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Abstract

Giulia Maria Tabone, M.Sc.
Department of Statistics & Operations Research

University of Malta
Oct 2025

The process of earthquake source characterization involves determining the key proper-
ties of an earthquake and its origin, including its location, as indicated by latitude and
longitude coordinates, its depth and its magnitude. This dissertation focuses on estab-
lishing a statistical model, by combining different Neural Network (NN) architectures
including the Multi-Layer Perceptron (MLP), Convolutional Neural Network (CNN)
and Graph Neural Network (GNN), in order to characterize the source of the earth-
quakes occurring in the central Mediterranean region, particularly concentrating on the
Maltese islands, Sicily and the surrounding areas. The models considered are trained
and validated on earthquake data recorded between 2013 and 2024. These data were ob-
tained from seismic stations positioned around the Maltese Islands and Sicily, which are
installed and maintained by the Istituto Nazionale di Geofisica e Vulcanologia (INGV)
and the University of Malta’s Seismic Monitoring and Research Group (SMRG). The
objective is to predict earthquake source parameters using station coordinates and
waveform features. Each earthquake is represented as a graph in which the vertices
correspond to stations, and the associated features are assigned to these nodes. For
each event, the model outputs latitude, longitude, depth, and magnitude. Two model
architectures are considered, namely, an edgeless graph model and a dynamic edges
GNN. To identify the optimal model of each architecture, a systematic series of ex-
periments, including hyperparameter tuning, regularization techniques, restricting the
analysis to a more localized region and ensemble modelling, are conducted. The best
two models are then fit on test data comprising events from January 2025 to August

2025. The edgeless graph architecture emerged as the best-performing architecture.
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Chapter 1

An Overview of Earthquake Source

Characterization

1.1 Introduction

The process of earthquake source characterization involves predicting the key properties
of an earthquake at its origin, including its location, as indicated by by latitude and
longitude coordinates, its depth, and its magnitude. As will be seen in Section 1.3,
characterization of earthquake source parameters plays a crucial role in many seismic
applications, such as earthquake early warning, hazard assessment, and emergency

response (L. Li et al., 2020).

In this dissertation, the term prediction is used in the statistical and machine-
learning sense, referring to the inference of unknown earthquake source parameters
from observed seismic data following event detection, rather than the forecasting of
earthquakes prior to their occurrence. Recent research has demonstrated that earth-
quake source parameters, including latitude, longitude, depth, and magnitude, can be
predicted by combining information from seismic station geometry and recorded wave-
form data using data-driven and machine-learning-based approaches (Van den Ende &

Ampuero, 2020; X. Zhang et al., 2022).

A seismic waveform is a record of ground motion over time collected by a sen-
sor and digitalised at regular intervals, illustrating how the Earth’s surface moves in
reaction to passing seismic waves. Each seismic station records three such waveforms,
referred to as components, aligned along orthogonal axes: Vertical (Z), North-South
(N) and East-West (E). An example of a three-component (orthogonal) waveform is

shown in Figure 1.1.1.
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Figure 1.1.1: An example of an orthogonal 3-component waveform (Sharma, 2024).

With reference to Figure 1.1.1, the graph vertical axis represents ground displace-
ment (after instrument response removal), whereas, the graph horizontal axis represents
the sample index, i.e., the position of each recorded data point in time. In the case
of Figure 1.1.1, the sample index ranges from 0 to 6000, indicating that 6000 indi-
vidual measurements were taken during the recording. The measurements are spaced
according to the sampling rate, which represents how many data points are recorded
per second. For instance, a sample rate of 100 Hz suggests that 100 samples are col-
lected each second, so 6000 samples would correspond to 60 seconds of data. During
a typical seismogram recording, the initial portion of the waveform contains only am-
bient seismic noise, here, up to approximately the first 400 samples. At this point,
the primary (P) wave arrives, marked by a distinct burst of oscillations in the trace
caused by ground reverberations. Around 1800 samples, a higher-amplitude secondary
signal appears, corresponding to the shear (S) wave. Following this arrival, the signals

gradually decay back toward the noise floor.

From each channel’s 6000 sample trace, summary statistics such as the peak am-
plitude, Root Mean Square (RMS) amplitude, spectral centroid and Signal-to-Noise
Ratio (SNR) can be obtained and can also be used in conjunction with the station
coordinates and raw waveform metadata to predict the earthquake source. The peak
amplitude is the single largest absolute excursion from zero i.e., the highest spike in
the Z, N or E channel. The RMS amplitude is defined as the square root of the mean

of squared amplitudes and it quantifies the traces’ overall energy. The spectral cen-
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troid, defined as the "centre of mass” of the spectrum, shows whether the energy is
concentrated at lower or higher frequencies. Lastly, the SNR measures how clearly the

seismic event stands out from ambient noise. The SNR is computed as:

RMS Amplitudeg;gna

NR— , 1.1
SNER RMS Amplitude,;se (1)

A numerical example of how these four features are computed can be found in Appendix

A.

Having briefly introduced the topic of earthquake source characterization, the
remainder of this chapter is divided in the following way. Section 1.2 delves into the
different approaches that have been developed over the years to characterize seismic
sources. Subsequently, the motivation and objective of study, namely, to characterize
the sources of seismic events in the central Mediterranean region using a GNN frame-
work, are discussed in Section 1.3. Following this, the development of GNNs is outlined

in Section 1.4. Lastly, the dissertation structure is provided in Section 1.5.

1.2 Literature Review

Several approaches to earthquake source characterization have been introduced in the
seismological literature, with the most well-established methods being travel time-based
inversion (Z. Li & Van der Baan, 2016; Lin et al., 2015; H. Zhang & Thurber, 2003)
and waveform-based inversion (Beskardes et al., 2017; Gajewski et al., 2007; Pesicek
et al., 2014; Zhebel & Eisner, 2015). Travel time-based inversion methods employ a
multi-step procedure to characterize earthquake sources. First, the arrival times of
P-waves and S-waves are detected using phase detection techniques. Subsequently,
these arrival times are attributed to specific earthquake events. Next, earthquake
locations are determined by performing an inversion using the arrival times, station
locations, and a velocity model. The earthquake magnitudes are then estimated based
on waveform amplitudes and source-receiver distances. Although travel time-based
inversion methods are commonly used in seismic applications, they are known to be
susceptible to noise-related errors, specifically when estimating low-magnitude events,
and may not fully utilize the phase and amplitude information within the complete
waveform (X. Zhang et al., 2022). In contrast, waveform-based inversion methods
combine full phase and amplitude information recorded by seismographs, leading to
a higher-quality characterization of earthquake sources. Nevertheless, waveform-based

inversion is computationally expensive. It is also important to mention that both
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approaches require specialized knowledge in seismology.

A data-driven alternative for earthquake source characterization leverages wave-
form features using statistical learning techniques to enable the prediction of earthquake
locations and magnitudes. Through advancements in technology, as well as the avail-
ability of high quality datasets, the implementation of statistical learning techniques
has led to resounding success in seismological applications, such as phase picking (Zhu
& Beroza, 2018), seismic discrimination (Z. Li et al., 2018), waveform denoising (Zhu et
al., 2019), earthquake location (Perol et al., 2018), and magnitude estimation (Mousavi
& Beroza, 2020b). Even though statistical learning methods have been applied to
seismic event source characterization since the 1990s (Bladford, 1993), the first work
to make use of more recent advances in deep learning was presented by Perol et al.
(2018). In this work, a CNN was trained to detect earthquakes from the recordings of
a single station to predict the source locations from within six regions. Despite the fact
that this CNN model was successful in establishing foundational research in earthquake
location detection via statistical learning methods, the approach was restricted to wave-
forms from a single seismic station and is only able to classify earthquakes into broad
geographic groups, failing to provide specific location information. Since then, more
advanced single-station methods that focused on improving location accuracy have
been introduced. For example, a Bayesian NN was developed by Mousavi & Beroza
(2020a) to learn epicentre distance, P-wave travel time and associated uncertainty using
single-station data. This was a successful attempt, nevertheless, concurrently, various
developments in multi-station statistical learning methods were also being made. For
example, Kriegerowski et al. (2018) proposed a CNN architecture that merges infor-
mation from three component waveforms from multiple stations to predict hypocentre
location, producing more accurate source parameter estimates than single station meth-
ods. Moreover, X. Zhang et al. (2020) introduced an end-to-end Fully Convolutional
Network (FCN) to predict the probability distribution of earthquake location directly
from input data obtained from multiple stations. This was later extended by X. Zhang
et al. (2021) to determine earthquake locations and magnitudes from continuous wave-
forms to be used for earthquake early warning. Additionally, a CNN framework was
also adopted by Shen & Shen (2021) to extract location, magnitude and origin time

from continuous waveforms recorded across a seismic network.

Despite multi-station approaches being an improvement on single station ap-
proaches, the utilization of standard convolutional layers limits the methods in various

ways. For starters, CNNs are designed to operate on evenly spaced grids like images,
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where information is exclusively shared between neighbouring grid positions. Secondly,
CNNs require the station locations in the input data to be static to learn positional
mapping. These assumptions pose issues as seismic networks are not regularly spaced
and may even record information related to non-adjacent stations. Moreover, dynamic
station input is highly desirable for earthquake source characterization due to station
outages, the addition/removal of stations to seismic networks, and the ability to select

a localized array for the detection of small-magnitude events.

To address this issue, many researchers have developed graph-based statistical
learning methods. For instance, Miinchmeyer et al. (2020) proposed an attention-
based transformer neural network (an attention-based architecture) for earthquake
early warning. Building on this, Miinchmeyer et al. (2021), managed to predict
hypocentres and magnitudes for earthquakes. While their approach proved effective,
as well as successful in employing a multi-station approach that allows for dynamic
inputs, it is widely acknowledged in the literature to be computationally intensive. In
fact, the authors themselves limited their experiments to just 25 stations due to these
high computational demands, although they do not provide a detailed complexity anal-
ysis. Van den Ende & Ampuero (2020) developed a multi-station earthquake source
characterization method based on graph convolution in order to avoid high complexity
for large seismic networks. In their method, Van den Ende & Ampuero (2020) model
each station as a node in an edgeless graph, attaching to each node both its processed
waveform feature vector and its geographic coordinates. Van den Ende & Ampuero
(2020) then apply single-station convolution and aggregate via global pooling. In order
to improve upon Van den Ende & Ampuero (2020)’s work Yano et al. (2021) devel-
oped a multi-station method in which edges are selected and held fixed for all inputs.
Unfortunately, this resulted in the same limitation inherent to CNNs. McBrearty &
Beroza (2022) introduced a GNN framework that makes use of multiple predefined
graphs built on both labels and station locations. Because not every seismic event is
recorded by all stations, McBrearty & Beroza (2022)’s network supports changes in
the set of input stations, i.e., it can handle missing station data at inference time.
However, it still only uses a limited subset of each station’s waveform information.
X. Zhang et al. (2022) proposed a Spatiotemporal Graph Neural Network (STGNN)
that creates edges automatically by fusing waveform features and spatial information,
namely, station locations. Their method aimed to utilize the full functionality of GNN

while allowing for flexibility in the location and number of seismic stations.
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1.3 Motivation and Objective of the Study

Earthquakes can cause man-made and natural structures, as well as the contents within
them, to fail and fall, resulting in the injury or death of many people. The most dev-
astating earthquakes in documented history were the 1556 Shaanxi earthquake (Chan,
1982), the 1976 Tangshan earthquake (Gere & Shah, 1980), the 1960 Chilean earth-
quake (National Oceanic and Atmospheric Administration, 1960) and the 2004 Indian
Ocean earthquake (Lay et al., 2005), which led to the destruction of several buildings
and structures, leaving civilians homeless and also indirectly leading to the death of

hundreds of thousands of people.

As evident from these examples, most earthquakes occur within the Circum-
Pacific Belt, more commonly known as the Ring of Fire. Nevertheless, earthquakes
occur world-wide, with the Mediterranean region considered to be the second most
active seismic zone (Institut de Ciéncies del Mar (CSIC), 2021). In fact, as will be seen
in Chapter 5, throughout the years, several earthquakes have been recorded within the
central Mediterranean region. Characterization of an earthquake source plays a crucial
role in many seismic studies, such as, earthquake early warning, hazard assessment
and emergency response (L. Li et al., 2020). For example, early warning systems aim
to detect earthquakes immediately after rupture begins to warn regions that have not
yet experienced the strong ground shaking. In this context, the rapid prediction of
the epicentral location, depth and magnitude is crucial, as these parameters determine
which areas are at risk, how intense the shaking is likely to be, and how much warning
time is available before damaging seismic waves arrive. Furthermore, in the case of
high earthquake magnitudes over 6 on the Richter scale, an earthquake close to the
coast can trigger a tsunami. Key parameters for a tsunami, such as maximum Sea Sur-
face wave Height (SSH), are strongly dependent on the earthquake source parameters.
Consequently, the aim of this dissertation is to establish a statistical model, by com-
bining different neural networks, in order to characterize the source of the earthquakes
occurring in the central Mediterranean region, particularly focusing on the Maltese

islands, Sicily and the surrounding areas (see Figure 1.3.1).

The models will be trained and validated on earthquake data recorded during
the period 2013-2024, obtained from seismic stations positioned around the Maltese
islands and Sicily, installed and maintained by the Istituto Nazionale di Geofisica e
Vulcanologia (INGV) in Rome, Italy and the Seismic Monitoring and Research Group
(SMRG) at the University of Malta. The target variables being considered in this study
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Figure 1.3.1: Bathymetric map of the study area, where CM denotes the Central Mediterranean
(adapted from European Environment Agency (2009)).

are the latitude, longitude, depth and magnitude of the earthquake. These target
variables will be predicted using station coordinates, raw waveform metadata, peak
amplitude, root mean square amplitude, spectral centroid and SNR. More information

regarding the data will be presented in Section 5.3.

The neural network architectures employed in this dissertation consist of a Multi-
Layer Perceptron (MLP), a Convolutional Neural Network (CNN), and a Graph Neu-
ral Network (GNN). The MLP and CNN are primarily used as feature processing and
representation-learning components, transforming station-level waveform and meta-
data into compact feature vectors. Each earthquake event is then represented as a
graph, where vertices correspond to seismic stations and are associated with the learned
feature representations. The GNN operates on this graph structure to integrate infor-
mation across stations and produces the final outputs, namely the estimated latitude,
longitude, depth, and magnitude of the earthquake source. It was decided to adopt
a GNN framework as, according to the literature presented in Section 1.2, these NNs
produced some of the most successful results. Two model architectures will be consid-
ered in the application, which mainly differ with regards to the input. Detail on the
model architectures will be provided in Sections 5.5 and 5.6. The two architectures
are compared using the performance metrics defined in Section 2.7, evaluated on the
validation set, in order to identify the model configuration, and ultimately the architec-

ture, that most effectively characterizes earthquake source parameters in the Central
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Mediterranean region. Lastly, in Section 5.8.4, the resulting best model configurations
are fitted on a test dataset spanning January 2025 to August 26, 2025, in order to

examine predictive ability.

1.4 The Development of Graph Neural Networks

The development of GNNs is the result of the evolution of various types of neural net-
works. This section therefore provides a brief history of neural network architectures,
beginning with the basic Artificial Neural Network (ANN), progressing through CNNs,

and culminating in the emergence of GNNs.

1.4.1 Artificial Neural Networks

The conceptual roots of Neural Networks (NNs) can be traced back to the mid 20" cen-
tury, when researchers attempted to emulate how biological neurons in the human brain
transmit and process information through the invention of simplified mathematical
representations known as artificial neurons. In 1943, McCulloch & Pitts demonstrated
how artificial neurons could be used to model simple logical functions. Nevertheless,
the origins of NNs are often attributed to Rosenblatt (1958), who proposed assigning
weights to the inputs of an artificial neuron and applying a threshold function to pro-
duce a single binary output. This binary classifier, known as the perceptron, laid the

foundation for supervised learning in modern neural networks.

Despite being a groundbreaking development in computational models, the per-
ceptron could not solve non-linear problems like image or speech recognition, and even
struggled with basic tasks such as the logical ‘exclusive or’ (Minsky & Papert, 1969).
To address this issue, researchers began interconnecting neurons into layered architec-
tures, forming the early versions of what are now known as ANNs. While this increased
the representational capability of these neural networks, it was not until the develop-
ment of the backpropagation algorithm by Rumelhart et al. (1986) that training such
networks became possible. Building on this, Cybenko (1989) and Hornik (1991) later
showed that given a sufficient number of neurons and appropriate activation functions,
these neural networks can approximate any continuous function. These advancements
marked the beginning of deep learning, where neural networks with multiple layers

began to outperform traditional machine learning models on a variety of tasks.

As a result, ANNs became widely used for analysing Euclidean-structured data,

such as fixed-length vectors in classification problems and tabular data in regression.
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Nonetheless, since ANNs treat all input data vectors as independent and identically
structured, they cannot account for spatial and structural properties of more complex
data formats, such as images. Consequently, this motivated the evolution of more
specialized neural network architectures such as those aimed at handling spatially and

time dependent data.

1.4.2 Convolutional Neural Networks

CNNs extend ANNs by operating on data with a grid-like topology, such as two-
dimensional images or one-dimensional audio-signals. This is achieved through two
main innovations, namely, local receptive fields and parameter sharing. Local receptive
fields allow the CNN to capture spatially local patterns. Parameter sharing ensures
that the same pattern detector is used repeatedly across different parts of the input,
significantly decreasing the amount of trainable parameters, as well as, enhancing the

model’s ability to generalize over similar patterns in varying positions.

CNNs are thought to have emerged from the neocognitron, which was proposed by
Fukushima in 1980. Inspired by the structure of the brain’s visual cortex, the neocogni-
tron is a hierarchical multilayered NN capable of robust visual pattern recognition due
to the network’s invariance to shift in the position of the input patterns. Nevertheless,
it was the LeNet-5, proposed by LeCun et al. (1998), that became the first notable
CNN model.

Over the years, various researchers extended the basic CNN by proposing more
advanced architectures designed to handle complex datasets and tasks. In fact, the
first major break through for CNNs was the invention of the AlexNet architecture
(Krizhevsky et al., 2012), which placed first in the ImageNet LSVRC-2010 contest,
playing a crucial role in driving the utilization of deep learning in the industry. Be-
sides this, AlexNet was one of the first NNs to take advantage of GPU acceleration
for training deep networks, as well as introduced popular activation functions such as
the Rectified Linear Unit (ReLU) function and various CNN regularization techniques.
AlexNet then influenced the development of more advanced and modern architectures
such as, VGGNet (Simonyan & Zisserman, 2015), ResNet (He et al., 2016), GoogLeNet
(Szegedy et al., 2015) and Xception (Chollet, 2017), among others. Despite their suc-
cess, CNNs are restricted to data that lie on regular grids and are not able to generalize
to non-Euclidean domains such as, molecular structures, transportation systems or seis-

mic station networks.
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1.4.3 Graph Neural Networks

Real world systems, like molecular structures, transportation systems and seismic sta-
tion networks, are best represented as graphs, where entities (nodes) and their associa-
tion with each other (edges) vary in number and order. The traditional NNs discussed
in Sections 1.4.1 and 1.4.2 are not designed to handle this data structure as they rely
on fixed-dimensional inputs and grid-like data assumptions. This led to the need to

extend NNs’ functionality to cater for graph-structured data.

Early attempts applied recursive neural networks to directed acyclic graphs (Fras-
coni et al., 1998; Sperduti & Starita, 1997), facilitating information propagation through
recursive formulations. Gori et al. (2005) then generalized recursive NNs to arbitrary
graphs (i.e., not limited to directed acyclic graphs), introducing the first formal GNN
framework. This development introduced an iterative fixed-point mechanism in which
node representations were updated through what is known as repeated message passing

until convergence. More information on message passing will be given in Section 4.3.1.

Despite this formulation significantly broadening the applicability of NNs to
graph-structured data, it brought about new theoretical and computational challenges,
specifically pertaining to the lack of guarantee of convergence and the possible instabil-
ity of training. To tackle these problems, Scarselli et al. (2008) refined this framework,
in turn improving the training procedure. Micheli (2009) then introduced a feedfor-
ward architecture, known as Neural Network for Graphs (NN4G), built to avoid the

convergence limitations of fixed-point methods.

Around the same time, it was observed that the operations of CNNs could be
interpreted through a graph-based perspective. For example, a 2D image could be
considered as a grid graph where each pixel is a node linked to its neighbours (i.e.,
adjacent pixels). This realization motivated attempts at generalizing the notion of

convolution to arbitrary graphs.

Besides the need to apply NNs to graph data, GNNs were also shaped by advance-
ments in graph representation learning which is the process of learning continuos vector
representations of nodes, edges and subgraphs. Up until then, conventional statistical
learning methods used for graph analysis relied heavily on manually designed features,
which were not only time consuming, but also domain specific. The success of represen-
tation learning in Natural Language Processing (NLP), specifically as a result of word
embeddings, prompted similar approaches for graphs. One of the first algorithms to
apply this idea was DeepWalk (Perozzi et al., 2014) by using random walks on graphs

10
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to create sequences of nodes, which were then embedded utilizing methods borrowed
from language modelling. This breakthrough gave rise to a wide range of methods such

as node2vec (Grover & Leskovec, 2016), LINE (Tang et al., 2015) and TADW (Yang
et al., 2015), improving the efficiency and quality of graph representations.

Unfortunately, these shallow representation methods suffered from two consider-
able limitations, namely, scalability and generalization. Nevertheless, GNNs overcame
these drawbacks by combining the structural learning capability of CNNs with the flex-
ibility of graph embeddings, forming trainable architectures that learn representations

through aggregating and transforming information from local neighbourhoods.

One particular variant of GNNs is the EdgeConv network, first introduced by
Wang et al. (2019). EdgeConv departs from fixed graph structures by rebuilding the
connections between nodes at each layer based on their current feature representations.
In practice, this means that every node “looks” for its nearest neighbours in the feature
space and then learns richer edge features by comparing itself to those neighbours.
These learned comparisons are then aggregated, typically by a simple maximum or

average operation, to update each node’s representation.

1.5 Outline of Dissertation

This chapter provided an introduction to earthquakes and the challenge of estimating
their sources, along with a comprehensive literature review of the methods developed
to address this problem. It also traced the evolution of ANNs, CNNs and GNNs.
The following initial chapters will outline the theoretical underpinnings of these NN
architectures. Subsequently, these theoretical concepts will be applied to characterize

the seismic sources of the earthquakes occurring in the central Mediterranean region.

More specifically, Chapter 2 introduces fundamental concepts of ANNs, starting
with the earliest and simplest network, the feedforward NN. Core ideas such as layers,
neurons, activation functions, loss functions and trainable parameters are presented.
The chapter then explains how a feedforward NN processes information during for-
ward propagation, and how the backpropagation algorithm is then used to adjust the
parameters by minimizing loss. The Universal Approximation Theorem (UAT), an
important theoretical result which demonstrates that feedforward NNs are capable of
approximating any continuous function, is also highlighted. Finally, the chapter pro-
vides a brief overview of regularization techniques conventionally used to improve ANN

performance, followed by a discussion on the metrics that will be used to evaluate said
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model performance.

Subsequently, Chapter 3 builds on the theory presented in Chapter 2 by focusing
on CNNs, which play a crucial role in the application as they are used to process the raw
waveform information. In this chapter, the specialized architecture components that
distinguish CNNs from feedforward NNs, namely, convolutional layers, pooling layers
and fully connected layers, and their contribution to enabling the CNN to effectively
process grid-structured data is highlighted. The universality of CNNs is also discussed
by extending the UAT to this architecture. Lastly, this chapter presents advanced
regularization methods that adapt the conventional ANN regularization techniques to

the CNN framework.

Following this, Chapter 4 develops the theoretical underpinnings of the GNN
framework, starting with an introduction to fundamental graph concepts including
the definition of graphs in terms of vertices and edges. This chapter is particularly
important, as the dataset used in this work will be represented as a graph in which
seismic stations correspond to vertices and edges define the relationships between them.
An explanation on how information is shared between stations through the neural
message passing paradigm, enabling the GNN to capture dependencies across graphs
is given. Additionally, the approach taken to dynamically generate edges between
vertices using a similarity criteria and k-Nearest Neighbours (KNNs), allowing the
graph structure to adapt to the data, is also described. The chapter is concluded by

discussing some universality results on graphs and set functions.

The concepts explained in Chapters 2-4 are then implemented in the application
portion of this dissertation which is found in Chapter 5. Here the main contribution of
this dissertation, namely, the prediction of the latitude, longitude, depth and magni-
tude, for events in the central Mediterranean region, is presented. Each target variable
will be modelled as a graph, where seismic stations act as vertices and relationships
between them are defined by edges. The chapter begins by detailing the computational
setup of the analysis, including the hardware specifications of the local machine used,
and the modules included in the Python environment. The central Mediterranean
earthquake dataset is then introduced, together with the preprocessing steps applied

prior to analysis.

Chapter 5 then proceeds to outline the model standards, training procedures, and
evaluation criteria used throughout the analysis. Two-graph based model architectures

are considered, specifically, an edgeless graph model and a dynamic edges GNN model,

12
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with their architectures described in detail. Experiments for each model are conducted
with the aim of improving final predictive performance. The results are presented and
compared to identify which model architecture is best suited to the data. Following this,
the most successful models are applied to unseen events to asses its ability to predict
earthquake source ‘parameters’. Finally, Chapter 6 summarizes the dissertation’s key
findings, discusses the challenges encountered, and offers recommendations for future

research.
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Chapter 2

Artificial Neural Networks

2.1 Introduction

Artificial Neural Networks (ANNs) are a large class of learning models that aim to cater
for complex relationships in the data. Multi-Layer Perceptrons (MLPs) are the earliest
form of these models. As datasets grew larger and tasks became more complex, various
specialized extensions emerged. For instance, CNNs were invented to handle input data
with a grid-like structure and GNNs were developed to cater for graph-structured data.
Nevertheless, the core architecture of ANNs remains central to many modern neural
network architectures. As a result, this chapter lays out the theoretical underpinnings

of ANNs that will serve as the foundation for more advanced architectures.

Section 2.2.1 begins by introducing the concept of an artificial neuron which is
the fundamental building block of the basic ANN, and by explaining how input data is
fed forward through every layer of the network, in a procedure called forward propaga-
tion. Additionally, the Universal Approximation Theorem (UAT), a theoretical result
which demonstrates that NNs are capable of approximating any continuous function,
is presented. Sections 2.3 and 2.4 then explore important concepts such as the learning
rate and loss functions. The loss function provides a measure of how far the network’s
predictions deviate from the expected output, while the learning rate determines the
extent to which the network adjusts its parameter in response. Section 2.5 then delves
into how the estimates of network parameters are adjusted through the backpropaga-
tion algorithm. Regularization techniques used to improve training are then discussed
in Section 2.6. Finally, Section 2.7 presents the metrics that are used to evaluate a

network’s model performance.
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2.2 An Overview of Artificial Neural Networks

Inspired by the human brain, ANNs are constructed from several interconnected nodes
referred to as (artificial) neurons in three “blocks” of layers, namely the input layer,
hidden layer(s) and output layer. Data enters the neural network through the input
layer, it is then passed onto the hidden layers where it is processed via mathematical
transformations. These hidden layers learn to extract patterns from the data, whether
it is in its raw form or previously transformed information. After processing, the data
is fed into the output layer, which generates the final predictions or classifications. In
classification tasks, the number of output neurons corresponds to the number of classes,
whereas prediction tasks typically use a single output neuron representing the variable
of interest’s prediction. As discussed in Chapter 1, the application in Chapter 5 deals

with a prediction problem.

A NN with two or more hidden layers is called a “deep” neural network (Shri-
vastava, 2022). The neural networks that will be applied in the application in Chapter
5 are deep neural networks. Each hidden layer can capture different levels of abstrac-
tion, for instance in image data, lower layers detect simple patterns, such as edges and
higher layers detect more complex ones, like shapes. Among the various architectures
of neural networks, one of the most fundamental and widely studied is the feedforward
neural network, a NN in which information passes strictly from input to output. This
section will now delve deeper into the structure and processes of feedforward neural

networks, and introduce the UAT, an important theorem within the NN framework.

2.2.1 Artificial Neurons and the Basic Neural Network

Artificial neurons transform a vector of real valued inputs into a single real-valued
output. This output can in turn serve as input to other artificial neurons. The earliest
artificial neurons could only handle binary inputs (McCulloch & Pitts, 1943), however
these were then extended by weighting the inputs (Rosenblatt, 1958), forming what is

known as a perceptron (see Figure 2.2.1).

In Figure 2.2.1, * = (z1,...,x,) is an n-vector of real-valued inputs with cor-
responding n-vector of weights w = (wy, ..., w,). Furthermore, wy is referred to as
the bias which is used to adjust the output along with the weighted sum of inputs
and o(.) is an activation function that maps R onto some bounded interval, typically,

(—1,1),(0,1) or [0,00) in order to generate an output o(xy, ..., z,). Then, the output
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Figure 2.2.1: Structure of a perceptron.

y = o(z1, ..., x,) produced by the perceptron is:

y=o (lz wkxk] + w[)) =o0(z), (2.1)
k=1

where z is the output of the neuron before the activation function is applied. There are
several activation functions within the literature, the most common being the logistic
sigmoid function, the bi-polar sigmoid function and the hyperbolic tangent function,

which are defined in Equations (2.2)-(2.4), respectively.

1
Ulogi(z) = H—Tp(—z)’ (2-2)
1 —exp(—=2)
Usigm(z) = —1 i exp(—z) s (23)
Otann(2) = tanh(z). (2.4)

The sigmoid functions and the hyperbolic tangent functions are monotonic and
differentiable, which are desirable properties within the context of NNs due to the back-
propagation algorithm, as will be seen in Section 2.5. However, activation functions,
such as the sigmoid and hyperbolic tangent, can lead to the vanishing and exploding
gradient problem. As will be seen in Section 2.5, during backpropagation, gradients are

propagated through the network by repeatedly applying the chain rule, which involves
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multiplying by the derivatives of the activation functions at each layer. For sigmoid
and tanh, these derivatives become very small when the activations saturate at large
positive or negative inputs, causing gradients to shrink as they propagate backwards
through the network. As a result, the weights of earlier layers receive very small updates
(vanishing gradients), while in some cases gradients may instead grow uncontrollably

(exploding gradients), leading to unstable training.

These issues become more pronounced in deep networks, where many succes-
sive multiplications are performed during backpropagation. One way to mitigate this
problem is through the use of the ReLU activation function (Téth, 2013), defined in
Equation (2.5), which does not saturate for positive inputs and therefore helps preserve
gradient flow. In addition, vanishing and exploding gradients can be alleviated through

appropriate weight initialization strategies (see Section 3.5.1).

zif 2>0
Orerv(2) = max{z,0} = B (2.5)
0 otherwise.

The tanh and ReLU activation functions will be used in the application presented in
Chapter 5. The sigmoid function is presented here as it was among the first activa-
tion functions proposed for artificial neurons and plays a central role in much of the

theoretical framework discussed in Chapter 2.

One drawback of the perceptron in Figure 2.2.1 is its inability to solve non-linear
problems such as image or speech recognition, or even basic tasks like the logical exclu-
sive or (Minsky & Papert, 1969). To address this, researchers began interconnecting
neurons into layered architectures, forming MLPs. Both the perceptron and the MLP
fall under the category of feedforward NNs. A feedforward neural network is a type of
ANN in which information flows in a single, forward direction, from the input layer,
through any hidden layers, to the output, without any loops or feedback connections.
The crucial difference between the perceptron and the MLP is that the perceptron
consists of a single layer and is limited to linearly separable problems, whereas the
MLP introduces hidden layers that enable the modelling of non-linear relationships.
Up until now, simple notation has been used to explain the basic ideas of artificial
neurons, weights, and activation functions. This notation will now be extended to
better illustrate the more complex structure of an ANN, namely the feedforward neural
network. Figure 2.2.2 shows an example of a feedforward neural network that contains

an input layer with n, neurons, a single hidden layer with nj; neurons, and an output
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layer that generates a scalar output ¢ for prediction problems. It is worth noting that
the neural network in Figure 2.2.2 is a two-layer MLP, since the input layer is typically

not included in the enumeration of the layers.

Input Layer Hidden Layer Output Layer/
Output

Waz,h wh,y

Figure 2.2.2: Example of a two-layer feedforward neural network (i.e., an MLP).

In Figure 2.2.2, the vector of inputs * = (z1,...,x,,)" denotes a single row of
the data matrix X, containing the observed values for the sample being analysed. In

practice, N vectors of observations will be available:

T11 T12 e Ilnz
X _ T21 T29 .. I2nz
IN1 TITN2 l’an
Furthermore,
[ z,h z,h z,h ] [ h,y_
wll w12 e wlnh wl
w:ﬂ,h wa:,h ww,h wh,y
21 22 - 2n,, 2
Wk = ' and w"¥ =
x,h z,h x,h h,y
(Wyi1 Whpz e Wil Wy |

are an (n, X ny)-weight matrix and an n,-weight vector respectively. These weight
matrix and vector determine how strong the connection between the neurons of one
layer and the neurons of the subsequent layer is. The (i, i/)th element of W*" represents

the weight joining the i input neuron to the i'*™" hidden neuron, while, the 7™ element
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of w™Y represents the weight joining the i *" hidden neuron to the output ¢. It is to
be noted that a neuron in a layer might not necessarily be connected to each neuron
in the succeeding layer. In such cases a zero weight is used in the connection between
these two neurons. In addition to this, the bias terms corresponding to the layers are

o : h :
contained in the bias vector wl! = (w*, ..., w,"" )" and in the scalar w.

For application purposes, the data matrix X is typically divided into two subsets:
the training set and the validation set, with the validation set generally being smaller
than the training set. A common approach is to randomly allocate approximately 80%
of the observed data to the training set, leaving the remaining 20% for the validation
set. As will be seen in Section 2.5, through the use of the training set, weights and
biases are updated within the backpropagation algorithm. This is an iterative process
referred to as training. The validation set is then used to tune any hyperparameters
and monitor the model performance during training. A test set is then sometimes
used to evaluate the final model’s generalization performance and provide an unbiased
estimate of how the model will perform on new, unseen data. With the structure of a
basic feedforward neural network established, the forward propagation procedure will

be explained next.

2.2.2 Forward Propagation

Feedforward neural networks undergo the process of forward propagation, whereby
information is inserted into the input layer and passed onto the hidden layers through
the use of weights, biases and activation functions, until the information reaches the
output layer. This layer then generates the final output which for prediction type of

problems takes the form of a scalar 7.

Consider a feedforward neural network consisting of an input layer, N, hidden
layers, and an output layer. Let @ serve as input vector to the input layer, passing
each of its components through its respective neurons. The input layer’s output is then

passed onto the first hidden layer, to produce the n;,-dimensional ‘output’

6h1 — O.hl ((W%hl)Tax + wgl) = O-hl (zhl), (26)

where o™ is the activation function utilized in the first hidden layer h;, W% is an
(ng X mp,)-matrix containing the weights joining the input layer to the first hidden
layer and w!* is an np,-bias vector associated with the first hidden layer. It is worth

mentioning that, typically, the components of the ‘output’ vectors o, ¢ = 1, .., N,
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are referred to as activations. Subsequently, for each hidden layer hy, ¢ =2, ..., NV}, an

np,~dimensional ‘output’ vector, 6" can be obtained as follows:

6hq _ O_hq ((th_l,hq)‘rahq—1 + wg‘Z) — th (th)7 (27)

where 0" is the activation function used in hidden layer hy, W19 is an (ny,_, xny, )-
matrix containing the weights joining hidden layer h,_; to hidden layer h,, and w(’}q is
a np,-bias vector associated with hidden layer h,. Then, by feeding the ‘output’ o/

into the output layer, the final output ¢ is obtained using:

§ = 0" (W )16+ uf) = 0¥(:"), (28)

where ¢V is the activation function utilized in the output layer, w"»¥ is an n ~,-vector
containing the weights joining the final hidden layer to the output neuron, and wy is
the bias term. The final output 3§ can then be any real-valued scalar that falls within

the range of the corresponding activation function.

2.2.3 The Universal Approximation Theorem

The representation problem is a prominent topic discussed within the context of neural
networks (Rumelhart et al., 1995). It was briefly introduced in Section 2.2.1 when it
was seen that the main reason for the invention of NNs at the time was to be able to
approximate any continuous function (Cybenko, 1989). The ability of neural networks
to approximate functions is formally established through the Universal Approximation
Theorem (UAT) which provides theoretical assurance that, under certain conditions,
any continuous function defined on some compact subset of R" can be approximated
using a feedforward NN containing one hidden layer and a finite number of neurons.
Before presenting the UAT), it is necessary to define a discriminatory function as it

plays a crucial role in the formulation, as well as the proof of the theorem:

Definition 1 Discriminatory Function
Let I, be an n,-dimensional neuron cube, [0,1]" and M(I,,) represent the space of
finite, signed regular Borel measures on I, . A function o is said to be discriminatory

if for a measure p € M(IL,,),

/ o(wle +wy)du(x) =0 = p =0, Yw,xcR™ w,cR
In,
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With the definition of a discriminatory function established, the UAT can be stated in
Theorem 1. Any mathematical results from functional analysis required to prove the

UAT can be found in Appendix B.

Theorem 1 Universal Approximation Theorem for Feedforward Neural Net-
works (Cybenko, 1989)

Let the activation function o(.) be chosen in such a way that it is a discriminatory
function. Furthermore, suppose that C(I,,) represents the space of continuous func-
tions on I, . Letting w;,x € R™ ¢, w,y € R be constant, fori=1,...,ny, where ny,

denotes the number of neurons in the hidden layer, finite sums of the following form:
np

F(z) =Y go(w z + wy) (2.9)
i=1

are said to be dense in C(I,,) and for any f € C(I,,),e > 0,3F(x) s.t.

|F(x) — f(x)|<e Vxel,,.

Proof. Suppose o(+) is a discriminatory function as defined in Definition 1. Let S C
C(I,,) be the set of all functions of the form F'(x) as in Equation (2.9). By definition,
S is a linear subspace of C(I,,,). The aim is to prove that the closure of S is all of

C(I,,) (ie., S=C(I,,)).

Suppose that the closure of S is not all of C(I,,). Instead, the closure of S, denoted
S, is a closed normed proper subspace of C(I,,,), where C(I,,,) is equipped with the
sup norm. Then by the Hahn-Banach theorem (Banach, 1929a,b; Hahn, 1927), if S is
a closed proper subspace of C(I,,,), 3 a bounded linear functional £, £ : C(I,,) — R,
such that

L)#0,veS but L(g)=0, VgeS. (2.10)

By the Riesz-Markov-Kakutani Representation Theorem (Kakutani, 1941; Markov,
1938; Riesz, 1909), this bounded linear functional, £, is of the form:

LW)= [ v(@)dn(a), (211)

for some u € M(I,,), Vi € C(I,,,). Every function of the form x + o(w”x + wy) lies
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in S C S, hence

/ o(w'z +wy)du(x) =0, Yw € R™ wy € R. (2.12)
I,

Since o is discriminatory, it implies that ¢ = 0. Therefore, L(v) = [1du = 0,
vy € C(I,,), so, L is a zero functional, contradicting the condition in 2.10. Hence,
the assumption was false, and S = C(I,,). Equivalently, S is dense in C(I,,) i.e.,
VfeC(I,,)and e >0, dan F € S, such that ||F(x) — f(x)|| < e. O

Early universality results showed that networks with sigmoidal activation func-
tions are universal approximators (Cybenko, 1989), which was later generalised to any
non-constant, bounded, and continuous activation function (Hornik, 1991). This was
further refined by Leshno et al. (1993), who proved that a necessary and sufficient
condition for MLPs to be universal approximators is that the activation function is
non-polynomial. While the UAT guarantees that any continuous function can be ap-
proximated by a NN, this may in practice require a very large number of neurons

(Mitchell, 1997).

When these results were established, neural networks were typically shallow, often
with a single hidden layer, which could require thousands of neurons to approximate
complex functions. In contrast, deep architectures can represent the same functions far
more efficiently; for example, a function that might require 1,000 neurons in a single
hidden layer can often be approximated using around 10 neurons per layer across five or
six layers. Thus, although shallow networks are theoretically universal, deep networks

offer a much more compact and practical representation.

It is also worth mentioning that, UAT presented in this section relates to feedfor-
ward NNs. Over the years, there have been various generalizations of the original UAT
to accommodate the architectures of more advanced neural networks such as CNNs
and GNNs. The UAT for CNNs is presented in Section 3.4. Theory of universality of
GNNSs is presented in Section 4.5.

2.3 The Learning Rate

The learning rate, ay, is a positive value that can be modified and lies within the
range (0,1), where ¢ denotes the iteration number of the backpropagation algorithm
(see Section 2.5). It is a crucial component of any NN as it determines the rate at

which the model adapts to the given problem. An adequate learning rate ensures that
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during the training phase, weights and biases are updated accordingly so that there is
fast convergence, as well as stability. If the learning rate chosen is too low, then the
loss value will converge slowly or get stuck in a local minima. Conversely, a value for
oy which is too high might result in divergence (Bengio, 2012). This can be seen in
Figure 2.3.1. Note that for simplicity of explanation a convex loss function is being

considered, whereas in practice, loss functions are usually non-convex.

Too low Just right Too high

]3| | 3.y “ 13y N

o —_—
/‘ P i ; 7
. J
WV of J/
A sm.all learning rate The opt.lfmal learning Too large of a learning rate
requires many updates rate swiftly reaches the causes drastic updates
before reaching the minimum point

which lead to divergent

minimum point behaviors

Figure 2.3.1: Different Learning Rates and their Effect on Convergence (adapted from Jordan, J.
(2018)).

It is worth noting that different tasks and datasets may require different learn-
ing rates in order to achieve optimal performance. In the application presented in
Chapter 5, the learning rate will be determined through hyperparameter tuning. Dur-
ing training, the learning rate can be systematically adjusted over time using learning
rate scheduling. Rather than keeping the learning rate constant throughout training, a
scheduler dynamically modifies it based on a predefined strategy or model performance.
Learning rate schedulers aid training by accelerating learning in the early stages by
using a higher learning rate and refining convergence in later stages by reducing the
learning rate. Furthermore, learning rate schedulers help to mitigate certain issues like
overfitting, oscillations or stagnation in training. Learning rate schedulers will not be

elaborated on further, as they will not be implemented in the application.

2.4 Loss Functions

In the context of NNs, loss functions measure how well the NN performs by examining
some function of the difference between the actual output y = (y1, ..., yn,,.,,)" and the

predicted output ¥ = (41, ..., Un,,..,, ) generated by the NN. Here Ny,.q;, is the size of the
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training set. When fitting a neural network model, the aim is to minimize the specified
loss function which is in terms of the difference between the respective components of

y and 9.

There are different types of loss functions depending on which type of problem is
being tackled. For prediction problems, the Mean Absolute Error (MAE) loss function
Jrae(9,y), presented in Equation (2.13), the Mean Squared Error (MSE) loss function
Jrse(Y,y), presented in Equation (2.14), and the Huber loss function Jy (¢, y) (Huber,
1992) given by Equation (2.15) are typically used:

Ntrazn
Ivap(9,y > 10k — wkl, (2.13)
N
train  fp—1
R 1 Nt'rain .
Juse(§,y) = N, Z (O — yk)27 (2.14)
rain  L—1
R 1 Ntrain R
rain  f—1
Here
N sk — yn)? if |Gk — el <
T (O Yr) =

(|9 — yr| — 37) otherwise.

The parameter ~ is arbitrary in the literature related to statistical learning. As
~ approaches infinity, the Huber loss function approximates the MAE loss function,

while when ~ tends to zero, it approximates the MSE loss function.

