated by taking the
average value of the autocorrelation between each channel at time ¢ and its corre-
sponding value at the previous time step t — 1, the resulting average autocorrelation
is a complex number.

To explore different approaches for adding autocorrelation as side information into
the transformer encoder-only model, we investigate four methods:

(a) Autocorrelation concatenated to the input channel data.

(b) Autocorrelation added using a separate embedding layer and then concate-
nated with embedded channel.

(¢) Autocorrelation added using separate embedding layer and then added to the
embedded channel.

(d) Autocorrelation added using separate embedding and then concatenated with
the output of the transformer block (and thus not included in the self atten-
tion).

The corresponding model architectures are shown in figure 3.8 (a)-(d).

33



3. Methods

{ Signal Dimension \

(e

i
Ivb

uoISUSLLIC] BWI |

.

(a) Autocorrelation concatenated with input

F —
/ Signal Dimension A ﬂ)hannel Autocorr Pasitional Ncrm\
== —-- —> Embedding Embedding Embedding Layer
X 5
] % 5
N O [ e g
B Xo 3 c
3 0 g o IRE
2 = g SRR
=
Z | 3 : : |g : g7 &
2. | . . . a . 8 [
3 9 @
‘ 8
| =
‘\, *x K D ® ,#7/
;/ (N S W
Input Embedding Nx Linear

Input Positional Norm\ / Signal Dimension\
bedding Embedding Layer [—— >
— ||
Ol : '
& I
=4 =
o 5 Y
Q o o
B TR S BE
: : g RS :
. . 2 2 E | .
- =1
@ 3
=]
— = [
® - oo ]
/ \ J
Embedding Nx Linear Output

Signal Dimension

~

H
¥

uoIsUSWI( W)

«—— - — — — — — — —

|

=<
o

I ) H

Qutput

(b) Autocorrelation in Embedding Layer, then Concatenated

Signal Dimension ﬂ)hannel
> Embedding

el %

3w %

N

: :
3

|

A Xk

o

Autocorr Positional No

Embedding Embedding

@[] ® -

. .
. .
. .

[l -

Layrﬂ
o] ® [ ]

_/

Embedding

oy Y
=
2
=1
<o,
g c
E [
] a
- o
sl
g )
(=% @
& %
@o
=]
(=]
E
.~/ S
Nx Linear

Signal Dimension

1

H
¥

uolsuawig awi |

{

=<
o

=<
I ) I

Output

(¢) Autocorrelation in Embedding Layer, then Added

ajeusjeaun)

Channel Positional Norm
f Signal Dimension \ Embedding Embedding Layer m
| p——— _x — @ | — §
| ﬂ 1 ® — = & >
| @
H H g
@ | @[
g, |::>
% . Autocorr Nx
g ! : Embedding
=N R
> |
I ] %
| X, o
] % |

Input

(d) Autocorrelation

Embedding

AV

Jake reaur

(—

Linear

Signal Dimension

-

I ) H H
v

uojsuswIq awi|

«—— - — — — — —— -

|

Y

bl

Output

in Embedding, Concatenated Post-transformer

Figure 3.8: Four Different Methods of Incorporating Autocorrelation as Side In-
formation in the Transformer Encoder-Only Model
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3.6.3 Adaptive Selection of Hyperparameters K and P

In previous sections, we fixed number of measurements K to 5 and number of pre-
diction P to 4. However, to train a model with better generalization ability, it is
beneficial to investigate the impact of using flexible values for K and P.

As illustrated in Figure 3.9, To achieve this flexibility, we introduce a range for
K, allowing it to vary from 5 to 12. This means that the model can accept input
sequences of different lengths within this range. To ensure consistent input dimen-
sions during training and inference, we employ a padding technique. Specifically,
for each input sequence, we pad the left side with 0 + 05 (complex zero) values
until the sequence reaches the maximum length of Kyjax = 12. By incorporating
this adaptive selection of K, the transformer encoder-only model learns to handle
different amounts of historical channel information.
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Figure 3.9: Transformer Encoder-Only: Adaptive Length of K

3.7 Model Inference

3.7.1 Inference Pipeline

The general inference pipeline for different models follows the same process as the
evaluation pipeline when the number of measurements K and the number of pre-
dictions P are consistent with the training dataset. However, when performing
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inference with a larger number of predictions, some adjustments are necessary. The
following paragraphs explain how to perform inference in such scenarios for trans-
former encoder-only model.

