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Abstract

Since the �rst direct detection of gravitational waves (GWs) in 2015, the LIGO�Virgo
�KAGRA collaboration has observed hundreds of events, marking a new era in astro-
physics. As detector sensitivity improves, the rate of GW detections continues to rise,
enhancing the scienti�c output of the collaboration. However, a key challenge is the
presence of non-Gaussian noise transients in GW detectors, called glitches, which can
mimic or obscure genuine signals, degrading the parameter estimation of GW sources
and increasing false alarms. If glitch rates remain unchanged, the growing number of
detections will naturally lead to more instances of glitch�signal overlap.

Traditional glitch mitigation methods are often computationally intensive and
struggle to scale with the growing volume of GW data. This challenge becomes more
pressing with the advent of next-generation detectors�such as the Einstein Telescope
and Cosmic Explorer�which are expected to detect hundreds of events per day. As
a result, the need for fast, accurate, and scalable analysis methods is becoming in-
creasingly critical. This thesis leverages deep learning as a fast, data-driven approach
to glitch mitigation and signal reconstruction, aiming to improve the accuracy and
e�ciency of GW data analysis.

This thesis presents two main contributions: (1) deep learning models for denoising
and reconstructing GW signals and glitches, and (2) generative models for simulating
realistic glitches and waveforms. We �rst introduce DeepExtractor, a framework that
learns to subtract background noise and recover transient signals and glitches without
templates. Extending the DeepExtractor approach across a multiple-detector network
and incorporating signal models during training improves the estimation of GW source
parameters in glitch-contaminated data by allowing for glitch removal even when they
overlap with astrophysical events. To support data augmentation and simulation-
based testing, we develop Derivative GAN (DVGAN) and its class-conditional variant
cDVGAN, which incorporate a derivative-based discriminator to improve training
stability and sample �delity. We further advance cDVGAN to generate diverse, high-
quality glitch samples spanning a wide range of realistic detector noise morphologies,
all within a single user-controlled model. Together, these methods provide scalable
and accurate alternatives to traditional pipelines, enhancing the robustness of GW
data analysis as detectors become increasingly sensitive and their data more complex.
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Samenvatting

Sinds de eerste directe detectie van zwaartekrachtsgolven (gravitational waves, GWs)
in 2015 heeft de LIGO�Virgo�KAGRA-samenwerking honderden gebeurtenissen waar-
genomen, waarmee een nieuw tijdperk in de astrofysica is ingeluid. Naarmate de
gevoeligheid van de detectoren toeneemt, blijft ook het aantal gedetecteerde zwaarte-
krachtsgolven groeien, wat leidt tot een steeds grotere wetenschappelijke opbrengst.
Een belangrijke uitdaging hierbij is echter de aanwezigheid van niet-Gaussische, ko-
rtdurende ruisverstoringen in de detectoren, zogenoemde glitches. Deze verstoringen
kunnen echte signalen nabootsen of verbergen, waardoor de schatting van eigenschap-
pen van de bron verslechtert en het aantal valse alarmen toeneemt. Als het optreden
van glitches niet afneemt, zal het groeiende aantal detecties onvermijdelijk leiden tot
meer gevallen waarin glitches en zwaartekrachtsgolfsignalen elkaar overlappen.

Traditionele methoden voor glitch-mitigatie zijn vaak rekenintensief en schalen
slecht met het toenemende datavolume. Dit probleem wordt nog urgenter met de
komst van detectoren van de volgende generatie�zoals de Einstein Telescope en Cos-
mic Explorer�die naar verwachting honderden gebeurtenissen per dag zullen de-
tecteren. Hierdoor wordt de behoefte aan snelle, nauwkeurige en schaalbare anal-
ysemethoden steeds groter. In dit proefschrift wordt deep learning ingezet als een
snelle, datagedreven benadering voor glitch-mitigatie en signaalreconstructie, met als
doel de nauwkeurigheid en e�ciëntie van de analyse van zwaartekrachtsgolfdata te
verbeteren.

Het proefschrift presenteert twee hoofdbijdragen: (1) deep-learningmodellen voor
het onderdrukken van ruis en het reconstrueren van zwaartekrachtsgolfsignalen en
glitches, en (2) generatieve modellen voor het simuleren van realistische glitches en
golfvormen. Eerst introduceren we DeepExtractor, een raamwerk dat leert om achter-
grondruis te modelleren en dit af te halen van het detectorsignaal, en zo tijdelijke
signalen en glitches te reconstrueren zonder gebruik te maken van templates. Door
deze aanpak uit te breiden naar een netwerk van meerdere detectoren en signaalmod-
ellen op te nemen tijdens de training, wordt de schatting van eigenschappen van de
bron verbeterd in data die door glitches is verstoord, zelfs wanneer glitches samen-
vallen met astrofysische gebeurtenissen. Ter ondersteuning van data-augmentatie en
simulatiegebaseerde tests ontwikkelen we vervolgens de Derivative GAN (DVGAN)
en de klasse-conditionele variant cDVGAN, waarin een discriminator op basis van
afgeleiden wordt gebruikt om de trainingsstabiliteit en de kwaliteit van gegenereerde
samples te verbeteren. Daarnaast breiden we cDVGAN verder uit om binnen één door
de gebruiker controleerbaar model een grote diversiteit aan hoogwaardige glitches
te genereren, die een breed scala aan realistische ruisvormen in detectoren bestri-
jken. Samen bieden deze methoden schaalbare en nauwkeurige alternatieven voor
traditionele analysemethoden, en vergroten zij de robuustheid van zwaartekrachtsgol-
fanalyse naarmate detectoren gevoeliger worden en de data complexer.
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Introduction