The specified loss function is minimized during the training phase using an iter-
ative optimization technique referred to as the gradient descent. Consider the NN in
Figure 2.2.2 along with a general loss function J(¢,y). The weights in the matrix W="
and the biases in the vector w{ at the t*" iteration of the gradient descent method are

updated in the following way:

Wl = Wi — a2 99 y) (2.16)
oW
0J(9.y)

wg(t) = wg(t—l) -y awg(t—l) ) (2.17)

where «; is the learning rate which was discussed in Section 2.3. Moreover, Wg(ct)h is
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W=" updated at the ¢ iteration and WZEI) denotes the weight matrix from the prior
iteration. Note that ’wg(t) and wg(t_l) are defined in a similar manner. The weight

vector w™¥ and the bias w§ may be updated in a similar manner.

Unfortunately, due to the calculation of the partial derivatives with respect to
each parameter, the gradient descent method is computationally intensive. In order to
address such an issue, the Stochastic Gradient Descent (SGD) method was invented as
an approximation to the gradient descent method (Kiefer & Wolfowitz, 1952; Robbins
& Monro, 1951). The SGD method estimates the gradient in a stochastic way through
randomly choosing a small subset of the training data and calculating the gradients
based on that subset. As a result, the SGD method completes iterations more quickly,

however, it converges at a slower rate (Bottou, 2012).

In practice, the reasoning behind the gradient descent method and its variants
is implemented through tools known as optimizers. Given the gradients, computed
via backpropagation (see Section 2.5), and a learning rate, the optimizer applies the
appropriate update rule to adjust the model’s weights. Although SGD itself is an
optimizer, various enhancements have been proposed to improve convergence speed
and stability. These include SGD with momentum, RMSProp, Adam and AdamW

among others.

SGD with momentum is similar to the traditional SGD method mentioned earlier,
however it employs an exponentially weighted average of the gradients Zi vy) Through
this, the algorithm converges to the loss function minimum at a quicker“r;}ce than the
conventional SGD (Kingma & Ba, 2017). This can also be seen in Figure 2.4.1. SGD

with momentum has the following formulation:

8xh

i (1)

0J(9, y)]) , (2.18)

z,h z,h
Wit (t41) T Wiy — M (pmtl +(1+7p)

where wfi’,}(lt) is the (4,7')"-component of Wft)h and o is the learning rate. In addition
to this, m; denotes the momentum term at time ¢ and p is a hyperparameter referred
to as the momentum coefficient. Typically, m; takes initial value 0 and p lies within
the range (0,1). Setting the momentum coefficient p to 0 results in the conventional
SGD, whereas a value of 1 indicates no decay. Consequently, the value for p is usually

set to some constant value between 0 and 1.
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SGD without momentum SGD with momentum

== (&=

Figure 2.4.1: Convergence Rates for SGD and SGD with momentum (Du, 2019).

Another method that allows for fast convergence is RMSProp. Through this

method, the learning rate is tweaked automatically using the following formula:

xz,h _ x,h Qg 8‘](;07 y)

Wiy = W) — Vo fe oWl

i’ (t)

(2.19)

2

where v; = fv,_1 + (1 —3) [W] taking initial value 0. Here (8 is a hyperparameter
i’ ()

commonly set to 0.9 and oy represents the learning rate. Moreover, € is a negligible

constant, usually taken to be 107® (Goodfellow et al., 2016).

Combining the SGD with momentum method and RMSProp method results in

the Adam optimizer. This method can be summarized by the following equations:

0J(y,
my = fimy_y + (1 — ﬁl)a(i{ﬁy)>
Wit (1)
2
0J(y,
vy = Bav—1 + (1 — B2) [a(’ij;}/)] ; (2.20)
Wit (1)
where wfi’,}zt) is as defined before. Furthermore, 5; and [, are the decay rates for the

moving averages of the first and second moments of the gradients, denoted by m; and
vy, respectively. It is convention to set 51 = 0.9 and £y = 0.999 (Kingma & Ba, 2017).
Given that m; and v; are initially set to 0, and the hyperparameters 3; and [, approach
1, this introduces a bias in the estimates of the first and second moments during the
early steps of training. To counteract this, the Adam optimizer applies bias correction,

yielding m; and ¢, via the following equations:

my

14

U
1—p8

A

my

& b= (2.21)

where 5! and S5 represent §; and By to the power of t. The corrections 7, and ©; are

updated automatically and for each parameter, the Adam Optimizer is evaluated in
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the following way:

z,h z,h Qly

Wit g1y = Wity — (m) ’ (222)

h A~ ~
where wfi’, , My, Uy, ap and € are as defined before.

(t)

Even though adaptive methods such as Adam have become a default method
of choice for training NNs (Radford et al., 2016; Xu et al., 2015) due to their fast
convergence, these methods do not generalize as well as SGD with momentum when
applied to diverse deep learning tasks (Loshchilov & Hutter, 2019). Loshchilov &
Hutter (2019) demonstrated that the main reason behind the poor generalization ability
of the Adam optimizer is because the L regularization (see Appendix C, Section C.1)
is not nearly as effective for it as for SGD. The term reqularization loosely refers to
techniques used to prevent overfitting by discouraging overly complex models, and a
formal definition will be provided in Section 2.6. In order to improve regularization in
the Adam optimizer, Loshchilov & Hutter (2019) developed an extension known as the
AdamW optimizer, in which weight decay is decoupled from the gradient-based update

as follows:

z,h _xh Q1 z,h
W1y = Wiy — M (\/51: s + )\w“,(t)> , (2.23)

where 7, is a scaling factor and A € R is a parameter representing weight decay.

Ao o~ s - .
Furthermore, wz.’, my, Uy, ap and € are defined as before. In this dissertation, the

(t)’
AdamW optimizer will be employed as it generalizes better to unseen data than the

conventional Adam optimizer.

It is worth noting that some optimizers, such as RMSProp and Adam, adapt the
parameter learning rate internally. However, the internal adaptation is still dependent
on a global learning rate hyperparameter, which plays a critical role in controlling the

overall update magnitude.

0J@y) 0JWy) @Y .4

9 x,h h Y h,y
8W(t) 8w0(t) 8w(t)

, used in the gradient descent algorithm are calculated at each iteration t via the

The subsequent section will detail how the gradients

8J(?5,y)
aw()(t)

backpropagation algorithm.
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2.5 The Backpropagation Algorithm

The backpropagation algorithm trains NNs by minimizing the loss between the predicted
output and the actual output. Intuitively, the backpropagation algorithm can be seen
as working in reverse order to the forward propagation procedure described in Section

2.2.2. The algorithm starts from the NN output and moves backward towards the

0J(9.y) 9J(0y) 0J(3.y)

x,h h 9 h,y
8W(t) awo(t) aw(t)

and 88”7wy y), and using these derivatives the NN weights and biases are then updated
o(t)

through the gradient descent algorithm using Equations (2.16) and (2.17).

input layer. At each step, it calculates the partial derivatives

The derivative of the loss function with respect to the output layer’s weights, wZ-’/y

can be computed using the calculus chain rule as seen in Equation (2.24):

0J(g,y) _ 9J(g,y) 0§ 02"

8w€;’)y o)  0zY whvV

. (2.24)
(1)

For simplicity, in what follows, the subscript (¢) will be dropped and so, without
loss of generality, the backpropagation algorithm will be described at the t™ iteration.
The first component of the Right Hand Side (RHS) of Equation (2.24), 8‘](7’ Y can be
obtained by differentiating the chosen loss function J(g,y) with respect to the pre-
dicted output . Recall from Section 2.2.2 that § = o¥(z¥) and so, given an activation

function o(.), 88 =% can be worked out as follows:

oy do¥(2Y)

= ) 2.25
ozY 0zY (2.25)
Lastly, the third term in the RHS of Equation (2.24) is given by:
92 hi_hy _ b
Thus, combining 2 (y Y with Equations (2.25) and (2.26) we obtain:
1 1 Y(-Y

why  9f 0zY
In addition to this, we may express the derivative of the loss function with respect
to the output layer’s bias, wg as a product of three derivatives using the chain rule:

0J(g,y)  9J(g,y) 09 0=¥

= . 2.2
owy o5  0zv wf (228)

28



CHAPTER 2. ARTIFICIAL NEURAL NETWORKS

The first two terms of the RHS of Equation (2.28) are exactly the same as in Equation
(2.27). Moreover, the third term of the RHS of Equation (2.28) is simply a vector of

ones. Thus,

0J(9.y) _ 9J(y,y) 90”(z")
owd ) 0z (2:29)

Having obtained aaj Z{LZ and wij) at the t' iteration, the gradient descent algorithm
0

equations similar to Equations (2.16) and (2.17) are applied to the output layer weights

and biases.

The backpropagation algorithm then proceeds by finding the partial derivatives

of the loss function with respect to the hidden layer weights and biases. Like this, the

weights and biases can be updated using the gradient descent algorithm. At the t'"

0J(9,y) and GJyy)
’LU

iteration, the required partial derivatives are —5377 ;

Once again, these partial derivatives may be expressed as a product of different

terms using the chain rule as follows:

dJ(9,y) _ dJ(g,y)do" 92"

IOWzh 9ol Dzh W=k
_0J(9,y) 0y 0¥ o 0z
96h  0zv 06" Ozh Wl
_0J9,y) 5y 09" (")

BT 5 (2.30)
and
0J(9.y) _ 0J(y.y) 90"
owh doh  dwh
_0J@,y) 1y 07" (")
= . (2.31)

The hidden layer weights and biases are once again updated through the gradient
descent algorithm using Equations (2.16) and (2.17).
2.6 Regularization

Sometimes ANN models are not able to generalize well to new data as they suffer from
over-fitting. In order to overcome this issue, regularization techniques may be employed

during the training process. There are numerous types of regularization methods that
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may be utilized within the NN framework. The methods relevant to the application in
Chapter 5 are early stopping which will be covered shortly and dropout regularization
which will be covered in Section 3.5.2. Theory regarding L, and Lo regularization and

batch normalization can be found in Appendix C.

Early stopping is a regularization method that monitors a model’s performance
during training at each epoch, using metrics such as validation loss or validation accu-
racy, and stops the training when the model’s performance begins to worsen. In reality,
the training is not terminated as soon as the validation performance stops improving.

Instead it waits for a certain number of epochs. This is termed as patience.

The training process is stopped if the model performance does not get better
within the patience window. For example, suppose the patience parameter is set to
10. This means that the training continues for another 10 epochs after the last best
performance in order to check whether validation improves. If it does, the patience

counter resets. On the other hand, if it does not improve, the training is stopped.

Early stopping reduces over-fitting by finding a balance between training the data
adequately and maintaining the ability to generalize to new data. In this way, less
parameters need to be updated, which ensures computational efficiency. A graphical

representation of early stopping can be seen in Figure 2.6.1.

Error

Validation

Training

Stop training Number of epochs

Figure 2.6.1: A graphical example of Early Stopping (Shin et al., 2016).

2.7 Performance Metrics

In neural network applications, model performance is assessed using three types of

metrics, namely, training, validation and test metrics. Training metrics, typically rep-
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resented by training loss curves, are computed on the training set and are primarily
used to monitor convergence, diagnose instability during learning, and detect overfit-

ting.

To conduct hyperparameter tuning and facilitate a direct comparison between
candidate NN models, we compute standard regression error metrics on the validation

set. The most commonly used metrics within the literature are the MAE and the MSE

given by:
1 Nyai
val ;=1
and
1 N’ual N 9
MSE = ~— 3 (5 — i) (2.33)
val ;—1

where N, is the size of the validation dataset, y; is the actual target value of the
i'h observation and {); is the predicted target value of the i*" observation. While the
MAE and MSE are widely used regression metrics, they can be inadequate at comparing
models when the target variables are expressed in different units or have different scales,
as the numerical values are influenced by the units and magnitude of the variables. In
the application found in Chapter 5, the target variables, latitude and longitude are
measured in degrees, depth is measured in kilometres and magnitude is measured in
magnitude units, meaning that direct comparison of MAE and MSE values across these
variables is not meaningful without applying appropriate normalization measures. For

this reason the NRMSE, based on standard deviation, defined in Equation (2.34), will

also be utilized:

NRMSE — YME (2.34)

Oy

where o0, is the standard deviation of the true target values.

Predictive ability of the best model configurations is then determined on an inde-
pendent test set by computing the Mean Absolute Error of Prediction (MAEP), Mean
Squared Error of Prediction (MSEP) and Normalized Root Mean Squared Error of
Prediction (NRMSEP). These measures are defined similar to Equations (2.32), (2.33)
and (2.34), however, in this case, y; represents the true target value of the i® obser-
vation in the test set and ¢; denotes the predicted target value of the i observation

from the test set. Moreover, instead of N,,;, the test set size N is used.
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As will be seen in Section 5.4.5, when selecting the best hyperparameter com-
binations, validation MAE, MSE, and NRMSE for each target variable are compared
separately, and an overall NRMSE, defined as the average of the per-target NRMSE
values, is also used. Hyperparameter combinations producing the lowest validation
errors are selected, and predictive ability is then assessed on the test set, where the

model with the lowest test metrics is deemed the best-performing model.
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Chapter 3

Convolutional Neural Networks

3.1 Introduction

Chapter 2 delved into the foundations of neural networks by discussing ANNs. This
chapter focuses on an extension of ANNs known as Convolutional Neural Networks
(CNNs). Introduced by LeCun (1989), CNNs are NNs that handle input data with
a known grid-like topology. They are called convolutional neural networks because
instead of using general matrix multiplication in forward propagation, they make use of
a mathematical operation known as convolution. It is to be noted that the convolution
used in NNs is not the same as the one used in other fields such as engineering and pure
mathematics. More information on the convolution used in CNNs is given in Section
3.2.1.1. Apart from convolution, CNNs often make use of another operation referred

to as pooling. This operation will be studied in greater detail in Section 3.2.2.

After briefly introducing CNNs, the rest of this chapter will be divided as follows.
Section 3.2 discusses the basic architecture of a CNN, introducing convolutional layers,
pooling layers and fully connected layers. In Sections 3.3 and 3.4 forward propagation
and the UAT for CNNs are presented, respectively. Lastly, in Section 3.5, the CNN
training procedure is discussed with focus on weight initialization and regularization
methods. The motivation for presenting the theory behind CNNs in this chapter lies
in their application in Chapter 5, where they will be employed to extract relevant
information from waveform data and process the features. Consequently, most of the
notation and examples presented here are tailored to their application in waveform

data processing.
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3.2 The Architecture of a Convolutional Neural Network

In Chapter 2 it was seen that an ANN is composed of an input layer, one or more hidden
layers, and an output layer, where each layer applies matrix multiplications followed
by non-linear activation functions to learn meaningful data representations. CNNs
retain this fundamental structure but extend it with specialised layers, each serving
a distinct purpose: convolutional layers extract local features, pooling layers perform
spatial down-sampling, and fully connected layers conduct final inference. Activation
functions within these layers again cater for the non-linear relationships between the
explanatory variables (features) and the response variable. A schematic of the basic
CNN architecture can be found in Figure 3.2.1. The remainder of this section reviews

each layer in turn, detailing its role and its inner-workings.

Convolutional Pooling
Layer Layer

Input Layer
- - e

Figure 3.2.1: Simple CNN Structure (adapted from Kumar (2023)).

Fully Connected
Layers

Output
Layer

—_— EEEEn “I

3.2.1 Convolutional Layers

This section delves into key components of convolutional layers, including the con-
volution operator, which enables CNNs to process data with a grid-like topology. It
also discusses important concepts such as sparse interactions, parameter sharing, and
equivariant representations, which enhance computational efficiency and generalization.
Finally, the section details the hyperparameters of convolutional layers, namely, kernel

size, padding, and stride, that influence feature extraction and output dimensionality.

3.2.1.1 The Convolution Operator

Convolutional layers are one of the principal parts of a CNN, as through them, the NN is

able to process data with a grid like topology. This is carried out using a mathematical
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operation referred to as convolution. In general, given two real-valued functions x(%)
and w(t), where # denotes the time or spatial index at which the convolution output is

evaluated, convolution may be defined as follows in the continuous case:

20) = (z %) (D) = /x(b)w(t — b)db, (3.1)

whereas, in the discrete case, convolution is defined as:

(1) = (z*xw)(f) = > z(b)w(t — D). (3.2)

b=—00

Within the context of CNNs, x denotes the input and w is referred to as the
kernel. A set of kernels is then referred to as a filter. As shall be described in more
detail shortly, the filter slides over the input data to calculate the convolution. The
output z(f), resulting from this operation is termed the feature map. The feature map
captures the kernel’s response of each position, highlighting areas of the input that are

activated by the filter.

The input can be viewed as a multidimensional array of data having dimen-
sion (Ng, Ny, D), denoted as I, and the filter is a multidimensional array of dimension
(Kn,, Kn,, D), denoted as K, often of smaller size than the input, i.e., Ky, < N, and
Ky, < N;. The filter’s role is to extract features from the input through performing a

convolutional operation. These multidimensional arrays are referred to as tensors.

For example, the waveform input data that will be used in the application of
Chapter 5 can be represented as a 3D tensor with dimensions defined by the number of
stations, number of time samples and seismic components. Each element of the tensor
stores a single time sample of the seismic event waveform recorded at a particular
station and time step for the respective orthogonal seismic components (Z,N,E). For
an explanation of a waveform, see Chapter 1. In a tensor, each time sample value is
stored separately, allowing for independent processing. Thus, although the input might
be a large, complex dataset, only elements that hold actual values are stored rather
than storing values for the entire range of possible positions in an infinite space. So,
although theoretically speaking, the kernel could be applied to every possible point in
an infinite space, in practice we only sum over a finite number of array elements that

contain the stored values.

Conventionally, NN libraries do not implement the mathematical convolution
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operation directly, but instead use a similar operation called “cross-correlation”. This
should not be confused with the cross-correlation used in time series analysis, which
has a different meaning. In many cases, this “cross-correlation” is applied over multiple
axes simultaneously. For example, consider a waveform input I of shape (N, N;, D),
where N, is the number of stations, NN, is the number of time steps per waveform,
and D is the number of seismic components, which is three in our case. The resulting

seismic-component feature map is computed simultaneously as:

KNS KNt

Z(i,j,d) =Y > I(i+ns—1,j+n —1,d)K(ng, n,d). (3.3)
ns=1n;=1

Here Z(i,j,d) is the (i,7,d)"™ position of the output obtained after applying
“cross-correlation”, I(i + ns — 1,7 + n, — 1,d) iterates over the input, where ng and
n; shift the filter across the spatial and time dimension, respectively, and d indexes
the seismic components. Furthermore, the filter’s weights are indexed by K(ng, ny, d),
where each index corresponds to a specific point in the kernel’s spatial and time di-
mension (ng,n;), and depth dimension d. Lastly, Ky, and Ky, are the spatial and
time dimension of the kernel. Since the convolution is performed independently for
each seismic component, the final output feature map is obtained by aggregating the

component-wise responses across the depth dimension:

D
Z(i,j) = Y_Z(i, j,d). (3.4)

d=1
In order to better understand the “cross-correlation” function, a numerical ex-
ample is considered. Suppose I is a (3 x 4 x 3) input tensor and K is a (2 x 2 x 3)

filter. Each component is in its own “depth slice”, so for each component d € {1,2,3},

we define:
1 2 3 4 1111 01 01
I(,5,1)=15 6 7 8|, I(4,5,2)=2 2 2 2, I(443)=1{1 0 1 0],
9 10 11 12 3 3 33 0101
(3.5)
and
o 10 o 11 o 0 1
K(i,j,1) = . K(i,4,2) = , K(i,7,3) = ) (3.6)
0 1 11 10

Applying the kernels in (3.6) to the top left position in the input tensors given

by (3.5), the “cross-correlation” function for each seismic component is calculated as
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follows:

Z(1,1,1) Z Z]I1+n5 1,14 n; — 1, D)K(ng, ng, 1)

nsg= lnt 1
2
=Y [I(n,, 1,1)K(ng, 1,1) + I(ng, 2, 1)K(ns, 2,1)]

= 1(1,1, )K(1,1,1) + I(1,2,1)K(1,2,1)

+ 12,1, D)K(2,1,1) + 1(2,2, )K(2,2,1)

= (1)) + (2)(0) + (5)(0) + (6)(1)

=7, (3.7)

2
7(1,1,2) Z (14+n,—1,1+n, — 1,2)K(ng, ny, 2)

(] HMN

I(ng, 1,2)K(ng, 1,2) + I(ng, 2, 2)K(ns, 2, 2)]
1

1,1,2)K(1,1,2) + I(1,2, 2)K(1, 2,2)

3

s

I

—~

+1(2,1,2)K(2,1,2) + 1(2,2,2)K(2,2,2)

(D)D) + M) + (2)(1) + (2)(1)
=6, (3.8)

and

2
7(1,1,3) = Z (1+n,—1,1+n; —1,3)K(ng, ny, 3)

(] uMw

[I(ns, 1,3)K(ns, 1,3) + I(ns, 2,3)K(ns, 2, 3)]
1

S

s

I(1,1,3)K(1,1,3) + (1, 2,3)K(1,2,3)

+1(2,1,3)K(2,1,3) + (2,2, 3)K(2, 2, 3)

= (0)(0) + (1)(1) + (1)(1) + (0)(0)
_ 9 (3.9)

Summing Equations (3.7), (3.8) and (3.9), we get the (1,1)™ position of the feature
map Z:
7(1,1) = Z(1,1,1) + Z(1,1,2) + Z(1,1,3) = 15. (3.10)
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This process is then repeated on the input tensor for each kernel position, producing

the following feature map:

15 15 19
7 = . (3.11)
25 29 29

where Z denotes the feature map obtained from applying a single filter to the input
tensor using a cross-correlation operation, prior to the application of any non-linear
activation function. Each entry of Z corresponds to the response of the filter at a

specific kernel position.

3.2.1.2 Sparse Interactions, Parameter Sharing and Equivariant Represen-

tations

Convolution in a CNN is used in conjunction with three important mechanisms, namely,
sparse interactions, parameter sharing and equivariant representations. The NNs seen
in Chapter 2 make use of matrix multiplication through a matrix of weights where
each individual weight describes the interaction between every input unit and every
output unit. This suggests that each output unit interacts with each input unit. Unlike
the conventional NNs seen in Chapter 2, CNNs usually have sparse connections, also
known as sparse weights or sparse connectivity. Sparse connections are accomplished

through making the kernel dimension smaller than the input size.

For example, suppose we are processing a seismic record of shape (40,4096, 3). A
convolutional layer might use relatively small kernels, say of size (3 x 11), considering
only 3 neighbouring stations and 11 successive time steps for each of the three seismic
components. This subset would then contain just 3x11x3 = 99 weights, whereas a fully
connected layer would need to couple every station-time-component value to a single
output unit resulting in 40 x 4096 x 3 ~ 5 x 10° weights. Despite this massive reduction
in the number of weights that would need to be calculated, the main advantage of
using kernels is that the network can still learn highly informative local features, such
as sharp P-wave onsets, and then combine them in deeper layers to characterize the
entire event. Thus, sparse connectivity, achieved through small kernels, results in fewer
parameters being stored, reducing the CNN’s memory requirements while improving
how well the model learns from a limited amount of data. In practice, limiting the
amount of connections between the input and output still makes it possible to attain
good performance on the specific task at hand (Goodfellow et al., 2016). A graphical

representation of sparse connectivity may be seen in Figures 3.2.2 and 3.2.3.
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Figure 3.2.2: A representation of sparse connectivity as viewed from below (Goodfellow et al., 2016).

ONONONONO

Figure 3.2.3: A representation of sparse connectivity as viewed from above (Goodfellow et al., 2016).

Figure 3.2.2 shows sparse connectivity viewed from below. Consider the input
unit z3 and the output units in s = (s1,...,S5)" associated with x3. The top half
demonstrates the use of convolution while the bottom half demonstrates the use of
matrix multiplication. Using convolution with a kernel of width 3 affects only 3 output

units in s. On the contrary, forming s through matrix multiplication, all output units
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are affected by w3 since the connectivity is no longer sparse.

Sparse connectivity viewed from above is then shown in Figure 3.2.3. Consider the
output unit s3 and the input units in @ = (1, ..., x5)’ that affect this unit. These input
units are referred to as the receptive field of s3. As before, the top half demonstrates the
use of convolution while the bottom half demonstrates the use of matrix multiplication.
Only three inputs affect s3 when s is generated using convolution with a filter of width
3, whereas when using matrix multiplication, all inputs affect s3 as there is no sparse

connectivity.

Now, in spite of having sparse connectivity, units in the deeper layers of a CNN
can indirectly interact with a larger portion of the input, as illustrated in Figure 3.2.4.
This enables the network to efficiently capture complex relationships among many vari-

ables by building these relationships from simple components, each of which represents

()
()
O

Figure 3.2.4: Illustration of how deeper layers in a convolutional network have larger receptive fields,
allowing indirect connections to a broader portion of the input (Goodfellow et al., 2016).

only sparse interactions.
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As illustrated in Figure 3.2.4, the units in the deeper layers of a CNN have a
larger receptive field than the units in the shallow layers. This effect is amplified when
the CNN incorporates architectural features such as strided convolution or pooling,
which will be discussed in Sections 3.2.1.3 and 3.2.2, respectively. So, despite the fact
that direct connections in a CNN are sparse, units found in deeper layers may still be

indirectly connected to most if not all of the input.

Now, certain NNs are designed in a way that the same parameter can be used
for more than one part of the network. This is referred to as parameter sharing. In
conventional NNs, each weight matrix element is multiplied by one input element and
then never reconsidered. Thus, each weight is only used once to generate the layer

output. In CNNs, however, each filter element is used at each position (ng,n;, d) of
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the input. This is because the convolution operation within a CNN employs parameter
sharing by learning one set of weights and applying them for every position. Although
the forward propagation run time is not affected by this, the storage requirements of the
NN are reduced since less parameters need to be calculated. Thus, when considering
memory requirements, convolution is without a doubt more efficient than dense matrix
multiplication (Goodfellow et al., 2016). A diagrammatic example of parameter sharing

can be seen in Figure 3.2.5.

OSO0N050
OLONOS0

O OO
OO OO
ONONORO

Figure 3.2.5: An example of parameter sharing (Goodfellow et al., 2016).

The top part of Figure 3.2.5 shows a CNN where the black arrows indicate con-
nections that share a single parameter. The parameter in question corresponds to the
central element of a 3-width kernel. As can be seen, because of parameter sharing,
the same parameter is used for all locations of the input, allowing the NN to capture
patterns that are the same spatially without requiring a separate parameter for each
connection. On the other hand, the bottom part represents a fully connected model
without the use of parameter sharing. In this case, the black arrow represents one use
of the weight matrix’s central element which connects a specific pair of nodes. In this
NN, each pair of nodes are connected by their own unique parameter, so, the central

parameter is only made use of once and is never revisited across different inputs.

The parameter sharing employed in convolutional layers causes the layer to have a
property known as equivariance to transformation. A function is said to be equivariant
if a change in the input results in the same change in the output. In particular, a

function f(x) is equivariant to a function § if f(g(x)) = g(f(z)).
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For instance, consider a three-component waveform input tensor I(ng, ng, d), where
ng=1,..,Ny—1,n=1,...N,—1and d = 1,2,3. Let f be a 2D convolution with
a kernel K of fixed size (Ky,, Ky,) that is applied at every station-time location with

shared weights. Define the time-shift operator as:
gi I (gfﬂ)(nsant: d) = H(nsa ny — 2?, d)>

i.e., a delay of  time samples for all traces. Since the same kernel is used at every

location,

KN —1 KNtfl 3

f(gt ) (s, 1) Z Z ZK N, N, d)I(ng +i,mp —t + j,d) = (ggf(]l))(ns,nt).

=0 7=0 d=1
Hence f o o f, and so, the convolution is equivariant to time translation.

This equivariance to translation property is very useful since for example, the
network needs to learn the shape of a P-wave onset only once, and it can recognise
that onset anywhere in the waveform record without extra parameters. Nevertheless, it
is to be noted that convolution is only equivariant to pure translations. Other transfor-
mations, such as time stretching or amplitude scaling, require additional mechanisms

to be put into place.

3.2.1.3 Hyperparameters of Convolutional Layers

There are three hyperparameters that influence the output of a convolutional layer.
These are known as kernel size, padding and stride. This section aims to briefly explain

these terms.

The kernel size determines the dimension of the weight matrix (kernel) that slides
over the positions of the input, directly impacting how detailed the detected features
are. A larger kernel covers more input positions at once, so it removes more samples
and produces a slightly smaller feature map. Applying a convolutional layer to an input
tensor (Ng, Ny, D) trims (K, — 1) stations and (K, — 1) samples. Most networks use
relatively small kernels, so the per-layer reduction is minor; however, stacking many
such layers can still shrink the feature map substantially relative to the original input,
resulting in a substantial loss of information. For instance, starting with 40 x 1024
samples, applying 64 successive convolutions with kernels of size (1 x 10) will shorten
the time axis to 448 samples, almost 44% of the waveform trace. This issue can be

handled using padding.
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Padding works by adding dummy samples around the tensor to increase its ef-
fective size prior to sliding the kernel across it. Typically, the dummy samples are
zero-valued. For example, suppose the “cross-correlation” function defined in Equa-
tion (3.3) is applied to a (3 x 3 x 1) input tensor using a (2 x 2) kernel. This would
result in a (2 x 2) output tensor. However, if the input tensor were to be padded, and
its size increased to (5 x 5 x 1), keeping the same kernel, the output tensor would have

dimension (4 x 4 x 1). This can be seen in Figure 3.2.6.

Input Kernel Output
10:0:0:0:0
0|3]|8|4
tolof[1]2]o0;
- 01 _ 9 [19]25 (10
to|3|4]5]0 * =
. 2| 3 21|37 |43 |16
ro|e6|[7]|8|o0;
—— 1 67|80
f0:0;0:i0:0

__________________________

Figure 3.2.6: Two-dimensional cross-correlation with padding (A. Zhang et al., 2024).

In general, if py, rows and py, columns of padding are added, then the corre-

sponding output would be of size:

(NS_KNS+pNS+]-) X (Nt_KNt+pNt+1)' (312)

This suggests that the number of stations and number of time samples will be increased
by pn. and py,, respectively. In most cases, py, and py, are set as py, = Ky, and
pn, = Ky, this also applies for most Python libraries with the option padding=“same”,
so that the input layer and output layer would have the same dimension. This facilitates

an easier way of knowing beforehand the output size of each CNN layer.

If Ky, is odd, 2= stations will be added before the first station and after the

first station. If Ky, is even, it is not as straight forward, however, one way to do it

PNg

would be to pad [

] stations before the first station and |25= | stations after the last
station. This is done in a similar manner for the number of time samples. It is common
to use kernels with odd values for K, and Ky, as it ensures that the dimensionality is
preserved while padding with the same amount of stations before the first station and
after the last station, as well as, the same amount of time samples before the start and

after the end. If Ky, # Ky, setting different padding numbers for py, and py, can

43



CHAPTER 3. CONVOLUTIONAL NEURAL NETWORKS

ensure that the input and output still have the same size.

Usually when the “cross-correlation” function is applied to the input tensor, the
kernel starts at the first station and first time sample of the waveform tensor and
slides over all possible indexes. In the examples that have been presented so far, the
kernel moved only one element at a time. However, it can be the case that the kernel
may be required to move more than one position at a time, skipping the intermediate
positions. This procedure is especially useful when using large kernels since it captures
a big portion of the input being analysed and is often employed when we want to boost

the computational efficiency or down-sample (A. Zhang et al., 2024).

The number of stations/time steps traversed per slide is referred to as stride,
denoted Sy, and S,, respectively. Sliding the kernel one position at a time means
setting Sy, = 1 and Sy, = 1. Consider a waveform tensor of shape (N, Ny, 3) with
N, = 40 stations and N, = 4096 time samples. Suppose a convolutional layer with
kernels having size (1 x 5) is applied with stride (1,2) and “same” padding. Along
the station axis the stride is 1, so the kernel is evaluated at every station row, i.e no
stations are skipped, and the output still has 40 rows. Along the time axis, the stride
is 2, meaning the kernel moves two samples at a time. Consequently, only every second
position is kept in the output. The length of the trace therefore drops from 4096 to
2048 samples. After this single layer, the tensor shape becomes (40,2048, F'), where
F' is the number of kernels used. Since padding is set to “same”, no extra shrinkage

occurs at the start and end and so, the reduction is due purely to the stride.

In general, using a stride of Sy, for the number of stations and a stride of Sy,

for the number of time samples would result in an output dimension of:

N, — K N, — K
( S N +pNs —"_SNS) % ( t Ny +pNt _'_SNt) ) (313)
Sn, S,
Setting py, = Kn, — 1 and py, = Ky, — 1, the output is simplified to:
(N5+SNS—1) y (Nt—l—SNt—l) . (3.14)
SNS SNf

Additionally, if the number of stations and number of time samples are exactly devisable

by their respective strides, the output dimension would be:

N, Ny
X

—_—. 1
Sy G (3.15)

In the application carried out in Chapter 5, padding is set to “same”, and a stride of
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(1,1) is used (Van den Ende & Ampuero, 2020; X. Zhang et al., 2022).

3.2.2 Pooling Layers

After applying activation functions in a CNN, pooling layers are used to further process
the feature map by reducing its axes dimensions. First, a pooling operation is applied
within each small subset of the input waveform components and aggregates information.
Then the downsampling operation returns part of the aggregated data reducing the size
of the waveform components and thus, decreasing the computational burden. For this
reason, pooling layers are also known as downsampling layers. There are numerous
pooling functions within the literature, however, the application presented in Chapter
5 will only make use of max pooling (Lee et al., 2017) and thus only this type of pooling

will be presented here.

In max pooling, the filter slides over the activation map, selecting the maximum
value from each region it covers. This produces a new activation map that returns only
the most prominent activations from the original activations map. Given an activation
map O, and a pooling region of size Py, x Py,, the max pooling operation is defined
as:

]P)(Z?J) :O<£LE%}1§N @(ZPNS +n87j'PNt +nt) (316)
Ognt<PN:

Here P(i, j) is the pooling layer output at position (7, j). The activation map O repre-
sents the output obtained after applying a non-linear activation function to the corre-
sponding feature map produced by the convolutional layer. An example of max pooling

can be seen in Figure 3.2.7.

Max Pool

—_—

Kernel- (2 x 2)
Stride - (2, 2)

Figure 3.2.7: An example of max pooling using a (2 x 2) kernel and (2, 2) stride (Jain, A., 2024).
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3.2.3 Fully Connected Layers

In a CNN, after the implementation of convolutional and pooling layers, a fully con-
nected layer is introduced into the NN to further process the data and eventually
generate the final required output. In short, the fully connected layers flatten the
2D spatial structure of the data into a 1D vector. Then, the features from the flat-
tened feature maps are connected to each output by a learnable weight. These weights
and biases are learned and updated throughout the training phases making the CNN
adaptable to any task.

The amount of fully connected layers in a CNN is a hyperparameter that can
affect then NN’s performance and computational efficiency. Over-fitting may occur
if there are too many fully connected layers. This is especially true if the NN has
a considerable number of parameters relative to the size of the training data (Wu et
al., 2017). On the contrary, if the number of fully connected layers is insufficient, the
NN might struggle to learn complex patterns leading to a decrease in accuracy. Thus,
ideally, the hyperparameter value chosen should guarantee a trade off between the NN’s

capacity to generalize without resulting in over-fitting.

3.3 Forward Propagation in CNNs

In the context of CNNs, forward propagation starts by taking an input and, through
a series of operations and transformations, produces an output . While CNNs are
conventionally applied to classification tasks, where g typically represents a vector
of probabilities corresponding to the different classes, in this work they are used to
process the seismic data and produce a compact feature representation. In our case,
7y is a scalar representing the extracted feature value rather than a class label. Let I
denote the input tensor for a seismic record of size Ny x N; x D, where N, represents
the number of stations, /N; the number of time samples, and D the depth, i.e., the
number of seismic components.

Forward propagation in a CNN begins in the convolutional layer, where for the
I*" convolutional layer, using a filter K() of dimension K ](\l,) X K](\l,z x DU the outputted

activation map QW is calculated as follows:
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!
K](\Z Kz(vi p(-1)

0V, /) = |33 S 0D (4 ng,j + g, d) - KO (ng, ny, d) + w)))

ns=1n:=1 d=1

= oD(ZO (i, 5)) (3.17)
where 0® and w{" are the activation function and the bias pertaining to the I*® layer.
If the convolutional layer is preceded by the input layer, then Q=Y is replaced by

I. Conversely, if the convolutional layer is preceded by a pooling layer, then Q¢ is

substituted by PU—1.

Following the convolutional layer, a pooling layer that employs a pooling function
like the max pooling function mentioned in Section 3.2.2 is introduced to reduce the
dimension of the activation map. The output of the pooling layer for the I*" layer,

P( (i, 5), is obtained as follows:

P(l)(i,j) = pool @(l)(i SN, +ns,J - Sn, +ny) (3.18)
0§”s<PN5
OSnt<PNt

where pool represents a general pooling function. Furthermore, the conditions 0 <
ns < Py, and 0 < n; < Py, define the bounds for iterating across the height n, and
n; of the pooling window Py, x Py,, making sure that each value within the indicated
dimensions of the pooling region is covered. Lastly, O (i- Sy, +ny, j- Sy, +n,;) indexes
the particular elements in the [*! layer’s output activation map that lie within the

pooling region which are adjusted for ny and ng by the strides Sy, and Sy,.

As explained in Section 3.2.3 after pooling is implemented, the output of the
I layer, PO is flattened into a (Py, X Py, X Q)-vector, where @ is the number of
activation maps:

Vv = flatten(PV). (3.19)

To better understand this, suppose after pooling we have an output of dimension
4 x 4 x 8, which when multiplied together equals 128, thus, V) is a 128-dimensional
vector, i.e., VO = ", vy,

Another approach is to employ Global Max Pooling (GMP) in the [*! layer of
a CNN to transform each of the () < D activation maps into a singular scalar value.

GMP is carried out by taking the maximum value over the spatial dimensions of each
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feature map:

GMPq(l) = max max IP’le)(i,j), (3.20)

0<i<Py) 0<j<Py)
where GM Pq(l) contains the most salient activation of the corresponding feature map.
Furthermore, PJ(\Q and PJ(\Q are the number of stations and the number of time samples

of the pooled feature maps of the ' layer.

In the last forward propagation step, the flattened vector V® or the GM PY =
(GM Pl(l), ..., GM Pg))’ vector is passed onto the fully connected layer, ending at the
final layer L producing an output ¢:

j= o (w® v 4w (3.21)

where () is the activation function of the last layer L, and w® and w{™ are the weight
vector and bias of the last layer L, respectively. In addition to this, V(%) represents
the flattened vector from Equation (3.19), which can be alternatively replaced by the
GMP vector in Equation (3.20).

3.4 The UAT for CNNs

In Section 2.2.3, the UAT for feedforward NNs was presented. This foundational result
has also been extended to convolutional architectures. Zhou (2020) demonstrated that
given an arbitrary precision, a CNN with enough layers can approximate any continuous
function on a compact subset of R™. A concise statement of this result is presented
next:

Theorem 2 UAT for CNNs

Given an arbitrary precision € > 0 and any continuous function f on a compact subset
T of R™, 4 a CNN comprised of a finite sequence of convolutional layers, pooling layers

and fully connected layers, using a non-polynomial activation function o(-) such that

the NN function F(x) satisfies:

sup [F(z) — f(z)| <e.

zeT
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3.5 The CNN Training Procedure

Training CNNs follows the same foundational principles discussed in Chapter 2 for
neural networks, including concepts such as gradient-based optimization and back-
propagation. However, CNN training requires specific adaptations to account for the
unique structural features of these networks. Thus, the aim of this section is to explore

key aspects of CNN training, such as weight initialization and reqularization techniques.

3.5.1 Weight Initialization

In CNNs with more than two convolutional layers, weight initialization plays a crucial
role in determining both convergence and the network’s ability to generalize. This pro-
cess involves selecting the initial values for the network’s weights prior to any learning,
as these starting values directly influence the efficiency and stability of gradient-based
optimization algorithms. Improper weight initialization can lead to challenges such
as vanishing gradients, exploding gradients, or slow convergence (Glorot & Bengio,
2010). Furthermore, weight initialization is not always a straightforward process, as

the setting up of these initial weights can vary depending on the network architecture.

The simplest approach is to initialize weights randomly within a small range.
Another common method involves randomly selecting weight values from a zero-mean
normal distribution with a variance close to zero. These methods were widely used
in the early days of neural networks, when activation functions like the sigmoid func-
tion were prevalent. However, with sigmoid activation functions, poorly chosen initial
weights can lead to gradient saturation, slowing or preventing learning. To address

this, Xavier initialization (Glorot & Bengio, 2010) was invented.

Xavier initialization aims to ensure that the variance of activations remains con-
sistent across all layers of a network. This method works particularly well for activation
functions that are linear around the origin, such as the hyperbolic tangent activation
function. This initialization method ensures that the expected variance of each layer’s
outputs matches its inputs, preventing activations and in turn gradients from vanishing

or exploding during forward and backward passes.

In Xavier initialization, the weights are usually sampled from a Gaussian or uni-

form distribution:
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_ 2 _ 6 6
i o N <0, ) or w! U (—\/ ,\/ ) , (3.22)
ZZ Nin + Nout “ Nin + Nout Nin + Nout

where wx,_ L s the weight joining the i*" neuron in the (I—1)" layer to the i'*" neuron
in the {** layer. Furthermore, n;, and n.,; denote the number of units in the previous

layer and the current layer, respectively.

Unfortunately, Xavier initialization does not cater for non-linear functions like the
ReLU activation function. So, instead, He initialization (He et al., 2015) is preferred.
This initialization method takes into account that the ReLLU activation function and its
variants output a zero for any negative input, which might lead to inactive units during
training if not initialized correctly. In order to account for the one-sided nature of these
functions, He initialization modifies the variance calculations by doubling the variance
used in Xavier initialization. This is done to compensate for the reduced variance in
the forward pass brought on by the non-linearity of ReLLU activation functions. Thus,

the weights are sampled from the normal and/or uniform distribution as follows:

_ 2 _ /|6 |6
w7 N (O, ) or wht U <— : > . (3.23)
v Nin " Nin Nin

3.5.2 Regularization Techniques

As discussed in Section 2.6, regularization techniques for ANNs are a collection of algo-
rithms designed to reduce the loss, mitigate overfitting/underfitting and help the model
generalize better to unseen data. In the context of CNNs, regularization techniques
are categorized according to the stage of the network where they are applied. The first
category, referred to as data augmentation, includes algorithms that alter the input to
a CNN. The second category, known as internal changes, encompasses algorithms that
modify the internal parameters of the networks, such as kernel sizes and weights. The
third category, called label, consists of algorithms that adjust the desired output. Data
augmentation and label regularization algorithms will not be used in the application
of this dissertation and so, will not be elaborated on further. The remainder of this

section will discuss the regularization techniques used in Chapter 5.

Internal changes regularization methods are techniques that modify the internal
parameters of a neural network, such as weights or kernel sizes, during training with-

out explicitly altering the input data. One prominent example of this approach is the

50



CHAPTER 3. CONVOLUTIONAL NEURAL NETWORKS

conventional Dropout method utilized in ANNs. Dropout is a regularization technique
used to reduce overfitting and improve generalization in a NN by randomly deactivat-
ing a subset of neurons during training. The extent to this stochastic deactivation is
governed by the dropout probability, p4r.p, which typically takes values between 0.2 and
0.5. In Chapter 5, parp is treated as a modifiable hyperparameter. For each neuron,
a binary mask is sampled from a Bernoulli distribution, Bernoulli(l — pgp), such
that neurons are retained with probability (1 — pgrep), and deactivated with probabil-
ity parop- This stochastic mechanism discourages reliance on individual neurons and
instead encourages the network to learn representations that remain informative even
when subsets of neurons are absent, thereby improving stability and generalization to
unseen data. Standard dropout can also be applied to CNNs. However, while stan-
dard dropout provides an effective regularization strategy, it also introduces certain

limitations.