The inference pipeline of the transformer encoder-only model, as illustrated in Fig-
ure 3.10, consists of two rounds. In this setup, we set input sequence length Kyiax
to 12 and the output sequence length to 2P, which is doubled compared to the
training process. In the first round, the model takes an input sequence of length K
to generates an output sequence of length P, where the input sequence represents
the historical channel information and the output sequence is the predicted future
channel.

In the second inference round, the model leverages the concept of a sliding win-
dow to generate predictions for the subsequent time steps. The input sequence is
updated by shifting the window to the right, incorporating the previously predicted
values. Specifically, the new input sequence becomes [Xp, 1, ..., Xf, Y1, ..., Yp], where
the first K — P values are the actual channel measurements from the previous time
steps, and the last P values are the predicted channel values from the first inference
round. The model processes this input and generates a new output sequence of
length P. By concatenating the output of two round, we can get the final channel
prediction.

Yi Y2 | .. Yp Y14p|Youp| - Yop
- ", " :’ - "
well-trained :{> well-trained
neural network neural network

sliding window =~ ®

Xq | X2 | X3 | -0 [ XK-1| XK Xp+t| --- | XK | Y1 | .. YP
1
T T T
Input length K Dropout length P Input length K
1) Inference Round 1 2) Inference Round 2

Figure 3.10: Model Inference Pipline
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Results and Analysis

In this chapter, the results and analysis of the research are presented. The chapter
begins with a visualization of wireless channel characteristics, followed by an eval-
uation of the model performance metrics, including an analysis of training loss and
validation loss. A comparative analysis of inference performance is then conducted,
examining temporal vs. signal feature embedding efficacy, performance on variable
speed datasets, domain-specific model performance, the impact of autocorrelation
on model accuracy, adaptive hyperparameters K and P, and single vs. multiple
receive antennae performance. The chapter concludes with a summary of the key
findings.

4.1 Visualization of Wireless Channel Character-
istics

4.1.1 Channel Representation in 3D Space

Figure 4.1 provides a detailed visual representation of the MIMO channel character-
istics in three dimensions. In our MIMO scenario, the transmitter (tx) is equipped
with 32 antennas, and the receiver (rx) has 4 antennas. Out of the 44,200 samples
from 850 UE instances, each with 52 PRBs, we randomly select three samples for vi-
sualization. Since the receiver has 4 antennas, we represent the channel response for
each Rx antenna using four distinct colors: red, yellow, green, and blue. Each time
slot yields a (32, 4) matrix where each element is a complex number. The 3D plots
are thus constructed with the real parts represented along the x-axis, the imaginary
parts along the y-axis, and the temporal dimension along the z-axis, displaying 150
time slots for each sample. For each tx-rx antenna pair, a line plot illustrates the
temporal evolution of the signal.

The first row of subplots (a), (b), and (c) displays the three chosen samples in
the antenna frequency domain. Each receive antenna collects 32 transmit signals
that vary over time, resulting in 32 lines per color. As observed from Figure 4.1(a),
(b), and (c), although each channel sample exhibits distinct characteristics, a pat-
tern of rotation in the 3D space is discernible across time. To provide a clearer
observation, subplots (d), (e), and (f) extract a single randomly selected tx antenna
from the 32 available. It is evident that each sample presents a different shape. In
subplots (g), (h), and (i), we convert the channel from the antenna domain to the
beam domain. The converted channel still exhibits a rotating behavior in the 3D
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space, similar to the antenna domain. However, the key difference is that the chan-
nel in the beam domain appears more sparse, with fewer significant components.
This sparsity can be attributed to the fact that the beam domain representation
focuses on the dominant propagation paths.