In front of my apartment in Utrecht, a small inlet of the Vecht river is home to a �ock
of ducks. It rains often in the Netherlands, and whenever it does, the raindrops make
ripples in the water and the ducks glide over them, not paying them any noticeable
attention. The ripples can be described by properties such as their amplitude and
frequency, which carry information about the raindrop that produced them such as
the size, shape, mass and speed of the raindrop as it struck the water. If the ducks had
an Einstein among them, capable of formulating a theory to predict the properties
of those ripples from the properties of the raindrops, they might be able to infer
something about the hidden world above the surface by measuring those ripples. But
as far as we know, the ducks are still waiting for their Einstein.

Up until Einstein changed our perception of the universe in 1915 with his theory
of General Relativity, we were like those ducks�unaware of the ripples constantly
passing through us. General Relativity explained what Newton's theory of gravity
could not�such as Mercury's strange orbit�and revealed that space and time, which
Einstein uni�ed as spacetime, are curved by mass. Even though we can't see this
curvature, it's all around us: the Earth bends it. Even our bodies bend it, although
our contribution to the curvature is in�nitesimally small. Einstein also predicted that
massive objects could send ripples through spacetime, which he called gravitational
waves (GWs), though he thought they'd be far too small to ever detect. It took a
century for technology to prove him wrong. On the 14th September 2015, the Laser
Interferometer Gravitational-wave Observatory (LIGO), America's twin gravitational-
wave (GW) detectors, �nally caught one.

The GW event known as GW150914 originated from the merger of two black holes;
objects so massive and compact that not even light can escape their gravitational pull.
LIGO detected the �nal few orbits of these black holes as they spiraled ever closer
together, completing their inspiral and �nally merging to form a single, larger black
hole.

The energy released in this cataclysmic event propagated outward as GWs, even-
tually reaching Earth. From the detected signal, we were able to infer several key
properties of the system. The wave travelled approximately 1.3 billion light-years
before arriving at the detectors and came from a region in the southern hemisphere.
The two black holes were estimated to have masses of 36 and 29 times the mass of the
sun, and their merger produced a black hole of about 62 solar masses. The missing
mass (about three suns' worth) was converted into GW energy.

LIGO measures GWs using a conceptually simple but extraordinarily precise
method. If spacetime stretches and compresses as a gavitational wave passes, then
the lengths of two perpendicular laser arms will change ever so slightly. By comparing
the returning light from these two directions, the detector can reveal these minute
distortions in the form of a one-dimensional length di�erence. By the time they reach

1



Introduction

Earth, these distortions correspond to length changes on the order of10� 18 m, about a
thousandth the diameter of a proton over LIGO's four-kilometer arms. Since Septem-
ber 2015, the detector network of LIGO's Hanford and Livingston detectors, along
with Italy's Virgo detector in Pisa, has detected over 300 GW signals.

The �rst GW detections came from merging black holes, but on the 17th August
2017, something entirely new appeared: a signal from two neutron stars merging
together, known as GW170817. With both LIGO detectors and Italy's Virgo detector
observing, the source could be triangulated, and an alert went out worldwide. Within
seconds, NASA's Fermi telescope detected a gamma-ray burst from the same region,
and soon telescopes across the globe�including Hubble, VLT, Subaru, and SALT�
captured the optical afterglow of a kilonova. For the �rst time, we were seeing and
�hearing" the same cosmic event. Thus began the era of multi-messenger astronomy.

Unlike black holes, neutron stars are made of real matter; mostly neutrons, the
same particles that make up much of the mass around us. Observing their merger
lets us probe how matter behaves under the most extreme conditions in the universe.
GWs give us a new way to explore such events; not by seeing light, but by �listening"
to the vibrations of spacetime itself. They open a window onto physics unreachable
by electromagnetic observations alone, revealing phenomena that would otherwise
remain completely invisible.

The way LIGO measures GWs�by tracking expansions and contractions of space
along two perpendicular directions�is surprisingly familiar. We encounter analogous
waves every day: sound waves1. Like GWs, sound spreads through space in all direc-
tions and can be represented neatly in one dimension by recording it digitally. Anyone
who's used music software has seen sound waves visualized this way. While GW de-
tectors measure changes in length over time, digital audio systems record variations
in voltage over time. Despite their very di�erent origins, the visual representations
of these signals look strikingly similar, as shown in Figure 1. And just like audio
data, GW data can be distorted by background noise�like the static that ruins your
favorite song on the radio.

Figure 1: Comparison between a simulated GW signal from two colliding black holes
(left) and a digital recording of a bird chirp (right), each showing a � 0.2 s waveform
segment. Despite arising from entirely di�erent physical phenomena, both exhibit the
characteristic frequency increase�or �chirp��over time.

1While they may appear similar when visualized digitally, sound waves and GWs di�er funda-
mentally in nature. Sound waves are longitudinal pressure waves, oscillating in the same direction
as they propagate, whereas GWs are transverse, oscillating perpendicular to their direction of travel.
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GW scientists are essentially trying to hear the purely cosmic sounds buried be-
neath the static of earthly noise. Since the detectors must be extraordinarily sensitive,
they register a wide range of terrestrial disturbances; seismic rumbles, electrical hums,
even tra�c from nearby towns during rush hour. These earthly disturbances contam-
inate the signals we care about.