Specifically, standard dropout can increase the time complexity of backpropa-
gation due to the need to account for deactivated neurons when updating weights.
Moreover, dropping neurons entirely may result in a temporary reduction in model
capacity, risking the loss of potentially valuable intermediate representations. So, over
time, several variants of Dropout have been developed to enhance its functionality.
Two variants that will be implemented together at different stages within the applica-
tion presented in Chapter 5, are Spatial Dropout (Tompson et al., 2015) and Gaussian
Dropout (Gal & Ghahramani, 2016).

Whilst conventional Dropout deactivates individual neurons, Spatial Dropout
operates by randomly dropping entire activation maps (i.e., the seismic components).
This approach is particularly effective in CNNs, as it preserves the spatial integrity
of each feature map, ensuring that local patterns remain intact. At the same time,
it promotes the development of complementary and diverse representations across dif-
ferent seismic channels, reducing the network’s reliance on any single component and

enhancing generalization (Tompson et al., 2015).

To also address the concerns mentioned above, Gaussian Dropout was proposed as
a continuous and differentiable alternative to standard dropout (Karthik et al., 2022).
Gaussian Dropout replaces the discrete Bernoulli mask used in standard dropout with
multiplicative Gaussian noise. Instead of zeroing out individual activations, it perturbs
each activation in the activation map by applying a randomly sampled scaling factor.

Specifically, for each location (i,7) in the activation map O, the activation O(z, j) is

o1



CHAPTER 3. CONVOLUTIONAL NEURAL NETWORKS

Pdrop
71 —Pdrop

multiplied by some noise variable ¢(, j), where ¢(i, j) ~ N (1 ) and pgrep is the

dropout probability. This results in a noise-perturbed activation map O, given by:

0(i, j) = O, 5) - c(i, )-
This formulation preserves the expected value of the activations (since E[c(7, j)] = 1)
while introducing variance that mimics the regularizing effect of standard dropout. The

Pdrop

variance term increases with the dropout probability pgp, allowing stronger

1=Pdrop
regularization as needed.

Gaussian Dropout offers several advantages over standard dropout, both theoret-
ically and practically. Empirical evidence suggests that Gaussian Dropout results in
improved model performance and a lower time complexity relative to standard dropout
(Karthik et al., 2022). Moreover, Gaussian Dropout has a principled Bayesian inter-
pretation, where the noise can be viewed as modelling uncertainty in the network’s

activations (Gal & Ghahramani, 2016).
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Chapter 4

The Graph Neural Network Framework

4.1 Introduction

Various real-world datasets can be naturally represented as a graph where entities cor-
respond to nodes and their pairwise relations are expressed using edges. For instance,
in the application in Chapter 5, stations are represented as nodes, and any relational
dependencies between said stations are defined by edges. As a result, in Section 4.2,
crucial concepts related to graphs will be outlined. Graph data is inherently different
from grid structured data like images and sequences because graph data is irregular,
unordered, and not fixed in size. This creates certain challenges for designing NN ar-
chitectures capable of processing graphs effectively. This drove the development of a

class of NNs that can operate effectively on graph data, referred to as GNNs.

In Chapter 5, two NN architectures will be explored. One architecture, referred to
as the edgeless graph architecture, in which the graph structure contains only isolated
nodes (i.e., no edges). The other architecture, called the dynamic edges GNN, has
connections between stations generated dynamically according to a similarity criteria
(see Section 4.4). Since the latter model is a GNN, the theoretical underpinnings of the
GNN framework are detailed in this chapter. In Section 4.3, the basic GNN model, as
well as how information is shared between nodes using message passing, is discussed.
Additionally, Section 4.5 discusses the concept of universality, highlighting its relevance

to the architectures considered in this dissertation.

4.2 Concepts Related to Graphs

Prior to outlining the GNN theoretical framework, this section introduces foundational

concepts related to graphs. A graph G = (V, ) is defined as a structure that consists
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of a set of entities, called nodes (or vertices) V, and a set of relationships, called edges

&, between these nodes.

Edges in a graph can be either directed or undirected. A directed edge e € £
has a source node u € V and a destination node v € V, represented as e = (u,v). In
this case, information flows from w to v. In contrast, an undirected edge e does not
have a designated source or destination node, and information flows in both directions.
Mathematically, this is denoted by (u,v) € € & (v,u) € €. An example of a graph

can be found in Figure 4.2.1.

O
O
O
O @)
O O e)
O
o O

Figure 4.2.1: An example a graph (Sanchez-Lengeling et al., 2021).

Graphs are typically represented using an adjacency matriz A € RVI*VI where
|V| = N is the number of nodes. The nodes in the graph are first ordered such that
each node corresponds to a specific row and column in the adjacency matrix. The
presence of edges is then encoded as elements of the matrix, where Afu,v] = 1 if
(u,v) € &, and Afu,v] = 0 otherwise. The adjacency matrix A is symmetric if the
graph contains only undirected edges. However, if the graph is directed, A will not
necessarily be symmetric. In cases where the graph is used to represent the strength
of association between two objects, the edges may be weighted, and the elements of A

can take arbitrary real values rather than {0, 1}.

Most graphs have associated with them attribute or feature information. Typi-
cally, these are node-level attributes which are represented using a real-valued matrix
X € RV¥*" assuming that the ordering of the nodes is consistent with the ordering in
the adjacency matrix A. Here n, is the number of node-level features and in our case

the attribute information consists of station locations and waveform features. In addi-
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tion to node-level attributes, some graphs may also include real-valued edge features,
which can encode properties such as edge weights or types. Furthermore, features can
sometimes be associated with the entire graph, providing global information about the

graph as a whole. An attributed graph is represented as Guurip = (V, A, X).

Now, before delving into the basic GNN model, it is also worth mentioning that
there are different kinds of learning problems that naturally arise on graphs. When
applying NNs to graph structured data, the type of task depends on the level of the
graph under consideration, where here the level of the graph refers to whether the

prediction task concerns nodes, edges, or the entire graph.

Node level tasks focus on assigning values or labels to nodes, edge level tasks are
concerned with the predictions of relations among pairs of nodes, and graph level tasks
involve learning global properties of the entire graph. The application in Chapter 5
deals with a graph level regression task. In graph regression tasks, the learning set
up involves a dataset of multiple different graphs, with the aim of predicting a target
value for each graph independently. For instance in the application, seismic events are
modelled as graphs in which the nodes correspond to seismic stations, each associated
with features derived from waveform information and station location. The outputs
of interest are then the source characteristics of the event, namely, latitude, longitude,

depth and magnitude.

4.3 An Overview of Neural Message Passing and The Basic

GNN Model

The term GNN refers to the general class of neural networks that operate on graphs
through neural message-passing, where vector messages are exchanged between nodes
and updated through neural networks (Gilmer et al., 2017). This section aims to
explain how node embeddings, z,, for all u € V are generated given an input graph
G = (V,&) and a set of node features X € RV*"= where n, is the number of features,
and |V| = N is the number of nodes. Additionally, this section also highlights how the
message-passing mechanism fits into the basic GNN model and demonstrates how the
neural message-passing approach can be simplified by incorporating self-loops into the

input graph.
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4.3.1 Neural Message Passing

In a GNN, graph information, such as node features and structural properties, is fed
through message passing layers to construct node embeddings. A node embedding,
denoted as z,, for a node u € V, is a vector representation that summarises the most
relevant information about a node u’s own features and from its neighbours found in
N (u). The process involves gathering the current node information from its neighbours
and combining it in various ways to obtain a new hidden embedding h,, © € V, which
updates the node’s features. This process is referred to as graph convolution, which
can be thought of as an extension of the convolutional operations in CNNs, seen in

Section 3.2.1.1, to irregular, graph-structured data.

Let L denote the total number of message-passing layers in the GNN, with [ = 0
corresponding to the input layer and [ = L denoting the final layer. During the GNN
message-passing procedure in layer [, [ = 0, ..., L—1, a hidden embedding hg) is updated
for each node u € V, based on information aggregated from its graph neighbourhood

N (u). The message-passing update is mathematically defined as:

h{+) — UPDATE" (b, AGGREGATEY ({h Vv € N(u)})) (4.1)
= UPDATE® (h{), m{}, ) (4.2)

where UPDATE and AGGREGATE are differentiable functions and mf\lf)(u) denotes
the “message” that is aggregated from node u’s graph neighbourhood N (u) for the (!

layer, [ =0, ..., L — 1. Aggregation is often implemented as:

AGGREGATE(M) := A({f(i)|i € M}) (4.3)

where M denotes the set of neighbour representations, f denotes some transformation
f:R — R, and A represents a permutation-invariant function, typically, mazimum,
mean or summation. In the simplest case, the transformation f is defined as f(x) :=
o(w - z), where w € R represents a learnable weight, and o denotes a simple non-
linear activation function. It is worth noting that certain applications may use a
more sophisticated aggregation function, f, such as, an MLP (see Section 2.2.1 for an

explanation of MLPs). In the application presented in Chapter 5, the maz pooling
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aggregation function is employed. For a node u, max pooling aggregation is defined as:

(H—l): 1) 4.4
P = g (5(RL)), (44

where max is taken independently for each feature dimension. Here ¢(-) is a learnable
function, typically an MLP. The simplest and most widely used update function is the
MLP (Lutzeyer et al., 2022).

For each layer [, the set of embeddings of the nodes in u’s graph neighbourhood
N (u) are inputted into the AGGREGATE function and a message mj(\lf)(u) is gener-
ated based on this aggregated neighbourhood information. Then, the message mj(\lf)(u)
is combined with the current embedding h{") of the node u via the update function
UPDATE to generate the updated embedding h{*!). The initial embeddings at [ = 0
are set to the input features for all the nodes i.e., b0 = x,, Yu € V. After N, itera-
tions of the GNN message passing, the output of the final layer is used to define the

embeddings for each node i.e.,
z,=hP, YueV. (4.5)

It is worth noting that GNNs defined in this way are permutation equivariant by design,
since the AGGREGATE function takes as input a set of vectors {h, : v € N(u)}.
Permutation equivariance means that if the ordering of the nodes (or neighbours) in
the input graph is changed, the corresponding node representations produced by the
network change in the same way, rather than being affected arbitrarily by the ordering.
This property is essential for graph-structured data, as graphs do not possess a natural
ordering of nodes or edges. Consequently, the learned node representations depend
only on the graph structure and node features, and not on any arbitrary indexing of

the nodes. An example of message-passing is presented in Section 4.3.2.

4.3.2 The Basic GNN Model

Up until now, the GNN framework has been discussed as a series of message-passing
iterations using UPDATE and AGGREGATE functions which is relatively abstract.
By giving concrete instantiations to these UPDATE and AGGREGATE functions, the
abstract GNN framework defined in Equation (4.1) can be translated into a framework
that can be implemented on real life datasets. The most basic GNN framework can be

defined through the following simple GNN message passing:
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hS“):o—((Wﬁgff )R + (Wi 3 h<”+wé“”), [=0,... Ni,  (4.6)

neigh v
veN (u)

where ) represented a general aggregation operator, Wsell;rl) nd Wnlel;j) are (np, x

N, )-matrices containing the weights joining layer [ to layer [ + 1, associated with the

self and neighbourhood nodes respectively, and 'w(()lﬂ)

€ R" is a bias vector associated
with the (I41)" layer. Additionally, o is an activation function, such as, tanh or ReLU,

used to account for non-linearity in the model.

In addition to this, the basic GNN can be equivalently defined through the UP-
DATE and AGGREGATE functions mentioned in Section 4.3.1 as follows:

> h,

veN (u)
UPDATE(hu, mN(u)) = O'(Wselfhu + Wneighm/\/(u)). (47)

Now, using an example, it will be illustrated how the input feature vector x,,
u € V, is updated at each message passing layer, such that by the final message passing
layer, the node embedding z, contains the comprehensive, aggregated knowledge of the

node and its neighbourhood.

Consider the input graph in Figure 4.3.1. To illustrate the message passing mech-
anism, we will perform two iterations of messaging passing on the input graph using
Equation (4.7). Let the AGGREGATE function be a maximum function and let the

UPDATE function be an MLP with a ReLU activation function. Furthermore, suppose

11 11
WO =Wl =1, Wi = and W2, —

neigh 1 9 nezgh 11 :

To update the input feature vector a5 presented in Figure 4.3.1, information from

its neighbouring nodes AV(2) = {1, 3}, found in x; and x3 is aggregated:

My = max{h{”, h{"} = max{[1,0]',[3,1)'} = [3,1]". (4.8)

The current node’s features in @, are then combined with the aggregated data from

Nodes 1 and 3, to form the hidden embedding hg), which reflects both the node’s own
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Lo = (0, 2),

Figure 4.3.1: Message Passing Example: Input Graph.

features and the neighbours’ information:

1 0,1) 4 (0 0,1 1
B = o (WODRY + WODm, )

neigh

1 0(10 1 0f13
+
0 1| |2 0 1|1

= ReLLU

0 3
—ReLU| | | + — ReLU([3,3]) = [3,3]"

(4.9)

Performing an analogous procedure to Nodes 1 and 3, the new graph, shown in

Figure 4.3.2, is then obtained.

hY = (1,2)

0

h = (3,3)"

Figure 4.3.2: Message Passing Example: Updated Graph (after the first Message Passing layer).
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After one message-passing step, each node only aggregates information from its
immediate neighbours. Consequently, Nodes 1 and 3 are unaware of each other. How-
ever, this will change after performing a second message-passing step. Using Node 1,

aggregating and updating is carried out as follows:

my) = max{hy} = max{[3,3/'} = [3,3]" (4.10)
2 1,2) 5 (1 1,2 2
hg ) =0 (Wgelf)hg ) + Wiei;hmf\[)(l))

1 1] (1 1 1113
= ReLU +

— ReLU + = ReLU([9,9]') = [9,9]".

(4.11)

Performing an analogous procedure to Nodes 2 and 3, the new graph, shown
in Figure 4.3.3, is obtained. This process of aggregating and updating is carried out
iteratively over multiple layers, eventually producing the final node embeddings 2, 2o

and zs.

h? = (9,9)

0

Ry = (12,9)

Figure 4.3.3: Message Passing Example: Updated Graph (after the second Message Passing layer).

The basic GNN model outlined in Equation (4.7) can achieve great performance
while being easy to understand (Hamilton, 2020). The basic GNN can be generalized in

various ways, but generalizations will not be needed for the purpose of the application
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tackled in this dissertation. The GNN used in the application is relatively simple,
in the sense that it does not need to employ generalized neighbourhood aggregation

functions or sophisticated update mechanism.

In dynamic GNNs, the neighbourhood of a node u, N (u), is not fixed across layers.
Instead, it may be dynamically “redefined” at each layer based on the “evolving” node
representations h{"). For instance, edge connections can be recalculated using feature
similarity, or even learned using NN that predict edge scores or attention coefficients.
This enables the GNN to adapt its message-passing structure as learning progresses.
For example, as shall be seen, some models in the application in Chapter 5 generate

edges dynamically based on feature similarity using Euclidean distances.

The core message-passing operations in Equation (4.6) are defined at the node-
level. It is worth noting that many GNNs can also be defined using graph-level equa-
tions. For a basic GNN, the graph-level definition of the model can be written as
follows:

D — J(AH(Z)WUH) + H(Z)ngeﬁ)), (4.12)

neigh

where HU*Y is a (N x ny,)-matrix of node representations at the (I + 1) layer in
the GNN, with each node corresponding to a row in the matrix and A denotes the
graph adjacency matrix. Additionally, the bias term has been omitted for notational
simplicity. This graph-level representation highlights how many GNNs can be efficiently
implemented through a small number of sparse matrix operations.

Through successive layers of message passing, the model produces final node
L

u?

embeddings h%, represented as a row in H"). Subsequently, the set of final node
embeddings is combined using a READOUT function to obtain a single embedding for

the entire graph. Mathematically, this can be expressed as:

zg = READOUT({z, : u € V}), (4.13)

where zg is the graph embedding, summarizing the information from all nodes. The
readout function is typically selected in such a way that it is equivariant, with common
choices being sum pooling, average pooling, max pooling or attention-based pooling.
Max pooling was explained previously in Section 3.2.2, the other types of pooling will
not be used in the application, and thus, no further detail will be provided. Finally,
the graph embedding zg is fed through an output function, typically an MLP or a

linear layer, to generate the predicted properties of a graph, g, where in our case,
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y = (latitude, longitude, depth, magnitude).

4.3.3 Message Passing with Self-Loops

To avoid defining the UPDATE function in the neural message passing explicitly, and
thus, simplifying the procedure, it is convention to include self-loops to the input graph

and omit the explicit update step. Using this approach, message passing is then simply
defined as:
hU*D) — AGGREGATE({h{", Vv € N'(u) U {u}}) (4.14)

where now the aggregation is taken over the set N'(u)U{u} i.e., the node’s neighbours

as well as the node itself. This formulation represents the nodal update rule.

At the matrix level, adding self-loops to a basic GNN is the same as sharing
parameters between the W,y and W,,.;,, matrices, resulting in the following graph-

level update:

H = o (A + Iy) HOWD) (4.15)

where H(*Y is a (N x ny, )-matrix of node representations at the (I + 1) layer in the
GNN, with each node corresponding to a row in the matrix and A denotes the graph
adjacency matrix and Iy is a (N x N)-identity matrix. Throughout the rest of this
dissertation, the method discussed in this section will be referred to as the self-loop

GNN approach. The dynamic edges GNN in Chapter 5 is defined in terms of self loops.

4.4 Dynamic Edge Generation and Feature Fusion

Some of the GNN models that will be fitted in Chapter 5 leverage dynamically gen-
erated edges to build flexible and informative connections between nodes. In these
models, the seismic station network is represented as a graph in which each node cor-
responds to a seismic station, and edges between stations are generated automatically
based on various criteria. In particular, the edges will be generated using geographic
locations of the stations and similarities in their waveform features. This EdgeConv-
based (see Section 1.4.3) approach is inspired by the work of X. Zhang et al. (2022).
Through iterative steps of edge generation and graph convolution, the model progres-
sively expands the receptive field of each node, allowing it to integrate information
from an increasingly larger portion of the network. This enables the model to fuse
features from multiple stations and capture higher-order spatio-temporal patterns in

the recorded wavefield across the seismic network. Consequently, this section aims to
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introduce dynamic edge generation and feature fusion procedure.
Edge Generation

Edges are dynamically generated by linking every station with its k-nearest neighbours
according to their similarity. Here k is a modifiable hyperparameter and the similarity
is determined based on two criteria, namely, geographic distance and feature similarity.
Determining similarity based on geographic distance is intuitive, since adjacent stations
often record related signals as a result of similar wave paths. Moreover, seismic events
are more likely to be mutually recorded by stations in near proximity, particularly in
the case of small magnitude earthquakes. Nevertheless, the same seismic event can be
recorded by distant stations in a large area, and so, waveform and feature similarity
provide a complimentary approach to geographic distance. The difference between
waveform /additional feature information between station u and v is determined directly

using [? distance.

Not taking into account the seismic channel and batch dimensions, the feature
matrix for neighbour selection is assumed to be XV*"  where N is the number of
stations and n, is the number of features. When the criterion for generating edges
is geographic distance (i.e., the features are the station coordinates), n, = 2. The
process of choosing k-nearest neighbours can be summarized using the following two
steps. Given feature vectors @, € R™ and x, € R™ for stations u and v, respectively,

the pairwise distance of stations u and v is computed using:

S(u,v) = ||xy — xyll2, 1 <u,v,<N. (4.16)

Evaluating S(u,v) for all station pairs then yields the pairwise distance matrix S €

RN*N wwhere entries are given by:

Suw = S(u,v). (4.17)
After this, the k-nearest neighbours N € RV*¥ are obtained by sorting each row of S:

N(u) = smallest-k(S(u)), 1<u<N. (4.18)
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Feature Update

Having generated the edges, the features of each station are updated using:

&y, = marpoolyen,,,, w)(9(Tu — To) + f(2u)) +maxpoolyen, i w) (9 (Tu — Tw) + f'(20)),

(4.19)
where x,, x, and x, are the feature vectors associated with stations u, v and v,
respectively. Furthermore, v is a neighbour of u based on geographic distance and v’
is a neighbour of u based on feature similarity, determined from the previous step.
Additionally, g(-), f(:),¢'(-) and f'(-) are trainable fully connected NNs and &,, is the
updated feature vector of station w. Lastly, max-pooling is performed along the con-
structed edges to combine information from the k-nearest neighbours of w, in order for

each station to be once more associated with a single feature vector.

It is worth noting that the update step is asymmetric with respect to stations u
and v. This is because, the message passed from station v to station u is dependent on
the feature difference @, —x, and on the transformations applied to «,. As a result, the
update of station u is not equivalent to the update that would be obtained by switching
the roles of u and v. This asymmetry is intentional and reflects the fact that seismic
stations may record the same event with different signal quality. Thus, information
from one station can be informative for another without the opposite necessarily being

true.

4.5 Universality of the Proposed Neural Networks

The universal approximation capabilities of feedforward NNs and CNNs have been
discussed at length in Sections 2.2.3 and 3.4, whereby it was seen that feedforward
NNs and CNNs are capable of representing any continuous function, as long as the
activation function satisfies a set of conditions. This section will now delve into the

universal approximation capabilities of the NNs that will be used in Chapter 5.
Universality as a Set Function Approximator

As will be seen later on in Sections 5.5.1 and 5.6.1, the last stage of the models imple-
ments a permutation-invariant max pooling operator across all stations, followed by an
MLP. Theoretical results found in the NN literature show that such architectures are
capable of universal approximations of continuous functions defined on sets. For in-
stance, Zaheer et al. (2017) proved that any continuous permutation-invariant function

(i.e., its output does not change when the order of its input elements is rearranged), f
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acting on a finite set {x1, ..., z,} can be decomposed as:
i) =0 (300w (4.20)
i=1

for suitable transformations, typically MLPs, 6 and ¢. This result establishes univer-
sality when the aggregation is conducted using a sum operator. Following this, Qi et
al. (2017) showed in the PointNet NN architecture that max pooling can also achieve
universality for continuous set functions, under the assumptions of compactness and

continuity with respect to the Hausdorff distance:
F({ai)) =0 (maxo(w)). (4.21)

where 6 and ¢ are as defined before. This result suggests that max-based aggregation,
followed by a sufficiently expressive MLP, maintains the ability to approximate any
continuous permutation invariant mapping from a set of inputs to an output. The
proposed architectures implement masked max pooling, whereby a binary mask is
used to exclude padded or missing entries from the max pooling operation, and so,

they inherit this universality guarantee at the set function level.
Universality as a GNN

Although the dynamic edgess GNN architecture is a universal set function approxima-
tor, its expressive ability from a graph-theoretic perspective is a bit more restricted.
The expressive power of Message-Passing Neural Networks (MPNNs) is at most as
strong as the 1-Weisfeiler-Leman (WL) graph isomorphism test (Morris et al., 2019;
Xu et al., 2019). A comprehensive overview of the WL-Algorithm can be found in
Appendix D. This means that no standard MPNN can act as a universal approximator

for all possible graph invariant functions.

Thus, within the MPNN framework, the choice of aggregation operator plays a
crucial role. Xu et al. (2019) showed that sum aggregation, combined with injective
update functions, achieves the full discriminative power of the 1-WL test. Max and
mean aggregators are in general weaker, as they might not be able to capture certain
multi-set distinctions that sum aggregation preserves. The dynamic edges GNN ar-
chitecture uses max aggregation in its message passing layers. Consequently, we need
to acknowledge the fact that its universality is bounded by the 1-WL limitation of
MPNNSs, as well as the reduced discriminating power of max pooling in comparison

with sum.
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However, taking everything into account, while the dynamic edges GNN archi-
tecture cannot be regarded as a universal approximator for arbitrary graph functions,
it still benefits from strong universality guarantees as a permutation-invariant set func-
tion approximator. Thus, the dynamic edges GNN can still be considered to provide
sound theoretical foundation for its use in modelling seismic station networks, where

invariance to station ordering is a natural and necessary property.
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Chapter 5

Application and Results

5.1 Introduction

After having outlined the core principles of ANNs, CNNs and GNNs in Chapters 2-4,
a practical application of GNNs to a seismic source characterization task focused on
the central Mediterranean region is now presented. Two primary model architectures
are explored: an edgeless graph architecture and a GNN with dynamically constructed
edges based on criteria defined in Section 4.4. An experimental approach is adopted,
involving systematic adjustments to both neural network parameters and architectural
components to optimize performance. Given the geographic spread of seismic events,
initial observations suggest the presence of potential subgroups. Consequently, cluster-
ing techniques are applied to uncover groupings in the dataset, under the hypothesis
that improved homogeneity may facilitate more accurate source prediction. All imple-

mentation is carried out in Python.

The chapter is structured as follows. Section 5.2 describes the computational
setup and Python environment, while Section 5.3 details the data acquisition and pre-
processing pipeline. Section 5.4 outlines the model standards, training procedure, and
evaluation approaches. The design and execution of the various experiments, along
with preliminary results, are discussed in Sections 5.5 and 5.6. In Section 5.7, the
clustering-based approach is introduced, and all experiments are replicated on the
clustered data. Then, in Section 5.8, we compare the top two models from Sections
5.5 and 5.6, and the top two from Sections 5.7.1 and 5.7.2. The comparison is based
on validation metrics, loss plots, and prediction plots. We also implement an ensem-
ble modelling approach to assess whether ensembling improves predictive accuracy.

Finally, the best two models from Sections 5.5 and 5.6 are fitted on a held-out test

67



CHAPTER 5. APPLICATION AND RESULTS

dataset, followed by some concluding remarks.

5.2 Computational Set Up

This section outlines the computational set up used to carry out the application. All
experiments were conducted on a local machine, with the relevant hardware specifica-
tions detailed shortly. In addition, a summary of the Python environment, including
the tools, libraries and modules utilized, is provided. This information is necessary to

ensure reproducibility of results and transparency of implementation.

5.2.1 Hardware Specifications of Local Machine

The computational experiments were executed on a local system equipped with an
11th Gen Intel® Core™ i9-11900K CPU running at 3.50 GHz with 8 cores and 16
threads, providing robust parallel processing capabilities. An NVIDIA GeForce RTX
3090 served as the primary GPU, with approximately 4.29 onboard memory. The
system was fitted with 64 GB of Patriot memory (PDP Systems) RAM, operating at a
speed of 3200 MHz. The system ran on a 64-bit installation of Windows 10 Enterprise.

5.2.2 Python Environment

The Python environment consisted of several key tools, libraries and modules to fa-
cilitate the construction and execution of the neural networks of this application.
Downloading and processing of seismic data was performed using the 0bsPy library
while visualization of said data was achieved through the matplotlib and cartopy
libraries. The main library utilized to build the neural networks and train the mod-
els was TensorFlow. Its integrated Keras API was used to design both sequential
and functional model architectures, allowing for flexible and efficient implementation
of the deep learning models. The fine tuning and optimization of models was facil-
itated through advanced TensorFlow modules, such as custom callbacks and Keras
layers. Any data manipulation and numerical operations were executed using libraries
such as NumPy and Pandas. Additionally, file and directory management was handled
using the os library, while the pickle module was employed for serialising and dese-
rialising Python object structures. Lastly, the functions KMeans and DBSCAN from the
sklearn.cluster module, and the module hdbscan were used to carry out K-means,

DBSCAN and HDBSCAN clustering.
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5.3 The Dataset and Pre-processing

As discussed in Section 1.3, the aim of this dissertation is to establish a statistical
model to characterize the seismic source of earthquakes in the central Mediterranean
region by predicting the latitude, longitude, depth and magnitude of each seismic
event. In order to achieve this, the models will be trained and validated on a central
Mediterranean region dataset comprising waveform (see Section 1.1) and earthquake
catalogue information collected from the Istituto Nazionale di Geofisica e Vulcanologia
(INGV) data centre from the seismic networks IV, MN and ML. The dataset contains
seismic events for the period January 2013 to December 2024 within a geographic
subset from 34° to 39° latitude and 11° to 16.5° longitude, a depth range of 0-30km,
and a magnitude range of [3,5.5]. Seismic events having magnitude of at least 3 on
the Richter scale were chosen for this study, as smaller events are often too weak
to be considered reliable earthquake detections. The largest recorded magnitude in
this region during this period is 5.5. In total, the data set consists of 685 events
recorded by 55 broadband seismic stations. Following Dr Agius’ advice, earthquakes
that occurred before 2013 were not considered as they might not necessarily meet
the required standards of reliability of measurement. This is because, prior to 2013,
fewer high-quality broadband seismic stations were available, resulting in good-quality
data being more sparsely distributed. In contrast, the more recent dataset used in
this study is more convenient, consistent, and homogeneous. Moreover, in Section
5.8, a test dataset with the same geographic parameters but covering the period from
January 2025-August 2025 will be used. More information regarding the test set will
be presented in Section 5.8.4.

All waveforms and catalogues were accessed using 0bsPy (Beyreuther et al., 2010).
Every trace consists of around 200s of seismic displacement recorded by three orthogo-
nal seismic channels (N,E,Z), which was interpolated into 4,096 evenly spaced samples,
leading to a sampling rate of approximately 20 Hz. The instrument response was re-
moved, and a bandpass filter from 0.1 to 8 Hz was applied to the waveforms (Van den
Ende & Ampuero, 2020). Additionally, the waveform amplitudes were multiplied by a
constant scaling factor of 1 x 10®, as suggested by Dr Agius, since no specific scaling
factor is established in the literature. Since recorded amplitudes are somewhat small,
multiplying by a somewhat large factor raises the input data to a numerically stable
range without losing magnitude information. A plot of the waveforms of the event with

the largest magnitude can be seen in Figure 5.3.1.
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Figure 5.3.1: A plot of the waveforms of the event with the largest magnitude.

It is worth noting that seismic event recordings are sometimes interrupted due
to issues such as power loss, resulting in incomplete waveform data. Consequently, all
waveforms not having three channels were removed. In addition, certain stations may
be non-functional during specific events because of outages, malfunctions, or temporary
removal from the site. For these cases, the affected stations were omitted, as their
waveform data lacked the quality and completeness required to serve as reliable input
for NN training. Maps of events and stations for the data under study are illustrated

in Figures 5.3.2 and 5.3.3, respectively.

Several statistical and spectral features were derived from the raw waveform meta-
data to provide the NN with additional predictor variables, thus enriching the input
representation. These include the peak amplitude, root-mean square energy, spectral
centroid and SNR, calculated independently for each of the three seismic components.
These engineered features augment the original waveform data with physically mean-
ingful characteristics, potentially leading to improve model performance. The Python
code used to download the data is available in the GitHub repository, with the link
provided in Appendix E. The subsequent section will now provide the model standards,

training procedure and evaluation approaches, further supporting reproducibility and
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Figure 5.3.2: Map of the seismic events in the central Mediterranean region between January 2013
and December 2024.

comparative analysis.

5.4 Model Standards, Training Procedure and Model Evalu-

ation

To ensure consistency across experiments and reproducibility of results, a global seed
of 42 was set prior to all experimental runs. This is especially recommended when
using operations that involve randomness, such as weight initialization of NN layers.
All training processes were carried over 300 epochs, striking a suitable balance between
allowing sufficient learning, while avoiding excessive computational burden. It is worth
noting that, in accordance with Van den Ende & Ampuero (2020); X. Zhang et al.
(2022), we initially attempted the experiments with 400-500 epochs, but this was not
feasible on our hardware, as the local system exhausted RAM and the process was ter-
minated. While proceeding with 300 epochs was feasible, this afforded the models less
time to learn than in similar studies, which may be reflected in the prediction quality.
Lastly, it is worth mentioning that attempts to implement parallel processing during

hyperparameter tuning were unsuccessful, presumably due to memory constraints. Ac-
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Figure 5.3.3: Map of the seismic stations recording information on the seismic events in the central
Mediterranean region between January 2013 and December 2024.

cordingly, the tuning pipeline was executed serially, leading to an inevitable increase

in computation time.

5.4.1 Regularization Techniques

To mitigate potential overfitting and improve generalization, we employed regulariza-
tion throughout. In particular, spatial dropout and Gaussian dropout were applied
across all models, with the dropout probability treated as a tunable hyperparameter.
Similar studies have implemented the same regularization strategies (Van den Ende &
Ampuero, 2020; X. Zhang et al., 2022), supporting our design choices. Moreover, for
certain configurations we applied early stopping (patience = 20) monitoring validation

loss.

5.4.2 Pre-Processing and Normalization

Following waveform pre-processing, the coordinates for both seismic stations and source
locations are normalized using min-max scaler, so that they lie between -1 and 1. Anal-
ogously, the depth and magnitude are also normalized into the range [-1,1]. This step
is a standard procedure in statistical learning tasks, as it facilitates faster convergence

and model stability (X. Zhang et al., 2022).

The data splitting strategy consists of two stages to ensure independence be-
tween training and testing. All events from 2025 are held out as an independent test

set for evaluation of predictive performance. The remaining dataset spanning 2013-
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2024 is then randomly split into 80% training (548 events) and 20% validation (137
events), with the validation set used for hyperparameter tuning and model section. A
fixed hold-out validation set is adopted due to computational constraints and relatively
small dataset size when compared to similar studies (Van den Ende & Ampuero, 2020;
X. Zhang et al., 2022). For each training iteration, batches are generated on-the-fly
(i.e., happens during training instead of creating them and storing augmented copies
beforehand), ensuring dynamic and memory efficient data loading. The batch size is a
hyperparameter that will vary accordingly, as will be seen shortly in Section 5.5. Each
event in a batch is represented by a fixed number of 40 stations, randomly chosen from
the set of available stations for that event. In the case where an event is associated
with less than 40 stations, the missing entries are zero padded. This is because the NN
expects inputs to have a fixed tensor shape, otherwise the events cannot be batched
together. So that the model performance is not affected, these zero inputs are then

masked out during aggregation.

5.4.3 Loss Function and Optimizer

The model parameters are optimized via backpropagation by minimizing a modified

version of the Huber loss function introduced in Section 2.4:

~ Ntrazn 1 4
JH(y7 Nt Z Z jH yk] y Yky )) (51)
rain  p—1
where
3Dy — yngr)? if |y — yry| <

jH(ﬂk]‘/, ykj’) =
Y(|Gkjs — ynyr| — 37) otherwise

where ¥ = (Jk1, Ur2, Uk3, Ura) denotes the model predictions for observation k, corre-
sponding to the four source parameters (latitude,longitude,depth,magnitude) and y =
(Yk1, Yr2, Yk3, Yka) Tepresents the associated ground-truth values. Furthermore, Ny.q;, is
the size of the training set and the inner summation over j' = 1,...,4 aggregates the
loss across the four output variables for each observation. Lastly, Ju(Uk;/, ykj) is the
Huber loss applied to the j* output of observation & and the parameter v controls

the transition point between the quadratic and the linear loss.

A value of 0.1 was arbitrarily selected for v because it is small enough to preserve
sensitivity to minor prediction errors via the quadratic component while also main-
taining robustness against any potential outliers through the linear component. The

loss is minimized using the AdamW optimizer with weight decay parameter, A, equal
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to le — 4 (X. Zhang et al., 2022). It is worth noting that the learning rate will be
treated as a hyperparameter. Furthermore, the scaling parameter 7, is set to 1 for all

iterations, so that the step size is controlled solely by the learning rate.

5.4.4 Gradient Computation and Backpropagation

As in the case of most NNs, training is performed through the backpropagation algo-
rithm, which is automatically handled by the TensorFlow framework. This is achieved
in the following way. During the forward pass, TensorFlow tracks the sequence of
operations carried out. Then, TensorFlow traverses this list of operations in reverse
order to compute gradients in the backward pass. In GNNs, the backpropagation al-
gorithm is inherently constrained by the graph structure defined in the forward pass.
During training, gradients are not propagated separately across all nodes, but instead
follow the same neighbourhood aggregation rules encoded in the graph topology. This

process is handled automatically by TensorFlow.

5.4.5 Evaluation of Performance

Firstly, in order to determine the best hyperparameter configurations, models are
ranked according to validation MAE, MSE and NRMSE (see Section 2.7). Follow-
ing this, training dynamics are assessed by plotting the training and validation Huber
loss curves across epochs, in order to gain insight into convergence behaviour of the

optimizer, as well as aid in identifying any signs of overfitting.

Additionally, scatter plots are generated to compare predicted versus actual values
for the training and validation sets, with data points colour-coded (black for training
and orange for validation). These plots allow us to assess both the model’s ability to fit
the training data and its capacity to generalize to unseen data. Data points lying close
to the diagonal correspond to accurate predictions, whereas larger deviations indicate
prediction errors comparing the spread and alignment of the training and validation

points, therefore helps identify potential underfitting or overfitting.

In order to produced a predictive distribution, rather than single point estimates,
an evaluation strategy based on Monte Carlo Dropout is employed by keeping Gaus-
sian Dropout, (introduced in Section 3.5.2), active during inference for both training
and validation sets. Retaining stochasticity at inference allows the model to gener-
ate multiple model predicted values for the same input. Each stochastic forward pass
corresponds to a different effective subnetwork, enabling Monte Carlo Dropout to ap-

proximate model uncertainty through variability in the predicted values. For each

74



CHAPTER 5. APPLICATION AND RESULTS

seismic event in the training and validation sets, the model performance 100 stochastic
forward passes, yielding a distribution of predicted values for the four target variables:
latitude, longitude, depth and magnitude. The mean of the predicted and standard de-
viation of these distributions are then calculated and unscaled to recover physical units,
with the standard deviation utilized to construct the error bars shown in the scatter
plots. Monte Carlo Dropout is not applied to the test set in order to preserve a single,
unbiased estimate of final predictive performance. Instead, its use solely on train-
ing and validation sets supports uncertainty-aware fit and model evaluation through

interpretation of "predictive” dispersion and comparison of model configuration.

After identifying the optimal models, defined here as those exhibiting stable train-
ing dynamics and strong generalisation performance on the validation set, their pre-
dictive ability is evaluated on an independent test set using the MAEP, MSEP and
NRMSEP metrics (see Section 2.7), together with plots comparing predicted and actual

values, to determine which model offers the best overall predictive performance.

5.5 [Edgeless Graph Architecture

The first architecture considered will be referred to as the edgeless graph architecture.
This is because the architecture processes input data structured as a graph where each
node represents a seismic station, however, no edges are defined between the nodes.
This design enables the architecture to learn from the individual attributes of each
station and their contributions to the overall event characterization, without modelling

explicit spatial or relational dependences between stations.

The architecture comprises several key components, specifically, an input layer,
a CNN-based waveform encoder, a feature fusion block MLPs, a station weighting and
aggregation mechanism, and a final MLP that produces the output vector of predic-
tions containing the latitude, longitude, depth and magnitude predicted values of each
seismic event. Section 5.5.1 provides a detailed breakdown of each component in the
edgeless graph model architecture, inspired by the work of Van den Ende & Ampuero
(2020). Any additional material pertaining to Section 5.5.1 can be found in Appendix

F. The edgeless graph model architecture will serve as a baseline.

As will be seen in Section 5.5.2, in order to optimize model performance, a system-
atic hyperparameter tuning procedure will be performed using a grid search approach.
Grid search was selected because it facilitates an exhaustive evaluation of predefined

hyperparameter combinations, guaranteeing that the influence of each parameter on
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model performance can be thoroughly evaluated. Lastly, in Section 5.5.3, early stop-

ping will be added to the model with the intent of improving training performance.

5.5.1 Model Architecture
Input Layer

The input layer of the edgeless graph model is designed to intake information associated
with individual seismic stations, that is, features attributed to the nodes of the graph.
Four distinct input tensors, each capturing a different aspect of the station-level data,
are fed into the input layer. The first input tensor, having shape (40, 4096, 3) con-
tains the raw waveform metadata of 40 stations, where 4096 represents the number of
time samples and 3 corresponds to the three waveform orthogonal seismic components,
vertical (Z), North-South (N), and East-West (E). Additionally, a coordinate tensor of
shape (40, 1, 3) provides the spatial location of each station, where the last dimension
represents the latitude, longitude and elevation. A feature tensor of shape (40, 12)
contains pre-computed, per-station signal characteristics, specifically, the peak ampli-
tude, RMS amplitude, spectral centroid and SNR, extracted separately from each of
the three seismic components. Lastly, a weight tensor of shape (40, 1) contains scalar
weights for each station, allowing the model to adjust the contribution of individual

nodes during the aggregation step.
CNN-Based Waveform Encoder

The CNN-based waveform encoder processes the seismic waveform input tensor of
shape (batch size, 40, 4096, 3), where 40, 4096 and 3, once again refer to the number of
stations, time samples and seismic components, respectively. In this context, the batch
size dimension refers to the number of samples processed simultaneously during training
and is typically required when applying batch normalization. Although the waveform
is inherently a time series, 2D convolutions are used to leverage TensorFlow’s image-
like operations and to convolve along the time dimension while preserving component
separation. Specifically, a convolutional kernel of shape (1,5) is used to slide across time,
treating the three components as channels, analogous to colour channels in an image.
Typically, Ky, (see Section 3.2.1.1) should be treated as a tunable hyperparameter,
but because of the space and time constraint, a fixed value of 5 was selected, following

the parameter setting used in Van den Ende & Ampuero (2020).

The encoder consists of three convolutional blocks, each containing three 2D con-

volutional layers. The number of filters doubles with each block, starting from a base of
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2 filters and increasing as follows: 4—8—16. Each convolution is immediately followed
by a ReLU activation function and Spatial Dropout, which help introduce nonlinear
relationships and to reduce overfitting. The use of the ReLLU activation function is mo-
tivated due to its ability to accelerate convergence and improve performance in deep
architectures by mitigating vanishing gradients and encouraging sparse representations
(Glorot & Bengio, 2010; Krizhevsky et al., 2012). Spatial dropout is employed because
it is better suited for the mechanics of convolutional layers (Van den Ende & Am-
puero, 2020). After each block, the time dimension is reduced using MaxPooling2D
with pool size (1,4), effectively downsampling the temporal axis by a factor of 4 per
block. Given an initial temporal length of 4096 samples, the downsampling proceeds
as 4096—1024—256—64. Powers of two lengths were used for computational efficiency
and to remain consistent with the Van den Ende & Ampuero (2020) architecture on
which this architecture is based on. Thus, after the three blocks the output tensor has
shape (batch size, 40, 64, 16).

Following these blocks, the encoder applies two additional 2D convolutional lay-
ers with kernel size (1,5) and 32 filters. The first of these layers is followed by a ReLU
activation function and Spatial Dropout, while the second uses a tanh activation func-
tion without dropout. The use of tanh restricts the output values to the range [—1,1].
No further downsampling is applied in these final layers, so the output shape becomes
(batch size, 40, 64, 32). To summarize the temporal information for each station, a max
reduction is applied across the time axis (axis=2), resulting in a tensor of shape (batch
size, 40, 1, 32). This representation can be interpreted as a station-wise summary of
the most salient temporal features. Finally, Gaussian Dropout is applied to this tensor
using a specified dropout rate. Gaussian dropout was chosen over conventional dropout
because it provides smoother, continuous noise injection (Srivastava et al., 2014). A

schematic of the CNN-based waveform encoder can be found in Figure F.1.
Feature Fusion Block

Having processed the waveform data, the CNN output is concatenated with the station
coordinates tensor having shape (batch size, 40, 1, 3) and the derived waveform features
tensor having shape (batch size, 40, 1, 12), resulting in a final concatenated tensor of
shape (batch size, 40, 1, 47). The tensor is then passed onto an MLP that processes
the concatenated feature vector of each station independently along the spatial axis
without affecting neighbouring stations. This is achieved through (1 x 1)-convolutional

layers, where the convolutional kernels have a spatial size of (1 x 1). There are two
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convolutional layers within this block. The first layer is a 2D-convolutional layer with
128 filters (activation maps) and a ReLU activation function followed by a spatial
dropout layer for regularization. The number of filters is a convolutional layer is typ-
ically treated as a modifiable hyperparameter, however, due to space constraints, a
fixed value of 128 filters was adopted, following the configuration used in Van den
Ende & Ampuero (2020). The second layer is the same as the first, except that it does
not include dropout. The shape of the tensor is maintained throughout this block as
(batch size, 40, 1, 128). A schematic of the feature fusion block can be found in Figure
F.2.