3Dchannel (Sample#101, prb=7), tx_antenna=32, rx_antenna=4) 3Dchannel (Sample#467, prb=4), tx_antenna=32, rx_antenna=

b) Sample#467, tx=32 ¢) Sample#648, tx=32

3Dchannel (Sample# 101, prb=7), tx_antenna=1, rx_antenna=4) 3Dchannel (Sample#467, prb=4), tx_antenna=1, rx_antenna=4) 3Dchannel (Sample648, prb=15), tx_antenna=1, rx_antenna=4)
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Time Stots = ® 0 Tmesos %

d) Sample#101, tx=1 e) Sample#467, tx=1 f) Sample#648, tx=1

3Dchannel (Sample#101, prb=7), tx_antenna=32, rx_antenna=4) 3Dchannel (Sample#467, prb=4), tx_antenna=32, rx_antenna=4) 3Dchannel (Sample# 648, prb=15), tx_antenna=32, rx_antenna=4)

g) Sample#101, DFT h) Sample#467, DFT i) Sample#648, DFT

Figure 4.1: Visualization of Channel in Antenna Domain and Beam Domain:
Randomly Selected 3 Samples

4.1.2 Channel Representation in 2D Space

Figure 4.2 and Figure 4.3 presents channel characteristics of Sample #101 in 2 di-
mension. Plots for the other two samples, #467 and #648, are provided in the
Appendix 1 for further reference and comparison. Figure 4.2(a) shows the magni-
tude of the channel with respect to time slots for each of the 4 receive antennas. The
magnitude varies over time, exhibiting a fluctuating pattern. This variation can be
attributed to the dynamic nature of the wireless channel, influenced by factors such
as multipath propagation, mobility, and environmental changes.
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Figure 4.2(b) presents the phase of the channel with respect to time. we observe a
distinct sawtooth-like pattern for each receive antenna. This pattern is a result of
the phase wrapping in the range of —7 to 7 radians.

Magnitude w.rt time_slots (Sample #101, prb=7, tx_antenna=1) Phase w.rt time_slots (Sample #101, prb=7, tx_antenna=1)
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Figure 4.2: Visualization of Channel (Sample #101): Magnitude and Phase w.r.t
Time

Figure 4.3 (a)(b) shows the magnitude and phase of the channel with respect to the
Physical Resource Blocks (PRBs) for each receive antenna. The magnitude of the
channel varies across the PRBs, highlighting the frequency-selective nature of the
channel, which means different PRBs experience different levels of attenuation.
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Figure 4.3: Visualization of Channel (Sample #101): Magnitude and Phase w.r.t
PRB
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4.2 Model Performance Metrics

4.2.1 Analysis of Training Loss & Validation Loss

Figure 4.4 presents a comparative analysis of the validation loss and training loss
for various models over the training process, utilizing the average Normalized Mean
Squared Error (NMSE) as the loss function. The hyperparameter K is set to 5 and
P to 4 in this setting, indicating that the previous 5 slots of channel information
are fed into the models to predict the future 4 slots. Additionally, the number of
receive antennas is set to 1 (rx = 1), and all models are built in real domain in
this section. The training dataset consists of only 60km/h data with an equi-spaced
configuration of d = 5 without autocorrelation information, to focus on selecting
the best-performing model for a single velocity scenario. It is also important to
note that all models are trained and inferenced using a single GPU card - NVIDIA
Geforce RTX 3090.

Figure 4.4(a) illustrates the validation loss for the different models, and Table 4.1
presents the trainable parameters, training duration, and inference latency for dif-
ferent AT models (for more details about the models’ settings, please refer to Ap-
pendix A.1). We observe that the Transformer Encoder-Only model achieves the
lowest validation loss, relatively fast training duration and inference latency, demon-
strating its superior performance compared to the other models. The Transformer
Decoder-Only model follows closely, exhibiting the second-best performance. The
CNN-Resnet18, LSTM, Transformer Encoder-Decoder, and SimpleNN models also
outperform the non-Al based (AR) model baseline in this setup.