Occasionally, short and distinct bursts of noise appear in the data that sometimes
look remarkably similar to real GWs. We call these artifacts �glitches�, and they occur
frequently, about one per minute. By coincidence, some glitches have even occurred
at the exact moment a true GW passed through Earth, making it di�cult to separate
the signal from the noise. This was exactly what happened during the �rst binary
neutron star event that we discussed above, GW170817: a glitch appeared in one of
the LIGO detectors almost coincident with the merger, a crucial part of the signal
for extracting meaningful physics. The glitch threatened to obscure one of the most
important astrophysical discoveries of the decade and had to be carefully modelled
and subtracted before any meaningful physics could be extracted from the data.

GW astronomy has long relied on traditional statistical methods to produce mea-
surements precise enough to reveal the physics of our universe. These techniques have
proven highly e�ective at extracting GW signals from noisy data, and they have been
crucial in handling glitches, including the one that a�ected the 2017 neutron star
event. However, this reliability comes at a cost: the analyses are computationally
intensive and can take signi�cant time to produce results. As detectors become more
sensitive and data grows exponentially�especially with next-generation observatories
like the Einstein Telescope and Cosmic Explorer�we will need new tools to keep up.
This is where deep learning, or arti�cial intelligence, comes in.

Despite the hype around �AI�, the models in this thesis aren't intelligent�at least,
not in any human sense. They're sophisticated pattern recognizers, �exible enough
to �t the complex structure of GW data, once you show (�train�) them exactly what
the patterns are they have to recognize. For example, in the case of music, a neural
network can be trained to isolate and remove the vocal track from songs, regardless of
the accompanying instruments. When trained on enough songs, it can then generalize
this task to new songs it has not encountered before, enabling applications such as
karaoke systems. In this sense, these models function like adaptable meshes that mold
themselves to the patterns inherent in the data. When trained appropriately, they
become remarkably powerful within their domain, and are typically far faster than
the traditional techniques currently in use.

In essence, this thesis is about building deep learning algorithms and frame-
works that can complement�and perhaps, with further development, eventually re-
place�many of the traditional methods used to analyze GW data. My primary focus
is on leveraging the power of deep learning to model and mitigate glitches. To this
end, the thesis addresses two broader goals.

First, we design and train specialized neural networks to separate GW signals,
detector background noise, and glitches, accurately modelling each component, like
separating instruments or vocals in a song. Achieving this could enable scientists to
analyze data far more quickly than current methods allow, especially when signals
and glitches occur simultaneously. We will also see how these approaches open up
exciting possibilities for rapid GW detection, as well as for modelling more exotic
types of signals expected from next-generation observatories. Second, we develop
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new generative models capable of producing realistic GW signal and glitch samples
that can be used in simulations to test and validate analysis pipelines. These models
are conceptually similar to generative networks that create music from text prompts,
which have become increasingly prevalent in the public domain. Such approaches o�er
promising new avenues for simulation-based studies and detector characterization in
GW physics.

Ultimately, this thesis aims to demonstrate the potential of deep learning to ad-
vance the precision science of GW astrophysics, particularly by modelling and miti-
gating the e�ects of glitches on the measurements and inference we can extract from
GW data.

Thesis contributions
This thesis advances GW data analysis by introducing deep learning frameworks that
address two major challenges in current and future detector networks:

1. Model-agnostic reconstruction and mitigation of non-Gaussian transient noise
artifacts (glitches) in real time.

2. Scalable and realistic generative modelling of GW data for simulation, valida-
tion, and machine learning�based pipelines.

Deep Learning for Signal and Glitch Reconstruction
The �rst major contribution is the development of DeepExtractor, a fast, model-
agnostic reconstruction framework capable of isolating excess transient power from
background noise in GW detector data. This contribution is based on Publication 2
in the list of selected publications below. Unlike traditional template-based methods,
DeepExtractor learns to model and subtract the detector background noise, enabling
the recovery of both astrophysical signals and non-Gaussian transients in a fully data-
driven way.

Key innovations include:

ˆ A Power Spectral Density (PSD)-informed U-Net architecture that operates on
the magnitude and phase components of short-time Fourier transform (STFT)
spectrograms, preserving both amplitude and phase information critical for
time-domain reconstruction.

ˆ A residual learning strategy that trains the network to estimate the noise com-
ponent rather than the clean waveform, leading to improved generalization and
robustness across unseen glitch morphologies.

ˆ Real-time performance: in simulated experiments, DeepExtractor achieves su-
perior reconstruction accuracy to the state-of-the-art BayesWave algorithm while
delivering over 10;000� speedup, reconstructing a2 s segment of data in just
0:1 s. This enables true online use during observing runs.

Applied to real LIGO data from its third obvsering run (O3), DeepExtractor suc-
cessfully reconstructs a wide range of glitch classes with high �delity, as validated by
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the Gravity Spy classi�er (90% accuracy) and unsupervised clustering analyses. It
also reconstructs three real GW events during O3, showing good agreement with the
maximum-likelihood templates for those events.

Building on this, the thesis extends DeepExtractor to jointly reconstruct signal,
noise, and glitch components in multi-detector networks. By exploiting cross-detector
coherence, DeepExtractor performs deterministic glitch�signal separation and rep-
resents an early step toward holistic glitch mitigation using deep learning; a task
traditionally performed only by Bayesian techniques such as BayesWave.