Station Weighting and Aggregation Mechanism

The station weighting and aggregation mechanism compresses the per-station features
into a single global representation of the seismic event. In order to ensure that every
station contributes appropriately, the model uses a set of learned scalar weights, which
adjust the importance of each station during aggregation. Two inputs are considered,
namely, the fused station features with shape (batch size, 40, 1, 128) and a weight
tensor with shape (batch size, 40). The weight tensor is expanded to match the shape
of the station features by adding a singleton dimension and repeating each shape 128

times, resulting in a shape of (batch size, 40, 1, 128).

Following this, each station’s 128-dimensional feature vector is multiplied by its
corresponding weight. This means that if a station has a lower weight, its features are
scaled down, reducing its influence in the final aggregation and vice-versa. The result
is a weighted version of the station’s features, where each station’s contribution reflects
its reliability. Subsequently, information across stations is aggregated via global max
pooling along the station axis, effectively choosing the most prominent feature values
across all tensors. The resulting tensor, having shape (batch size, 1, 1, 128), is then
flattened to produce a single 128-dimensional feature vector, which summarizes the

entire event and is passed to the final prediction layers.
Output MLP

The final block of the model, responsible for obtaining the model’s final output, is
a fully connected MLP that maps the 128-dimensional feature vector into the four
target variables, latitude, longitude, depth and magnitude. First, the input vector is
passed through a fully connected layer with 128 units and a ReLLU activation function,
initialized using He initializer, because as discussed in Chapter 3, it caters for the ReLU

activation function. Typically, the number of units is an adjustable hyperparameter,
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however, it was chosen to retain 128 units to preserve the representational capacity
learned in the preceding convolutional block. Then, Gaussian dropout, using a specified
dropout probability, is applied to this layer’s output to improve generalization to unseen
data by introducing a level uncertainty into the model. This is followed by a second
fully connected layer with 4 units and a tanh activation function. The result is a 4-
dimensional output vector representing the model’s predicted event latitude, longitude,
depth and magnitude. A schematic of the output MLP used to generate the final

predicted values can be seen in Figure F.3.

5.5.2 Hyperparameter Tuning

The hyperparameters considered in this experiment include batch size, learning rate
and dropout probability. Batch sizes of 16, 32 and 64 were chosen so as to explore the
trade-off between training stability and computational efficiency, as smaller batch sizes
tend to improve generalization while larger batches can accelerate training. Learning
rates of le — 5,1e — 4,1e — 3 and le — 2 were tested, capturing a wide range of possi-
ble convergence behaviours, ranging from very fine-grained updates to more aggressive
optimization steps. Dropout probabilities of 0.2, 0.3, 0.4 and 0.5 were considered, as
these are the most commonly used values in the NN literature (Srivastava et al., 2014).
In total, 48 unique parameter configurations were evaluated. The whole hyperparame-
ter tuning procedure took around 26.94 hours to complete. The Python code used for
hyperparameter tuning is available in the GitHub repository, with the link provided in
Appendix E.

Model performance was evaluated using the approach outlined in Section 5.4.5,
with individual model configurations being chosen for each of the four target variables
latitude, longitude, depth and magnitude, alongside the best-performing model over-
all. Due to space constraints, only the best five model configurations for each target
variable, as well as, the top five overall models, are presented here. A comprehensive

summary of all results can be found in Appendix G, Tables G.1-G.10.

Firstly, the optimal model configurations for each of the four target variables
was determined separately. The best configuration will be chosen based on the lowest
validation MAE, MSE and NRMSE values. In the cases where the metrics significantly
disagree, the NRMSE will be given more importance due to it being a normalized
and comparable measure of predictive accuracy across outputs. The top five model
configurations for latitude differed slightly across validation metrics. The top five model

configurations according to MAE can be found in Table 5.5.1, while those according
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to MSE and NRMSE can be found in Table 5.5.2.

Batch Dropout o

Size LR Prob MAE (°)
32 0.001 0.2 0.76
64 0.01 0.2 0.78
64 0.001 0.2 0.79
16 0.001 0.3 0.8
16 0.001 0.2 0.81

Table 5.5.1: Validation performance metrics of the best five hyperparameter combinations for latitude
using the Edgeless Graph Architecture according to lowest MAE.

Batch Dropout o2

Size LR Prob MSE (°)° | NRMSE
32 0.001 0.2 1.13 0.74
64 0.001 0.2 1.15 0.74
64 0.001 0.4 1.22 0.76
16 0.001 0.3 1.23 0.77
16 0.001 0.2 1.23 0.77

Table 5.5.2: Validation performance metrics of the best five hyperparameter combinations for latitude
using the Edgeless Graph Architecture according to lowest MSE and NRMSE.

From Tables 5.5.1 and 5.5.2, the best model configuration for latitude, according
to all three evaluation metrics, is batch size = 32, learning rate = 0.001 and dropout
probability = 0.2. With regards to the target variable longitude, the top five model
configurations ranked by MSE and NRMSE can be found in Table 5.5.3.

Batch Dropout o oN D

Size LR Prob MAE (°) | MSE (°)? | NRMSE
16 0.001 0.3 0.65 0.79 0.99
64 0.01 0.2 0.65 0.79 0.99
32 0.001 0.4 0.65 0.79 0.99
16 0.001 0.5 0.65 0.79 0.99
32 0.001 0.2 0.64 0.8 1

Table 5.5.3: Validation performance metrics of the best five hyperparameter combinations for longitude
using the Edgeless Graph Architecture according to lowest MSE and NRMSE.

Batch Dropout
Size LR Prob MAE (km)
16 0.001 0.5 6.19
16 0.001 0.4 6.22
32 0.001 0.5 6.25
32 0.00001 0.3 6.25
32 0.001 0.4 6.26

Table 5.5.4: Validation performance metrics of the best five hyperparameter combinations for depth
using the Edgeless Graph Architecture according to lowest MAE.

Upon inspecting Tables 5.5.4 and 5.5.5, it was decided to choose the configuration
with batch size = 32, learning rate = 0.00001, and dropout probability = 0.3 as the
optimal hyperparameter combination for depth. This is because it achieved the lowest

MSE and NRMSE values, while maintaining an MAE comparable to the best MAE
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Batch Dropout
Sire LR Pr‘i’)b MSE (km)? | NRMSE
32 | 0.00001 0.3 52.79 0.992
32 0.01 0.3 53.31 0.997
64 0.01 0.4 53.31 0.997
16 0.001 0.5 53.48 1
32 | 0.0001 0.3 53.51 1

Table 5.5.5: Validation performance metrics of the best five hyperparameter combinations for depth
using the Edgeless Graph Architecture according to lowest MSE and NRMSE.

value. This balance makes it the most reliable choice among the tested configuration.
The top five model configurations for the magnitude target variable can be found in

Table 5.5.6.

Batch | g | Dropout | \\\ & | NMiSE | NRMSE
Size Prob
32 1 0.001 0.2 027 | 0.1 0.04
16 | 0.001 0.5 027 | 012 0.98
32 | 0.001 04 027 | 012 0.98
16 | 0.001 0.3 027 | 012 0.98
32 | 0.001 0.3 027 | 012 0.98

Table 5.5.6: Validation performance metrics of the best five hyperparameter combinations for magni-
tude using the Edgeless Graph Architecture (ordered by lowest NRMSE).

From Table 5.5.6 it can be concluded that according to all three metrics, the
best hyperparameter configuration is batch size = 32, learning rate = 0.001, and
dropout probability = 0.2. Lastly, since the target variables are measured in differ-
ent units, NRMSE was used to determine the best overall model, as it provides a
unitless and comparable performance metric across the four target variables. The
overall NRMSE is obtained by averaging the NRMSE values across all target variables.
The overall NRMSE values for the top five model configurations are found in Table
5.5.7. From Table 5.5.7, it can be seen that the overall best model corresponds to the
configuration batch size = 32, learning rate = 0.001, and dropout probability = 0.2.

Batch Dropout
Size LR Prob NRMSE
32 0.001 0.2 0.931
16 0.001 0.3 0.939
64 0.001 0.4 0.942
64 0.001 0.2 0.944
64 0.01 0.2 0.945

Table 5.5.7: Overall validation NRMSE values of the best five hyperparameter combinations for the
four target variables using the Edgeless Graph Architecture.

A summary of the optimal hyperparameter configurations for each target vari-
able and the overall best model configuration based on NRMSE using Edgeless Graph
Architecture is presented in Table 5.5.8. Table 5.5.8 shows that the best model con-
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figuration for almost all the target variables, as well as the overall best model based
on NRMSE using the edgeless graph architecture is the same, having batch size = 32,
learning rate = 0.001 and dropout probability = 0.2. This will be referred to as Model
1 from now onwards. For the depth variable, the best configuration is the one having
batch size = 32, learning rate = 0.00001 and dropout probability = 0.3. This will be
referred to as Model 2. Plots of training and validation loss per epoch for Model 1 and
Model 2 are presented in Figure 5.5.1 and 5.5.2.

Variable | Datch | jp | Dropout | /& | ViSE | NRMSE
Size Prob
Latitude | 32 0.001 0.2 076 | 113 071
Longitude | 32 0.001 0.2 0.65 | 0.79 0.99
Depth 32| 0.00001 0.3 6.19 | 52.79 | 0.992
Magnitude | 32 0.001 0.2 027 | 011 | 0937
All 39 0.001 0.2 0.931

Table 5.5.8: Summary of the optimal hyperparameter configurations for each target variable and
the overall best hyperparameter configuration based on validation NRMSE using Edgeless Graph
Architecture.

Loss Plot - Batch Size: 32, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure 5.5.1: Loss Plot for Model 1.

The loss curve demonstrates how the model’s error diminishes while it learns and
thus, allows us to assess training dynamics. When loss curves are interpreted, three
properties are usually analysed, namely, smoothness, convergence and generalization.
An ideal loss plot should be smooth as it is indicative of gradual and consistent changes
in the model’s performance as it goes through training. When the loss curve is smooth,

it implies that the model is learning at a stable and consistent rate. A loss curve is
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Loss Plot - Batch Size: 16, LR: 1e-05, Dropout: 0.3, Activation: relu, Optimizer: AdamW

0.08 —— Training Loss
Validation Loss

0.07 4

0.06

Huber Loss

0.05 4

0.04 4

0.03 4

T T T T T T T
0 50 100 150 200 250 300
Epoch

Figure 5.5.2: Loss Plot for Model 2.

said to converge when it plateaus. This means that a loss curve would have reached a
stable or optimal rate. When a loss curve converges to a point, it implies that further
training will unlikely lead to any significant improvements in model fit. This means
that the model has learned all it could from the training data and cannot improve
further. From the loss curve, one can determine whether a model has the ability to
generalize well, i.e., rather than performing well on training data alone, it can also
perform well on new and unseen data. This occurs when the difference between the

model’s training and validation loss is small.

In terms of smoothness, the loss curves in Figure 5.5.1 exhibit mild oscillations,
reflecting normal stochastic variation due to relatively larger parameter updates near
convergence rather than training instability. In contrast, the loss curves in Figure
5.5.2 appear smoother, particularly for the validation loss; however, this behaviour
is primarily attributable to the much smaller learning rate, which results in smaller
and more gradual parameter updates, rather than improved optimisation dynamics.
Furthermore, the loss curves for Model 1 plateau, while those for Model 2 do not.
This suggests Model 1 converges better than Model 2. It is worth noting that the
loss curves for Model 1 seem to plateau around the 100*" epoch with very little im-
provement afterwards. This suggests that extending training beyond 150-200 epochs
yields diminishing returns, and the model could benefit from early stopping. Lastly,

the training-validation gap for Model 1 is small and stable with no sharp deviations,
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whereas for Model 2 the validation loss drops below the training loss, an unusual be-

haviour that suggests underfitting and weaker generalization.

Figures 5.5.3 and 5.5.4 illustrate the predicted versus target values for Model 1,
while Figures 5.5.5 and 5.5.6 illustrate the predicted versus target values for Model 2.
Training results depicted in black and validation results in orange. The dashed diagonal
line indicates the ideal scenario where predictions match the actual values exactly. The
closeness of the points to this line provides an intuitive evaluation of model fit and
generalization ability as well as, accuracy, while the corresponding error bars highlight
uncertainty in prediction. Training-validation metrics will also be examined as they

provide insights into model generalisation.
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Figure 5.5.3: Actual versus predicted target values for Model 1 with corresponding MAE computed
on training and validation sets.

Comparing the two models, the plots in Figures 5.5.3 and 5.5.4 seem to show
training and validation predicted values that align more closely with the diagonal, in-

dicating that Model 1 is better at tracking the true values across all target variables.
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Figure 5.5.4: Actual versus predicted target values for for Model 1 with corresponding MSE computed
on training and validation sets.

This means that Model 1 potentially fits the data better than Model 2. Addition-
ally, Model 1 might generalize better. For the latitude variable, the predicted values
for Model 1 form somewhat of a sloped trend, with lower and higher catalogue lat-
itudes being predicted considerably well since many points follow the diagonal line.
Conversely, the latitude predicted values for Model 2 form a horizontal band around
37.8°. Additionally, Model 1 exhibits smaller error bars and MAE/MSE values when
compared to Model 2. With regards to the longitude target variable, both models’
predicted values form a horizontal band at around 16.1°, indicating underfitting. Both
models seem to largely ignore the variation in the catalogue longitude values and in-
stead predict close to the mean. In addition to this, the error bars become wider
away from the mean, indicating greater uncertainty for longitude further away from
the mean value. It is worth noting however that Model 1 exhibits significantly smaller

errors and error bars when compared to Model 2.
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Figure 5.5.5: Actual versus predicted target values for Model 2 with corresponding MAE computed
on training and validation sets.

For the depth target variable, Model 1’s predicted values seem to follow the di-
agonal line more tightly with smaller errors and error bars when compared to Model 2.
However, when compared to the results for the other target variables, Model 1’s depth
predictions still show the strongest evidence of underfitting with predictions concen-
trated around 8-18km, regardless of true depth. This results in consistent overestima-
tion of shallow earthquakes and underestimation of deeper earthquakes. This is further
corroborated by the larger error bars at shallow/greater depths. The metrics further
highlight this weakness since training errors are already quite high (MAE=4.41 and
MSE=30.99km), and validation errors increase significantly (MAE=6.35 and MSE=59.9km).

With regards to magnitude, comparing Figures 5.5.3 and 5.5.4 with 5.5.5 and
5.5.6, it can be seen that Model 2 underestimates magnitude when compared with
Model 1. Additionally, Model 2’s errors and error bars are significantly larger. Having

said that, Model 1’s magnitude predictions still form a horizontal band between 3.2 and
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Figure 5.5.6: Actual versus predicted target values for for Model 2 with corresponding MSE computed
on training and validation sets.

3.6, showing some underfitting with consistent under estimation of higher magnitude
values. Training and validation results are almost identical (train MAE=0.25 and
validation MAE=0.27; train MSE=0.11 and validation MSE=0.13), showing no signs
of overfitting. However, it is worth mentioning that the low and comparable error might
be attributed to the narrow magnitude range. Finally, the error bars are small, but
still slightly expand at the higher end of the magnitude scale, demonstrating increasing

uncertainty for stronger events.

Taking everything into consideration, from the results of the loss plots and actual
versus predicted target values plots, Model 1 outperforms Model 2 in model fit, gener-
alization ability and accuracy. This is because it exhibited better training dynamics,
showed better generalization and had less model uncertainty. Thus, Model 1 will be
selected as the best edgeless graph model so far. Table 5.5.9 shows a summary of the

validation performance metrics for Model 1. It is worth noting that there is still some
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underfitting present. The worst results were for the depth target variable, while the
best results were for the magnitude target variable. This is consistent with findings in

the literature (Van den Ende & Ampuero, 2020; X. Zhang et al., 2022).

Variable | MAE | MSE | NRMSE
Latitude 0.76 1.13 0.74
Longitude 0.65 0.79 0.99
Depth 6.35 59.9 1.06
Magnitude | 0.27 0.11 0.937
All 0.931

Table 5.5.9: Summary of Validation Performance Metrics for Model 1: batch size=32, learning
rate=0.001, dropout probability=0.2.

The underfitting and model uncertainty that resulted for Model 1 could be at-
tributed to the fact that the events and stations in the dataset are not evenly distributed
as seen in Figures 5.3.2 and 5.3.3. The use of Monte Carlo dropout could have also
worsened the model uncertainty since its variational approximation is crude and often
leads to underestimated predictive variance (Gal & Ghahramani, 2016; Ovadia et al.,
2019). Nevertheless, Monte Carlo dropout was used to estimate uncertainty because it
provides computationally inexpensive approximation to Bayesian inference NNs (Gal
& Ghahramani, 2016) and because it was used in a study similar to the one being
conducted in this dissertation (Van den Ende & Ampuero, 2020). The loss plot for
Model 1 in Figure 5.5.1 suggests that Model 1 might potentially benefit from some
early stopping.

5.5.3 Early Stopping

As discussed in Section 5.5.2; it was decided to refit Model 1 on the data, keeping all
parameters the same, however, also adding early stopping with patience = 20 epochs.
This model will be called Model 3. A summary of the resulting validation metrics
is presented in Table 5.5.10. Due to space constraints the remaining loss plots and
actual versus predicted target values plots for the edgeless graph models are presented
in Appendix H. Figure H.1 shows the loss plot for Model 3, while Figures H.7 and
H.8 illustrate the predicted versus target values. Notably, training stopped after 256
epochs, with the best weights restored from epoch 236, as determined by the early

stopping criterion.

Comparing the metrics from Table 5.5.10 with those in Table 5.5.8, it can be seen
that validation metrics are comparable between models. This suggests that adding
early stopping does not worsen or improve model performance. Comparing the loss

plots in Figures 5.5.1 and H.1, it can be seen that adding early stopping to our model
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Variable | MAE | MSE | NRMSE
Latitude 0.78 1.19 0.76
Longitude 0.64 0.79 0.99
Depth 6.31 55.03 1.01
Magnitude | 0.27 0.12 0.98
All 0.94

Table 5.5.10: Summary of Validation Performance Metrics for Model 3: batch size=32, learning
rate=0.001, dropout probability=0.2 with early stopping patience=20.

improves training dynamics as the training and validation losses decrease smoothly
together, showing stable convergence, minimal overfitting and better generalization.
Lastly, upon examining Figures H.7 and H.8, it can be observed that Model 3’s predic-
tions are comparable to Model 1’s. Even though the training and validation errors are
slightly larger, the gap between training-validation errors is smaller. Taking everything
into consideration it can be concluded that adding early stopping to our model leaves
accuracy unchanged but improves training dynamics and reduces training time. As a

result, it was decided to retain Model 3 as the best edgeless graph model.

5.6 GNN Architecture with Dynamic Edges

The second architecture considered will be referred to as the dynamic edges GNN ar-
chitecture. The name is attributed to the novel innovation introduced to the model
architecture. Specifically, edges are dynamically generated between the stations based
on both geographic proximity and feature similarity, enabling graph based message
passing, as discussed in Section 4.3.1. The dynamic edges construction procedure was
inspired by the work of X. Zhang et al. (2022). As will be seen in Section 5.6.1, the dy-
namic edges GNN architecture maintains a similar architecture to that of the edgeless
graph architecture discussed in Section 5.5, consisting of an input layer, a CNN-based
waveform encoder, a feature fusion block, a station weighting and aggregation mecha-
nism, and a final MLP that produces the output predictions. As before, any additional
material pertaining to Section 5.6.1 can be found in Appendix F. Hyperparameter tun-
ing and early stopping are also conducted for the dynamic edges GNN models, with
results presented in Section 5.6.2, respectively. Once again due to space constraints,
the loss plots and actual versus predicted target values plots pertaining to the dynamic

edges GNN models are presented in Appendix J.

5.6.1 Model Architecture

The only architectural difference from the edgeless graph model architecture lies in the

feature fusion block. Instead of a simple shared MLP, the fused per-station features are
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passed into a graph-based fusion module composed of four stacked FeatureFusionLayer
block. A schematic of this feature fusion block can be found in Figure F.4. The number
of feature fusion blocks can be treated as a hyperparameter, however, due to computa-
tional constraints, it was decided to follow the parameter setting utilized by X. Zhang et
al. (2022). Each of these blocks performs message passing over two separate k-nearest
neighbour-graphs, one constructed from the geographic distance between stations, and
the other from feature similarity. For each graph, the model computes differences
between a station and its neighbours, processes those differences using learnable trans-
formations, and then applies max aggregation across neighbours to update the station’s
feature vector. The detailed outline of the theoretical underpinnings of this process can
be found in Section 4.4. Then, the outputs from all four graph layers are concatenated
along the feature dimension, yielding a representation of shape (batch size, 40, 128).
This is then reshaped to (batch size, 40, 1, 128) to match the expected input shape
of the next block. The Python code used containing the dynamic edges GNN model
architecture is available in the GitHub repository, with the link provided in Appendix
E.

5.6.2 Hyperparameter Tuning

Analogous to the approach described in Section 5.5.2, hyperparameter tuning was
performed to identify the optimal hyperparameter configurations. The same hyperpa-
rameter values for the batch size, learning rate and dropout probability were retained,
with the addition of a new hyperparameter, k, which represents the maximum number
of neighbours in the graph. For this experiment, k, was set to values 3 and 4. Larger
values for k could not be considered, because the local machine ran out of RAM and
terminated the process. There were a total of 96 model configurations and the entire

hyperparameter tuning procedure took approximately 59.15 hours to complete.

Model performance was once again evaluated using the strategy outlined in Sec-
tion 5.4.5, with separate model configurations being selected for each of the four tar-
get variables latitude, longitude, depth and magnitude, alongside the overall best-
performing model. As before, due to space constraints, only the best five model config-
urations for each target variable, as well as, the top five overall models, are presented
here. A comprehensive summary of all results can be found in Appendix I Tables

[.1-1.15.

Firstly, the optimal model configuration for each of the four target variables was

determined individually. The validation performance metrics for the top five model
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configurations corresponding to latitude can be found in Table 5.6.1.

Batch Dropout

o 0)2
F | gie | IR | “poop | MAE (°) | MSE (°)? | NRMSE
4 32 0.001 0.4 0.8 1.34 0.80
4 64 0.001 0.3 0.82 14 0.82
4 16 0.001 0.4 0.82 1.41 0.82
3 64 0.01 0.2 0.79 1.44 0.83
3 32 0.001 0.4 0.88 1.48 0.84

Table 5.6.1: Validation performance metrics of the best five hyperparameter combinations for latitude
using the Dynamic Edges GNN Architecture according to lowest metrics.

From 5.6.1 it can be seen that, according to MSE and NRMSE the best hyper-
parameter configuration for the latitude target variable is k& = 4, batch size = 32,

learning rate = 0.001 and dropout probability = 0.4. This is also the second best

hyperparameter combination according to MAE, and so will be selected as the best
hyperparameter configuration for the latitude target variable. The top five models for
longitude differ according to validation performance metrics. Table 5.6.2 shows the top
five longitude models according to MAE, while Table 5.6.3 shows the top five longitude

models according to MSE and NRMSE.

Batch Dropout o
K Size LR Prob MAE (%)
3 32 0.001 0.4 0.62
4 16 0.001 0.2 0.63
3 16 0.001 0.2 0.63
4 32 0.001 0.4 0.64
3 64 0.01 0.2 0.64

Table 5.6.2: Validation performance metrics of the best five hyperparameter combinations for longitude
using the Dynamic Edges GNN Architecture according to lowest MAE.

Batch Dropout o2
k Size LR Prob MSE (°)° | NRMSE
3 32 0.001 0.4 0.79 0.990
3 16 0.001 0.5 0.79 0.990
4 16 0.001 0.2 0.8 0.996
4 64 0.01 0.4 0.8 0.996
3 32 0.01 0.2 0.8 0.996

Table 5.6.3: Validation performance metrics of the best five hyperparameter combinations for longitude
using the Dynamic Edges GNN Architecture according to lowest MSE and NRMSE.

From Tables 5.6.2 and 5.6.3, it can be seen that the best performing model

configuration for longitude is & = 3, batch size = 32, learning rate = 0.001 and
dropout probability = 0.4. The top five model configurations for depth differ ac-
cording to performance metrics. Table 5.6.4 shows the top five depth models according
to MAE, while Table 5.6.5 shows the top five depth models according to MSE and

NRMSE.
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Batch Dropout
K Size LR Prob MAE (km)
4 32 0.0001 0.5 6.15
4 32 0.01 0.3 6.21
4 32 0.001 0.4 6.22
4 32 0.001 0.5 6.23
4 16 0.0001 0.4 6.26

Table 5.6.4: Validation performance metrics of the best five hyperparameter combinations for depth
using the Dynamic Edges GNN Architecture according to lowest MAE.

Batch Dropout
k| gne | LR Pr‘(’)b MSE (km)? | NRMSE
4 32 0.01 0.3 51.93 0.984
4 32 0.001 0.5 52.46 0.989
4 32 0.0001 0.2 53.07 0.995
3 64 0.0001 0.2 53.44 0.998
3 64 0.001 0.4 53.78 1

Table 5.6.5: Validation performance metrics of the best five hyperparameter combinations for depth
using the Dynamic Edges GNN Architecture according to lowest MSE and NRMSE.

With regards to the depth target variable, the top five model configurations vary
considerably across metrics as can be seen from Tables 5.6.4 and 5.6.5. However, it was
decided to choose the parameter configuration k& = 4, batch size = 32, learning rate =
0.01 and dropout probability = 0.3, as it achieved the lowest MSE and NRMSE values,
and the second lowest MAE value. The top five model configurations for the magnitude

variable are presented in Table 5.6.6.

p | Bateh [ pp | Dropout | /x| \iSE | NRMSE
Size Prob

51 32 0001 | 04 012 | 098 | 028

3| 32 |o0001| 03 012 | 098 | o027

3| 16 |o0001| 03 012 | 098 | o027

3| 64 |0001| 02 012 | 098 | o027

3| 16 |o0001| 02 012 | 098 | 027

Table 5.6.6: Validation performance metrics of the best five hyperparameter combinations for magni-
tude using the Dynamic Edges GNN Architecture (ordered by lowest MAE).

From Table 5.6.6, although the configuration & = 3, batch size = 32, learning
rate = 0.001 and dropout probability = 0.4 yields the second-best MAE, the difference
from the best is negligible. Moreover, MSE and NRMSE are comparable across all five
configurations. Therefore this parameter setting was chosen to maintain consistency
with the best longitude model configuration, which uses the same hyperparameters.
Lastly, since the target variables are measured in different units, analogous to the
edgeless graph model, NRMSE is used to identify the best overall dynamic edges GNN
model, as it provides a unitless and comparable performance metric across all target
variables. The overall NRMSE values for the top five model configurations are re-

ported in Table 5.6.7. From Table 5.6.7, it can be seen that the overall best model
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corresponds to the configuration k = 3, batch size = 32, learning rate = 0.001 and

dropout probability = 0.4.

Batch Dropout
k Size LR Prob NRMSE
3 32 0.001 0.4 0.95954
4 32 0.001 0.4 0.95956
4 64 0.01 0.2 0.9635
4 64 0.001 0.3 0.96512
4 64 0.01 0.4 0.9689

Table 5.6.7: Overall validation NRMSE values of the best five hyperparameter combinations for the
four target variables using the Dynamic Edges GNN Architecture.

A summary of the optimal hyperparameter configurations for each target vari-
able and the overall best model based on NRMSE using dynamic edges GNN model
is presented in Table 5.6.8. Table 5.6.8 shows that for the target variables longitude
and magnitude, the best parameter configuration is setting k = 3, batch size = 32,
learning rate = 0.001 and dropout probability = 0.4. These were also the parameter
settings achieved for the overall best model based on NRMSE using the dynamic edges
GNN architecture. This model will be referred to as Model 4. For the latitude tar-
get variable, the optimal parameter configuration is setting k& = 4, batch size = 32,

learning rate 0.001 and dropout probability = 0.4. This model will be referred

to as Model 5.

Lastly, for depth the optimal parameter configuration is k = 4,
batch size = 32, learning rate = 0.01 and dropout probability = 0.3. This model
will be referred to as Model 6.

Now, loss plots and actual versus predicted target values plots will be examined
to assess training dynamics, generalization ability and accuracy. The loss plots for
Models 4-6 are found in Figures J.1-J.3, while the predictions plots can be found in
Figures J.8-J.14.

Variable | k | Batch | yp | Dropout | \ /o | \isE | NRMSE
Size Prob
Latitude | 4 | 32 | 0.001 0.4 08 | 1.34 0.8
Longitude | 3 | 32 | 0.001 0.4 062 | 0.79 0.99
Depth | 4| 32 0.01 0.3 621 | 51.93 | 0.984
Magnitude | 3 | 32 | 0.001 0.4 028 | 0.12 0.98
All 3| 32 |o0.001 0.4 0.96

Table 5.6.8: Summary of the optimal hyperparameter configurations for each target variable and the
overall best hyperparameter configuration based on validation NRMSE using Dynamic Edges GNN
Architecture.

Upon inspecting the loss plots in Figures J.1-J.3, Model 6 seems to be the best
performing model in terms of training dynamics. This is because it has the smoothest

loss curves, the fastest convergence, and a nearly perfect overlap between training and
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validation losses, whereas Models 4 and 5 converge more slowly and exhibit plateaus
before sharper drops later in training. However, as can be observed from Figures J.13
and J.14, Model 6 suffers from severe underfitting, with predictions collapsing into
tight horizontal bands across all variables and producing the largest errors overall,

particularly for depth and latitude.

In contrast, Models 4 and 5 both demonstrate reasonable alignment with the
diagonal and comparable levels of scatter, with Model 5 showing slightly tighter clus-
tering along the diagonal line for latitude and depth, but Model 4 achieving stronger
validation metrics in two of the four target variables and lower overall errors. Between
these two models, the differences are small, however, Model 4 achieved the best vali-
dation performance in two of the four target variables and the best overall validation
NRMSE (see Table 5.6.8). Therefore, Model 4 is chosen as the best dynamic GNN
edges model. A table with the validation metrics for each target variable for Model 4
is presented in Table 5.6.9.

Variable | MAE | MSE | NRMSE
Latitude 0.88 1.48 0.84
Longitude 0.62 0.79 0.990
Depth 6.44 56.63 1.027
Magnitude | 0.28 0.12 0.98
All 0.96

Table 5.6.9: Summary of Validation Performance Metrics for Model 4: k = 3, batch size=32, learning
rate=0.001, dropout probability=0.4.

5.7 Cluster Analysis

Seismic activity in the central Mediterranean region is rarely evenly distributed, as
events and stations are often concentrated in localized pockets where geological condi-
tions favour faulting. As illustrated in Figures 5.3.2 and 5.3.3, the dense collections of
epicentres and nearby stations suggest the existence of hidden subregions with distinct
propagation and noise characteristics. In the absence of any prior labelling knowledge,
by applying cluster analysis to event locations, we can partition the study area into
potentially homogeneous zones. It is hoped that this unsupervised approach reveals
natural groupings of earthquakes and will aid in tailoring the predictive models to
smaller, more focused regions, potentially improving localization accuracy and com-
putational efficiency. All relevant theory pertaining to clustering can be found in
Appendix K, while the Python code used to carry out the analysis is available in the
GitHub repository, with the link provided in Appendix E.
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Prior to performing cluster analysis, a seed of 42 was set to ensure repeata-
bility and consistency across results. Then, the data was standardized using the
StandardScaler () function in Python. Following this, the Hopkins’ statistic (Hop-
kins & Skellam, 1954) was calculated to determine whether there is in fact a clustering
structure present within the data. The Hopkins’ statistic was chosen as it is typically
the preferred method in the literature (Han et al., 2012). A detailed explanation of the
Hopkins’ statistic can be found in Appendix K, Section K.4. The Hopkins’ statistic
ranges from 0 to 1 with values above 0.75 typically indicative of a strong clustering
tendency (Lawson & Jurs, 1990). In our study, the Hopkins’ statistic was found to be
approximately 0.85, which is relatively high and indicates strong evidence of a cluster-

ing structure. Thus, it was decided to apply clustering to the seismic data.

Three clustering methods were considered in this application, namely, K-means
(MacQueen, 1967; Steinhaus, 1957), DBSCAN (Ester et al., 1996), and HDBSCAN
(Campello et al., 2013). K-means was included because it is one of the simplest
and most widely used techniques in the cluster analysis literature. DBSCAN was
selected next as a density-based method well suited for discovering clusters of arbi-
trary (including non-convex) shape and for handling any potential outliers in the data.
Finally, HDBSCAN was adopted to overcome DBSCAN’s limitation of using a sin-
gle, global density threshold. HDBSCAN achieves this by constructing a hierarchy
of clusters across varying density levels, identifying nested structures and clusters of
differing densities within the same dataset. More information on K-means, DBSCAN

and HDBSCAN can be found in Appendix K Sections K.1, K.2 and K.3, respectively.

The first clustering technique to be considered was K-means. This method re-
quires the pre-specification of the optimal number of clusters. There are numerous
methods within the literature to determine the optimal number of clusters. In this
application, the elbow method (Thorndike, 1953), silhouette score (Rousseeuw, 1987)
and gap statistic (Tibshirani et al., 2002) (see Appendix K Section K.1.2) were used.
Figure 5.7.1 shows the elbow plot used to determine the optimal number of clusters.
Figure 5.7.2 shows the average silhouette score plotted against the number of clusters.

Lastly, Figure 5.7.3 shows the gap statistic.

From Figures 5.7.1 and 5.7.2, it can be seen that according to the elbow method
and the average silhouette score, the optimal number of clusters is 3. On the other
hand, from Figure 5.7.3, it can be seen that according to the gap statistic, the optimal

number of clusters is 1. However, selecting K = 1 is not meaningful in this context, as
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Figure 5.7.1: Elbow plot used to determine the optimal number of clusters.
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Figure 5.7.2: Average Silhouette score plot used to determine the optimal number of clusters.
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Figure 5.7.3: Gap statistic plot used to determine the optimal number of clusters.
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it would imply that the entire dataset constitutes a single cluster, which is the same as
fitting the two architectures on the original dataset (see Sections 5.5 and 5.6). Since
two out of the three methods identify K = 3 as optimal and K = 1 is trivial, it was
decided to apply K-means with the number of clusters set to 3. The clustering obtained

using K-means is illustrated in Figure 5.7.4.

K-Means Clusters (Original Coordinates, k=3)
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Figure 5.7.4: Clustering obtained using K-means.

Subsequently, DBSCAN clustering was applied. DBSCAN takes two parameters,
namely MinPts and Eps. The former is specified according to how many variables are
being considered. In the case of this application, two variables, namely, latitude and
longitude of the events, are being considered for the clustering part. According to the
literature, when the number of variables is 2, MinPts is conventionally set to 5 (Ester
et al., 1996). The optimal value of Eps is selected using an elbow plot, where the
“elbow” is selected as the optimal value for Eps. Figure 5.7.5 shows the elbow plot

used to determine the optimal value for Eps.

From Figure 5.7.5, it can be concluded that the optimal value for Eps is 0.3.
Therefore, DBSCAN with MinPts=5 and Eps=0.3 was implemented. The clustering
resulting from DBSCAN can be found in Figure 5.7.6, where red points, labelled as -1,

are indicative of outliers.

As shown in Figure 5.7.6, the clustering produced by DBSCAN differs from that
of K-means. DBSCAN yielded fewer clusters with most points being grouped into
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Figure 5.7.5: Elbow plot used to determine the optimal Eps.
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Figure 5.7.6: Clustering obtained using DBSCAN.

one large cluster, and the remainder either in a small secondary cluster or labelled as
outliers. However, because DBSCAN relies on a single global density threshold, it can
struggle to detect clusters when densities vary, which may be the case in our data.

Thus, it was decided to also apply HDBSCAN to our data.

HDBSCAN has two main parameters, specifically, min_cluster_size and min_
samples. The former represents the smallest size grouping that HDBSCAN will con-

sider a valid cluster, with larger values leading to fewer, larger clusters and smaller
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values resulting in smaller, more detailed clusters. The latter controls how conser-
vative the clustering is. It sets how many points are needed around a point for it
to avoid being marked as outliers. Higher values make the algorithm more robust to
outliers but also more likely to label sparse regions as outliers. A grid search method
was used to pick best parameters for HDBSCAN, evaluated on the respective modi-
fied Dunn’s index (Ilc, 2012). The modified Dunn’s index is a validity metric used to
compare different resulting clusterings, taking into account that the data may contain
non-convex shaped clusters (Ilc, 2012). The highest modified Dunn index suggests the
best parameter configuration. More information on the modified Dunn index can be
found in Appendix K, Section K.5. The values considered for min_cluster_size were
{50,70,100} and the values considered for min samples were {5, 10,20,30}. In total,

there were 12 combinations and the grid search results can be found in Table 5.7.1.

min cluster_size | min_samples | No. of Clusters | Modified Dunn Index
50 30 2 3.39
70 30 2 3.39
100 30 2 3.39
50 20 3 3.27
100 10 2 2.98
70 20 2 2.95
100 20 2 2.95
100 5 2 2.92
50 10 3 2.15
70 10 3 2.15
50 5 3 1.95
70 5 3 1.95

Table 5.7.1: Modified Dunn Index of different HDBSCAN parameter configurations.

From Table 5.7.1 it can be concluded that according to the modified Dunn’s
index the optimal value for min samples is 30. With regards to min _cluster_size,
the best values are {50,70,100}. It was decided to select 50 as min_cluster_size
since it is the smallest value that achieves the largest modified Dunn’s index, and so,
the finest-grained partitioning is achieved without any loss in cluster quality. This
higher granularity can reveal more detailed subregions while maintaining the same
overall compactness and separation. Thus, HDSBCAN with parameter configuration
min_samples=30 and min_cluster_size=50 was implemented, and the clustering re-
sult can be found in Figure 5.7.7. Once again, outliers are presented by red points and

labelled as -1.

Figure 5.7.7 shows that the HDBSCAN method resulted in two clusters with
most points being classified as outliers. The clustering obtained differs significantly

from that of DBSCAN. When compared to the clustering obtained from K-means,
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Figure 5.7.7: Clustering obtained using HDBSCAN.

it is observed that the top right cluster was identified by both methods. The bottom
right cluster was identified by both methods, however, the one identified by HDBSCAN
is notably smaller and more dense. Lastly, the left cluster identified by K-means was
considered as outliers by HDBSCAN. Nevertheless, an empirical method for comparing
the clustering quality is required. In order to empirically determine which clustering
algorithm produced the best partition, the modified Dunn’s index was calculated for

each partition and tabulated in 5.7.2.

Clustering Method | Modified Dunn’s Index
K-Means 1.90
DBSCAN 1.39
HDBSCAN 4.23

Table 5.7.2: Modified Dunn’s index for the partitions produced by the different clustering algorithms.

Upon inspecting Table 5.7.2 it can be concluded that the best clustering method
is HDBSCAN as its score was the largest. Following this, the data points were mapped
back to their original scale, and plotted on a world map to view the geographical

locations of the HDBSCAN clusters. This can be seen in Figure 5.7.8.

Considering the results obtained, it was decided to re-do the experiments con-
ducted in Sections 5.5 and 5.6 on HDBSCAN Cluster 1. This is because it had the
largest sample size, which is an important consideration when working with statistical

learning models. In total there were 416 events recorded by 52 broadband seismic sta-
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tions. Maps of events and stations of the region represented by HDBSCAN Cluster 1
are illustrated in Figures 5.7.9 and 5.7.10.

HDBSCAN Clusters on Map (Custom Palette)
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Figure 5.7.8: Clustering obtained using HDBSCAN illustrated on a map.
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Figure 5.7.9: Map of seismic events in HDBSCAN Cluster 1 between January 2013 and December
2024.
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Figure 5.7.10: Map of the seismic stations recording information on the seismic events in HDBSCAN
Cluster 1 between January 2013 and December 2024.

5.7.1 Edgeless Graph Model Architecture

As in Section 5.5, we first performed hyperparameter tuning to identify optimal set-
tings for the edgeless graph architecture, this time restricting training and validation
to events in HDBSCAN Cluster 1 rather than the full dataset. The full search re-
quired approximately 14.5 hours. A comprehensive summary of validation metrics is
provided in Appendix L, Tables L.1-L.10. Initially, we planned to select individual
model configurations for each target variable, and an overall configuration, purely on
the basis of validation metrics MAE, MSE and NRMSE, before examining loss and
prediction plots. However, inspection of Tables L.1-L.10 showed that most configura-
tions yielded near identical validation metrics. This could be attributed to the fact that
model fitting and evaluation were conducted on a single, low-variance cluster, which
encourages many hyperparameter settings to converge toward mean-biased solutions.
The effect is particularly pronounced for latitude, longitude, and magnitude, whose
distributions within Cluster 1 are tightly concentrated (limited geographic spread and
a narrow magnitude range), so predictors that regress toward the cluster mean achieve
similar average errors. Consequently, we prioritized loss curves and predicted versus
actual target values plots to select the best configuration based on training dynamics,
generalization ability and accuracy. All plots for this section are available in the Google
Drive repository referenced in Appendix E (folder Clustered_Edgeless Graph Model).

The top four configurations for the edgeless architecture on clustered data are reported
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in Table 5.7.3.

Batch Dropout
Model Size LR Prob
Model 7 32 0.001 0.2
Model 8 64 0.001 0.2
Model 9 16 0.001 0.2
Model 10 64 0.0001 0.2

Table 5.7.3: Best hyperparameter configurations for Edgeless Graph Architecture on HDSBCAN
Cluster 1.

From Table 5.7.3, the optimal configurations are very similar; the only substantive
difference among Models 7-9 is the batch size, while Model 10 differs by using a smaller
learning rate. Inspection of the loss curves (see Google Drive link in Appendix E) yields
three consistent observations. Firstly, runs with lower learning rates, for example,
le — 5 exhibit slower convergence and more pronounced oscillations. Secondly, higher
learning rates, such as 0.01, often show rapid initial drops in loss. Larger steps help
the optimizer escape flat regions and reach a better basin early, but can also introduce
implicit regularization that biases predictions toward central values, which manifests
as tighter horizontal bands in the prediction plots. Conversely, the lower learning
rate tends to yield larger error bars and occasional under/overestimation, reflecting
incomplete convergence. Lastly, at very low (le —5) or very high (0.01) learning rates,
varying dropout had little effect on either losses or predictions, however, at intermediate
learnings rates, such as 0.001 and 0.0001, higher rates of dropout degraded model

training/validation performance.

The loss plots for Models 7-10 can be found in Figures H.2-H.5. Comparing
Figures H.2-H.5, it can be seen that in terms of training dynamics Model 8 is the
best model. This is because the loss curves are notably the smoothest, with the mild
oscillations being attributed to normal stochastic variation. Furthermore, it converges
the fastest with an early plateau, and it has the smallest, most stable train-validation
gap suggesting the evidence of the best generalization. After this Models 7 and 9 rank
the best as they contain slight oscillations and a slightly larger train-validation gap
when compared to Model 8. Lastly, Model 10 is the worst because it has the most
oscillations, specifically in the training loss, and the train-validation curves are poorly
aligned, with validation loss persistently below training loss, a pattern consistent with

underfitting or overly conservative learning.

The predicted versus actual target values plots for Models 7-10 can be found in
Figures H.10-H.17. Upon inspecting Figures H.10-H.17 it can be seen that across the

four configurations, Model 8 provides the strongest generalization ability and accuracy.
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This is because its train-validation gaps are consistently smaller, and the scatter aligns
closely with the diagonal for latitude and longitude, with generally small and uniform
error bars. Although depth remains challenging, the spread is controlled. Model 7 is
a close second as it aligns the diagonal somewhat well, particularly for depth, but the
train-validation gaps are larger, suggesting slightly weaker generalization than Model
8. Model 9 performs adequately but exhibits wider error bars and less consistent
alignment with the diagonal, indicating more variance and mild underfitting/overfitting
trade-offs across targets. Lastly, Model 10 is the worst performing model, as it shows
horizontal banding, larger error bars, and higher validation error, despite competitive

train-validation gaps in some variables.