12 val loss 12 train loss
—— Baseline
SimpleNN
—— LSTM
1.0 TF Encoder-Decoder 1.0
CNN
—— TF Decoder-Only
0.81] —— TF Encoder-Only i 0.8
0.6 0.6
0.41 0.4
0.2 0.2

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100

a) Validation Loss b) Training Loss

Figure 4.4: Comparison of Validation Loss and Training Loss for Different Models
across Epochs (K =5, P =4, rx=1, Trained with 60km/h Channel Data)
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Table 4.1: Trainable Parameters, Training Duration and Inference Latency for
various Al Models

Trainable Tra.ln‘lng Time Inference Time
Model Parameters (1.5 million Samples, (160000 Samples)
100 Epochs)
SimpleNN 2.3 million 1h 52min /
LSTM 2.2 million 7h 53min /
Transformer Encoder-Decoder | 2.3 million 20h 4min /
CNN - Resnet18 11.3 million 17h 12min /
Transformer Decoder-Only 2.3 million 6h bmin 4Ts
Transformer Encoder-Only 2.4 million 7h 19min 23s

In the subsequent sections, we will focus on the best-performing model, the Trans-
former Encoder-Only, and explore various methods to enhance its generalization
ability. By leveraging techniques such as different embedding techniques, data aug-
mentation, and incorporate side information, we aim to improve the model’s perfor-
mance and robustness across different velocity scenarios.

4.3 Comparative Analysis of Inference Performance

4.3.1 Temporal vs. Signal Feature Embedding Efficacy

To enhance the model’s generalization ability across multiple UE velocities, different
methods of embedding were tested on the transformer encoder-only model’s perfor-
mance, as illustrated in Figure 4.5. The model’s performance is measured by the
Normalized Mean Squared Error (NMSE) in decibels (dB) versus the predicted slot.
The model is trained exclusively with 60km/h channel data, and the plots compare
its inference performance when tested with both 30km/h and 60km/h channel data.

Figure 4.5(b) presents the inference results with 60km/h channel data, which is the
same velocity used during training. All embedding methods show improved perfor-
mance compared to the baseline. However, the encoder-only model with embedding
across the time dimension significantly outperforms the other two embedding ap-
proaches.

In Figure 4.5(a), the inference results with 30km/h channel data are shown. This
velocity is not included in the training dataset and serves as a good metric to assess
the model’s generalization ability. The encoder-only model with embedding across
the time dimension still surpasses the performance of the other methods, including
the baseline. However, the embedding across the signal dimension and embedding
across the time dimension with transpose perform worse than the baseline, indicat-
ing that these two models have limited generalization capability.

These results highlight the importance of selecting an appropriate embedding method

for the transformer encoder-only model. Embedding across the time dimension con-
sistently outperforms other methods.
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Figure 4.5: Comparison of NMSE(dB) vs. Predicted Slot for Different Embedding
Methods on Transformer Encoder-Only Model (K =5, P = 4, rx=1, Trained with
60km/h Channel Data)

4.3.2 Performance on Variable Speed Datasets

4.3.2.1 Dataset at 60 km/h vs. 30 km/h

Figure 4.6 presents a comparison of the Normalized Mean Squared Error (NMSE) in
decibels (dB) versus the predicted slot for the same Encoder-Only model (embedding
across the time dimension, as described in the previous section) but trained with
different channel data velocities: 30km/h and 60km/h. It is evident that the model
trained with 30km/h data exhibits better performance when inferring on 30km/h
data, and similarly, the model trained with 60km/h channel data performs better
when inferring on 60km/h data. This observation suggests that the model learns to
recognize specific patterns associated with a particular velocity.