Generative Modelling for Realistic Glitch Simulation

The second major contribution is the introduction of new generative deep learn-
ing frameworks capable of synthesizing realistic glitches and signal waveforms for
simulation-based testing, data augmentation, and pipeline validation. This contribu-
tion is based on Publications 3 and 5 in the list of selected publications.

The thesis introduces the Derivative GAN (DVGAN), which integrates derivative-
based feedback to stabilize adversarial learning and improve the physical realism of
generated samples. DVGAN consistently outperforms baseline Wasserstein GANs
(WGANs) in producing smooth, morphologically accurate glitches and waveforms.

Building on this, the Conditional Derivative GAN (cDVGAN) extends the archi-
tecture to a multi-class conditional setting, allowing explicit control over glitch type
and enabling the generation of hybrid samples that interpolate between known classes.
This �exibility enhances the diversity of training datasets for machine learning�based
search pipelines. A series of ablation experiments demonstrate that derivative-informed
adversarial feedback improves the quality and utility of generated data for downstream
CNN-based detection tasks.

Evaluations using UMAP visualizations and Gravity Spy classi�cation con�rm
that cDVGAN-generated glitches reproduce the morphological diversity of real de-
tector data across some of the most prominent glitch classes observed in LIGO's
detectors.

Finally, we demonstrate that cDVGAN can serve as a holistic time-domain glitch
generator, capable of producing diverse distributions of glitch morphologies by learn-
ing DeepExtractor glitch reconstructions within a single, user-controlled model.

Summary of Impact

Collectively, the contributions of this thesis:

ˆ Demonstrate that deep learning can achieve accurate, and real-time reconstruc-
tion of arbitrary GW signals and glitches from detector noise.

ˆ Provide a framework for glitch mitigation in realistic detector noise.

ˆ Introduce derivative-informed generative models capable of synthesizing mor-
phologically diverse and physically consistent glitches.

Through these developments, the thesis presents practical, data-driven pathways
toward faster and more resilient GW data analysis.
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Thesis outline and author contribution
This thesis presents original research conducted by the author on the application of
deep learning to GW data analysis, focusing on signal reconstruction, glitch mitiga-
tion, and realistic data generation for simulation-based studies. The work is structured
into four parts:

Part I provides the theoretical and methodological background on GWs, detec-
tors, data analysis and machine learning foundations. Part II introduces the Deep-
Extractor framework for signal and glitch reconstruction and presents initial results
on glitch�signal-noise separation.

Part III presents the novel DVGAN and cDVGAN architectures for generative
modelling of realistic glitch and signal data. Part IV presents the conclusions, future
work and broader impact of this thesis.

Author's contributions. The author developed all of the core deep learning models
presented in this thesis, including the DeepExtractor, DVGAN, and cDVGAN meth-
ods. This encompassed the full pipeline design, implementation, training, evaluation,
and visualization of results. The author also curated, preprocessed, and generated all
training and testing datasets used for model development, including real LIGO data,
simulated Gaussian noise, and injected GW signals. The experiments comparing the
proposed methods to traditional approaches were designed, executed, and interpreted
by the author. In addition to the publications on which this thesis is primarily based,
the author made minor contributions to Publications 1 and 4 in the list of selected
publications, supporting the design and implementation of these methods.

A PhD student at Utrecht University, Harsh Narola, implemented BayesWave for
the comparison in Chapter 4 against DeepExtractor. Parameter estimation results in
Chapter 5 for selected events were also measured by Harsh. The author performed
the comparative analysis between the parameter estimation outputs and the results
obtained from the deep learning framework.

A Bachelor student at Utrecht University, Mees De Boer, constructed the training
dataset used for the cDVGAN experiments in Chapter 8 by extracting them from real
LIGO data using DeepExtractor. Supervised by the author, he also developed the
di�usion (DiT) model, and conducted the Gravity Spy classi�cation of DeepExtractor
reconstructions in Chapter 4 and of the DiT-generated glitches in Chapter 8.

Selected Publications
1. H. Narola, T. Wouters, L. Negri, M. Lopez, T. Dooney, F. Cireddu, M. Wils,

I. C. F. Wong, P. T. H. Pang, J. Janquart, A. Samajdar, C. Van Den Broeck,
and T. G. F. Li, �Null-stream-based third-generation-ready glitch mitigation
for gravitational wave measurements,� Physical Review D112, 024079 (2025).
doi:10.1103/PhysRevD.112.024079

2. T. Dooney, H. Narola, S. Bromuri, R. L. Curier, C. Van Den Broeck, S. Caudill,
and D. S. Tan, �Time-domain reconstruction of signals and glitches in gravita-
tional wave data with deep learning,� Physical Review D 112, 044022 (2025).
doi:10.1103/PhysRevD.112.044022

3. T. Dooney, R. L. Curier, D. S. Tan, M. Lopez, C. Van Den Broeck, and S. Bro-
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muri, �One �exible model for multiclass gravitational wave signal and glitch gen-
eration,� Physical Review D110, 022004 (2024). doi:10.1103/PhysRevD.110.022004

4. P. Laguarta et al., �Detection of anomalies amongst LIGO's glitch populations
with autoencoders,� Classical and Quantum Gravity (2024). doi:10.1088/1361-
6382/ad1f26

5. T. Dooney, S. Bromuri, and L. Curier, �DVGAN: Stabilize Wasserstein GAN
training for time-domain gravitational wave physics,� in Proceedings of the 2022
IEEE International Conference on Big Data (Big Data) , pp. 5468�5477 (2022).
doi:10.1109/BigData55660.2022.10021080
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Chapter 1

Gravitational Waves, their Sources,
and Detectors

1.1 From Einstein's Curved Spacetime to Gravita-
tional Waves

Although this thesis focuses on the development of applied deep learning methods for
gravitational-wave (GW) data analysis, it is useful to brie�y review the underlying
physical theory. Einstein's General Relativity provides the foundation for our under-
standing of GWs, and a short introduction helps place the subsequent data-driven
work in its proper scienti�c context. This section therefore o�ers a concise overview
of Einstein's theory and shows how the prediction of GWs naturally emerges from it.