Taking everything into consideration, it was decided to pick Model 8 with pa-
rameter settings batch size = 64, learning rate = 0.001 and dropout probability = 0.2
as the best for the edgeless graph architecture on HDBSCAN Cluster 1 data. This is
because it exhibited the best training dynamics, as observed from the loss plots, as well
as the best generalization ability and accuracy, as seen by the predicted versus actual
target values plots. It is worth noting that the loss curves for Model 8 seem to plateau
around the 200'" epoch with very little improvement afterwards. This suggests that
extending training beyond 250 epochs yields diminishing returns, and the model could

benefit from early stopping.

Subsequently, early stopping was applied to Model 8, setting patience = 20
epochs. This model is referred to as Model 11. Figure H.6 shows the loss plot for
Model 11. Furthermore, Figures H.18 and H.19 illustrate the predicted versus target
values. Notably, training stopped after 151 epochs, with the best weights restored from
epoch 131, as determined by the early stopping criterion.

When comparing the loss plots in Figures H.3 and H.6, it can be seen that Model
11 shows more stable convergence with training and validation losses closely aligned,
indicating better generalization and reduced risk of overfitting compared to the second
model. However, upon examining Figures H.18 and H.19, it can be observed that Model
11’s predictions are significantly worse than Model 8’s. This is because the data points
for all target variables form a horizontal band, and the error bars are substantially
large for all target variables, hinting at great uncertainty. Taking everything into
consideration it can be concluded that adding early stopping to our model, degrades
model performance. As a result, it was decided to retain Model 8 as the best model

for the edgeless graph architecture applied to the reduced dataset. A summary of the
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validation metrics of Model & can be found in Table 5.7.4.

Variable | MAE | MSE | NRMSE
Latitude 0.38 0.22 1.02
Longitude 0.46 0.44 1
Depth 6.51 58.53 0.94
Magnitude | 0.28 0.14 1.09
All 1.01

Table 5.7.4: Summary of Validation Performance Metrics for Model 8: batch size=64, learning
rate=0.001, dropout probability=0.2.

5.7.2 Dynamic Edges GNN Model Architecture

As in Section 5.6, we first performed hyperparameter tuning to identify optimal set-
tings for the dynamic edges GNN model architecture, this time restricting training
and validation to events in HDBSCAN Cluster 1 rather than the full dataset. The
full search required approximately 24.83 hours. A comprehensive summary of valida-
tion metrics is provided in Appendix M, Tables M.1-M.15. As discussed in Section
5.7.1, candidate models trained and validated on a single, low-variance cluster pro-
duce near-identical validation metrics. Accordingly, we adopt the same criterion and
prioritize training dynamics, generalization ability and accuracy, using loss-curve be-
haviour and predicted-versus-actual target values plots to identify the best configura-
tion. The complete set of plots is available in the repository cited in Appendix E (see
folder Clustered_Dynamic Edges GNN Model), and the top three configurations for the
dynamic-edges GNN architecture fitted on HDBSCAN Cluster 1 data are reported in
Table 5.7.5.

Batch Dropout
Model | & Size LR Prob
Model 12 | 3 16 0.001 0.2
Model 13 | 3 64 0.001 0.2
Model 14 | 4 32 0.001 0.2

Table 5.7.5: Best hyperparameter configurations for Dynamic Edges GNN Architecture on HDSBCAN
Cluster 1.

From Table 5.7.5, the optimal configurations are very similar with all configura-
tions having learning rate 0.001 and dropout probability 0.2. The loss plots for Models
12-14 can be found in Figures J.4-J.6. From Figures J.4-J.6 it can be seen that the
configuration that exhibited the best training behaviour is Model 13. This is because
its curves are the smoothest, convergence has been reached at around epoch 150, and
it has the smallest train-validation gap. Model 14 ranks a close second since aside
from the brief initial early spikes, it exhibits similar training dynamics to Model 13.

However, it is worth noting that Model 14 has slightly more oscillations. Model 12 ex-
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hibits the worst training behaviour since although it converges quickly after the early
drop, its validation loss begins to drift upward sooner and the train-validation gap
widens steadily, reflecting weaker generalization. Overall, Model 13 offers the best bal-
ance of smoothness, convergence speed, and generalization, with Model 14 a credible

alternative and Model 12 the least favourable.

The predicted-versus-actual target values plots for Models 12-14 can be found
in Figures J.15-J.20. From Figures J.15-J.20 it can be seen that among the three
configurations, Model 12 exhibits the weakest generalization ability and the lowest
accuracy. This is because the train-validation error gaps are the largest and the scatter
is substantial, particularly for depth and magnitude, indicating poor generalization.
Model 13 and 14 are comparable with Model 13 performing better for latitude and
longitude, and Model 14 performing better for depth and magnitude. However, Model
13 shows some horizontal banding and slightly larger error bars. This suggests Model
14 has the best generalization ability and accuracy. Since the differences in loss curves
are minor but the prediction gains are greater, we select Model 14 as the optimal

configuration.

Looking at Figure J.6, it can be seen that Model 14 could benefit from early
stopping as the validation loss begins to increase after approximately 180 epochs while
the training loss continues to decrease, indicating overfitting. Thus, it was decided to
refit Model 14 using early stopping with a patience of 20, and this refitted version will
be referred to as Model 15. Figure J.7 shows the loss plot for Model 10, while Figures
J.21 and J.22 illustrate the predicted versus target values. Notably, training stopped
after 27 epochs, with the best weights restored from epoch 7, as determined by the

early stopping criterion.

When comparing the loss plots in Figures J.6 and J.7, it can be seen that Model 15
seems to converge faster and maintains a smaller gap between training and validation
loss towards the end, showing better generalization, however, it is noisier. Conversely,
Model 14 has smoother loss curves and achieves a lower training loss, but converges

slowly and shows mild overfitting after extended epochs.

Additionally, upon examining Figures J.21 and J.22, it can be observed that
Model 15’s training and validation predictions are relatively worse than Model 14’s.
This is because the data points for all target variables form a horizontal band, and
for variables latitude, longitude and magnitude are completely out of range. Further-

more, the error bars are substantially large for all target variables, hinting at great
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uncertainty. Also, when compared to Figures J.19 and J.20, the MAE and MSE values
associated with Model 15 are slightly larger than those of Model 14. Taking every-
thing into consideration it can be concluded that adding early stopping to our model,
degrades model performance. As a result, it was decided to retain Model 14 as the
best model for the dynamic edges graph architecture applied to the reduced dataset.
A summary of the validation metrics of Model 14 can be found in Table 5.7.6.

Variable | MAE | MSE | NRMSE
Latitude 0.46 0.34 1.26
Longitude 0.51 0.53 1.01
Depth 6.65 71.68 1.05
Magnitude | 0.26 0.13 1.05
All 1.11

Table 5.7.6: Summary of Validation Performance Metrics for Model 14: k = 4, batch size=32, learning
rate=0.001, dropout probability=0.2.

5.8 Model Comparison

Having presented the results obtained from the experimental analysis and identified the
best-performing model within each architecture, this section proceeds to provide a di-
rect comparison between the two architectures. Moreover, through ensemble modelling
we attempt to improve predictive accuracy of the models. In addition, the impact of
applying the architectures to the reduced dataset is also examined. Finally, the opti-
mal models from each architecture are applied to independent test data to assess their

forecasting ability:.

5.8.1 Comparison of Edgeless Graph Architecture and Dynamic Edges
GNN Architecture

In Sections 5.5 and 5.6 it was seen that on the original dataset (see Section 5.3), the best
models for the edgeless graph architecture and the dynamic edges GNN architecture
were Model 3 (batch size = 32, learning rate = 0.001 and dropout probability = 0.2
using early stopping setting patience=20) and Model 4 (k = 3, batch size = 32,
learning rate = 0.001 and dropout probability = 0.4), respectively. Table 5.8.1 sum-
marizes the validation metrics for Model 3 and 4. Comparing the validation metrics
in Table 5.8.1, it can be observed that the metrics for Model 3 and 4 are comparable,
with Model 3 slightly outperforming Model 4 in latitude and Model 4 slightly outper-
forming Model 3 in depth. This suggests that in terms of validation metrics, Model 3

and Model 4 have similar performance.

Examining the loss plots for Model 3 and Model 4, which are in Figures H.1 and
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Model 3 Model 4
Variable MAE | MSE | NRSME || MAE | MSE | NRSME
Longitude 0.78 1.19 0.76 0.88 1.48 0.84
Latitude 0.64 0.79 0.99 0.62 0.79 0.99

Depth 6.31 | 55.03 1.01 6.44 | 56.63 1.027
Magnitude | 0.27 | 0.12 0.98 0.28 0.12 0.98
All 0.94 0.96

Table 5.8.1: Validation performance metrics for Edgeless Graph Architecture using best hyperpa-
rameter configuration (Model 3) and Dynamic Edges GNN Architecture using best hyperparameter
configuration (Model 4)

J.1, respectively, it can be seen that both models exhibit good training dynamics. They
both converge well, show only minor oscillations, and main little to no train-validation
gap, indicating good generalization. The predictions for Model 3 are found in Figures
H.7 and H.8, whereas for Model 4, they are found in Figures J.8 and J.9. With regards
to Model 3, predictions for latitude cluster somewhat close to the 1:1 diagonal. For
longitude this is less apparent and there is some horizontal banding present. Depth
predictions align somewhat with the 1:1 line, but demonstrate noticeable underesti-
mation at higher depths. Magnitude is fairly close to the 1:1 line, but slightly biased
low at large values. Model 4’s predictions for longitude and magnitude are somewhat
comparable to those of Model 3 in terms of closeness to the diagonal line. However,
with regards to latitude and depth, the predictions are farther away from the 1:1 line
when compared with those of Model 3. With regards to the gaps between training/vali-
dation MAEs and MSEs, it seems that Model 3 has smaller gaps overall. Lastly, Model
3 has smaller error bars than Model 4, indicating lower model uncertainty. Overall, it
seems Model 3 generalizes better and provides more consistent predictions across all

variables.

Taking everything into account, although Models 3 and 4 achieved comparable
validation metrics and training dynamics, Model 3 is deemed to be the better model
because its predicted-versus-actual target values plots demonstrated better model fit,
smaller train/validation metric gaps and provides more consistent generalization across

variables.

It is worth mentioning the reason as to why larger depths and magnitudes might
be underestimated is likely due to their under-representation in the dataset, since
the central Mediterranean region records relatively few high-magnitude events. The
observed over- and underestimation in latitude and longitude can also be explained by
the uneven distribution of seismic stations and events across the study area. As seen in

Figures 5.3.2 and 5.3.3, many events occur in regions that are sparsely instrumented,
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and because the model relies on station coordinates for location predictions, this uneven

coverage introduces systematic biases.

When comparing our results with similar studies applied to other regions, such as
California (Van den Ende & Ampuero, 2020; X. Zhang et al., 2022), their models achieve
slightly better performance, benefitting from larger datasets, denser station coverage,
and events clustered close to instrumentation. Nevertheless, even these studies continue
to face challenges in accurately predicting depth, highlighting the general difficulty of
this task (Van den Ende & Ampuero, 2020; X. Zhang et al., 2022).

5.8.2 Ensemble Modelling

To determine whether predictive accuracy on training and validation sets could be im-
proved beyond the single best models, we adopted an ensemble approach (Sengupta
et al., 2020). Ensemble methods are commonly used to improve generalisation per-
formance by combining multiple well-performing models with the aim of stabilising
predictions and decreasing sensitivity to individual model configurations. In this work,
all candidate models were trained on the same dataset (the full dataset), but had dif-
ferent hyperparameter settings, leading to multiple competitive models with slightly
different representations. For the edgeless graph architecture (Section 5.5) and the
dynamic-edges GNN architecture (Section 5.6), we selected the top five configurations
by overall NRMSE and formed ensembles by averaging their point predictions. This de-
sign choice balances predictive robustness and computational cost while retaining only
the most accurate models. We then computed training and validation NRMSE per
target variable and overall for each ensemble, and inspected prediction-versus-actual
plots. The ensemble predictions for the edgeless graph and dynamic-edges GNN are
shown in Figures H.20 and J.23, respectively. Recall that the best edgeless graph model
is Model 3, while the best dynamic edges GNN model is Model 4. The predictions on
the training and validation sets for Model 3 and 4 are found in Figures H.9 and J.10,

respectively.

Comparing the two ensembles (see Figures H.20 and J.23), overall train-validation
NRMSEs and scatter are broadly comparable for latitude, longitude, and magnitude;
the edgeless graph ensemble is modestly better for depth, tracking the diagonal more
closely. Against their respective single-model counterparts, however, both ensembles
underperform: Model 3 attains lower train-validation NRMSEs and closer alignment
to the diagonal than the edgeless graph ensemble, and Model 4 similarly surpasses the

dynamic edges GNN ensemble in both metrics and calibration.
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In conclusion, ensembling worsened accuracy in this setting. The likely reason is
that the candidate models are highly similar, so averaging not only reduces variance
only marginally, but also increases bias towards the mean. This effect is visible in the
horizontal banding. In short, the ensembles dilute the strengths of the best model

while introducing additional bias, leading to poorer overall performance.

5.8.3 Impact of Reduced Dataset

In Section 5.7, it was observed that seismic activity in the central Mediterranean re-
gion is unevenly distributed, with events and stations clustering in localized pockets.
Consequently, clustering was conducted to find hidden groups in the data, and the
experiments in Sections 5.5 and 5.6 were re-conducted on the reduced dataset with
the aim of enabling more focused models that can improve localization accuracy and
efficiency. In this section, any changes that arose as a result of reducing the dataset will
be discussed. First, the difference between applying the architectures to the original
dataset and the reduced dataset will be outlined. This will be followed by a compar-
ison of the optimal edgeless graph model and the dynamic edges GNN model on the

reduced dataset.

From Section 5.7.1 it was seen that the best edgeless graph model on the re-
duced dataset was Model 8 (batch size = 64, learning rate = 0.001 and dropout
probability= 0.2). Table 5.8.2 summarizes the validation metrics for Model 3 and
8. Comparing the validation metrics in Table 5.8.2, for magnitude and the overall
NRMSE, performance metrics are comparable with slight differences. For latitude and
longitude, the MAE and MSE are significantly lower for Model 8, but the NRMSE
is also somewhat comparable. Conversely, Model 3 attained overall lower validation
metrics for depth. Upon inspecting the loss plots of Model 3 and Model 8 in Figures
H.1 and H.3, respectively, it can be seen that Model 3 has better training behaviour
that Model 8 since Model 8 has a larger train-validation loss gap and does not converge
as well as Model 3. With regards to the prediction plots for Model 3 (see Figures H.7
and H.8) and Model 8 (see Figures H.12 and H.13), it can be observed that the overall
predictions for Model 8 are closer to the 1:1 line with less scatter and smaller error
bars. Hence, applying the edgeless graph architecture to the reduced dataset resulted

in better model performance.

From Section 5.7.2 it was seen that the best dynamic edges GNN model on the
reduced dataset was Model 14 (k = 4, batch size = 32, learning rate = 0.001 and
dropout probability = 0.2). Table 5.8.3 summarizes the validation metrics for Model 4
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Model 3 Model 8
Variable MAE | MSE | NRSME || MAE | MSE | NRSME
Longitude 0.78 1.19 0.76 0.38 0.22 1.02

Latitude 0.64 | 0.79 0.99 0.46 0.44 1

Depth 6.31 | 55.03 1.01 6.51 | 58.53 0.94
Magnitude | 0.27 | 0.12 0.98 0.28 0.14 1.09
All 0.94 1.01

Table 5.8.2: Validation performance metrics for Edgeless Graph Architecture using best hyperparam-
eter configuration on Full Dataset (Model 3) and Edgeless Graph Architecture using best hyperpa-
rameter configuration on Reduced Dataset (Model 8)

and 14. Comparing the validation metrics in Table 5.8.3, for magnitude and the overall
NRMSE, performance metrics are comparable with slight differences. For latitude and
longitude, the MAE and MSE are significantly lower for Model 14, but the NRMSE is
also somewhat comparable. Conversely, Model 4 attains lower validation metrics for
depth. Upon inspecting the loss plots of Model 4 and Model 14 in Figures J.1 and J.6,
respectively, it can be concluded that Model 4 shows a smaller train-validation loss gap,
better convergence and smoother loss curves. With regards to the prediction plots for
Model 4 (see Figures J.8 and J.9) and Model 14 (see Figures J.19 and J.20), it can seen
that Model 14 produces better predictions overall as data points lie closer to the 1:1 line
and error bars are smaller. On the other hand, Model 4 has smaller train/validation
metric gaps. However, this might be attributed to the larger sample size. Thus,
although Model 4 exhibits smoother loss curves and smaller training/validation loss
gaps, Model 14 produced more accurate predictions across variables, highlighting better
generalization ability despite nosier training dynamics. Hence, applying the dynamic

edges GNN architecture to the reduced dataset resulted in better model performance.

Model 4 Model 14
Variable MAE | MSE | NRSME || MAE | MSE | NRSME
Longitude 0.88 1.48 0.84 0.46 0.34 1.26
Latitude 0.62 0.79 0.99 0.51 0.53 1.01

Depth 6.44 | 56.63 1.027 6.65 | 71.68 1.05
Magnitude | 0.28 0.12 0.98 0.26 0.13 1.05
All 0.96 1.11

Table 5.8.3: Validation performance metrics for Dynamic Edges GNN Architecture using best hyper-
parameter configuration on Full Dataset (Model 4) and Dynamic Edges GNN Architecture using best
hyperparameter configuration on Reduced Dataset (Model 14)

Comparing Models 8 and 14, it can be seen that with regards to performance
metrics, Model 8 achieved lower values overall. Moreover, Model 8 has smoother loss
curves, with smaller training /validation loss gaps and better convergence. Furthermore,
with regards to predictions, Model 8 provides a more balanced and generalizable model
across most variables. This suggests that even on the reduced dataset, the edgeless

graph architecture outperforms the dynamic edges GNN architecture.
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5.8.4 Evaluation on Independent Test Set

In order to assess the predictive ability of Models 3 and 4, it was decided to apply
them on a test dataset. For the test dataset, the same geographic parameters were
set, however, this time only events between 1% January 2025 to 26 August 2025 were
considered. The test data contains 26 total events recorded by 34 seismic stations,
which can be seen in Figures 5.8.1 and 5.8.2, respectively. Note that this sample size
is considered to be rather small for the statistical learning framework, however, no
other data was available. Model performance and predictive ability will be assessed
by examining the test loss, as well as the performance metrics MAEP, MSEP and
NRMSEP presented in Section 2.7. Additionally, the predicted-versus-actual target
values plots, generated using test data, for each model will also be examined. It is
worth noting that an independent test set could not be created for the reduced dataset,
as 26 events already represent a small sample, and further division would have made

evaluation even more unreliable.
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Figure 5.8.1: Map of the seismic events in the central Mediterranean region between 15¢ January 2025
to 26" August 2025.

The test loss for Model 3 and Model 4 are 0.046 and 0.05, respectively, suggesting
that Model 3 outperforms Model 4. The performance metrics for Model 3 and Model
4 can be found in Table 5.8.4, respectively. Additionally, the predicted-versus-actual
target values plots for Models 3 and 4, can be found in Figures 5.8.3 and 5.8.4.

Upon inspecting Figures 5.8.3 and 5.8.4, it is difficult to determine which model
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Figure 5.8.2: Map of seismic stations recording information on the seismic events in the central
Mediterranean region between 15 January 2025 to 26" August 2025.

Edgeless Graph Model dynamic edges GNN model
Variable MAEP | MSEP | NRSMEP || MAEP | MSEP | NRSMEP
Longitude 2.09 6.94 1.2 2.32 7.83 1.27
Latitude 1.16 1.77 1 1.27 1.96 1.06
Depth 7.16 72.07 0.99 7.7 74.56 1
Magnitude 0.26 0.13 0.98 0.3 0.14 1.01
All 1.05 1.09

Table 5.8.4:

configuration and Dynamic Edges GNN Architecture using best hyperparameter configuration

Test performance metrics for Edgeless Graph Architecture using best hyperparameter
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Figure 5.8.3: Predictive plots for Edgeless Graph Model on test data.
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Figure 5.8.4: Predictive plots for dynamic edges GNN model on test data.

performs best, as both plots show inconsistencies, likely attributed to the relatively
small and imbalanced nature of the test set. Consequently, the evaluation will be based
on the test performance metrics for a more objective comparison. From Table 5.8.4 it
can be observed that the edgeless graph model (Model 3) achieved lower performance
metrics than the dynamic edges GNN model (Model 4), and so, Model 3 is considered

to be the best model in terms of predictive ability.

Earthquake source characterization in the Central Mediterranean region remains
relatively understudied compared to well-instrumented areas such as Japan and Cali-
fornia. In this context, Model 3 provides one of the first baselines for future studies in
the region. Beyond serving as a benchmark, the model could also be used for trans-
fer learning, enabling researchers to adapt its trained representations to similar future

studies.

In addition to establishing a baseline, Model 3 has revealed systematic biases in
earthquake source characterization. The analysis shows that large-magnitude events
are more difficult to predict, primarily due to their limited number in the dataset. More-
over, shallow, onshore crustal earthquakes are generally better resolved than offshore
or deeper events. These systematic variations are meaningful, as they highlight both
the challenges and limitations of monitoring earthquakes in the Central Mediterranean
region. At the same time, they can guide researchers toward potential improvements.

For example, station coverage in poorly represented regions can be expanded in con-
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strained offshore areas or the density of stations where wave propagation is strongly

affected by heterogeneous crustal structures can be increased.

Although the predictions from Model 3 are not perfectly accurate, they still
provides practical value. Rapid, first-order estimates of earthquake location, depth,
and magnitude can support preliminary source characterization. Traditional inversion
methods, which are widely used to characterize earthquake sources, are iterative and
non-linear in nature, and can converge slowly or to a local minimum if initialized with
poor starting parameters (Ma et al., 2022). Using Model 3’s estimates as a “smart”
initial guess can therefore reduce computational cost and accelerate convergence. Fur-
thermore, the model has potential as a pre-processor within hazard assessment and
early warning systems, providing approximate real-time estimates that can trigger

downstream analyses while more refined inversions are underway.
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Chapter 6

Concluding Remarks

6.1 Summary of Dissertation

This dissertation set out to investigate the use of NNs for seismic source characteriza-
tion in the central Mediterranean region. The work built on the theoretical underpin-
nings of ANNs, CNNs and GNNs, prior to developing a GNN-based framework suited

to the dataset and research aims.

Chapter 2 introduced the core concepts of ANNs, starting with artificial neurons,
activation functions and the basic structure of an ANN by focusing on feedforward
neural networks, specifically MLPs. The forward propagation procedure, describing
how information travels through a feedforward neural network, was outlined. The
chapter also delved into the UAT for feedforward neural networks, an important result
that states that feedforward neural networks with sufficient neurons can approximate
any continuous function. The training process was then explored by detailing the

backpropagation algorithm, loss functions and optimizers.

Building on these concepts, Chapter 3 outlined CNNs, which adapt the principles
of ANNSs to exploit spatial hierarchies in data. Core concepts such as, convolution and
pooling that aid the CNN to extract increasingly abstract features from structured
inputs, such as waveform data, were introduced. Chapter 4 then generalized NN prin-
ciples to graph-structured data. The main focus was given to the message passing
mechanism between nodes, and the construction of edges based on similarity criteria.
This enables the flexible modelling of relational dependencies that cannot be effectively

captured by conventional ANNs and CNNs.

Together, these chapters provided the theoretical foundation required to develop

the GNN framework capable of determining the seismic sources of earthquakes hap-
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pening in the central Mediterranean region, by predicting their latitude, longitude,
depth and magnitude. Training and validation were carried out on a dataset compiled
from INGV earthquake catalogues and waveform recordings (see Section 1.1) cover-
ing the period 2013-2024, and geographic subset from 34° to 39° latitude and 11° to
16.5° longitude, a depth range of 0-30km, and a magnitude range of [3,5.5].

The application was carried out in Chapter 5. Initially, waveform features were
extracted from the raw waveform metadata using CNN blocks, and combined with sta-
tion locations and derived features, such as peak amplitude, RMS amplitude, spectral
centroid and SNR (see Section 1.1). This combined input was then fed into the GNN
models. Two architectures were considered, namely, an edgeless graph architecture (see
Section 5.5) and dynamic edges GNN architecture (see Section 5.6) that constructed
edges dynamically based on similarity criteria (see Section 4.4). Both architectures
were trained via the AdamW optimizer with a weight decay parameter le — 4, mini-
mizing Huber loss (see Section 2.4). Then, training performance was examined using
loss curves, while model comparison was carried out with validation metrics MSE, MAE
and NRMSE (see Section 2.7), as well as comparing actual versus predicted values, and

examining model uncertainty.

Several experiments were conducted to better the generalization ability and train-
ing. These included hyperparameter tuning of batch size considering values 16, 32 and
64, learning rate taking values, le — 5, le — 4, 1le — 3 and le — 2, dropout rates of
0.2, 0.3, 0.4 and 0.5, and k£ = {3,4} in the dynamic edges GNN models, to identify
the optimal configurations (see Sections 5.5.2 and 5.6.2). Further regularization strate-
gies, such as early stopping (see Section 2.6) were also implemented. Additionally,
cluster analysis was employed to restrict the models to a subset of the dataset (see Sec-
tion 5.7), with the intention of reducing the variability within the training/validation
sets by grouping similar events together, potentially enabling the models to capture
more consistent patterns. This culminated in improved predictive accuracy. Ensemble
modelling was also implemented in an attempt to further enhance predictive accuracy
(see Section 5.8.2). However, this approach degraded performance, likely due to the
similarity among candidate models, which diluted the strengths of the best individual
models. After evaluating these experiments, the best performing edgeless graph model
and dynamic edges GNN model were compared. Notably, the edgeless graph archi-
tecture outperformed the dynamic edges GNN architecture. When fit on independent
test data having events from January 2025 to August 2025, in order to examiner final

predictive ability, the edgeless graph model once again achieved superior architecture
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performance (see Section 5.8).

It is worth noting that the immediate accuracy of the model is not perfect.
Nonetheless, its demonstrated potential for rapid first-order characterization, contri-
bution to early warning pipelines, identification of regional biases, and establishment
of a baseline framework underscores its value as both a scientific tool and a stepping
stone for advancing earthquake source characterization in the central Mediterranean

region.

6.2 Limitations

Although the primary objective of this study was achieved, there are several limita-
tions that should be acknowledged. Such limitations pertain mostly to computational

resources, the dataset, and the lack of available literature.

Despite the availability of relatively strong computational resources (see Section
5.2), the size and complexity of the NN models imposed practical limitations. For
instance, for the dynamic edges GNN architecture in Section 5.6, taking values of
k > 5 was not feasible due to the substantial computational demand. Additionally, the
maximum number of epochs that could be used was restricted to 300 due to computa-
tional constraints, which in turn may not have given the model enough time to learn.
Moreover, these computational limitations also prevented the effective use of paral-
lel processing during hyperparameter tuning, further increasing the total computation

time.

The sample size and the nature of the dataset were significant limitations. The
sizes of the training (548 events), validation (137 events) and test (26 events) sets
were relatively small when compared with those present in the literature, which meant
that the models did not always have sufficient data to learn the underlying patterns
well, as well as restricted the models’ capacity to generalize to unseen data. Moreover,
the distribution of seismic stations and events was uneven, which negatively impacted
prediction accuracy for earthquake location. The lack of large magnitude events further
contributed degraded prediction accuracy, as the model’s exposure to such instances

were limited, making it challenging to output reliable predictions for larger earthquakes.

Lastly, the lack of established literature regarding seismic source characteriza-
tion using GNNs posed a challenge. This is because there were little methodological

precedents or benchmarks for comparison.
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6.3 Further Research and Recommendations

In view of the findings, the following recommendations for future research are proposed.
Firstly, the relatively small sample size could be addressed by expanding the dataset as
new seismic events are recorded. Additionally, synthetic sampling methods, like some
form of data augmentation or over-sampling strategies, could be employed to create a

more balanced dataset.

The improvement in predictive performance warrants further investigation. Fu-
ture research could explore more advanced ensemble modelling approaches, for example
by applying weighting mechanisms or incorporating a greater diversity of model archi-
tectures, with the aim of combining complementary strengths. Additionally, further
optimization could be pursued through a broader exploration of model configurations,
such as varying the number of layers, adjusting weight decay parameters, and evaluat-

ing more extensive hyperparameter combinations.

Finally, future work could focus on establishing stronger quantitative baselines
by implementing existing earthquake source characterization methods from the liter-
ature and evaluating their performance on the dataset compiled in this study. Such
comparisons would enable a more direct and objective assessment of the performance

gains attributable to the proposed approach.
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Appendix A

Illustrative Example of Spectral Features Derived from

Waveforms

In this appendix an numerical example illustrating the computation of the spectral
features derived from the raw waveforms is provided. The material presented here
is meant solely to provide an example and it should be noted that this notation is
independent of, and should not be confused with, the notation used throughout the

main body of the dissertation.

Consider a simple synthetic waveform trace comprising 16 samples, sampled at 4

Hz (total duration of 4 seconds). The values of the trace are:
xn = [07 27 37 4’ 67 77 57 3’ 27 17 07 O’ 07 07 07 0]7

where n = 1,..., N, N = 16. For the purpose of this example, the noise window is
taken to be 0-1s and the signal window 1-3s. The peak amplitude, RMS amplitude,

spectral centroid and SNR can be computed as follows.

Peak Amplitude

The peak amplitude is defined as the maximum absolute value of the trace. In this

example, the largest value is 7, so the peak amplitude is 7.

RMS Amplitude

The RMS Amplitude is computed by squaring each sample, averaging these squared

values and taking the square root. Thus,

224324424624+ T2 +52+32+22+12
RMSAmphtude:\/ RS +16+ R ~ 3.09.
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Spectral Centroid

The Spectral Centroid is a frequency-domain measure obtained by computing the real
Fast Fourier Transform (FFT) of the signal and taking a weighted average of the fre-
quency bins, where each weight is the magnitude of the corresponding FFT coefficient.

Thus, the spectral centroid of a trace can be defined as:

Solo ful X (k)]

fc =
Salo | X (k)]

) (A.l)

where N is the number of time-domain samples in the signal and k& is the index of
the FFT frequency bin. Furthermore, f;, is the frequency associated with the £** FFT
bin, given by fr = % fs, for a sampling frequency fs, and X (k) is the Discrete Fourier
Transform (DFT) of the signal.

In our case, N = 16, f, = 4 Hz and taking non-negative components of x,, we
have k£ =0, ..., 8. Thus,
k

In order to compute X (k), we use the formula:
X(k) =3 gpe™ 70, (A.2)

Now, for k = 0, the exponential becomes 1, and so:

N-1
X0)=> 2, =0+2+3+---4+0=33,

n=0

thus, | X (0)| = |33] = 33. Then for example, for & = 1, we have:
X(1) =3 ze s (A.3)

Letting 6, = 7', we can use the identity e~ = cosf — isinf, thus, Equation (A.3)

can be re-written as:

X(1) = znco8(0,) — i) x,sin(,)

9 9
= 0cos (0) — 0isin (0) + 2 cos (g) — 2isin <g> + -+ 4+ cos (;) — isin (W>

= —6.41 — 23.35031.

So, |X(1)| = \/(—6.41)2 + (—23.3503)% ~ 24.2141. Therefore, using the definition of

fr and Equation (A.2), the components required to compute the spectral centroid f,.
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using Equation (A.1) can be computed and are summarized in Table A.1.

k| fu (Hz) | [X(K)] | fsl X(K)| (Hz)
o[ o 33 0

1| 025 |24.2141 6.0535

2| 05 | 8.5889 4.2945

30 075 | 1.6591 1.2443

4 1 3 3

5| 125 | 25977 3.2471

6| 15 0.48 0.7201

7| 175 0.42 0.7250

8 2 1 2

Table A.1: Components required to compute spectral centroid f..

Finally, using Equation A.1, substituting the components in Table A.1, the spec-
tral centroid is given by:
74.9598

~ (27990 0.9841 Ha.
510045 V2841 Hz

Je

SNR
The SNR is calculated using the formula:

_ RMS Amplitudesigna

SNR = .
RMS Amplitude,y;se

(A.4)

Now, noise samples correspond to the first four values [0, 2, 3, 4], and signal sam-

ples correspond to the next eight [6,7,5,3,2,0,0]. Therefore,

[22 + 32 4 42
RMS Amplitude,ise = T_ ~ 2.69,

62+ 72 +52+32+22412
RMS Amplitudesigml:\/ ali —g tet ~ 3.94.

and

Thus,

3.94
SNR ~ —— ~ 1.46.
2.69
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Appendix B

Functional Analysis Theory required for Universal

Approximation Theorem

In this appendix several fundamental definitions and theorem statements from func-
tional analysis that are necessary for a complete understanding of the proof of Theorem
1 are provided. The material presented here is meant solely to provide the mathemat-
ical background required for the proof and it should be noted that this notation is
independent of, and should not be confused with, the notation used throughout the

main body of the dissertation.

Definition 2 Linear Space
A linear space (or vector space) X over a scalar field K € {R,C} is a set of elements,

called vectors, together with two operations:
o Vector addition: a map +: X x X — X,
e Scalar multiplication: a map - : K x X — X,
such that the following properties hold:
(a) Additive group structure.
(X, 4) is a commutative group:
e x4+y=y+x, Vr,y € X (commutativity),
e z+ (y+2)=(x+y) + 2 Vo,y,z € X (associativity),
e 30€ X such that x +0 =z, Vo € X (identity element),
e Vz e X, 3 —x € X such that x + (—x) = 0 (inverse element).
(b) Scalar multiplication axioms.

Vr,y € X and Vo, € K:
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e alx+y)=ar+ay (distributivity over vector addition),
e (a+ f)x=azr+ bz (distributivity over scalar addition),
e (af)z = a(f) (compatibility with field multiplication),
e l-x=u (multiplicative identity).

Definition 3 Linear Subspace
A linear subspace of X is a subset U C X that is closed under vector addition and

scalar multiplication, i.e. Ve,y € U and a € K,

r+yelU and axel.

Definition 4 Norm

A norm on a linear space X is a function || || : X — K with the following properties:
(a) ||z]| >0, Vx € X (non-negativity),
(b) ||azx|| = |a||z]|, Yz € X,a € K (homogeneity),
(c) |l +yl| <Ilz|| + |ly]|, Vz,y € X (triangle inequality),

(d) ||z]| =0 = x=0.

Definition 5 Normed Linear Space

A normed linear space (X,|| -||) is a linear space X equipped with a norm || - ||.

Definition 6 Supremum Norm
Let S be a set, (X,||-]|) be a normed space and B be the set of bounded mappings
S — X. For f € B, the supremum norm of f on S is defined as:

[ Flloe = sup{][|f ()

|1z e S}

Definition 7 Supremum Norm on Continuous Closed Interval of Real Valued
Functions

Let I = [a...b] be a closed interval, C(I) be the space of real-valued function continuous
on I and f € C(I). Suppose | - | denotes the absolute value and sup denotes the

supremum. of real-valued functions. The supremum norm over C(I) is defined as:

[ lloe = sup [f(2)].
xel
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Definition 8 Linear Map
Let ¢ : X — Y be a map between linear spaces X and Y, ¢ is said to be linear if
Ve,y € X,a € K:

¢(x + ay) = o + agy.

Definition 9 Linear Functional
Let X be a normed space over a field K, if ¢ : X — K is a linear map, ¢ is said to be

a linear functional.

Definition 10 Proper Subset
A set S is a proper subset of a set T, S C T, if S is a subset of T and S # T.

Theorem 3 Hahn-Banach Theorem for Normed Linear Spaces (Banach,
1929a,b; Hahn, 1927)

Let X be a real or complex normed linear space, let M C X be a linear subspace, and let
¢ € M*, where M* is the dual space of M, be a bounded linear functional on M. Then
3 a linear functional ¢ that extends ¢ (i.e. ¢ | M = ¢) and satisfies ||9|

xe = [[@l]ar-

Given a topological space X, define C'(X) as the complex vector space of continuous
functions from X into M under pointwise addition and pointwise scaling. Denote the
collection of functions f € C(X) whose support supp(f) := clx{x € X : f(z) # 0} is
compact by C.(X). Let u be a locally finite Borel measure on X. The statement for

the Riesz-Markov-Kakutani Representation Theorem is as follows:

Theorem 4 Riesz-Markov-Kakutani Representation Theorem (Kakutani,
1941; Markov, 1938; Riesz, 1909)
Let X be a locally compact Hausdorff space. If ¢ is a positive linear functional on

C.(X), then 3 a unique Radon measure p on X such that:

o) = [ Fdu, ¥ € C(X).
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Further Regularization Techniques

In this section, we present the theoretical background on ANN regularization tech-
niques, namely, Ly and Ly regularization and batch normalization, referenced in Chap-
ter 2. The aim is to clarify these concepts that are mentioned throughout the disser-
tation but are not employed directly in the Chapter 5 application. For coherence, the
notation introduced here is aligned with the conventions used in the main body of the

dissertation.

C.1 L; and L, Regularization

Ly and L, regularization work by adding a penalty function to either of the loss func-
tions previously introduced in Section 2.4 to prevent over-fitting. This is done so that
a bias towards simpler models is introduced, discouraging complex relationships and
unnecessarily large weights. Ng (2004) played a key role in promoting both L; and Lo

regularization in statistical learning context, highlighting when to use which method.

Ly regularization is typically made use of in instances where the model might
have redundant features. The penalty added to the loss function is proportional to the
absolute value of the weights. This results in certain weights taking on a zero value,
removing any irrelevant features from the model. Consider two consecutive layers [

and [ + 1, the L, penalty is given by:

L
Ly =AY s, (C.1)

=144

Here, A is the regularization parameter, L is the final layer in the network, and whTY i

i,z/
the weight joining the i*" neuron in layer { to the i ** neuron in layer /+1. On the other

hand, in Ly regularization, the penalty introduced to the loss function is proportional
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to the square of the weights, as can be seen from Equation (C.2). This results in greater
penalties being given to weights which are larger. Thus, Lo regularization encourages

the model to use smaller weights, resulting in a better distribution of weights:

Ly =233 (w2 (C.2)

where A, L,and wY

Y
1,7

are defined as before. In applications, L; and Ly regularization
are often used in conjunction. This is termed as elastic net regularization (Zou &

Hastie, 2005).

C.2 Batch Normalization

Adjusting NN parameters during training can alter the statistical distributions charac-
teristics of activations. These characteristics include the mean, variance, and range of
the outputs from one layer, which serve as inputs to the next. These shifts can affect
both the stability and efficiency of training. This is known as internal covariate shift.
In order to tackle this issue, loffe & Szegedy (2015) proposed batch normalization, a
regularization technique that reduces internal covariate shift by normalizing the inputs
to every layer within a mini-batch, in turn mitigating the vanishing/exploding gradient
problem. A mini-batch is a subset of the training data which is made use of during one
iteration of a NN training process. The mini-batch’s size is a hyperparameter which
depends on the data. Larger batch sizes can enhance training speed when parallel
processing hardware, such as GPUs, is used effectively. In contrast, smaller batch sizes
introduce more noise in gradient estimates which can in turn improve generalization

to unseen data and lead to better convergence in some cases (Goodfellow et al., 2016).

Batch normalization is carried out using the following steps. Suppose batch
normalization is applied between two layers [ and [ + 1 with total number of neurons

n; and n;, 1, respectively. For a given mini-batch of size m, let:

{zi,...,zin}

be the activations (or inputs) to layer (I+1), where each z,%, k=1,...,m, is an ni-vector.

The mini-batch mean and variance is computed for each i € {1,...,n;},

1 m
mean = Zi; = — »_ 2k (C.3)
m =

k=1
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m
variance = (sl;)? = Z 2k — Zh)? (C.4)

then, each activation component is normalized using;:

2L — 7k
L= _ ki “Bi (C.5)
(SBZ) +E

where ¢ is a negligible constant added for numerical stability and to avoid dividing by
zero. By default, € is typically set automatically by the software. For instance, in the
python module PyTorch the default is & = 1x107° (PyTorch Contributors, 2024), while
in python module TensorFlow it is 1 x 1073 (Keras Team, 2025). Although most users
keep these defaults, it is also possible to override them if particular training scenarios
require a different value. Lastly, the normalized values are re-scaled and shifted as
follows:

€Ei = Iiiﬁfﬂ- + 7;. (06)

Here k; and 7; are the scaling and shifting parameters for the i*" neuron and ¢z, is
the batch normalization output. Despite the scaling and shifting parameters needing
learning during the training process, computation time is not significantly increased.
So, in practice, batch normalization is typically applied to the outputs of a layer prior

to implementing the activation function.

128



Appendix D

The Weisfeiler-Lehman Algorithm and the Expressiveness of

GNNs

The Weisfeiler-Leman (WL) algorithm (Weisfeiler & Leman, 1968), also referred to as
the state refinement algorithm, is a method developed to test for graph isomorphism.
With regards to this dissertation, its importance lies in its close connection to the
expressive power of GNNs which was discussed in Section 4.5. Prior to presenting the

WL algorithm, it is useful to define the concept of graph isomorphism:

Definition 11 Graph Isomorphism
Two graphs Gi = (V1,&1) and Gy = (Va, &) are said to be isomorphic if 3 a bijective
Junction 1 : Vi — Vs s.t. (u,v) € & <= (Y(u),¥(v)) € &.

Intuitively, two graphs are isomorphic if they have the same structure, but the
nodes might be presented in different order. In the WL algorithm, each node u at
iteration ¢ is assigned a state s{), which is a discrete label that encodes the structural
information available to the node at that iteration. The WL algorithm iteratively
refines the node states by combining each node’s current state with the multi-set of

states of its neighbours. At the ¢ iteration, the algorithm proceeds as follows:

1. Each node u has associated with it a state s). Initially, at ¢ = 0, all nodes may

be given the same state.

2. The state of each node is updated by encoding the pair consisting of its current

state and the multi-set of its neighbours’ states.

3. These encoded values are then compressed into new discrete states, producing

SSH_I).

This process is repeated for successive iterations, gradually refining the node states.

The pseudocode for the WL algorithm is presented in Algorithm 1.
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Algorithm 1 State Refinement

t+0
for all u € V do
s&o) 0
end for
while True do
for all u € V do
s — RELABEL (sSﬁ, ({9 | veNw)} })
end for
t—t+1
end while

The RELABEL function in Algorithm 1 is simply a hash function that assigns a
different state to every possible configuration in the node neighbourhood. More for-
mally, the RELABEL function is an injection RELABEL : R x M — R, where M
represents all the possible multi-sets of R. Intuitively, this implies that if two nodes
u and v have the same state at iteration ¢, then they will receive a different state in
the subsequent iteration, if and only if, there exists a state s such that v and v have
different amount of neighbours that are in state s at iteration ¢. After the first round
of the algorithm, two nodes have the same state if and only if they have the same
degree. It is worth mentioning, that in the pseudocode there is no termination con-
dition. Nevertheless, in practice, one is only interested in further refinement steps as
long as progress is made, i.e., as long as the algorithm distinguishes additional /nodes.

Formally, the termination condition can be defined as in Definition 12.

Definition 12 WL Termination

The refinement state is said to be finished at iteration t, if B two nodes u and v s.t.

st) = s put sUH) £ s+,

It is worth noting the WL algorithm terminates in at most NV iterations, where N
is the number of nodes in the graph (Babai & Kucera, 1979). Now given two graphs,
G1 and G,, the WL algorithm can be applied separately to both in order to determine
whether they are isomorphic. After every refinements step, the multi-sets M; and M,

of node states corresponding to the graphs G; and G, are compared:

o if the multi-sets differ at some iteration, then the graphs are certainly not isomor-

phic,

o if the multi-sets are identical, the algorithm cannot conclude; the graphs may still

be non-isomorphic.