It is also worth noting that even when the transformer encoder-only model is trained
with a different velocity than the inference data, it still outperforms the baseline
model in both scenarios. This suggests that the transformer architecture has a
higher capacity to capture the underlying patterns in the channel data compared to
the baseline approach.
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Inference with 30km/h channel data Inference with 60km/h channel data
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a) Inference with 30km/h b) Inference with 60km/h

Figure 4.6: Comparison of NMSE(dB) vs. Predicted Slot for Training with Differ-
ent Velocities (30km/h vs. 60km/h) on Transformer Encoder-Only Model (K = 5,
P =4, rx=1)

4.3.2.2 Fixed Speed vs. Mixed Speed Datasets

Figure 4.7 extends the analysis from the previous section, where the model was
trained with a single velocity dataset, to training with multi-velocity data (referred
to as mixed dataset). The mixed dataset is a synthesized dataset containing veloc-
ities ranging from 6km/h to 192km/h, as described in Table 3.2, generated using
data augmentation techniques.

Across all inference velocities, the transformer encoder-only model trained with
the mixed dataset consistently outperforms both the baseline model and the trans-
former encoder-only model trained with the 60km/h dataset (except for inference
with 60km/h). It is important to note that the training dataset does not contain
12km/h and 120km/h channel data; however, the model still demonstrates good
generalization ability on these two velocities. Overall, it is evident that the model
trained with a mixed dataset significantly improves its generalization ability. This
approach enables the model and capture the underlying patterns in the channel data
across various velocity conditions.
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Figure 4.7: NMSE(dB) vs. Predicted Slot: Impact of Training with Mixed Dataset
on Model Performance (K =5, P =4, rx=1)

4.3.3 Domain-Specific Model Performance

4.3.3.1 Complex vs. Real Domain Model Comparison

Figure 4.8 presents a comparison of the Normalized Mean Squared Error (NMSE)
in decibels (dB) versus the predicted slot for Encoder-Only model built on real
domain and on the complex domain. Across all inference velocities, both models
exhibit similar behavior and outperform the baseline. However, the Encoder-Only
model built on the complex domain consistently surpasses the performance of the
model built on the real domain. This observation suggests that the complex domain
model is more effective in capturing the characteristics of the channel data. The
parameters used for training both models can be found in Table 4.2. Note that
although the model built in the complex domain has fewer trainable parameters
compared to the model in the real domain (0.5 million vs. 2.4 million), however,
each weight in the complex domain model is a complex number, which introduces
additional computational complexity compared to real numbers.
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Table 4.2: Configuration, Training Duration and Inference Latency for Model
Training: Real Domain vs. Complex Domain

Transformer Encoder-Only Model Real Domain | Complex Domain
Trainable Parameters 2.4 million 0.5 million

Input size 64 32

Embedding Dimension 64 32

Number of Attention Heads 8 8

Feedforward Hidden Layer Size 2048 2048

Number of Encoder Block 5 3

Dropout Rate 0.01 0.01

Training Time (3.5 million Samples, 100 Epochs) | 23h 30min 1d 3h 46min
Inference Time (560000 Samples) Imin 11s Imin 50s

Inference with 6km/h channel data

Inference with 12km/h channel data

Inference with 30km/h channel data

—— Baseline_K5
—— TF_EncoderOnly_Real_Domain
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b) Inference with 12km/h

Inference with 120km/h channel data

-
N

3

¢) Inference with 30km/h

IS

Inference with 132km/h channel data
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1 2 3 4
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Figure 4.8: NMSE(dB) vs. Predicted Slot: Comparison of Encoder-Only Models
Built on Real Domain and Complex Domain (K =5, P = 4, rx=1)

4.3.4 Impact of Autocorrelation on Model Accuracy

Figure 4.9 illustrates the impact of adding side information - autocorrelation, into
the model training process, as described in Chapter 3, Section 3.6.2. Four distinct
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methods of incorporating autocorrelation are explored: (1) concatenate autocorrela-
tion with the input, (2) concatenate autocorrelation in the embedding layer, (3) add
autocorrelation in the embedding layer, and (4) concatenate autocorrelation in the
last linear layer. However, as evident from the figure, the impact of these four meth-
ods is very limited, with only a marginal improvement in the overall performance.
This might be because the autocorrelation is not informative enough to significantly
enhance the model’s prediction, or the model has already learned to capture the
relevant patterns without explicitly being fed the autocorrelation.