Readers already familiar with General Relativity�or those content to take Ein-
stein's word for it (as most of us do)�may wish to skip ahead to the next section.

1.1.1 Essentials of General Relativity
Gravity, though the weakest of the four fundamental forces, is the one that shapes
the universe on its largest scales. Einstein's theory ofGeneral Relativity, published
in 1915, replaced Newton's concept of gravity as a force with a deeper idea: massive
objects curve the geometry of spacetime, and this curvature tells matter how to move.
Mathematically, this relationship is expressed by Einstein's �eld equations:

G�� =
8�G
c4 T�� : (1.1)

Here, c is the speed of light, G is the Newtonian gravitational constant, G�� is the
Einstein tensor, which describes the curvature of spacetime, andT�� is the stress-
energy tensor, which represents the energy and momentum of matter and radiation.
This deceptively compact equation encapsulates the essence of General Relativity:
the geometry of spacetime and the distribution of matter and energy are inseparably
linked. In the physicist John Archibald Wheeler's memorable words: �Matter tells
spacetime how to curve, and spacetime tells matter how to move.�

In curved spacetime, objects move not because they are pulled by a force, but
because they follow the straightest possible paths within that curved geometry. These
paths are calledgeodesics. In �at spacetime, a geodesic is simply a straight line; in
curved spacetime, it appears as a curved path.1 This interplay between geometry

1A familiar example is the trajectory of an airplane �ying between two cities on Earth: although
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and energy determines the structure and evolution of the universe, from the motion
of planets to the dynamics of galaxies and the expansion of the cosmos itself.

To interpret this equation, it helps to unpack what these symbols represent. Both
G�� and T�� are rank-2 tensors�mathematical objects with two indices that describe
relationships among the four dimensions of spacetime (one of time and three of space).
The indices � and � can each take values0; 1; 2; 3, corresponding to the spacetime
coordinates

x � = ( x0; x1; x2; x3) = ( t; x; y; z ):

Each tensor can be represented as a symmetric4 � 4 array of components, for
example:

G�� =

0

B
B
@

G00 G01 G02 G03

G10 G11 G12 G13

G20 G21 G22 G23

G30 G31 G32 G33

1

C
C
A ; T�� =

0

B
B
@

T00 T01 T02 T03

T10 T11 T12 T13

T20 T21 T22 T23

T30 T31 T32 T33

1

C
C
A :

Each component expresses how two spacetime dimensions interact. For instance,T00

gives the energy density,T0� describes the �ux of momentum (or equivalently, the
�ow of energy) in the � th spatial direction, and T�� represents stresses or pressures
acting along spatial directions. Likewise,G�� summarizes how spacetime itself curves
in response to those energy and momentum distributions. We will see below howG��

is constructed from the underlying geometry of spacetime.
The components of a tensor change in a precise, rule-governed way when the

coordinate system changes. This transformation property ensures that the physical
relationships the tensor represents (such as curvature or energy �ow) remain the same
for all observers, no matter what coordinate system they are in.

In other words, the individual numerical components of a tensor depend on the
chosen coordinates, but thegeometric objectthey represent does not. The tensor itself
is an intrinsic feature of spacetime; a coordinate-independent relationship between
directions, lengths, and �ows. Changing coordinates only alters how we describe this
object, not what it fundamentally is. This property, known as covariance, is what
makes tensors the natural language of general relativity: they express physical laws
in a form that remains valid regardless of how spacetime is curved or how coordinates
are de�ned.

The most fundamental tensor in general relativity is the metric tensor g�� . It
de�nes the geometric structure of spacetime: how distances, durations, and angles
are measured. The Einstein tensorG�� itself is built from derivatives of the metric
tensor g�� and therefore encapsulates how the geometry of spacetime responds to
matter and energy.

Mathematically, g�� is also a symmetric4 � 4 tensor whose components quantify
how pairs of spacetime dimensions (time or one of the three spatial axes) relate to
each other:

g�� =

0

B
B
@

g00 g01 g02 g03

g10 g11 g12 g13

g20 g21 g22 g23

g30 g31 g32 g33

1

C
C
A ; g�� = g�� :

the route appears curved on a �at map, it actually follows a straight path�the shortest distance�on
the curved surface of the planet.
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In the presence of mass or energy, the componentsg�� (x) vary from point to point,
encoding how gravity curves the underlying geometry and thereby alters the mea-
surement of distances, durations, and angles. In the absence of such mass or energy,
spacetime is �at, and the metric reduces to the Minkowski form:

� �� =

0

B
B
@

� 1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

1

C
C
A :

In this case, the in�nitesimal spacetime interval between two nearby events is

ds2 = � c2dt2 + dx2 + dy2 + dz2: (1.2)

Here the time di�erence dt is multiplied by the speed of light c to express temporal
separations in the same units as spatial ones, allowing time and space to be treated
on equal footing within a single geometric framework.