Thus, WL provides a one-sided isomorphism test. Checking quality of multi-sets can
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be done, for example, by sorting the states and comparing element by element. For the
full power of the algorithm, it is necessary to compare the actual states in multi-sets
M; and M,, and not solely the number of occurrences of each state. For instance, let
G be a clique! of 4 nodes, and G, be a cycle? of length 4. An example of a 4-clique
and a 4-cycle can be seen in Figure D.1. Both graphs are regular, meaning every node
has the same degree. Thus, the refinement procedure will terminate after one iteration
in both cases, and both graphs will have 4 nodes of identical state. Nevertheless, the
resulting states differ between the two graphs. This is because in G; each node has
degree 3, whereas in G, each node is of degree 2. As a result, M; # M5 and the WL

algorithm deems these two graphs different.

(a) 4-CLIQUE (b) 4-CYCLE

Figure D.1: An example of a (a) 4-CLIQUE and a (b) 4-CYCLE.

More generally, if both graphs G; and G, are k-regular, i.e., every node has degree
exactly k, then the algorithm cannot distinguish them, since it already terminates in
the first iteration (Morris et al., 2023). However, it is worth noting that the majority
of graphs can be distinguished by the WL algorithm.

The WL algorithm is closely related to the expressive power of GNNs. This is
because if two nodes u and v are initialized with the same features, i.e. A”) = h(?) then
after message passing, their embeddings evolve analogously to WL state refinement.
As a result, the expressivity of standard message passing GNNs is bounded above by
the WL algorithm. This suggests that if the WL algorithm cannot distinguish between

two graphs, then any such GNN will also generate the same output.

At the same time, it can be shown that GNNs are as powerful as the WL algo-

LA clique is a complete graph when every pair of distinct nodes is connected.
2A cycle is a graph where the nodes form a single closed loop.
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rithm. This means that for every function that can be expressed in the message passing
model of WL refinement, there exists a GNN that can also express it. This equivalence
provides the basis for theoretical results on the universality of GNNs. Loosely speaking,
it demonstrates that whenever an algorithm can be formulated in terms of local mes-
sage passing, then a suitably designed GNN can in theory represent it. Whether such
functions can be efficiently learned in practice, however, is a different matter. In fact,
the WL algorithm is a hierarchy of increasing in power heuristics. What was discussed
in this section is simply the 1-WL algorithm, which refines states based on individual
neighbourhoods. More expressive variants, known as k-WL algorithms, refine states
over k-tuples of nodes. In actual fact, Morris et al. (2019) demonstrated that k-GNNs
can be expressive as much as the k-WL algorithm. Nevertheless, the k-WL test and
k-GNNs are computationally intensive since as k increases, the time complexity of the

message passing explores combinatorially (Morris et al., 2019).
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Links Containing Additional Material

The relevant Python codes can be accessed through Github under the name SOR-5200-
MSc-in-Statistics-Dissertation-Python-Codes by clicking here. The loss plots and the

predictions versus actual plots can be accessed through Google Drive by clicking here.
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Appendix F

Schematics of Architecture Components

Input
(Batch Size, 40, 4096, 3)

L.

Block 1
2DConv: (1x5x 4) + ReLU
+ Spatial Dropout
MaxPool(L1xd)
(40x1024x4)

Block 2
2DCanv: (1x5x8) + RelLU
+ Spatial Dropout
MaxPool(1xd)
(40x256x8)

4

Block 3
2DConv: (1x5x%16) + RelLU +
Spatial Dropout
MaxPool(1xd)
(40x64x16)

Final Conv Block
20Conv: (1x5x32) + RelLU +
Spatial Dropout
2DConv: (1x5x32)
tanh

-

Temporal Max Reduction
(axis=2) + Gaussian
Dropout
(40x1x32)

Figure F.1: Schematic of CNN-Based Waveform Encoder.
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Input
(Batch Size, 40, 1,47)

2DConv: (1x5x128) + RelLU +
Spatial Dropout
2DConv: (1x5x128) + RelLU

(Batch Size, 40,1, 128)

Output }

Figure F.2: Schematic of Feature Fusion Block of Edgeless Graph Architecture.

Input
(None, 1,1, 128)

Fully Connected Layer
128 units + ReLU Activation
Gaussian Dropout

Fully Connected Layer
4 units + tanh Activation

Output
(4x1)

Figure F.3: Schematic of MLP that generates the final predicted output.
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Input
(Batch Size, 40, 1,47)

L

FeatureFusion Layer 1
Message Passing on 2-k-NN Graphs
(Geographic + WaveForm Features)

Max Aggregate

FeatureFusion Layer 2
Message Passing on 2-k-NN Graphs
(Geographic + WaveForm Features)

Max Aggregate

FeatureFusion Layer 3
Message Passing on 2-k-NN Graphs
(Geographic + WaveForm Features)

Max Aggregate

FeatureFusion Layer 4
Message Passing on 2-k-NN Graphs
(Geographic + WaveForm Features)

Max Aggregate

Qutput
Batch Size, 40, 1,128

Figure F.4: Schematic of Feature Fusion Block of Dynamic Edges GNN Architecture.

136



Summary of Performance Metrics for Hyperparameter

Tuning using Edgeless Graph Model on Full Dataset

Appendix G

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 1.14 | 2.19 1.02
16 0.00001 0.3 1.11 | 2.03 0.99
16 0.00001 0.4 1.19 | 2.75 1.15
16 0.00001 0.5 1.38 | 3.74 1.34
16 0.0001 0.2 0.84 | 1.26 0.78
16 0.0001 0.3 1.08 | 2.02 0.98
16 0.0001 0.4 1.14 | 2.22 1.03
16 0.0001 0.5 1.15 2.11 1.01
16 0.001 0.2 0.81 1.23 0.77
16 0.001 0.3 0.80 | 1.23 0.77
16 0.001 0.4 0.88 | 1.43 0.83
16 0.001 0.5 0.93 | 149 0.85
16 0.01 0.2 1.14 | 2.32 1.05
16 0.01 0.3 1.14 2.37 1.07
16 0.01 0.4 1.15 | 2.31 1.05
16 0.01 0.5 1.14 | 2.35 1.06
32 0.00001 0.2 1.14 | 2.30 1.05
32 0.00001 0.3 1.21 | 2.74 1.15
32 0.00001 0.4 1.42 | 3.88 1.36
32 0.00001 0.5 1.58 | 4.57 1.48
32 0.0001 0.2 1.04 | 1.84 0.94
32 0.0001 0.3 1.11 | 2.14 1.01
32 0.0001 0.4 1.14 | 2.15 1.02
32 0.0001 0.5 1.17 | 2.11 1.01
32 0.001 0.2 0.76 | 1.13 0.74
32 0.001 0.3 0.84 | 1.31 0.79
32 0.001 0.4 0.87 | 1.42 0.83
32 0.001 0.5 1.13 | 2.32 1.05
32 0.01 0.2 0.92 | 1.62 0.88
32 0.01 0.3 0.90 | 1.49 0.85
32 0.01 0.4 1.14 | 2.35 1.06
32 0.01 0.5 1.14 | 2.35 1.06

Table G.1: Validation performance metrics for latitude using the Edgeless Graph Architecture (part

1).
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APPENDIX G. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON FULL DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 1.13 | 2.27 1.04
64 0.00001 0.3 1.31 | 3.35 1.27
64 0.00001 0.4 1.42 | 3.95 1.38
64 0.00001 0.5 1.20 | 2.06 0.99
64 0.0001 0.2 1.13 | 2.20 1.03
64 0.0001 0.3 1.11 | 2.05 0.99
64 0.0001 0.4 1.13 | 2.06 0.99
64 0.0001 0.5 1.53 | 4.36 1.45
64 0.001 0.2 0.79 | 1.15 0.74
64 0.001 0.3 0.82 | 1.23 0.77
64 0.001 0.4 0.83 1.22 0.76
64 0.001 0.5 1.14 | 2.32 1.05
64 0.01 0.2 0.78 | 1.24 0.77
64 0.01 0.3 0.88 | 1.44 0.83
64 0.01 0.4 1.13 | 2.35 1.06
64 0.01 0.5 1.14 2.35 1.06

Table G.2: Validation performance metrics for latitude using the Edgeless Graph Architecture (part

2).

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 0.70 | 0.85 1.03
16 0.00001 0.3 0.68 | 0.82 1.01
16 0.00001 0.4 0.92 | 1.33 1.28
16 0.00001 0.5 1.57 | 3.23 2.00
16 0.0001 0.2 0.65 | 0.81 1.00
16 0.0001 0.3 0.67 | 0.81 1.00
16 0.0001 0.4 0.69 | 0.81 1.00
16 0.0001 0.5 0.69 | 0.82 1.01
16 0.001 0.2 0.65 | 0.80 1.00
16 0.001 0.3 0.65 | 0.79 0.99
16 0.001 0.4 0.66 | 0.82 1.01
16 0.001 0.5 0.65 | 0.79 0.99
16 0.01 0.2 0.69 | 0.81 1.00
16 0.01 0.3 0.69 | 0.81 1.00
16 0.01 0.4 0.69 | 0.81 1.00
16 0.01 0.5 0.69 | 0.81 1.00
32 0.00001 0.2 0.77 | 1.05 1.14
32 0.00001 0.3 0.80 | 1.09 1.16
32 0.00001 0.4 1.38 | 2.60 1.80
32 0.00001 0.5 1.44 | 2.86 1.88
32 0.0001 0.2 0.66 | 0.82 1.01
32 0.0001 0.3 0.68 | 0.81 1.00
32 0.0001 0.4 0.69 | 0.81 1.00
32 0.0001 0.5 0.69 | 0.83 1.01
32 0.001 0.2 0.64 | 0.80 1.00
32 0.001 0.3 0.66 | 0.79 0.99
32 0.001 0.4 0.65 | 0.79 0.99
32 0.001 0.5 0.68 | 0.80 1.00
32 0.01 0.2 0.67 | 0.81 1.00
32 0.01 0.3 0.66 | 0.80 1.00
32 0.01 0.4 0.69 | 0.81 1.00
32 0.01 0.5 0.69 | 0.81 1.00

Table G.3: Validation performance metrics for longitude using the Edgeless Graph Architecture (part

1).
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APPENDIX G. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON FULL DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 0.77 | 1.04 1.14
64 0.00001 0.3 1.28 | 2.30 1.69
64 0.00001 0.4 1.54 | 3.18 1.99
64 0.00001 0.5 1.25 | 2.27 1.68
64 0.0001 0.2 0.70 | 0.81 1.00
64 0.0001 0.3 0.68 | 0.83 1.01
64 0.0001 0.4 0.71 | 0.86 1.03
64 0.0001 0.5 1.52 | 3.10 1.96
64 0.001 0.2 0.65 | 0.84 1.02
64 0.001 0.3 0.65 | 0.82 1.01
64 0.001 0.4 0.64 | 0.80 1.00
64 0.001 0.5 0.69 | 0.81 1.00
64 0.01 0.2 0.65 | 0.79 0.99
64 0.01 0.3 0.66 | 0.81 1.00
64 0.01 0.4 0.67 | 0.80 1.00
64 0.01 0.5 0.69 | 0.81 1.00

Table G.4: Validation performance metrics for longitude using the Edgeless Graph Architecture (part

2).

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 6.41 | 54.27 1.01
16 0.00001 0.3 6.40 | 54.67 1.01
16 0.00001 0.4 6.55 | 57.87 1.04
16 0.00001 0.5 7.01 | 65.63 1.11
16 0.0001 0.2 6.29 | 55.32 1.02
16 0.0001 0.3 6.35 | 54.01 1.00
16 0.0001 0.4 6.39 | 54.18 1.00
16 0.0001 0.5 6.38 | 53.76 1.00
16 0.001 0.2 6.58 | 64.58 1.10
16 0.001 0.3 6.34 | 55.86 1.02
16 0.001 0.4 6.22 | 54.06 1.00
16 0.001 0.5 6.19 | 53.48 1.00
16 0.01 0.2 6.51 | 56.17 1.02
16 0.01 0.3 6.49 | 55.90 1.02
16 0.01 0.4 6.52 | 56.62 1.03
16 0.01 0.5 6.50 | 56.14 1.02
32 0.00001 0.2 6.40 | 54.56 1.01
32 0.00001 0.3 6.25 | 52.79 0.99
32 0.00001 0.4 6.85 | 64.07 1.09
32 0.00001 0.5 6.53 | 59.53 1.05
32 0.0001 0.2 6.38 | 55.72 1.02
32 0.0001 0.3 6.32 | 53.51 1.00
32 0.0001 0.4 6.39 | 54.02 1.00
32 0.0001 0.5 6.42 | 54.08 1.00
32 0.001 0.2 6.35 | 59.90 1.06
32 0.001 0.3 6.36 | 56.97 1.03
32 0.001 0.4 6.26 | 54.68 1.01
32 0.001 0.5 6.25 | 53.52 1.00
32 0.01 0.2 6.43 | 54.86 1.01
32 0.01 0.3 6.34 | 53.31 1.00
32 0.01 0.4 6.52 | 56.57 1.03
32 0.01 0.5 6.50 | 55.96 1.02

Table G.5: Validation performance metrics for depth using the Edgeless Graph Architecture (part 1).
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APPENDIX G. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON FULL DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 6.45 | 58.52 1.04
64 0.00001 0.3 6.71 | 61.65 1.07
64 0.00001 0.4 7.62 | 82.60 1.24
64 0.00001 0.5 10.41 | 152.28 1.68
64 0.0001 0.2 6.38 | 54.33 1.01
64 0.0001 0.3 6.34 | 54.80 1.01
64 0.0001 0.4 6.38 | 53.96 1.00
64 0.0001 0.5 6.62 | 58.61 1.05
64 0.001 0.2 6.36 | 57.30 1.03
64 0.001 0.3 6.43 | 59.20 1.05
64 0.001 0.4 6.36 | 56.73 1.03
64 0.001 0.5 6.34 | 54.07 1.00
64 0.01 0.2 6.36 | 57.91 1.04
64 0.01 0.3 6.41 | 55.36 1.02
64 0.01 0.4 6.36 | 53.31 1.00
64 0.01 0.5 6.47 55.41 1.02

Table G.6: Validation performance metrics for depth using the Edgeless Graph Architecture (part 2).

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 0.30 | 0.18 1.20
16 0.00001 0.3 0.28 | 0.14 1.06
16 0.00001 0.4 0.35 | 0.24 1.38
16 0.00001 0.5 0.36 | 0.25 1.41
16 0.0001 0.2 0.28 | 0.13 1.02
16 0.0001 0.3 0.28 | 0.13 1.02
16 0.0001 0.4 0.28 | 0.14 1.06
16 0.0001 0.5 0.27 | 0.13 1.02
16 0.001 0.2 0.27 | 0.12 0.98
16 0.001 0.3 0.27 | 0.12 0.98
16 0.001 0.4 0.27 0.13 1.02
16 0.001 0.5 0.27 | 0.12 0.98
16 0.01 0.2 0.28 | 0.13 1.02
16 0.01 0.3 0.28 | 0.13 1.02
16 0.01 0.4 0.28 | 0.13 1.02
16 0.01 0.5 0.28 0.13 1.02
32 0.00001 0.2 0.34 | 0.23 1.35
32 0.00001 0.3 0.33 | 0.22 1.32
32 0.00001 0.4 0.36 | 0.24 1.38
32 0.00001 0.5 0.35 | 0.24 1.38
32 0.0001 0.2 0.28 | 0.14 1.06
32 0.0001 0.3 0.28 | 0.14 1.06
32 0.0001 0.4 0.28 | 0.14 1.06
32 0.0001 0.5 0.28 | 0.14 1.06
32 0.001 0.2 0.27 | 0.11 0.94
32 0.001 0.3 0.27 | 0.12 0.98
32 0.001 0.4 0.27 | 0.12 0.98
32 0.001 0.5 0.28 | 0.13 1.02
32 0.01 0.2 0.27 | 0.13 1.02
32 0.01 0.3 0.27 | 0.13 1.02
32 0.01 0.4 0.28 | 0.13 1.02
32 0.01 0.5 0.28 0.13 1.02

Table G.7: Validation performance metrics for magnitude using the Edgeless Graph Architecture (part

1).
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APPENDIX G. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON FULL DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 0.33 | 0.21 1.29
64 0.00001 0.3 0.35 | 0.24 1.38
64 0.00001 0.4 0.35 | 0.23 1.35
64 0.00001 0.5 0.33 | 0.22 1.32
64 0.0001 0.2 0.28 | 0.14 1.06
64 0.0001 0.3 0.28 | 0.14 1.06
64 0.0001 0.4 0.28 | 0.14 1.06
64 0.0001 0.5 0.36 | 0.25 1.41
64 0.001 0.2 0.28 | 0.12 0.98
64 0.001 0.3 0.28 | 0.13 1.02
64 0.001 0.4 0.28 0.12 0.98
64 0.001 0.5 0.28 | 0.13 1.02
64 0.01 0.2 0.27 | 0.12 0.98
64 0.01 0.3 0.28 | 0.13 1.02
64 0.01 0.4 0.28 | 0.13 1.02
64 0.01 0.5 0.28 0.13 1.02

Table G.8: Validation performance metrics for magnitude using the Edgeless Graph Architecture (part
2).

Batch Size LR Dropout Prob | NRMSE
16 0.00001 0.2 1.06
16 0.00001 0.3 1.02
16 0.00001 0.4 1.21
16 0.00001 0.5 1.46
16 0.0001 0.2 0.95
16 0.0001 0.3 1.00
16 0.0001 0.4 1.02
16 0.0001 0.5 1.01
16 0.001 0.2 0.96
16 0.001 0.3 0.94
16 0.001 0.4 0.96
16 0.001 0.5 0.95
16 0.01 0.2 1.02
16 0.01 0.3 1.03
16 0.01 0.4 1.03
16 0.01 0.5 1.03
32 0.00001 0.2 1.14
32 0.00001 0.3 1.16
32 0.00001 0.4 1.41
32 0.00001 0.5 1.45
32 0.0001 0.2 1.01
32 0.0001 0.3 1.02
32 0.0001 0.4 1.02
32 0.0001 0.5 1.02
32 0.001 0.2 0.93
32 0.001 0.3 0.95
32 0.001 0.4 0.95
32 0.001 0.5 1.02
32 0.01 0.2 0.98
32 0.01 0.3 0.96
32 0.01 0.4 1.03
32 0.01 0.5 1.03

Table G.9: Validation performance metrics for the four target variables using the Edgeless Graph
Architecture (part 1).

141



APPENDIX G. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON FULL DATASET

Batch Size LR Dropout Prob | NRMSE
64 0.00001 0.2 1.13
64 0.00001 0.3 1.35
64 0.00001 0.4 1.49
64 0.00001 0.5 1.42
64 0.0001 0.2 1.02
64 0.0001 0.3 1.02
64 0.0001 0.4 1.02
64 0.0001 0.5 1.47
64 0.001 0.2 0.94
64 0.001 0.3 0.96
64 0.001 0.4 0.94
64 0.001 0.5 1.02
64 0.01 0.2 0.94
64 0.01 0.3 0.97
64 0.01 0.4 1.02
64 0.01 0.5 1.02

Table G.10: Validation performance metrics for the four target variables using the Edgeless Graph

Architecture (part 2).
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Loss Plots

Appendix H

Results for Edgeless GNN Model

Huber Loss

Loss Plot - Batch Size: 32, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure H.1: Loss Plot for Model 3.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL

Loss Plot - Batch Size: 32, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure H.2: Loss Plot for Model 7.
Loss Plot - Batch Size: 64, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure H.3: Loss Plot for Model 8.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL

Loss Plot - Batch Size: 16, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure H.4: Loss Plot for Model 9.
Loss Plot - Batch Size: 64, LR: 0.0001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure H.5: Loss Plot for Model 10.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL

Huber Loss

Loss Plot - Batch Size: 64, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure H.6: Loss Plot for Model 11.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL

Predictive Plots
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Figure H.7: Actual versus predicted target values for Model 3 with corresponding MAE computed on

training and validation sets.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL
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Figure H.8: Actual versus predicted target values for Model 3 with corresponding MSE computed on

training and validation sets.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL

Model 3 - Actual vs Predicted
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Figure H.9: Actual versus predicted target values for Model 3 with corresponding NRMSE computed
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL
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Figure H.10: Actual versus predicted target values for Model 7 with corresponding MAE computed

on training and validation sets.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL
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Figure H.11: Actual versus predicted target values for Model 7 with corresponding MSE computed

on training and validation sets.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL

Latitude [*]
38.96 ﬂ :
Train MAE: 0.36° 4
38.33 4
L]
=
[
s b
© 37.70
L
o -
= i
g
o o
37.07 |
36.44 - T ‘ T
36.44 37.07 37.70 38.33 38.96
Depth [km]
30.0 F .
Train MAE: 5.13 km iy
Val MAE: 6.51 km
22.5 4 l
] I ]
= ® g
[0 5 t r
> ’ X
I
T 15.0 b8
2
(") P
5 111104 J
g @ ¢ T 1
o 'e S
7.5 4 B
I g
4 .
‘/ 1
LB 1
)
0.0 442 . ‘ .
0.0 7.5 15.0 225
Catalogue value

Longitude [°]

16.48 ,
J Train MAE: 0.49° e
15.48 4
? ® 9
1
4 Q
14.48
|
13.48
12.48 + T T T
12.48 13.48 14.48 15.48 16.48
Magnitude
4.6 F -
Train MAE: 0.20 g
Val MAE: 0.28
4.2 1
3.8
3.4 ! |
4 T 1
- } i i 1' ®
) EABES
b
3.0 . T T
3.0 3.4 3.8 4.2

Catalogue value

4.6

Figure H.12: Actual versus predicted target values for Model 8 with corresponding MAE computed

on training and validation sets.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL
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Figure H.13: Actual versus predicted target values for Model 8 with corresponding MSE computed

on training and validation sets.
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APPENDIX H. RESULTS FOR EDGELESS GNN MODEL
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Figure H.14: Actual versus predicted target values for Model 9 with corresponding MAE computed
on training and validation sets.
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Figure H.15: Actual versus predicted target values for Model 9 with corresponding MSE computed
on training and validation sets.
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Figure H.16: Actual versus predicted target values for Model 10 with corresponding MAE computed
on training and validation sets.
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Figure H.17: Actual versus predicted target values for Model 10 with corresponding MSE computed
on training and validation sets.
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Figure H.18: Actual versus predicted target values for Model 11 with corresponding MAFE computed

on training and validation sets.
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Figure H.19: Actual versus predicted target values for Model 11 with corresponding MSE computed

on training and validation sets.
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Figure H.20: Actual versus predicted target values for Edgeless Graph Ensemble Model with corre-
sponding NRMSE computed on training and validation sets.
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Appendix I

Summary of Performance Metrics for Hyperparameter

Tuning using Dynamic Edges GNN Model on Full Dataset

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 1.76 | 5.17 1.57
3 16 0.00001 0.3 1.76 | 5.22 1.58
3 16 0.00001 0.4 1.29 | 3.24 1.25
3 16 0.00001 0.5 1.32 | 3.37 1.27
3 16 0.0001 0.2 1.11 | 2.09 1.00
3 16 0.0001 0.3 1.07 | 1.94 0.96
3 16 0.0001 0.4 1.82 | 5.39 1.61
3 16 0.0001 0.5 1.81 | 5.35 1.60
3 16 0.001 0.2 0.98 | 1.97 0.97
3 16 0.001 0.3 0.84 | 1.60 0.88
3 16 0.001 0.4 092 | 1.71 0.91
3 16 0.001 0.5 1.12 | 2.28 1.05
3 16 0.01 0.2 1.14 | 2.35 1.06
3 16 0.01 0.3 1.14 2.33 1.06
3 16 0.01 0.4 1.14 | 2.34 1.06
3 16 0.01 0.5 1.14 | 2.34 1.06
3 32 0.00001 0.2 1.72 | 5.03 1.55
3 32 0.00001 0.3 1.56 | 4.45 1.46
3 32 0.00001 0.4 1.57 | 4.56 1.48
3 32 0.00001 0.5 1.20 | 1.95 0.97
3 32 0.0001 0.2 1.01 1.59 0.87
3 32 0.0001 0.3 1.83 | 5.42 1.61
3 32 0.0001 0.4 1.81 | 5.36 1.60
3 32 0.0001 0.5 1.81 | 5.36 1.60
3 32 0.001 0.2 1.01 2.07 1.00
3 32 0.001 0.3 1.17 | 2.59 1.11
3 32 0.001 0.4 0.88 | 1.48 0.84
3 32 0.001 0.5 1.13 | 2.25 1.04
3 32 0.01 0.2 1.03 | 1.88 0.95
3 32 0.01 0.3 1.14 2.33 1.06
3 32 0.01 0.4 1.14 | 2.36 1.06
3 32 0.01 0.5 1.14 | 2.34 1.06

Table I.1: Validation performance metrics for latitude using the Dynamic Edges GNN Architecture
(part 1).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 1.65 | 4.77 1.51
3 64 0.00001 0.3 1.51 | 4.23 1.42
3 64 0.00001 0.4 1.17 | 2.26 1.04
3 64 0.00001 0.5 1.20 | 2.31 1.05
3 64 0.0001 0.2 1.09 | 1.95 0.97
3 64 0.0001 0.3 1.76 | 5.20 1.58
3 64 0.0001 0.4 1.82 | 5.40 1.61
3 64 0.0001 0.5 1.78 | 5.24 1.59
3 64 0.001 0.2 1.04 | 2.01 0.98
3 64 0.001 0.3 096 | 1.79 0.93
3 64 0.001 04 1.09 | 2.00 0.98
3 64 0.001 0.5 1.14 2.31 1.05
3 64 0.01 0.2 0.79 | 1.44 0.83
3 64 0.01 0.3 094 | 1.86 0.94
3 64 0.01 0.4 1.15 | 2.31 1.05
3 64 0.01 0.5 1.14 2.35 1.06
4 16 0.00001 0.2 1.82 5.41 1.61
4 16 0.00001 0.3 1.74 | 5.11 1.57
4 16 0.00001 0.4 1.35 | 3.61 1.32
4 16 0.00001 0.5 1.25 | 3.06 1.21
4 16 0.0001 0.2 1.13 | 2.21 1.03
4 16 0.0001 0.3 1.14 2.07 1.00
4 16 0.0001 0.4 1.83 | 5.43 1.61
4 16 0.0001 0.5 1.77 | 5.22 1.58
4 16 0.001 0.2 0.92 | 1.73 0.91
4 16 0.001 0.3 1.02 | 2.06 0.99
4 16 0.001 0.4 0.82 1.41 0.82
4 16 0.001 0.5 0.90 | 1.58 0.87
4 16 0.01 0.2 1.14 | 2.32 1.05
4 16 0.01 0.3 1.14 | 2.33 1.06
4 16 0.01 0.4 1.14 | 2.32 1.05
4 16 0.01 0.5 1.14 2.35 1.06
4 32 0.00001 0.2 1.77 | 5.22 1.58
4 32 0.00001 0.3 1.71 | 4.99 1.55
4 32 0.00001 0.4 1.42 | 3.87 1.36
4 32 0.00001 0.5 1.26 | 3.02 1.20
4 32 0.0001 0.2 1.12 | 2.16 1.02
4 32 0.0001 0.3 1.82 5.40 1.61
4 32 0.0001 0.4 1.82 | 5.39 1.61
4 32 0.0001 0.5 1.73 | 5.05 1.56
4 32 0.001 0.2 1.12 | 2.32 1.05
4 32 0.001 0.3 1.02 | 2.09 1.00
4 32 0.001 04 0.80 | 1.34 0.80
4 32 0.001 0.5 1.13 2.31 1.05
4 32 0.01 0.2 1.14 | 2.33 1.06
4 32 0.01 0.3 1.14 | 2.35 1.06
4 32 0.01 0.4 1.14 | 2.33 1.06
4 32 0.01 0.5 1.14 2.34 1.06

Table 1.2: Validation performance metrics for latitude using the Dynamic Edges GNN Architecture
(part 2).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 1.38 | 3.67 1.33
4 64 0.00001 0.3 1.52 | 4.32 1.44
4 64 0.00001 0.4 1.24 | 2.26 1.04
4 64 0.00001 0.5 1.37 | 2.27 1.04
4 64 0.0001 0.2 1.36 | 3.58 1.31
4 64 0.0001 0.3 1.83 5.44 1.62
4 64 0.0001 0.4 1.78 | 5.25 1.59
4 64 0.0001 0.5 1.76 | 5.24 1.59
4 64 0.001 0.2 091 | 1.74 0.91
4 64 0.001 0.3 0.82 | 1.40 0.82
4 64 0.001 0.4 1.14 2.19 1.02
4 64 0.001 0.5 1.83 | 5.44 1.62
4 64 0.01 0.2 0.83 | 1.51 0.85
4 64 0.01 0.3 0.85 | 1.50 0.85
4 64 0.01 0.4 0.87 | 1.52 0.85
4 64 0.01 0.5 1.14 2.33 1.06

Table 1.3: Validation performance metrics for latitude using the Dynamic Edges GNN Architecture

(part 3).

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 1.92 | 4.48 2.36
3 16 0.00001 0.3 1.88 | 4.35 2.32
3 16 0.00001 0.4 1.84 | 4.21 2.28
3 16 0.00001 0.5 1.39 | 2.62 1.80
3 16 0.0001 0.2 0.68 | 0.81 1.00
3 16 0.0001 0.3 0.67 | 0.81 1.00
3 16 0.0001 0.4 1.99 | 4.77 2.43
3 16 0.0001 0.5 1.98 | 4.74 2.42
3 16 0.001 0.2 0.63 | 0.82 1.01
3 16 0.001 0.3 0.65 | 0.87 1.04
3 16 0.001 04 0.64 | 0.84 1.02
3 16 0.001 0.5 0.65 | 0.79 0.99
3 16 0.01 0.2 0.69 | 0.81 1.00
3 16 0.01 0.3 0.69 | 0.81 1.00
3 16 0.01 04 0.69 | 0.81 1.00
3 16 0.01 0.5 0.69 | 0.81 1.00
3 32 0.00001 0.2 1.89 | 4.38 2.33
3 32 0.00001 0.3 1.93 | 4.53 2.37
3 32 0.00001 0.4 1.29 | 2.33 1.70
3 32 0.00001 0.5 1.56 | 3.19 1.99
3 32 0.0001 0.2 0.67 | 0.82 1.01
3 32 0.0001 0.3 1.99 | 4.76 2.43
3 32 0.0001 04 1.99 | 4.75 2.43
3 32 0.0001 0.5 1.96 | 4.66 2.40
3 32 0.001 0.2 0.66 | 0.84 1.02
3 32 0.001 0.3 0.66 | 0.90 1.06
3 32 0.001 04 0.62 | 0.79 0.99
3 32 0.001 0.5 0.68 | 0.82 1.01
3 32 0.01 0.2 0.68 | 0.80 1.00
3 32 0.01 0.3 0.69 | 0.81 1.00
3 32 0.01 0.4 0.69 | 0.81 1.00
3 32 0.01 0.5 0.69 | 0.81 1.00

Table 1.4: Validation performance metrics for longitude using the Dynamic Edges GNN Architecture

(part 1).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 1.91 | 4.46 2.35
3 64 0.00001 0.3 1.90 | 4.41 2.34
3 64 0.00001 04 1.29 | 2.38 1.72
3 64 0.00001 0.5 0.82 | 1.16 1.20
3 64 0.0001 0.2 0.69 | 0.84 1.02
3 64 0.0001 0.3 1.78 | 3.95 2.21
3 64 0.0001 04 1.98 | 4.75 2.43
3 64 0.0001 0.5 1.94 | 4.60 2.39
3 64 0.001 0.2 0.73 | 0.98 1.10
3 64 0.001 0.3 0.64 | 0.83 1.01
3 64 0.001 04 0.67 | 0.82 1.01
3 64 0.001 0.5 0.69 | 0.81 1.00
3 64 0.01 0.2 0.64 | 0.81 1.00
3 64 0.01 0.3 0.68 | 0.84 1.02
3 64 0.01 0.4 0.69 | 0.81 1.00
3 64 0.01 0.5 0.69 | 0.81 1.00
4 16 0.00001 0.2 1.96 | 4.65 2.40
4 16 0.00001 0.3 1.85 | 4.22 2.29
4 16 0.00001 0.4 1.15 | 1.92 1.54
4 16 0.00001 0.5 1.22 | 2.17 1.64
4 16 0.0001 0.2 0.69 | 0.81 1.00
4 16 0.0001 0.3 0.70 | 0.84 1.02
4 16 0.0001 0.4 1.98 | 4.74 2.42
4 16 0.0001 0.5 1.97 | 4.67 241
4 16 0.001 0.2 0.63 | 0.80 1.00
4 16 0.001 0.3 0.64 | 0.81 1.00
4 16 0.001 0.4 0.66 0.84 1.02
4 16 0.001 0.5 0.67 | 0.85 1.03
4 16 0.01 0.2 0.69 | 0.81 1.00
4 16 0.01 0.3 0.69 | 0.81 1.00
4 16 0.01 0.4 0.69 | 0.81 1.00
4 16 0.01 0.5 0.69 | 0.81 1.00
4 32 0.00001 0.2 1.97 | 4.70 2.41
4 32 0.00001 0.3 1.89 | 4.35 2.32
4 32 0.00001 0.4 1.68 | 3.64 2.12
4 32 0.00001 0.5 1.70 | 3.71 2.14
4 32 0.0001 0.2 0.69 | 0.82 1.01
4 32 0.0001 0.3 1.99 | 4.77 2.43
4 32 0.0001 0.4 1.98 | 4.70 2.41
4 32 0.0001 0.5 1.97 | 4.70 241
4 32 0.001 0.2 0.75 | 1.11 1.17
4 32 0.001 0.3 0.65 | 0.82 1.01
4 32 0.001 0.4 0.64 0.81 1.00
4 32 0.001 0.5 0.68 | 0.80 1.00
4 32 0.01 0.2 0.69 | 0.81 1.00
4 32 0.01 0.3 0.68 | 0.81 1.00
4 32 0.01 0.4 0.69 | 0.81 1.00
4 32 0.01 0.5 0.69 | 0.81 1.00

Table 1.5: Validation performance metrics for longitude using the Dynamic Edges GNN Architecture

(part 2).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 1.79 | 4.01 2.23
4 64 0.00001 0.3 1.73 | 3.80 2.17
4 64 0.00001 0.4 1.62 | 3.40 2.05
4 64 0.00001 0.5 1.23 | 2.22 1.66
4 64 0.0001 0.2 1.99 | 4.75 2.43
4 64 0.0001 0.3 1.98 | 4.72 2.42
4 64 0.0001 0.4 1.95 | 4.61 2.39
4 64 0.0001 0.5 1.88 | 4.35 2.32
4 64 0.001 0.2 0.67 | 0.83 1.01
4 64 0.001 0.3 0.66 | 0.82 1.01
4 64 0.001 04 0.68 | 0.81 1.00
4 64 0.001 0.5 1.99 | 4.77 2.43
4 64 0.01 0.2 0.65 | 0.81 1.00
4 64 0.01 0.3 0.66 | 0.83 1.01
4 64 0.01 0.4 0.65 | 0.80 1.00
4 64 0.01 0.5 0.69 | 0.81 1.00

Table 1.6: Validation performance metrics for longitude using the Dynamic Edges GNN Architecture
(part 3).

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 7.10 | 71.23 1.15
3 16 0.00001 0.3 9.41 | 125.42 1.53
3 16 0.00001 0.4 7.87 | 87.15 1.27
3 16 0.00001 0.5 6.98 | 68.09 1.13
3 16 0.0001 0.2 6.34 | 53.86 1.00
3 16 0.0001 0.3 6.38 | 54.40 1.01
3 16 0.0001 0.4 10.63 | 156.78 1.71
3 16 0.0001 0.5 6.46 | 57.56 1.04
3 16 0.001 0.2 6.71 | 70.27 1.14
3 16 0.001 0.3 6.64 | 66.72 1.12
3 16 0.001 04 6.59 | 62.54 1.08
3 16 0.001 0.5 6.36 | 53.80 1.00
3 16 0.01 0.2 6.50 | 56.08 1.02
3 16 0.01 0.3 6.50 | 56.02 1.02
3 16 0.01 0.4 6.52 | 56.44 1.03
3 16 0.01 0.5 6.49 | 55.90 1.02
3 32 0.00001 0.2 6.52 | 59.36 1.05
3 32 0.00001 0.3 6.87 | 66.06 1.11
3 32 0.00001 0.4 15.03 | 279.92 2.28
3 32 0.00001 0.5 7.14 | 73.80 1.17
3 32 0.0001 0.2 6.33 | 54.02 1.00
3 32 0.0001 0.3 6.81 | 74.56 1.18
3 32 0.0001 0.4 6.73 | 64.98 1.10
3 32 0.0001 0.5 6.63 | 70.45 1.15
3 32 0.001 0.2 6.42 | 66.40 1.11
3 32 0.001 0.3 6.50 | 64.13 1.09
3 32 0.001 04 6.44 | 56.63 1.03
3 32 0.001 0.5 6.33 | 53.94 1.00
3 32 0.01 0.2 6.42 | 55.39 1.02
3 32 0.01 0.3 6.49 | 55.94 1.02
3 32 0.01 04 6.49 | 55.87 1.02
3 32 0.01 0.5 6.48 | 55.67 1.02

Table 1.7: Validation performance metrics for depth using the Dynamic Edges GNN Architecture
(part 1).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 9.14 | 120.22 1.50
3 64 0.00001 0.3 8.43 | 100.59 1.37
3 64 0.00001 0.4 6.43 | 56.09 1.02
3 64 0.00001 0.5 6.29 | 68.25 1.13
3 64 0.0001 0.2 6.32 | 53.44 1.00
3 64 0.0001 0.3 7.06 | 70.05 1.14
3 64 0.0001 0.4 13.01 | 222.33 2.04
3 64 0.0001 0.5 6.65 | 58.94 1.05
3 64 0.001 0.2 6.91 | 69.40 1.14
3 64 0.001 0.3 6.38 | 58.86 1.05
3 64 0.001 0.4 6.34 | 53.78 1.00
3 64 0.001 0.5 6.51 | 56.30 1.02
3 64 0.01 0.2 6.40 | 55.91 1.02
3 64 0.01 0.3 6.41 55.22 1.01
3 64 0.01 0.4 6.40 | 55.28 1.02
3 64 0.01 0.5 6.52 | 56.59 1.03
4 16 0.00001 0.2 7.22 | 72.08 1.16
4 16 0.00001 0.3 11.84 | 189.63 1.88
4 16 0.00001 04 7.70 | 83.18 1.25
4 16 0.00001 0.5 10.77 | 165.67 1.76
4 16 0.0001 0.2 6.38 | 54.05 1.00
4 16 0.0001 0.3 6.31 | 53.94 1.00
4 16 0.0001 0.4 6.26 | 54.92 1.01
4 16 0.0001 0.5 9.64 | 131.25 1.56
4 16 0.001 0.2 7.21 77.75 1.20
4 16 0.001 0.3 7.22 | 82.25 1.24
4 16 0.001 04 6.59 | 60.78 1.06
4 16 0.001 0.5 6.33 | 55.81 1.02
4 16 0.01 0.2 6.53 | 56.69 1.03
4 16 0.01 0.3 6.51 56.24 1.02
4 16 0.01 0.4 6.48 | 55.55 1.02
4 16 0.01 0.5 6.53 | 56.72 1.03
4 32 0.00001 0.2 6.48 | 56.35 1.02
4 32 0.00001 0.3 6.40 | 57.53 1.04
4 32 0.00001 04 6.89 | 76.14 1.19
4 32 0.00001 0.5 6.44 | 56.62 1.03
4 32 0.0001 0.2 6.32 | 53.07 0.99
4 32 0.0001 0.3 12.19 | 197.93 1.92
4 32 0.0001 0.4 7.27 | 75.91 1.19
4 32 0.0001 0.5 6.15 | 59.99 1.06
4 32 0.001 0.2 6.82 | 76.17 1.19
4 32 0.001 0.3 6.55 | 60.77 1.06
4 32 0.001 0.4 6.22 55.37 1.02
4 32 0.001 0.5 6.23 | 52.46 0.99
4 32 0.01 0.2 6.49 | 55.86 1.02
4 32 0.01 0.3 6.21 51.93 0.98
4 32 0.01 0.4 6.52 | 56.61 1.03
4 32 0.01 0.5 6.54 | 56.95 1.03

Table 1.8: Validation performance metrics for depth using the Dynamic Edges GNN Architecture
(part 2).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 12.07 | 195.41 1.91
4 64 0.00001 0.3 6.47 | 57.13 1.03
4 64 0.00001 0.4 6.59 | 59.45 1.05
4 64 0.00001 0.5 6.84 | 63.31 1.09
4 64 0.0001 0.2 6.88 | 69.70 1.14
4 64 0.0001 0.3 13.36 | 231.39 2.08
4 64 0.0001 04 6.89 | 76.96 1.20
4 64 0.0001 0.5 749 | 77.52 1.20
4 64 0.001 0.2 6.51 | 62.83 1.08
4 64 0.001 0.3 6.27 | 55.19 1.01
4 64 0.001 0.4 6.36 | 54.05 1.00
4 64 0.001 0.5 15.85 | 305.19 2.38
4 64 0.01 0.2 6.43 | 56.07 1.02
4 64 0.01 0.3 6.48 | 58.32 1.04
4 64 0.01 0.4 6.38 | 54.44 1.01
4 64 0.01 0.5 6.53 | 56.79 1.03

Table 1.9: Validation performance metrics for depth using the Dynamic Edges GNN Architecture

(part 3).