Inference with 6km/h channel data Inference with 12km/h channel data Inference with 30km/h channel data

EncoderOnly_without_Sidelnfo
EncoderOnly_Sidelnfo_InputConcat
EncoderOnly_Sidelnfo_EmbeddingPlus
2 EncoderOnly_Sidelnfo_EmbeddingConcat
EncoderOnly_Sidelnfo_FinalLinearConcat

-4

a) Inference with 6km/h b) Inference with 12km/h  ¢) Inference with 30km/h

Inference with 60km/h channel data Inference with 120km/h channel data Inference with 132km/h channel data

) 0 0
-2 -2 -2
-4 -4 —al
=
-6 — -6 -6
—
3 3 3 3 1 1 3 3 1

d) Inference with 60km/h  e) Inference with 120km/h  f) Inference with 132km/h

Figure 4.9: NMSE(dB) vs. Predicted Slot: Impact of Adding Side Information-
Autocorrelation on Model’s Performance (K = 5, P = 4, rx=1, Trained with
60km/h Channel Data)

4.3.5 Adaptive Hyperparameters K and P

Figure 4.10 illustrates the results of enhancing model’s generalization ability by mak-
ing number of measurements K and number of prediction P adaptive. As described
in Chapter 3 section 3.6 and 3.7, the Encoder-Only model is trained with varying
value of K, ranging from 5 to 12 (excluding K = 9 in the training dataset to bet-
ter assess its generalization ability during inference). The input fed into the model
is padded to maximum length of Kyax = 12, the number of prediction P is fixed
to 4 during training, however, when inference, we extend P to 8, refer to Figure 3.10.
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As evident from Figure 4.10, the Encoder-Only model outperforms the baseline
when inferring across all velocities. As number of measurements K increases, the
performance of both the baseline and the Transformer Encoder-Only model im-
proves. This improvement can be attributed to the availability of more information
about the channel conditions, enabling the model to achieve higher performance.

Inference with 12km/h channel data Inference with 30km/h channel data

o
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Transformer_EncoderOnly_K5
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-84

1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
a) Inference with 12km/h b) Inference with 30km/h
o Inference with 60km/h channel data 0 Inference with 120km/h channel data
-2 =2
-4 / -4
6 / 6
-8 -8
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
c¢) Inference with 60km/h d) Inference with 120km/h

Figure 4.10: NMSE(dB) vs. Predicted Slot: Encoder-Only Model with Adaptive
Value of K and P (rx=1, Trained with Mixed Channel Data)

4.3.6 Single vs. Multiple Receive Antennae Performance

Figure 4.11 illustrates the impact of predicting multiple receive antennas simulta-
neously compared to predicting a single receive antenna individually. Both models
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were trained using the same architecture - the Transformer Encoder-Only model in
the complex domain. The results demonstrate that the model trained to predict 4
receive antennas outperforms the model predicting a single receive antenna. This
improvement in performance can be attributed to the model’s ability to recognize
and exploit the patterns and correlations between the received signals at different
antennas. These patterns provide additional information about the channel, leading
to enhanced prediction accuracy.

Inference with 6km/h channel data Inference with 12km/h channel data Inference with 30km/h channel data

—— Baseline_1rx
—— TF_EncoderOnly_1rx
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d) Inference with 60km/h  e) Inference with 108km/h  f) Inference with 132km/h

Figure 4.11: NMSE(dB) vs. Predicted Slot: Performance Comparison of Single
and Multiple Receive Antenna Prediction (K = 5, P = 4, Trained with Mixed
Dataset)

4.4 Summary of Key Findings

Based on the discussions presented in this chapter, we have obtained the following
key findings regarding the use of Al for channel prediction:

1. The Transformer Encoder-Only model achieves the highest performance among

all the models explored. This architecture demonstrates superior ability in
capturing and learning the complex patterns present in wireless channel data.
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. For the Transformer Encoder-Only model, embedding across the time dimen-
sion produces better performance compared to other embedding approaches,
allowing the model to learn more informative representations of the channel
data.