This expression is the spacetime analogue of the Pythagorean theorem. In Eu-
clidean geometry, the distance between two nearby points is given by

dl2 = dx2 + dy2 + dz2;

which measures purely spatial separation. Relativity generalizes this idea by includ-
ing time as a fourth dimension�but with an opposite sign to re�ect its distinct
physical role. The metric de�nes how distances and angles are measured in this four-
dimensional spacetime: the intervalds2 combines changes in both space and time into
a single geometric quantity that remains the same for all observers.

The negative sign in the time component encodes the fundamental di�erence be-
tween temporal and spatial directions, ensuring that spacetime distinguishes between
timelike, spacelike, and lightlike separations2. A separation is timelike (ds2 < 0) if two
events can be connected by a signal traveling slower than light�such as the motion
of a massive particle. It is spacelike (ds2 > 0) if the events are too far apart in space
for any causal in�uence to pass between them. Finally, it is lightlike (ds2 = 0 ) when
the separation corresponds to something moving exactly at the speed of light, such
as a photon.

We saw how the indices� and � each take values0; 1; 2; 3, corresponding to the four
spacetime coordinates. Quantities with indices written upstairs, such asA � , are called
contravariant components and describe how a vector points or changes in spacetime.
Those with indices written downstairs, such asA � , are covariant components, which
represent how a quantity projects onto the local geometry. The metric tensorg�� acts
as a bridge between the two, allowing indices to be raised or lowered:

A � = g�� A � ; A � = g�� A � ;

where g�� is the inverse ofg�� .
Raising or lowering an index is not merely a mathematical convenience, it ensures

that physical quantities transform correctly between coordinate systems or reference

2On a spacetime diagram, these three cases correspond respectively to points inside , outside, and
on the light cone, which de�nes the causal structure of spacetime.
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frames. Contravariant components (A � ) describe how something moves or points in
spacetime, while covariant components (A � ) describe how the geometry itself acts on
that quantity. In curved spacetime, these two representations di�er because the �grid�
used to measure distances and directions is distorted. The metric tensor provides the
translation between them, guaranteeing that inner products and physical laws remain
consistent for all observers.

At �rst glance, all this discussion of tensors, indices, and coordinate transforma-
tions may seem rather abstract�especially for a lowly data scientist like myself. If
any of the above feels overwhelming, the key takeaway is simple: because curvature
depends on energy, and energy depends on curvature, Einstein's equations are pro-
foundly non-linear, making them extraordinarily di�cult to solve in full generality.

1.1.2 Linearizing Einstein's Field Equations

To make progress toward solving these non-linear equations, Einstein turned to a
simpler regime known as the weak-�eld limit. He considered small disturbances of
spacetime around a �at background, far away from any matter or energy that would
otherwise curve spacetime. This approach, calledlinearization , assumes the gravita-
tional �eld is weak and expands the metric as

g�� = � �� + h�� ; jh�� j � 1; (1.3)

where � �� = diag( � 1; 1; 1; 1) represents �at spacetime as described above, andh�� is
a small perturbation describing �ripples� in the geometry.

While the Einstein tensor G�� normally involves products of derivatives of the
metric, these expressions can be greatly simpli�ed in the weak-�eld limit. SinceG��

is constructed from the metric tensor g�� and its derivatives, substituting g�� =
� �� + h�� and keeping only �rst-order (linear) terms in h�� eliminates the non-linear
parts. In this approximation, the curvature depends linearly on the second derivatives
of h�� , yielding an equation with the same mathematical form as the standard wave
equation:

� �h�� =
� 16�G

c4 T�� ; (1.4)

where �h�� is the trace-reversed perturbation, a rearranged form of h�� de�ned
to simplify the algebra and remove redundant terms. The� operator3 acts on the
components of�h�� and gives rise to equations that are mathematically equivalent to
standard wave equations for each component of the metric perturbation. It combines
the time and spatial second derivatives into a single spacetime operator, describing
how disturbances propagate both in time and through space.

In empty space, where no matter or energy is present (T�� = 0 ), the equations
reduce to

� �h�� = 0 : (1.5)

3The symbol � = � @2
t + r 2 denotes the d'Alembertian operator , the four-dimensional analogue

of the Laplacian. In Cartesian coordinates, it takes the form � = �
@2

c@t2
+

@2

@x2
+

@2

@y2
+

@2

@z2
,
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This has the same mathematical form as the classical wave equation familiar from
electromagnetism, implying that oscillatory, wave-like solutions traveling at the speed
of light can satisfy it. A general plane-wave solution can be written as

�h�� (t; x ) = A �� cos(k � x � !t ); (1.6)

whereA �� is a constant amplitude tensor,k is the wave vector, and! = jk j ensures
propagation at the speed of light. These wave solutions describe small, propagating
disturbances in spacetime curvature. But what actually produces them? Just as
accelerating electric charges generate electromagnetic waves, accelerating masses, or
more precisely, time-varying mass distributions with asymmetries, generate GWs.
Because mass and energy are conserved, spacetime cannot radiate through monopole
(total mass, constant) or dipole (center-of-mass motion, conservation of linear and
angular momentum) terms. The lowest possible radiative contribution therefore arises
from the quadrupole moment, which characterizes how the shape of a mass distribution
changes over time�for example, two bodies orbiting each other in a binary system. In
such systems, the evolving, asymmetric curvature of spacetime produces oscillations
in the quadrupole moment, continuously emitting ripples that propagate outward at
the speed of light.