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 0.37 | 0.26 1.44
3 16 0.00001 0.3 0.36 | 0.25 1.41
3 16 0.00001 0.4 0.35 | 0.24 1.38
3 16 0.00001 0.5 0.33 | 0.21 1.29
3 16 0.0001 0.2 0.28 | 0.13 1.02
3 16 0.0001 0.3 0.28 | 0.13 1.02
3 16 0.0001 0.4 0.37 | 0.26 1.44
3 16 0.0001 0.5 0.36 | 0.26 1.44
3 16 0.001 0.2 0.28 | 0.12 0.98
3 16 0.001 0.3 0.28 | 0.12 0.98
3 16 0.001 04 0.29 | 0.13 1.02
3 16 0.001 0.5 0.28 | 0.13 1.02
3 16 0.01 0.2 0.28 | 0.13 1.02
3 16 0.01 0.3 0.28 | 0.13 1.02
3 16 0.01 0.4 0.28 0.13 1.02
3 16 0.01 0.5 0.28 | 0.13 1.02
3 32 0.00001 0.2 0.36 | 0.26 1.44
3 32 0.00001 0.3 0.36 | 0.26 1.44
3 32 0.00001 0.4 0.36 | 0.25 1.41
3 32 0.00001 0.5 0.32 | 0.20 1.26
3 32 0.0001 0.2 0.28 | 0.13 1.02
3 32 0.0001 0.3 0.37 | 0.26 1.44
3 32 0.0001 04 0.37 | 0.26 1.44
3 32 0.0001 0.5 0.37 | 0.26 1.44
3 32 0.001 0.2 0.28 | 0.13 1.02
3 32 0.001 0.3 0.28 | 0.12 0.98
3 32 0.001 04 0.28 | 0.12 0.98
3 32 0.001 0.5 0.28 | 0.13 1.02
3 32 0.01 0.2 0.28 | 0.13 1.02
3 32 0.01 0.3 0.28 | 0.13 1.02
3 32 0.01 0.4 0.28 0.13 1.02
3 32 0.01 0.5 0.28 | 0.13 1.02

Table 1.10: Validation performance metrics for magnitude using the Dynamic Edges GNN Architecture

(part 1).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 0.37 | 0.26 1.44
3 64 0.00001 0.3 0.36 | 0.25 1.41
3 64 0.00001 04 0.33 | 0.22 1.32
3 64 0.00001 0.5 0.29 | 0.17 1.16
3 64 0.0001 0.2 0.28 | 0.13 1.02
3 64 0.0001 0.3 0.36 | 0.26 1.44
3 64 0.0001 04 0.37 | 0.26 1.44
3 64 0.0001 0.5 0.36 | 0.25 1.41
3 64 0.001 0.2 0.28 | 0.12 0.98
3 64 0.001 0.3 0.28 | 0.13 1.02
3 64 0.001 0.4 0.28 0.13 1.02
3 64 0.001 0.5 0.28 | 0.13 1.02
3 64 0.01 0.2 0.28 | 0.14 1.06
3 64 0.01 0.3 0.29 | 0.13 1.02
3 64 0.01 0.4 0.28 | 0.13 1.02
3 64 0.01 0.5 0.28 0.13 1.02
4 16 0.00001 0.2 0.37 | 0.26 1.44
4 16 0.00001 0.3 0.36 | 0.26 1.44
4 16 0.00001 04 0.35 | 0.24 1.38
4 16 0.00001 0.5 0.32 | 0.20 1.26
4 16 0.0001 0.2 0.28 | 0.13 1.02
4 16 0.0001 0.3 0.27 | 0.13 1.02
4 16 0.0001 0.4 0.37 | 0.26 1.44
4 16 0.0001 0.5 0.37 | 0.26 1.44
4 16 0.001 0.2 0.28 | 0.12 0.98
4 16 0.001 0.3 0.29 | 0.13 1.02
4 16 0.001 0.4 0.27 0.13 1.02
4 16 0.001 0.5 0.28 | 0.13 1.02
4 16 0.01 0.2 0.28 | 0.13 1.02
4 16 0.01 0.3 0.28 | 0.13 1.02
4 16 0.01 0.4 0.28 | 0.13 1.02
4 16 0.01 0.5 0.28 0.13 1.02
4 32 0.00001 0.2 0.37 | 0.26 1.44
4 32 0.00001 0.3 0.36 | 0.26 1.44
4 32 0.00001 0.4 0.34 | 0.22 1.32
4 32 0.00001 0.5 0.32 | 0.20 1.26
4 32 0.0001 0.2 0.27 | 0.13 1.02
4 32 0.0001 0.3 0.37 | 0.26 1.44
4 32 0.0001 0.4 0.37 | 0.26 1.44
4 32 0.0001 0.5 0.37 | 0.26 1.44
4 32 0.001 0.2 0.30 | 0.14 1.06
4 32 0.001 0.3 0.28 | 0.13 1.02
4 32 0.001 0.4 0.28 0.13 1.02
4 32 0.001 0.5 0.28 0.13 1.02
4 32 0.01 0.2 0.28 | 0.13 1.02
4 32 0.01 0.3 0.28 | 0.13 1.02
4 32 0.01 0.4 0.28 | 0.13 1.02
4 32 0.01 0.5 0.28 | 0.13 1.02

Table I.11: Validation performance metrics for magnitude using the Dynamic Edges GNN Architecture
(part 2).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 0.36 | 0.25 1.41
4 64 0.00001 0.3 0.36 | 0.25 1.41
4 64 0.00001 0.4 0.34 | 0.22 1.32
4 64 0.00001 0.5 0.29 | 0.16 1.13
4 64 0.0001 0.2 0.36 | 0.26 1.44
4 64 0.0001 0.3 0.37 | 0.26 1.44
4 64 0.0001 0.4 0.36 | 0.26 1.44
4 64 0.0001 0.5 0.36 | 0.26 1.44
4 64 0.001 0.2 0.28 | 0.13 1.02
4 64 0.001 0.3 0.28 | 0.13 1.02
4 64 0.001 0.4 0.27 0.13 1.02
4 64 0.001 0.5 0.37 | 0.26 1.44
4 64 0.01 0.2 0.27 | 0.12 0.98
4 64 0.01 0.3 0.28 | 0.13 1.02
4 64 0.01 0.4 0.27 | 0.13 1.02
4 64 0.01 0.5 0.28 0.13 1.02

Table I.12: Validation performance metrics for magnitude using the Dynamic Edges GNN Architecture
(part 3).

k | Batch Size LR Dropout Prob | NRMSE
3 16 0.00001 0.2 1.63
3 16 0.00001 0.3 1.71
3 16 0.00001 0.4 1.55
3 16 0.00001 0.5 1.37
3 16 0.0001 0.2 1.01
3 16 0.0001 0.3 1.00
3 16 0.0001 0.4 1.80
3 16 0.0001 0.5 1.63
3 16 0.001 0.2 1.03
3 16 0.001 0.3 1.00
3 16 0.001 0.4 1.01
3 16 0.001 0.5 1.01
3 16 0.01 0.2 1.03
3 16 0.01 0.3 1.02
3 16 0.01 0.4 1.03
3 16 0.01 0.5 1.03
3 32 0.00001 0.2 1.59
3 32 0.00001 0.3 1.60
3 32 0.00001 0.4 1.72
3 32 0.00001 0.5 1.35
3 32 0.0001 0.2 0.98
3 32 0.0001 0.3 1.67
3 32 0.0001 0.4 1.64
3 32 0.0001 0.5 1.65
3 32 0.001 0.2 1.04
3 32 0.001 0.3 1.06
3 32 0.001 04 0.96
3 32 0.001 0.5 1.02
3 32 0.01 0.2 1.00
3 32 0.01 0.3 1.02
3 32 0.01 0.4 1.03
3 32 0.01 0.5 1.02

Table 1.13: Validation performance metrics for the four target variables using the Dynamic Edges
GNN Architecture (part 1).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | NRMSE
3 64 0.00001 0.2 1.70
3 64 0.00001 0.3 1.64
3 64 0.00001 0.4 1.28
3 64 0.00001 0.5 1.14
3 64 0.0001 0.2 1.00
3 64 0.0001 0.3 1.59
3 64 0.0001 04 1.88
3 64 0.0001 0.5 1.61
3 64 0.001 0.2 1.05
3 64 0.001 0.3 1.00
3 64 0.001 0.4 1.00
3 64 0.001 0.5 1.02
3 64 0.01 0.2 0.98
3 64 0.01 0.3 1.00
3 64 0.01 0.4 1.02
3 64 0.01 0.5 1.03
4 16 0.00001 0.2 1.65
4 16 0.00001 0.3 1.79
4 16 0.00001 04 1.37
4 16 0.00001 0.5 1.47
4 16 0.0001 0.2 1.01
4 16 0.0001 0.3 1.01
4 16 0.0001 0.4 1.62
4 16 0.0001 0.5 1.75
4 16 0.001 0.2 1.02
4 16 0.001 0.3 1.06
4 16 0.001 0.4 0.98
4 16 0.001 0.5 0.98
4 16 0.01 0.2 1.03
4 16 0.01 0.3 1.03
4 16 0.01 0.4 1.02
4 16 0.01 0.5 1.03
4 32 0.00001 0.2 1.62
4 32 0.00001 0.3 1.59
4 32 0.00001 04 1.50
4 32 0.00001 0.5 1.41
4 32 0.0001 0.2 1.01
4 32 0.0001 0.3 1.85
4 32 0.0001 04 1.66
4 32 0.0001 0.5 1.62
4 32 0.001 0.2 1.12
4 32 0.001 0.3 1.02
4 32 0.001 0.4 0.96
4 32 0.001 0.5 1.01
4 32 0.01 0.2 1.02
4 32 0.01 0.3 1.02
4 32 0.01 0.4 1.03
4 32 0.01 0.5 1.03

Table 1.14: Validation performance metrics for the four target variables using the Dynamic Edges

GNN Architecture (part 2).
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APPENDIX I. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON FULL DATASET

k | Batch Size LR Dropout Prob | NRMSE
4 64 0.00001 0.2 1.72
4 64 0.00001 0.3 1.51
4 64 0.00001 04 1.37
4 64 0.00001 0.5 1.23
4 64 0.0001 0.2 1.58
4 64 0.0001 0.3 1.89
4 64 0.0001 04 1.65
4 64 0.0001 0.5 1.64
4 64 0.001 0.2 1.01
4 64 0.001 0.3 0.97
4 64 0.001 0.4 1.01
4 64 0.001 0.5 1.97
4 64 0.01 0.2 0.96
4 64 0.01 0.3 0.98
4 64 0.01 0.4 0.97
4 64 0.01 0.5 1.03

Table 1.15: Validation performance metrics for the four target variables using the Dynamic Edges

GNN Architecture (part 3).
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Loss Plots

Appendix J

Results for Dynamic Edges GNN

Loss Plot - Batch Size: 32, LR: 0.001, Dropout: 0.4, Activation: relu, Optimizer: AdamW
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Figure J.1: Loss Plot for Model 4.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN

Loss Plot - Batch Size: 32, LR: 0.001, Dropout: 0.4, Activation: relu, Optimizer: AdamW
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Figure J.2: Loss Plot for Model 5.
Loss Plot - Batch Size: 32, LR: 0.01, Dropout: 0.3, Activation: relu, Optimizer: AdamW
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Figure J.3: Loss Plot for Model 6.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN

Loss Plot - Batch Size: 16, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure J.4: Loss Plot for Model 12.
Loss Plot - Batch Size: 64, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure J.5: Loss Plot for Model 13.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN

Huber Loss

Loss Plot - Batch Size: 32, LR: 0.001, Dropout: 0.2, Activation: relu, Optimizer: AdamW
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Figure J.6: Loss Plot for Model 14.

Huber Loss
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Figure J.7: Loss Plot for Model 15.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN

Predictive Plots
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Figure J.8: Actual versus predicted target values for Model 4 with corresponding MAE computed on
training and validation sets.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN
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Figure J.9: Actual versus predicted target values for Model 4 with corresponding MSE computed on

training and validation sets.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN

Model 4 - Actual vs Predicted
Overall NRMSE: Train 0.93 | Val 0.96
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Figure J.10: Actual versus predicted target values for Model 4 with corresponding NRMSE computed
on training and validation sets.
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APPENDIX J. RESULTS FOR DYNAMIC EDGES GNN
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Figure J.11: Actual versus predicted target values for Model 5 with corresponding MAE computed

on training and validation sets.
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Figure J.15: Actual versus predicted target values for Model 12 with corresponding MAE computed
on training and validation sets.
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Figure J.17: Actual versus predicted target values for Model 13 with corresponding MAE computed

on training and validation sets.
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Figure J.18: Actual versus predicted target values for for Model 13 with corresponding MSE computed

on training and validation sets.
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Figure J.19: Actual versus predicted target values for Model 14 with corresponding MAE computed
on training and validation sets.
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Figure J.20: Actual versus predicted target values for for Model 14 with corresponding MSE computed
on training and validation sets.
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Figure J.21: Actual versus predicted target values for Model 15 with corresponding MAE computed

on training and validation sets.
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Figure J.22: Actual versus predicted target values for for Model 15 with corresponding MSE computed

on training and validation sets.
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Figure J.23: Actual versus predicted target values for Dynamic Edges GNN Ensemble Model with
corresponding NRMSE computed on training and validation sets.
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Appendix K

Theory Related to Cluster Analysis

In this appendix, theory related to cluster analysis that is necessary for a complete
understanding of the methods used in Section 5.7 is presented. The material presented
here is meant solely to provide the mathematical background required for Section 5.7
and it should be noted that this notation is independent of, and should not be confused

with, the notation used throughout the main body of the dissertation.

The term cluster analysis refers to a collection of statistical techniques that are
employed to divide a population into K distinct but unknown groups, Cfi, ..., Ck, re-
ferred to as clusters. The group membership of each vector of observations in the
data is indicated by a latent random variable Y, conventionally referred to as the
target variable. Since neither the number of clusters, K, nor the clusters themselves
are known in advance, clustering methods operate in an unsupervised manner. Each
element in the population is characterized by a set of attributes, modelled as ran-
dom variables Xj, ..., X,,,, which are assumed to follow a joint probability distribution
f(x1,...,z,,, 7). Based on this distribution, clustering also seeks to identify underly-
ing groupings by exploiting patterns in the data, forming clusters such that elements
within the same cluster are similar to each other, while those in different clusters are

dissimilar.

There are various types of clustering techniques which can be categorized into
partitioning methods, hierarchical methods, model-based methods, density-based methods
and grid-based methods. This dissertation uses K-means, DBSCAN and HDBSCAN.
K-means is a partitioning method which will be outlined in more detail in Section K.1.1.
DBSCAN is a density-based method and will be discussed in Section K.2. HDBSCAN
extends DBSCAN by incorporating a hierarchical approach and will be presented in
Section K.3.
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K.1 Partitioning Methods and K-means Clustering

Given vectors of observations @1, ..., y where each vector is n,-dimensional, partition-
ing clustering methods aim to divide the N elements into K < N clusters. The number
of clusters, K, is assumed to be known, and needs to be pre-specified by the user. There
are several methods within the literature, such as the elbow method, silhouette method
and gap statistic, to determine K. More detail on these methods is provided in Sec-
tion K.1.2. In partitioning methods, each cluster must contain at least one element
and each element must belong to exactly one cluster. This is termed exclusive cluster

separation.

The most well-known partitioning method is the K-means method. Its roots can
be traced back to Steinhaus (1957), however, the term was first coined in MacQueen
(1967). K-means clustering assigns each element to the cluster having the nearest

centroid or mean. The process will now be detailed.

K.1.1 K-means

The K-means algorithm begins by selecting g elements to serve as ‘seeds’. These ‘seeds’
may be selected using different approaches. One approach is to randomly choose the g
elements without imposing any constraints. Another method is to select the g elements
based on a distance criterion. Specifically, that the elements selected are at least d
units of distance apart from each other. The most common distance metric used is the
Fuclidean distance (Leskovec et al., 2014). Given two data points @; = (1, ..., Tin, )’
and x; = (i1, ..., Ty, ), 1,7 = 1,..., N, i # 7', the Euclidean distance between x; and

x; is calculated using the following formula:

Jj=1

dpvo(xi, xy) = \li(m” — xyj)2. (K.1)

Other distance metrics found within the literature include the Manhattan distance
(Leskovec et al., 2014), the Minkowski distance (Leskovec et al., 2014), Jaccard distance
(dissimilarity measure) (Leskovec et al., 2014), Gower’s distance (Gower, 1971) and

distance metrics based on correlation measures.

After each of the g initial elements have been selected, each of the N —g remaining
observations is assigned to the nearest ‘seed’ according to some distance metric. As
soon as the cluster has more than one element, the ‘seed’ is replaced with the sample

mean vector. Once all elements are assigned to their clusters, thus creating an initial
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partitioning, an iterative technique is employed. This technique tries to improve the
initial partitioning by transferring elements from one cluster to another. This is carried
out by first computing and comparing the distance between each element and the
centroids of all the clusters. If the smallest distance is between the element and a
centroid from another cluster, the element is reallocated to that cluster. When a cluster
gains or loses an element, the algorithm recomputes its centroid, and the distances
between every set of elements and the updated centroids are calculated once again.
This procedure is repeated until elements are no longer reallocated. A ‘good’ clustering
is obtained when the sum of squared distances between all elements in a cluster and

their centroid is minimized as much as possible.

It is worth noting that since the K-means method is sensitive to the choice of the
initial ‘seeds’ (Blashfield, 1976; Friedman & Rubin, 1967), it is recommended to repeat

the clustering procedure more than once using different ‘seeds’.

K.1.2 Determining the Number of Clusters

Deciding on the appropriate number of clusters is challenging since there is no known
optimal amount. Nevertheless, numerous methods can be used to determine the num-
ber of clusters, however, in this dissertation the elbow method, the gap statistic and the

silhouette score were used.

The elbow method (Thorndike, 1953) is a visual approach for determining the
optimal number of clusters in a dataset. It is based on the principle that increasing the
number of clusters, reduces the Within Cluster Variation (WCV). However, beyond
a certain point, adding more cluster yields diminishing returns in reducing the WCV,
resulting in a notable change in the slope of the WCV curve. This point, resembling
an “elbow”, is considered the “optimal” number of clusters. The elbow method is

performed as follows:

1. Given a number, K > 0, and a dataset X, K clusters are formed using a clustering

algorithm such as K-means.
2. For each K value, the WCV is computed.
3. The curve of WCV against K is plotted.

4. The first or more significant turning point of the curve, i.e. the elbow, then

indicates the “optimal” number of clusters.

The gap statistic (Tibshirani et al., 2002) determines the “optimal” number of
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clusters by testing the observed clustering performance against expected clustering
performance under a null reference model. In particular, it measures the difference (the
“gap”) between the total WCV for a given number of clusters K and its expected value
under the null reference distribution. The K that outputs the largest gap statistic is
then chosen to be the ideal amount of clusters. This suggests that the data clustering
structure is significantly different from a random uniform distribution of points. In
other words, the bigger the gap statistic, the more meaningful are the clusters identified.

The algorithm is carried out in the following way:

1. Cluster analysis is performed on the observed data, varying the number of clusters

K > 0.
2. For each K > 0, the WCV is computed on the observed data.

3. B reference datasets with a random uniform distribution are generated. Cluster
analysis is performed on each of the B reference datasets, varying the number of

clusters K > 0.
4. For each K > 0, the WCV is computed on the B reference datasets.

5. The estimated gap statistic is computed as the distance between the observed

WCVk and its expected value WC' Vi g under the null hypothesis:

1 B
Gap(K) = B Zlog(WC’VKB) — log(WCVk)

b=1

6. The standard deviation of the gap statistic is also computed.

7. The smallest value of K such that the gap statistic is within one standard deviation
of the gap at K+1, i.e. Gap(K) > Gap(K +1) — sk.1, is chosen to be the optimal

number of clusters.

The silhouette score (Rousseeuw, 1987) is an internal cluster validation metric
used to assess how well data points have been assigned to clusters, however, it can
also be used to determined the optimal number of clusters. Suppose D is the set of
all observations from X, i.e. D = {xy,...xx}. Let D, be partitioned into K clusters,
(1, ...,Ck. For every observation @; € D, ¢ =1, ..., N the average distance between x;
and all other elements in the cluster to which x; is a part of is calculated and denoted
as a(x;). Additionally, the minimum average distance between x; and all the clusters
in which «; does not belong, is calculated and denoted as b(x;). Thus, for x; € Cy,

k=1,..., K, we have:
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Zmi/eck,mﬁémi/ d/LSt(mZ’ wi’)

, K.2
|Ck| =1 K-2)

CL(JIZ) =

and

>z, ec,, dist(xi, Ti) } (K.3)

min
Cor:1<k/ <K,k £k |C|

The silhouette coeflicient of @; can then be defined as:

N b(x) — a(z)
@) = axa(@) b} (K4)

The silhouette coefficient lies within the range (—1,1). The value of a(x;) in-
dicates how compact the cluster which @; forms part of is. The smaller a(x;) is, the
more compact the cluster. On the other hand, the value of b(x;) measures how sepa-
rated «; is from other clusters. The larger the value of b(x;), the more separated x;
is from other clusters. Thus, when s(a;) — 1, the cluster containing x; is compact
and «; distant from the other clusters, which is what is preferred. On the contrary, a
negative silhouette coefficient indicates that in expectation, x; is closer to the elements
in another cluster than to the elements in the same cluster as a;. This situation is

inadequate and should be avoided.

The average silhouette coefficient value of all the elements in the cluster can be
used to determine how well a cluster fits within the resulting cluster solution. Addi-
tionally, the average silhouette coefficient value of all the elements in the dataset can
be used to measure the clustering quality. An average silhouette score of 1 indicates
that the clusters are very dense and nicely separated. A score of 0 means that clusters
are overlapping. A score of less than 0 means that elements belonging to clusters may
be wrong/incorrect. The silhouette coefficient and other intrinsic methods can also be
utilized in the elbow method to heuristically obtain the optimal number of clusters in a
dataset by substituting them instead of the sum within-cluster variances. The optimal
number of clusters is typically chosen as the value of K that maximizes the silhouette

score.

K.2 Density-Based Methods and DBSCAN

Prior to discussing DBSCAN it is important to distinguish between the two different

types of density present within the clustering literature. Data density refers to how
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densely packed observations are in certain regions of the data space, without assuming
an underlying probability distribution. In this case, the density of a region is deter-
mined by counting the number of observations within it, and a region is considered
dense if the number of observations exceeds a pre-specified density threshold. Con-
versely, probability density is related to the probability density function in the usual
statistical sense. In this case, clusters are seen as regions in the data space where the
probability density function is high. This type of density will not be considered here.

As a result the term density will refer to data density from here onwards.

In DBSCAN;, the density around a data point &; € R™ i =1, ..., N, is measured
by defining a region around said point, and examining the number of data points
within the designated region. These data points are referred to as neighbours. The
size of the region is determined by a hyperparameter denoted as Eps, which represents
the maximum distance between two points for them to be considered neighbours. In
addition to Eps, the algorithm uses another hyperparameter known as MinPts, a
criterion which specifies the minimum number of data points required for a region to be
considered “dense”. Observations that have a minimum number of other observations
(specified by MinPts) within a given Eps of itself are known as core points. This is
referred to as the core point criterion. If an observation lies within the Eps ‘radius’
of a core point, but does not satisfy the MinPts criterion, it is referred to as a border
point. On the other hand, observations that are neither core points nor connected to

any core point are said to be outliers.

DBSCAN aims to construct dense regions (clusters) by making use of core points
and their neighbourhoods. However, prior to explaining the DBSCAN clustering pro-
cedure, it is necessary to define the concepts of directly-density reachable and density-

connectedness.

Definition 13 Directly-Density Reachable
A point x; is said to be directly-density reachable from another point x,., i,r =1,..., N,

i # r with respect to the parameters Eps and MinPts if:
e X, 1S a core point;

o x; lies within the Eps-neighbourhood of @, i.e. d(x;,x,.) < Eps, where d is a

distance metric.

Definition 14 Density-Connectedness
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Two points x; and x,, i,r = 1,..., N, i # r, are density-connected if 3 a sequence of

points (x;,,...,x;,) in X, such that:
* Iy = &y,
* L, = Ly,
o each point in the sequence is directly-density reachable from the previous one.

The closure of density-connectedness is then used to find connected dense regions
as clusters, where every closed set is a density-based cluster. Let D be the set of all

observation from X, i.e. D = {@xy,...,xy}, then a subset C' C D is a cluster if:

1. For any two points z,,x, € C, ¢,r = 1,.... N, ¢ # r, £, and x, are density-

connected.

2. B a point ; € C and another point xy € (D — C) such that x; and x; are

density-connected, 7,7’ = 1,..., N, i # 7.

DBSCAN then finds the clusters in the following way. Initially all elements in the
set D are labelled as “unvisited”. An unvisited point x; € D, is randomly selected and
marked as “visited”. The Eps-neighbourhood of x;, denoted Ng,s(x;), is examined. If
the number of elements in the neighbourhood is at least MinPts, then x; is identified
as a core point, and a new cluster C' is created with x; as its initial member. All
elements in Ngpys(x;) are added to a candidate set M, which will be used to expand

the cluster.

The cluster expansion process is then carried out by first checking which obser-
vations in M are core points. If a point @, € M, i # 7', is also a core point, then its
own Eps-neighbourhood is added to M, allowing the cluster to grow further. Observa-
tions that are within the Eps-neighbourhood of core points but do not satisfy the core
point criterion are still included in the cluster but do not contribute to its expansion.
This process is continued iteratively until no more observations can be added to C', at
which point the cluster is complete. Once a cluster has been formed, the algorithm
searches for the next cluster by randomly selecting another unvisited point from D and
repeating the process. If the selected observation does not satisfy the core point crite-
rion, it remains unclustered and is eventually classified as an outlier. This procedure

is continued until all observations have been visited.

The DBSCAN parameters, Eps and MinPts, that lead to the identification of
adequate clusters, needs to be specified by the user. Such parameters specifications

are typically empirically determined. Nevertheless, according to the literature, when
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n, = 2, MinPts is conventionally set to 5 (Ester et al., 1996), whereas when n, > 3,
MinPts is set to 2n, (Sander et al., 1998). To determine optimal value for Eps, the
distance to the x'"-nearest neighbour are plotted for each point ; in the dataset, where
k = MinPts — 1. This approach involves sorting these distances in ascending order
and plotting them against their indices. The “elbow” point in the resulting curve, i.e.
where the slope significantly changes, indicates a suitable value for Eps. It is worth
noting that different hyperparameter values might result in the discovery of different

clusters.

K.3 HDBSCAN

DBSCAN can only provide a “flat” (i.e. non-hierarchical) labelling of observations,
based on a global density threshold. Utilizing a single density threshold might not
properly characterize data sets with clusters of varying densities and/or nester clus-
ters. Consequently HDBSCAN was developed to cater for this issue by generating a
complete density-based clustering hierarchy from which a simplified hierarchy made up
of only the most significant clusters that can be easily extracted. Prior to discussing

HDBSCAN, we proceed to give a brief overview of hierarchical clustering.

K.3.1 Hierarchical Clustering Methods

Hierarchical clustering methods aim to build a hierarchy of clusters typically repre-
sented as a tree-like diagram called a dendrogram. When dealing with these types
of methods, there are two approaches that could be taken, namely agglomerative or

divisive, based on how the hierarchy of clusters is formed.

In the case of the agglomerative approach, each element is initially regarded as a
separate group. The elements or groups ‘close’ to each other are then combined until
all the clusters have been merged into one, or a termination condition is satisfied. This
is referred to as a bottom-up approach. Conversely, the divisive approach starts with
all elements being in the same cluster and recursively splits clusters until each element

is in a cluster by itself, or until the node is terminated. This is a top-down approach.

Cluster analysis based on hierarchical methods can be distance-based and/or
density and continuous based. Apart from this, they have been extended to cater for
clustering in subspaces as well. One disadvantage of hierarchical methods is that once
a merge or split is implemented, it can never be undone. Having said that, this makes

the method less computationally expensive as the algorithm is not concerned with the
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combinatorial number of different choices. It is worth noting that methods that can
be used to improve upon hierarchical method’s quality have been developed, however,

they do not correct any erroneous decisions (Han et al., 2012).

K.3.2 DBSCAN*

Before outlining the HDBSCAN method, it is necessary to introduce first, a formal
definition of Eps-reachability is required:

Definition 15 Eps-Reachable
Two core points x, and T, are said to be Eps-reachable with respect to Eps and MinPts

if ¢, € N(xz,) and x, € N(z,).

Now based on the definition of Eps-reachability, core points, density connected-
ness, and cluster (see Section K.2), an algorithm DBSCAN* can be devised, whereby
clusters are identifies as components of a graph in which the elements in D are vertices
and each pair of vertices is adjacent if and only if the corresponding data points are
Eps-reachable with respect to user defined parameters Eps and MinPts. Non-core

points are labelled as outliers.

K.3.3 HDBSCAN

HDBSCAN has a single input parameter MinPts. Different density levels in the gen-
erated density-based cluster hierarchy will then correspond to different values of the
radius Eps. In order to properly formulate the density based hierarchy with respect to
a value of MinPts, the concepts of core distance, Eps-core point, mutual reachability

distance and mutual reachability graph will be defined.

Definition 16 Core Distance
The core distance of a data point x, € D with respect to MinPts, deoe(x,), is the

distance from x, to its MinPts-nearest neighbour including ., .

Definition 17 Eps-Core Point
A data point x, € D is called an Eps-core point if VEps > deore(,), w.r.t MinPts.

Definition 18 Mutual Reachability Distance
The mutual reachability distance between two observations x, and x4 in D with respect

to MinPts is defined as dmpgeach(Zr, ) = max{deore(Tr, deore (X)), d(x,, x4)) }
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Definition 19 Mutual Reachability Graph
A mutual reachability graph, Gurinpts, 1S a complete graph in which the observations of
D are vertices and the weight of each edge is the mutual reachability distance, w.r.t

MinPts, between the respective pair of observations.

Suppose Gurinpts,Eps & Gminpes 18 @ graph obtained by removing all edges from
Garinpts that have weights greater than Eps. From the definitions of a cluster, Eps-core
point and mutual reachability graph, it is intuitive to infer that clusters according to
DBSCAN* with respect to MinPts and Eps are the connected components of Eps-
core points in Gasinpts Eps- Lhe remaining observations are outliers. As a result, all
DBSCAN* partitions for Eps € [0,00), can be outputted in a nested, hierarchical way
by discarding edges in decreasing order of weight from Gpsnprs. Thus, a hierarchical
version of DBSCAN* could be implemented by an algorithm that starts by computing
a Single-Linkage hierarchy to find connected components and outliers at each level.

Campello et al. (2013) proposed a more efficient equivalent solution.

A density based cluster hierarchy has to represent the fact that an element x, € D
is an outlier below the level [ that corresponds to «,’s core distance. To demonstrate
this in a dendrogram, Campello et al. (2013) proposed to include an additional den-
drogram node for @x, at level [ representing the cluster containing x, at that level
and higher. In order to directly build such a hierarchy, an extension of a minimal
spanning tree of the mutual reachability graph Gys,pis Was proposed, from which an
extended dendrogram can be constructed by removing edges in decreasing order of
weights. Specifically, the minimal spanning tree is extended by connecting each vertex
x, to itself (self loops) where the edge weight is set t0 deore(X,). Said “self edges” will
then be considered when removing edges. The pseudocode for HDSBCAN, which has
inputs MinPts and a set of elements D, can be found in Algorithm 2.
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Algorithm 2 HDBSCAN main steps (Campello et al., 2013)
1. Compute the core distance w.r.t. MinPts for all data objects in D.
2. Compute an MST of Gpsinpis, the Mutual Reachability Graph.

3. Extend the MST to obtain MST.,;, by adding for each vertex a “self edge” with the core distance
of the corresponding object as weight.

4. Extract the HDBSCAN hierarchy as a dendrogram from MST,,;:
4.1. For the root of the tree assign all objects the same label (single “cluster”).

4.2. Tteratively remove all edges from MST,,: in decreasing order of weights (in case of ties, edges
must be removed simultaneously):
4.2.1. Before each removal, set the dendrogram scale value of the current hierarchical level
as the weight of the edge(s) to be removed.

4.2.2. After each removal, assign labels to the connected component(s) that contain(s) the
end vertex(-ices) of the removed edge(s), to obtain the next hierarchical level: assign
a new cluster label to a component if it still has at least one edge, else assign it a null
label (“noise”).

HDSBCAN generates a clustering tree that contains all DBSCAN* partitions,
with respect to MinPts, in a hierarchical, nested way. Additionally, it contains nodes
that indicate when an isolated data point changes from core to outlier. The result
is referred to as the “HDBSCAN hierarchy”. HBDSCAN runs in O(n, - N?) time
and requires either O(n, - N) or O(N?) space, depending on whether distances are

calculated on the fly or stored in a matrix (Campello et al., 2013).

K.3.4 Hierarchy Simplification

The HDBSCAN hierarchy can easily be visualised as a conventional dendrogram. Nev-
ertheless, interpreting these plots for relatively large data sets is not straightforward,
making the extraction of only “significant” clusters from a dendrogram a fundamen-
tal problem. Consequently, Campello et al. (2013) proposed a simplification of the
HDBSCAN hierarchy based on a fundamental observation about estimates of the level
sets of continuous-valued probability density functions. For a given probability density
function, there exists any of the following possibilities for the evolution of the con-
nected components of a continuous density level set when increasing the density level
(decreasing Eps in this case). The component shrinks but stays connected, up to a

density threshold at which either:
o the component is split up into smaller ones;
o the component disappears.

This observation can be applied to the HDBSCAN hierarchy by selecting only
those hierarchical levels where new clusters emerge through a genuine split or where

existing clusters vanish, as these represent the points of most significant structural
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change in the clustering process. When decreasing Eps, the mere removal of outliers
from a cluster does not constitute a true split; in such cases, the cluster simply shrinks

and should therefore retain its original label.

This idea can be generalized by setting the minimum cluster size, mg;,.. When
Mesize < 1, components with less than mgg;.. data points are disregarded and their
disconnection from a cluster does not establish a “true” split. HDBSCAN can be
adapted accordingly by altering Step 4.2.2 of Algorithm 2 as shown in Algorithm 3,
whereby a connected component is considered spurious if it has less than mgs;.. data
points or for ms;,. = 1, if it is an isolated, non-dense data points (i.e. no edges). Any
spurious component is labelled as an outlier and its removal from a larger component
is not deemed as a cluster split. In practice, this can diminish the size of the hierarchy
significantly. To make HDBSCAN similar to prior density-based methods, as well as
to simplify its use, mggsi.e can be set to MinPts. This turns MinPts into a single
parameter that serves as both a smoothing factor and a threshold for the cluster size.
It is worth noting that HDBSCAN can extract an optimal non-hierarchical clustering
from the hierarchy by maximizing cluster stability, labelling data points that do not

belong to stable clusters as outliers.

Algorithm 3 HDBSCAN step 4.2.2 with (optional) parameter mgs;.. > 1 (Campello et al., 2013)

4.2.2 After each removal (to obtain the next hierarchical level), process one at a time each cluster that
contained the edge(s) just removed, by relabeling its resulting connected subcomponent(s):
Label spurious subcomponents as noise by assigning them the null label. If all subcomponents of
a cluster are spurious, then the cluster has disappeared.
Else, if a single subcomponent of a cluster is not spurious, keep its original cluster label (cluster
has just shrunk).
Else, if two or more subcomponents of a cluster are not spurious, assign new cluster labels to
each of them (“true” cluster split).

K.4 Assessing Clustering Tendency and the Hopkins Statistic

Assessing clustering tendency aims to determine whether there exists a non-random
structure within a given dataset that may lead to meaningful clusters. For instance,
suppose a dataset is a set of uniformly distributed points, where the term uniformly
distributed is not used in the statistical sense but describes a scenario where observation
in said dataset are spread evenly and randomly across the feature space without any
areas of high/low density. Although the clustering algorithm may return clusters, they
are not considered meaningful because there does not exist a non-random structure
within the data. It is worth noting that throughout this section, the term “uniformly

distributed” will take the just stated definition.
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One method to assessing the clustering tendency of a dataset is to measure the
probability that the elements within said dataset are uniformly distributed. This can
be done through the use of statistical tests for spatial randomness, such as the Hopkins
statistic (Hopkins & Skellam, 1954). Let D be a set of all elements from X, i.e. D =
{x1,...,zy} and let D = {&,..., &5} be the set of all elements randomly sampled
without replacement from D, N < N. Here N is a small fraction of N, for example
10% (Lawson & Jurs, 1990). A set U = {4iy, ..., @y} of uniformly randomly distributed
elements is generated. The objective is to determine how different D is from U. This
can be achieved through computing the Hopkins statistic, H:

i g
S+ )

H= (K.5)

where n, represents the number of features, 4; is the minimum distance from @; € U,
i=1,..., N to its nearest neighbour in D, and @; is the minimum distance of &; € DC
D, to its nearest neighbour x; € D, @; # ;. The distances u; and w; are calculated

using a distance metric like the Euclidean distance.

It is convention to compute H multiple times and take the average due to sam-
pling variability. Additionally, it is worth noting that under the spatial randomness
hypothesis, i.e. the data is generated by Poisson point process and thus, uniformly ran-
domly distributed, H has a Beta(N, N) distribution and thus, will always fall within
the range [0,1]. The Hopkins statistic is then interpreted in the following way:

o Values of H < 0.5 indicate that the elements in D are regularly spaced, suggesting

repulsion between elements.
o Values of H close to 0.5 indicate spatial randomness of the elements in D.

e When 0.5 < H < 0.75, there is a potential clustering tendency among the elements
in D.

e Values of H > 0.75 suggest a strong clustering tendency at the 90% confidence
level (Lawson & Jurs, 1990).

K.5 Clustering Evaluation

After a clustering technique has been applied to the data, it is important to assess
the quality of the outputted clustering. This can be accomplished through various
methods depending on the task at hand. When clustering is used in simulation studies,

extrinsic methods are typically employed. These methods rely on ground truth labels to
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evaluate the clustering quality. Nevertheless, in the application presented in Chapter
5, clustering algorithms are applied to real-world data where cluster labels are not
available and so, intrinsic methods are used instead. Intrinsic methods assess the
clustering quality by examining the compactness and separation of clusters based on

some objective criteria, without any knowledge on how the true partition should look

like.

There are numerous intrinsic metrics that can be used, depending on the nature
of the data and clusters, as well as the algorithms used. One of the most commonly
used intrinsic validity index was proposed by Dunn in 1973. Since then, there have
been several extensions and generalizations of Dunn’s index that employ different mea-
sures of compactness and separation between clusters. One notable generalization was
developed by Pal & Biswas (1997) in order to facilitate the evaluation of clusterings
when the data contains irregular or complex shaped clusters. This was accomplished
by leveraging graph theory concepts, especially through the used of the Gabriel graph
which will be explained shortly. Ilc (2012) then modified this generalized Dunn’s index
to improve its ability to correctly identify such clusters. Having introduced the concept
of clustering evaluation, we will now proceed to outline the relevant theory relating to

Gabriel graphs, the generalized Dunn index and its modification.

K.5.1 Gabriel Graph

Let D = {@,...,xzny} be a set of n,-dimensional data points, x; € R™, i = 1,..., N,
and let G = (V, €) denote a graph. For every element «; there is a vertex v; € V, that
is an abstraction in the graph G, thus |D| = |V| = |N|. The proximity of two vertices
v;, vy € Vis defined as the Euclidean distance between their associated pair of elements,
ie. let dgyc(xi, ) be linked by the edge e, = {v;,vs} and let G be an undirected
graph weighted by the Euclidean distance between the data points. Therefore, the

weight of the edge e, = {v;, vy} is calculated as w(e,) = dpvc(@i, Ti).

The Gabriel graph is a graph in which there exists an edge e, = {v;, vy} such
that:

dQEUC’(wiv mi’) < d?EUC(mi’ w?“) + dQEUC(wTv mi’)v (K6)

Vr:v, €V, r#1i,r #1i. In other words, vertices v; and v; are connected if there does
not exist any other vertex v,, such that its associated observation @, would lie in the
n,-dimensional hyperplane with diameter dgyc(x;, ;) and its centre in x; + w
The notion of a Gabriel graph is illustrated in Figure K.1.
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Figure K.1: A construction of the Gabriel graph on three data points. Solid line represents an edge
between two vertices (adapted from Ilc (2012)).

K.5.2 Dunn’s Index and its Generalization

Assume a set of elements D has been divided into K clusters, Cy, k£ = 1,..., K
and obtained the following partition Cr = {C,...,Ck} such that D = Ui, C) and
CvNCrw =0, k # K, C, # (. The Dunn’s validity index of the partition Cx can be

calculated as:

minlSkSK{minlgk/SK{dist(Ck, Ck/)}}

DN(Ck) = , K.7
(C) max; << g {diam(C))} (K.7)
where
diam(Cy) = m-rg.é,lé(ck{dEUc(mi’ x;)} (K.8)
and
d’iSt(Ck, Ck/) = min ,{dEUC(wi, :Bl/)} (KQ)

x;€Cy ,wiECk/ JAFL

The higher the value of DN (Ck), the more compact and well-separated clusters
in the partition Cx are. Thus, the partitions for different number of clusters K, or for
any other parameter of the clustering algorithm may be computed, and the partition
that maximizes Dunn’s index is considered to be the optimal solution. It is worth

noting that the complexity of Dunn’s index is O(n,, - N* + K?).

Bezdek & Pal (1998) argue that the definitions of the inter cluster diameter
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(Equation (K.13)) and the between cluster distance (Equation (K.14)) are too sensitive
to data that contains outliers and are also unreliable for the validation of non-spherical
clusters (Ilc, 2012). In order to combat these issues, Bezdek & Pal (1998) enhanced
the index using the Gabriel graph which will be referred to as the generalized Dunn’s
index. The generalization works by representing the elements x; € D with vertices
v; € V in the Gabriel graph and to redefine the cluster diameter and between cluster

distance as:

diamg(Cy) = 1£2|}§¢|{6q}7 e, € &, (K.10)
and
diStG(Ck, Ck/) = dEUC(mean(C'k), mean(C’k/)), (Kll)

where &; denotes the set of edges in the Gabriel graph, such that every edge e, € &;
links a pair of vertices both belonging to the cluster C} and mean(Cy) denotes the
mean value of all the observations in the cluster C. The generalized Dunn’s index
of the clustering Cx, DNg(Ck) is calculated as in Equation (K.7) replacing diam
with diamg and dist with distg. Analogous to before, the higher value of DNg(Ck)
indicates the better partition. It is worth noting that the computational complexity of

the generalized Dunn’s index is O(n, - N* +n, - K + N).

K.5.3 The Modified Dunn’s Index

The modified Dunn’s index improves upon the conventional generalized Dunn’s index
by modifying the calculation of the cluster diameter and distance between clusters.
The principal idea is to define the distance between a pair of observations in terms
of the shortest path between them in the Gabriel graph. Let G(V, ) be the Gabriel
graph built on D, a path p between v; and v} is a sequence of vertices, such that there
exists an edge between each of the two successive vertices. A path that has no repeated
vertices is referred to as a simple path and the length [, is equal to the number of edges
on p. Denote the edge on a path p as e}, t = 1, ..., 1, and suppose there are P possible
paths between a pair of vertices v;, vy € V. The distance between the elements x; and

x; is defined as:

ds(@;, @) = min {lzpw(ef)}. (K.12)

1<p<P |

Here w(e}) represents the weight of the edge on the path p between v; and v; and it is
equal to dgyc(x;, ). Figure K.2 shows the difference between the distances, dgyc and

dgs, between the pair of observations a; and x;, where solid lines represent existing edges
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in the Gabriel graph. In this simple case, dg(x;, ;) = dgvc(xi, ) + dpyc (@, ;).
To determine the shortest paths between all pairs of vertices in V, Johnson’s algorithm
(Johnson, 1977) is employed. The definitions of the cluster diameter and the between

cluster distance are now:

diamg(Cy) = max {ds(x;,xy)} (K.13)
x;,x; €C
and
dists(Cy, Cp) = min {ds(x;, xy)}. (K.14)

:cieck,wieCk/,i;éz

Here d is a non-negative real number for all the pairs of observations in D, since in
the Gabriel graph, there always exists a path between any two vertices (Ilc, 2012).
The modified Dunn’s index of a clustering C, DNg(Ck) is as in Equation (K.7) but
replacing diam with diamg and dist with dists. Once again, the larger the value of
DNg(Ck), the better the partition Cg is considered to be. It is worthing noting that
the complexity of the modified Dunn’s index is O(n, - N> + N?log N + N? + K?).

mr dS(a:’H L :B?:,

@

£L;

Figure K.2: The Euclidean distance dgyc (dashed line) and the shortest distance dg in the Gabriel
graph (solid line highlighted with a contour) between the points x; and x; (adapted from Ilc (2012)).
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Summary of Performance Metrics for Hyperparameter

Tuning using Edgeless Graph Model on Reduced Dataset

Appendix L

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 0.42 | 0.26 1.10
16 0.00001 0.3 0.57 | 0.50 1.53
16 0.00001 0.4 0.78 | 0.82 1.96
16 0.00001 0.5 0.80 | 0.84 1.98
16 0.0001 0.2 0.39 | 0.22 1.02
16 0.0001 0.3 0.38 | 0.22 1.02
16 0.0001 0.4 0.37 | 0.21 0.99
16 0.0001 0.5 0.73 | 0.73 1.85
16 0.001 0.2 0.42 0.26 1.10
16 0.001 0.3 0.38 | 0.23 1.04
16 0.001 0.4 0.39 | 0.23 1.04
16 0.001 0.5 0.37 | 0.22 1.02
16 0.01 0.2 0.37 | 0.23 1.04
16 0.01 0.3 0.37 | 0.23 1.04
16 0.01 0.4 0.37 | 0.22 1.02
16 0.01 0.5 0.37 | 0.23 1.04
32 0.00001 0.2 0.46 | 0.33 1.24
32 0.00001 0.3 0.52 | 0.44 1.44
32 0.00001 0.4 0.66 | 0.65 1.75
32 0.00001 0.5 041 | 0.25 1.08
32 0.0001 0.2 0.38 | 0.22 1.02
32 0.0001 0.3 0.37 | 0.21 0.99
32 0.0001 0.4 0.46 | 0.32 1.22
32 0.0001 0.5 0.85 | 0.94 2.10
32 0.001 0.2 0.40 0.24 1.06
32 0.001 0.3 0.38 | 0.23 1.04
32 0.001 0.4 0.37 | 0.22 1.02
32 0.001 0.5 0.37 | 0.23 1.04
32 0.01 0.2 0.38 | 0.22 1.02
32 0.01 0.3 0.37 | 0.22 1.02
32 0.01 0.4 0.37 | 0.23 1.04
32 0.01 0.5 0.37 | 0.23 1.04

Table L.1: Validation performance metrics for latitude using the Edgeless Graph Architecture on

reduced dataset (part 1).
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APPENDIX L. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON REDUCED DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 0.51 | 0.41 1.39
64 0.00001 0.3 0.59 | 0.52 1.56
64 0.00001 0.4 0.65 | 0.60 1.68
64 0.00001 0.5 0.80 | 0.85 2.00
64 0.0001 0.2 0.39 | 0.22 1.02
64 0.0001 0.3 0.40 | 0.23 1.04
64 0.0001 0.4 0.43 | 0.28 1.15
64 0.0001 0.5 0.84 | 0.93 2.09
64 0.001 0.2 0.38 | 0.22 1.02
64 0.001 0.3 0.37 | 0.23 1.04
64 0.001 0.4 0.37 | 0.23 1.04
64 0.001 0.5 0.37 | 0.23 1.04
64 0.01 0.2 0.39 | 0.23 1.04
64 0.01 0.3 0.37 | 0.22 1.02
64 0.01 0.4 0.39 | 0.24 1.06
64 0.01 0.5 0.38 | 0.23 1.04

Table L.2: Validation performance metrics for latitude using the Edgeless Graph Architecture on
reduced dataset (part 2).