. Training the model with a mixed dataset significantly improves its generaliza-
tion ability, enabling it to perform well on unseen data.

. The Transformer Encoder-Only model built on the complex domain is more
effective in capturing the patterns of the wireless channel compared to models
operating in the real domain.

. The impact of adding autocorrelation as side information has a very limited
improvement in the model’s performance.

. It is feasible to train a model with an adaptive number of measurements and
predictions that outperforms the baseline. By allowing the model to dynami-
cally adjust the number of input measurements and output predictions, it can
better adapt to varying channel dynamics.

. Training a model to predict multiple antennas simultaneously provides perfor-
mance gains compared to predicting each receive antenna individually.
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Conclusion

In this thesis, we have explored the application of Al-based methods for channel pre-
diction in SU-MIMO systems. First, the Transformer Encoder-Only model achieved
the top performance, outperforming its counterparts. Moreover, when the model
was trained with a diverse mixed velocity dataset, it exhibited enhanced general-
ization capabilities, suggesting that such a strategy is critical for robust performance.

Furthermore, the thesis has revealed that embedding across the time dimension
within the Transformer Encoder-Only model yields superior results compared to
alternative embedding methods. Additionally, constructing the model within the
complex domain has proven to be more effective in capturing the patterns of the
wireless channel compared to models built in the real domain, although training and
inference in the complex domain are more computationally costly. The incorpora-
tion of autocorrelation as side information in model training process offered marginal
performance improvements, suggesting that exploring other methods of adding side
information might be needed to leverage this domain knowledge. The feasibility
of training models with an adaptive number of measurements and predictions has
been established, highlighting the model’s generalization ability. Lastly, training
a model to simultaneously predict multiple receive antennas presents performance
gains compared with predicting each receive antenna individually, however, such
model may need to be re-trained for UEs with different number of antennas.

5.1 Future Work

One limitation of the thesis is that it does not consider the complexity of the pro-
posed models. This is important when implementing these models on User Equip-
ment (UE) with limited computing power. The models are more accurate but could
be too complex for real-time use on devices with limited hardware capabilities. This
opens up a path for future research, which could aim to decrease the complexity of
the model while keep the accuracy. These could include network pruning, quantiza-
tion or low-rank factorization techniques.

Future research could also explore more architectures beyond those in this thesis.
Emerging architectures like Mamba [33] may offer a better balance between per-
formance and computation cost. Another promising direction is to apply transfer
learning, fine tuning pre-trained models in other domains like language processing,
computer vision or audio. These models may have learned how to catch patterns in
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channel-like data. Additionally, the dataset used for training and inference in this
thesis was generated solely by the Urban Macro (UMa) channel model. To develop a
more generalized model, future research could explore mixing datasets from different
channel models. Finally, there is potential in further exploring how side information
can be used to improve model predictions. These directions could all make Al-based
channel prediction more practical and effective for next-generation wireless networks.
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Figure A.1: ResNetl8 Architecture (Modified for Channel Prediction)
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Table A.1: Parameters Settings for Different Architectures

. CNN Transformer Transformer | Transformer
Model SimpleNN | LSTM Resnet18 | Encoder-Decoder | EncoderOnly | DecoderOnly
Trainable Parameters 2.3m 2.2m 11.3m 2.3m 2.4m 2.3m
Dropout Rate - - - - 0.01 0.01
Input Size 320 - - 64 64 64
Embedding Dimension - - - 64 64 128
Number of Attention Heads - - - 8 8 8
Number of Encoder Block - - - 4 - -
Number of Decoder Block - - - 4 5 4
Number of Layers 2 4 18 - - -
Feedforward Size - - - 2048 2048 2048
Hidden Size 4096 256 - - - -
Learning Rate le-4 le-3 le-4 le-4 le-4 le-4
Optimizer Adam

ITT
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