1.1.3 Simplifying Further: Gauges and the TT Frame
While it may seem that we have already uncovered the GWs hidden within this for-
mulation, not all of the wave-like solutions to Equation 1.5 correspond to physical
phenomena. Some of them arise purely from our freedom to choose coordinates and
therefore contain redundant, non-physical information. Even in this linearized form,
the metric perturbations h�� still re�ect this coordinate freedom i.e. the fact that
the underlying physics remains unchanged under small shifts in the spacetime coor-
dinates. To isolate the physically meaningful degrees of freedom and remove these
redundancies, we impose agauge: a convenient choice of coordinates that simpli�es
the equations and leaves only the true dynamical components - the ones that represent
real GWs.

One particularly useful choice is the transverse�traceless (TT) gauge. In this
gauge, the metric perturbation satis�es:

h0� = 0 ; h�
� = 0 ; @� h�� = 0 ; (1.7)

meaning that the perturbation has no time components, is trace-free, and is transverse
(divergence-free). Here, raising and lowering indices is done with the �at metric� �� ,
and in this linearized context only a�ects signs for time components.

The �rst condition, h0� = 0 , ensures the wave produces no time distortions, only
spatial ones4. The second,h�

� = 0 , removes any uniform expansion or contraction
(like in�ating or de�ating space equally in all directions), leaving only shape distor-
tions (stretching one direction while compressing another). The last,@� h�� = 0 ,
enforces transversality, meaning the wave's e�ects occur only perpendicular to its
direction of propagation. Together, these conditions eliminate all coordinate redun-
dancies, leaving only two independent, physical components�corresponding to the

4This does not mean that time plays no role; rather, temporal distortions can be transformed away
by an appropriate choice of coordinates, leaving only the measurable changes in spatial separation.
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two polarization states of GWs. This is why the TT gauge captures the true physical
content of a passing GW: it isolates the measurable distortions of spacetime itself.

To understand why only two independent components of a GW carry physical
information, we begin with the full metric perturbation h�� , a 4 � 4 matrix with 16
components. Since the perturbation is symmetric(h�� = h�� ), this reduces the num-
ber of independent components from 16 to 10. Imposing the Lorentz gauge condition,

@� �h�� = 0 ;

removes four further degrees of freedom, leaving six. Finally, in the TT gauge, we set
the temporal components of the perturbation to zero(h� 0 = 0) and impose traceless-
ness(h�

� = 0) . These conditions eliminate four more degrees of freedom, leaving only
two. These two surviving components correspond to the measurable polarizations of
a GW.

For a wave propagating along thez-axis, the remaining nonzero components of
the metric perturbation take the form

hT T
ij (t; z) =

0

@
h+ (t; z) h� (t; z) 0
h� (t; z) � h+ (t; z) 0

0 0 0

1

A ;

where h+ and h� denote the two polarization states of the GW. Each of these com-
ponents takes the plane-wave form introduced in Equation 1.6,

h+ (t; z) = A+ cos(kz � !t ); h� (t; z) = A � cos(kz � !t ); (1.8)

with amplitudes A+ and A � corresponding to the strengths of the two polarizations.
These aretransverse waves because their e�ects occur only in the plane perpen-

dicular to the direction of propagation (the x� y plane), as indicated by the vanishing
z-components in the matrix above. Together, these two components fully describe
the measurable distortions of spacetime produced by a passing GW.

1.1.4 Visualizing the E�ect: How Gravitational Waves Stretch
Space

We can now visualize how GWs distort space. Imagine a ring of free-�oating test
masses, like small particles in space, arranged in a circle in thex� y plane, as shown
in Figure 1.1. As a GW passes along thez-axis, it alternately stretches and squeezes
space, causing the distances between the particles to oscillate in the two characteristic
polarization patterns, even though their coordinates remain �xed.

Substituting the waveforms from Equation 1.8 into the perturbed form of the
Minkowski metric in Equation 1.2, and evaluating the resulting e�ect on freely �oat-
ing test particles in the transverse (x� y) plane, yields the characteristic polarization
patterns of a passing GW. For the+ polarization, space expands along one axis while
contracting along the perpendicular one:

�x =
A+

2
x0 sin !t; �y = �

A+

2
y0 sin !t:
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For the � polarization, the stretching occurs along axes rotated by45� :

�x =
A �

2
y0 sin !t; �y =

A �

2
x0 sin !t:

The result is a rhythmic distortion of space itself, alternately squashing and stretching
any object within the wave's path. This deformation is what LIGO and Virgo measure
using laser interferometry: the tiny change in distance (on the order of10� 19 meters)
between mirrors several kilometers apart.

Figure 1.1: Deformation of a ring of test particles due to the+ (top) and � (bottom)
polarization modes of a GW propagating along thez-axis. The particles' coordinates
remain �xed, but their physical separations oscillate.

1.1.5 Summary: Why Linearization and the TT Gauge Matter

The full Einstein equations describe how energy and momentum warp spacetime,
but because they are non-linear, exact wave-like solutions are rare. Linearizing them
transforms the problem into a wave equation, revealing that spacetime itself can carry
energy and information across the universe.