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 0.50 | 0.50 1.07
16 0.00001 0.3 0.76 | 0.89 1.43
16 0.00001 0.4 1.04 | 1.45 1.82
16 0.00001 0.5 0.79 | 0.94 1.47
16 0.0001 0.2 0.46 | 0.44 1.00
16 0.0001 0.3 0.47 | 0.44 1.00
16 0.0001 0.4 0.49 | 0.46 1.03
16 0.0001 0.5 1.07 | 1.46 1.83
16 0.001 0.2 0.48 | 0.46 1.03
16 0.001 0.3 0.46 | 0.44 1.00
16 0.001 0.4 0.46 | 0.44 1.00
16 0.001 0.5 0.46 | 0.44 1.00
16 0.01 0.2 0.46 | 0.44 1.00
16 0.01 0.3 0.46 | 0.44 1.00
16 0.01 0.4 0.46 0.44 1.00
16 0.01 0.5 0.46 | 0.44 1.00
32 0.00001 0.2 0.54 | 0.53 1.10
32 0.00001 0.3 0.73 | 0.81 1.36
32 0.00001 0.4 1.07 | 1.51 1.86
32 0.00001 0.5 0.88 | 1.11 1.59
32 0.0001 0.2 0.48 | 0.46 1.03
32 0.0001 0.3 0.47 | 0.45 1.01
32 0.0001 0.4 0.54 | 0.53 1.10
32 0.0001 0.5 1.23 | 1.89 2.08
32 0.001 0.2 0.46 | 0.44 1.00
32 0.001 0.3 0.46 | 0.44 1.00
32 0.001 0.4 0.46 | 0.44 1.00
32 0.001 0.5 0.46 | 0.44 1.00
32 0.01 0.2 0.47 | 0.44 1.00
32 0.01 0.3 0.46 | 0.44 1.00
32 0.01 0.4 0.46 0.44 1.00
32 0.01 0.5 0.46 | 0.44 1.00

Table L.3: Validation performance metrics for longitude using the Edgeless Graph Architecture on
reduced dataset (part 1).
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APPENDIX L. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON REDUCED DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 0.64 | 0.67 1.24
64 0.00001 0.3 0.85 | 1.02 1.53
64 0.00001 0.4 0.72 | 0.81 1.36
64 0.00001 0.5 0.55 | 0.55 1.12
64 0.0001 0.2 0.48 | 0.46 1.03
64 0.0001 0.3 0.49 | 047 1.04
64 0.0001 0.4 0.53 | 0.53 1.10
64 0.0001 0.5 1.21 | 1.88 2.07
64 0.001 0.2 0.46 | 0.44 1.00
64 0.001 0.3 0.46 | 0.44 1.00
64 0.001 0.4 0.46 | 0.44 1.00
64 0.001 0.5 0.46 | 0.44 1.00
64 0.01 0.2 0.46 | 0.44 1.00
64 0.01 0.3 0.46 | 0.44 1.00
64 0.01 0.4 0.47 | 0.44 1.00
64 0.01 0.5 0.47 | 0.45 1.01

Table L.4: Validation performance metrics for longitude using the Edgeless Graph Architecture on
reduced dataset (part 2).

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 7.15 | 63.67 0.99
16 0.00001 0.3 7.16 | 64.71 0.99
16 0.00001 0.4 7.14 | 64.57 0.99
16 0.00001 0.5 6.97 | 63.79 0.99
16 0.0001 0.2 6.96 | 61.04 0.96
16 0.0001 0.3 7.08 | 62.67 0.98
16 0.0001 0.4 711 | 63.41 0.98
16 0.0001 0.5 7.23 | 63.40 0.98
16 0.001 0.2 6.62 | 64.30 0.99
16 0.001 0.3 6.31 | 54.70 0.91
16 0.001 0.4 6.50 | 56.60 0.93
16 0.001 0.5 6.72 | 58.67 0.95
16 0.01 0.2 7.35 | 68.19 1.02
16 0.01 0.3 7.37 | 68.70 1.02
16 0.01 0.4 7.35 | 68.24 1.02
16 0.01 0.5 7.36 | 68.46 1.02
32 0.00001 0.2 7.24 | 66.14 1.00
32 0.00001 0.3 7.52 | 69.77 1.03
32 0.00001 0.4 7.03 | 62.16 0.97
32 0.00001 0.5 7.39 | 73.04 1.06
32 0.0001 0.2 6.91 | 59.27 0.95
32 0.0001 0.3 7.10 | 63.55 0.98
32 0.0001 0.4 7.17 | 62.75 0.98
32 0.0001 0.5 7.02 | 62.37 0.97
32 0.001 0.2 6.20 | 52.95 0.90
32 0.001 0.3 6.45 | 55.90 0.92
32 0.001 0.4 6.90 | 59.75 0.95
32 0.001 0.5 7.05 | 62.75 0.98
32 0.01 0.2 6.90 | 59.42 0.95
32 0.01 0.3 7.00 | 61.98 0.97
32 0.01 0.4 7.34 | 68.00 1.02
32 0.01 0.5 7.37 | 68.74 1.02

Table L.5: Validation performance metrics for depth using the Edgeless Graph Architecture on reduced
dataset (part 1).
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APPENDIX L. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON REDUCED DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 7.67 | 74.10 1.06
64 0.00001 0.3 6.90 | 62.92 0.98
64 0.00001 0.4 7.33 | 70.61 1.04
64 0.00001 0.5 7.33 | 75.74 1.07
64 0.0001 0.2 6.98 | 61.38 0.97
64 0.0001 0.3 7.30 | 64.96 1.00
64 0.0001 0.4 7.08 | 61.81 0.97
64 0.0001 0.5 7.24 | 68.04 1.02
64 0.001 0.2 6.51 | 58.53 0.94
64 0.001 0.3 6.94 | 60.55 0.96
64 0.001 0.4 7.03 | 61.82 0.97
64 0.001 0.5 7.20 | 65.08 1.00
64 0.01 0.2 6.24 | 52.17 0.89
64 0.01 0.3 6.22 | 52.19 0.89
64 0.01 0.4 7.14 | 64.11 0.99
64 0.01 0.5 7.10 | 63.23 0.98

Table L.6: Validation performance metrics for depth using the Edgeless Graph Architecture on reduced

dataset (part 2).

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
16 0.00001 0.2 0.30 | 0.19 1.27
16 0.00001 0.3 0.34 | 0.23 1.40
16 0.00001 0.4 0.34 | 0.22 1.37
16 0.00001 0.5 0.33 | 0.22 1.37
16 0.0001 0.2 0.27 | 0.14 1.09
16 0.0001 0.3 0.27 | 0.14 1.09
16 0.0001 0.4 0.27 | 0.14 1.09
16 0.0001 0.5 0.33 | 0.22 1.37
16 0.001 0.2 0.28 | 0.14 1.09
16 0.001 0.3 0.27 | 0.13 1.05
16 0.001 0.4 0.27 | 0.13 1.05
16 0.001 0.5 0.27 | 0.14 1.09
16 0.01 0.2 0.27 | 0.14 1.09
16 0.01 0.3 0.27 | 0.14 1.09
16 0.01 0.4 0.27 0.13 1.05
16 0.01 0.5 0.27 | 0.14 1.09
32 0.00001 0.2 0.29 | 0.18 1.24
32 0.00001 0.3 0.32 | 0.21 1.34
32 0.00001 0.4 0.33 | 0.22 1.37
32 0.00001 0.5 0.32 | 0.21 1.34
32 0.0001 0.2 0.27 | 0.14 1.09
32 0.0001 0.3 0.27 | 0.14 1.09
32 0.0001 0.4 0.28 | 0.16 1.17
32 0.0001 0.5 0.34 | 0.23 1.40
32 0.001 0.2 0.28 | 0.13 1.05
32 0.001 0.3 0.27 | 0.13 1.05
32 0.001 0.4 0.27 | 0.13 1.05
32 0.001 0.5 0.27 | 0.14 1.09
32 0.01 0.2 0.27 | 0.14 1.09
32 0.01 0.3 0.27 | 0.14 1.09
32 0.01 0.4 0.27 0.14 1.09
32 0.01 0.5 0.27 | 0.14 1.09

Table L.7: Validation performance metrics for magnitude using the Edgeless Graph Architecture on

reduced dataset (part 1).
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APPENDIX L. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON REDUCED DATASET

Batch Size LR Dropout Prob | MAE | MSE | NRMSE
64 0.00001 0.2 0.33 | 0.22 1.37
64 0.00001 0.3 0.32 | 0.21 1.34
64 0.00001 0.4 0.30 | 0.19 1.27
64 0.00001 0.5 0.30 | 0.18 1.24
64 0.0001 0.2 0.27 | 0.13 1.05
64 0.0001 0.3 0.29 | 0.18 1.24
64 0.0001 0.4 0.33 | 0.22 1.37
64 0.0001 0.5 0.34 | 0.23 1.40
64 0.001 0.2 0.28 | 0.14 1.09
64 0.001 0.3 0.27 | 0.13 1.05
64 0.001 0.4 0.27 | 0.14 1.09
64 0.001 0.5 0.27 | 0.14 1.09
64 0.01 0.2 0.27 | 0.14 1.09
64 0.01 0.3 0.27 | 0.14 1.09
64 0.01 0.4 0.27 | 0.13 1.05
64 0.01 0.5 0.27 0.14 1.09

Table L.8: Validation performance metrics for magnitude using the Edgeless Graph Architecture on
reduced dataset (part 2).

Batch Size LR Dropout Prob | NRMSE
16 0.00001 0.2 1.11
16 0.00001 0.3 1.34
16 0.00001 0.4 1.54
16 0.00001 0.5 1.45
16 0.0001 0.2 1.02
16 0.0001 0.3 1.02
16 0.0001 0.4 1.02
16 0.0001 0.5 1.51
16 0.001 0.2 1.05
16 0.001 0.3 1.00
16 0.001 0.4 1.01
16 0.001 0.5 1.01
16 0.01 0.2 1.04
16 0.01 0.3 1.04
16 0.01 0.4 1.02
16 0.01 0.5 1.04
32 0.00001 0.2 1.15
32 0.00001 0.3 1.29
32 0.00001 0.4 1.49
32 0.00001 0.5 1.27
32 0.0001 0.2 1.02
32 0.0001 0.3 1.02
32 0.0001 0.4 1.12
32 0.0001 0.5 1.64
32 0.001 0.2 1.00
32 0.001 0.3 1.00
32 0.001 0.4 1.01
32 0.001 0.5 1.03
32 0.01 0.2 1.02
32 0.01 0.3 1.02
32 0.01 0.4 1.04
32 0.01 0.5 1.04

Table L.9: Validation performance metrics for the four target variables using the Edgeless Graph
Architecture on reduced dataset (part 1).

213



APPENDIX L. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING EDGELESS GRAPH MODEL ON REDUCED DATASET

Batch Size LR Dropout Prob | NRMSE
64 0.00001 0.2 1.26
64 0.00001 0.3 1.35
64 0.00001 0.4 1.34
64 0.00001 0.5 1.36
64 0.0001 0.2 1.01
64 0.0001 0.3 1.08
64 0.0001 0.4 1.15
64 0.0001 0.5 1.64
64 0.001 0.2 1.01
64 0.001 0.3 1.01
64 0.001 0.4 1.03
64 0.001 0.5 1.03
64 0.01 0.2 1.01
64 0.01 0.3 1.00
64 0.01 0.4 1.03
64 0.01 0.5 1.03

Table L.10: Validation performance metrics for the four target variables using the Edgeless Graph
Architecture on reduced dataset (part 2).
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Appendix M

Summary of Performance Metrics for Hyperparameter Tuning

using Dynamic Edges GNN Model on Reduced Dataset

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 0.97 | 1.16 2.33
3 16 0.00001 0.3 0.84 | 0.93 2.09
3 16 0.00001 0.4 0.37 | 0.22 1.02
3 16 0.00001 0.5 0.64 | 0.60 1.68
3 16 0.0001 0.2 0.99 | 1.19 2.36
3 16 0.0001 0.3 0.98 | 1.18 2.35
3 16 0.0001 0.4 0.98 | 1.17 2.34
3 16 0.0001 0.5 0.97 | 1.15 2.32
3 16 0.001 0.2 0.42 | 0.30 1.19
3 16 0.001 0.3 0.50 | 0.36 1.30
3 16 0.001 0.4 0.37 | 0.23 1.04
3 16 0.001 0.5 0.38 | 0.23 1.04
3 16 0.01 0.2 0.37 | 0.23 1.04
3 16 0.01 0.3 0.37 | 0.23 1.04
3 16 0.01 0.4 0.37 | 0.23 1.04
3 16 0.01 0.5 0.37 | 0.22 1.02
3 32 0.00001 0.2 0.90 | 1.03 2.20
3 32 0.00001 0.3 0.85 | 0.93 2.09
3 32 0.00001 0.4 0.65 | 0.62 1.70
3 32 0.00001 0.5 0.52 | 0.41 1.39
3 32 0.0001 0.2 0.99 | 1.19 2.36
3 32 0.0001 0.3 0.99 | 1.19 2.36
3 32 0.0001 0.4 0.97 | 1.16 2.33
3 32 0.0001 0.5 0.94 | 1.10 2.27
3 32 0.001 0.2 0.36 | 0.21 0.99
3 32 0.001 0.3 0.37 | 0.22 1.02
3 32 0.001 0.4 0.37 | 0.23 1.04
3 32 0.001 0.5 0.38 | 0.25 1.08
3 32 0.01 0.2 0.37 | 0.22 1.02
3 32 0.01 0.3 0.37 | 0.23 1.04
3 32 0.01 0.4 0.37 | 0.23 1.04
3 32 0.01 0.5 0.37 | 0.22 1.02

Table M.1: Validation performance metrics for latitude using the Dynamic Edges GNN Architecture

on reduced dataset (part 1).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 0.88 | 0.98 2.14
3 64 0.00001 0.3 0.64 | 0.60 1.68
3 64 0.00001 04 0.37 | 0.23 1.04
3 64 0.00001 0.5 0.49 | 0.36 1.30
3 64 0.0001 0.2 0.85 | 0.95 2.11
3 64 0.0001 0.3 0.98 | 1.18 2.35
3 64 0.0001 0.4 0.95 | 1.12 2.29
3 64 0.0001 0.5 0.87 | 0.96 2.12
3 64 0.001 0.2 0.42 | 0.30 1.19
3 64 0.001 0.3 0.37 | 0.22 1.02
3 64 0.001 04 0.39 | 0.24 1.06
3 64 0.001 0.5 099 | 1.19 2.36
3 64 0.01 0.2 0.41 | 0.27 1.12
3 64 0.01 0.3 0.39 | 0.24 1.06
3 64 0.01 0.4 0.39 | 0.25 1.08
3 64 0.01 0.5 0.38 | 0.23 1.04
4 16 0.00001 0.2 0.87 | 0.98 2.14
4 16 0.00001 0.3 0.91 | 1.04 2.21
4 16 0.00001 04 0.78 | 0.82 1.96
4 16 0.00001 0.5 0.36 | 0.21 0.99
4 16 0.0001 0.2 0.38 | 0.22 1.02
4 16 0.0001 0.3 0.99 | 1.19 2.36
4 16 0.0001 04 0.98 | 1.18 2.35
4 16 0.0001 0.5 097 | 1.16 2.33
4 16 0.001 0.2 0.36 | 0.22 1.02
4 16 0.001 0.3 0.36 | 0.22 1.02
4 16 0.001 0.4 0.36 0.22 1.02
4 16 0.001 0.5 0.37 | 0.22 1.02
4 16 0.01 0.2 0.37 | 0.23 1.04
4 16 0.01 0.3 0.37 | 0.23 1.04
4 16 0.01 0.4 0.37 | 0.23 1.04
4 16 0.01 0.5 0.37 | 0.23 1.04
4 32 0.00001 0.2 0.91 1.05 2.22
4 32 0.00001 0.3 0.91 | 1.03 2.20
4 32 0.00001 04 0.64 | 0.59 1.66
4 32 0.00001 0.5 0.44 | 0.30 1.19
4 32 0.0001 0.2 0.38 | 0.21 0.99
4 32 0.0001 0.3 0.98 | 1.18 2.35
4 32 0.0001 0.4 0.97 | 1.15 2.32
4 32 0.0001 0.5 0.92 | 1.07 2.24
4 32 0.001 0.2 1.83 | 5.44 5.05
4 32 0.001 0.3 0.37 | 0.22 1.02
4 32 0.001 0.4 0.37 0.22 1.02
4 32 0.001 0.5 0.99 | 1.19 2.36
4 32 0.01 0.2 0.38 | 0.22 1.02
4 32 0.01 0.3 0.38 | 0.23 1.04
4 32 0.01 0.4 0.37 | 0.23 1.04
4 32 0.01 0.5 0.37 | 0.23 1.04

Table M.2: Validation performance metrics for latitude using the Dynamic Edges GNN Architecture
on reduced dataset (part 2).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 0.90 1.02 2.19
4 64 0.00001 0.3 0.90 | 1.02 2.19
4 64 0.00001 0.4 0.94 | 1.09 2.26
4 64 0.00001 0.5 0.40 | 0.25 1.08
4 64 0.0001 0.2 0.99 | 1.19 2.36
4 64 0.0001 0.3 0.98 | 1.17 2.34
4 64 0.0001 0.4 0.96 | 1.14 2.31
4 64 0.0001 0.5 0.93 | 1.08 2.25
4 64 0.001 0.2 0.37 | 0.21 0.99
4 64 0.001 0.3 096 | 1.13 2.30
4 64 0.001 0.4 0.99 1.19 2.36
4 64 0.001 0.5 099 | 1.19 2.36
4 64 0.01 0.2 0.40 | 0.24 1.06
4 64 0.01 0.3 0.41 | 0.27 1.12
4 64 0.01 0.4 0.37 | 0.22 1.02
4 64 0.01 0.5 0.38 0.22 1.02

Table M.3: Validation performance metrics for latitude using the Dynamic Edges GNN Architecture

on reduced dataset (part 3).

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 1.59 | 2.97 2.61
3 16 0.00001 0.3 1.56 | 2.87 2.56
3 16 0.00001 0.4 1.03 | 141 1.80
3 16 0.00001 0.5 0.98 | 1.31 1.73
3 16 0.0001 0.2 1.62 | 3.07 2.65
3 16 0.0001 0.3 1.63 | 3.10 2.66
3 16 0.0001 0.4 1.62 | 3.05 2.64
3 16 0.0001 0.5 1.59 | 2.95 2.60
3 16 0.001 0.2 0.58 | 0.57 1.14
3 16 0.001 0.3 0.57 | 0.65 1.22
3 16 0.001 04 0.45 | 0.43 0.99
3 16 0.001 0.5 0.47 | 0.44 1.00
3 16 0.01 0.2 0.46 | 0.44 1.00
3 16 0.01 0.3 0.46 | 0.44 1.00
3 16 0.01 0.4 0.46 | 0.44 1.00
3 16 0.01 0.5 0.46 | 0.44 1.00
3 32 0.00001 0.2 1.52 | 2.74 2.50
3 32 0.00001 0.3 1.36 | 2.27 2.28
3 32 0.00001 0.4 0.78 | 0.90 1.44
3 32 0.00001 0.5 0.51 | 0.49 1.06
3 32 0.0001 0.2 1.60 | 3.01 2.62
3 32 0.0001 0.3 1.63 | 3.11 2.67
3 32 0.0001 04 1.58 | 2.93 2.59
3 32 0.0001 0.5 1.52 | 2.74 2.50
3 32 0.001 0.2 0.46 | 0.43 0.99
3 32 0.001 0.3 0.46 | 0.44 1.00
3 32 0.001 0.4 0.47 | 0.44 1.00
3 32 0.001 0.5 0.48 | 0.45 1.01
3 32 0.01 0.2 0.46 | 0.44 1.00
3 32 0.01 0.3 0.46 | 0.44 1.00
3 32 0.01 0.4 0.46 | 0.44 1.00
3 32 0.01 0.5 0.46 | 0.44 1.00

Table M.4: Validation performance metrics for longitude using the Dynamic Edges GNN Architecture

on reduced dataset (part 1).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 0.95 | 1.25 1.69
3 64 0.00001 0.3 0.90 | 1.11 1.59
3 64 0.00001 04 0.92 | 1.12 1.60
3 64 0.00001 0.5 0.71 | 0.77 1.33
3 64 0.0001 0.2 1.08 | 1.50 1.85
3 64 0.0001 0.3 1.62 | 3.05 2.64
3 64 0.0001 04 1.58 | 2.94 2.59
3 64 0.0001 0.5 1.37 | 2.27 2.28
3 64 0.001 0.2 0.48 | 0.49 1.06
3 64 0.001 0.3 047 | 0.44 1.00
3 64 0.001 04 0.48 | 0.47 1.04
3 64 0.001 0.5 1.62 | 3.06 2.65
3 64 0.01 0.2 0.48 | 0.47 1.04
3 64 0.01 0.3 0.45 | 0.44 1.00
3 64 0.01 0.4 0.46 | 0.45 1.01
3 64 0.01 0.5 0.47 | 0.44 1.00
4 16 0.00001 0.2 1.30 2.10 2.19
4 16 0.00001 0.3 1.28 | 2.04 2.16
4 16 0.00001 0.4 1.45 | 2.51 2.40
4 16 0.00001 0.5 0.50 | 0.45 1.01
4 16 0.0001 0.2 048 | 0.47 1.04
4 16 0.0001 0.3 1.61 | 3.04 2.64
4 16 0.0001 0.4 1.62 | 3.07 2.65
4 16 0.0001 0.5 1.48 | 2.64 2.46
4 16 0.001 0.2 0.46 | 0.44 1.00
4 16 0.001 0.3 044 | 0.44 1.00
4 16 0.001 0.4 0.47 0.45 1.01
4 16 0.001 0.5 0.47 | 0.45 1.01
4 16 0.01 0.2 0.46 | 0.44 1.00
4 16 0.01 0.3 0.46 | 0.44 1.00
4 16 0.01 0.4 0.46 | 0.44 1.00
4 16 0.01 0.5 0.46 0.44 1.00
4 32 0.00001 0.2 1.47 | 2.60 2.44
4 32 0.00001 0.3 1.50 | 2.67 2.47
4 32 0.00001 0.4 1.08 | 1.52 1.87
4 32 0.00001 0.5 0.70 | 0.76 1.32
4 32 0.0001 0.2 0.50 | 0.50 1.07
4 32 0.0001 0.3 1.61 | 3.03 2.63
4 32 0.0001 0.4 1.61 | 3.04 2.64
4 32 0.0001 0.5 1.48 | 2.65 2.46
4 32 0.001 0.2 1.99 | 4.78 3.31
4 32 0.001 0.3 0.46 | 0.44 1.00
4 32 0.001 0.4 0.47 0.44 1.00
4 32 0.001 0.5 1.62 | 3.07 2.65
4 32 0.01 0.2 0.48 | 0.46 1.03
4 32 0.01 0.3 0.47 | 0.44 1.00
4 32 0.01 0.4 0.46 | 0.44 1.00
4 32 0.01 0.5 0.46 | 0.44 1.00

Table M.5: Validation performance metrics for longitude using the Dynamic Edges GNN Architecture
on reduced dataset (part 2).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 1.56 | 2.85 2.55
4 64 0.00001 0.3 1.30 | 2.13 2.21
4 64 0.00001 04 097 | 1.27 1.70
4 64 0.00001 0.5 0.65 | 0.65 1.22
4 64 0.0001 0.2 1.64 | 3.12 2.67
4 64 0.0001 0.3 1.58 2.92 2.59
4 64 0.0001 0.4 1.64 | 3.11 2.67
4 64 0.0001 0.5 1.18 | 1.79 2.02
4 64 0.001 0.2 0.46 | 0.44 1.00
4 64 0.001 0.3 1.64 | 3.13 2.68
4 64 0.001 0.4 1.64 3.14 2.68
4 64 0.001 0.5 1.64 | 3.13 2.68
4 64 0.01 0.2 0.46 | 0.45 1.01
4 64 0.01 0.3 0.46 | 0.44 1.00
4 64 0.01 0.4 0.47 | 0.46 1.03
4 64 0.01 0.5 0.48 0.45 1.01

Table M.6: Validation performance metrics for longitude using the Dynamic Edges GNN Architecture

on reduced dataset (part 3).

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 10.81 | 172.07 1.62
3 16 0.00001 0.3 12.07 | 204.80 1.77
3 16 0.00001 0.4 13.71 | 253.72 1.97
3 16 0.00001 0.5 7.50 | 75.14 1.07
3 16 0.0001 0.2 6.57 | 58.11 0.94
3 16 0.0001 0.3 13.81 | 255.92 1.97
3 16 0.0001 0.4 10.63 | 166.48 1.59
3 16 0.0001 0.5 15.11 | 295.16 2.12
3 16 0.001 0.2 7.73 | 90.10 1.17
3 16 0.001 0.3 7.07 | 79.39 1.10
3 16 0.001 04 7.36 | 83.67 1.13
3 16 0.001 0.5 7.03 | 63.11 0.98
3 16 0.01 0.2 7.39 | 69.39 1.03
3 16 0.01 0.3 7.36 | 68.65 1.02
3 16 0.01 04 7.36 | 68.67 1.02
3 16 0.01 0.5 7.37 | 69.15 1.03
3 32 0.00001 0.2 7.25 | 66.31 1.01
3 32 0.00001 0.3 7.39 | 69.31 1.03
3 32 0.00001 0.4 12.83 | 28.69 0.66
3 32 0.00001 0.5 8.93 | 125.28 1.38
3 32 0.0001 0.2 6.96 | 62.19 0.97
3 32 0.0001 0.3 14.34 | 267.27 2.02
3 32 0.0001 0.4 7.53 | 77.03 1.08
3 32 0.0001 0.5 9.03 | 122.98 1.37
3 32 0.001 0.2 6.61 | 60.78 0.96
3 32 0.001 0.3 6.77 | 59.68 0.95
3 32 0.001 04 6.93 | 59.89 0.96
3 32 0.001 0.5 7.28 | 66.82 1.01
3 32 0.01 0.2 7.11 | 65.90 1.00
3 32 0.01 0.3 7.36 | 68.65 1.02
3 32 0.01 04 7.35 | 68.03 1.02
3 32 0.01 0.5 7.37 | 68.77 1.02

Table M.7: Validation performance metrics for depth using the Dynamic Edges GNN Architecture on

reduced dataset (part 1).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 7.30 | 68.45 1.02
3 64 0.00001 0.3 7.55 | 84.22 1.13
3 64 0.00001 0.4 8.19 | 96.17 1.21
3 64 0.00001 0.5 8.05 | 97.37 1.22
3 64 0.0001 0.2 746 | T7.78 1.09
3 64 0.0001 0.3 7.62 | 85.01 1.14
3 64 0.0001 04 8.28 | 104.74 1.26
3 64 0.0001 0.5 8.46 | 110.98 1.30
3 64 0.001 0.2 7.62 | 88.19 1.16
3 64 0.001 0.3 7.20 | 65.43 1.00
3 64 0.001 0.4 7.14 | 64.06 0.99
3 64 0.001 0.5 15.14 | 295.00 2.12
3 64 0.01 0.2 7.31 | 82.86 1.12
3 64 0.01 0.3 6.91 73.22 1.06
3 64 0.01 0.4 6.83 | 72.64 1.05
3 64 0.01 0.5 6.52 | 56.61 0.93
4 16 0.00001 0.2 7.10 | 64.18 0.99
4 16 0.00001 0.3 8.62 | 114.03 1.32
4 16 0.00001 0.4 9.72 | 142.47 1.47
4 16 0.00001 0.5 7.44 | 70.59 1.04
4 16 0.0001 0.2 7.06 | 62.65 0.98
4 16 0.0001 0.3 13.71 | 252.75 1.96
4 16 0.0001 0.4 12.58 | 222.71 1.84
4 16 0.0001 0.5 14.17 | 264.06 2.01
4 16 0.001 0.2 7.02 | 71.13 1.04
4 16 0.001 0.3 6.51 70.14 1.03
4 16 0.001 0.4 6.28 54.04 0.91
4 16 0.001 0.5 6.75 | 57.08 0.93
4 16 0.01 0.2 7.35 | 68.29 1.02
4 16 0.01 0.3 7.35 | 68.31 1.02
4 16 0.01 0.4 7.34 | 67.92 1.02
4 16 0.01 0.5 7.34 | 67.95 1.02
4 32 0.00001 0.2 7.22 | 66.98 1.01
4 32 0.00001 0.3 9.64 | 141.57 1.47
4 32 0.00001 04 7.45 | 70.67 1.04
4 32 0.00001 0.5 7.20 | 65.32 1.00
4 32 0.0001 0.2 7.05 | 62.28 0.97
4 32 0.0001 0.3 7.56 | 76.59 1.08
4 32 0.0001 04 7.34 | 58.19 0.94
4 32 0.0001 0.5 8.02 | 99.44 1.23
4 32 0.001 0.2 15.93 | 307.50 2.16
4 32 0.001 0.3 6.50 | 63.72 0.99
4 32 0.001 0.4 7.29 | 66.96 1.01
4 32 0.001 0.5 15.64 | 310.13 2.17
4 32 0.01 0.2 6.66 | 63.73 0.99
4 32 0.01 0.3 7.08 | 62.94 0.98
4 32 0.01 0.4 7.35 | 68.06 1.02
4 32 0.01 0.5 7.35 | 68.27 1.02

Table M.8: Validation performance metrics for depth using the Dynamic Edges GNN Architecture on
reduced dataset (part 2).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 9.82 148.48 1.50
4 64 0.00001 0.3 7.68 | 85.14 1.14
4 64 0.00001 0.4 7.43 | 78.51 1.09
4 64 0.00001 0.5 9.89 | 149.88 1.51
4 64 0.0001 0.2 7.75 | 89.29 1.17
4 64 0.0001 0.3 8.77 | 115.73 1.33
4 64 0.0001 0.4 7.61 | 84.16 1.13
4 64 0.0001 0.5 7.81 | 89.81 1.17
4 64 0.001 0.2 7.06 | 62.71 0.98
4 64 0.001 0.3 15.79 | 315.02 2.19
4 64 0.001 0.4 14.03 | 262.09 2.00
4 64 0.001 0.5 15.77 | 314.44 2.19
4 64 0.01 0.2 6.97 | 72.03 1.05
4 64 0.01 0.3 6.46 | 62.73 0.98
4 64 0.01 0.4 6.76 | 67.34 1.01
4 64 0.01 0.5 6.61 | 55.54 0.92

Table M.9: Validation performance metrics for depth using the Dynamic Edges GNN Architecture on
reduced dataset (part 3).

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 16 0.00001 0.2 0.34 | 0.24 1.43
3 16 0.00001 0.3 0.34 | 0.23 1.40
3 16 0.00001 0.4 0.33 | 0.22 1.37
3 16 0.00001 0.5 0.30 | 0.18 1.24
3 16 0.0001 0.2 0.35 | 0.24 1.43
3 16 0.0001 0.3 0.35 | 0.24 1.43
3 16 0.0001 0.4 0.34 | 0.24 1.43
3 16 0.0001 0.5 0.34 | 0.24 1.43
3 16 0.001 0.2 0.32 | 0.16 1.17
3 16 0.001 0.3 0.27 | 0.13 1.05
3 16 0.001 0.4 0.27 | 0.14 1.09
3 16 0.001 0.5 0.27 | 0.14 1.09
3 16 0.01 0.2 0.27 | 0.14 1.09
3 16 0.01 0.3 0.27 | 0.14 1.09
3 16 0.01 0.4 0.27 | 0.14 1.09
3 16 0.01 0.5 0.27 | 0.14 1.09
3 32 0.00001 0.2 0.34 | 0.23 1.40
3 32 0.00001 0.3 0.34 | 0.23 1.40
3 32 0.00001 0.4 0.32 | 0.21 1.34
3 32 0.00001 0.5 0.29 | 0.15 1.13
3 32 0.0001 0.2 0.35 | 0.24 1.43
3 32 0.0001 0.3 0.35 | 0.24 1.43
3 32 0.0001 0.4 0.34 | 0.24 1.43
3 32 0.0001 0.5 0.34 | 0.23 1.40
3 32 0.001 0.2 0.28 | 0.14 1.09
3 32 0.001 0.3 0.27 | 0.14 1.09
3 32 0.001 0.4 0.27 | 0.14 1.09
3 32 0.001 0.5 0.27 | 0.13 1.05
3 32 0.01 0.2 0.27 | 0.14 1.09
3 32 0.01 0.3 0.27 | 0.14 1.09
3 32 0.01 0.4 0.27 | 0.14 1.09
3 32 0.01 0.5 0.27 | 0.14 1.09

Table M.10: Validation performance metrics for magnitude using the Dynamic Edges GNN Architec-
ture on reduced dataset (part 1).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
3 64 0.00001 0.2 0.34 | 0.23 1.40
3 64 0.00001 0.3 0.34 | 0.23 1.40
3 64 0.00001 04 0.30 | 0.18 1.24
3 64 0.00001 0.5 0.28 | 0.13 1.05
3 64 0.0001 0.2 0.34 | 0.24 1.43
3 64 0.0001 0.3 0.34 | 0.24 1.43
3 64 0.0001 04 0.34 | 0.23 1.40
3 64 0.0001 0.5 0.34 | 0.23 1.40
3 64 0.001 0.2 0.28 | 0.14 1.09
3 64 0.001 0.3 0.27 | 0.14 1.09
3 64 0.001 04 0.27 | 0.13 1.05
3 64 0.001 0.5 0.34 | 0.24 1.43
3 64 0.01 0.2 0.27 | 0.14 1.09
3 64 0.01 0.3 0.27 | 0.14 1.09
3 64 0.01 0.4 0.27 | 0.14 1.09
3 64 0.01 0.5 0.27 | 0.14 1.09
4 16 0.00001 0.2 0.34 | 0.23 1.40
4 16 0.00001 0.3 0.34 | 0.23 1.40
4 16 0.00001 0.4 0.34 | 0.23 1.40
4 16 0.00001 0.5 0.28 | 0.15 1.13
4 16 0.0001 0.2 0.27 | 0.14 1.09
4 16 0.0001 0.3 0.35 | 0.24 1.43
4 16 0.0001 0.4 0.34 | 0.24 1.43
4 16 0.0001 0.5 0.34 | 0.24 1.43
4 16 0.001 0.2 0.27 | 0.13 1.05
4 16 0.001 0.3 0.27 | 0.14 1.09
4 16 0.001 0.4 0.27 0.14 1.09
4 16 0.001 0.5 0.27 | 0.14 1.09
4 16 0.01 0.2 0.27 | 0.14 1.09
4 16 0.01 0.3 0.27 | 0.14 1.09
4 16 0.01 0.4 0.27 | 0.14 1.09
4 16 0.01 0.5 0.27 0.14 1.09
4 32 0.00001 0.2 0.34 | 0.23 1.40
4 32 0.00001 0.3 0.34 | 0.23 1.40
4 32 0.00001 04 0.33 | 0.22 1.37
4 32 0.00001 0.5 0.29 | 0.17 1.20
4 32 0.0001 0.2 0.28 | 0.15 1.13
4 32 0.0001 0.3 0.34 | 0.24 1.43
4 32 0.0001 0.4 0.34 | 0.23 1.40
4 32 0.0001 0.5 0.34 | 0.23 1.40
4 32 0.001 0.2 0.37 | 0.26 1.49
4 32 0.001 0.3 0.27 | 0.13 1.05
4 32 0.001 0.4 0.27 0.13 1.05
4 32 0.001 0.5 0.34 0.24 1.43
4 32 0.01 0.2 0.27 | 0.14 1.09
4 32 0.01 0.3 0.27 | 0.14 1.09
4 32 0.01 0.4 0.27 | 0.14 1.09
4 32 0.01 0.5 0.27 | 0.14 1.09

Table M.11: Validation performance metrics for magnitude using the Dynamic Edges GNN Architec-
ture on reduced dataset (part 2).

222



APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | MAE | MSE | NRMSE
4 64 0.00001 0.2 0.34 | 0.23 1.40
4 64 0.00001 0.3 0.32 | 0.21 1.34
4 64 0.00001 0.4 0.29 | 0.16 1.17
4 64 0.00001 0.5 0.40 | 0.20 1.30
4 64 0.0001 0.2 0.34 | 0.24 1.43
4 64 0.0001 0.3 0.34 | 0.24 1.43
4 64 0.0001 0.4 0.34 | 0.24 1.43
4 64 0.0001 0.5 0.34 | 0.23 1.40
4 64 0.001 0.2 0.27 | 0.13 1.05
4 64 0.001 0.3 0.35 | 0.24 1.43
4 64 0.001 0.4 0.35 0.24 1.43
4 64 0.001 0.5 0.35 | 0.24 1.43
4 64 0.01 0.2 0.27 | 0.14 1.09
4 64 0.01 0.3 0.27 | 0.14 1.09
4 64 0.01 0.4 0.27 | 0.14 1.09
4 64 0.01 0.5 0.27 0.14 1.09

Table M.12: Validation performance metrics for magnitude using the Dynamic Edges GNN Architec-
ture on reduced dataset (part 3).

k | Batch Size LR Dropout Prob | NRMSE
3 16 0.00001 0.2 2.00
3 16 0.00001 0.3 1.95
3 16 0.00001 0.4 1.54
3 16 0.00001 0.5 1.43
3 16 0.0001 0.2 1.85
3 16 0.0001 0.3 2.10
3 16 0.0001 0.4 2.00
3 16 0.0001 0.5 2.12
3 16 0.001 0.2 1.17
3 16 0.001 0.3 1.17
3 16 0.001 0.4 1.06
3 16 0.001 0.5 1.03
3 16 0.01 0.2 1.04
3 16 0.01 0.3 1.04
3 16 0.01 0.4 1.04
3 16 0.01 0.5 1.03
3 32 0.00001 0.2 1.78
3 32 0.00001 0.3 1.70
3 32 0.00001 0.4 1.28
3 32 0.00001 0.5 1.24
3 32 0.0001 0.2 1.85
3 32 0.0001 0.3 2.12
3 32 0.0001 04 1.86
3 32 0.0001 0.5 1.89
3 32 0.001 0.2 1.01
3 32 0.001 0.3 1.02
3 32 0.001 0.4 1.02
3 32 0.001 0.5 1.04
3 32 0.01 0.2 1.03
3 32 0.01 0.3 1.04
3 32 0.01 0.4 1.04
3 32 0.01 0.5 1.03

Table M.13: Validation performance metrics for the four target variables using the Dynamic Edges
GNN Architecture on reduced dataset (part 1).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | NRMSE
3 64 0.00001 0.2 1.56
3 64 0.00001 0.3 1.45
3 64 0.00001 0.4 1.27
3 64 0.00001 0.5 1.22
3 64 0.0001 0.2 1.62
3 64 0.0001 0.3 1.89
3 64 0.0001 04 1.89
3 64 0.0001 0.5 1.77
3 64 0.001 0.2 1.12
3 64 0.001 0.3 1.03
3 64 0.001 0.4 1.03
3 64 0.001 0.5 2.14
3 64 0.01 0.2 1.09
3 64 0.01 0.3 1.05
3 64 0.01 0.4 1.06
3 64 0.01 0.5 1.02
4 16 0.00001 0.2 1.68
4 16 0.00001 0.3 1.77
4 16 0.00001 0.4 1.81
4 16 0.00001 0.5 1.04
4 16 0.0001 0.2 1.03
4 16 0.0001 0.3 2.10
4 16 0.0001 04 2.07
4 16 0.0001 0.5 2.06
4 16 0.001 0.2 1.03
4 16 0.001 0.3 1.04
4 16 0.001 0.4 1.01
4 16 0.001 0.5 1.01
4 16 0.01 0.2 1.04
4 16 0.01 0.3 1.04
4 16 0.01 0.4 1.04
4 16 0.01 0.5 1.04
4 32 0.00001 0.2 1.77
4 32 0.00001 0.3 1.88
4 32 0.00001 0.4 1.48
4 32 0.00001 0.5 1.18
4 32 0.0001 0.2 1.04
4 32 0.0001 0.3 1.87
4 32 0.0001 0.4 1.82
4 32 0.0001 0.5 1.83
4 32 0.001 0.2 3.00
4 32 0.001 0.3 1.01
4 32 0.001 0.4 1.02
4 32 0.001 0.5 2.15
4 32 0.01 0.2 1.03
4 32 0.01 0.3 1.03
4 32 0.01 0.4 1.04
4 32 0.01 0.5 1.04

Table M.14: Validation performance metrics for the four target variables using the Dynamic Edges
GNN Architecture on reduced dataset (part 2).
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APPENDIX M. SUMMARY OF PERFORMANCE METRICS FOR HYPERPARAMETER
TUNING USING DYNAMIC EDGES GNN MODEL ON REDUCED DATASET

k | Batch Size LR Dropout Prob | NRMSE
4 64 0.00001 0.2 1.91
4 64 0.00001 0.3 1.72
4 64 0.00001 04 1.56
4 64 0.00001 0.5 1.28
4 64 0.0001 0.2 1.91
4 64 0.0001 0.3 1.92
4 64 0.0001 04 1.88
4 64 0.0001 0.5 1.71
4 64 0.001 0.2 1.01
4 64 0.001 0.3 2.15
4 64 0.001 0.4 2.12
4 64 0.001 0.5 2.16
4 64 0.01 0.2 1.05
4 64 0.01 0.3 1.05
4 64 0.01 0.4 1.04
4 64 0.01 0.5 1.01

Table M.15: Validation performance metrics for the four target variables using the Dynamic Edges
GNN Architecture on reduced dataset (part 3).
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