The TT gauge isolates the physical degrees of freedom, showing that GWs are
transverse, have two polarization states, and propagate at the speed of light. To-
gether, these simpli�cations bridge the abstract mathematics of general relativity
with observable physics: the tiny rhythmic distortions detected by modern interfer-
ometers are direct evidence of the spacetime ripples that Einstein �rst predicted more
than a century ago.

1.2 Gravitational-Wave Sources

As discussed above, gravitational radiation originates from time-varying, asymmetric
mass distributions i.e. systems with a changing quadrupole moment. The most
powerful of these systems are compact binaries composed of the densest known objects
in the Universe: pairs of black holes, neutron stars, or one of each, orbiting each
other. Such systems produce the strongest curvature variations in spacetime and
are therefore the most powerful sources of GWs known. Collectively, these systems
are known ascompact binary coalescences(CBCs), encompassingbinary black holes
(BBHs), binary neutron stars (BNSs), and mixed neutron star-black hole binaries
(NS-BHs).
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Figure 1.2: Time evolution of a binary sys-
tem with m1 = 36M � and m2 = 29M � ,
showing inspiral (blue), merger (orange),
and ringdown (gray).

To date, all con�rmed GW detec-
tions have originated from CBCs [1�3].
Each coalescence proceeds through three
main phases: theinspiral , where the or-
bit shrinks as energy is radiated away
through GWs; the merger, when the
two compact objects collide and form
a single remnant; and the ringdown,
as that remnant settles into equilibrium
through damped oscillations. These
regimes are modelled respectively us-
ing post-Newtonian expansions, numer-
ical relativity, and black-hole perturba-
tion theory, as illustrated in Figure. 1.2.
A more detailed discussion of CBC wave-
form modelling is provided later in Sec-
tion 2.4.2.

Beyond compact binaries, several
other classes of astrophysical and cos-
mological systems that induce a chang-
ing quadrupole moment are expected to emit GWs: short-duration, poorly modelled
bursts from core-collapse supernovae, gamma-ray bursts, or cosmic strings [4�6]; long-
lived, nearly periodic continuous wavesfrom rotating neutron stars with small surface
asymmetries [7]; and thestochastic background, a random superposition of many un-
resolved signals of astrophysical or primordial origin [8�10]. However, the amplitudes
expected from these sources are signi�cantly weaker than those of CBCs and may
only become observable with future generations of GW detectors.

1.3 Gravitational-Wave Detectors

1.3.1 Principles of Gravitational-Wave Detectors

GWs are extraordinarily faint by the time they reach Earth, causing extremely small
changes in the separation between freely suspended test masses. Detecting them
requires exquisitely sensitive instruments and a global e�ort that has taken over
a century to realize since Einstein's prediction. Ground-based detectors such as
LIGO [12], Virgo [13], and KAGRA [14] measure these displacements using highly
sensitive Michelson interferometers, capable of detecting arm length variations of or-
der 10� 19 m.

A monochromatic laser beam is split into two perpendicular arms of equal length
L . The beams re�ect o� mirrors (test masses) and recombine at the beam splitter,
producing an interference pattern at the photodetector that depends on the relative
phase accumulated along each arm. When a GW passes through the detector, it
di�erentially stretches and squeezes the two arms, modulating the phase di�erence
and thus the photodiode power.
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Figure 1.3: Schematic of a Michelson interferometer used in GW detectors such as
LIGO and Virgo. A passing GW induces a di�erential stretch and squeeze of the
interferometer arms, modulating the interference pattern measured by the photode-
tector. Adapted from [11].

The light intensity at the photodetector can be written schematically as

Pdet / P0 sin2�
� � (t)=2

�
; (1.9)

where � � (t) is the phase di�erence between the returning beams. Small changes in
the optical path length di�erence � L (t) = L x � L y lead to corresponding changes in
phase,

� � (t) =
4�
� L

� L (t); (1.10)

with � L the laser wavelength. Thus, a passing GW modulates the detected light
power by perturbing � L (t).

In the long-wavelength limit ( � GW � L ), the GW strain h(t) produces [15] a
fractional di�erential length change

� L (t)
L

= h(t); (1.11)

which de�nes the fundamental detector observable.
For a general GW incident from an arbitrary sky direction, the measured strain

is a linear combination of the two GW polarizations:

h(t) = F+ (#; ';  ) h+ (t) + F� (#; ';  ) h� (t); (1.12)

where F+ and F� are the antenna pattern functions describing the directional sensi-
tivity of the detector, and (#; ';  ) denote the sky location and polarization angle.
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Figure 1.4: Global network of second-generation interferometric GW detectors.

The antenna pattern functions are given by [16]

F+ (�; �;  ) = 1
2 (1 + cos2 � ) cos 2� cos 2 � cos� sin 2� sin 2 ; (1.13)

F� (�; �;  ) = 1
2 (1 + cos2 � ) cos 2� sin 2 � cos� sin 2� cos 2 : (1.14)

Figure 1.5: Antenna pattern functions F+ and F� for a ground-based interferometer,
evaluated at  = 0 .

Ground-based interferometers are operated at the �dark fringe,� where the inter-
ference at the photodiode is nearly destructive in the absence of a GW. This con�gura-
tion minimizes the steady laser power incident on the photodetector, thereby reducing
Poisson (shot) noise from photon counting and allowing tiny phase modulations from
passing GWs to produce measurable variations in light intensity.
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